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Abstract

The global population is ageing and age is a primary risk factor for many life threatening diseases
including cancer, cardiovascular and neurodegenerative conditions. This also encompasses condi-
tions such as osteoporosis which increase the risk of death indirectly through elevated risk of the
fracture of major bones and subsequent complications. The aim of this thesis was to extend the
understanding of the epigenetic processes involved in ageing and ageing-related disease. Three
specific areas were investigated.

Firstly, the relationship between early life epigenetic state and long term bone health was anal-
ysed. This investigation took the form of Epigenome-wide association studies (EWAS) conducted
on umbilical cord blood DNA methylation. This identified candidate CpGs whose, DNA methy-
lation state is associated with bone mineral content at 6 years of age (p < 2.52 x 1078, n = 402)
and periosteal circumference at 6 years of age (p < 4.24 x 10~% n = 141) respectively.

Secondly, the changes in human tRNA gene DN A methylation with age were interogated. tRNAs
permit the look-up of amino acids matching a given codon and as such are an essential core
component of the translation of mRNA into protein by the ribosome. Human tRNA genes
were found to be enriched for age-related DNA hypermethylation and three specific tRNA loci
show genome-wide significant (p < 4.34 x 10~?) hypermethylation with age. Two of which, tRNA-
iMet-CAT-1-4 and t RNA-Ser-AGA-2-6, were validated using the 450k Illumina DN A methylation

array and replicated in an independent cohort, using targeted bisulfite sequencing.

Thirdly, a DNA methylation based age predictor based on the Alu family of SINE repeat elements
was constructed. These repeats comprise a region of the genome not previously broadly accessible
to DNA methylation assays used in the construction of age predictors. Age predictors using the
DNA methylation state of Alu repeat elements were able to predict human age with an R of 0.65
and a median absolute error of 8.1 years. This predicition was possible using MeDIP-seq training
data from 774 individuals and validated on an unrelated set of 664 individuals. An attempt was
made to use ageing-related changes in Alu DNA methylation as a potential measure of ‘biological’
ageing. A Genome-wide Association study (GWAS) was performed for age accleration, the
difference between predicted and chronological age. However, this age acceleration calculation
was observed to be still strongly driven by actual age.

This work brings together epigenomic changes related to ageing from the beginning of the life-
course through to later life, uniquely examining areas of the DNA methylome not previously
studied in depth.
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sex and that asserted in the sample annotation metadata are shown in red. Two

predicted sex values differ from their annotations. Plot generated by meffil QC
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Proportion of probes with detection p-values >0.01 by sample for the EPIC array
data. Black line indicates the exclusion threshold of 0.1. Plot generated by meffil
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Proportion of probes with a bead count of < 3 by sample for the EPIC array data.
Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC
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Plot generated by meffil QCreport.. . . . . . . . . . . . i
Proportion of probes with detection p-values >0.01 by sample for the EPIC array
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Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC
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Chapter 1

Introduction

1.1 The Ageing Population and The Burden of Disease

The global population is ageing as is evident from the changing shape of the world population
pyramid (figure 1.1). The increase in average lifespan underlying this demographic shift is
projected to continue in industrialised nations with a probability of >65% for women and 85% for
men [2] (figure 1.2). Ageing is the main risk factor for cancer, cardiovascular, neurodegenerative
diseases, and many other conditions including osteoarthritis [3]. Furthermore, mortality from
these conditions increases according to a logistic function with age [4] (figure 1.3). In addition
to the non-infectious diseases, immunosenescence and frailty in old age contribute to increased
mortality from infectious diseases, as exemplified by dramatically higher hospital admissions and
deaths for respiratory disease during seasonal flu epidemics in the over 75s [5] (figure 1.4). Ageing
is a common underlying risk factor for many conditions and as this would lead one to expect
the number of concomitant disorders and the proportion of persons with multiple morbidities

increases with age [6] (figure 1.5).
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chronic disorders by age group. reproduced from Barnett et al. 2012 figure 1 [6].

Given the rapid increases in the rates of numerous diseases and the rate of death from those
diseases as we age, there is a clear impetus to develop interventions to prevent and treat age-
related diseases. The common factor among all these conditions is their relationship to age, but
age is not merely a shared risk factor but frequently the largest; outside of rare genetic conditions
which predispose to early-onset [3]. Thus understanding the underlying biological mechanisms
of the ageing process and intervening in those mechanisms, has the potential to be vastly more
effective and economical [8] than attempting to tackle diseases individually. The discovery in
1993 by Cynthia Kenyon and others [9] that a single mutation in the daf-2 gene of C. elegans
could double the lifespan of this organism is often cited as an inflexion point in the confidence
of the ageing research field that interventions in the process of ageing itself may be a realistic

therapeutic target. What then do we know about the underlying biology of ageing?

1.2 The biology of Ageing

Ageing is characterised by a progressive deterioration of physiological integrity with time, result-
ing in an increased risk of mortality and morbidity. Theories of how and why this occurs are
numerous with a history in the scientific literature stretching back to the late 1800s [10], setting
aside, for now, theoretical frameworks for the process of ageing we will first consider the nature
of these changes. Changes at the organismal level have their origins in changes at the molecular
and cellular scales. Lopez-Otin et al. 2013 [11] identified nine hallmarks of ageing in their 2013

review. These hallmarks meet the criteria of: Manifesting during normal ageing; Accelerating
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ageing when aggravated; Retarding ageing when ameliorated. The hallmarks are further subdi-
vided and hierarchically arranged into primary, antagonistic and integrative categories. Primary
hallmarks are of unequivocally negative effect. Antagonistic hallmarks arise as a response to
the primary and are initially protective against these changes but become problems in their own
right as they occur at higher levels over time. Lastly, the integrative hallmarks directly impact

on tissue function and homoeostasis. The hallmarks are as follows:
Primary Hallmarks - Causes of Damage

1. Genomic instability: Damage to the genomes of our cells occurs over time and accumulates
as we age, this damage ranges from point mutations to large structural mutations, as well

as mutations in the mitochondrial genome [12].

2. Telomere attrition: Telomere shortening occurs during the ageing process, somatic cells do
not generally express telomerase so with each division telomeres grow shorter. Telomere
exhaustion limits the replicative capacity of cells inducing replicative senescence, limiting

regenerative potential but also protecting from the uncontrolled growth of cancer [13].

3. Epigenetic alterations: Patterns of DNA methylation and of a number of histone modi-
fications exhibit age-related changes. These contribute to the dysregulation of gene expres-
sion and derepression of heterochromatin regions which also increases the risk of genomic

instability [14].

4. Loss of proteostasis: Production of protein folding chaperones in response to stress de-
creases with age, as does the activity of the two major proteolytic systems, the ubiquitin-
proteasome system and the autophagy-lysosome system. This leads to increased prevalence

of misfolded, aberrant and aggregated proteins with age [15].
Antagonistic Hallmarks - Responses to damage

5. Deregulated nutrient sensing: The 1IS (insulin & insulin-like growth signalling) and TOR
(Target Of Rapamycin) pathways signal nutrient abundance, promoting anabolism. The
AMPK (5’ adenosine monophosphate-activated protein kinase) and Sirtuins signal nutrient
scarcity, promoting catabolism. Broadly speaking inhibiting the pro-anabolic pathways and

activating the pro-catabolic pathways can extend lifespan [16,17].

6. Mitochondrial dysfunction: Mitochondrial ATP production drops off with and ROS (Re-
active Oxygen Species) production increases. Elevated ROS do not appear to accelerate
ageing nor do elevated antioxidants retard it. Indicating the primary function of ROS in
ageing is not straightforwardly a result of oxidative damage, but may result from its role in
stress signalling. Dysfunctional mitochondria exhibit an increased propensity to polarise
in response to stress, impacting on apoptotic signalling and inflammatory responses. This

contributes to the increases in senescent cells and their chronic inflammatory phenotype
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[18].

7. Cellular senescence: Senescent cells are in stable cell-cycle arrest induced by shortened
telomeres, other forms of DNA damage, INK4/ARF derepression, or a variety of mito-
genic/oncogenic signals. Induction of a senescent state in pre-cancerous cells protects
against cancer and senescent cells are initially cleared by the immune system. However,
these cells accumulate in tissue as we age without contributing to function and with a

pro-inflammatory secretory phenotype that promotes chronic inflammation [19].
Integrative Hallmarks - Proximal Causes of the Ageing phenotype

8. Stem cell exhaustion: Adult stem cells capable of producing new cells for the regeneration
of tissues undergo asymmetric divisions to replace themselves and produce replicative pro-
genitor cells to replenish tissue. Stem cells may accumulate damage and cease replicating or
leave their quiescent state becoming overly replicative and potentially becoming senescent.

This disrupts the supply of new cells for the renewal of tissue [20].

9. Altered intercellular communication: The aforementioned cell-autonomous alterations alter
external signalling behaviour of cells across intercellular signalling paradigms. This can lead
to feedback loops that exacerbate the problem. The high background of pro-inflammatory
signals from senescent cells dilutes already declining immune response and fewer senescent

cells are cleared [21].

Many genetic changes have been associated with changes in longevity since Cynthia Kenyon'’s
characterisation of the daf-2 mutation which approximately doubled the lifespan of C. elegans
[22-24].

In Humans Genome Wide Association Studies have identified relatively few genes associated
with longevity [25,26]. APOE is perhaps the most consistently identified, followed by FOXO3A,
however FOXO3A appears not to be as predictive for the majority of the population and is
only associated with longevity in the very long lived [27]. The portion of variance in longevity
attributable to genetics may adhere to the emerging pattern of the genetic contibution to common
diseases being due to a multitude of common variants with small effects. With rarer mutations
having more extreme effects on longevity [28]. There is also an effect of ultra-rare/private

protein-truncating variants, a high burden of which negatively affects longevity [29].

This work and therefore the following review of the literature focuses on the 3rd hallmark,
epigenetic alterations, specifically the role of DNA methylation in ageing. Booth & Brumet [30]
contend that epigenetic processes are a hub through which all of the other hallmarks of ageing
are mediated and feed-back on one another (Figure 1.6). One of these interactions is between
DNA damage and chromatin state including DNA methylation. Sinclair and Oberdoerffer [31]
make the case that DNA damage and repair processes are disruptive to the epigenome and,

with Hayano et al., link double-stranded DNA breaks to accelerated epigenetic ageing in a
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recent pre-print [32]. Kane & Sinclair [33] make the case that reprogramming of the epigenome
to a ‘younger’ state is a promising mode of intervention in the ageing process. Whilst loss
of genetic information is effectively irreversible, barring gene therapy-like interventions, loss of
epigenetic information is not necessarily so. Dysregulation from the loss of epigenetic information
is arguably proximate to age-related changes and may run ahead of significant genetic information
loss such that intervening in the former may have beneficial effects in its own right and stave off

the latter.

Figure 1.6: Epigenetic Changes as a hub for the hallmarks of ageing. (Reproduced from Booth

& Brunet [30], figure 3)

Prior to examining the specific relationship of epigenetic changes to ageing we take a step back

to define and outline epigenomics and examine the fundamentals of DNA methylation biology.

1.3 Epigenomics - Overview

Epigenetics generally refers to modifications to DNA and chromatin which do not affect the
primary sequence of DNA bases [34], but which are to varying degrees stable and heritable. The
term derives from epigenesis and genetics originating with Conrad Waddington [35]. Epigenesis
refers to the idea that organisms develop through the progressive differentiation of cells from the
ege into adult tissues. As modern genetics revealed that every cell contained a complete copy of
the genome which was differentially utilised by the cells of adult organisms, the terms were fused

to reflect the study of how this occurs. The usage has evolved a little further since molecular
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biology began to elucidate the mechanisms involved in this process and the term now frequently
refers to the study of these mechanisms and their effects in less explicitly developmental contexts.
Arthur Riggs et al. considered that heritability should be a criterion for a mark to be considered
epigenetic, but this excludes many phenomena now commonly referred to using the term [36].
Requiring heritability results in a further definitional dispute over degrees of heritability; mitotic,
meiotic, intergenerational, transgenerational and to what degree of fidelity? Adrian Bird pro-
posed the definition: “the structural adaptation of chromosomal regions so as to register, signal
or perpetuate altered activity states.” as a useful compromise [34]. Epigenomics refers to the
totality of the epigenetic modifications present in a particular cell, tissue type or genome. This
definition appears to have caught on with at least some as: ‘These days, “epigenetics” more gen-
erally refers to all non-genomic information storage in cells including gene networks, chromatin
structure and post-translational modifications to histones’ according to Alice Kane and David

Sinclair [33].

Whilst an organism can generally be thought of as having a single genome, with exceptions
such as Somatic mutations and Chimerism, it will have at least as many epigenomes as it has
cell types [37]. There are on the order of 10'3 cells in the human body [38]. Estimates of the
number of cell types vary with the resolution at which one deems cells functionally distinct [39].
At this point in time, however, there is no clear definition of what constitutes a distinct cell
type, indeed they are beginning to be defined by the distinet patterns of gene expression and
epigenetic modifications they exhibit [40]. Consequently, the number epigenomes that could
be considered distinct will likely ultimately approximate to the number of epigenomes which
can usefully distinguish between sub-populations of cells. A consortium has been established
to produce a Human Cell Atlas [39] which aims to define all human cell types, and a cell type
ontology [41] exists.

There are a number of epigenetic modifications which can be subdivided into four broad cate-

gories:
1. DNA modifications

In mammals DNA methylation primarily takes place on Cytosine residues. Cytosine methy-
lation occurs principally in an mCpG sequence context but can also occur in mCpH, mCHG
and mCHH (H=A/C/T) contexts; particularly in cells of the nervous system [42] and
embryonic stem cells where as many as 25% of all cytosines can be methylated in non-
canonical contexts. In contrast to methylation in a differentiated non-neuronal tissue such
as foetal lung fibroblasts which is 99.98% in CpG context [43,44]. 5-methylcytosine (5mc)
can be oxidised to produce another modified DNA base 5-hydroxymethylcytosine (5hmC)
[45,46]. 5hmC may act as an intermediate to demethylation and potentially has regu-
latory functions in its own right [47]. 5hmC can be oxidised further to formylcytosine
(5fC) and carboxylcytosine (5caC) [48]. The extent to which these modifications are sta-



40

CHAPTER 1. INTRODUCTION

ble and functional is still being explored. Other DNA bases can be methylated such as
N6-methyladenine, but this occurs at a substantially lower frequency that 5mC and much
less is known about their potential functions [49]. N6-methyladenine may play a role in

condensing chromatin [50].

. Histone tail modifications

Histone proteins form disk-shaped octamers around which ~150bp of DNA can be wrapped
to form a nucleosome. The ‘tails’ are generally the N termini of the histone proteins, outside
of the core globular domains, which protrude from the nucleosome structure [51]. Histone
tails can be subject to post-translational modification which commonly takes place at lysine
residues, other residues are subject to modifications but lysines are among the best charac-
terised. Examples of modifications include methylation with between one and three methyl
groups per lysine, Acetylations, Ubiquitylation, SUMOylations, and phosphorylations [52].
Many of these marks can be generally classified as permissive or repressive but are fre-
quently found in combinations of marks of opposing effect, rendering the interpretation of
the ‘Histone Code’ extremely challenging [53-55]. One class of approaches to interpreting
chromatin state is segmentation, this covers a variety of methods for combining mostly
ChIP data for an array of histone modifications generated by large consortia projects such
as ENCODE [56]. Segmentation makes use of pattern discovery techniques such as Hidden
Markov Models to divide the genome into discrete sections assigning these sections to a set
of categories which can then be compared to existing annotations to provide functional la-
bels [57,58]. When successful the pattern discovery algorithm independently recapitulates
our existing ontology of functional elements and hopefully provides new insights by for ex-
ample highlighting regions not previously considered to be in a given functional category.
This is a “top-down” approach making use of the “sum” of available chromatin state data

rather than trying to interpret the significance of a single type of mark.

. Histone Variants

Alternatives to the canonical histones can be substituted in the nucleosome, examples of
such alternative histones include H2A.7 and H3.3 [59]. Alternative histones can alter chro-
matin structure and dynamics by altering nucleosome stability, binding different factors,

and presenting a different substrate for histone modifications, thus altering their pattern

[60].

. Some non-coding RNAs (ncRNA)

A subset of long ncRNAs, particularly those which persist in close association with chro-
matin can fall within the definition of epigenetic features [61]. An example of such a
long non-coding RNA (IncRNA) is Xist which is a key regulator of X inactivation [62].

The catagorisation of these as epigenetic is somewhat controversial, as they are not direct
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chemical modifications to chromatin. However Xist, for example, facilitates the mitoti-
cally heritable repression of the inactivate X chromosome satisfying other criteria for being

considered an epigenetic modification.

1.4 Fundamentals of DNA Methylation

1.4.1 Structure and Context

DNA methylation is the most well-studied epigenetic modification [63]. Specifically CpG methy-
lation, the addition of a Methyl group to the 5 carbon of a cytosine base (figure 1.7), in a CpG
dinucleotide context. (hereafter ‘DNA Methylation’ or ‘DNAm’ refers to 5mC CpG methylation
unless stated otherwise.) DNA methylation is stable and relatively easy to characterise from bi-
ological samples by comparison with other epigenetic marks. The methylation status of ancient
DNA has even been characterised, for example, native American remains ranging in age from 230
to 4500 years were measured using bisulfite sequencing [64]. C undergoes spontaneous hydrolytic
deamination over time to U, and 5mC to T. once sufficient time has passed for the deamination
process to convert the majority of the 5mC sites, this can be used to infer the methylation state
of post-mortem DNA using DNA polymerases that cannot bypass uracils and thus only causes
C — T misincorporation events at former 5bmC loci. This approach was employed to estimate

the age at death of a a 4000 year of old Paleo-Eskimo belonging to the Saqgaq culture [65].

5mC is quite chemically stable such that for most tissue sample preservation techniques for which
DNA can be extracted from the sample DNAm can also be characterised [66]. DNA extracted
with normal laboratory methods can be assayed for DNAm. Histone modification status, on
the other hand, is less robust against environmental stresses on samples and often requires
considerably more laborious sample preparation to characterise [67]. DNA methylation also
offers the appearance of relative simplicity in comparison to the complex picture of the ‘histone
code,’ the simple binary nature of DNA methylation state makes it easier to model and possibly
to interpret. However, interaction between DNAm and histone modifications is well documented
[68-70], this interplay between DNAm and histone modifications renders the interpretation of

DNAm more complex, as its effects may be conditional on the chromatin environment.
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Figure 1.7: The structure of 5-methyleytosine contrasted with Cytosine. (Figure created by the

Author.)

1.4.2 Distribution and Global Trends

There are 28.,299.634 CpGs [71] in the hgl9 assembly of the human genome [72]. Given that the
GC content of the human genome is 42% the prior probability of getting a CpG dinucleotide is:
0.21 x 0.21 = 0.0441, 4.41%. CpGs represent ~ 1.8% of the dinucleotides in the human genome
(28,299,634 = (3.23 x 10° = 2) ~ 0.0175). Making them ~ 2.5 fold less frequent than would
be expected a priori. NMethylated cytosines are prone to deamination to thymines, resulting in
mismatch lesions where a T is opposite a G. This can result in C to T mutations when DNA
repair processes resolve this mismatch by changing the G to an A instead of correcting the T back
to a C [73]. This increased mutagenic potential generally means that CpGs are selected against,
accounting for at least some part of their under-representation in the genome. Methylated
cytosines had a mutation rate in sperm of 18.5% compared to 5.44% for unmethylated CpGs
[74], and C — T transitions account for ~33.1% of all SNPs [75]. The three major classes of
repeat elements SINEs, LINEs and LTRs contain some 46% of all CpG sites, with a further 5%

in other repetitive elements [71].
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Figure 1.8: Schematic representation of CpG Islands, shores, shelves and seas. CpG density
declines from shores to seas and methylation increases (CpG density and methylation proportion

not to scale). (Figure created by the Author.)
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CpGs are not uniformly distributed in the genome, they occur at higher frequency in some
regions. “CpG islands” or CGls are regions of high CpG density. They are defined somewhat
arbitrarily, the definition used by UCSC is a sliding 500bp window [76]. There have existed
other definitions [77]. The total number of CpGs in the UCSC repeat masked CGI annotation
list of 28,691 CGIs is 1,990,729. Therefore, these CpGs comprise ~ 7.0% of the total number of
CpGs the genome. The mean percentage of the sequence of these CGIs that is comprised of CpG
dinucleotides is ~ 18.5% and their mean length is 761bp. CGIs overlap the promoters of ~ 70%
of genes [78], this, however, leaves roughly half of all CGIs as “orphans” not associated with a
known transcription site. These orphan CGls frequently constitute cell-type specific enhancers
[79] and alternate promoters [80,81]. They are found in both intergenic and intragenic regions.
CpGs are distributed quite sparsely through the genome occurring at low density in “seas” and
at increasing density in CGIs and their flanking regions, see figure 1.8. It is a characteristic of

CGIs that they are generally unmethylated.

Early work showed 70-80% of CpGs are constitutively methylated [82,83] Stadler et al. produced
a more detailed picture of the distribution of CpG methylation in mouse embryonic stem cells
(ESCs) [84] see figures 1.9 & 1.10. Stadler et al. categorised regions of the genome into fully, low
and un methylated regions (FMRs, LMRs, UMRs) in mouse embryonic stem cells using a hidden
markov model. LMRs were evolutionarily conserved and highly enriched for the chromatin signa-
tures of distal regulatory regions such as enhancers (High H3K4mel relative to H3K4me3, p300,
H3K27ac over H3K2Tme3) [84]. Irizarry et al. found that the 2kb regions flanking CpG islands
which they termed “CpG island shores” exhibited greater tissue-specific differential methylation
than the islands themselves [85]. This nomenclature has subsequently been expanded further
with “CpG island shelves” which are 2kb - 4kb from the CGls, and “seas” referring to the rest of
the genome, see figure 1.8. Ziller et al. identified ~5.6 million CpGs, ~21.8% of autosomal CpGs,
which are dynamically regulated across diverse cell-types, these clustered into ~716,000 differen-
tially methylated regions. More that three quarters of these regions where under 1kb in size and
located away from transcription start sites and >70% of which had methylation levels >75% [86].
Data from three different approaches taken by Irizarry et al. [85], Stadler et al. [84], and Ziller
et al. [86] indicate that the most dynamic DNA methylation changes are occurring at the level
of small distal regulatory features. A small fraction of CpGs, on the order of 2-6% exhibiting
constitutively unmethylated states and on the order of 70-90% constitutively methylated leaving

4-28% of sites subject to dynamic regulation.
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Figure 1.9: Stylised representation of the relationship between CpG Density, CpG methylation

and functional DNA elements. (Figure reproduced from Baubec & Schubeler [87] figure 1)
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Figure 1.10: The fraction of CpGs with a given methylation level. Data from Whole-Genome
Bisulfite Sequencing (WGBS) of Mouse embryonic stem cells. Colours denote: unmethylated
regions (blue), low-methylated regions (red), and fully methylated regions (green). These groups
are three segments produced by a hidden markov model. low-methylated regions with 10-50%
methylation are evolutionarily conserved distal regulatory elements with dynamic cell-type spe-
cific regulation unlike the consistently unmethylated regions at CGls. (Figure reproduced from
Stadler et al. [84] figure 1a)

The regulatory role played by DNA methylation varies with context and the scale at which it
is examined. For example methylation at a single CpG in a transcription factor binding site
can determine whether or not the factor can bind at that site. There are methylation-sensitive
transcription factors which can have their affinity for DNA either increased or decreased by
methylation [88,80]. In addition, larger-scale changes in DNAm can through interactions with
chromatin modifiers alter DNA compaction and more general accessibility of DNA regions for
binding, and/or impacting on their topological organisation. DNAm also varies with nucleo-
some occupancy with lower methylation in linker sequences than on nucleosome-associated DNA
[90,91]. The oxidation products of 5mC can also affect chromatin organisation, 5-Formylcytosine

can impact nucleosome positioning through covalently binding to histones [92]. This raises the
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question if some DN A methylation occurs specifically to act as an intermediate step for regulatory

mechanisms which utilise its oxidation products.

1.4.3 Pathways of DNA methylation and demethylation

CpG methylation is produced and maintained by DNA methyltransferase (DNMT) enzymes. All
the DNMT enzymes use S-adenosylmethionine as the source of the methyl donor group. DNMTs
form a covalent intermediate between a conserved cysteine residue and the target base, through
a nucleophilic attack on the C6 position in the cytosine ring [93]. This is followed by the transfer
of the S-adenosylmethionine methyl group to C5, and deprotonation of the C5 to reform the
double bond between C5 and C6; which is mediated by a base provided by the enzyme (Figure
111}

DNMT1 is associated with the replication machinery [94] and reproduces the methylation state
of the parent strand on the daughter strand during replication. The largest of the DNMT family
DNMT1 contains a ‘replication foci targeting sequence’ (RFTS) domain required for its targeting
to replication forks. DNMT1 specialises in recognising hemimethylated DNA and methylating
the unmethylated C in a palindromic CpG dinucleotide site, the UHRF1 protein assists in the
recognition of these sequences [05]. DNMT3a and DNMT3b are responsible for de nove DNA
methylation along with DNMT3L a catalytically inactive, but DNA-binding subunit [96]. The
location of de novo methylation by the DNMT3s is influenced by a number of factors including
the Chromatin state and other DNA binding factors [93].
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Figure 1.11: Motif VI (ENV/PCQ) refers to the conserved catalytic motif in DNMTs. ‘B:’
Represents the enzyme supplied base (Figure reproduced from the review of DNMT biology by
Lyko [93] (fig. 1b))

DNMT?2 is unlike the other members of the DNMT family in that it targets an RNA substrate.
DNMT?2 is a tRNA methyltransferase which methylates a specific subset of tRNA genes, mostly
Asp isoacceptors, at a site adjacent to the anticodon which protects them from endonucleolytic
cleavage under stress conditions. Unprotected tRNAs produce fragments which compete with

small interfering RN As interfering with their signalling pathways [97].

The mechanisms of the demethylation of DNA were more recently characterised than those
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which govern its methylation [98,48]. They are more complex and less well understood. TET2
mutations are quite common in cancer, ranking 65th across 12 major cancer types [99] and
more common in diverse myeloid malignancies, where loss of its catalytic activity favours tu-
mourigenesis [100]. A distinction is drawn between active and passive demethylation, in passive
demethylation, 5mC bases are diluted out in the process of DNA replication. In the leading
model of active demethylation, they are oxidised one or more times by an enzyme from the TET
(Ten-Eleven-translocase) family. They are then either passively removed by DNA replication or
actively removed by a DNA glycosylase (thymine DNA glycosylase TGD) to create an apurinic
site which is restored to a C by the Base Excision Repair (BER) pathway. This cycle of cytosine
methylation and demethylation is illustrated in Figure 1.12 [101].

Figure 1.12: BER = Bases Excision Repair; AM = Active Modification; AR = Active Removal,
PD = Passive Dilution (Figure reproduced from the review of TET mediated active demethyla-
tion by Wu & Zhang [101] (fig. 1a))

1.4.4 Maintenance and Fidelity

DNA methylation is highly dependent on the underlying DNA sequence. Sequence features of
particular importance to determining DNA methylation status are; transcription factor and other
DNA binding protein recognition motifs, and CpG density [102,86]. Alterations in underlying
DNA sequence such as SNPs and copy number variants (CNVs) can have a significant impact
on methylation level and the susceptibility of the methylation level to change. In addition,

CNVs can result in dosage effects on measures of DN Am, causing regions to appear, respectively,
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substantially more or less methylated when fewer or greater copies than expected are present
[103-108]. Despite the strong influence of sequence on methylation, global CpG methylation
exhibits change over developmental time as illustrated in figure 1.13 and exhibits tissue-specific

changes in distribution and amount [86].
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Figure 1.13: 5mC levels over developmental time. 5mCH or 5-methylcytosine-(A, T or C) levels
are represented on a separate (purple) Axis from the main 5mCG axis. PGC = Primordial Germ

Cell. (Figure reproduced from [109] figure 3)

In mitosis, DNA methylation is inherited by daughter cells with an error rate on the order
of 1 x 1073 per site per generation [110], several orders of magnitude less than that of DNA
replication (error rate of 1x 10~7 - 1 x 10~% [111]). DNMT1 methylates hemimethylated DNA at
CpG sites in S phase copying the DNA methylation state of the parent strand onto the daughter
strand. DNMT1 provides the catalytic activity and is precisely targeted to hemimethylated DNA
in conjunction with the UHRF1 (ubiquitin-like, containing PHD and RING finger domains 1)
protein which specifically binds hemimethylated CpG sites via its SRA (SET and ring-associated )

domain using a flip-out mechanism to recognise 5mC [112,95,113,114].

The fidelity of DNA methylation copying can be assayed by Hairpin-Bisulfite PCR (Polymerase
Chain Reaction) [115]. Laird et al. looked at two alleles of a portion of the CpG island from the
human FMR1 gene in uncultured lymphocytes, one hypermethylated and one hypomethylated.
In the hypermethylated allele, they found that 96% of sites methylated in the parent strand
remained methylated in the daughter strand and 86% of unmethylated sites remained unmethy-
lated. By contrast in the hypomethylated allele, there were no methylated sites to be retained
and >99% of unmethylated sites remained so following replication. Laird et al’s work suggests
a higher degree of overall methylation fidelity for hypomethylated DNA and a propensity for
unmethylated sites in hypermethylated DNA to become methylated.
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Change in DNAm levels over time (divisions) can be modelled using the differential equations
[116], which predict that a fully methylated site and a fully unmethylated site will converge on an
equilibrium level. This level is determined by the probability of maintenance of the methylation
state and of de novo methylation for a given locus. This stochastic model of DNAm is in
agreement with experimental findings [115,117], Figure 1.14.

1
High Methylation
oh Methyiation @ ;o Rte
Variant AN,
c 084 A Y,
® V7 “we
° %‘06- | P e
® [T TYreeY ) .
.O..Bo Clone = %°1 LS
-y € 0.4 b
o8 2 Y o
Cells with 50% S 0.3+ A gam M
Av. Meth. at site H3 Eood At
. 0.1+ Ag¥e#’
Low Methylation g > .
VA 0 5 10 15 20 25 30 35

Generation Number

Figure 1.14: E,, = probability of methylation maintenance, E,, = probability of de novo methy-
lation. M & U = the number of methylated and unmethylated molecules at specific CpG sites
respectively. Modelling (Grey points) E,,, E; values of 0.90,0.10; 0.95,0.05; 0.97,0.03 (outer-
most to innermost, two curves for each E, , E; set, one starting at M = 1,U = 0 and one a
M =0,U = 1. Experimental data (Black points) from the Hpall locus (site H3) in 17 clones
of mouse cell line BML-2 which has a known methylation level of 50%. (Reproduced from Riggs
& Xiong [117))

Jenkinson et al. [118] used an information-theoretic approach, modelling DNAm as a binary
communications channel using a 1-dimensional Ising model from the field of statistical physics.
This permitted them to examine properties of DNAm not accessible to conventional means of
analysis which typically capture the mean methylation level and perhaps the variability for a
given locus. When considering methylation fidelity using this lens the maintenance of a given
methylation state can be seen as an information processing task which requires the consumption
of free energy in order to reduce the probability of error in the transmission of that methylation
state. Thus Relative Dissipated Energy (RDE) can serve as a measure of the work expended by
a cell at a given locus in order to preserve the current methylation state of that locus. They
found that the Transcription Start Sites (TSS) exhibited high levels of RDE and high information
capacity as well as low levels of entropy. These values trended in the opposite direction as they
moved outwards to CGls, shores and seas. Jenkinson et al. [118] also found a global increase
in entropy with age, but not with cell passage in culture suggesting an increase in entropy is

associated with epigenetic age independent of mitotic age. This observation is in agreement with
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the finding that epigenetic state becomes more stochastic and diverges with age [119,120], indeed
genes whose methylation were most divergent with age were enriched for ageing associations.
They also observed a loss of entropic sensitivity with age. Entropic sensitivity is an indicator
of how plastic DNAm state is to extrinsic effects. Jenkinson et al. noted that there is a general
loss of phenotypic plasticity with age, but cited no specific instance of loss of DNAm plasticity
to environmental effects with age. Hahn et al. [121] provided a possible example of this effect
when they reported that dietary restriction caused fewer differences in the methylation state of

older than younger mice.

Zhao et al [122] applied Hairpin-Bisulfite PCR genome-wide in mouse embryonic stem cells
(ESCs). They also found high degrees of methylation fidelity in hypomethylated regions such
as CGIs and Promoters, as well as a high degree of fidelity in sites bound by transcription
factors. This is in agreement with the findings of Jenkinson et al. [118] who noted that entropy
(methylation stochasticity) was lower and more variable in CGls and TSS (transcription start

sites).

Methylation inheritance fidelity is reduced in cancer [110] and increases with differentiation [122].
The RDE (relative dissipated energy) at CGls and TSSs is higher in differentiated tissues such
as the brain, implying low entropy, and lower in embryonic stem cells, implying greater entropy
[118] (see Figure 1.15). In addition, the correlation between CpG sites increases in cancer
[118], suggesting reduced higher-level regulatory control and tendency to fall back on lower level
feedback mechanisms leading to a return to the baseline equilibrium described above as the cell

is expending less energy to maintain an out of equilibrium methylation state.
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Figure 1.15: Bimodal Distribution of DNA methylation level and fidelity. Methylation fidelity
exhibits a bimodal distribution with most and least methylated regions exhibiting the highest
fidelity. Additionally, fidelity for methylation levels of 10-50% is considerably better than fidelity
for levels of 50-90%. These data are from the mouse cell line ES-E14TG2a which is capable of self-
renewal when cultured with Leukaemia Inhibitory Factor (LIF) and spontaneous differentiation
upon removal of LIF (denoted as E14-d0 at day 0 and E14-d6 at day 6 after the withdrawal of LIF,
respectively). Fidelity represents the percentage of symmetrically methylated or unmethylated
CpG dyads for a given position as determined by Hairpin-Bisulfite PCR. (Reproduced from Zhao
et al. 2014 [122] (figure 3 a and b).)

Zhou et al. linked the substantial loss of DNA methylation in proliferative cancer cells, even
counterintuitively those cancers with high DNMT1/UHRF1, DNMT3A /B levels and physiolog-
ical levels of TETS, to a systematic mechanism of DNA methylation loss. Partially methylated
domains (PMDs) are characterised by low CpG density, larger numbers of lone CpGs flanked on
both sides by A/T nucleotides, and low levels of H3K36me3 as well as being lamina-associated
late replicating domains. PMDs are prone to becoming hypomethylated in a manner which
progressively increases with mitotic division. Copying of the parent strand methylation state
by DNMT1/UHRF1 takes time and may not be fully completed with each round of replication
leading to progressive DNA methylation loss in these regions, especially if proliferation is rapid.
Some late replicating regions have greater methylation fidelity through the action of DNMT3A /B
at sites with the H3K36me3 mark [123].

1.4.5 DNA Methylation Assays

There are numerous DNA methylation assays. Some are designed to assay global DNAm levels
producing a single global measurement of the amount of 5mC present in a sample, others assay
DNAm in a manner traceable to a specific genomic locus. These methods can be further subdi-

vided into targeted methods where the loci to be examined are known in advance, and those where
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the loci covered are quasi-randomly sampled. Both the targeted and untargeted methods vary in
their granularity, from individual CpGs to large regions of the genome, on the order of megabases.
These assays also vary in their coverage of the genome from locus-specific approaches looking at
small numbers of individual loci to whole-genome methods providing methylation information
on all ~28 million CpG sites. Between these two extremes are ‘epigenome-wide’ methods which

are focused with varying degrees of specificity on genomic regions of interest.
These DNA methylation assays generally exploit one of four following principles:

1. Methylation sensitive restriction digestion A variety of methods exploit enzymes
which differentially cut methylated and unmethylated DNA. An example of such enzymes
is: Hpall and Mspl which are isoschizomers for the sequence: 5-C CGG-3’ but only
Hpall is methylation-sensitive and unable to cut the sequence if the internal cytosine is
methylated. The methods which use such enzymes include: Restriction landmark genomic
scanning, which gives a roughly megabase resolution indicators of DNAm levels by 2D elec-
trophoresis [124]. MRE-seq (Methylation sensitive restriction enzyme sequencing), which
makes use of methylation-sensitive restriction digests to enrich for unmethylated DNA
[81]. This is then sequenced to provide the genomic location of this unmethylated signal.
Reduced Representation Bisulfite Sequencing (RRBS), which uses methylation-sensitive re-
striction digestion to enrich for unmethylated sequences which are then subject to bisulfite

sequencing, (see point 3 below).

2. DNA methylation-sensitive binding of DNA by antibodies or other proteins
selectively which bind methylated DN A Anti-5mC antibodies were first used to iso-
late methylated DNA in 1985 and were subsequently paired with array-based technologies
to assay DNAm levels at specific loci in 2005 [125,126]. This was followed by MeDIP-seq
(methylated DNA immunoprecipitation and sequencing) [127,128], which enriches methy-
lated DNA that is then sequenced and the number of reads mapping to a locus is indicative
of the relative methylation level. MBD-seq uses a recombinant Methyl Binding Domain
(MBD) protein to enrich for methylated double-stranded DNA, prior to sequencing [129].
Inferring the absolute methylation levels form the number of reads mapping to a locus
enriched by one of these pull-down methods is complicated by variation in CpG density in
the genome and the fact that CpG dense regions tend to have low methylation levels, and
thus tend not to be pulled down by antibodies binding 5mC or MBD proteins. The best
results for estimating absolute methylation levels with these methods come from pairing
them with a complementary method to enrich for unmethylated sites such as MRE-seq
(described above) [130]. Though relative methylation levels remain effective in identifying

differentially methylated regions when using these methods alone [131,81].

3. Sodium bisulfite conversion of unmethylated cytosines to uracil Conversion of

cytosine to uracil changes the base complementary to this site from G to A [132]. The
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basic chemistry of the conversion process is illustrated in Figure 1.16. This conversion can
be detected with a variety of technologies such as: Sanger sequencing, The Illumina bead
chip methylation arrays; WGBS; and Targeted bisulfite PCR or sequencing to examine
a small number of selected loci. It can also be performed on a larger number of loci
with microfluidic multiplexing such as that provided by the Fluidigm access array [133].
It is worth noting that bisulfite conversion cannot differentiate between methylated and
hydroxymethylated cytosines. Because 5hmC represents a small fraction of modified bases
compared to 5mC many analyses have made the working assumption that unconverted
bases are methylated, but it is beginning to be recognised that distinguishing between the
two may be biologically important especially in tissues where 5hmC is more prevalent such
as neurons. A variant of bisulfite conversion, oxidative bisulfite conversion, exists which
can permit 5hmC to be distinguished from 5mC [134]. Additionally, New England Biolabs

has recently developed an enzymatic alternative to chemical bisulfite conversion [135]

Step 1 Step 2| Step 3|
Denaturation Conversion Desulphonation
Incubation at 95°C Incubation with sodium bisulfite Incubation at high pH
fragments genomic DNA at 65°C and low pH (5-6) at room temperature for 15 min
deaminates cytosine residues removes the sulfite moeiry,
in fragmented DNA generating uracil
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Figure 1.16: Sodium Bisulfite conversion of C to U, 5mC and 5hmC are unaffected. (Image
Credit New England Biolabs).

4. Physical differences in the methylated base These are exploited by the not yet widely
used ‘3rd generation’ sequencing technologies such as nanopore and single-molecule real-
time sequencing. These methods respectively exploit the effects of modified bases on ion
flow through the nanopore and impact on incorporation time of new bases whilst in the

polymerase [136,137].
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1.5 DNA Methylation and Ageing

Returning now to the relationship between DNA methylation and ageing we will review the
major discoveries in that field, the roles thought to be played by DNAm in ageing and the utility

of DNAm clocks as biomarkers of ageing.

Early work on DNA methylation and ageing used biochemical, chromatographic and radiolabel-
ing techniques to assay global changes in the amount of 5mC. These studies found differences in
5mC composition with cell type [82] but did not see changes with age. Other work around that
time however found differences in 5mC levels with the age of cells in culture [138,139]. Wilson
et al. noted that DNA methylation decreased across several tens of generations of cell lines in
culture, but not in immortal cell lines. Immortal cell lines had lower absolute levels of 5mC to
start with but remained constant over time. Wilson et al. also cite earlier work by Romanov at
al. 1981 [140] and Berdyshev el al. 1967 [141] which documented decreases in 5mC with age in

cows and salmon, respectively.

Later work by Wilson et al. 1987 [142] in mice P. leucopus and M. musculus found decreases
in 5bmC with age and that the rate of decline was less in the longer-lived P. leucopus than in
M. musculus. Interestingly, a recent study using Reduced Representation Bisulfite Sequencing
(RRBS) by Cole et al. found no global differences between young and old mice in short and long-
lived strains, however, their other observations would seem to corroborate these initial trends.
For the assayed sites long-lived mice exhibited 10x more hypermethylation than wild-type (WT),
and WT mice had 3x more Differentially Methylated Regions significantly associated with age
(DMRs/aDMRs) than did long-lived mice. Notably, the WT and long-lived mice shared many of
the same aDMRs which differed in their degree of methylation as opposed to affecting different
sites in the genome [143]. The lack of apparent global changes may be due to the biases of
the reduced representation bisulfite sequencing (RRBS) method used. RRBS uses a restriction
enzyme-based approach to enrich for regions with high GC content such as CGls which tend to
have low levels of methylation, and consequently may not be sensitive to loss of methylation in

generally hypermethylated regions which could contribute to a global trend [144].

Wilson et al. also noted that the mitotic index of tissues did not relate to the loss of DNA
methylation with age in tension with their earlier observations in vitro. The persistent loss
of 5mC over time and the dramatic changes in methylation seen in cancer cells led Wilson et
al. to suggest that dysregulation of DNA methylation may have a substantial role to play in
the age-dependency of cancer risk and ageing more generally [145]. It has been suggested that
“Epimutations” may be able to substitute for mutations in the multi-hit model of carcinogenesis
[146]. For example; hypermethylation of the BRCAI promoter [147], Or, the development of
Wilms’ tumour due to Beckwith—Wiedemann syndrome, a disorder arising from loss of imprinting

of the gene encoding insulin-like growth factor 2 (IGF-2) leading to a double dose of IGF-2 protein
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[148]. Furthermore, the loss of methylation and increased entropy of closed chromatin regions
may lead to increased susceptibility to the types of structural mutations commonly found in
cancer cells. This could result from the exposure of homologous sequences presenting increased
opportunities for erroneous breakpoint repair or recombination between similar sequences in

different parts of the genome [145,118)].

Methods which allowed the examination of changes in DNA methylation at known loci in the
genome permitted a more nuanced picture of changes in DNA methylation over time to develop.
Fraga et al. [119] introduced the concept of “epigenetic drift” being the divergence of DNA
methylation and other epigenetic modification patterns with time. Fraga et al. looked at the di-
vergence in DNA methylation along with global Histone H3 and H4 acetylation patterns between
monozygotic (MZ) twins over a wide range of ages. They observed that older twins had greater
epigenetic differences with time, in DNA methylation as well as H3, H4 Acetylation. Fraga et
al. also noted that the divergence in epigenetic state was greater in twins who had lived longer
apart and had different medical histories. Figure 1.17 is a useful visual encapsulation of Fraga
et al’s DNA methylation results. Slicker et al. [120] identified 6366 CpGs whose methylation
variability increased with age (aVMPs) using the Illumina 450k array platform on whole-blood
from 3295 individuals. Variably upregulated aVMPs were associated with the expression of DNA
repair and apoptosis genes and variably downregulated aVMPs with cellular metabolism. Fur-
thermore Both the increase in variability with age and the increasing divergence of twins support

a narrative of epigenetic dysregulation and increasing entropy with age.
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Figure 1.17: Mapping Chromosomal Regions of Differential DNA Methylation. Examples from
Chromosomes 1, 3, 12 & 17 are shown for a 3 and 50-year-old twin pair. Methylation status is
shown by competitive hybridization of AIMS (amplification of inter-methylated sites) products
to metaphase chromosomes. Green and Red signals indicate hypermethylation and hypomethy-
lation events between twins, Yellow indicates little difference. Red and Green blocks adjacent to
ideograms indicate areas of significant DNA methylation change. (Reproduced from Fraga et al.
[119] (figure 3).)

1.5.1 Age-Related Differential Methylation and Epigenetic Clocks

With the advent of array-based techniques which permitted the measurement of the methylation
status of specific CpGs placed strategically throughout the genome, researchers were able to
undertake a more fine-grained analysis of the changes in DNA methylation with age. This has
allowed the prediction of chronological age from a metric of “DNA methylation age” (DNAm

age), and interpretation of the differences in predicted and chronological age in terms of the
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pathophysiology of ageing.

The Illumina Golden gate array [149] with 1505 probes targeted to cancer-related genes was the
first of these. Bjornsson et al. observed DNAm changes with age as well as noting substantial
intra-individual differences. In contrast earlier work by Eckhardt et al. [150] and Ehrlich et al.
[82] found no age-related changes using averages across individuals. Bjornsson et al. [151] also
found that the intra-individual differences in differential methylation with ageing were highly
heritable by use of familial clustering. Work by Boks et al. [103] also using the golden gate array

corroborated Bjornsson et als findings in monozygotic twins.

The Bjornsson and Boks studies used the golden gate array on peripheral blood samples, whereas
Christensen et al. [152] used the golden gate array to look for age-related changes in DNAm in
several tissue types. CpG sites that are differentially methylated with age when searching across
tissues were frequently specific to a small number of tissue types. In addition, CpGs in CGIs
tended to be hypermethylated with age and wvice versa. Christensen et al. also found that the
methylation profiles for different tissues were highly predictive of tissue type.

Rakyan et al. [153] looked at age-related changes in DNAm using the Illumina 27k array [154]
with whole blood samples in a discovery set. They replicated their findings in sorted cell frac-
tions to see if they could capture changes in DNAm that could be attributed to changes in
blood cell-type composition over time, which they did not find. Teschendorff et al. [155] found
that promoters of targets of the polycomb group proteins (PCGTs) were more likely than non-
PCGTs to become methylated with age [156]. Repression of PCGTs is required for Stem cells
to differentiate. PCGTs whose methylation status was associated with age were associated with
pre-neoplastic conditions in a large cohort using the 27k array with blood and epithelial cell

samples.

Whilst Bell et al. [157] observed a correlation between a major component of variation in DNA
methylation in blood and age, Bocklandt et al. [158] also using the 27k array but with saliva
samples created the first “epigenetic clock™ used to predict the chronological age of donors based
on the DNAm landscape of their cells, the mean error was 5.2 years. Bocklandt et al. were
able to achieve similar predictive accuracy with as few as 3 CpG sites in their model. Koch et
al. [159] used publicly available 27k array datasets from a variety of different tissues to train
a model using a different statistical method but only achieved an error of 11 years. They did,
however, identify a number of CpGs also identified by Bocklandt et al. Bell et al. [160] used 27k
array data to look for correlations between differential methylation and age-related phenotypes
as well as chronological age. They found that few age-related phenotypes were correlated with
differential methylation, only 5 CpG sites were identified for the 16 age-related phenotypes
examined. Whereas 490 significant CpGs were associated with chronological age. Many of the
CpGs they identified persisted across tissue types and replicated in a second cohort, several had

been identified previously by Rakyan et al. [153] and Bocklandt et al. [158].
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Heyn et al. [161] examined the DNA methylation status of a newborn and a centenarian in CD4+
T cells using whole-genome bisulfite sequencing (WGBS), along with a group of newborns and
nonagenarians using the Illumina 450k array [162]. Heyn et al. observed a global decrease in
methylation from newborn to centenarian, as well as an intermediate level of methylation on
a sample of intermediate age (see figure 1.18). This observation was replicated in 450k data.
In addition, Heyn et al. noted that adjacent CpGs normally exhibit a substantial degree of
correlation in methylation status and that they were less well correlated with their neighbours
with increasing age. Interestingly Jenkinson et al. [118] found that correlation among nearby
CpGs increased in cancer tissues. Modelling work done by Affinito et al. [163] agrees with this
correlation between neighbouring CpGs under physiological conditions, which is particularly
pronounced in CpG dense regions like CGlIs. The greater physical proximity of CpGs in CpG
dense regions means that greater correlation is expected. Due to the fact that these CpGs are
more likely to be affected by the same proteins and regulatory features than CpGs with greater
distance separating them [164]. Unmethylated CGIs with H3K4me3 histone modifications can
act as functional promoter units, this unmethylated state is needed for their interaction with
CXXC domain containing proteins like Cfpl [165]. Garagnani et al. used 450k array data from
a cohort of 64 subjects aged 9-83 to identify those CpGs most well correlated with age as had

been done with previous array technologies [166].
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Figure 1.18: Global Hypomethylation with Age. NB = Newborn, Y26 = 26 year old, Y103 =
103 year old. (Reproduced from Heyn et al. [161] figure 1 b.)

In January of 2013 Hannum at al. [167] published a study using the Illumina 450k array and
whole blood samples for 656 participants aged 19-101. Their optimised model was able to predict
age with an error of 3.9 years. In December of the same year, Horvath [168] published a study
using multiple datasets, including Hannum’s data, some produced on the 27k and some the 450k
array. Both used ‘elastic net’ penalised multivariate regression models to identify CpGs which
collectively provide the best predictor of DNAm age rather than the CpGs which are individually
most highly correlated with age [169].

Florath et al. [170] identified some additional age-associated CpGs from two large cohorts
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totalling N = 898 and an N = 67 8yr follow-up longitudinal cohort. More than 3/4 of the
CpG sites they identified began as hypomethylated and increased in methylation with age, a
proportion likely skewed by the large number of 450k probes in CGls and other typically low
methylation regions. Bacalini et al. [171] performed a meta-analysis of existing DNAm age
datasets and employed a “region-centric” approach to try to identify loci larger than single
CpGs which they anticipate will be more biologically meaningful than lone CpGs, despite being
limited to just the CpGs for which there are array probes. They found that their approach
increased the number of common features identified using the Hannum et al. [167] and Heyn
et al. [161] datasets. Zaghlool et al. [172] performed 450k array DNAm age study in Qatari
population they identified 12/88, 23/490 and 102/162 of the CpGs found by Bocklandt et al.
[158], Bell et al. [160] and Florath et al. [170] respectively. Zaghlool et al. [172] also found that
Horvath’s age predictor [168] had an error of 3.7 years in their dataset. This is in agreement with
existing findings and indicates that ethnicity has no major effects on the DNAm age signature.
Benton et al. [173] looked at changes in DNA methylation with age in a genetically isolated
population on Norfolk Island with similar results to previous studies but identifying some novel

age-associated CpGs.

Most DNAm relationships with age noted in previous studies have been linear, Johnson et
al. [174] used the 450k array in peripheral blood samples. They identified 21 CpGs whose
DNAm changes at a rate that changes with age from an initial pool of 27,723 CpGs which were
differentially methylated with age. Two sites exhibited an increasing rate of increase in DNAm
with age, and 18 sites a decreasing rate of increase. However, these effects could be impacted by

changes in blood cell-type composition with age.

1.5.2 Genetic Influences on DNA Methylation

Epigenetic variation falls on a continuum of genetic influence that can be summarised by three

categories:
1. pure - DNA sequence has no predictive value for epigenetic state.
2. facilitated - DNA sequence biases the epigenetic state enabling epigenetic variation.
3. obligatory - DNA sequence permits exact prediction of epigenetic state.

Regional methylation state is strongly influenced by genotype, by single nucleotide polymor-
phisms (SNPs) [175] and by structural variants [176,177]. An example of an obligatory effect
on methylation is a point mutation at a CpG site, a C to T transition precludes methylation at
that site in future. The effect of structural variants on methylation can be hard to determine
as changes in sequence dosage often lead to measurement artefacts. Efforts have been made to

correct for the influence of genetic factors in EWAS, when searching for purely epigenetic effects
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but the potential interaction of the somatic mutations known to accumulate with age (Figure

1.19) and the changes in DNAm with age remain largely unexplored.

Increases in frequency of particular mutations can also be driven by clonal expansion of cellular
sub-populations, particularly blood, and possibly in other tissues with a high level of turnover.
The differentiation of blood cells from heamatopoetic stem cells is less linear and hierarchical than
initially modelled. The hematopoetic stem cell compartment is comprised of a pool of cells with
characteristics of multiple lineages and are to a greater or lesser extent primed for a particular
branch of differentiation [178]. The somatic mutations present in these hematopoetic stem cells
[179], provide the variation necessary for selection processes to act, and the changes in variant
allele frequency in blood cells indicates that there are positive selection effects driving the increase
in frequency of certain alleles [180]. These selection effects favour more highly proloferative cells
and may lead to the exhaustion of stem cells able to produce particular lineages and, imbalanced
production of different cell types in undesirable proportions [181]. This can be a pre-cursor to
hematalogic malignancies [179].

This is of particular relevance to DNAm as the profile of the types of mutation which accumulate
with age (Figure 1.20) distinctly favours C to T transition mutations which can disrupt CpG
dinucleotides [182]. CpG dinucleaotides are particularly prone to these mutations through the

deamination of 5mC to T.

0.5+
0.4-
Z 034
=
L0
=
g 02
w
0.1
0.0
O © P D& S P D » P
D5 S £ o .
5
R A G A OP’\@’
Age (yr)
No.with Mutation 0 1 50 138 282 219 37 14 5
Total 240 855 2894 5441 5002 2300 317 86 17

Figure 1.19: Somatic mutations increase with Age. (Reproduced from Jaiswal et al. [182], figure
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Figure 1.20: C to T transitions are the most common substitutions that occur with age. (Repro-

duced from Jaiswal et al. [182], figure2 c)

1.5.3 DNAm Age as a Biomarker of Ageing

We have seen that DNAm can be a fairly accurate predictor of age, however, there is more to
being a good biomarker of ageing than predictive accuracy. Weidner et al. [183] conducted a
study with the specific intent of identifying CpG sites that would serve as the best biomarkers
of ageing. Below is a list of specific criteria for a high-quality biomarker of ageing laid out by

Johnson et al. [184].

1. It must predict the rate of ageing. In other words, it would tell exactly where a person is
in their total lifespan. It must be a better predictor of lifespan than chronological age.

2. It must monitor a basic process that underlies the ageing process, not the effects of disease.

3. It must be able to be tested repeatedly without harming the person. For example, a blood
test or an imaging technique.

4. Tt must be something that works in humans and laboratory animals, such as mice. This is

so that it can be tested in lab animals before being validated in humans.

We have seen that DNA methylation clocks can be good predictors of chronological age, we
will revisit the question of whether or not they are superior to chronological age in their ability
to predict lifespan below. Bell et al. [160] found DNAm did not generally correlate well with
ageing phenotypes but did correlate well with chronological age and Teschendorff et al. [155]
found that their age-associated DN Am signature remained fairly constant across several disease
states including ovarian cancer and type 1 diabetes. Suggesting that DN Am age prediction does
indeed: “monitor a basic process that underlies the ageing process, not the effects of disease,”

meeting criterion number 2. Several of the DNAm clocks discussed so far have been based
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on whole peripheral blood samples meeting criterion number 3. DNAm age clocks have been
shown to work in Chimpanzees [168], Dogs/Wolves [185], Mice [186], Naked Mole Rats [187],
Rhesus Macaques, Humpback Whales [188] and are likely to work in other mammalian model
organisms. Furthermore, a cross-species clock based on conserved ribosomal RNA genes has
been developed [189]. It should be noted that Horvath’s Human clock uses array data and
that the Dog/Wolf and Mouse clocks use RRBS. Model organisms such as C. elegans which
essentially lack DNA methylation would not, however, be likely to be tractable for DNAm based

age prediction. Consequently DNAm age prediction at least partially meets criterion number 4.

Is DNA methylation a better predictor of lifespan than chronological age? Both Hannum and
Horvath identified the difference between DN Am age and chronological age or A

Age A5 2 potential
indicator of disproportionate biological ageing. Marioni et al. [190] explicitly set forth to test the
value of DNAm age as a predictor of mortality. Adjusting for age, sex, childhood 1Q, education,
social class, hypertension, diabetes, cardiovascular disease, and APOE e4 status a A 4, of +-5yr
is associated with a 16% increased mortality risk (See figure 1.21). A longitudinal study of
twins found 3.2 fold increase in the risk of dying first per 5yr A, . within twin pairs [191]. A
meta-analysis of DNAm age predictors by Chen et al. [192] also found that measures of age
acceleration based on Hannum and Horvath clocks were superior predictors of mortality than
chronological age before and after correction for various potentially confounding factors. Chen et
al. also noted that correction for blood cell composition improved predictive power. Indicating

that DN Am age is indeed superior to chronological age as a predictor of lifespan meeting criterion

number 1 for an ageing biomarker.

A new DNAm age clock explicitly designed to capture phenotypic age and outperform age ac-
celeration as a biomarker of ageing has recently been produced by Levine et al. [193]. The
‘PhenoAge’ metric was created by selecting nine biomarkers of ageing from 42 possible metrics
using a proportional hazards penalised regression model and combining these with chronolog-
ical age. (The nine biomarkers are: Albumin, Creatinine, Serum glucose, C-reactive protein,
Lymphocyte per cent, Mean red cell volume, Red cell distribution width, Alkaline phosphatase,
White blood cell count.) DNAm data was then regressed against PhenoAge using elastic-net
regression to produce a DNAm based PhenoAge predictor which made use of 513 CpGs. The
PhenoAge predictor outperformed the Horvath and Hannum clocks at predicting all-cause mor-
tality, comorbidities, coronary heart disease risk, and measures of physical functioning. 41 of the
513 CpGs in the PhenoAge clock were present in the original 353 CpG sites used in the Horvath

clock.

The ‘GrimAge’ clock [194] takes a different approach to previous epigenetic clocks in that it has
a two-tiered model predicting first seven surrogates for a variety of other biomarkers of ageing
then fitting a model to predict time to death using these surrogates. ‘GrimAge’ outperforms age

accelerations from the Horvath, Hannum and PhenoAge clocks at predicting time to death [195].
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Belsky et al. developed a DNA methylation based estimate of the rate of biological ageing called
‘DunedinPoAm’ [196].
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Figure 1.21: Survival probability by quartiles of A 4., in LBC 1921 adjusted for sex, and chrono-
logical age. LBC = Lothian Birth Cohort. Using the Hannum and Horvath predictors’ values
for A 4. (Reproduced from [190] figure 3.)

1.5.4 DNA methylation clock measurements as outcomes for anti-

ageing interventions

Fahy et al. showed in a small exploratory study that they could reduce epigenetic age, as measured
by four different epigenetic clocks [197]. The clocks used were: Horvath et al. [168], Hannum
et al. [167], ‘PhenoAge’ Levine et al. [193] and ‘GrimAge’ Lu et al. [198]. The study called
TRIIM (Thymus Regeneration, Immunorestoration, and Insulin Mitigation) consisted of ten men
aged 51-65 who were treated with a regimen of recombinant human growth hormone (thGH) in
combination with dehydroepiandrosterone (DHEA) and metformin. The aim of this treatment
was to counteract the decline in immune function attributed to the decrease in diversity of t-cell
receptors that occurs in this age group [199]. thGH was found to stimulate the reconstitution of
the thymus and thereby T-cell levels in HIV patients, hence it was reasoned that it might also
counteract the age-related deterioration of the thymus. DHEA and metformin were included in
the regimen to counter the hyperinsulinemia which can be induced by growth hormone [200].
The mean decrease in epigenetic age after 12 months treatment was 2.5 years so a reduction
of 1.5 years from baseline, the rate of this decrease appeared still to be increasing in the final
3 months of treatment (9-12 months). There was incomplete regression towards pre-treatment
levels of age acceleration at 18 months from onset, 6 months after cessation of treatment, in 3 of

the 4 epigenetic clocks. There were however no sign of change in the GrimAge [198] acceleration
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estimate which remained at, on average, 2 years lower than age acceleration at onset. This
study sets an important precedent for for the use of DNAm age acceleration as a readout of the
effectiveness of anti-ageing interventions, opening the door for their use in future studies. The
challenge faced by studies where the intended outcome is increased lifespan is that this requires
a long, expensive, and impractical follow-up period to measure directly. If DNA methylation
based measures of age acceleration can be used as effective proxies for measuring lifespan then
this dramatically decreases the cost and inconvenience of studying interventions which effect
lifespan. Clearly however it needs to be established how good a proxy for actual health/lifespan

increases DNA methylation age metrics actually are before they can be relied upon.

Ascertaining the effectiveness of using DNA methylation based age acceleration metrics as an
outcome in ageing and longevity interventions in model organisms is likely to be informative
about how well they can be expected to perform in humans. Promisingly, differences in inter-
ventions known to effect longevity in model organisms such as caloric restriction, rapamycin
treatment, ovariectomy in female mice, and genetically long lived mouse strains [201,202,186]
have consistently shown decreased epigenetic ageing under the pro-longevity conditions. Hor-
vath et al. recently produced a single epigenetic age predictor which works in both humans and
rats using the same assay of conserved CpG sites and the same age prediction algorithm [203].
This unified metric provides greater confidence that an intervention which improves ageing out-
comes in rats will also do so in humans. Horvath et al. also demonstrate the effectiveness of
Heterochronic Plasma Exchange (HPE), the replacement of the plasma of old rats by that of
young rats at rejuvenating the rat tissues. They observed an average of a 54.2% reduction in
epigenetic age across liver, blood, heart, and hypothalamus with their pan tissue clock in old

rats which underwent HPE [203].

These results have laid the groundwork for the first large scale trial of an anti-ageing intervention.
Metformin has a relatively small but well documented effect on lifespan and reduced risk of a
number of ageing related conditions in model organisms and in humans with type two diabetes,
for which it is widely prescribed [204]. The TAME (Targeting Aging with Metformin) trial plans
to include over 3,000 individuals aged 65-79 in a double-blind placebo controlled trial to examine
the effects of metformin treatment on a composite primary endpoint consisting of stroke, heart
failure, dementia, myocardial infarction, cancer and death [205]. The biomarker work group
indicated that DNA methylation ageing assays may not be among the primary set of biomarkers
used in the trial [206]. However, TAME will establish a repository of bio-specimens including
blood which will likely permit the examination of the effects of metformin on DNA methylation

based ageing metrics in humans at a large scale.



64 CHAPTER 1. INTRODUCTION

1.6 Aims

Going forward this work covers several aspects of change in DNA methylation related to ageing
phenotypes. Starting at the beginning of the human life-course EWAS will be performed for in
utero markers and interventions thought to impact on long-term bone health. An examination
will be undertaken of the age-related changes in the methylation state of a key functional region
of the genome, whose methylation state has not previously been characterised in detail, namely
the tRNA genes. Lastly, new DNA methylation clocks based on a family of repetitive elements,
specifically the Alu repeat family, will be generated. This will make use of another region of the
genome the DNA methylation state of which has not previously been characterised in detail, but
which represents a substantial proportion of all CpG sites, the derepression of which has long

been considered to play a role in ageing.

1. Identify epigenetic associations with bone health outcomes and of vitamin D supplemen-
tation during pregnancy as an intervention to improve bone outcomes [207,208]. Provide
some groundwork for mechanistic studies to extend understanding of what systems influ-
ence bone health by identifying what genomic features change epigenetically with bone

traits and interventions intended to affect these traits.

2. Identify Age-related changes in DNA methylation in regions of the genome characterised
in the TwinsUK MeDIP-seq dataset and poorly covered by or covered in small samples by

other technologies. The regions to be examined are:

a. The tRNA genes, following up on the previous finding of agerelated DNA hyper-
methylation at tRNA-iMet-CAT-1-4 [209]. tRNA genes have a core role in cellular
metabolism, many emerging regulatory functions both structural and as signalling
molecules. tRNA genes also interface with many systems the modulation of which
impact longevity, making any age-related changes in their epigenetic state potentially
very consequential.

b. Alu repeat elements, a primate-specific family of SINEs present in over 1 million
copies in the human genome. The aim is to construct a DNA methylation clock
using only these elements. Age acceleration based on this clock may yield different
information about biological ageing than from previous clocks as the effects of DNA
methylation changes differ between repressed repetitive elements and enhancers or

promoter proximal regulatory sequences.
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Methods

2.1 INlumina DNA Methylation arrays

The Illumina methylation bead chip arrays make use of 50 bp long probes with sequences corre-
sponding to the loci of interest in the genome, with an additional 23 base sequence for positional
addressing on the array [149,154,162,210]. The CpG of interest is located at the 3’ end of the
probes. These probes are attached by their 5" ends to 3um diameter silica beads which are
embedded in indentations acid etched into the surface of planar silica slides. Each locus is repre-
sented by an average of ~30 beads and a minimum of ~5 beads which are distributed randomly
across the slide. The number of beads for a given locus is approximated well by the poisson
distribution, so this can be used in conjunction with the number of loci to ensure that the proba-
bility of having fewer than 5 beads per locus is kept negligibly small by adjusting the ratio of loci
to possible bead sites. Thus each BeadChip array has a unique random distribution of probes
which must be decoded to yield the mapping between positions on the array and target loci
being assayed. The positions of the beads are decoded through the sequential hybridisation of
fluorescent oligonucleotide probes within the 23 base addressing sequence, with probes for each
locus having a unique combination of hybridisation events to identify them [211,212]. An optical
scanner such as [llumina’s iScan system with a charge coupled device (CCD) to detect the light
and a laser to excite the flourescent dyes is used the read the arrays. There are two fluorophore
channels the respective fluorescence intensities of which are are recorded at each spot. Initially
the probe decoding oligos are used to map the probe locations and then flourescently tagged

DNA bases are cycled to assay the DNA methylation as described below.

Samples are prepared for the array assay by fragmentation, bisulfite conversion and amplification.
bisulfite conversion creates a ‘pseudo-SNP’ by selectively deaminating unmethylated cytosines to
uracil and thus changing their base pairing properties and permitting this technology, originally

developed to detect SNPs, to assay DNA methylation [149]. These sample fragments anneal

65
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to complementary probes on the array and unbound DNA is washed away. A single DNA
polymerase-mediated elongation step is carried out to permit a fluorescently labelled base to be
incorporated at the end of each probe. C and G are tagged with one fluorophore and A and T

with another. There are two probe designs:

1. The type I probes, which make use of two distinct bead types for each locus.
2. the type II probes, which make use of a single type of bead at each locus.

The ‘colour’ of the fluorophore incorporated signifies the methylation state and the intensity
of the proportion of sites which are in that state. The logic of which ‘colour’ corresponds to
methylated or unmethylated varies with the probe type and Figure 2.1 illustrates and explains
this in-depth.



2.1. ILLUMINA DNA METHYLATION ARRAYS

67

A

G—e an "
Unmethylated —e Unmethylated
bead type C—.

Bisulfite converted DNA

Bisulfite converted DNA

G—@

Methylated C .. Methylated —a
bead C

ad type r A_.

bead type A—@
™ gex
C;:iti_l;:-l;\ 5

Bisulite convartad DNA

Unmethylated locus

@ —
CpG |$ 5

Bisullite converted DA

Methylated locus

B
G—. —e
e . ‘e
Infinium Il Infinium 11
beadtype r A0 bead type r G—e

CpG locus 5

Bisulfite converted DNA

Unmethylated locus

CpG &D\ 5

Blsulfite convered DNA

Methylated locus

bead type CA__'..
“,,U i AxX
e __C
CplG locus 5

Figure 2.1: Illumina Methylation Bead Chip Array Probe Designs The probes on the
array are 50bp in length. In type I probes, unlike type II probes the base that is incorporated
(or not) in the elongation step is the base that follows the CpG site. The probes on the
array are bound by the amplification products derived from the bisulfite converted DNA, not
direct conversion products. Thus, Cs in the sample DNA represent methylated positions and
Ts unmethylated positions, as Ts take the place of Us created by bisulfite conversion during the
amplification process. Type I: Panel A shows the type I probe design. Each locus is represented
on two beads, a methylated and an unmethylated bead. Methylated Sample: When sample DNA
binds a methylated probe the G at the second position in the CpG on the methylated probe
will be complementary to the C marking the location of the 5mC. Extension will then be able
to oceur incorporating a fluorescently labelled base complementary to the base just 5 of the
5mC position in the probe. On the unmethylated probe, the C marking the position of the 5mC
will not be complementary to the A base in the probe and thus extension cannot occur. No
fluorescent base will be incorporated at the unmethylated probe. Unmethylated Sample: When
sample DNA binds the methylated probe the T marking the position of the unmethylated C
is not complementary to the G at the second position in the CpG site on the probe. Thus, no
fluorescent base is incorporated. Whereas, on the unmethylated probe the T marking the position
of the unmethylated C will be complementary to the A at the second position in the CpG site
on the probe. Thus, a fluorescently labelled base can be incorporated. Type I1: Panel B shows
the Type II probe design. For the Type II probes only one probe represents each locus. In the
Type II probes the incorporated base is at the second position in the CpG site. A fluorescently
labelled A is always incorporated opposite a T in the sample DNA marking the position of an
unmethylated C, and a fluorescently labelled G is always incorporated opposite a C marking the
position of an unconverted 5mC in the sample DNA. For the Type II probes, in contrast to the
Type I probes, methylation is always signalled in the green channel and unmethylation in the
red channel. (figure reproduced from Bibikova et al. [162].)
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These arrays have now undergone several iterations [154,162,210]. The current array probe
design was preceded by the ‘golden gate’ array which used a variant on the SNP probe design
with methylation-specific PCR. This array contained ~1.5k probes covering 371 genes with a
strong focus of cancer-related genes [149]. The first array using the probe design outlined above
was the ‘Infinium’ array which contained 27k type I probes focused on the promoter regions for
14,475 consensus coding genes with 110 miRNA promoters [154]. The 450k array which had
~480k mixed type I and II probes covering 21,231 RefSeq genes, 26,658 CpG islands, 80,538
predicted enhancer regions and a variety of other features, including the MHC region [162]. The
450k array systematically underestimates the methylation level in highly methylated regions [213].
A Markov chain model of DNA methylation state developed by Affinito et al. [163] suggests that
once a threshold level of DNAm is reached on a molecule further methylation becomes less likely.
They reason that DNMTs recruited by the high methylation state have greater difficulty accessing
the remaining unmethylated sites. Thus sampling a single site is likely to produce a systematic
underestimate as once neighboring sites are methylated methylation at a given CpG is less likely
to increase further. The ‘EPIC’ array has ~850k probes including >90% of those on the 450k
with greatly expanded coverage of loci with more dynamic methylation states than promoters
and CGIs [210]. Promoters and CGIs tend to have relatively low methylation variability and the
EPIC array aims to capture more functional methylation variation at regions such as enhancers
[86]. The ‘EPIC’ array also contains both Type I and Type II probes, with many of the new
sites being type II. The type I probes have greater dynamic range than the type II but take up
twice as much space on the array so there is some trade-off between maximising the number of

sites covered and the quality of data at those sites.

Methylation at each site on the array is commonly reported as a 8 value, which corresponds
to the proportion of the sample DNA which was methylated at that site. This is computed
from the intensity values extracted from Illumina’s IDAT format files which in the case of the
methylation arrays are a binary format which had to be reverse engineered to permit analysis

outside of [llumina’s ‘GenomeStudio’ [214].

B = intensity[M]
intensity[U| + intensity[ M|

Where M = methylated and U = unmethylated.

The type I and type II probes have slight systematic differences not accounted for by their
genomic context [215]. Type I probes have a wider range and are more reproducible than the
type Il probes. This is likely due to the dual complementary probes with fluorescence in different
colour channels providing additional information for methylation level calling leading to more
robust estimates at extreme values near 1 and 0. This difference means that to operate uniformly

on this mixed data a normalisation procedure is needed to correct for these differences.
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Figure 2.2: Type I probes have a wider range and less variability than type II. Type
I probes shown in blue, Type II in red. Plot shows kernel density of beta values with gausian

smoothing. (Reproduced from Dedeurwaerder et al. [215])

There exist a number of normalisation methods to account for probe-type bias [216] such as
beta-mixture quantile normalization (BMIQ) [217]. This method was applied as a part of the
pre-processing of the Twins UK 450k array datasets used in (Chapter 4) in this thesis. In
addition, there are other techniques capable of correcting for probe bias as well as other sources
of technical variation such as batch effects [218]. Functional normalisation [219] which makes
use of the technical control probe data on the arrays to inform its transformation of the DNA
methylation values was used to normalise EPIC array data from the MAVIDOS and Southampton
Women’s Survey (SWS) data in (Chapter 3) of this work.

Bisulfite conversion efficiency can be estimated by looking at the rates of conversion at non-CpG
cytosines as these are very rarely methylated they should be bisulfite converted at a very high
rate. If this is not the case it can lead to the overestimation of DNA methylation levels, bisulfite
conversion also fragments DNA so there is a trade-off between achieving sufficient conversion
efficiency and not producing overly fragmented DNA [220]. On the [llumina methylation arrays
control probes ([221] p226) are located at non-CpG cytosines to assay the conversion efficiency

for use in quality control assessment of array data.

In addition to probe-type bias, there are other sources of potential problems for individual probes

on these arrays [222]. Zhou et al. divide these into three categories [223]:
1. Probes with SNPs internal to the probes especially if located near the 3’ end. These can
cause issues by:

a) preventing extension through mismatches near the 3’ end.
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b) Altering the ability of the target cytosine to be methylated through effects on the
sequence context, including the case where a C/T polymorphism in place of the C/T
bisulfite induced conversion.

c) Inducing a colour change in a type I probe by altering the extension base.

2. Probes which map to multiple possible locations in the bisulfite-converted genome. Methy-
lation values from multi-mapping probes are an amalgam of the methylation levels at the
different loci to which the probes can map and cannot be disentangled to yield reliable
results for the different loci.

3. Probes with partial off-target matches to other loci. Probes with partial matches at the 3’
end can lead to extension and an erroneous readout of methylation levels for that locus or
partial matches elsewhere can lead to competition for binding with the probe intended for

that locus.

To account for these potential problems probe ‘masks’ have been produced which identify probes
which commonly exhibit one or more of these problematic properties so that findings at these
loci can be excluded or followed up for validation with other methods [223,222]. These masks

have been used here to identify potentially problematic probes.

When looking for a purely epigenetic effect the presence of a genetic variant which influences
the DNA methylation state of a CpG is known as genetic confounding. This is not necessarily
a problem if genetic effects on a phenotype of interest are a useful outcome but it is an issue if
looking for effects mediated purely through epigenetic mechanisms. Genetic variants which bias
the DNA methylation in a particular direction, or modulate the plasticity of DNA methylation
state to environmental influences may be important to mechanistic understanding the biological
system under examination [224,225]. Simply excluding all probes with a SNP above a certain
minor allele frequency and with a certain distance of a target CpG can both miss rarer genetic
confounders and throw away actual non-genetic differences in DNA methylation. Andrews et
al. developed a method called ‘gap-hunting’ to identify probes which commonly have multi-modal
DNA methylation distributions which may be associated with different genotypes influencing a
probe locus [226]. ‘gap-hunting’ was also employed in this work to search for DNA methylation
changes which may be under genetic influence (Chapter 3). In addition to SNPs causing sequence
context changes that affect the DNAm of probes, structural mutations can also have this effect
on DNA methylation [107]. Thus probes in the vicinity of non-SNP mutations should also be

subject to additional scrutiny.

2.2 MeDIP-seq

MeDIP-seq uses a monoclonal anti-5mC antibody to bind denatured fragmented genomic DNA
at methylated CpG sites. This antibody-bound fraction of DNA is isolated and sequenced [127],
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Figure 2.4 outlines the workflow. Unlike bisulfite conversion approaches this method permits
5mC to be differentiated from 5hmC, as the antibody binds specifically to 5mC. The methylation
level across the CpG sites in the region of the genome to which the resultant sequencing reads
map can subsequently be estimated by counting the number of reads and accounting for the

CpG density with software tools such as the MEDIPS R package [128].

MeDIP-seq can also cover much more of the methylome than do the 450k or EPIC arrays. The
450k array captures ~1.6% of the 28 million CpGs in the genome. At near saturation coverage
of ~40 million reads per sample, MeDIP-seq can cover ~60% of all CpGs with at least 1 read,
this is almost all methylated CpGs. At half that total read count MeDIP-seq still covers ~50%
of CpGs at > 1x and ~20% at > 5x [227]. Other estimates place the threshold for saturation
coverage by MeDIP-seq lower at between 20 and 30 million reads and suggest that the maximum
number of CpGs covered at least once could extend up to 90% [228]. MeDIP-seq provide a
particular advantage by comparison with the Illumina beadchip array technologies with respect
to the coverage it provides for repetitive regions of the genome. This is illustrated by Clark et
al. who show that MeDIP-seq covers an estimated 91.4% of repetitive sequences and the 450k
array only 3.4% [213] (Figure 2.3). This makes it particularly suited to the aims of this project
(Chapters 4 & 5).

MeDIP-seq does however have the disadvantage that it is less good at absolute quantitation
of DNA methylation levels than bisulfite conversion base methods. This is especially the case
without input controls i.e. sequencing data without antibody pull-down to account for the ‘se-
quencability’ or background levels of reads that are generated for a given region in the genome
which can be corrected for when estimating methylation levels. Better even that input controls is
to couple MeDIP-seq with MRE-seq which makes use of methylation-sensitive restriction digests
to enrich for unmethylated DNA [81]. Signal in MRE-seq thus corresponds to the genomic loca-
tion of unmethylated regions and can thus be used to differentiate gaps in MeDIP-seq coverage
from truly unmethylated regions. In conjunction these complementary sequencing technologies
provide an improved ability to discern absolute methylation levels compared to MeDIP-seq alone
[131]. The data generated on behalf of TwinsUK and used in this thesis did not make use of
input or MRE-seq controls. Additionally Data for Chromosome X were not available for use in
the analyses performed in this thesis. Interpretation of changes in chromosome X DNA methyla-
tion with age would be interesting to examine especially in this almost exclusively female cohort,

despite the challenges in interpreting such changes given X inactivation.
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Figure 2.3: MeDIP-seq provides superior coverage of repetitive regions of the genome than the
Mumina array platform. This presumes saturation coverage for the MeDIP-seq assay. MD-s =
MeDIP-seq, 450k = Tllumina 450k DN A methylation bead chip array (Reproduced from Clark
et al. [213]) The CpG islands, shores, and shelves major RefSeq gene features are covered almost
as well in the 450k array as they are by MeDIP-seq but repetitive regions and other regulatory

elements are where MeDIP-seq provides substantially greater coverage.
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Figure 2.4: Graphical Summary of the MeDIP-seq process Purified DNA is fragmented by
sonication, denatured and incubated with anti-5mC antibodies. It is then immunoprecipitated

resulting in fragments containing methylated CpGs which are subsequently sequenced.

DNA sample preparation, MeDIP reaction, and Illumina sequencing were performed by BGI-
Shenzhen (Shenzhen, China) on behalf of Twins UK, prior to the analytical work performed on
the resulting data in this thesis. Fragmentation of genomic DNA from whole peripheral blood
samples from the Twins UK cohort was performed by sonication using a Covaris system (Woburn,
MA, USA). 5ug of DNA was used in the Illumina Single-End DNA Sample Prep kit followed by
end repair, base addition and adaptor ligation. The MeDIP reaction was performed, according
to the protocol for the MagMeDIP kit (mc-magme-048), with a monoclonal antibody for 5-
methyleytosine (5mC) (Cat. No.: CO2010021 mc-magme-048 from Diagenode (Liege, Belgium)).
The antibody was incubated with Adaptor-ligated DNA combining 0.5ul antibody + 0.5ul water;
then 0.6 MagBuffer A, 1.4ul water and, 2ul MagBuffer C; yielding a final volume of 5ul for the
immunoprecipitation reaction. The MeDIP reaction was validated with quantitative PCR. The

product of the MeDIP reaction was purified with Zymo DNA Clean & Concentrator-5 (Zymo



74 CHAPTER 2. METHODS

Research), and amplified with adaptor-mediated PCR. Size selection of fragments (200-500 bp)
was performed by gel excision and quality assessed by Agilent BioAnalyzer (Agilent Technologies,
Santa Clara, CA, USA). The resultant libraries were subjected to highly parallel 50bp single-end

sequencing on the [Mlumina HiSeq2000 platform.

Quality control (QC) and alignment were performed by Twins UK, also prior to the work done
in this thesis. Sequencing data were subject to initial QC for call quality and base compo-
sition using FASTQC (v0.10.0) (https://github.com/s-andrews/FastQC) [229]. Duplicates were
removed with SAMTools (https://github.com/samtools/samtools) [230]. The alignment was per-
formed using the Burrows-Wheeler Aligner (bwa) (https://github.com/Ih3/bwa) [Li2009] with
a minimum mapping quality score of Q10. MEDIPS (v1.0) was used to perform MeDIP-specific
QC, as well as to generate reads per million (RPM) and Absolute methylation score (AMS)
values (https://bioconductor.org/packages/release/bioc/html/MEDIPS.html) [128]. AMS and
RPM values are binned into 500bp windows with a 250bp slide in the BED format, resulting in
~12.8 million windows on the genome (Build: hg19/GRCh37). Additional quality control checks
were performed by Twins UK in the R language: correlation matrix, hierarchical clustering,
dendrogram, heatmap, density plot, and batch effects inspection by principal component analy-
sis. Analyses in this thesis are based on these binned DNA methylation level estimates and the
accompanying individual metadata, such as age, produced by Twins UK. There was a mean of
~16.89 million (SD 3.04M) reads per sample. This number of reads per sample is consistent with
covering ~50% of all CpGs at 1x, ~15% at 5x and ~10% at 10x (estimated using the results of
Taiwo et al. 2012 [227].) MeDIP-seq data from regions of interest was extracted using bedtools
v2.17.0 [231].

The above-described processing steps for Methylated DNA Immunoprecipitation sequencing
(MeDIP-seq) data used here have been previously described in Bell et al. [209,107]. These
processed data are available, subject to approval, in the European Genome-phenome Archive
(EGA) (https://www.ebi.ac.uk/ega) under study number EGAS00001001910 and dataset (https:
//www.ebi.ac.uk/ega/datasets/ EGADO0010000983).

2.2.1 Participants

Peripheral blood samples for DNA extraction were provided by the adult volunteers from the
UK Twin Register (TwinsUK Resource [232]). The participants are rigorously phenotyped at
visits at St Thomas’ Hospital, London. A twinning questionnaire determines twin zygosity and
is confirmed by genotyping. Ethics were approved by Guy’s & St Thomas’” NHS Foundation
Trust Ethics Committee (EC04/015—15-Mar-04) and written informed consent was obtained
from all subjects in accordance with this. Samples are stored at —80 °C in EDTA tubes before
extraction via the Nucleon Genomic DNA Extraction Kit. DNA is subsequently stored in TE
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Buffer at —20 °C.

The MeDIP-seq dataset used in this work consists of 4350 whole blood methylomes with age data.
4054 are female and 270 male. 3001 have full blood counts. There are 3652 individuals in this
data set. These individuals originate from 1933 unique families. There are 1234 monozygotic

(MZ) twin pairs (2468 individuals), and 458 dizygotic (DZ) twin pairs (916 individuals).

2.3 Targeted Bisulfite Sequencing

Targeted Bisulfite sequencing [233] is very similar in principle to ordinary targeted DNA se-
quencing but preceded by a bisulfite conversion step as illustrated in Figure 1.16 [131]. However,
bisulfite conversion has several implications for downstream processing. Bisulfite library prep can
be either directional, sequencing reads correspond to a bisulfite-converted version of either the
forward or reverse strand, or non-directional in which sequencing reads correspond to bisulfite-
converted versions of either strand giving a total of four bisulfite-converted sequences with the
strand of origin unknown. If a library is directional there are only two bisulfite-converted se-
quences. Other than ability to trace strand of origin there is no particular advantage to either
approach. In both cases very rigorous adapter trimming is needed to avoid biases arising from
the reads that are longer than the fragments and thus might be inferring methylation state for
cytosines introduced during the library preparation process. Library preparation in this work

was non-directional.

Mapping can be performed with customised software wrapper to implementations of existing
alignment tools. Bismark is a popular example of such as wrapper which uses the bowtie align-
ment tool and calls site methylation levels [234]. Alignment is performed with in silico bisulfite
converted versions of the genome and reads, with G to A conversions for reverse strand reads.
This requires four parallel instances of bowtie for forward and reverse G to A and C to T con-
versions, which are combined to determine the umique best alignment. (Figure 2.5 panel A).
Bisulfite conversion results in loss of sequence complexity as many Cs effectively become Ts
meaning short reads can be challenging to map. For targeted sequencing approaches it is advis-
able to align to both the targeted sites and their flanking regions as well as to the whole genome,
especially if any of the targeted regions contain repetitive sequences [235]. Substantial mapping
to areas other than those targeted could be indicative of off-target amplification, this step forms

a part of the quality control process. Bismark produces methylation calls either combined or by

strand and which can be filtered by methylation context CpG, CHG or CHH.
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Figure 2.5: Bisulfite sequencing alignment process A) Unmethylated cytosines are con-
verted to uracil in the bisulfite conversion process these are rendered as thymidine as T is used
in the PCR amplification following bisulfite conversion. Following the conversion of a C to A T
its corresponding G is swapped for an A in the complementary strand. The Genome is converted
in silico to permit the alignment of these altered bases. Thus there is the C to T converted and
a G to A converted genome each to which has two strands totalling 4 possible alignment targets
for the converted reads. B) The unique best alignment for a read is determined from this set
and mismatches of C in this alignment are used to call the methylation state. (Reproduced from
Krueger et al. [236])

Targeted sequencing methods where the aim is to sequence a number of amplicons (N,) from
a number of samples (N,) means the total number of PCR reactions in the pairwise matrix is
(N, x N_). This can rapidly become difficult to manage with conventional bench-top PCR meth-
ods especially where consistency between reactions is important for quantitation. Microfluidic
systems for conducting multiple PCR reactions in parallel such as the Fluidigm 48.48 access

array employed here improve the ease with which a large number of reactions can be performed.
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Figure 2.6: Microfluidic system for multiple parallel pairwise PCR reactions. The
Fluidigm 48.48 access array permits the combination of up-to 48 samples with up-to 48 different
set of reagents, without multiplexing. In this case the reagents are locus specific primers for
targeted sequencing. Samples are added to one side of the array and reagents to the other the
flow cell permits all combinations of the two to be mixed. Fluidigm’s controller flow cell and
thermocycler allow all the PCR reactions to be carried out simultaneously and their products

be extracted for sequencing.

A four primer step-out PCR process is performed on the bisulfite-converted genome to generate
the final PCR product used in the Illumina sequencing reaction (Figure 2.7). After the loci
of interest are selected locus-specific primers are designed to be complementary to the bisulfite
converted regions flanking the area of interest and avoiding CpG sites in those flanking regions.
A number of tools for designing such primers are available, the tool used in this work was:

‘methPrimer’ [237].
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Figure 2.7: Four primer step-out PCR for targeted bisulfite sequencing on the Flu-
idigm access array. The sample DNA is bisulfite converted. The region of interest amplified
using site specific primers with the Fluidigm CS1 and CS2 primers in the first PCR step. The
CS1/2 primers have regions complementary to the Illumina sequencing primers permitting them

to be added in a second PCR step to generate the final PCR product ready for sequencing.

After designing the target-specific primer sequences the CS1 and CS2 adaptor sequences are
added to the forward and reverse primers respectively to permit the addition of Illumina se-
quencing primers in a second PCR step. The subsequent analysis is similar to that for whole-
genome bisulfite sequencing. The PCR products are sequenced and the resulting reads aligned

and methylation levels called with Bismark.
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Epigenome Wide Association
Studies for Bone Health
Outcomes in Umbilical Cord

Blood and Tissue

3.1 Abstract

Long term bone health and fracture risk is strongly influenced by the peak bone mass that is
attained in early adulthood, this has its origins in development from late pregnancy through
early childhood. The availability of vitamin D to facilitate the uptake of calcium and phosphate
is essential to healthy bone development, in addition to the role of vitamin D as a hormone
mediating this process. Greater mechanistic understanding of this process is desirable to permit
the design of more effective interventions to reduce the substantial health burden of osteoporotic
fractures in the elderly. The risk of osteoporosis increases with age, and may be mitigated by
improvements in bone health. Maternal vitamin D levels during pregnancy have previously been
shown to impact on the methylation status of specific genes associated with vitamin D signalling
and metabolism, such as R XRA. Long-term bone health outcomes have also been associated with
both maternal vitamin D during pregnancy and methylation of the CDKN2A gene. To attempt
to identify other loci, the epigenetic regulation of which is pertinent to the impact of maternal
vitamin D levels on long-term bone health, Epigenome-Wide Association Studies (EWAS) were
performed with DNA methylation data from the llumina EPIC & 450k methylation bead chip

arrays. We provisionally identify two CpGs whose DNA methylation state is associated with
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bone mineral content at 6 years of age (p < 2.52 x 1078, n = 402) and periosteal circumference
at 6 years of age (p < 4.24 x 1078, n = 141) respectively. These associations are in need of

replication in an independent cohort but present a starting point for further investigations.

3.2 Introduction

In England and Wales a survey of general practice data indicates that 53% of women and 21%
of men will experience a bone fracture in their remaining lifetime from the age of 50 years
[238] (Figure 3.1). Hip fractures in particular are associated with a reduction in survival of an
estimated 10-20% with most deaths occurring in the first 6 months, vertebral fractures though
approximately an order of magnitude less common carry a similar mortality risk [238,239]. The
national osteoporosis foundation estimated the societal cost of osteoporosis at 58 Billion US$ for
2018 in the USA alone [240] with serious negative implications for the quality of life of those with
this condition. Thus interventions to increase bone health and reduce the rate of osteoporosis
as well as developing a mechanistic understanding of the development of this condition are of

considerable medical interest.
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Figure 3.1: Overall Fracture Incidence Increases With Age Data from 5 million adults in
the General Practice Research Database 1988-1998. A Incidence of all fractures at any site by
sex and age. B Fractures by sex and age at select sites, pelvis, Femur/Hip & Vertebra confer
the greatest increased mortality rates and Radius/Ulna has the greatest sexual dimorphism.

(Adapted from van Staa et al. [238].)

Modelling work indicates that the largest determinant of osteoporosis risk is peak bone mineral
density (BMD) with a 10% change in peak BMD leading to a predicted 13 year delay in the
development of osteoporosis [241]. Though the baseline BMD is a better predictor of fracture risk,
the rate of loss also independently predicts risk [242-244]. Thus factors altering the peak bone
mass will be important for modulating osteoporosis risk. Bone mass increases from intrauterine

development through to a peak in early adulthood (Figure 3.2).
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Figure 3.2: Bone Mass Over The Lifecourse Bone mass increases from intrauterine devel-
opment through to a peak in early adulthood. Intervention in early life to modulate growth
trajectory and increase peak mass may provide a higher starting point and delay bone loss in

later life. (Reproduced from [245].)

Calcium, phosphate and vitamin D are needed for bone development [246] and maintenance.
Vitamin D is needed for sufficient intestinal absorption of calcium [247] and phosphate [248]
in addition to the hormonal role it plays in the regulation of bone development. Calcium and
vitamin D intake are modifiable factors and thus constitute a reasonable starting point for
interventions to improve bone health. This raises the question of how and when they can best

be deployed to maximise their impact on bone health.

Birth weight predicts bone mass in adulthood [249]. A longitudinal study with long term follow
up at Helsinki University Central Hospital linked low childhood growth rate with greater fracture
risk in later life [250]. Data from the Southampton Women’s Survey (SWS)[251] suggest that
intervention in the interuterine period and infancy may afford the greatest opportunity to impact
on long term bone health. Rate of growth in late pregnancy (19-34 weeks) and early post natal
growth (up to ~2 years) predict bone mass at 4 years of age [252], and estimates of hip strength at
6 years [253]. The proportion of individuals crossing between tertiles of the distribution of growth
in length decreases with age, indicating that the variability and thus potential malleability of
growth is greatest during the period from 11 weeks gestation to ~2 years.

Observational data indicated a relationship between maternal vitamin D status and bone out-
comes in children [254,255]. Prospective studies showed the effects of maternal vitamin D status
on bone growth in newborns [256] and at 20 years of age [257]. MAVIDOS (Maternal Vitamin

D Osteoporosis Study) is a randomised, double-blind, placebo-controlled trial of oral vitamin D
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supplementation (1000 IU cholecalciferol/day or placebo) from 14 weeks gestation in women with
initial circulating 25(OH)-vitamin D levels of 25-100 nmol/1 [207,208]. The primary outcome of
the study was whole body bone mineral content, assessed by Dual Energy X-ray absorptiometry
(DXA) within 14 days of birth, and follow up DXA at 4 years of age. MAVIDOS did not find
significant differences in neonatal bone outcomes overall but there were significant differences be-
tween intervention and placebo for births taking place during the winter months. Winter births
saw a mean difference in BMC between treatment groups of 5.5 g [95% CI 1.8-9.1]; p=0.004)
and for BMD a mean difference 0.01 gem-2 [0.00-0.02]; p=0.04 [208].

1,25(0OH)y —Vitamin D has been implicated in the control of Plasma membrane Ca?*-ATPases
(PMCAs). The expression of the PMCA 3 gene in the placenta has been associated with umbilical
cord calcium concentration and intrauterine accrual of bone mineral content [258]. This provides
part of a candidate mechanism linking intrauterine vitamin D availability to bone outcomes, but
much remains to be elucidated about how maternal vitamin D status may impact bone develop-
ment. Work in rat models has demonstrated the ability of maternal nutritional exposure during
pregnancy to influence the epigenetic state and expression of genes in their offspring, specifically
a change in DNA methylation was identified [259-261]. Consequently, the DNA methylation
status of target genes of interest for vitamin D and bone development related pathways have

been examined [262].

Retinoid-X-receptor-alpha (RXRA), which forms a heterodimer with the vitamin D receptor is
essential for the nuclear action of 1,25(0OH), — Vitamin D. Harvey et al. found that DNA
methylation at four of ten CpG sites in the RXRA gene were significantly (p < 0.05) lower in
the umbilical cord of offspring from cholecalciferol supplemented mothers compared to placebo
with a mean difference in methylation of -1.98% (n=447, 95% CI -3.65 to -0.32, p=0.01). One
CpG site in the gene is related to estimated free 25(OH)D levels [263].

Methylation of cyclin-dependent kinase inhibitor 2A (CDKN2A) in umbilical cord tissue has been
implicated in bone cell activity mediating skeletal development and homeostasis. The CDKN2A
locus has quite complex biology encoding two cell cycle inhibitors p144£E and pl161NV54a a5 well
as the long non-coding RNA ANRIL which inhibits p16!¥%4¢ Targeted analysis of nine CpGs
in a 300bp stretch of the ANRIL promoter region of CDKN2A was carried out by Curtis et
al.. Methylation at several of these sites showed an inverse correlation with bone size, mineral

content, and mineral density at age four years [264].

Epigenetic states are a product of both genetics and environment. They exist on a continuum
from complete or obligatory genetic determination through facilitative variation influenced by
genetics to the agnostic to genetic state. When epigenetic state is obligatory it is effectively deter-
mined by the genetic state. When epigenetics is facilitative it has a genetic bias for a particular
state but which is subject to environmental influences including the intracellular environment

[265]. At the opposite extreme to a genetically obligatory epigentic state, the epigenetic state may
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be essentially agnostic to the genetic state and be determined entirely by environmental factors.
This picture is complicated by the observation that genetics can not merely influence epigenetic
state but also the extent to which that state will vary depending on environmental factors [266].
Epigenome-wide association studies have been performed on DNA methylation data for many
traits including age (Section 1.5.1), smoking status [267], exposure to atmospheric particulate
matter [268], and obesity [269]. Some robust and reproducible DNA methylation changes have
been identified with EWAS, particularly for traits such as age and smoking. Unlike genome-wide
association studies (GWAS) associations found by EWAS can be due to reverse causation [224].
That is to say, a genetic variant associated with a disease is very unlikely to have been caused
by the disease state whereas an epigenetic association can be the consequence of a disease state.
Whilst this can complicate the dissection of disease aetiology it can also be a boon in unpicking
the biology that follows on from a particular disease or environmental exposure by revealing

what biological networks are affected.

The previous work identifying DN A methylation changes at the RXR A [263] and CDKN2A /ANRIL
[264] loci associated with childhood bone outcomes lead to an interest in establishing if DNA
methylation changes were occuring at other loci. EWAS using the Illumina 450k and EPIC

array technologies were performed for maternal Vitamin D status and childhood bone outcomes

in data from the MAVIDOS and SWS cohorts.

3.3 Primary Questions

Are there DNA methylation changes associated with maternal vitamin D levels?
Are there DNA methylation changes associated childhood bone health markers?

What the DNA methylation changes with vitamin D and Bone outcomes at RXRA and CDKN2A

can be observed?

3.4 Methods

3.4.1 Outline of EWAS

Three sets of EWAS analyses were performed: Phase I of the MAVIDOS EPIC arrays and
comparison with 450k array results. Phase II of the MAVIDOS EPIC analysis with additional
samples. Analysis of the SWS cord blood EPIC array data.

1. MAVIDOS phase I, cord tissue, results (EPIC n = 140, 450k n = 60), EWAS outcomes:

- Intervention Vs. Placebo
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- Bone Mineral Content at Birth (g), measured by DXA
- Maternal circulating 25(OH)-vitamin D levels (nmol/1) at 34 weeks
- Change in Maternal Vitamin D form 11 to 34 weeks

2. MAVIDOS phase 11, cord tissue, results (EPIC n = 237), EWAS outcomes:
- 4 year Total BMC (g), without heads* , measured by DXA
3. SWS cord blood, EWAS outcomes:

- 8 year Total BMC (kg), without heads*, adjusted for sex and age, measured by DXA (n
— 408)

- 6 year Total BMC (kg), without heads*, adjusted for sex and age, measured by DXA (n
— 402)

- 6 year Periosteal circumference of the Tibia at 38% from the distal end (mm), measured
by Peripheral Quantitative Computed Tomography (PQCT) (n = 141)

- 6 year Cortical density of the Tibia at 38% from the distal end (mg/cm3), measured by
Peripheral PQCT (n = 141)

*without heads’ indicates that bone mass contributed by the head is not included in the total

as the head is not scanned during the DXA imaging,.

DNA was extracted from cord tissue for the MAVIDOS studies by Dr Nevena Krstic at the
Institute of Developmental Sciences, University of Southampton. Phenotypic data and batch
information was provided in spreadsheets by Dr Millie Parsons at the MRC Lifecourse Epidemi-
ology Unit, University of Southampton. All array data was provided as raw IDAT files. Analysis
of the Illumina EPIC and 450k methylation arrays was carried out in the R statistical program-
ming language (v3.5.2) using the meffil package [270], which was chosen as it is capable of
performing functional normalisation in a more memory eflicient fashion than alternatives such

as minfi.

3.4.2 Functional Normalisation

Functional normalisation is an approach to removing unwanted variation associated with ‘batch’
effects such as the date on which a sample was analysed or which slide a sample is on which was
developed by Fortin et al. [219]. This noise in the data masks the signal associated with the

underlying biological effect of interest.

Functional normalisation makes use of control probes on the arrays which are designed to capture
only technical variation as surrogates for the sources of unwanted variation. The control probes
are processed into 42 summary measures, and principal components analysis is performed on
the control probe summary matrices for all samples. The top m principal components (PCs) are

used as the surrogates for technical variation going forward. The mumber, m, of PCs from the
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control probe summary matrices used is informed by the amount of residual variation remaining
after normalisation. Picking the number of PCs which correspond to the last steep drop in
residual variation is the approach recommended by the implementers of meffil, and Fortin et al.
[219] recommend an m of 2 as performing well across a variety of analyses. (See supplementary

material from [219] for details of the control probe summary process.)

The process used by functional normalisation is a variant on quantile normalisation. Instead of
forcing the empirical marginal distributions of the samples to be identical at each site across
arrays. To produce the normalised values it constructs a quantile function which only removes
variation arising from surrogates for batch variation. This approach is effective even when
comparing samples with large global differences in methylation levels such as between normal

and cancer samples, but cannot overcome high degrees of confounding [219].

3.4.3 Genetically Confounded and Multi-mapping Probes

Probes from different locations in the genome with similar sequences, especially following the
reduction in sequence complexity associated with bisulfite conversion, can be cross-reactive on
the arrays leading to erroneous signals and are thus commonly excluded from analysis. DNAm
is often strongly influenced by genetic factors, the effect is especially pronounced when variants
alter the sequence at CpG sites themselves as the site can then no longer be methylated. Thus,
sites that have common genetic variants at the probe site are also excluded from the analysis, as
well as some sites whose methylation is known to be under strong genetic influence by common

genetic variation.

43,254 probes on the EPIC array have been identified as multi-mapping, DNA binding to the
probes may be derived from other locations in the genome invalidating these probes as a measure
of methylation at their intended loci [222]. 12,510 probes were identified as having genetic
variants at the CpG locus they are intending to assay, this can produce misleading results as
mutant bases can resemble the products of bisulfite conversion [222]. 1,812 probes where found
t overlap regions exhibiting haplotype-specific methylation associated with common non-SNP
genetic variants (CN'Vs, Indels, STRs) and regional in-phase clustering of CpG-SNPs [107]. Zhou
et al. [223] provided a list of probes which they recommend ‘masking’ from the 450k array due to
multi-mapping issues, genetic variants overlapping the CpG sites, and other factors which may

render results from these probes problematic.

In order to identify any potential additional sources of genetic confounding in the phase I MAVI-
DOS analysis, Probes with methylation values which cluster into distinct groups were identified
using the ‘gap hunting’ method developed by Andrews et al. [226]. Such distinet clusters of
methylation can arise from genetic variants which influence methylation levels being present in

homozygous and heterozygous forms in the study population, see Figure 3.15. As the sensitivity
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and specificity of ‘gap hunting’ is limited, it is the advice of the authors not to exclude probes
flagged by gaphunter() prior to performing EWAS. It is instead advised to check if any of the
results appear in this list after the fact and examine the possibility of a genetic effect if they
are. In phase II of the MAVIDOS analysis and in the SWS analyses only probes with specific
technical QC issues were excluded prior to normalisation and EWAS. Flagging of problematic

probes occurred after EWAS on any significant results.

3.4.4 EWAS Models

3.4.4.1 Cell-Type Correction

Cell-type composition is a known confounder in epigenetic studies [271,272]. Observed variation
DNA methylation can be cell-type intrinsic, where changes in DNA methylation are not driven
by changes in the cell-type composition of the tissue; or cell-type extrinsic, where changes in
DNA methylation are due to changes in the cell-type composition of the population sampled
(Figure 3.3). An established approach for addressing this potential source of confounding is to
add terms to the regression model which reflect the cell-type composition of each sample. Cell-
type composition can be ascertained through three main approaches: Direct cell count data;
Estimating cell counts using the experimental data and models fitted on DNA methylation data
from reference panels of known cell-type composition [272]; or reference free approaches which
make use of mathematical methods to identify sources of confounding variation such as cell-type
heterogeneity. Whilst there are several reference samples available for cord blood [273-276], none
were available for cord tissue at the time of the initial analysis, and consequently a reference
free technique was used in phase I of the MAVIDOS analysis. In the analysis of the SWS cord
blood data the “andrews and bakulski cord blood” reference panel [275] was used in meffil for
cell-type composition estimation. Models were fitted using Surrogate Variable Analysis (SVA)
[277] and independent Surrogate Variable Analysis (iSVA) [278]. The focus of these results is on
SVA as minimal differences between the two methods were observed and SVA was recommended

based on comparisons of the performance of various cell-type heterogeneity correction methods

[279,280].
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Figure 3.3: Diagrammatic representation of DNAm change arising from extrinsic or intrinsic
changes in DNA methylation. Extrinsic changes are due to shifts in cell-type composition. In-
trinsic changes in DNA methylation occur without changes in the proportions of cell-types. These

two modes of change are of course not mutually exclusive and both can be occurring.

A reference panel for cord tissue samples was recently published [281]. This cell-type reference
had not yet been integrated into the meffil R package used to perform the EWAS analyses
so 1 created a fork of meffil including this reference panel in the required format, this can be
installed directly from github. The code I used to add this reference to the package data before
building the R package can be found in this gist. Cell-type correction based on this reference

was used in phase I of the MAVIDOS analysis.

3.4.4.2 Structure of models fitted for each EWAS

By default EWAS in meffil are run with four different models:

1. No covariates, attempting to predict methylation with the variable of interest.

2. All covariates®, attempting to predict methylation with the variable of interest plus a
user-supplied list of covariates.

3. Surrogate Variables + all covariates, attempting to predict methylation with user-supplied
covariates and surrogate variables generated from SVA.

4. Independent Surrogate Variables + all covariates, attempting to predict methylation with

user-supplied covariates and independent surrogate variables generated from iSVA.

*All covariates varies depending on the specific model and is detailed in the individual sections

detailing each EWAS. Running EWAS with multiple models permits the effects of adding the
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Table 3.1: Summary statistics for variables used in the SWS EWAS. Blood cell count information
is estimated based on the methylation data as described in the methods.

Description mean median min  max
Woman's Age at Time of Birth 3067 3140 5830 4195
EP: Woman's BMI 2628 2604 1754 4168
True if Yes in Late (dersmok) or early (acrsmok) pregnancy , NA if NA in both, FALSE if both No or No & NA 0.08 0.00 0.00 1.00
Obst: Gestational age (weeks) 4016 4029 3457 4257
B cells 0.03 0.03 001 011
CD4+ T-cells .01 .00 .00 007
CD&+ T-cells .01 .01 .00 008
Granulocytes .06 .04 .00 051
Monocytes .01 .00 .00 017
Natural Killer Cells 002 002 .00 011
Endothelial 013 013 0.05 0.20
Epithelial 017 016 002 .42
Stromal 068 062 014 (186
cam: 34 week VitD 54.54 5503 1070 119.00
cam: 11 week VitD 44 83 4495 1440 90.20
4yr DXA: Subtotal BMC (g) 366.26 35252 23730 45594
4yr DXA: Subtotal BMD (g/em sq) 047 047 038 057

various covariates on the results of the analysis to be seen.

3.4.5 Concordance of EPIC and 450k EWAS Results

In order to ascertain if the results from the EWAS in the 450k and EPIC arrays were producing
similar sets of probes in the top ranking positions when ordered by p-value, the concordance
(% overlap) between the top k probes, where & = 1..100,000 was calculated. Only probes in

common between the two arrays were used and k was incremented in steps of 50.

3.5 Results

3.5.1 Combined MAVIDOS Summary data

Summary statistics for the variables used in the MAVIDOS EWAS models are provided in tables
3.1& 3.2

3.5.2 MAVIDOS phase 1

DNA methylation at none of the CpGs were significantly associated with any of the four variables
of interest for each EWAS performed in either the EPIC or 450k datasets. The concordance
between the probes with the top-ranked p-values in common between the EPIC and 450k data

was at the level of chance.

3.5.2.1 Whole array QC
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Table 3.2: Summary statistics for variables used in the MAVIDOS EWAS divided by the sex of
the child. Blood cell count information is estimated based on the methylation data as described
in the methods. n=375, Female n=170, Male n=205.

Sex  Description mean  median min X
F Woman's Age at Time of Birth 31.14 3136 1925 4178
F EP: Woman’s BMI 26.41 2485 1880 4116
F  True if Yes in Late (dersmok) or carly (acrsmok) pregnancy , NA if NA in both, FALSE if both Noor No & NA (.11 0.00  0.00 1.00
F Obst: Gestational age (weeks) 40.08 40.20 3457 4214
F B cdls 0,03 0,03 0m 007
F CD4+ T-cells 0.m 0,00 000 007
F CD8+ T-cells 0m 0m 0,00 007
F sranulocytes 007 0,04 000 051
F Monocytes 0.02 0,00 0,00 017
F Natural Killer Cells 0.02 0.02 000 006
F Endothelial 013 013 007 019
F Epithelial 017 017 003 037
F Stromal .56 061 014 079
F cam: 34 week VitD 5387 5358 1150 11450
F cam: 11 week VitD 45.35 4553 14.55  TO.60
F 4yt DXA: Subtotal BMC (g) 355,30 353.05 24753 43021
F 4yt DXA: Subtotal BMD (g/cm sq) 0.46 046 038 054
M Woman's Age at Time of Birth 30.28 3141 BR300 4195
M EP: Woman’s BMI 26.18 25.14 1754 4168
M True if Yes in Late (dersmok) or early (acrsmok) pregnancy , NA if NA in both, FALSE if both Noor No & NA  0.05 000 0.00 1.00
M Obst: Gestational age (weeks) 1022 4043 3586 4257
M Bedls 0.03 0.03 001 011
M CD4+ T-cells 0m 0,00 0,00 007
M CD8&+ T-cells 0.m 0.m 000 008
M Gramulocytes 0,05 0,04 0,00 039
M Monocytes 0.m 0,00 000 016
M  Natural Killer Cells 0.02 0.02 0,00 011
M Endothelial 013 013 005 020
M  Epithelial 016 016 0.02 042
M  Stromal .60 .64 014 086
M cam: 34 week VitD 55.07 HG.ER 1070 119.00
M cam: 11 week VitD 44.30 4410 1440 9020
M dyr DXA: Subtotal BMC (g) 35701 35252 237.30 45504
M dyr DXA: Subtotal BMD (g/cm sq) 048 048 039 057
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3.5.2.1.1 EPIC arrays The predicted sex (performed with meffil) of the samples generated
using sex chromosome probe intensities was checked against that in the sample annotation and
two mismatches were found. These were MAVIDOS IDs 206 and 63 and the associated arrays

were excluded from further analysis, (Figure 3.4).
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Figure 3.4: Predicted sex of each sample based on the sex chromosome copy numbers inferred
from probe intensities for the EPIC array data. Mismatches between the predicted sex and that
asserted in the sample annotation metadata are shown in red. Two predicted sex values differ

from their annotations. Plot generated by meffil QC report.

The dataset also contained four samples for which there were two technical replicates, only the
first replicate from each was used (144 arrays run for 140 individuals). Array 201516310023
(MAVIDOS ID 95) was excluded as its median methylated signal was more than 3¢ from the
expected value, (Figure 3.5). No samples were excluded for having a higher than expected
proportion of undetected probes (proportion of probes with detection p-value > 0.01 is > 0.1)
(Figure 3.6). No samples were excluded for having a high proportion of probes with low bead
counts (proportion of probes with bead number < 3 is > 0.1), (Figure 3.7). In total 3 of the

EPIC arrays were excluded from the analysis for failing quality control leaving an n=137.
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Figure 3.5: Median methylated signal vs unmethylated signal per sample for the EPIC array data,
solid red line indicates linear regression of median methylated signal vs median unmethylated
signal with dotted red lines representing 3¢ from the expected mean. Samples outside the

expected range are indicated in the legend. Plot generated by meffil QC report.
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Figure 3.6: Proportion of probes with detection p-values >0.01 by sample for the EPIC array
data. Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.
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Figure 3.7: Proportion of probes with a bead count of < 3 by sample for the EPIC array data.
Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.

3.5.2.1.2 450k Arrays There were no mismatches between predicted and annotated sex
(Figure 3.8). There were not any samples with outliers in their methylated / unmethylated
probe proportions (Figure 3.9). No samples were excluded for having a higher than expected
proportion of undetected probes (proportion of probes with detection p-value > 0.01 is > 0.1),
(Figure 3.10). No samples were excluded for having a high proportion of probes with low bead
counts (proportion of probes with bead number < 3 is > 0.1), (Figure 3.11).
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Figure 3.8: Predicted sex of each sample based on the sex chromosome copy numbers inferred
from probe intensities for the 450k array data. No predicted sex values differ from their annota-

tions. Plot generated by meffil QC report.
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Figure 3.9: Median methylated signal vs unmethylated signal per sample for the 450k array data,
solid red line indicates linear regression of median methylated signal vs median unmethylated
signal with dotted red lines representing 3¢ from the expected mean. Samples outside the

expected range would be indicated in the legend. Plot generated by meffil QC report.
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Figure 3.10: Proportion of probes with detection p-values >0.01 by sample for the 450k array
data. Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.
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Figure 3.11: Proportion of probes with a bead count of < 3 by sample for the 450k array data.
Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.

3.5.2.2 Probe QC

3.5.2.2.1 Probe QC - EPIC Arrays There were no outliers within the control probes
Figure 3.12. 1,626 probes were excluded for having high background signal in a high proportion
of samples (proportion of samples with detection p-value > 0.01 is > 0.1), (Figure 3.13). 162
probes were excluded for having low bead count in a high proportion of samples (proportion of
samples with bead number < 3 is > 0.1), (Figure 3.14). Probes with poor technical quality were

excluded from the analysis prior to functional normalisation.
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Figure 3.12: Control probe signal by sample for each summary group for the EPIC data. Outliers
would be circled in black. Plot generated by meffil QC report.
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Figure 3.13: Undetectable probes across samples for EPIC data. Manhattan plot showing pro-
portion of samples (y) in which a given probe (x) is not distinguishable from background noise,
i.e. a detection p-value of > 0.01. Black line indicates the exclusion threshold of 0.1. Plot

generated by meffil QC report.
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Figure 3.14: Low bead count probes across samples for EPIC data. Manhattan plot showing
the proportion of samples (y) in which a given probe (x) has a bead count of <3. Black line
indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.

Problematic probes identified by Pidsley et al. [222] and those overlapping the regions identified
by Bell et al. [107] were excluded from subsequent analysis after functional normalisation. This,
including the poor quality probes, is a total of 57,396 unique probes excluded from the analysis
(~6.62% of the total number of probes). Gap hunter identified a further 77,398 probes (8.9% of
all probes) which might be subject to genetic confounding (Figure 3.15).
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Figure 3.15: An example of the DNAm distribution for a result from the gaphunter () function.
This is an example chosen to best exemplify the sort of result which is strongly suggestive of a
genetic variant with an impact on methylation status acting on this site. It is unrepresentative
of typical results from gaphunter () in that the groups have a relatively even membership, many
results have a small number of individuals in one or more groups making it hard to distinguish

methylation outliers caused by rarer genetic variants from those with other causes.

3.5.2.2.2 Probe QC - 450k Arrays 509 probes were excluded for having high background
signal in a high proportion of samples (proportion of samples with detection p-value > 0.01 is >
0.1), (Figure 3.17). 1037 probes were excluded for having low bead count in a high proportion
of samples (proportion of samples with bead number < 3 is > 0.1) (Figure 3.18). There was
one sample (MAVIDOS ID 2183) with an outlier within the control probes, a dinitrophenyl
labelled staining control probe, thus it was not excluded as only outliers in dye bias and bisulfite
conversion control probes were deemed sufficient grounds for excluding a sample (Figure 3.16,

Detailed contol probe desciption [221] p222).
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Figure 3.16
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Figure 3.17: Undetectable probes across samples for 450k data. Manhattan plot showing propor-
tion of samples (y) in which a given probe (x) is not distinguishable from background noise, i.e. a
detection p-value of > 0.01. Black line indicates the exclusion threshold of 0.1. Plot generated
by meffil QC report.
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Figure 3.18: Low bead count probes across samples for 450k data. Manhattan plot showing the
proportion of samples (y) in which a given probe (x) has a bead count of <3. Black line indicates
the exclusion threshold of 0.1. Plot generated by meffil QC report.

All probes on the ‘general mask’ list from Zhou et al. [223] were excluded from the analysis
following functional normalisation, leaving a total of 418,632 probes for subsequent analysis.

3.5.2.3 Functional Normalisation

An m of 6 was chosen for the EPIC arrays as this value produced the last steep drop in residual
variation, see Figure 3.19. An m of 6 was chosen for the 450k arrays as this value produced the

last steep drop in residual variation, see Figure 3.20.
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Figure 3.19: Residual variation remaining after functional normalisation of the top 20,000 most
variable probes with m P Cs from the control probe summary matrices for the EPIC array samples

(n=137), for M = methylated and U = unmethylated probes.
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Figure 3.20: Residual variation remaining after functional normalisation of the top 20,000 most
variable probes with m PCs from the control probe summary matrices for the 450k array samples

(n=60), for M = methylated and U = unmethylated probes.
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3.5.2.4 EWASs

All EWAS performed bhelow were also performed in exactly the same fashion for the 60 450k

arrays, none of these results were significant and they are not included here.

3.5.2.4.1 Neonatal Bone Mineral Content Figure 3.21 illustrates the distribution of
Neonatal Bone Mineral Content, the outcome on which this EWAS was performed.

4yr DXA: Subtotal BMC (g)
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Figure 3.21: Distribution of Neonatal Bone Mineral Content (g) for individuals in the EWAS.

No CpGs fell below the Bonferroni corrected significance threshold for an association between
DNA methylation at that locus and neonatal bone mineral content, Figure 3.22. Sex and sample
age at DXA were included as covariates in the ‘all’ model. SVA generated 5 significant surrogate

variables which were additionally used in the SVA model.
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Figure 3.22: Results of EWAS for neonatal bone mineral content with SVA model. Bidirectional
Manhattan plot on which —log,,(p — value) is plotted on the y axis and the sign of this value
represents the direction of change. Size and transparency of points increases with —log, o(p —
value) such that the most significant CpGs are represented by the largest and least translucent

points. x axis represents chromosomes and position thereupon. Red line indicates the significance

threshold of 6.18 x 10~# (0.05 = 808, 585).

3.5.2.4.2 Intervention / Placebo No CpGs fell below the Bonferroni corrected significance
threshold for an association between DNA methylation at that locus and Intervention/placebo
group status, Figure 3.23. Sex and sample age at DXA were included as covariates in the ‘all’
model. SVA generated 5 significant surrogate variables which were additionally used in the SVA
model.
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Figure 3.23: Results of EWAS for intervention/placebo group status with SVA model. Bidi-
rectional Manhattan plot on which —log,,(p — value) is plotted on the y axis and the sign of
this value represents the direction of change. Size and transparency of points increases with
—log,o(p — value) such that the most significant CpGs are represented by the largest and least
translucent points. x axis represents chromosomes and position thereupon. Red line indicates
the significance threshold of 6.18 x 108 (0.05 = 808, 585).

3.5.2.4.3 Maternal Vitamin D (34wks) Maternal Vitamin D levels remain substantially
overlapping between intervention and placebo groups at 34wks, see Figure 3.24. Thus maternal

vitamin D at 34wks may prove a more useful variable to model than intervention/placebo status.



CHAPTER 3. EPIGENOME WIDE ASSOCIATION STUDIES FOR BONE HEALTH
110 OUTCOMES IN UMBILICAL CORD BLOOD AND TISSUE

100 -

75~

cc
—+— 1000 iu/d

vitD

8- = placebo

25-

time

Figure 3.24: Maternal circulating 25(OH)-vitamin D levels (nmol/1) at 11 and 34wks gestation,
supplementation with 1000 IU/day cholecalciferol began at week 14. Each participant is shown
at both time points linked by a line to indicate the direction of change. The violin plots indicate
the density of the distribution of vitamin D values at each time point with the 25t8, 50t 75th
quantiles indicated with horizontal black lines. The colour indicates Intervention (Red) / Placebo
(Blue) group

No CpGs fell below the Bonferroni corrected significance threshold for an association between
DNAm at that locus and maternal vitamin D levels at 34wks gestation, (Figure 3.25). Sex and
sample age at DXA were included as covariates in the ‘all’ model. SVA generated 5 significant
surrogate variables which were additionally used in the SVA model.
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Figure 3.25: Results of EWAS for maternal circulating 25(OH)-vitamin D levels (nmol/1) levels
at 34wks gestation with SVA model. Bidirectional Manhattan plot on which —log, 4(p — value)
is plotted on the y axis and the sign of this value represents the direction of change. Size and
transparency of points increases with —log;,(p — value) such that the most significant CpGss

are represented by the largest and least transleucent points. x axis represents chromosomes and

position thereupon. Red line indicates the significance threshold of 6.18 x 10~8 (0.05 =+ 808, 585).

3.5.2.4.4 Change in Maternal Vitamin D Figure 3.26 illustrates the change in maternal
vitamin D from 11 to 34 weeks gestation. No CpGs fell below the Bonferroni corrected signifi-
cance threshold for an association between DNAm at that locus and change in maternal vitamin
D from 11 to 34wks gestation, Figure 3.27. SVA generated 5 significant surrogate variables which
were additionally used in the SVA model.



CHAPTER 3. EPIGENOME WIDE ASSOCIATION STUDIES FOR BONE HEALTH
112 OUTCOMES IN UMBILICAL CORD BLOOD AND TISSUE

Change in maternal Vitamin D
from 11 to 34wks

25-

20-

count

_4'0 (I} 4.0
Signed Difference

Figure 3.26: Distribution of the changes in maternal circulating 25(OH)-vitamin D levels (nmol/1)

levels from 11 to 34 weeks gestation.
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Figure 3.27: Results of EWAS for change in maternal circulating 25(OH)-vitamin D levels
(nmol/1) levels from 11 to 34wks gestation with SVA model. Bidirectional Manhattan plot
on which —log,,(p — value) is plotted on the y axis and the sign of this value represents the
direction of change. Size and transparency of points increases with —log,y(p — value) such that
the most significant CpGs are represented by the largest and least translucent points. x axis
represents chromosomes and position thereupon. Red line indicates the significance threshold of
6.18 x 10~® (0.05 - 808, 585).

3.5.2.5 Concordance of EPIC and 450k EWAS results

Concordance between the rankings of CpGss would suggest that the EWAS may be capturing a
‘real’ signal that is simply below the significance threshold with the statistical sensitivity /power
that is available in this dataset. The concordance between the EPIC and 450k datasets (Figures
3.28 & 3.29) appears to be at roughly the level expected by chance. This does not lend support
to the possibility that there are associations between the variables of interest and DNAm that are
beneath the current sensitivity of the study, it does not, however, rule this out. In the absence
of any CpGs above the significance threshold and with poor concordance between the 450k and
EPIC array p-value rankings no further analyses such as gene set enrichment and differentially
methylated region (DMR) calling have been carried out at this time. Use of the two similar cell-
free cell-type correction methods SVA and iSVA for the same dataset produce highly concordant
results so are used as an example of how a highly concordant result would appear in the plots

of these results.
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Figure 3.28: Concordance between the top 100,000 probes in common between the EWASs run
on the EPIC (n=137) and 450k (n=60) data sets. bmec = bone mineral content, cc = Intervention
/ Placebo, difVD = Change in Vitamin D from 11 to 34wks, ExHighConc = Example of High
Concordance generated using SVA vs iSVA results for the 450k intervention/placebo EWAS.
Dotted line denotes concordance expected by chance (intersects 50% at 387,511, the number of

shared probes).
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Figure 3.29: Concordance between the top 10,000 probes in common between the EWASs run on
the EPIC (n=137) and 405k (n=60) data sets. bmc = bone mineral content, cc = Intervention
/ Placebo, dif VD = Chance in Vitamin D from 11 to 34wks, ExHighConc = Example of High
Concordance generated using SVA vs iSVA results for the 450k intervention/placebo EWAS.

Dotted line denotes concordance expected by chance (intersects 50% at 387,511, the number of

shared probes).

3.5.3 MAVIDOS phase II

DNA methylation at none of the CpGs was significantly associated with bone mineral content

at 4 years.

3.5.3.1 Whole Array QC

The predicted sex of the samples generated using sex chromosome probe intensities was checked
against that in the sample annotation and 5 mismatches were found (Figure 3.30). Two samples
did not have sex information, 2 had predicted sex discordant with their annotated sex and 1 was

ambiguous these were excluded from further analysis.



CHAPTER 3. EPIGENOME WIDE ASSOCIATION STUDIES FOR BONE HEALTH

116 OUTCOMES IN UMBILICAL CORD BLOOD AND TISSUE
.
¢ -'.. 4:;
. 5.' AA‘
o, K 3
KRR fin
e oA
* e
g o'. Ad
- 4,
.
LI L'
Ll « )
= ] = A ® FALSE
ot 4 S
i A A
‘.~f . “ “ F'.rad::ctad 58X
e®e » A M
.
] '.}- §
s A
$ea M
o |® % "B
X 4t
®e, & A
teae e 3
i N

X dift

Figure 3.30: Predicted sex of each sample based on the sex chromosome copy numbers inferred
from probe intensities for the EPIC array data. Mismatches between the predicted sex and that
asserted in the sample annotation metadata are shown in red. Two predicted sex values differ

from their annotations. Plot generated by meffil QC report.

Arrays: 201516310023 (mavid: 1490), 201516320022 (mavid: 1672), 201530430013 (mavvid:
4090), 201530430015 (mavid: 1903), & 202410280028 (mavid: 2078) were excluded as their
median methylated signal was more than 3¢ from the expected value, (Figure 3.31). No samples
were excluded for having a higher than expected proportion of undetected probes (proportion
of probes with detection p-value > 0.01 is > 0.1) (Figure 3.32). No samples were excluded for

having a high proportion of probes with low bead counts (proportion of probes with bead number

< 3is > 0.1), (Figure 3.7).
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Figure 3.31: Median methylated signal vs unmethylated signal per sample for the EPIC array
data, solid red line indicates linear regression of median methylated signal vs median unmethy-
lated signal with dotted red lines representing 3o from the expected mean. Samples outside the
expected range are indicated in the legend. Plot generated by meffil QC report.
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Figure 3.32: Proportion of probes with detection p-values >0.01 by sample for the EPIC array
data. Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.
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Figure 3.33: Proportion of probes with a bead count of < 3 by sample for the EPIC array data.
Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.

3.5.3.2 Probe QC

There was one outlier within the control probes, in a non-critical specificity control probe for
detecting non-specific methylation detection over an unmethylated background (Figure 3.12).
1,317 probes were excluded for having high background signal in a high proportion of samples
(proportion of samples with detection p-value > 0.01 is > 0.1), (Figure 3.13). 220 probes were
excluded for having low bead count in a high proportion of samples (proportion of samples with
bead number < 3 is > 0.1), (Figure 3.14). Probes with poor technical quality were excluded

from the analysis prior to functional normalisation.
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Figure 3.34: Control probe signal by sample for each summary group for the EPIC data. Outliers
would be circled in black. Plot generated by meffil QC report.
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Figure 3.35: Undetectable probes across samples for EPIC data. Manhattan plot showing pro-
portion of samples (y) in which a given probe (x) is not distinguishable from background noise,

i.e. a detection p-value of > 0.01. Black line indicates the exclusion threshold of 0.1. Plot
generated by meffil QC report.
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Figure 3.36: Low bead count probes across samples for EPIC data. Manhattan plot showing
the proportion of samples (y) in which a given probe (x) has a bead count of <3. Black line
indicates the exclusion threshold of 0.1. Plot generated by meffil QQC report.

3.5.3.3 Functional Normalisation

An m of 6 was chosen as this value produced the last steep drop in residual variation, see Figure

3.37.
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Figure 3.37: Residual variation remaining after functional normalisation of the top 20,000 most
variable probes with m PCs from the control probe summary matrices for the EPIC array samples

(n=237), for M = methylated and U = unmethylated probes.

3.5.3.4 EWAS

3.5.3.4.1 Bone Mineral Content at 4 years The model for this EWAS attempted to
predict whole body (minus head) bone mineral content (g) (Figure 3.38) correcting for: Cell
type composition (B-cells, CD4+T, CD8+T, Granulocytes, Monocytes, Natural Killer cells, En-
dothelial cells, Epithelial cells, Stromal cells), Mother’s age at birth, Sex, Mother’'s BMI at 11
weeks gestation, whether the mother smoked during pregnancy, & Gestational Age. The EWAS
was performed on 237 individuals. surrogate variable analysis identified 19 significant surrogate
variables which were included in the model. No CpGs fell below the Bonferroni corrected signif-
icance threshold for an association between DNAm at that locus and bone mineral content, in

any of the models including SVA (Figure 3.39).
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Figure 3.38: Distribution of whole body (minus head) bone mineral content in grams at 4 years

of age.
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Figure 3.39: Results of EWAS for whole body minus head bone mineral content (g) with SVA
model (n = 237). Bidirectional Manhattan plot on which —log;y(p — value) is plotted on the
y axis and the sign of this value represents the direction of change. Size and transparency of
points increases with —log,,(p — value) such that the most significant CpGs are represented by

the largest and least translucent points. x axis represents chromosomes and position thereupon.

Red line indicates the significance threshold of 6.18 x 10~% (0.05 = 808, 585).

3.5.3.5 RXRA & CDKN2A

None of the probes associated with the RXRA and CDKN2A loci exhibited genome wide signifi-
cant changes in DNA methylation however nominally significant (p < 0.05) changes are observed
at some of the probes within these genes in the MAVIDOS phase 11 analysis dataset. Table 3.3
lists these model results for maternal vitamin D levels and table 3.4 for bone mineral content and
density. Appendix 6.13 provides the complete list of these model results not just the nominally
significant results listed here.

The result that 25 of 27 probes with nominally significant changes in DNA methylation are for
decreasing methylation with increased vitamin D is consistent with the lower methylation in the
offspring of the supplemented mothers in the original publication on the RXRA changes [263],
Figure 3.40. However at 34 weeks only 4 probes showed nominally significant changes and 3 of

the 4 were increases in methylation with vitamin D, Figure 3.41.
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Table 3.3: Results for modelling Maternal Vitamin D levels with umbilical cord tissue DNA
methylation levels and covariates at probes associated with the RXRA and CDKN2A genes. vit
D: maternal circulating vitamin D nmol/1

Timepoink  Model bype  Cene position Probe Slope ol
Ched: 21,968,223 21,968,203 ogl 80719 2202170 D06

Cheh: 21,986,062 21,986,062  cgNEST2I  R3R120 04821

Chei: 21,991,666 21991606 cgl 0MO5  -122.1244 046358

Curresied Chei: 21,975,808 21,975,808 ogl (SRR 2TSTTI D465
CDENZA  Chel: 21,971,256 21,971,256 cg)8680552 961148 046378

: 21068,203 21968220 ol BATID  [H0TMO [T

: 21986,062 21,986,062  cgMEROTZI 500384 [

Chel:1 37 220 297-137T,20,297  ogl 424080 924588 D05

Che:1 37 250 835- 137,250,995 ol 050519 -106.0882 D007

Chek 137 271 AST-13T,2TLART  ogl 3212100 -TA2411 D007

Cheih:1 37 263 f44- 137,260,644 cglSEOG1  -106.928 04019

Cheik:| 37 263 294 137,282,224 cgMR2205  -10B5121 04K 1

Che: 137 260,147- 137,360,147 cMI00UEE 99,1450 04082

Chek:1 37 268 524- 137,268,520 cgl 0122776 -141 6744 [

Cheh:| 37 206,72 137,066,722 cgMEIIMT  -109.8622 D036
Che:1 37 270,180 137,279, 180 cgl 51662 RIS D400

Che:| 37 262 A5 137,302,485 og2SRI9150 000658 04032

Chel:1 37 2202411372293 cg161250  BRAG [

Cheh:| 37 262 500- 137,282,500 cgMITIETA 961502 00105

Cheh:1 37 201, T4 137,301,742 cglBBGE5A0 -1 HATEG 00105

Cheih:1 37202 231137, X222 ogl 313284 929525 00107
Chei:1 37 252,160 137,252,120 cgl 4296758 BO.TMO 00114

Cheil:| 37 236,242 137,220,382  op2SR00525  2TATE 04142

Chek: 137 271, 14137271104 o) IBOU26 961754 045225

Comectesd Cheh:| 37 272700 13T, 7200 ogl BBATRIZ  TR350 045230
Che:| 37 290 f85- 137, 2,085 cgMEAG 196 631964 045282

Chek:| 37 268 074 137,368,074 cgl4121282 6521 046222

Cheh:| 37 257 234 13T, 257,228 ogl(2TI868  R2AITR 046361

Che:1 37 296 250 137,208,350 o) 16002 TIAIGE 046376

1 wesks Che:1 37 256 S 137,258,900 cgl TEREET  RDH464 D427
Cheh:1 37 265 BA5- 137,265,565 cgl MBS TTR335 D440

Cheih:1 37,270,186 137,270, 186 cgl 341235 M 8552 [

A Chel 137,295, 211-137,225,31 | cgl MEMDG 407538 D487

Cheh:| 37 206,72 13T, 06,722 cgMEIIMT 92423 D420

Chek:1 37 250 835 137,250,995 o) 050519 TO0E9 D422

Chek1 37 271 AST-13T,2TLAST  ogl3212108 501080 D06E

Che:| 37 268 5M- 13T, 08,520 cgl012TTR - 1086205 00122

Che:| 37 262 A5 137,262,485 cg2SRI9IS0  TLAMT [T

Cheh:1 37 270,180 137,279, 180 cgl 01662 R2H430 00146

Che: 137 260,147- 137,360,147 cgMI0EE 62442 [

Chel:| 37 296 242 137,220,382  op2SR00525  24.THI3 045230

Cheh:| 37 262 500- 137,242,500 cgMITISETA GRATED 048272

Chek:| 37 268 074- 137,268,074 cgl4121282  42TTOI DAr2H)

Chei1 37,221 H18-137,22 1,918 cgMRHZA  22ASTR 00406

Chedh:| 37 272700137, 72,06 ogl BBATRI2 535MI 04432

CDKNZA  Chel: 21,975,622 21,975,822 og25220260  ATZATHI D481

Chek 137 21T AT 13T, 21T AT2  cgl 4204281 2585002 [

Corrected Chel:1 37 201 £35- 137,301,635 cgl BS0R082 1149198 041483
M wechs RXRA Chek:1 37,215, 304-137,215,360  cgMIXMEE 999963 D448
Uncorrocted Cheh:| 37 290 265 137, XM, 385 ogl BASAE GO.BEAD 04427

= Cormoebod: vil 1D - bola | wageh | Sox | awbmn | smokprog | oges | Dol | CIAT | CDET | Gran | Mono | WK | Endotbelial | Bpithial | Stromal, Uncorrected: vit 1) - bola, brin: mebhylabion wmhee
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Table 3.4: Results for modelling bone mineral content and density at 4 years of age with umbilical
cord tissue DNA methylation levels and covariates at probes associated with the RXRA and
CDKN?2A genes. Corrected: BMC/D ~ beta + wageb + Sex + awbmi + smokpreg + egest + Beell
+ CD4T + CDS8T + Gran + Mono + NK + Endothelial + Epithelial + Stromal, Uncorrected:
BMC/D - beta, beta: methylation value, BMC/D Bone Mineral Content (g)/Density(gem-2) at
4 years (DXA)*

Metric Model type  Gene position Probe Slope p-value
Chr9: 21,991,666- 21,991,666 cgl3100095 -353.4675 0.0270

Corrected Chr0: 21,075,243 21,975,243 cgl6468520 1068.4218  0.0347
ChrO: 21,975,023 21,975,023 cg26260171  906.1528  0.0468

ChrO: 21,975,243 21,975,243 cgl6468520 2174.9837 0.0117

Chr0: 21,975,495 21,975,495 cg06055353 1041.1349  0.0239

CDKN2A Chr0: 21,075,023 21,975,023 26260171  979.8917  0.0268
Uncorrected Chr0: 21,075,808 21,975,808 cgl0458%00  72.1257  0.0339
Chr9: 21,975,305- 21,975,305 ¢g02008397  930.3506  0.0416

ChrO: 21,074,704~ 21,974,704 cgl3601799  388.9265 0.0462

BMO Chr0:137,232,372-137,232,372 cgl4462321 -232.0554 0.0130
Corrected Chr9:137,210,392-137,210,302 cg03416552  202.2096 0.0197
Chr9:137,200,436-137,200,436 cgl4654324  136.6815  0.0383
Chr0:137,232,372-137,232,372 cgl4462321 -206.8830  0.0050

RXRA " (hr0:137,200,436-137,209 436 cg14654324  137.8739  0.0319

Uncorrected Chr9:137,320,237-137,320,237 cgl4344980  -88.5216  0.0379
Chr9:137,201,076-137,201,076 cg02766323 -360.6465  0.0439

Corrected Chr9: 21,975,243 21,975,243  cgl6468520 15214 0.0355
CDKNoA  Chrd: 21,975,243 21,975,243 cg16468520 1.5416  0.0259
Uncorrected Chr0: 21,974,704- 21,974,704  cg13601799 0.3137  0.0447
Chr9:137,232,372-137,232,372 cgl4462321  -0.1705 0.0188
Chr9:137,268,524-137,268,524 cgl0122776  -0.2328  0.0252
Chr9:137,200,436-137,209,436 cgl4654324  0.1098  0.0319

Corrected Chr9:137,302,231-137,302,231 cgl3413384  0.1657 0.0335
Chr0:137,264,876-137,264,876 cgl8483374  0.1447  0.0351
Chr9:137,210,280-137,210,280 cg01557614  0.1434  0.0457

BMD Chr9:137,232,372-137,232,372 ¢gl4462321  -0.1758  0.0029
RXRA  Chr0:137,264,876-137,264,876 cgl8483374  0.1344  0.0085
Chr9:137,268,524-137,268,524 cgl0122776  -0.2471  0.0097

Uncorrected Chr9:137,200,436-137,200,436 cgl4654324  0.1126  0.0287
Chr0:137,326,227-137,326,227 cgld265066  -0.2243  0.0327
Chr0:137,228,542-137,228,542 cg04875697  -0.2058  0.0438
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Figure 3.40: RXRA gene associated probes showing nominally significant (p<0.05) changes in
DNA methylation with maternal vitamin D at 11 weeks gestation
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Figure 3.41: RXRA gene associated probes showing nominally significant (p<0.05) changes in
DNA methylation with maternal vitamin D at 34 weeks gestation

The inverse relationship between DNA methylation and bone mineral content / density in the
ANRIL promoter region of CDKNZ2A is not seen in the majority of CDKN2A probes which show
nominally significant changes with bone mineral content / Density in this analysis. Of the 7
probes associated with BMC 1 shows a decrease (Figure 3.42) and both probes associated with
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BMD show an increase (Figure 3.43).
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Figure 3.42: CDKN2A gene associated probes showing nominally significant (p<0.05) changes

in DNA methylation with bone mineral density at 4 years
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Figure 3.43: CDKN2A gene associated probes showing nominally significant (p<0.05) changes

in DNA methylation with bone mineral density at 4 years

These results do not correspond to the same CpGs examined in the previous studies, either in the

case of RXRA [263] or CDKN2A [264]. Thus these results cannot directly support or contradict

these findings for the same specific CpG sites, making their interpretation somewhat challenging.

In the case of RXRA these results appear somewhat supportive of the previous observation that

there is lower methylation at higher vitamin D levels at least when considering only the 11 weeks

gestation data. Whereas the CDKN2A results do not support the previous finding of an inverse
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Table 3.5: Summary statistics for variables used in the SWS EWAS. Blood cell count information
is estimated based on the methylation data as described in the methods. (Ob.) obstetric exam,
(init.) initial survey.

Description mean median min max
Ob: Woman's age at child’s birth 31.67 32.08 2399 38.12
Init: Woman's body mass index 24.82 2429 1740 40.17
Smoking in pregnancy 0.14 0.00 0.00 1.00
Ob: Gestational age - from LMP data, or U/S scan or Elaine 39.84 40.19  33.14 42.73
B cells 0.09 0.09 0.01 0.21
CD4+ T-cells 0.17 0.16 0.05 0.34
CD8+ T-cells 0.13 0.13 0.05 0.31
Gran 0.45 0.43 0.19 0.66
Monocytes 0.04 0.04 0.00 0.11
Natural Killer Cells 0.00 0.00 0.00 0.07
Red Blood Cells 0.14 0.11 0.04 0.39
8 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.72 0.70 0.46 1.08
6 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.55 0.55 0.39 0.73
6yr PQCT: 38% - Periosteal circumference (cirenlar ring model) (mm) 52.35 51.86  44.10 64.35
6yr PQCT: 38% - Cortical density (mg/cms3) 1036.39 1040.60 949.90 1111.10

relationship between DNA methylation and bone mineral content / density at the loci which

they target.

3.5.4 Southampton Women’s Survey (SWS)

Summary statistics for the variables used in the EWAS models are provided in tables 3.5 & 3.6.

DNA methylation at two CpGs were significantly associated with total bone mineral content
at 6 years and periosteal circumference at 6 years respectively. CpG ¢g26559250 located at
Chr6:157,653,445-157,653,447 at the ZDHHC14 (zinc finger DHHC-type palmitoyltransferase
14) gene showed an increase of DNA methylation with increasing bone mineral content with a
significance of 2.52 x 1078 CpG cg22570676 located at Chr19:2,527,492-2,527,494 at the GNGT
(G protein subunit gamma 7) gene showed an increase of DNA methylation with increasing
periosteal circumference with a significance of 4.24 x 1078, Neither probe is flagged for known

technical issues or genetic confounding [223].

3.5.4.1 Whole Array QC

The predicted sex of the samples generated using sex chromosome probe intensities was checked
against that in the sample annotation and no mismatches were found (Figure 3.44). No samples

were excluded for having mismatched Sex.
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Table 3.6: Summary statistics for variables used in the SWS EWAS divided by the sex of the
child. Blood cell count information is estimated based on the methylation data as described in
the methods. n = 464, Female n=226, Male n=238. (Ob.) obstetric exam, (init.) initial survey.

Sex Description mean median min max
Ob: Woman’s age at child’s birth 31.97 32.23 2399 38.12
Init: Woman’s body mass index 25.47 24.67 1860 40.17
Smoking in pregnancy 0.14 0.00 0.00 1.00
Ob: Gestational age - from LMP data, or U/S scan or Elaine 39.87 40.21  33.14 42.73
B cells 0.10 0.09 0.01 0.21
CD4+ T-cells 0.17 0.17 0.05 0.34
CD&+ T-cells 0.12 0.12 0.05 0.31
Granulocytes 0.47 0.48 0.19 0.66
Monocytles 0.04 0.04 0.00 0.11
Female "~ Nagural Killer Cells 0.00 000 000  0.04
Red Blood Cells 0.12 0.10 0.04 0.32
8 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.72 0.72 0.46 1.08
6 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.56 0.56 0.39 0.73
6yr PQCT: 38% - Periosteal circumference (circular ring model) (mm) 52.69  51.99 44.74 64.35
tyr PQCT: 38% - Cortical density (mg/cm3) 1039.99 104140 94990 1110.90
Ob: Woman’s age at child’s birth 31.27 31.80 2417 37.73
Init: Woman’s body mass index 23.98 23.12 1740 32.42
Smoking in pregnancy 0.14 0.00 0.00 1.00
Ob: Gestational age - from LMP data, or U/S scan or Elaine 39.80 39.79 3577 42.14
B cells 0.09 0.09 0.05 0.18
CD4+ T-cells 0.17 0.15 0.06 0.33
CD&+ T-cells 0.14 0.13 0.07 0.26
Granulocytes 0.42 0.40 0.24 0.64
Monocytles 0.04 0.04 0.00 0.08
Male " Napural Killer Cells 0.0 000 000  0.07
Red Blood Cells 0.16 0.13 0.04 0.39
8 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.70 0.69 0.50 1.00
6 yr DXA: Total BMC (kg), without heads,adjusted for sex and age 0.53 0.52 042 0.67

6yr PQCT: 38% - Periosteal circumference (circular ring model) (mm) 51.89  51.83 4410 6247
tyr PQCT: 38% - Cortical density (mg/cm3) 1031.69 1030.10 961.00 1111.10
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Figure 3.44: Predicted sex of each sample based on the sex chromosome copy numbers inferred
from probe intensities for the EPIC array data. Mismatches between the predicted sex and that

asserted in the sample annotation metadata are shown in red. Plot generated by meffil QC

report.

No samples were excluded for having a median methylated signal that was more than 3o from
the expected value, (Figure 3.45). No samples were excluded for having a higher than expected
proportion of undetected probes (proportion of probes with detection p-value > 0.01 is > 0.1)
(Figure 3.46). No samples were excluded for having a high proportion of probes with low bead
counts (proportion of probes with bead number < 3 is > 0.1), (Figure 3.47).
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Figure 3.45: Median methylated signal vs unmethylated signal per sample for the EPIC array
data, solid red line indicates linear regression of median methylated signal vs median unmethy-
lated signal with dotted red lines representing 3o from the expected mean. Samples outside the

expected range are indicated in the legend. Plot generated by meffil QC report.
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Figure 3.46: Proportion of probes with detection p-values >0.01 by sample for the EPIC array
data. Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.
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Figure 3.47: Proportion of probes with a bead count of < 3 by sample for the EPIC array data.
Black line indicates the exclusion threshold of 0.1. Plot generated by meffil QC report.

3.5.4.2 Probe QC

There were no outliers within the control probes (Figure 3.48). 833 probes were excluded for
having high background signal in a high proportion of samples (proportion of samples with
detection p-value > 0.01 is > 0.1), (Figure 3.49). 127 probes were excluded for having low
bead count in a high proportion of samples (proportion of samples with bead number < 3 is >
0.1), (Figure 3.50). Probes with poor technical quality were excluded from the analysis prior to

functional normalisation.
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Figure 3.48: Control probe signal by sample for each summary group for the EPIC data. Outliers
would be circled in black. Plot generated by meffil QC report.



137

RESULTS

3.5.

12 14 15 16 17 18 B 200® X ¥

10 " 12

L]

L -
. . i %. e
. .,
¢ " g oY LH
- . .. . % = ITALEEES
; " = pecesam
—N - fe. Y rrEm
" o . * W% T LY ITEE
= (e e b
. i TR M LTRTRE

. e I R |

. e T
- - - .a. cncn b ’l .

: o 0 T Gd

=== = ....m.......qM'

N

. «®* = = " Pl G n‘o‘l
. - .. I. .0. -. m“

e kST
e T

. ® Foye

.
w," "y s go,e a-i-c 9 =

. == ..H..ﬁuwﬂ
—— Jﬂ
— ;&.ﬁ

0.50
25

[}
0.25

L0 < d yum sajdwes uopodoiy

Position

Figure 3.49: Undetectable probes across samples for EPIC data. Manhattan plot showing pro-

x) is not distinguishable from background noise,

(

Black line indicates the exclusion threshold of 0.1.

portion of samples (y) in which a given probe

Plot

i.e. a detection p-value of > 0.01.

generated by meffil QC report.
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Figure 3.50: Low bead count probes across samples for EPIC data. Manhattan plot showing
the proportion of samples (y) in which a given probe (x) has a bead count of <3. Black line
indicates the exclusion threshold of 0.1. Plot generated by meffil QQC report.

3.5.4.3 Functional Normalisation

An m of 12 was chosen as this value produced the last steep drop in residual variation, see Figure

3:51:
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Figure 3.51: Residual variation remaining after functional normalisation of the top 20,000 most
variable probes with m PCs from the control probe summary matrices for the EPIC array samples

(n=464), for M = methylated and U = unmethylated probes.

3.5.4.4 EWAS

For all the EWAS, blood cell-type counts were estimated using the Houseman method [272] and
the cord blood cell-type reference panel from Bakulski et al. [275]. The Cell-types estimated
were: B cells, CD4+ T cells, CD8+ T Cells, Granulocytes, Monocytes, Natural Killer cells, &
Erythrocytes. In addition to the estimated blood cell counts all models included as covariates:
Maternal Age at time of birth (years), Sex, maternal BMI at 11 weeks gestation, parity, whether

or not the mother smoked during pregnancy, and gestational age.

EWAS for bone mineral content at 6 and 8 years would be expected to produce similar results

given that BMC at these ages are highly correlated (Figure 3.52).
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Correlation of BMC at 6 & 8 years
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Figure 3.52: Bone Mineral content at 6 and 8 years of are correlated with an R? = 0.88.

3.5.4.4.1 Total Bone Mineral Conent at 8 years Figure 3.53, illustrates the distribution
of bone mineral content at 8 years in the 408 individuals in this EWAS. Surrogate variable
analysis identified 95 significant surrogate variables, this is likely an overestimate stemming from
small amounts of variation remaining unaccounted for by the manual model thus the Manhattan
plots based on the manual model were included. No CpGs fell below the Bonferroni corrected
significance threshold (5.92 x 1078) for an association between DNA methylation at that locus

and total bone mineral content minus head at 8 years adjusted for age and sex, Figure 3.54.
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Figure 3.53: Distribution of whole body (minus head) bone mineral content in kg (ttothmcwhasa)

at 8 years of age (n = 408), adjusted for sex and age, as measured by DXA.
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Figure 3.54: Results of EWAS for whole body (minus head) bone mineral content in kg at 8 years
of age (n = 408), adjusted for sex and age. The ‘all’ model results are shown here. Bidirectional
Manhattan plot on which —log,,(p — value) is plotted on the y axis and the sign of this value
represents the direction of change. The x axis represents chromosomes and position thereupon.

Red line indicates the significance threshold of 5.92 x 1078,

3.5.4.4.2 Total Bone Mineral Conent at 6 years Figure 3.55, illustrates the distribution
of bone mineral content at 6 years in the 402 individuals in this EWAS. Surrogate variable
analysis identified 97 significant surrogate variables, this is likely an overestimate stemming from
small amounts of variation remaining unaccounted for by the manual model thus Manhattan plots

based on the manual model have been included.
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6 yr DXA: Total BMC (kg), without heads,adjusted for sex and age
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Figure 3.55: Distribution of whole body (minus head) bone mineral content in kg (stothmcwhasa)

at 6 years of age (n = 402), adjusted for sex and age, as measured by DXA.

One CpG fell below the Bonferroni corrected significance threshold (5.92 x 10~®) for an asso-
ciation between DNA methylation at that locus and total bone mineral content minus head at
6 years adjusted for age and sex, Figure 3.56. This CpG was cg26559250 which is located at
Chr6:157,653,445-157,653,447 adjacent to the ZDHHC14 (zinc finger DHHC-type palmitoyltrans-
ferase 14) gene. cg26559250 was significant (p = 2.52 x 1078, increase of 1.46% per kg) in the
‘all’ model and was also Bonferroni significant in the uncorrected model. However, cg26559250
was not significant in the SVA or iSVA models suggesting that it may be attributable to batch

or cell-type effects.
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Figure 3.56: Results of EWAS for whole body (minus head) bone mineral content in kg at 6 years
of age (n = 402), adjusted for sex and age. The ‘all’ model results are shown here. Bidirectional
Manhattan plot on which —log,,(p — value) is plotted on the y axis and the sign of this value
represents the direction of change. The x axis represents chromosomes and position thereupon.

Red line indicates the significance threshold of 5.92 x 1078,

3.5.4.4.3 Periosteal Circumference at 6 years Figure 3.57, illustrates the distribution
of periosteal circumference at 38% from the distal end of the tibia at 6 years (mm) in the 141
individuals in this EWAS. Surrogate variable analysis identified 37 significant surrogate variables,
this is likely an overestimate stemming from small amounts of variation remaining unaccounted

for by the manual model thus Manhattan plots based on the mamial model have been included.
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Figure 3.57: Distribution of periosteal circumference at 38% from the distal end of the tibia

(mm) at 6 years of age (s3peric), adjusted for sex and age, as measured by PQCT (n = 141).

One CpG fell below the Bonferroni corrected significance threshold for an association between
DNA methylation at that locus and periosteal circumference at 38% from the distal end of
the tibia at 6 years (mm) adjusted for age and sex, Figure 3.58. This CpG was cg22570676
which is located at Chr19:2,527,492-2 527,494 at the GNG7 (G protein subunit gamma 7) gene.
cg22570676 was significant (p = 4.24 x 1078, increase of 0.370% per mm) in the ‘all’ model and was
also Bonferroni significant in the uncorrected model. However, cg22570676 was not significant

in the SVA or iISVA models suggesting that it may be attributable to batch or cell-type effects.
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Figure 3.58: Results of EWAS for periosteal circumference at 38% from the distal end of the
tibia (mm) at 6 years of age (n = 141), adjusted for sex and age. The ‘all’ model results are
shown here. Bidirectional Manhattan plot on which —log;,(p — value) is plotted on the y axis
and the sign of this value represents the direction of change. The x axis represents chromosomes

and position thereupon. Red line indicates the significance threshold of 5.92 x 1078

3.5.4.4.4 Cortical Denisty at 6 years Figure 3.59, illustrates the distribution of cortical
density at 38% from the distal end of the tibia at 6 years (mg em—3) in the 141 individuals in
this EWAS. No CpGs fell below the Bonferroni corrected significance threshold (5.92 x 1078) for
an association between DNA methylation at that locus and cortical density at 6 years, Figure
3.60. Surrogate variable analysis identified 37 significant surrogate variables, this is likely an

overestimate stemming from small amounts of variation remaining unaccounted for by the manual

model thus Manhattan plots based on the manual model.



3.5. RESULTS

147

6yr PQCT: 38% - Cortical density (mg/cm3)
0.0100-

0.0075 -

=

2 0.0050-

@
=]

0.0025 -
0.0000- ==
850 900 950 1000 1050 1100
s3crtden

Figure 3.59: Distribution of cortical density at 38% from the distal end of the tibia (mg cm™3)
at 6 years of age (s3crtden), as measured by PQCT (n = 141).
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Figure 3.60: Results of EWAS for cortical density at 38% from the distal end of the tibia
(mg em™3) at 6 years of age (n = 141). The ‘all’ model results are shown here. Bidirectional
Manhattan plot on which —log,,(p — value) is plotted on the y axis and the sign of this value
represents the direction of change. The x axis represents chromosomes and position thereupon.

Red line indicates the significance threshold of 5.92 x 1078

3.6 Discussion

EWAS for 9 outcomes were carried out across 3 sets of samples from MAVIDOS and SWS using
the EPIC and 450K array platforms. No significant results were found in either the first or
second phase of the MAVIDOS analysis. Two possible results for bone outcomes at 6 years
were identified in the SWS data but did not remain in models including surrogate variables for
possible confounding effects. The effect observed at CpG ¢g26559250, adjacent to the ZDHHC14
gene, in EWAS for bone mineral content at 6 years was not seen at the 8 year time point.
Furthermore both this result and the finding for CpG ¢g22570676 and periosteal circumference
were of small effect sizes 1.46% per kg, 0.370% per mm respectively. Consequently these results
should be treated with considerable caution, they are in need of replication before they can be
considered reliable. No Bonferroni significant DNA methylation changes at the CDKN2A and
RXR A loci which have been previously associated with maternal vitamin D and bone phenotypes
were identified, despite the presence of 95 and 75 probes annotated as being in the vicinity of

these genes respectively.
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Whilst the calculation of power for EWAS is a complex and rather understudied problem [282—
284] it is possible to achieve some approximations using Cohen’s methods [285]. To achieve the
modest goal of 80% power for a small effect size (r? = 0.02) in a linear regression analysis (F-test)
with 7 covariates at a significance level suitable for the EPIC array of p = 5.92 x 107% an n of
2607 is needed. Seven was the smallest number of covariates used in an SVA model in these
analyses, models in the SWS analyses had 13 manually specified variables. When considering
what is for EWAS a very large effect size (r2 = 0.15) with the 13 covariates used in the SWS
models it is possible to achieve 80% power for an n of 374. This is an effect size in line with the
effects of smoking on DNA methylation at some loci [286,287]. This would make the two largest
EWAS performed here for BMC at 8 and 6 years (n = 408, n = 402 respectively) powered only to
find large effect sizes with just over 80% probability. The most generous set of parameters (80%
power, 72 = 0.15, p = 5.92 x 1078, & 2 covariates) yield an n of 259, more realistic numbers (90%
power, 72 = 0.02, p = 5.92 x 10~%, & 13 covariates) yield an n of 3370. EWAS have identified
biologically relevant changes associated with environmental exposures in DNA methylation with
magnitudes of less than a single percentage point, and percentage changes in the low single digits
are not uncommon in EWAS [287]. This makes all of the EWAS performed here underpowered
to identify small DNA methylation changes which might be expected to occur. A collaboration
with colleagues at the MRC-IEU, University of Bristol is underway to perform a meta-analysis
to include these data with similar results from other cohorts in order to increase the power of
these analyses. The covariates included in the models for the second phase of MAVIDOS analysis
and the SWS analysis are matched to those being used by our collaborators to maximise the

comparability of our results.

Given that the effect of maternal vitamin D on neonatal bone mass appears to be seasonal, with
only babies born in the winter months showing statistically significant benefits of supplementa-
tion [208], it would be interesting to perform seasonally stratified EWAS were sufficient numbers
available to do so with reasonable power. An initial step might be to ascertain in birth season
has a significant interaction with DNA methylation state when predicting maternal vitamin D

levels or bone outcomes in EWAS models.

Attempting to identify small changes in the overall DNA methylation state of complex popu-
lations of cells like blood and umbilical cord tissue which are associated with phenotypes such
as circulating maternal vitamin D is a technically challenging undertaking. This work provides
two candidates for further analysis for associations between DNA methylation and bone health
outcomes at 6 years of age. Furthermore, these results have contributed to a larger meta analysis
of other studies based on the DNA methylation array data in additional populations with greater

power to detect associations with metrics of bone health.
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Chapter 4

The Genomic Loci of Specific
Human tRNA Genes Exhibit

Ageing-Related DNA
Hypermethylation

4.1 Abstract

Understanding how the epigenome deteriorates with age and subsequently impacts on biological
function may bring unique insights to ageing-related disease mechanisms. As a central cellular
apparatus, tRNAs are fundamental to the information flow from DNA to proteins. Whilst only
being transcribed from ~46kb (<0.002%) of the human genome, their transcripts are the second
most abundant in the cell. Furthermore, it is now increasingly recognised that tRNAs and their
fragments also have complex regulatory functions. In both their core translational and additional
regulatory roles, tRNAs are intimately involved in the control of metabolic processes known to
affect ageing. Experimentally DNA methylation can alter tRNA expression, but little is known
about the genomic DNA methylation state of tRNAs.

Here, we find that the human genomic tRNA loci are enriched for ageing-related DNA hyper-
methylation. We initially identified DNA hypermethylation of 44 and 21 specific tRNA genes,
at study-wide (p < 8.36 x 107°) and genome-wide (p < 4.34 x 10~?) significance, respectively,
in 4,350 MeDIP-seq peripheral blood DNA methylomes (16 - 82 years). This starkly contrasted
with 0 hypomethylated at both these significance levels. Further analysing the 21 genome-wide

results, we found 3 of these tRNAs to be independent of major changes in cell-type composition
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(tRNA-iMet-CAT-1-4, tRNA-Ser-AGA-2-6, tRNA-Tle-AAT-4-1). We also excluded the ageing-
related changes being due to the inherent CpG density of the tRNAome by permutation analysis
(1,000x, Empirical p-value < 1x 10~3). We additionally explored 79 tRNA loci in an independent
cohort using Fluidigm deep targeted bisulfite-sequencing of pooled DNA (n=190) across a range
of 4 timepoints (aged ~4, ~28, ~63, ~T8 years). This revealed these ageing changes to be specific
to particular isodecoder copies of these tRNAs (tRNAs coding for the same amino acid but with
sequence body differences) and included replication of 2 of the 3 genome-wide tRNAs (tRNA-
iMet-CAT-1-4, tRNA-Ser-AGA-2-6). Additionally, this isodecoder-specificity may indicate the
potential for regulatory fragment changes with age.

In this study we provide the first comprehensive evaluation at the genomic DNA methylation

state of the human tRNAome, revealing a discreet and strongly directional hypermethylation

with advancing age.
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4.2 Introduction

Ageing is implicated as a risk factor in multiple chronic diseases [288]. Understanding how the
ageing process leads to deteriorating biological function is now a major research focus. This
field has hopes of increasing human longevity and ‘healthspan’ whilst ameliorating the extensive
physical, social and economic costs of these ageing-related disorders [289]. Epigenetic processes,
which influence or inform cell-type specific gene expression, are altered with age and are a funda-
mental hallmark of this progression, indeed they are arguably a hub mediating other hallmarks

including stem cell exhaustion, cellular senescence, and mitochondrial dysfunction [11,30].

DNA methylation (DNAm) is the most common epigenetic modification of DNA and age-
associated changes in this mark were recognised in mammalian tissues as early as 1983 [138].
Changes in DNAm with age are extensive with thousands of loci affected. Many of these changes
represent ‘drift’ [119] arising from the imperfect maintenance of methylation state. Specific ge-
nomic regions show distinct directional changes, with loss of DNA methylation in repetitive or
transposable elements [290], and gains in certain promoters, including the targets of polycomb
repressor complex [155] as well as bivalent domains [153]. The advent of high-throughput DNAm
arrays [291,155,167] has elucidated more detailed patterns of ageing related changes in DNAm.
The identification of precise individual CpG sites that exhibit consistent changes with age en-
abled the construction of predictors of chronological age known as epigenetic or DNAm ‘clocks’
[167,168,193,292,194]. Furthermore, it was observed that ‘acceleration’ of this DN Am-derived
measure is a biomarker of ‘biological’ ageing due to associations with morbidity and mortality
[293,294]. In a previous investigation of ageing-related DNAm changes within common disease-
associated GWAS regions, Bell et al. identified hypermethylation of the specific transfer RNA
gene, tRNA-iMet-CAT-1-4 [209]. The initiator methionine tRNA possesses certain unique prop-
erties [2905-297], including its capacity to be rate limiting for translation [298], association with
the translation initiation factor e[F2 [299], and ability to impact the expression of other tRNA
genes [300].

tRNAs are fundamental in the translation process for all domains of life and are thus evolu-
tionarily ancient [301]. This translation machinery and the regulation of protein synthesis are
controlled by conserved signalling pathways shown to be modifiable in longevity and ageing in-
terventions [302]. The human tRNAome, comprising all of the genomic locations of tRNA genes,
represents an extremely small portion of the genome [303]. There are 416 high confidence tRNA
genes when additionally considering tRNA pseudo genes, nuclear encoded mitochondrial tRNA
genes and possibly some closely related repetitive sequences the number of sequences closely
resembling tRNAs is 610 (gtRNAdb [304]) this extended set covers <46 kb (including introns)
and represents <0.002% of the human genome. Despite their small genomic footprint, and the

observation that approximately half of all tRNA genes are transcribed at negligible levels if at
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all [305], these genes produce the second most abundant RNA species next to ribosomal RNA
[306] and are required for the production of all proteins. Mature tRNAs have an L-shaped three
dimensional structure arising from a ‘clover-leaf’ shaped two dimensional structure comprised of

three hairpin stem-loop structures (Figure 4.1).
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Figure 4.1: Structure of a mature tRNA Two and three dimensional representations of tRNA
structure with matching colour coding. Adapted from the wikimedia foundation structure based
on PDBID: 1ehz. tRNAs are ‘charged’ when an amino acid is attached at the CCA site at the
3’ end.

tRNA genes are transcribed by RNA polymerase 111 (polIll) [307] and have type I pollll pro-
moters which contain A and B-box internal promoter elements bound by the complex TFIIIC,
followed by TFIIIB, and pollIl [308] (Figure 4.2). Transcription is terminated by a simple run
of Ts and proceeds in rounds of fast re-initiation where the same pollll molecule is preferentially
re-used [309]. tRNA gene expression is modulated by the pollll specific transcription factor
Mafl a highly conserved factor which represses tRNA transcription [310-312]. The activity of
Mafl is modulated by the Target of Rapamycin Kinase Complex 1 (TORC1) [313], a highly
conserved hub for signals that modulate ageing [314]. Several general transcription factors also
influence tRNA gene expression; the tumour suppressors p53 [315] and Rb [316] both negatively
regulate tRNA expression and c-Myc upregulates tRNA gene expression, all act via TFIIIB [317].
tRNAs are dysregulated in cancer, and have potential utility as prognostic markers [318]. tRNA
regulation may play an important role in cancer [319]. DNAm is able to repress the expres-
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sion of tRNA genes experimentally [320], in plasmid expression systems, but may also represent
co-ordination with the local repressive chromatin state [321]. In addition, recent results from
Gerber et al. [322] show a mechanism by which polll can function in the regulation of certain
polIIl transcribed loci including several tRNA genes.

ERNA Transcription

B

——
e—

~100bp

Figure 4.2: tRNA Transcription Cartoon representation of the RNA pollll transcription
initiation complex and structure of the type IT RN A polymerase I11 promoter. Colour coding here
corresponds to that in figure 4.1 illustrating that promoter is internal as the A box corresponds

approximately to the D-loop and the B box to the T-loop in the tRNA structure.

Assuming similar rates of transcription one would expect that the more frequently an amino acid
is used in the exome, the more copies of that tRNA gene there would be in the genome [323].
Indeed, tRNA gene dosage is quite closely matched to amino acid usage frequency in the human
exome, though the correlation is less strong for codon usage (Figure 4.3). The imperfect nature
of this correlation suggests that there may be regulation of tRNA expression beyond simply

having copy numbers proportionate to usage frequency.
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Figure 4.3: tRNA gene copy number is imperfectly correlated with amino acid and
codon usage frequency A) Amino acid usage frequency in the human exome vs tRNA gene
copy number B) Codon usage frequency in the human exome vs tRNA gene copy number Usage

Frequency Data [324], tRNA gene count data from GtRNAdb [304].

A variety of observations have indicated that many tRNA genes are expressed in a tissue specific
fashion in diverse organisms [325,326]. These include the tissue specific manifestations of diseases
caused by mutations involving tRNAs and their usage [327],[328]. Though detailed characterisa-
tion of tissue specific tRN A expression patterns are still lacking. Considering the broad similarity
of transcriptome codon usage across time and tissues and the purported functional equivalence
in translation of tRNAs with the same anticodon, there is an open question as to the reason for
tissue specificity of tRNA expression. The tissue specific expression of tRNAs whilst substan-
tially maintaining codon ratios would require highly coordinated tRNA gene regulation to obtain
similar expression levels of putatively functionally equivalent genes. This situation is strongly

suggestive of as yet undiscovered function.

Additionally, beyond their core role in the information How from DNA to protein sequence,
tRNAs can fragment into numerous tRNA-derived small RNAs (tsRNAs). There are a number
of types of tRNA derived small RNAs (tsRNAs) [329] which serve as signalling molecules [330]
(Figure 4.4). Four main types of tsRNAs have been identified, these are 5’ tRNA halves, 3’
tRNA halves, and the two main types of tRNA derived fragments (tRFs), the ~18bp and the
~22bp sizes [331-333]. tRNAs and pre-tRNAs also give rise to piRNAs [334-336] and internal
tRNA fragments or itRFs [337]. The terminology and ontology of tsRNAs is still stabilising as
our understanding of these RNA species evolves. Some of these tsRNAs feedback on protein
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synthesis by regulating ribosome biogenesis [338], others have diverse regulatory functions such
as targeting transposable element transcripts [339]. The extent of the functional significance of
tsRNAs is also an open question [340].
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Figure 4.4: The Types and Functions of tRNA derived small RNAs Reproduced from
Cristodero et al. [341].

Ageing is linked to core aspects of metabolic regulation, with nutrient sensing and stress response
acting as major modulators of ageing. tRNAs as well as tsRNAs are integral to the regulation
of protein synthesis and stress response. Protein synthesis represents a substantial proportion of
total cellular energy expenditure and this fraction can vary considerably with nutrient availability
[342]. Metabolic processes are also recognised to modulate the age estimates of DNAm clocks
[343]. Partial inhibition of translation increases lifespan in multiple model organisms [344] and
pollll inhibition increases longevity acting downstream of TORC1 [345]. Furthermore, 5’ tRNA

halves circulating in serum are modulated by ageing and caloric restriction [346].
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DNAm is able to repress the expression of tRNA genes on methylated expression vectors [320].
Whilst the broader chromatin milien affects tRNA transcription, tRNA genes are unusual in that
they are sufficiently short to fit within a single nucleosome. tRNA genes are generally ‘nucleo-
some free’ and precise placement of the nucleosome immediately upstream of the transcriptional
start site is of importance for their expression [347]. A recent review of the epigenetic regulation
of the pollll transcriptome [348] noted the very limited CpG methylation data available at polIIl
loci. Transcription by RNA polymerase IIT at SINE loci is suppressed by histone methylation
but not by DNA methylation [321], indicating that DNA methylation may not directly influence
the expression of tRNA genes but may do so by influencing the surrounding chromatin state.
Standard RNA-seq is of limited utility in examining t RNA expression due to the issues of mappa-
bility, in addition much RNA-seq data is generated with size and polyA selection methods which
would exclude tRNA derived transcripts. Also, tRNAs are a major target for ‘epitranscriptomic’
modification, with an average of 11-13 modifications per tRNA [349,340], some of which stop
polymerases from elongating or alter base pairing, creating further mapping challenges. Thus,
variants on standard RNA-seq procedures have been developed [350-352]. pollll ChIP-seq has
been used as a proxy for tRNA gene expression and, unlike RN A-seq based methods, generates

reads from uniquely identifiable flanking regions which map to a known locus of origin [308].

This same advantage exists for the MeDIP-seq data used in this study.

tRNA gene loci may also play a role in large scale genome organisation. tRNA gene clusters act as
insulators [353], and have extensive long-range chromatin interactions with other tRNA gene loci
[354]. The coordinated transcription of tRNAs at subnuclear foci may represent an organising
principle for 3D-chromatin by providing spatial constraints. In both budding and fission yeast
tRNA genes localise to the nucleolus. In fission yeast, a subset of B-box sequence elements are
bound by TFIIIC and not pollll serving as chromatin anchors to the nuclear periphery and
acting as boundaries between euchromatic and heterochromatic regions [355]. It is unclear to
what extent tRNA genes may play similar roles in large scale chromatin organisation in other

organisms.

In this study ageing-related changes in the epigenetic DNA methylation state of the entire
tRNAome were directly investigated, facilitated by the availability of a large-scale MeDIP-seq
dataset. Arrays poorly cover this portion of genome. The 450k and EPIC arrays have 110 robust
probes covering 84 tRNAs and 129 robust probes covering 89 tRNAs respectively, thus even the
latest EPIC arrays cover <15% of the tRNA genes, with robust probes, and in total only ~4.7%
of all the tRNA gene CpGs [223].

tRINA genes sit at the heart not only of the core biological process of translation but at a nexus of
signalling networks operating in several different paradigms, from small RNA signalling to large
scale chromatin organisation [354]. In summation tRNA biology, protein synthesis, nutrient

sensing, stress response and ageing are intimately interlinked.
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4.3 Primary questions

Are there additional loci which show the age-related DNA methylation changes observed in

tRNA-iMet-CAT-1-47
Is there an overall pattern of age-related hypermethylation in the tRNAome?

Can age-related DNA methylation changes at tRNA loci be validated with different technology
to MeDIP-seq in which was initially identified?

Can age-related DNA methylation changes at tRNA loci be replicated in a cohort independent

of that in which it was originally identified?
Can age-related DNA methylation changes at tRNA loci be observed in other organisms?

Can tissue specific differences in age-related DNA methylation changes at tRNA loci be observed?
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4.4 Methods

Code for analyses performed in this chapter can be found here: https://github.com/RichardJA
cton/tRNA__paper_ code

4.4.1 Participants
4.4.1.1 MeDIP-seq DNA methylomes

Participants in the ‘EpiTwins’ study are adult volunteers from the TwinsUK Register. The
participants were aged between 16 and 82 years, with a median of age at sampling of ~55 years
for 4350 methylomes taken from 3652 unique participants some of whom where sampled more
than once. (cohort profile [232]). The majority of samples 4054 are female and 270 are male.
3001 have full blood counts. These individuals originate from 1933 unique families. There are
1234 monozygotic (MZ) twin pairs (2468 individuals), and 458 dizygotic (DZ) twin pairs (916
individuals). See also the participants section in general Methods 2.2.1. Ethics for the collection
of these data were approved by Guy’s & St Thomas’ NHS Foundation Trust Ethics Committee
(EC04/015—15-Mar-04) and written informed consent was obtained from all participants.

4.4.1.2 Targeted Bisulfite sequencing

Participants for our targeted bhisulfite sequencing of select tRNA loci were drawn from two studies.
Samples from participants aged 4 and 28 years are from the MAVIDOS [207] study, a randomised
controlled trial of the effect of maternal vitamin D supplementation of the bone health of their
offspring. Participants aged 63 and 78 years are from the Hertfordshire cohort study, which
consists of individuals originally recruited in the 1980’s for a study of the impact of birth weight
on heart attack risk because high quality records of their birth weights and other useful data
had been recorded in the 1920s & 30s [356]. Due to a limited number of available samples, the
two 4 year old pools contained DNA from 20 individuals each, with all other pools having 25
contributing individuals. Pool 1, the first 4 year old pool used DNA from all male samples, with
all other pools using all female samples. Thus, the total number of participants was 190 (see
Table 4.1). Samples from the 28 year old time point are all from pregnant women at ~11 weeks

gestation.

Richard Acton selected the loci to target, designed the primers and selected the samples to
go in each pool. Selected DNA samples were pooled by Nikki Graham at the institute of
developmental sciences at the university of Southampton. With Fluidigm amplification and
sequencing performed at Bart’s and the London genome centre, the genomics core facility at

Queen Mary, University of London. The targeted BiS-sequencing data is available at: https:
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//www.mncbinlm.nih.gov/bioproject /PRINA635108.

4.4.2 tRNA Gene coordinates and other annotation information

Genomic coordinates of all tRNA genes including some likely pseudogenes were downloaded from
GtRNAdb [304]. The 2 tRNAs located in chrl_gl000192_random are tRNA-Gly-CCC-8-1 &
tRNA-Asn-ATT-1-2 (The tRNA annotation used is provided in appendix 6.6). The 213 probes
overlapping tRNA genes were derived from intersecting the tRNA gene annotation data from
gtRNAdb with the [llumina 450k array manifest annotation for the hgl9 genome build using
bedtools v2.17.0 [231]. 107 tRNA genes were excluded from blacklisted regions of hgl19 [357],
that is to say regions of the genome which have “anomalous, unstructured, or high signal in

next-generation sequencing experiments independent of cell line or experiment.”

4.4.2.1 tRNA Gene Clustering

To explore the genomic spatial distribution of the tRNA genes, the tRNA loci were clustered
by grouping together all tRNAs within 5Mb of one another using the bedtools merge tool
v2.17.0 [231]. A command of the form: bedtools merge -c 4 -o collapse -d <N> -i
hg19-tRNAs.bed was used, where <N> is the binsize. The binsize was varied and 5Mb was
selected as it is at approximately this size that number of clusters with more than one tRNAs
exceeds the number of singleton tRNAs (Figure 4.5). The further requirements that these
groupings contain at least 5 tRNA genes with a density of at least 5 tRNA genes per Mb were

added for these groups to be considered clusters.
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Figure 4.5: tRNA gene cluster numbers at different bin sizes total: total number of
tRNA clusters. singletons: number of tRNAs in clusters alone. moreThanl: number of tRNAs

in clusters with more than one tRNA. maxSize: the number of tRNAs in the largest cluster.

4.4.2.2 tRNA gene mappability assessment

To assess the mappability of tRNA gene regions a value for mappability score density was com-
puted to facilitate comparisons of regions of the genome. Mappability score density is computed

as the area under the encode mappability tracks [358] over the length of the region.

4.4.3 DNA methylome data
4.4.3.1 TwinsUK MeDIP-seq methylomes

The Methylated DNA Immunoprecipitation sequencing (MeDIP-seq) data was processed as pre-
viously described [209,107] and detailed in Methods 2.2. These processed data are available from
the European Genome-phenome Archive (EGA) (https://www.ebi.ac.uk/ega) under study num-
ber EGAS00001001910 and dataset EGADO00010000983 and were generated by BGI Shenzen for
TwinsUK. The dataset used in this work consists of 4350 whole blood methylomes with age data.
This data consists of a matrix of RPM (reads per million base pairs) values for overlapping 500
base pair windows of the genome with a 250bp slide. This is approximately 12 million windows

for 4350 samples, or ~52 billion data points.
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4.4.3.2 Analysis of DNA methylome data for Significant Ageing-related changes

All analysis was performed in R/3.5.2. Linear models were fitted to age using the MeDIP-seq
DNA methylome data, as quantile normalised RPM scores at each 500bp window. Quantile
normalisation was performed with the ggnorm R function with the theoretical quantiles of the

RPM values at each window used in subsequent analysis.
Models were fitted with:

1. Uncorrected, simply modelling age from DNA methylation

2. Batch information as a fixed effect

3. Blood cell-type counts for neutrophils, monocytes, eosinophils, and lymphocytes as fixed
effects

4. Batch and Blood Cell counts as fixed effects

- Models 1 & 2 were fitted on the full set of 4350 as batch information was available for all
samples but blood cell count data was only available for a subset of 3001 methylomes.

- Models 1 & 2 fitted in the n=3001 subset were similar to those fitted in the complete set
of 4350.

- Models 3 & 4 were fitted in the n=3001 subset with full covariate information and sets of
significant tRNAs identified at study-wide and genome wide levels in model 4 were used in

subsequent analyses.

Models were also fitted for two unrelated subsets created by selecting one twin from each pair
(Monozygotic or Dizygotic), yielding sets with n = 1198 & 1206 DNA methylomes, which time-
point was used when more than one sample was available for an individual was selected arbitrarily.
One additional model was fitted for longitudinal analysis, samples were selected by identifying
individuals with a DNA methylome at more than one time point and filtering for only those
with a minimum of 5 years between samples. This yielded 658 methylomes from 329 individuals
with age differences of 5-16.1 years, median 7.6 years. Models for this set included participant

identifier as a fixed effect in addition to blood cell counts and batch information.

4.4.3.3 Permutation Analysis for Enrichment with Age-related Changes

Permutation analysis was performed to determine whether the CpG distribution of sets of the
tRNAome was the principle driver of the ageing-related changes observed. Windows overlapping
tRNAs have a higher proportion of windows with a greater CpG density than their surrounding
sequences (see Figure 4.6). CpGs residing within moderate CpG density loci are the most
dynamic in the genome [86] and CpG dense CpG island regions include specific ageing-related
changes [155,153,209]. For comparison the permutation was also performed in the CGI regions

from the Polycomb group protein target promoters in Teschendorff et al. [155] and bivalent loci
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from ENCODE ChromHMM ‘Poised Promoter’ classification in the GM12878 cell-line [359]. A
random set of 500bp windows representing an equivalent CpG density distribution of the feature
set in question were selected from the genome-wide data. Above a certain CpG density there
are insufficient windows to sample without replacement within a permutation. Furthermore,
above ~> 18% CpG density CpG Islands become increasingly likely to hypomethylated [360].
Therefore, all windows with a CpG density of > 18% (45 CpGs per 500bp) were grouped and
sampled from the same pool. i.e. a window overlapping a tRNA gene which had a 20% density
could be represented in permutation by one with any density > 18%. This permutation was
performed 1,000 times to determine an Empirical p value by calculating the number of times
the permutation result exceeded the observed number of significant windows in the feature set.
Empirical p — value = R,Lé, where r is the sum of significantly hypermethylating windows in

all permutations and N is number of permutations [361].

CpG Density in tRNA Regions
Compared to non-tRNA regions within 5kb of tRNA genes
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Figure 4.6: CpG Density is higher in windows directly overlapping tRNA genes compared to that
of non-tRNA overlapping windows in arbitrary flanking sequences (+/-5kb). This difference in
CpG density between tRNA loci and other regions of the genome is a potential source of bias if
age related DNA methylation changes vary with CpG density which they may as baseline DNA

methylation levels also vary with CpG density.

4.4.3.4 Neonate and Centenarian Whole Genome Bisulfite Sequencing

DNA methylation calls were downloaded from GEO: GSE31263 and intersected with tRNA genes
using bedtools v2.17.0 [231].
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Table 4.1: Summary information on participants in each pool.

Pool Mean Age Sex Min Age Max Age n

Pool 1 4.07 Male 3.99 438 20
Pool 2 4.09 Female 3.99 4.36 20
Pool 3 28.07 Female 25.87 29.80 25
Pool 4 28.23 Female 26.05 30.01 25
Pool 5 63.40 Female 62.80 63.80 25
Pool 6 63.26 Female 62.70 63.70 25
Pool 7 77.96 Female 75.50 80.50 25
Pool 8 77.22 Female 74.40 80.10 25

4.4.3.5 Sample pooling and EPIC array

An Mumina Infiniim DNA methylation EPIC array ((C) Illumina) and targeted bisulfite se-
quencing of select tRNA gene loci were performed. Here DNA was extracted from whole blood
and combined into 8 pools from unrelated individuals at 4 time-points with 2 pools at each
time-point. The individual were age matched at approximately 4, 28, 63, and 78 year timepoints
(Table 4.1) Using the EPIC array DNAm age was estimated using the Horvath clock [168] and

blood cell-type-composition with the Houseman method [272].

4.4.3.6 Targeted Bisulfite Sequencing

tRNA loci were selected for targeted sequencing which exhibited changes and DNAm with age
along with closely related tRNAs in which changes were not observed. Primer design was per-
formed using ‘methPrimer’ [237] (Primer sequences are provided in appendix 6.7). A total of 84
tRNA loci were targeted in 2 rounds of sequencing, 79 subsequently generated reliable results
post-QC. The targeted tRNAs covered a total of 723 CpGs with a median of 8 CpGs per tRNA
(range 1-13), data passing QC was generated for 458 CpGs, median 6 (range 1-9) per tRNA.

Initial QC for readcount, base call quality and base composition was caried out with FastQC
[229] and multiqc [362] for combined visualisation of QC outputs. Quality based trimming was
performed with Trim CGalore [363] and target specific primer trimming with cutadapt [364]
and custom perl 5 scripts. Alignment and methylation calling was performed with Bismark

(v0.20.0) [236] making use of bowtie2 [365].

The alignment was performed against both the whole hgl9 genome and just the tRNAome
+/- 100bp to assess the possible impact of off-target mapping. Mapping to the whole genome
did produce purported methylation calls at a larger number of loci than mapping just to the
tRNAome (683,783 vs 45,861 respectively). Introducing a minimum coverage threshold of 25
reads dramatically reduced this and brought the number of sites into line with that in the

tRN Aome set (36,065 vs 33,664 respectively) suggesting a small number of ambiguously mapping
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reads. All subsequent analysis was performed using the alignment to just the tRNAome with a

minimum coverage of 25 reads.

Pairwise differential methylation analysis of the tRNA genes at the different time points was
performed using RnBeads [366] with 1imma [367] and a minimum coverage of 25 reads. Linear
regression was used to predict age from DNA methylation at the targeted tRNA sites, permitting
us to compare rates of increase with age. For the linear regression, only CpG sites with more

than 25 reads mapped to the regions of the genome targeted for amplification were used.

4.4.3.7 TwinsUK Illumina 450k array methylomes

Illumina Infinium DNA methylation 450k arrays ((C) Illumina) were also performed on TwinsUK
participants, in 770 Blood-derived DNA samples which had matched MeDIP-seq data (Methods
2.1). These data were available for this analysis in a pre-processed form, Methylation ‘beta’
values subject to beta-mixture quantile normalisation (BMIQ) as previously described [209,107].

Cell-type correction was performed using cell-count data and the following model: 1m(age -

beta + eosinophils + lymphocytes + monocytes + nmeutrophils).

4.4.4 Chromatin Segmentation Data

Epilogos chromatin segmentation data [368,359] was downloaded for the tRNA gene regions
+/- 200bp from https://explore.altius.org /tabix/epilogos/hg19.15.Blood _ T-cell. KL.gz using the
tabix utility. The data used was the ‘Blood & T-cell’ 15 State model based on segmentation
of 14 cell-types. This data was manipulated and visualised with R and ggplot2. tRNAs were
assigned a predominant chromatin state base on the state with the highest score over that tRNA

gene.

4.4.5 Isolated Blood Cell Type Specific Data

Data from 7 cell-type fractions from 6 Male individuals was downloaded from GSE35069 [369]
using GEOquery [370]. Five of the 6 top age hypermethylating tRNAs are covered by this array

dataset.

4.4.6 Cancer and Tissue Specific Methylation Data

Data was downloaded from the TCGA (The Cancer Genome Atlas) via the GDC (genomic
data commons) data portal [371] using the CenomicDataCommons R package. Data from foetal
tissue [372,373] was downloaded from GEO (GSE72867, GSE30654). From the TCGA, samples

were selected for which DNAm data was available from both the primary site and normal solid
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tissue, and for which an approximate age could be inferred (within one year). Selecting those
probes overlapping tRNA genes yielded 73,403 data points across 19 tissues with an age range
of 15-90yrs (median 63.4) (A complete list of TCGA sample used is provided in appendix 6.11)

4.4.7 Assaying tRNA expression in blood with MINTmap

Small RNA-seq data from sorted blood cell fractions [374] was used. (GSE100467) and the
MINTmap [337] tRNA fragment alignment tool. This dataset covered 42 individuals aged 21-63.
A customised MINTmap reference designed to include only fragments which unambiguously map
to a single tRNA gene locus and which overlap the 5 or 3’ end of the genomic tRNA sequence
by at least one base with no mismatches was produced. This reference is intended to capture
pre-tRN As prior to processing and CCA addition operating under the assumption that the levels
of pre-tRNAs will be informative about the amount of transcription taking place at the tRNA
loci. This approach provides at most a many to one mapping of tRNA fragments to a tRNA

genes.

Assaying the expression of tRNA genes presents numerous difficulties [331], and usually requires
variants on standard RNA-seq protocols. This custom MINTmap reference build yielded 383
fragments mapping to 92 distinct tRNA loci in this data. To control quality, only fragments
with more than 20 total instances in the dataset, and present in more than 20 individuals were

considered.

The maximum length of a fragment was limited to 50nt, due to the read length of the small
RNA-seq data.

4.4.8 Mouse RRBS Analysis

Methylation calls and coverage information resulting from RRBS performed by Petkovich et al.
[375] were downloaded from GEO using CEOquery [370] GSE80672. These data from 152 mice
covered 68 tRNA and 436 CpGs after QC requiring >50 reads per CpG and >10 data points
per tRNA. 5 tRNAs were excluded for being located within blacklisted regions of mm10 [357].
After QC there were 58 tRNA genes and 385 CpGs. Simple linear modelling to predict age (in
months) from methylation level at each tRNA and each CpG were performed in R.
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4.5 Results

4.5.1 DNA Methylation of Specific tRNA Gene Loci Changes with
Age

Due to tRNAs critical role in translation and evidence of their modulation in ageing and longevity-

related pathways, these genes were interrogated for evidence of ageing-related DNA methylation

changes. The discovery set was a large-scale peripheral blood-derived DNA methylome dataset
comprising of 4,350 samples (see Figure 4.7).

Validation Replication Tissue Specificity

fe| Method: MeDip-Seq Method: 450k array Method: Targeted Method:  27k/450k array
.g tANAs: 598 tRNAs: 158 Bisulfite Sequencing tRNAs: 43-115

N = 4,350 N= 587 tRNAs: 79 N= 733

= Ages: 19-82 yrs  Agess  18-B1yrs  N= 190 in 8 pools  Ages: 0-90yrs

M source:  Twins UK Source: Twins UK Ages:  4-80yrs Source: TCGA/GDC/GEO
E Source: MAVIDOS /

= Hertfordshire 19 Tissues matched Normal
= and Tumour, 11 Fetal

Figure 4.7: Study Structure tRNAs differentially methylated with age initially identified in
MeDIP-seq, validated (where covered in 450k array) and replicated in targeted bisulfite sequenc-
ing of pooled samples. Tissue specificity of these effects was explored in TCGA and foetal tissue

data.

This sequencing-based dataset had been generated by Methylated DNA Immunoprecipitation
(MeDIP-seq) [127], which relies on the enrichment of methylated fragments of 200-500 bp to
give a regional DNAm assessment (500 bp semi-overlapping windows, see Methods 4.4.3.1). In
total the extended human tRNAome is comprised of 610 tRNAs and closely related sequences
(gtRNAdb)(see Figure 4.8), though only 492 are autosomal and do not reside in blacklisted
regions of the genome [357].
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Figure 4.8: The genetic code as instantiated in the human tRNAome. The triplet
genetic code leads to the incorporation of specific amino acids into an elongating protein via
corresponding tRNAs. n is the number of tRNA genes which encode a given amino acid, the
number in parentheses is how many of those may be pseudogenes based on their tRNAscan
score [376], and the number in square brackets is the number in blacklisted regions [357]. There
are a total of 610 tRNAs and closely related sequences in GtRNAdb [304], 416 of which are
high confidence tRNAs, 116 of which are potential pseudogenes, and 107 are in blacklisted
regions [357]. Notably 7 of the 61 non-STOP codons are missing from the human tRNAome
therefore these codons are handled by wobble base matching (e.g. GCG Arg, ACC Gly). Also
of note are the suppressor and selenocysteine tRNAs. The 20 methionine tRNAs are split
equally between initiator methionine and internally incorporating methionine tRNAs, which

are structurally distinct [299]. There are also 23 nuclear encoded mitochondrial tRNAs.

Due to the small size of these tRN As (60-86bp, median 73bp, excluding introns which are present
in ~30 tRNAs with sizes from 10-99bp, median 19bp), this fragment-based method enabled a
robust examination of the epigenetic state of these highly similar sequences. This was supported
by a mappability assessment. The median mappability score density for the tRNAome was 0.90
for 50mers when considering tRNA genes +500bp reflecting the regional nature of the MeDIP-seq
assay Methods 4.4.2.2. In contrast the 50mer mappability density is 0.68 for the tRNA gene
sequences alone without flanking sequences. Excluding the flanking region is representative of
the mappability of reads generated using a technique such as whole-genome bisulfite sequencing.
This is because there is no IP fragment so reads mapping to adjacent more mappable sequences
do not convey information about the methylation state of sites in the same fragment but to

which it is harder to map (see Figures 4.9 & 4.10).
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Figure 4.9: Example of mappability data from the encode mappability tracks [358] for the
initiator methionine tRNA genes.
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Figure 4.10: Mappability score density of the tRNAome increases with read length and is greater
when flanking regions (+500bp) are included. Mappability score density is computed as the area
under the encode mappability tracks [358] over the length of the region.

21 genome-wide significant and 44 study-wide significant results were identified via linear re-
gression, (p < 4.34 x 1079 and 8.36 x 107°, respectively; see Methods 4.4.3.2, batch corrected
n=4350). Study-wide significance was calculated conservatively using the Bonferroni method
for all 598 autosomal tRNAs. Two distinet significance thresholds are used here, the study-wide
correcting for the number of tRNA loci and the genome-wide correcting for the total number
of loci in the genome. This is intended to permit the framing of statistical questions about the
tRNA genes relative to other tRNAs genes (study-wide) or relative to the rest of the genome
(genome-wide). There was a strong directional trend with all results at both significance levels
being due to increases in DNA methylation. Age-related changes in cell type proportion are

strong in heterogeneous peripheral blood, and include a myeloid skew, loss of naive T cells and
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Table 4.2: Study-wide significantly hypermethylating tRNAs in blood cell-type and batch cor-
rected model MeDIP-seq. With Corresponding results in Twins UK 450k array (blood cell-type
corrected) and targeted bisulfite sequencing results. Age models for array and targeted BiS-
seq were calculated using all probes / CpGs overlapping the indicated tRNA gene. ‘Slope’
corresponds to the beta value for methylation in the linear model, orange colouring indicates
hypermethylation and blue hypomethylation. p-values coloured such that low values are dark
blue and high values are yellow. blank grey cells indicate missing data.

MeDIP 450k Array Targeted BiS-seq
tRINA Window Slope p-value  Slope p-value Slope p-value
tRNA-GIn-CTG-7-1  Chr1:147,800,750-147 801,250 0.84

Chr2:131,094,500-131,095,000 1.11 ERGEEEIL]
tRNA-Glu-TTC-1-1  Chr2:131,094,250-131,094,750 1.00 FESEES

Chr2:131,004,750-131,005,250  1.00 [&heieieiks
tRNA-His-GTG-1-2  Chrl:146,544,500-146,545,000 0.92

Chr1:149,155,750-149,156,250  1.05
Chr1:149,155,500-149,156,000  0.83

tRNA-His-GTG-2-1

Chr6: 27,251,500- 27,252,000 1.07 1.30

CRNA-Lle-AAT-10-1 - o 6" 57 951 750. 27.252.950 0,90 1.30
Chrl7: 8,130,000- 8,130,500  1.19 -0.74

tRNA-lle-AAT-A-1 o 7 8130950 8130750 0.77 -0.74
tRNA-1le-TAT-2-2  Chr6: 26,987,750 26,988250 0.97 JFEC=l 4.16 -0.60
. Chr6: 26,330,500- 26,331,000 1.28 [FIEEESEN 13.01 g 4.54
tRNA-iMet-CAT-14 - oy 6 56'330.950- 26.330.750 1.13 [P 13.01 4.54

Chrld: 21,093,250- 21,093,750 1.04
Chrld: 21,093,500- 21,094,000 0.94

Chré6: 26,555,500- 26,556,000 1.04 [ERECNE
3 L} ) 1 ¥
tRNA-Pro-AGG-2-2 oy " 06555 2500 26.555.750 101 [EREINGT
tRNA-SerACT-1-1  Chr6: 27,261,250- 27,261,750 0.97 [ENEINik 0.66

Chrl7: 8,129,750- 8,130,250  1.21 0.62
Chrl7: 8,150,000- 8,130,500  1.19

tRNA-Ser TGA-21  Chr6: 27,513,000 27,513,500 0.90 7 87.21 PRI -0.25
tRNA-VaLAAC-1-2  Chr5:180,590,750-180,591,250  0.91

Chr6: 27,648,500- 27,649,000 1.07 WY 40.06
Chr6: 27,648,750- 27,649.250 0.95 [Leilmild 40.06

tRNA-Val CAC-2-1  Chr6: 27,247,750- 27,248250 0.85 59.16 NI

2.49

tRNA-Leu-TAG-2-1 2.49

tRNA-Ser-AGA-2-6

tRNA-Val AAC4-1

increases in senescent cells [377]. A subset of 3 genome-wide and 16 study-wide significant hyper-
methylation results remained significant even after correcting for potential cell-type changes by
including lymphocytes, monocytes, neutrophils and eosinophil cell count data (n=3001, Listed in
Table 4.2, Red in Figure 4.11). The 3 genome wide significant tRNAs are: tRNA-iMet-CAT-1-4,
tRNA-Tle-AAT-4-1, and tRNA-Ser-AGA-2-6. tRNA-iMet-CAT-1-4 is located on chromosome 6.
tRNA-Tle-AAT-4-1 and tRNA-Ser-AGA-2-6 are neighbours and are located on chromosome 17
within the 3’ UTR of CTC1 (CST Telomere Replication Complex Component 1). Going forward
these most robustly corrected sets of 3 and 16 tRNA genes are referred to as the genome-wide

and study-wide significant tRNA genes respectively.
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Figure 4.11: Human tRNAome overview. From the outside in: Chromosome ideograms scaled
by the number of tRNA genes (total = 598), as excludes chromosome X (10), Y (0) and contig
chrl_gl000192_random (2; see Methods 4.4.2). tRNA genes within 20kbp of one another are
grouped with breaks inserted between these clusters. Radial grey lines represent the location
of tRNA genes in the genome. —log,,(p — value) for the blood cell-type and batch corrected
age model are shown for each window overlapping a tRNA gene in green. Mean methylation
across all samples (n=3001) in RPM (reads per million base pairs) is shown in blue. Genome-
wide significant cell-type & batch corrected (p < 4.34 x 107?) tRNAs show in red. The 158
Loci covered by 213 probes on the 450k array which directly overlap a tRNA gene are shown
with green triangles. The 84 loci targeted for bisulfite sequencing in this study are indicated

in magenta. Mappability score density is computed as the area under the encode mappability

tracks [358] over the length of the region.

Due to the related nature of these twin samples, these data were also analysed in two subsets
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of n=1198 & 1206 by selecting one twin from each pair into the separate sets. This analysis
also included correction for Batch and Blood Cell counts. Whilst in these smaller datasets no
tRNAs were genome-wide significant, 5 and 7 tRNA genes, respectively, reached study-wide
significance, with consistent hypermethylation. In these sets 5/5 and 6/7 of these were present
in 16 study-wide significant tRNA genes.

Furthermore, a subset of samples with longitudinal data were examined (n=658 methylomes from
329 individuals, median age difference 7.6 yrs). At the nominal significance threshold (p < 0.05)
this yielded a split of 41 hypermethylating tRNA genes and 22 hypomethylating tRNA genes.
Of these hypermethylated tRNAs, 2 are in the previously identified genome-wide significant set
of 3 (with tRNA-iMet-CAT-1-4 ranked 3rd by p-value) and 9 are in the study-wide significant
set of 16. A full table with model results for all fitted models and all tRNA genes is provided in
appendix 6.8.

4.5.2 tRNA Genes are Enriched for Age Related DNA Hypermethy-

lation

Whilst ageing changes are pervasive throughout the DNA methylome, a strong enrichment for
such changes occurs within the discrete tRNAome (Fisher’s Exact Test p = 1.05 x 10727) (see
Figure 4.12 & appendix 6.10). This is still significant if the 6 of the study-wide significant 16
tRNAs that overlap polycomb or bivalent regions are excluded (p = 4.66 x 10719)

CpG density is known to have a clear impact on the potential for variability of the DNA methy-
lome as well as ageing-related changes [86,152]. To assess whether this hypermethylation finding
was being driven merely by the inherent CpG density of the tRNAome, a CpG density matched
permutation analysis was performed (1,000X, see Methods 4.4.3.3). This supported the specific
nature of these age-related DNAm changes within the functional tRNAome (Empirical p-value
< 1.0 x 1073, Figure 4.12 b). As a point of comparison for this genomic functional wnit, the
same permutation analysis was performed for the known age-related changes in the promoters of
genes that are polycomb group targets [155] and those with a bivalent chromatin state [153]. The
enrichment of the polycomb group targets and bivalent regions (Empirical p-value < 1.0 x 1073)

was reproduced in this dataset.



4.5. RESULTS 175

A Significant Age Related Hypermethylation
Percentage of significant windows by feature type

wEE
2.04
- ek
=
@ 1.54
k]
-
c
2 10
w
®
0.5 ek
| - o
0.0 - |———1

tRNAs CGl promoters exons WholeGenome

B CpG Density Permutation Analysis

RNA (p ¢ 1e-03) bivalent (p < 1e-08) polycomb (p < 18-03) |

400 [

300
=
2 200
L] {

100 | .

0__I T I_._ = T I_J'_Ié_ - T T T
o 2 4 20 30 40 50 60 20 40 80

Number of Significant Windows

Figure 4.12: A) tRNA genes are enriched for agerelated hypermethylation compared to the
genomic background, (Fisher’s Exact Test p < 1.05 x 10727, n = 3001). B) tRNA genes show
more significant hypermethylations than CpG Density matched permutations. Each permutation
represented a random set of windows matching the CpG density of the functional unit (bivalent
domains, polycomb group target promoters & the tRNA genes). These are subsequently assessed
for signficant age-related DNAm changes (see Methods 4.4.3.3). The red line is the observed

number of significant loci.

tRNA-iMet-CAT-14 is located in the largest tRNA gene cluster in the human genome at
chr6p22.2-1 (Methods 4.4.2.1). This cluster contains 157 tRNA genes spanning the 2.67Mb
from tRNA-iMet-CAT-1-2 to tRNA-Leu-AAG-3-1, and also hosts a histone gene microcluster.
tRNA-Tle-AAT-4-1 and tRNA-Ser-AGA-2-6 are neighbours and are located on chromosome 17
(Figure 4.13). Notably tRNA-Tle-AAT-4-1 and tRNA-Ser-AGA-2-6 have a third close neighbour
tRNA-Thr-AGT-1-2 which does not show significant age-related hypermethylation. A similar
pattern of sharp peaks of significance closely localised around the other loci was observed in
the study-wide significant set. GENCODE 19 places tRNA-lle-AAT-4-1 in the 3’'UTR of a
Nonsense-mediated decay transcript of CTC! (CST Telomere Replication Complex Component
1, CTC1-002, ENST00000449476.2) and not of its primary transcript.
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Figure 4.13: A) tRNA-iMet-CAT-1-4 as well as B) tRNA-Ser-AGA-2-6 and tRNA-Tle-AAT-4-1
exhibit age related DNA hypermethylation in MeDIP-seq data. The sharp peaks suggest that
this effect is localised to individual tRNA genes. One of the windows overlapping tRNA-Tle-AAT-
4-1 also partially overlaps tRNA-Ser-AGA-2-6. Results shown are from the blood cell-type and
batch corrected model. Median Methylation in reads per million is calculated across all samples
in the model. The window structure track (Wins) illustrates the tiled nature of the MeDIP-
seq windowing. Some annotations of the 3’ UTR of CTC1 extend further than illustrated here
covering tRNA-Thr-AGT-1-2. CpG density and CpG position are included to illustrate that
similarly CpG dense tRNA genes are exhibiting differing age related DNAm change patterns.

4.5.2.1 tRNA gene clustering

To place these hypermethylating tRNA genes in their genomic context the clustering for the
extended set of 44 non-blood cell-type corrected study-wide significant tRNAs was examined.
The tRNA genes were clustered by grouping together all tRNAs within 5Mb of one another and
then required that a cluster contain at least 5 tRNA genes with a density of at least 5 tRNA
genes per Mb (see Methods 4.4.2.1). This yielded 12 major tRNA gene clusters containing a total
of 353 tRNA genes, 42 of the 44 study-wide significant tRNA genes in the non cell-type corrected
age model reside within these clusters (figure 4.14 a). The hypermethylating tRNA genes are
spread evenly among these clusters proportionately to their size, (no significant difference in a

one-way ANOVA of percentage of significant tRNAs by cluster).
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Figure 4.14: A) Almost all tRNA genes (42/44, counts shown in red) study-wide significant in
the MeDIP batch corrected age model, and all of the genome-wide significant and blood-cell
type corrected sets of tRNA genes reside in one of 12 major tRNA gene clusters. (Defined by
joining all tRNAs within 5Mb of one another and requiring at least 5 tRNA genes per cluster
with a density of at least 5 tRNA genes per Mb). B) Available study-wide significant (SWS)
tRNA genes (n = 14) are more methylated in a centenarian than in a neonate or a 26 year old.
Whole Genome Bisulfite Sequencing Data in a newborn, as adult and a centenarian. Each point

represents the methylation level at an individual CpG within a tRNA gene.

4.5.2.2 Age-related tRNAome DNA Hypermethylation is even observed in one

Newborn versus one Centenarian

Whole genome bisulfite data was sought out for two reasons: 1) The greater positional resolution
of WGBS permits one to check if the age-related hypermethylation could be seen at CpGs located
within the tRNA genes themselves. 2) As DNA methylation levels are estimated based on the
ratio of methylated to unmethylated reads using WGBS, seeing an increased DNA methylation
with age is not likely to be due to a copy number expansion or differential read distribution
with age which could confound the MeDIP-seq signal. An available Whole Genome Bisulphite
sequencing (WGBS) dataset from Heyn et al. [161] was examined (see Methods 4.4). These data
consisted of blood-derived DNA WGBS in one newborn child and one 26 year old, and cente-
narian (103 years). In their analysis, the centenarian was found to have more hypomethylated
CpGs than the neonate across all genomic compartments, including promoters, exonic, intronic,
and intergenic regions. However, even in this examination of 3 individuals of 3 different ages in
the 55% of tRNA genes that possessed coverage, DNA hypermethylation with age was observed
among the study-wide significant hypermethylating tRNA genes. The centenarian was signifi-
cantly more methylated in this set of tRNAs than the neonate (Wilcoxon rank sum test, 6.14%
increase (95% CI -Inf - 4.31), W = 717, p = 6.14 x 1074, see Figure 4.14 b).
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4.5.2.3 Age-related Changes Independently Replicated with Targeted Bisulfite Se-

quencing

In order to further robustly support these-ageing related changes, an attempt was made to
replicate these findings in an independent ageing dataset. Furthermore, a different technology
was employed, Targeted bisulfite (BiS) sequencing, to further validate the MeDIP-seq-derived
results. These data provide individual CpG resolution to identify what may be driving the
regional DNAm changes observed.

This targeted BiS-seq was performed in blood-derived DNA from 8 pools of age-matched indi-
viduals at 4 time-points (~4, ~28, ~63, ~T8 years) from a total of 190 individuals, as detailed
in Table 4.1. A total of 79 tRNA loci generated reliable results post-QC (see Methods 4.4.3.6).
These tRNAs covered a total of 458 CpGs with a median of 6 CpGs per tRNA (range 1-9).
Median Coverage per site across pools, technical replicates and batches was 679 reads (mean

5902).

Firstly, the 8 Pooled samples were run on the [llumina EPIC (850k) array to confirm that this
pooling approach was applicable for DNAm ageing-related evaluation. This showed an R? = (.98
between pool mean chronological age and Horvath clock DNAm predicted age [168](see Figure
4.15). This approach permitted the assay tRNA gene DNA methylation across a large number
of individuals whilst requiring a minimal amount of DNA from each individual (80-100ng), and
costing ~1/24th as much as performing sequencing individually. Therefore, this confirmed the
utility of this novel pooling approach. These DNA methylation array derived data were also
used to estimate the major blood cell proportions for each of these pools with the Houseman

algorithm [272].
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Figure 4.15: Mean chronological age is tightly correlated with DNAm Horvath clock [168] pre-
dicted age for the 8 pooled samples. (See Table 4.1 for pool details).

It was observed that individual tRNA loci exhibiting age-related changes in DN Am had duplicate
or isodecoder (same anticodon but body sequence variation) sequences in the genome, which
despite exact or near sequence identity did not show similar changes. tRNA-iMet-CAT-1-4 for
instance is 1 of 8 identical copies in the genome and was the only locus that showed significant
changes. The results of pairwise differential methylation tests between age groups for the 6 top

tRNAs from the MeDIP-seq models are listed in Table 4.3.

Of the 3 top hits in MeDIP-seq, tRNA-iMet-CAT-1-4 (Figure 4.17c) and tRNA-Ser-AGA-2-6
(Figure 4.17i) exceeded nominal significance (p-values = 9.35 x 107 & 4.28 x 1072, respectively).
tRNA-Leu-TAG-2-1 from the study-wide significant set also showed nominally significant hyper-
methylation with age (Figure 4.17u). Also, four of the individual CpGs in tRNA-iMet-CAT-1-4
exhibited nominally significant increases in DNAm with Age (Figure 4.16). However, tRNA-Ile-
AAT-4-1 (Figure 4.17n) showed a nominal decrease in DNAm with age.
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Figure 4.16: Individual CpG methylation increases (nominally significant p < 0.05) in tRNA-
iMet-CAT-1-4.
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Table 4.3: Pairwise Differences in Methylation between Age groups by tRNA. p-values are for
pairwise methylation differences (see Methods 4.4.3.6)[366].

tRNA num. CpGs comparison p-value delta
4 vs. 28 1.518¢-01 -0.2
4vs. 63 1.774e-01  -0.234
4vs. T8 3.060e-01  0.0113
ERONA-Tie- AP 8 98vs 63 7.052e01  -0.0334
28 vs. T8 1.553¢-01  0.212
63vs. 78  2.057e-01  0.245
4 vs. 28 8.403¢-02  0.0116
4 vs. 63 1.716e-01  0.0125
; 4vs. T8 1.997¢-04*  0.0368
FRN ATt CAT LA 8 28 vs. 63 3.943e-01  0.000869
28 vs. 78 1.724e-02%  0.0252
63vs. 78  6.224¢-02  0.0243
4 vs. 28 4222¢-01  0.0573
4 vs. 63 3.968¢-01  0.0274
4vs. T8 4651e-01  0.0423
HRINA-Ber-AGA-2:6 9 98vs 63 1.005601  -0.0299
28vs. 78  2.126e-01  -0.015
63vs. 78  2.201e-01  0.0149

4.5.2.3.1 Select Duplicates & Isodecoders of Hypermethylating tRNA loci remain
unchanged A selection of these duplicate and isodecoder loci were targeted for bisulfite se-
quencing in order to confirm that the identified DNAm changes are specific to a given locus and
not general to related tRNAs. Examining the tRNA-iMet-CAT-1 family, only the previously
identified 1-4 version confirmed significant hypermethylation (not 1-2, 1-3 or 1-5)(Figure 4.17a-
e). Likewise the tRNA-Ser-AGA-2-6 version was supported compared to 2-1,2-4 and 2-5(Figure
4.17£3)).
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Figure 4.17: Combined CpGs within tRNA loci results (experiment-wide Bonferroni p =
7.14x107*); (A-D) Comparison of select tRNA-iMet-CAT loci: Hypermethylation is specific to
iMet-CAT-1-4 (c) not other isodecoders (A, B, & D); (F-I) Comparison of select tRNA-Ser-AGA
loci: Hypermethylation is specific to Ser-AGA-2-6 A (viii) and to a lesser extent Ser-AGA-2-1
(F), whilst not other isodecoders (G, H); (K-P) Comparison of select tRNA-Ile loci: Hyperme-
thylation is specific to Ile-AAT-10-1 (K), Ile-AAT-4-1 (M) displays hypomethylation contrary to
previous MeDIP findings, lle-TAT-2-2 & 2-3 lack hypermethylation (previously non-significant
in blood-corrected MeDIP, although significant in uncorrected), whilst no change in lle-AAT-11-
1 (L) and Tle-TAT-2-1 (N); (R-U) Comparison of select tRNA-Leu loci: Hypermethylation in
Leu-AAG-3-1 (R) consistent with 450k and Leu-TAG-2-1 (U) consistent with MeDIP, whilst no
change in Leu-TAA-1-1 (S) & Leu-TAA-3-1 (T).
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4.5.2.4 DNA methylation 450k Array Data Validates the MeDIP-seq Results

Although DNA methylation arrays poorly cover the tRNAome, an attempt was made to ascertain
if this bisulfite conversion-based but differing and well-established technology was supportive at
all of the previous DNA hypermethylation findings. TwinsUK had available 450k array on 587
individuals, and this platform includes 143 probes, covering 103 tRNAs. All the 3 top tRNAs in
the MeDIP-seq results were covered by this data set, and 7 of the 16 study-wide significant set.
9 tRNAs show significant (p < 4.58 x 107%) increases in DNA methylation with age in models
corrected for blood cell counts including all 3 of the 3 tRNAs identified in the MeDIP-seq as
genome-wide significant and 5 of the 7 study-wide significant set present on the array (Figure
4.18). Although it should be noted that 56 of these 143 probes are within the non-robust set
of Zhou et al. [223], including 1 of the genome-wide, and 1 of the study-wide results (covering
tRNA-Tle-AAT-4-1 & tRNA-Val AAC-4-1), respectively. Full model results for the Twins UK
450k array data are provided in appendix 6.12.



CHAPTER 4. THE GENOMIC LOCI OF SPECIFIC HUMAN TRNA GENES EXHIBIT
184 AGEING-RELATED DNA HYPERMETHYLATION

Age-related DNA methylation change in tRNA genes
Twins UK - lllumina 450k array
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Figure 4.18: Volcano-like plot. tRNAs are labelled if they are significant here or were in the
MeDIP-seq data (Red). Model slope: the model coefficient for the methylation values. Unfilled
circles indicate those probes in the general mask generated by Zhou et al. [223]. Significance
threshold: 0.05/103 ~ 4.58 x 10~* (the number of tRNA genes examined).

4.5.2.5 Ageing-Related tRNA Loci show increased Enhancer-Related Chromatin

Signatures

The activity of the tRNAome was further explored using public chromatin segmentation data
in blood (Epilogos Blood & T-cells set) [368]. This shows proportionally more Enhancer-related
(Enh, EnhBiv & EnhG) chromatin states at tRNA genes hypermethylating with age than the
stronger Promoter-related (TSS) in other tRNAs. (Figure 4.19). Whereas these characteristics
are less frequently predominant in the rest of the tRNAs (Figure 4.19). Age-hypermethylating
tRNA are enriched for enhancer chromatin states compared to the rest of the tRN Aome (Fisher’s
Exact test p = 0.01).
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Figure 4.19: Chromatin segmentation data from the Epilogos [368] ‘Blood & T-cell’ 15 State
model (tRNA genes +/- 200bp). Frequency with which a model state was the predominant
state at a given tRNA. Proportions of predominant tRNA state for the 14 study-wide significant
age-hypermethylating tRNAs covered compared to other 371 available tRNAs.

4.5.2.6 Age Hypermethylating tRINAs are more methylated in Lymphoid than
Myeloid cells

Three tRNA genes remained genome-wide significant and 16 study-wide significant following
correction for major cell-type fraction. This is suggestive of either cell-type independent change
or, presumably less likely, a very large effect in a minor cell-type fraction. tRNAs have exhibited
tissue-specific expression [378,325,326] and blood cell-type populations change with age. Specif-
ically, there is shift to favour the production of cells in the myeloid lineage [377]. These points
lead us to examine tRNA gene DNAm in sorted cell populations. A publicly available 450k array
dataset [369]) that has been used in the construction of cell-type specific DNAm references for
cell-type fraction prediction using the Houseman algorithm [272] was used (see Methods 4.4.5).
This consists of data from 6 individuals (aged 38+ 13.6/yrs) from seven isolated cell populations
(CD4+ T cells, CD8+ T cells, CD56+ NK cells, CD19+ B cells, CD14+ monocytes, neutrophils,
and eosinophils). It was found that tRNA gene DNAm could separate myeloid from lymphoid
lineages (Figures 4.20 & 4.21).

Of the eight study-wide significant tRNAs with array coverage, it was identified that collectively
these eight are significantly more methylated in the lymphoid than the myeloid lineage (1.1%
difference, Wilcoxon rank sum test p = 1.50 x 1078 95% CI 0.7%-0c). Thus, any age related
increases in myeloid cell proportion would be expected to dampen rather than exaggerate the

observed age-related hypermethylation signal. In addition tRNA-Tle-AAT-4-1 and tRNA-Ser-
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AGA-2-6 have the highest variance in their DNAm of all 129 tRNAs covered in this dataset.
This could represent ageing-related changes as these samples range across almost 3 decades.
Another possibility may be that these loci as well as hypermethylating are also increasing their
variability with age in a similar fashion to those identified by Slieker et al. [120]. In that study
they identified that those loci accruing methylomic variability were associated with fundamental

ageing mechanisms.
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Figure 4.20: Heatmap [379] of mean methylation of probes covering each tRNA in 7 cell-type
fractions from 6 Male individuals. Data from GSE35069 [369]. Of the 16 study-wide significant
hypermethylating tRNAs, 8 are covered by this dataset.
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Figure 4.21: Heatmap Mean Methylation of probes covering each tRNA in 7 cell-type frac-
tions from 6 Male individuals. Showing all 150 tRNAs covered by 213 probes on the lllumina
450k array. Data from GSE35069 [369] downloaded using GEOquery [370]. Generated with the

ComplexHeatmap R package [379].
4.5.3 tRNA Gene DNA Methylation in Other Tissues

Some tRNA gene expression has been shown to be highly tissue specific [378,325,326]. It follows
that our observations of changes in DNAm with age in blood might be specific to that tissue.
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A mix of 450k and 27k array data from ‘solid tissue normal’ samples made available by TCGA
(The Cancer Genome Atlas) and data from foetal tissue [372,373] were downloaded from GEO
for use in this analysis (see Methods 4.4.6). The samples from TCGA range in age from 15-90
(n = 733). Only 43 tRNA genes had adequate data to compare across tissues in this dataset and
115 in the foetal tissue data.

4.5.3.1 tRNA Genes also Hypermethylate with Age in Solid Tissue

Only 2 of the 3 tRNA genes identified as genome-wide significant and a further 1 of the study-
wide significant tRNA genes are present in the set of 45 tRNA genes in the TCGA data, thus
limiting our ability to draw conclusions about the tissue specificity of these results. Solid tissue
samples have a strong preponderance for low levels of methylation consistent with the active
transcription of many tRNA genes and show slight increasing methylation with age but age
accounts for very little of the variance (linear regression slope estimate = 1.52; R? = 0.0002;
p-value 1.34 x 1073 (Figure 4.24d). In a pan-tissue analysis it was found that 10 tRNA genes
showed changes in DNAm with age, 9 of which were hypermethylation (p-value < 1.1 x 1073).
One of these tRNA genes, tRNA-Ser-TGA-2-1 was also present in study-wide significant set of
tRNA genes. Figures 4.22 & 4.23 illustrate minimal tissue specific differences. Interestingly,
however, tRNA-iMet-CAT-1-4 and tRNA-Ser-AGA-2-6 appeared more variable in methylation
state than many other tRNAs in the TCGA normal tissue samples (Figure 4.22) and indeed have
the highest variance in DNA methylation across tissues (Figure 4.24c).
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Figure 4.22: Mean Methylation of 43 tRNAs in 19 tissues. Possible pseudogene (tRNA-Asn-
ATT-1-1) is shown in a separate cluster beneath the main heatmap [379].
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Figure 4.23: Mean Methylation of 115 tRNAs in 11 tissues. Possible pseudogenes are shown in
a separate cluster beneath the main heatmap [379].

4.5.3.2 tRNA Gene Methylation in Cancer

A coarse grained examination of the tRNA DNA methylome in tumour samples with matched
normal tissue data was performed, considering the 45 tRNA genes and 19 tissues for which data
were available. Across multiple tissues it was found that both tumour and ‘normal’ samples have

a strong preponderance for low levels of methylation consistent with the active transeription of
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many tRNA genes.

Tumour samples have a higher mean methylation, 0.27% (95%ci 2.28 x 1079 — 00) greater than
that of normal samples (Wilcoxon signed-rank test p-value = 9.1 x 1072°%), and a greater variance
(Levene test p-value < 1 x 1073) (Figure 4.24b). Interestingly visual inspection of methylation
values in normal tissues (Figure 4.24b & d) suggests a slight bimodality peaking around 50%
methylation that is not present in the tumour samples. These differences are small in absolute
terms and have very wide error margins but are consistent with a picture of dysregulation in

cancer cells [319].

Both Primary Tumour and Solid Tissue Normal samples show slight increasing methylation with

age but age accounts for very little of the variance (linear regression slope estimates = 1.65, 1.52;

R? = 0.0006, 0.0002; p-values 1.20 x 107%, 1.34 x 1073 respectively)(Figure 4.24d).

Consistent with Figure 4.22 the tRNAs tRNA-iMet-CAT-1-4 and tRNA-Ser-AGA-2-6 which have
the highest ranked variance in normal tissue and also rank highly in tumour samples (Figure

4.24c).
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Figure 4.24: Global properties of tRNA methylation data for 45 tRNA genes across 19 tissues
with matched normal and tumour samples from 733 cases in TCGA [372,373].

4.5.4 Expression of tRNAs in Blood with Age

Having observed specific tRNA gene isodecoders hypermethylating with age it followed that the
expression of tsRNA in blood cell-types would be worth exploring to ascertain if the expression
levels of such transcripts declined as DNA methylation levels of the loci which encode them
increase. A bioinformatic approach was devised to attempt to assay tRNA transcription in
order to use standard publicly available small RN A-seq datasets. A customised MINTmap [337]
reference was designed to include only fragments which unambiguously map to a single tRNA
gene locus and which overlap the 5’ or 3’ end of the genomic tRNA sequence by at least one base
with no mismatches. This reference is intended to capture pre-tRNAs prior to processing and

CCA addition operating under the assumption that the levels of pre-tRNAs will be informative



4.5. RESULTS 193

about the amount of transcription taking place at the tRNA loci (see Methods 4.4.7). This
custom MINTmap reference build yielded 383 fragments mapping to 92 distinct tRNA loci in
this data. The lack of coverage of age hypermethylating tRNAs by uniquely attributable RNA-
seq reads prevented us from drawing any strong conclusions about the relationship between

DNAm changes and changes in tRNA transeription.

Using the original MINTmap reference optimised to detect tRNA fragments derived from mature
tRNAs there were 5384 unique fragments derived from as many as 417 tRNA loci. However, the
mapping between fragments and loci in this reference is many to many, with each tRNA gene
able to give rise to many fragments and each fragment attributable to at least 1 and usually many
tRNA genes. The examination of these fragments was limited to those with a length of greater
than or equal to 40nt to capture reads more likely to be derived from mature tRNAs rather than
tRFs or tRNA halves (Figure 4.26). 48 tsRNAs with nominally significant expression changes (p
< 0.05) were identified, 8 increased and 40 decreased in abundance with age. For example 5 of 6
fragments showing significant age-related expression changes derived from the Gln-CTG family
of tRNAs are decreasing with age (Figure 4.25). This is suggestive that expression of some tRNA
genes may decline with age but this possibility is in need of additional tRNA expression data

before it can be asserted with confidence.

GIn-CTG
tRF-40-13VF4YO9XEKJ5REN tRF-41-DBYJE76INBSPLMLIE 1RF-41-U47P293DWUHEQES0E
p = 8.2e-03, R* = 0.05 p=1.4e-02, R? = 0.09 p = 4.5e-02, R* = 0.09

IRF-46-94U47P299DWUHBQESOE {RF-49-R9J890SNF5WEETOMJHFS RF-50-R9J890SNFSWEE7OMJHHS
p =2.0e-02, R* = 0,05 p=1.8e-02, R*=0.13 p = 4.4e-02, R* = 0.06

log(RPM / total read count)

Age /yrs

Figure 4.25: tRNA fragments derived from the GIn-CTG family of tRNAs, selected as tRNA-
Gln-CTG-7-1 is one of the 16 study-wide significant age-hypermethylating tRNA genes. Pane
titles contain the MINTbase Plates, unique identifiers of the tRNA fragments [329].
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4.5.4.1 MINTmap reference Fragment distribution

In the original MINTmap reference (Figure 4.26b) there are peaks at around 18nt, 22nt and
32nt. This is consistent with the expected tRNA fragment size distributions with ‘tRNA halves’
at 30-33nt and other tRFs at 18nt and 22nt. In this custom reference (Figure 4.26a) whilst
there is still a peak at ~18nt, with suggestions of peaks near 22nt and 32nt the tRNA fragment
length distribution is somewhat different from that of the standard MINTmap reference. There
are larger peaks at ~28 and -40nt consistent with the longer fragments expected given that

this reference aimed to target fragments derived from pre-tRNAs not tRFs derived from mature
tRNAs.

B -
Custom Original
0.06
0.06
. 0.04 004
7 @
= o
18] 4]
=] =]
G 0.02
0.00 0.00
20 30 40 50 20 30 40 50
tRNA fragment length /bp tRNA fragment length /bp

Figure 4.26: Comparison of the fragment size distributions between our custom reference A)

and the original the MINTmap reference B).

4.5.5 Mice also show age-related tRINA gene DNA hypermethylation

To see if this age-related tRNA gene DNA hypermethylation was present in another mammal, the
DNA methylation of the mouse tRNA genes was examined using data from a reduced represen-
tation bisulfite sequencing (RRBS) experiment performed by Petkovich et al. [375]. These data
from 152 mice covered 51 tRNA genes and 385 CpGs after QC (see Methods 4.4.8), representing
~11% of mouse tRNA genes. The mice ranged in age from 0.67-35 months.

Three of the 51 tRNAs showed Bonferroni significant DN A methylation changes with age (p-value
< 1.08 x 107%) and all were in the hypermethylation direction. These three are tRNA-Asp-GTC-1-
12, tRNA-Tle-AAT-1-4, tRNA-Glu-TTC-1-3 (Figure 4.27). Full Age model Results are available

in appendix 6.9.
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Figure 4.27: DNA methylation of CpGs in 3 tRNA which significantly hypermethylate with age
in mice, in data from Petkovich et al. [375]. 6 CpGs reach Bonferroni significance and 7 show

nominally significant increases.

In order to investigate the mouse results further data from Thornlow et al. [380], which had
established tRNA ortholog sets for 29 mammalian species, were used. They identified 197 mouse
tRNAs as having direct human orthologs with 44 of these included in the mouse results from
Petkovich et al. [375]. However, unfortunately, although 2 of the top 3 tRNAs (tRNA-Ser-AGA-
2-6 & tRNA-TleeAAT-4-1) have mouse orthologs (tRNA-Ser-AGA-2-2 & tRNA-Tle-AAT-1-1),
they are not covered in these mouse data. Furthermore, none of the tRNAs showing significant
hypermethylation in mice (at nominal p<0.05) had human orthologs in our MeDIP-seq study-
wide significant hypermethylating set. Therefore, whilst specific tRNA loci cannot be directly
compared due to this lack of coverage, it is interesting that the small number of significant tRNA
genes in the mouse data also hypermethylate with age.
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4.6 Discussion

This work has identified a previously unknown enrichment for age-related epigenetic changes
within the tRNA genes of the human genome. This observation was strongly directional with
increasing DNA methylation with age [381]. The MeDIP-seq dataset employed brought advan-
tages in exploring this undefined terrain of the tRNAome. Firstly, being genome-wide it provides
much increased access, as these regions are poorly covered by current arrays. Secondly, being a
fragment-based regional assessment of DNA methylation, the individual but highly similar small

tRNA genes can be surrounded by unique sequence.

It was determined by genome-wide permutation that this strong hypermethylation signal was
specific to the tRNAome, and not merely driven by the underlying CpG density of these loci. A
targeted BiS-seq experiment validated the defined nature of the tRNA change in an independent
dataset, with a pooled sample approach, which may also be useful for other ageing-related
targeted DNA methylome evaluations. Additionally, support was gained for these results from

limited DNA methylation array data.

Whilst the changes in DNA methylation observed here are relatively small (i.e. 3.7% between
4-year to 78-year pools in tRNA-iMet-CAT-1-4), this is consistent with the effect size seen in the
majority of positions differentially methylated with age in many other studies [120,382], except
for the noted extreme outliers, such as EVOLV?2 [383]. Furthermore, effect size cut-offs have
distinct limitations, they do not generalise well between studies and they have been observed to

remove a large fraction of true age-DMPs [384].

Additional exploration of what was driving this age-related phenomenon and its possible bio-
logical implications was undertaken. This result was observed in DNA from peripheral blood,
a source with a heterogeneous cell-type population [225]. Moreover, there are well known age-
related proportional changes in peripheral blood cell composition [377]. The TwinsUK MeDIP-
seq and 450k array DNA methylation data included measured haematological values. Therefore,
major cell type effects such as a myeloid skew were adjusted for, and distinct tRNAs were still
significant. Although, a caveat to this is that one cannot exclude changes in minor specific sub-
cell fraction types. However, that these age-related effects were strong enough to be observed
in both a regional MeDIP-seq assessment, DNA methylation arrays with minimal coverage of
the tRNA genes, and a pooled sequencing approach, implies that they not extremely subtle.
Agerelated tRNA gene DNA methylation changes were observed in the limited subset of mouse
tRNA genes covered in publicly available RRBS data (~13%) and were able to identify tRNAs
exhibiting DNA hypermethylation with age in this set. This suggests that age-related tRNA

gene hypermethylation may not be unique to humans, and may extend at least across mammals.

The high number of hypermethylating tRNAs prior to cell-type correction pointed to the possi-
bility that the epigenetic state of this small tRN Aome fraction of genome could capture cell-type.
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tRNA gene DNA methylation was found to be capable of separating myeloid from lymphoid lin-
eages. There also was some suggestion of more fine-grained blood cell-type signatures in tRNA
DNAm, such as the separation of CD19+ B cells from CD4/8+ T cells. Ageing is also known
to lead to an increase in senescent cells (e.g. CD8+ CD28- cells). Whether these epigenetic
changes in the tRNAome uniquely represent these cell-types will require technical advances to
enable future single cell DNA methylome analysis to accurately assess these regions. If further

supported, the epigenetic state of these loci may aid the taxonomy of cell-type definition.

This signal within the tRNA families was observed to occur at specific Isodecoders. After cor-
recting for major cell types, two tRNA genes, tRNA-iMet-CAT-1-4 and tRNA-Ser-AGA-2-6,
were identified which had the most consistent hypermethylation across 3 different assays. Isode-
coders expand in number with organismal complexity and the high prevalence in mammals has
been suggested to be due to their additional regulatory functionality [385,334]. They also have
distinct translational efficiency [386], which can also have consequences in human disease [327].
Furthermore, there is great complexity to the fragmentation of tRNA [340], with physiological
processes such as stress shown to induce fragment production [387]. These resultant tsRNAs can
feedback on protein synthesis by regulating ribosome biogenesis [338] and others have diverse
regulatory functions such as targeting transposable element transcripts [339]. They are also
observed to circulate in the blood in a cell-free fashion, and fragment levels can be modulated
by ageing and calorie restriction [346]. The isodecoder specific nature of our findings frame a
possible hypothesis for regulatory change with age and future work will be required to unravel

this potential.

There was an inconsistent result for tRNA-Tle-AAT-4-1, it is covered by a MeDIP-seq 500bp
window which exhibited genome-wide significant hypermethylation, but also partially overlaps
tRNA-Ser-AGA-2-6 (Figure 3B). Whilst the 450k array probe overlapping tRNA-Tle-AAT-4-1
(cg06382303) appears to replicate this hypermethylation, it is a borderline case for exclusion
flagged by Zhou et al. [223] due to non-unique 30bp 3’ subsequence. In the targeted Bisulfite
sequencing data, tRNA-Tle-A AT-4-1 exhibited a loss of methylation. Therefore, this may suggest
that the hypermethylation signal observed at this locus in the MeDIP-seq data could have been
‘pulled up’ by the neighbouring tRNA-Ser-AGA-2-6 hypermethylation signal. Of the 16 study-
wide significant tRNA genes, only these two have a shared significant window, furthermore, in

the expanded set of 44 only tRNA-Thr-AGT-1-2 could be similarly affected.

Codon usage frequencies have been claimed to be mostly invariant in the transcriptomes of a
wide range of tissues, as well as across developmental time [378], Although, others have found

the majority of isodecoders are transcribed in different cell types [303].

However, differences in the codon usage of genes with highly tissue-specific expression patterns
have been observed [388]. Transcriptome codon usage frequency and corresponding tRNA gene

expression levels have been claimed to vary with several other factors; notably, the replicative
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state of cells, as well as across developmental time [389]. Experimental stress-related states have
revealed changes with an over-representation of codons that are translated by rare tRNAs [323].
Differences in the codon usage of genes with highly tissue-specifically expressed genes have been
observed [390]. It has however been argued that these differences are substantially explained by
variation in GC content [391], and the extent to which codon usage plays a role in regulation
of translation remains contested. Changes in the epigenetic state of specific tRNAs could be
modulating transcription efficiency or even codon availability in the ageing cell. tRNA gene

dosage is quite closely matched to amino acid usage frequency in the human exome.

The location of tRNA-Ser-AGA-2-6 and tRNA-Tle-AAT-4-1 immediately downstream of CTCT
and of tRNA-Ile-AAT-4-1 within the 3’UTR of an alternate isoform of CTC1, which undergoes
nonsense mediated decay raises the possibility that the gene body epigenetic regulation of CTC1
may impact on the state of these tRNA genes. C'T'C'’s function in telomere maintenance [392],
DNA replication licensing [393], and it’s role in a rare progeroid condition [394] indicate that it
has ageing-relevant biology. The possible relationship between the regulation of CTCT and that

of the tRNA genes downstream of it warrants further study.

Several transcription factors acting via TFIIIB [317] have a negative (the tumour suppressors
p53 [315] and Rb [316]) or positive (the proto-oncogene c-Myc) influence [317]. Regulatory
sequence in the flanking or the internal regions of tRNA genes do not explain tRNA expression
variation [389]. Whilst DNAm is able to repress the expression of tRNA genes [320] in a plasmid
expression system, the broader chromatin environment also affects tRNA transcription. Due
to the co-ordinated nature of epigenomic modifications, it may also be revealing to evaluate

ageing-related histone modification in these tRNA loci.

tRNA sequences themselves are under strong structural (both secondary and tertiary) [385]
as well as functional constraint, which leads to an order of magnitude reduction in variation
compared the background genomic mutation rate [303]. However, polymorphic tRNA could be
another potential caveat to this work. Although, there is no significant population variation
in, for example, tRNA iMet sequences in 1,000 Genomes data. Indeed, there are only 11 new
isodecoder sequences with high confidence (RN Ascan scores > 50) at >1% population frequency
[303]. Despite strong purifying selection maintaining very low variation in tRNA gene bodies,
tRNA genes are subject to high levels of transcription-associated mutagenesis (TAM) leading
to elevated mutation rates over evolutionary time in their immediate flanking sequences [395].
There is also some evidence for tRNA copy number variation at specific loci, although this
remains under-characterised [396,397]. Another potential cause considered was whether age-
related somatic copy number increases could be occurring in these loci. Population or somatic
copy number expansions could lead to increased methylated reads in MeDIP-seq without any
epigenetic state change. However, this would not be consistent with the targeted and array BiS

conversion methodologies, where the proportion of methylated to unmethylated reads would still
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be constant.

It is worth noting the parallels with known cancer and ageing epigenetic changes, and that
tRNAs are also dysregulated in cancer [319], with proposed utility as prognostic markers [318].
Furthermore, the early replicating state of tRNA loci, potentially associated with high expression
[398], may make them prone to hypermethylate, as is observed in early replicating loci in both
cancer [399] and senescent cells [400]. Interestingly, tRNA gene loci may also play a role in
local as well as large scale genome organisation [Hamdani2019; [354]]. tRNA gene clusters act
as insulators [353] and have extensive long-range chromatin interactions with other tRNA gene
loci [354]. The coordinated transcription of tRNAs at subnuclear foci and the B-box sequence
elements bound by TFIIIC and not pollll may represent an organising principle for 3D-chromatin
by providing spatial constraints [355]. Therefore, these tRNA epigenetic changes could contribute

to the structural changes that are also observed in ageing [401].

A predominantly unmethylated state across fetal (Figure 4.23) and adult tissues (Figure 4.22)
was observed at tRNA gene loci, consistent with the high rate of transcription at many tRNA
gene loci. We suspect that the tRNA genes largely remain unmethylated through development
and that the moderate increases in DNAm that are observed with age at these loci are being
driven by changes arising primarily in older individuals. Distinct biological changes have been
observed recently in aged individuals [402,403]. This would also be consistent with the lack of
significant differences in the tRNA loci detected between the neonate and the 26-year-old adult
in the Heyn et al. [161] data. This low baseline DNA methylation of the tRNA genes may also
explain why the observed age related changes are predominantly hypermethylation. Whether
this is driven by mechanisms, such as aberrant DNA methylation targeting of the tRNA loci or

specific sub-celltype effects with age, will require further experimental investigation.

The attempt to estimate tRNA transcription by identifying fragments which may be derived
from pre-tRNA sequences has serious limitations. It assumes that pre-tRNA levels reflect the
amount of tRNA transcription, however, this may not be the case as pre-tRNAs are rapidly
processed to mature tRNAs. The requirement for a read length of at least 40nt only has only
a limited ability to distinguish full length tRNAs from tRNA derived small-RNAs, and the
short read length of the data prevented the use of a higher threshold. Furthermore the limited
number of reads unambiguously mapping to a specific tRNA locus limits the utility of this
approach for inferring the effects of epigenetic changes at a specific locus on the expression at
that locus. tsRNA abundance has been associated with locus specific tRNA gene expression,
in some cases independent of mature tRNA levels [331]. This has important implications for
the interpretation of these results given the multi-copy nature of genes like tRNA-iMet-CAT-1-
4, as even if expression levels of mature iMet tRNAs are unaffected by changes in one copy’s
DNA methylation, these changes could still influence the levels of particular tsRNAs derived
from specific tRNA loci. The implications of these changes in DNAm levels at tRNA genes for
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biological ageing warrant further exploration.

In conclusion, due to the unique challenges that make the tRNAome difficult to examine it has
remained epigenetically under-characterised despite its critical importance for cell function. This
work directly interrogates the epigenetic DNA methylation state of the functionally important
tRNAome, across the age spectrum in a range of datasets as well as methodologies and identified

an enrichment for age-related DNA hypermethylation in the human tRNA genes.



Chapter 5

DINA methylation clocks in Alu

Elements

5.1 Abstract

Alu repeat elements the most numerous repetitive sequence element in the human genome making
up ~10.7% of total genomic sequence. Alus are generally repressed but contain features with
the potential to have regulatory impact were they accessible. Loss of the repression of repetitive
elements is thought to occur with age, due in part to a reduction in global DNA methylation
levels driven by repeats. This change in DNA methylation in repetitive elements with age may
capture information about biological ageing not captured by other such DNA methylation based
predictors. Age predictors trained using elastic net regression on MeDIP-seq data for Alus (n
= 774) were able to predict the age of an unrelated set of (n = 664) individuals with and
R of 0.65 and a median absolute error of 8.1 years. The Alu age estimators were prone to
overestimating the age of older samples and underestimating the age of younger samples. The
difference between predicted age and chronological age, the Alu age acceleration was used to
perform GWAS. The top 4 SNPs common between GWAS for 2 different Alu age predictors
showed associations with phenotypes plausibly related to biological ageing. However, Alu Age
acceleration was observed to be strongly correlated with Chronological age rendering it difficult
to separate genetic associations with Alu age acceleration from those with chronological age.
This association may be due to the relatively poor quantitation of absolute methylation levels

by MeDIP-seq resulting in bias in the age prediction model.

201
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5.2 Introduction

As we age biological systems from the molecular to the macroscopic undergo functional decline.
This increasingly impaired function with time results in increased risk for a wide variety of
chronic disease states and indeed for co-morbidities with these conditions [288]. Among the

molecular changes that occur with age are alterations to the epigenome [30].

Approximately 45% of the human genome is comprised of repetitive or transposable elements
[404,405] (Figure 5.1). The repression of these elements to prevent their expansion or the impact
of their latent regulatory potential from effecting genomie stability and regulation is a core func-
tion of epigenetic mechanisms [406]. The most common DNA modification, 5-methylcytosine
(5mC) at CpG loci, exhibits the most well documented age-related changes, and plays a central
role in the repression of repetitive and transposable elements [11]. DNA methylation also classi-
cally functions to repress gene expression at promoters [407], similar to the repressive role that
is plays at repetitive elements. Beyond solely repressive effects, DNA methylation in gene bodies

can modulate expression [408] and influence splicing patterns [409].

CpG island

Rest

Other
repeats

Human genome (bp)

Figure 5.1: Proportion of the Human genome given over to different repeat classes

‘Rest’ indicates the non-repeat features. Reproduced form Jorda et al. [410] Figure 1 b.

Demethylation of repetitive elements is thought to be a major contributor to the global decreases
in bulk 5mC with age [138,411]. Some regions of the genome show increasing DNA methylation
with age, notably, the promoters of polycomb target genes [155], bivalent chromatin domains

[153] and specific tRNA genes Chapter 4 [1].

Alu elements are the single most abundant transposon in the human genome with ~1.19 million
copies and comprising ~10.7% of the total genomic sequence [412,413]. Alu elements are mem-
bers of the short interspersed nuclear elements (SINEs) family of non-LTR retrotransposons, are

~300bp in length, and are derived from the 7SL RNA gene [414]. SINEs are non-autonomous,
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unlike LINEs (short interspersed nuclear elements) they do not encode their own reverse tran-
seriptase (RT) but instead replicate making use of an RT encoded in an active LINE element,
such as one of the small number of active LINE-1 elements [-—113,—115]. The Alu elements arose
from the 7SL sequence via the FAM sequences, which gave rise to truncated variants, FRAM

and FLAM the fusion of which yielded the current dimeric Alu sequence [416].
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L} Z o )
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Figure 5.2: Structure of an Alu element A complete Alu element contains the A and B box
sequence elements from an RNA pollll promoter, a central A rich region, a short insertion in
the right arm, and a poly A region involved in retrotransposition and insertion. There is not
an explicit pollll terminator in the Alu sequence so transcription continues through arbitrary
flanking sequence until a run of at least 4 Ts, is encountered [417,418]. FLAM sequences are the

origin of the Left arm and FRAMSs the origin of the Right [416].

Alus are primate specific and arose ~65 million years ago (MYA), with a peak in amplification
around ~40 MYA (Figure 5.3) [419]. Non-LTR retrotransposons, including Alu, L1 and SVA
elements, are active in humans. Mutagenesis arising from Alu element insertion and Alu element
mediated recombination is responsible for an estimated 0.4% of all human genetic disorders

[05,420]
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Figure 5.3: Alu element Age and history of expansion in primates Mya (milion years
ago). Reproduced from Batzer & Deininger 2002 [418].

Alu elements are CpG rich (Figure 5.4), accounting for ~7.5 million CpGs, or ~25% of all human
CpG sites (Figure 5.5) [413]. High levels of DNA methylation predominate at Alu elements
across normal tissues. Furthermore Alu elements are more resistant to hypomethylation than
other repetitive elements in cancer cells. This is indicative of strong pressure to maintain their

repressed state [410].
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Figure 5.4: Alu elements are CpG dense FAM, FLAM and FRAM sequences are the pre-
cursors which gave rise to the modern Alu families, they are less CpG dense than the AluS and
AluY families and closer to the global average of ~1.8% Chapter 1.4.2.

Alu elements contain many sequences with the potential to effect gene regulation, and indeed do
effect gene expression [421,422]. There are numerous TFBSs in the canonical sequences of ele-
ments in the Alu family [423], and some may possess enhancer activity [424]. DNA methylation
levels at transcription factor binding sites (TFBS) modulate the binding affinity of transcription
factors for these sites [425,88]. Thus deterioration in the effectiveness of the repression of Alu el-
ements has the potential to disruptively expose this latent regulatory function [426,290,427,428].
Epigenetic reactivation of cryptic cis-regulatory elements (CREs) within transposons has been
show to act as an oncogenic driver [429], including specifically from Alu elements [430]. Alu ele-
ment methylation has also previously been correlated with age-related phenotypes. Hypomethy-
lation of Alu elements in blood cells has been associated with increasing age and with lower
bone mass [431]. Alu and LINE-1 elements were more methylated in the circulating cell-free
DNA of women with an older age an menopause [432]. De-repression of Alu elements also has
the potential to influence common non-malignant diseases including neurodegenerative and auto

immune conditions [290,433].

Statistical methods for sparse regression analysis combined with quantitative assays of DNA
methylation with high positional resolution, which cover a large number of loci, have permitted
the construction of ‘DNA methylation clocks' which predict chronological age with a high degree

of accuracy [293,434]. The difference between chronological and predicted age know as the 'age ac-
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celeration’ has been found to capture aspects of biological ageing in a number of these clocks. For
example, Age acceleration is a strong predictor of all-cause mortality [190]. Whilst DNA hyper-
methylation and hypomethylation are driven by distinct mechanisms [435,101] CpGs undergoing
these processes are approximately equally represented in DNA methylation clocks. Interestingly
however, hypomethylating CpGs were identified by Zhang et al. to be the most indicative of bi-
ological ageing-related all-cause mortality effects in blood [436]. Most DNA methylation clocks
constructed in humans have been constructed using the Illumina bead chip array based DNA
methylation assays. The coverage of these assays is strongly focused on promoters [154], CpG is-
lands [162], and more recently enhancers [210]. However, array coverage of repetitive elements is
lacking due in part to the technical challenges of accurate mapping in these spaces [434]. Despite
this, a small number of CpGs in repeat elements are present in existing DNA methylation age
clocks (Figure 5.5). Thus, much of the genomic hypomethylation goes uncovered by the assays

most commonly used to construct human epigenetic clocks.
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Figure 5.5: Comparison of the overlap of different repeat classes [437] with four DNA methylation
clocks (Horvath clock [168], Hannum et al. clock [167], PhenoAge clock [193], epiTOC clock [372])
as well as [llumina array CpGs (27k [154], 450k [162], EPIC [210]) and all CpGs in the genome.
Reproduced from Bell et al. [434] figure 2H.

In this study elastic net regression models were used to construct age predictors comprised of the
DNA methylation state of Alu elements [438]. DN A methylation data at Alu elements was drawn
from a MeDIP-seq dataset described in the Methods Chapter 2. Alu-specific DNA methylation

ageing clocks were constructed and compared to other clocks’ measures.
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5.3 Methods

5.3.1 DNA methylome data

The Methylated DNA Immunoprecipitation sequencing (MeDIP-seq) data was processed as pre-
viously described [209,107] and detailed in Methods 2.2. These processed data are available from
the European Genome-phenome Archive (EGA) (https://www.ebi.ac.uk/ega) under study num-
ber EGAS00001001910 and dataset EGADO00010000983 and were generated by BGI Shenzen for
TwinsUK.

MEDIPS (v1.0) was used for the MeDIP-seq analysis [128]. This produced reads per million base
pairs (RPM) values binned into 500bp windows with a 250bp slide in the BED format, resulting

in ~12.8 million windows on the genome.

5.3.2 Alu element annotation and pre-filtering

Alu element annotations were taken from Repeat Masker [437], only Alus on the autosomes were
considered. 2,758,588 500bp windows with a 250bp slide overlapped the 1,137,653 Alu elements

annotated.

Technically problematic and genetically confounded Alu element loci were removed. Alu elements
located in blacklisted 834 regions of the hgl9 genome, as identified by Amemiya et al. [357] were
excluded as candidate loci when constructing DNAm clocks. Alu elements overlapping known
structural variants identified by the 1000 genomes project [439] were excluded as candidate clock
loci. Alu insertion variants can alter splicing patterns, this can affect disease risk, for example a
particular Alu insertion elevates the risk of multiple sclerosis [440]. Polymorphic Alu elements
are disproportionately represented at disease associated loci in GWAS [433] Genetic variants
which impact on the rate of biological ageing could confound DNA methylation ageing signal
hence the exclusion of know polymorphic Alu Loci. Haplotype specific methylation peaks, in
which a common disease associated genetic variant is predictive of DNA methylation state, were
also excluded from the clock; Bell et al. identified 7,173 such regions [107]. To exclude loci with
low coverage which are likely to be uninformative and noisy a zero filter was used. In quantile

normalised data loci in which 0.1% or more of samples have an RPM value of 0 are excluded.

5.3.3 Elastic net regression

Bigstatsr was used to fit penalised regression models [438]. Elastic net regression with an
a = 0.5, and cross-model selection and averaging (CMSA) with 10 fold cross-validation was
used. This procedure obviates the necessity of selecting a A regularisation hyperparameter.

CMSA generates model coeflicient by averaging across coeflicients generated by cross-validation
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[438,169,441]. Details of the training and replication set to which elastic net regression was

applied are detailed in Sample Selection 5.3.4.

5.3.4 Sample Selection

Two training and two replication sets were created from the twin data so as to permit the
training and replication sets to be unrelated. The training sets, which were permitted to contain
singletons, contained 1548 individuals and the replication sets contained the 1308 individuals
who where twins of those in the replication sets. The 1548 individuals in the training sets were
randomly split into 2 groups of 774 the replication set for each training set was comprised of the
twins of the other training set such that two training sets with unrelated replication sets could
be construeted (Figure 5.6). Giving a total of 2856 individuals in all sets, 2617 were female and

239 male, sex was approximately equally distributed between sets with all sets being ~8% male.

Twin 2 Twin 1 Twin 2

Replication 2 Tramning 1 Replication 1

M
S0

Replication 1 Training 2
Figure 5.6: Construction of training and replication sets Twin pairs were split one twin in

Random 50:50 split

Swap along split for unrelated pairs of sets

Training 2

each group. The first group of twins was split into two groups with a random number generator.
The twins of the individuals in one random half of the group were assigned to be the replication
set for the other half, producing two sets of unrelated training and replication groups. Models
were also used to predict the age of related individuals to gauge the effect of genetic factors on

the predictive power of the models.

The age distribution of these training and replication sets are highly similar (Figure 5.7).
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Age Distiributions of Training and Replication Sets

replication

replication2

training1

training2

40 60 80 20 40 60
Age lyrs

Figure 5.7: Age distribution of training and replication sets Training 1 (n = 774,
64M/710F); Training 2 (n = 774, 65M/T09F); Replication 1 (n = 664, 55M/609F ), unrelated to
Training 1; Replication 2 (n = 644, 55M/589F ), unrelated to Training 2. M = Male, F = Female

All sets are comprised of ~2/3 Monozygotic (MZ) twins and ~1/3 Dizygotic (DZ) twins, (exact
numbers are detailed in Figure 5.8).
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300 - Zygosit
269 ygosity
256 - D7
225 . i
o 204
100

0_

Number of individuals

Replication 1 Replication 2 Training 1 Training 2

Set

Figure 5.8: Zygosity Make-up of sets Replication 1 (n = 664, 225 DZ, 439 MZ); Replication
2 (n = 644, 204 DZ, 440 MZ), Training 1 (n = 774, 256 DZ, 518 MZ); Training 2 (n = 774, 269
DZ, 505 M7Z).

A variety of different initial filtering criteria were applied to the Alu elements included in the
models, as well as a number of data transformations. Pre-filtering steps were performed partially
for quality control and partially to see if subsets of the Alu space with biologically interesting
differences could yield clocks of equivalent accuracy but which might capture different aspects
of biological ageing related to repeat de-repression.

Preliminary analysis were carried out using RPM values, Quantile normalised RPM values, Ab-
solute methylation value estimates from MEDIPS and Binarised DNA methylation data. Quantile
normalised RPM values yielded the best and most consistent results and were used in subsequent

analyses.

Whilst Human epigenetic age is logarithmic with time across the lifespan the effects of this are
more relevant at younger ages [442]. We fitted Alu Clock models on the natural logarithm of
age in years this did not improve the quality of predicted to actual age values, likely due in part
to the older age distribution of our data.

An Alu element length filter of at least 180bp or approximately two-thirds the length of a full

length Alu element (~280bp) was imposed. This minimises the number of reads with the potential
to misalign to other Alu elements, reads which, in this context, could lead to reduced accuracy
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of positionally specific Alu DNA methylation estimates [443].

CpG density filters were employed to prioritise regions likely to have dynamic and functionally
interesting differences in DNA methylation. Filters were used for CpG densities above the
genomic background of 2%, as well as for >5% the approximate threshold for CpG island shores

and low methylation regions [34,85].

To limit the selection of predictive sites to those likely to have consistent directions of change
across samples a clock was constructed with only windows which show nominally significant
changes in both members of an M7 twin pair in a consistent direction. Linear models to predict
age based on DNA methylation were fitted for 687 pairs of monozygotic (MZ) twins. Batch infor-
mation and blood cell counts (eosinophils, lymphocytes, monocytes, neutrophils) were included

as covariates.

To produce a model that specifically captures age as a function of the de-repression of Alu
elements clocks were also constructed with only windows which exhibited nominally significant
(p < 0.05) decreases in DNAm in both MZ twins. This filtering was based on the model used in

selecting windows with a consistent direction of change.

An age predictor was also constructed using only AluY elements. AluY is the youngest (Figure
5.3), and most CpG dense (Figure 5.4) family of Alu elements. Having a CpG density closer
to that of typically de-repressed functional elements may make such elements more readily sus-
ceptible to stable de-repression. In addition the host genome has had less time to adapt to the

presence of these elements so their de-repression may be more disruptive than older elements.

5.3.5 Binarisation

In Alu age prediction model for which Binarisation was used the binarisation of DNA methy-
lation data was achieved by a simple procedure: assigning windows in a given sample a DNA
methylation value of 1 if their DNA methylation value was greater than the median RPM value

for this window across samples and a 0 if it was less.

Binarisation of gene expression data yielded increased predictive accuracy in gene expression
based ageing clocks [444]. The reasoning behind this approach is that the quantitation of changes
in gene expression is noisy and binarising the data may reduce the noise whilst retaining the
information important for age prediction. Whilst this approach discards information about the
level of expression, sacrificing power, its success in transcription data indicate that it makes up
for this possibly through greater consistency between samples reducing overfitting to misleading

technical noise.
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5.3.6 Comparisons to other clocks in TwinsUK Illumina 450k array
data

Illumina Infinium DNA methylation 450k arrays ((C) Illumina) were also performed on TwinsUK
participants (Methods 2.1). 574 Blood-derived DNA samples had matched MeDIP-seq data not
used in the training or replication sets in the Alu clock analysis. These data were available for
this analysis in a pre-processed form, Methylation ‘beta’ values subject to beta-mixture quantile

normalisation (BMIQ) as previously described [209,107].

DNA methylation ages were computed for the Horvath [168], Hannum et al. [167] and Levine et
al. ‘PhenoAge’ [193] clocks, using the coefficients, intercept values and transformations specified

the original publications, and a model of the form: DN AmAge = afp,gpe 1---bB +intercept

probe n
Where a, b and intercept are model parameters provided by the authors of the respective DNAm
age predictors. In the absence of an intercept value 0 was used, in the case of the Hannum
clock. All age acceleration values were computed as the predicted age minus the chronological

age, including for the Alu age predictors.

5.3.7 Genome Wide Association studies of Alu Age Acceleration

In collaboration with Pirro Hysi at King’s College London Genome wide association studies
(GWAS) were performed for Alu age acceleration. Genotypic and phenotypeic data from the
TwinsUK adult twin registry (see methods 2), with 1108 individuals being analysed in the
GWAS. Genotype data was generated with a combination of Illumina HumanHap300 and Human-
Hap610Q chips [445]. Intensity data for each of the arrays were pooled separately. Genotypes
were called with the Illuminus32 calling algorithm, thresholding on a maximum posterior proba-
bility of 0.95. Pre-phasing was performed using Eagle v2.4 [446], and imputation was performed
using Minimach 3.0 [447], using haplotype information from the HRC r1.1 2016 reference panel
[448]. Linear mixed models were fitted to test for associations between the phenotypes and
genetic variants using GEMMA v0.94 [449]. Family relatedness arising from the presence of
siblings in the cohort was taken into account in constructing linear mixed models of each variant.
Associations were considered suggestive at a p-value threshold of p < 1 x 107 and significant at

p<5x 1078,
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Table 5.1: Alu Clock Model Summaries A) Models fitted with Training 1 set predicting
Replication 1 ages. B) Models fitted with Training 2 set predicting Replication 2 ages. R is
Pearson’s correlation coefficient. RMSE = root mean squared Error, MAE = median absolute
error. ‘+’ signifies this filter is in addition to element length >180bp and 99.9% non-zero RPM
values at this locus.
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Table 5.2: Summaries of Alu Clock Models Predicting Twin Groups for the purpose
of comparing predictive of age models in related and unrelated samples. A) Models fitted with
Training 1 set predicting Replication 2 ages. B) Models fitted with Training 2 set predicting
Replication 1 ages. R is Pearson’s correlation coeflicient. RMSE = root mean squared Error,
MAE = median absolute error. ‘4’ signifies this filter is in addition to element length >180bp
and 99.9% non-zero RPM values at this locus.
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5.4 Results

Table 5.1 summarises the details of Alu clocks trained with the various pre-filtering criteria
applied to their starting sets. The correlation with the predicted age and the chronological age
of samples unrelated to the individuals on which the clock was trained indicate model quality
(Figure 5.9 a). The quality of the Alu clock predictions is quite poor in comparison to other
DNA methylation clocks with the highest R of 0.65 and a median absolute error of 8.1 years,

compared to 0.96 and 3.6 years for Horvath’s multi-tissue clock [168].

Table 5.2 shows the model summaries when correlations are computed for for the related sets
comprised of the twins of individuals in the training set. The correlations are mostly slightly
higher for this prediction than for the prediction of unrelated individuals (Figure 5.9 b). This
suggests that there are not large genetic effects on the models as their predictive efficacy is only
marginally better when employed to predict the age of individuals closely related to the training

set compared to unrelated individuals.



214 CHAPTER 5. DNA METHYLATION CLOCKS IN ALU ELEMENTS

A B
Training 1 Training 2 Training 1 Training 2
Replication 1 Replication 2 Replication 2 Replication 1
754 75+ :
z z
=] o
504 e 50 o
g B
@ i
254 254 2
Wy
R=0.63, FPa0.40, MAE =8.0
751 754
v v
3§ 8§
£ 4 T o &0 4 70
50 N 2 50 N %
o - c 4
&£ &
a1 i 254
(L]
R=0.82, R*=0.38, MAE=8.3
L
754 “‘ 754
+ +
s mg re
0+ - 5= 50 4 3=
(] "z
< <
25+ . 25 4
R=0.28, F=0.09, MAE=9.6
754 754
+ +
£ g
50 0o 5 e
— 504 — 504
22| W ]
4 2| 5 T2
@ 2| @ =
b - 3 _ =
%25- P %23- _-‘._;.
< A=0.61, A'=0.37, MAE=8.2 A=0.57, R'=0.33, MAE=8.6 < A=0.63, A’=0.40, MAE=8.2 A=0.58, A*=0.34, MAE=8.6
w =
2 g2
g - 2
S 754 ] < 754
c il c +
£ 8| £ g
= " = N
© 504 Bo| © so04 a5
£F #
2 g
- -
25+ 254
754 751 :
+ +
50 Z 0 =
504 S04 =
g g
251 254 e
A
R=0.58, F?=0.34, MAE=B.2
754 754
+ +
g0 o £
804 ; 7 50 4 g a
5% sE
2 ; 2
254 25 4 E;A v
R=0.51, A*=0.26, MAE=B.4
754 754
=
i £
| 3
50 B+ 5014 B+
= =
B B
5 3
254 =, 254 2 =
| R=0.43, A=0.19, MAE=5.0 R=0.40, F'=0.16, MAE=9.2 R=0.49, R'=0.24, MAE=3.2 R=0.33, A’=0.11, MAE=B.8
o R AR BT, BN R0, — HeDAR FP-D16, HAS- 8 i H-fas Ir-Doh, NAE- 2 s e an e N
25 50 75 25 50 75 25 50 75 25 50 75
Predicted Age (years) Predicted Age (years)

Figure 5.9: Correlation of Predicted with Chronological Age Across Models MAE =
median absolute error. Orange = High R?, purple = low R?. ‘4 signifies this filter is in addition
to element length >180bp and 99.9% non-zero RPM values at this locus.
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5.4.1 Comparison to other DNA methylation clocks

To compare the Alu clock results with those of other DNA methylation age clocks DNAm age was
predicted for the: Horvath [168], Hannum et al. [167] and Levine et al. ‘PhenoAge’ [193] clocks
(Methods 5.3.6) using samples for which both DNA methylation array data and MeDIP-seq data
was available (n = 574). The array based clocks all perform similarly with R values in excess of
0.8, the Alu clock only attains an R of 0.46, though with a narrower error than PhenoAge. This
however, is not entirely surprising given that PhenoAge aims to capture ageing phenotypes and

not narrowly chronological age.

Alu Clock | Hannun Horvalh PhenoAge

-]
wm

w
=]

Predicted Age (years)
[y~]

4 R=0.48, A*=0.21, MAE=T.7 F=0.B4, A*=0.71, MAE=2.7 R=0.84, A*=0.70, MAE=4.9 . A=0.81, A=0.65, MAE=11.6

o
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Figure 5.10: Correlation of Alu Age Acceleration with Chronological Age Across

Models MAE = median absolute error. Orange = High R2, purple = low R2. Alu Clock here
refers to the unfiltered model trained on the Training 1 set.
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Figure 5.11: Correlation of Alu Age Acceleration with Chronological Age Across
Models MAE = median absolute error. Orange = High R?, purple = low R2. Alu Clock here
refers to the unfiltered model trained on the Training 1 set.

5.4.2 Alu Age Acceleration

The age acceleration values (Chronological - Predicted Age) for the Alu clocks are strongly
correlated with chronological age (Figure 5.12), unlike the age acceleration of the Horvath DNA
methylation clock and others (Figure 5.13). The older the individual the more prone their age
is to be overestimated and vice versa. This means that Alu clock age acceleration values cannot

be used independently of chronological age to make statements about biological age.
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Figure 5.12: Correlation of Alu Age Acceleration with Chronological Age Across

Models MAE = median absolute error. Orange = High R?, purple = low R?. ‘4’ signifies this

filter is in addition to element length >180bp and 99.9% non-zero RPM values at this locus.
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Figure 5.13: Correlation of Age Acceleration with Chronological Age Across Models
MAE = median absolute error. Orange = High R?, purple = low R2. Alu Clock here refers
to the unfiltered model trained on the Training 1 set. ‘4’ signifies this filter is in addition to
element length >180bp and 99.9% non-zero RPM values at this locus.

Age acceleration in the Alu clocks is not strongly correlated with age acceleration in the Horvath,

Hannun or PhenoAge clocks.
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5.4.3 Top results Genome Wide Association studies of Alu Age Accel-

eration are shared by Alu Age predictors

Genome wide association studies (GWAS) for Alu age acceleration using acceleration metrics
from two models were performed. The models used were the unfiltered (model 1) and the element
length and percent zero filtered (model 2) models trained on training set 1. The Manhattan plots
in Figures 5.15 & 5.16 illustrate that GWAS for these two models have similar results with the
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GWAS for model 2 attaining some lower p-values than model 1.
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Figure 5.15: Manhattan plot showing the results of a GWAS for Alu Age acceleration computed

with the predictor trained using Training set 1 on unfiltered windows.
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Figure 5.16: Manhattan plot showing the results of a GWAS for Alu Age acceleration computed
with the predictor trained using Training set 1 on windows filtered to have an element length

>180bp and 99.9% non-zero RPM values at each locus.

Neither model had any associations with a genome wide significant p-value of p < 5 x 1078,
model 1 had 115 and model 2 130 SNPs below the suggestive threshold of p < 1 x 107, These
sites are listed in appendix 6.14 with the top 10 sites from each GWAS shown in Figures 5.3 &
5.4 respectively. There is substantial overlap between the 2 sets with 143 unique SNPs in the

combined list.

##

## —— Column specification
## cols(

## chr = col_double(),
## end = col_double(),

## n_miss = col_double(),

## alt = col_character(),

1]

## ref = col_character(),
## af = col_double(),

## beta = col_double(),
## se = col_double(),

## p_score = col_double(),
## start = col_double(),
##  rsid = col_character(),

##  vcfstr = col_character()

##t )
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Table 5.3: Top 10 SNPs from model 1.

locus ref alt AF SNP p-value
Chrl12: 28,247,840 C T KIKUEE rs192929352 EERiIEg
Chrl12: 28,249,160 G A KIAUERE rs73080027 R4S
Chr12: 28,275,831 C T [HIKUEN rs12320589 ReRg(Eikg
Chr12: 28,275,948 A G JIRUEN rs73081931 RS
Chrl2: 28,437,969 G A JKIHOEN rs73083941 [RegRleNikg
Chr12: 78,820,816 T C rs2060031 9.1e-07
Chr12: 28,329,758 G C rs73081984
Chr12: 28,334,179 T G rs115527307
Chr12: 28,319,636 T C rs73081974
Chr12: 28,311,049 C T rs115986349

##

#i#

## —— Column specification

## cols(

## chr = col_double(),

## end = col double(),

## 1 miss = col _double(),

## alt = col_character(),

## ref = col character(),

## af = col_double(),

## beta = col double(),

## se = col_double(),

## p_score = col_double(),

##  start = col_double(),

## rsid = col_character(),

##  vcfstr = col_character()

# )

The top 4 sites in both models are the same: rs192929352, rs73080027, rs12320589, & rs73081931

and are in strong linkage disequilibrium with one another. These sites are located in close

proximity to one another on chromosome 12 (Figure 5.17).
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Table 5.4: Top 10 SNPs from model 2.
locus ref alt AF SNP p-value
Chrl2: 28,247,840 C T rs192929352 HiRstIealle
Chrl2: 28,249,160 G A rs73080027 MiRsygealls]
Chrl2: 28,275,831 C T rs12320589 A0S
Chrl2: 28,275,948 A G rs73081931 PR k¢
Chrl2: 28,258,339 C T rs35792578
Chrl2: 28,249.612 C T rs11830823
Chrl2: 28,249,623 A C rs11835433
Chrl2: 28,250,701 C T rs7956083
Chrl2: 28,250,549 A G rs7955851
Chrl2: 28,249.196 A G rs11835353
Plotted SNPs N RN LA
. r51929.'293r5212370539 = g
% . U-@@.‘;Hoalga‘l’ g = %
% o jowswamo oo g_
0 ‘MM}‘M—ML_A‘ 0

Position on chr12 (Mb)

Figure 5.17: Top four shared SNPs are all located just upstream of the the CCDC9! gene.
Adapted from the output of LocusZoom [450].

Further investigation of these top 4 SNPs with PhenoScanner [451,452] yielded an association
with an increased risk of Treatment with ‘oestrogel’ topical estradiol (p-value 3.79 x 1077, UK
biobank, N=337,159) for SNPs 15192929352 & rs73080027. The top phenotypes associated with
these SNPs in PheWeb [453] also show some overlap (Figure 5.18)



224 CHAPTER 5. DNA METHYLATION CLOCKS IN ALU ELEMENTS

Term

Other perinatal conditions of fetus or newhorn

Spermatocele

Polvp of corpus nteri

Pernicions anemia

Acute pharyngitis

Sinoatrial node dysfunction (Bradyeardia)

Pain in limb

Sensorineural hearing loss

Chronic bronchitis

Decreased libido

Malignant neoplasm of gallbladder and extrahepatic bile ducts
Obstructive chronic hronehitis

Ceongenital anomalies of the integiment

Cornea replaced by transplant

[iabetes or abnormal glucose tolerance complicating pregnancy
Palyp of female genital organs

Acquired deformities of knee

Cramp of limb

Abseess or uleeration of vulva

e B RS RS B3 BS RS BRI RS RS B RS S0 O8  ee | E

Figure 5.18: Phenotypes Common to the top 4 shared SNPs. N = number of the top 4 SNPs in
which a term appears in the top 10 Phenotypes Top four that SNP in PheWeb [453].

The risk of having many of these disease phenotypes increases with age. Risk of cancer of the
gallbladder for instance increases significantly with age with more than half of new cases in the
over 75s and peak incedence at 85-89 years according ot cancer research UK [454]. A common
feature of ageing progressive sensorineural hearing loss, or presbycusis [455]. Uterine polyps
have a peak prevalence in perimenopausal women but have an increased risk of being maligant
with age [456]. It is well known that incidence of cardio-vascular disease increases with age and
indeed there are more specific changes in cardiac characteristics with age which could related to
sinoatrial node dysfunction. Such as reduced vegal control and altered heart rate variability [457]
and, a reduced velocity long-axis systolic shortening in the left ventricle suggestive of impaired
ventricular relaxation [458]. These SNP associations have biologically plausible associations with
Alu age acceleration, however they are plausibly associated with chronological age and the strong
correlation between Alu age acceleration and chronological age means these results cannot be

interpreted as due purely to Alu age acceleration.
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5.5 Discussion

The Alu Age predictors do not fulfill the Horvath & Raj criteria to be classified as an epigentic
clock [293], namely that they should have an r > 0.8.

The age acceleration of the Alu age predictors is strongly correlated with age. This may be due
the the relatively poor ability of MeDIP-seq to provide absolute quantitation of DN A methylation.
There is substantial technical noise in the value representing DNA methylation at a given locus.
The observed systematic bias towards underestimating the ages of the young and overestimating
the ages of the old may be explained by a broadly consistent direction with an inconsistent
magnitude. Simply scaling the value of given locus by a fixed model coeflicient when there is
a large amount of variation leads to outsized influence of high magnitude outliers on the age
estimates. A DNA methylation age clock trained on the entire genome and not restricted to
a particular subset such as the Alu elements should yield the optimal age predictor possible
using the MeDIP-seq dataset if there is adequate cross-validation when training the elastic net
regression. Comparison to this predictor would reveal if the limitations of the Alu age predictor

are specific to it or a more general issue with age predictors based on this dataset.

This strong correlation between Alu age acceleration and chronological age means that age is a
substantial confounding factor in the GWAS for Alu age acceleration. Consequently the effect of
chronological age cannot be readily disentangled from any signature of biological ageing captured

by the Alu repeat based age predictors constructed here.

It was an aim of this work to investigate the genetic influences on the Alu clock based measures
of age-acceleration, as has been shown previously with an association in the TERT gene with
the Horvath clock [459,460]. Interestingly none of the SNPs identified at p < 1 x 10~ in either
of the two models was present in the list of those identified in a recent GWAS conducted for
the age acceleration of several other DNA methylation age clocks [461]. This could suggest that
the Alu Age acceleration signature is associating with distinct genetic effects to those of other
DNA methylation base age predictors. These results have the potential to reveal mechanisms
involved in controlling the epigenetic state of this large portion of the genome. However the
strong relationship with Age acceleration and Chronological age in the Alu clock measures of
age acceleration renders this difficult as age is a potent confounder of age acceleration in this
instance. The results of the genome wide association study whilst they are suggestive of some
interesting age related genetic associations do not necessarily represent associations with age
acceleration signatures in the Alu repeat regions of the human genome. A GWAS conducted
on Chronolgical Age would likely results that differed between the age strata within the cohort
which would not be relevant to the question of biological ageing. Thus the associations in the
GWAS for Alu age acceleration could be due to population stratification by age in the GWAS
study population. GWAS for Longevity have identified very few consistent results with only
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APOE and FOXO3 replicating in independent studies [25]. None of 143 unique SNPs from the
the 2 GWAS conducted here are shared with the set of top longevity associated SNPs in a meta
analysis of longevity GWAS [25].

Direct comparison between DNA methylation array probes and the MeDIP-seq windows used in
the Alu clock is not straightforward due to the gaps in coverage of the array, the lack of CpG
specific positional resolution and the lack of an absolute unit of methylation level in the MeDIP-
seq data. With over a million Alu loci an individually targeted approach to quantifying genome
wide Alu element DNA methylation levels would be expensive and impractical. If enzymatic
conversion alternatives to bisulfite sequencing methods permit whole genome DNA methylation
assays to be performed more cheaply and with longer reads improving mappability [135], then
data generated with this approach may permit an Alu DNA methylation clock with greater

accuracy in the future.



Chapter 6

Discussion

The epigenomics of ageing has enormous potential for growth in the coming years. DNA methyla-
tion based ageing biomarkers have a bright future as a reliable and convenient broad indicators of
biological ageing, that have the potential to be used as proxies for longevity in clinical trials inter-
vening in ageing. For instance there is growing interest and investment in drugs with potential
anti-ageing activities such as senolytics [462], and in re-purposing of existing drugs like met-
formin for pro-longevity and increased healthspan interventions [205]. Advances in epigenetic
editing [463] promise the possibility of experimentally establishing causal roles of age related
epigenetic changes, and the ability to dissect the mechanisms of the involvement of epigenetic
changes in the processes of ageing. Improvements are taking plance in DNA methylation assay
technologies such as NEBNext Enzymatic Methyl-seq ‘EM-seq’ [135], better DNA methylation
calling in nanopore sequencing [464], advances in single-cell DNA methylation assays [465], and
Illumina methylation arrays for sites conserved across mammals [203]. With these tools there
are many additional opportunities to characterise the DNA methylomes and capture changes in
DNA methylation which were not previously accessible, as well as to begin more mechanistic

studies.

6.1 Epigenomic analysis of the developmental origins of

long-term bone health

The developmental origins of health and disease hypothesis (DOHaD) holds that early life envi-
ronmental influences have long term consequences for the risk of developing various pathologies
in adulthood and later life. It is with this lens that the EWAS for relationships between umbilical
cord DNA methylation and bone health outcomes in Chapter 3 were framed. DNA methylation

being an epigenetic mark is influenced by environmental factors and is heritable by subsequent

227
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generations of cells, thus it could be a medium through which environmental factors could act on
long term health in accordance with DOHaD. In this chapter two CpGs were identified as hav-
ing genome wide significant associations with the outcome of interest in their respective EWAS.
The first of these was CpG cg26559250 which is located at Chr6:157,653,445-157,653,447 at the
ZDHHC1/ (zinc finger DHHC-type palmitoyltransferase 14) gene. This CpG was identified In
the EWAS for total bone mineral content minus head at 6 years adjusted for age and sex, with
a p-value of 2.52 x 1072 for an increase of 1.46% per kg in an uncorrected model and a corrected
model. The Second was CpG ¢cg22570676 located at Chr19:2,527,492-2 527,494 at the GNG7 (G
protein subunit gamma 7) gene. This CpG was identified on the EWAS for periosteal circumfer-
ence at 38% from the distal end of the tibia at 6 years (mm) adjusted for age and sex, with a
p-value of 4.24 x 10~8 for an increase of 0.370% per mm in an uncorrected model and a corrected
model The corrected models included covariates for: blood cell-type composition, maternal age
at time of birth (years), sex, maternal BMI at 11 weeks gestation, parity, whether or not the

mother smoked during pregnancy, and gestational age.

EWAS were performed for nine different outcomes across three groups of samples, and in each
case four different models were fitted. Within a given EWAS the quite stringent Bonferroni
standard for multiple testing correction was applied, however conducting multiple EWAS across
different groups creates a secondary multiple testing problem. This means that these findings
could still be false positives despite the aspiration of family wise correction to minimise type 1
errors. Adjusting for the number of tests performed in a given EWAS should in theory minimise
false positives but if several are performed the effective number of tests increases and is not
adjusted for increasing the probability that a result could be a false positive from the near zero
level family wise correction is aimed at achieving. Confirmation of these associations in another
cohort would be necessary in order for the biological reality of these associations to be asserted
with confidence. These results are correlational and experimental follow up would be needed to
establish any mechanistic or causal relationships between the DNA methylation state at these
sites and bone properties in early life. One could for example attempt epigenetic editing of

orthologous sites in a model organism and look for an effect on bone measurements [463].

This study did not find significant correlations between the examined bone measurements at
CDKN2A, where previously an inverse relationship between DNA methylation and bone size,
mineral content and mineral density at 4 years had been documented [264]. There was ample
opportunity to see changes at this locus in the data, with 95 probe sites in the vicinity of this gene.
Nor did this study see significantly reduced DNA methylation at RXRA in umbilical cord with
maternal vitamin D supplementation or increased circulating vitamin D at the 75 probe sites
near RXRA [263]. Whilst this study did not replicate these specific findings it has highlighted

two new loci with possible relationships to bone health outcomes.

Epigenome wide association studies are here being used as a discovery platform for processes
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which may be implicated in the interaction of the in utero environment and bone health outcomes
as mediated by the epigenome, all of which are complex and multifactorial. There is not strong
prior knowledge of the relationships between systems under investigation with which to make
precise predictions, the aim is rather to provide a starting point for generating more specific
models with which to generate more precise hypotheses. This presents a challenge as there
are many sources of noise which could obscure any relationships which do exist between these
properties or produce the spurious appearance of a relationship when none may exist. Striking
the balance between sensitivity and specificity is particularly challenging in the context. Lowering
the threshold for specificity and admitting some type 1 errors might generate sufficient additional
hits with which to attempt methods such as gene set enrichment analysis, and related approaches,
to identify the biologically relevant systems and processes which may mediate the observed
association. However, an excessive number of false positive inputs to such analyses can lead to
spuriously identifying associated terms. Simply increasing the sample size of studies to reach
the level of power necessary to detect small effect size changes is expensive, impractical and
does not help when it comes to analysing existing datasets underpowered for the analysis as
initially conceived. The hypothesis free approach has some advantages when attempting to
elevate as yet unknown aspects of biology relevant the association being tested to the attention
of investigators for further exploration. However, searching for associations between outcomes
and particular genomic locations may be of limited effectiveness, even when sufficient statistical
power is available to uncover very small effects. As, when individual loci have only very minor
contributions to a given effect there are many of them, often spread across many systems [466].
Greater temporal and tissue specificity may reveal larger effect sizes in particular tissues at
particular times. Time and tissue specific signals may currently be flattened out in the aggregate
signal. The combinatorial complexity of possible times and tissues renders a brute force search
impractical, so some prior reason based in biological understanding is likely to be needed to go

looking in a particular time and/or tissue for an association.

If the primary interest is in identifying pathways or other functional biological units then making
use of dimentionality reduction methods such as weighted correlation network analysis (WGCNA)
[467] could potentially help to address some of the power issues faced by these studies. Though
this approach also has the limitation that biologically relevant effects may be realised through
small perturbations across many systems [466], meaning no whole network may stand out. Group-
ing the outcomes into effects on correlated gene networks rather than individual genes dramati-
cally reduces the number of statistical tests performed. This approach could be used to narrow
the set of tests to perform when looking for gene level associations in other datasets. If changes
in gene networks are associated with an outcome of interest in one cohort it is reasonable to take
this prior information to a second cohort and test only genes in this network for an association
with the outcome of interest dramatically reducing the number of CpG level tests. One could

also perform the reciprocal analysis, (dimentionality reduction in the second cohort and CpG
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level tests on a reduced set on the first cohort), as a means of validation. An ongoing collabora-
tion with colleagues at MRC-IEU, University of Bristol is including this data in a meta-analysis
and is replicating several of these EWAS in other cohorts. This provides an opportunity to at-
tempt to replicate the sites identified here and ascertain if they are sufficiently robust to warrant

functional follow-up.

6.2 The implications of ageing-related changes in the epi-

genetic state of tRINA genes

tRNAs are central to the core cellular process of translation but relatively little is known about
the epigenetic state of the genes which encode this essential cellular component. Almost half of
all tRNA genes are silent [305], and there is evidence that they are expressed in a tissue specific
fashion [325,326], indeed this study found differences in tRNA gene DNA methylation between
blood cell types. There are many indicators that there is a great deal of potential biological

insight to be gained from a deeper understanding of the epigenetic regulation of tRNA genes.

The finding, in Chapter 4, that the tRNAome is enriched for age related hypermethylation and
that there are two loci in which this effect is distinct and replicable is challenging to interpret
given the number of different regulatory paradigms in which tRNA genes are involved. There are
several ways in which the effects of changes on tRNA DNA methylation could manifest. There
is the canonical function of tRNAs in which changes would impact on the expression of the
tRNA gene which alters the amount of mature tRNA produced, with potential consequences in
translation. There is also action through altering the amount or type of tRNA derived small
RNA molecules produced. There is altering the chromatin dynamics of the tRNA gene loci, with
potential knock-on effects for other systems given their insulator activity [353] and tendency
to cluster in three dimensional space with other tRNA genes [354]. In addition these are not

mutually exclusive.

Despite the relatively localised effects on DNA methylation that were observed (Figure 4.13) these
changes could still have an effect on larger scale chromatin dynamics. The action of zinc finger
CXXC domain proteins binding a unmethylated CpGs and Methyl-CpG-Binding domains at
methylated CpGs can alter histone modifications and affect alternate histone usage respectively
[468,469]. In addition changes in the nucleosome organisation at tRNA genes may affect genome
architecture [470]. So it is hard to rule out effects on chromatin architechture even from localised
DNA methylation changes. The circulating tRNA derived small RNAs have been documented as
exhibiting age related changes and thus represent an additional signalling vector through which

changes in tRNA expression could act [346,471].

The effects of increased DNAm on tRNA genes was to repress their expression in a plasmid
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based experimental system [320], however this does not necessarily imply that increased DNA
methylation at a tRNA gene locus would result in the reduced expression of tRNA derived small
RNAs. Changes in transcriptional dynamics may alter the fate of the transcription product in
terms of fragmentation pattern or post transcriptional modifications just as changes in polll
transcriptional dynamics impact alternative splicing in protein coding genes [472]. It is plausible
that increased DNA methylation at a tRNA gene could cause the tRNA gene to favour production
of tRNA derived small RNA transcripts over canonical mature tRNAs rather than silencing it

entirely.

tRNAs are a key component of the translation system, a core component of the cell, any age
related alterations in this system have the potential to impact on essentially all other systems in
the cell if they affect translation. Translation’s tight coupling to metabolic regulation and the
effect of modulating it on ageing [344] means that any effect of tRNA gene DNAm on translation

could be relevant for the regulation of ageing processes.

Unpicking the potential mechanism of action of changes in tRNA gene DNA methylation, if
indeed these changes have physiologically relevant impacts, will require greater understanding of
a number of aspects of tRNA biology. Our collective understanding of the post-transcriptional
modifications of tRNAs and the regulatory functions of tRNA derived small RNAs is still in
its infancy [340]. In conclusion with possible effects on chromatin structure, on tRNA derived
small RNA signalling and on translation, there are too many mechanisms of action through which
changes in epigenetic state of tRNA genes could impact on ageing related systems, and at present
insuflicient evidence to favour any one particular mechanism. In addition, these possibilities are

not mutually exclusive so any effects need not be limited to a single mechanism.

A number of age related tRNA DNA hypermethylation signals persisted after correction for
cell-type composition, and there were some differences in tRNA gene DNA methylation between
cell-types. This suggests that there are at least some cell-type independent changes in tRNA
DNA methylation and leaves open the possibility that there are some changes which are cell-type
specific. More detailed characterisation of the cell-type specific activities of tRNA genes may
aid in the elucidation of the regulatory functions of tRNAs by permitting the association of the
pathways active in particular cell-types. The tRNA-iMet-CAT-1-4 locus which showed the most
consistent result has an overall increase of 3.7% from age 4 years to age 78 years in targeted
bisulfite sequencing data. The 450k array and Targeted bisulfite sequencing results put the rate
of increase in DNA methylation at tRNA-iMet-CAT-1-4 at somewhere in the approximate range
of 0.05-0.22 percentage points of DNA methylation increase per year, starting with a baseline
methylation near zero at birth. CpGs differentially methylated with age have generally shown
changes on the order of 0.1-0.125% per year [120,382], placing the magnitude of the effect seen

here in a comparable range to previously observed age related changes in DNA methylation.

The targeted bisulfite sequencing method employed here is quite efficient at capturing DNA
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methylation within tRNA genes as a single amplicon is generally sufficient to span a given tRNA
gene. This panel could be expanded to most of the human tRNAome though some loci have CpG
loci positioned flanking the tRNA genes which prevent the design of primers spanning the tRNA
gene locus. It would be interesting to attempt this assay with enzymatic (NEBNext Enzymatic
Methyl-seq ‘EM-seq’) instead of bisulfite conversion as this might permit some inaccessible sites
to be targeted with slightly longer amplicons and improve yields due the reduced fragmentation
arising from bisulfite treatment [135]. It would be particularly interesting to employ this in
mice at tRNA loci not well covered by RRBS, to see if the finding of tRNA gene enrichment for
age related hypermethylation is also the case in mice. The RRBS mouse data analysed in this
study showed age-related hypermethylation in three of 51 tRNAs. This limited coverage of the
401 high confidence tRNAs in the mouse genome [304] limits the ability to generalise about the

enrichment for tRNA gene DNA hypermethylation in mice.

An effective follow up experiment would be to use Pacific Biosciences no amplification CRISPR
based targeted sequencing method to examine tRNA gene clusters [473]. A dataset of this type
has the potential to elucidate several features of the tRNA genes. Firstly, it would permit
a more detailed characterisation of tRNA gene copy number variation, at least those within
known clusters, due to the long read sequencing technology. Secondly, the ability to detect
DNA methylation, and not simply average levels but patterns of methylation distribution within
single molecules, which might reveal additional information about the nature of any age related
changes [474]. The long sequencing reads would also permit unambiguous mapping to particular
tRNA gene copies which would provide further evidence, in addition to that provided by the
targeted bisulfite sequencing analysis, that the observed increase in DNA methylation with age
is not somehow an artefact of mapping issues. Coupled with this it would also be illuminating
to employ the Hydro-tRNAseq and PAR-CLIP methods employed by Gogakos et al. [352]
to perform detailed characterisation of pre-tRNA and mature tRNA transcripts from the same
system to permit the relationship between tRNA gene DN A methylation and tRNA transcription

levels to be examined simultaneously.

Little was previously known about the epigenetic state of the human tRNA genes [347] and
much remains to be characterised. This work represents the first detailed characterisation of the
DNA methylation state of the human tRNAome, and revealed a novel pattern of age related

hypermethylation in these genes.
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6.3 Assessing Biological ageing by DNA methylation

changes within Alu repeat elements

Repetitive elements make up some 45% of the human genome [410] and the global hypomethy-
lation observed with age is driven by these repeats [411], but to date limited coverage of these
regions [213] has meant that their potential to contain information relevant to biological ageing

has gone underexplored.

The best Alu DNA methylation age predictor constructed in Chapter 5 was able to predict
chronological age with an R of 0.65 from a training set of n=774 in an unrelated replication
set of n=664 with a median absolute error of 8.1 years. Whilst this is less accurate than many
of the other DNA methylation based age predictors [434] it was not the primary goal of this
predictor to generate the most accurate age predictions but rather to be sufficiently accurate
to capture a signature of age acceleration specific to the Alu repeat elements. The difference
between the predicted and chronological age, the age acceleration, was strongly correlated with
the chronological age such that the age of older individuals is prone to be overestimated and vice
versa. One explanation for this may be down to the limitations of DN A methylation quantitation
by MeDIP-seq. The elastic net regression may have identified loci which have a consistent
direction of change with age but are of variable magnitude. If selecting for sites which had a
relatively consistent magnitude in the training set but which varied in a manner which skews
higher in the larger population this could lead to the overestimates of the age of older samples and
the underestimates of the age of the younger ones. This is speculative and it would be interesting
to examine further by looking at the properties of the data in the training and prediction groups
of the predictor sites and seeing how they are distributed. In addition it may be possible to
study this bias with a simulation approach to see what data properties can produce this pattern
of error. This effect in the quantile normalised data was not mitigated by binarising the data
by locus, absolute methylation estimates, or in the raw reads per million base pairs data. The
difficulty with absolute DNA methylation quantitation by MeDIP-seq is not simple to resolve

with common data transformations.

The strong association between Alu age acceleration and chronological age limited the inter-
pretability of the GWAS for age acceleration. This is because associations found here could
easily be driven by differences in allele frequencies between different age strata within the GWAS
population and not with signal driven by the Alu age acceleration independent of chronological
age [475].

The samples used to train and test the models have a median age of approximately 60 years. A
larger proportion of samples at a particular part of the age distribution is also a potential source
of bias, as poor performance in the lower numbers of older and younger individuals will not he

penalised as much as poor performance at the ages with more samples. This also negatively
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impacts the ability to determine the quality of the predictor as a good age range is is required to
reliably estimate the R of a predictor [293]. Mitigating this by equalising the numbers in certain
age groups is a possibility but a substantial mimber of samples must be left out to achieve this,
excessively shrinking the training set. In addition this unlikely to be the sole factor at play in
poor prediction performance of these clocks as similarly imperfect age distributions have been

used in the training of more performant clocks.

The Twins UK dataset provides a powerful tool for assessing the impact of genetics on age
predictors. The age predictors generally performed only marginally better when predicting the
ages of the twins of the individuals in the training set than on unrelated individuals, suggesting

a minimal impact of genetic factors on the Alu DNA methylation age predictor.

Despite the issues with the correlation of age acceleration with chronological age this work and
Wang et al’s TDNA clock [189] demonstrate that a DNA methylation based age predictors can
be trained in repetitive sequence elements. This suggests that constructing DNA methylation
based age predictors targeted to particular subsets of the genome is possible. Though, the aim
of capturing signatures of biological ageing specific to those subsets is yet to be adequately
explored. It may be possible to revisit this approach once large whole genome bisulfite or the
enzymatically converted equivalent datasets are generated as it seems unlikely that it would be
economical to examine the ~1.1 million Alu elements with any of the available targeted methods.
Alternatively if the cost of long-read sequencing drops and the quality of methylated base calls
using these methods increases [464] they may also be a viable source of such data. Other possible
features on which to attempt to construct age predictors could include: MIR repeat elements
some of which have been co-opted as enhancers and which are associated with tissue specific
gene expression [476]; Long Terminal Repeat (LTR) elements which are enriched for chromatin
marks which characterise active cis regulatory elements [477]; Histone genes because of their
core function and the wide spread genomic implications of alterations in their availability. They
are also located in early-replicating domains [398] so should generally have high fidelity DNA
methylation copying during mitosis [123] so any changes observed here are less likely to be the
product of epigenetic drift. This would include also alternative histones as they have functions
in genome stability and DNA repair [478]. However, Histone genes present a relatively limited

set. of possible sites with which to predict.

6.4 Conclusion

The unifying theme of this work is the relationship between DN A methylation and healthy ageing.
From its possible function as a mediator for the effects of early life environmental influences on
long term bone health, through age-related hypermethylation of genes encoding core components

of the transcriptional machinery, to signatures of biological ageing in the repetitive regions of
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the genome. The epigenome sits upon the genome encoding the annotations to the genome
necessary for cells with diverse and dynamic functions to arise from a singular set of genetic
information. The ability to construct epigenetic clocks reveals that this layer of information
storage and processing contains much that is important for understanding the molecular and
cellular processes of ageing. The environmental malleability of the epigenome is its core strength,
it is this plasticity to adopt multiple roles that permits multicellularity [479], this malleability
both leaves the epigenome open to disruption and presents the possibility of correcting any
errant changes. The integrative understanding of epigenomics has the potential to contribute
many novel scientific insights into the fundamental mechanisms of ageing in the years to come
with profound impacts for our ability to ameliorate chronic and ageing related conditions by

intervening in their underlying causes to increase longevity and healthspan.
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