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Abstract
Cytosine methylation (5mC) is one of the most widely studied DNA modifications
and plays crucial roles in correct development, regulation of gene expression,
and maintaining genome stability. 5mC landscapes vary across human cell types
and can be significantly altered in cancers. Differences in methylation patterns
are frequently used in studying human development and disease and can be
used as prognostic biomarkers. In this thesis, I show a novel, semi-supervised
method based on non-negative matrix factorisation (NMF) for the identification
of highly variable, tissue-specific CpG blocks across the genome. The method
is based on a TAPSβ atlas representing a collection of 20 different cells and
tissues. I applied the method to both heterogeneous data and FACS-sorted cells,
obtaining satisfying results in cross-validation, finding that the method required
minimal optimisation to be applicable to new datasets. The selected blocks
cover a wide range of genomic contexts and are co-localised with tissue-specific
genes, histone marks, chromatin states, and are enriched in 5hmC signals across
most tissues. I present how the method can be used in the cancer context,
by deconvoluting samples from patients with oesophageal adenocarcinoma
(OAC) enroled in the LUD2015-005 clinical trial. The results gave insights into
the cellular composition of patient samples and tumour purity and found that
changes in the contribution of stomach and eosinophils between time points
were associated with different survival probabilities.
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Oriel College

University of Oxford

A thesis submitted for the degree of

Doctor of Philosophy

2023



This thesis is dedicated to my grandfather, Bohdan (1926–2009).
Though time has not allowed our discussions on science,

perhaps my fascination with DNA is simply hereditary.
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Abstract

Cytosine methylation (5mC) is one of the most widely studied DNA modifications
and plays crucial roles in correct development, regulation of gene expression, and
maintaining genome stability. 5mC landscapes vary across human cell types and
can be significantly altered in cancers. Differences in methylation patterns are
frequently used in studying human development and disease and can be used as
prognostic biomarkers. In this thesis, I show a novel, semi-supervised method
based on non-negative matrix factorisation (NMF) for the identification of highly
variable, tissue-specific CpG blocks across the genome. The method is based
on a TAPSβ atlas representing a collection of 20 different cells and tissues. I
applied the method to both heterogeneous data and FACS-sorted cells, obtaining
satisfying results in cross-validation, finding that the method required minimal
optimisation to be applicable to new datasets. The selected blocks cover a wide
range of genomic contexts and are co-localised with tissue-specific genes, histone
marks, chromatin states, and are enriched in 5hmC signals across most tissues.
I present how the method can be used in the cancer context, by deconvoluting
samples from patients with oesophageal adenocarcinoma (OAC) enroled in the
LUD2015-005 clinical trial. The results gave insights into the cellular composition
of patient samples and tumour purity and found that changes in the contribution
of stomach and eosinophils between time points were associated with different
survival probabilities.
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1.1 Introduction to epigenomics

The development of a multicellular organism is a captivating phenomenon. It

begins with a single cell, which contains a unique combination of maternal and

paternal DNA, which gradually unfolds into a complex organism composed of a

myriad of cells, tissues, and organs. Each constituent plays a unique role, but acts

together in the orchestra, underlying the intricate balance of life. Intriguingly,

the individual cells comprising these larger structures share identical DNA, or

genomes– the same set of "building instructions" derived from the original cell.

However, during development, different parts of the instructions are interpreted

1



1. Introduction 2

by different cells, leading to cellular differentiation. This process equips cells with

distinct structures, functionalities, and characteristics: from melanin production

in melanocytes, to bile acid synthesis in liver cells, and light perception in the eye.

Despite sharing the same DNA, each cell manifests a different gene expression

pro�le, which remains malleable through development, and responsive to envir-

onmental changes. Various molecular systems are responsible for establishing

these differences, and one of them is called epigenetics (from Greek-epi, "above"

genetics).

This term was coined by Conrad Waddington in the early 1940s to describe the

study of causal interactions between genes and phenotypes (H 1942). During

the rest of the century, the term evolved to encompass the role of epigenetics in

development, its heritability, mediation by the environment, and the discoveries

of new 'epigenetic' factors (Jablonka and Lamb 2002; Haig 2004). As a result,

the de�nition comes in slightly different �avours depending on the �eld of study

(Haig 2004; Deans and Maggert 2015). In the context of genomics, the most

widespread de�nition is based on the work of Holliday and later modi�ed by Wu

and Morris: "the study of changes in gene function that are mitotically and/or

meiotically heritable and that do not entail change in DNA sequence" (Wu Ct and

Morris 2001; Holliday 1994). In this thesis, I will focus on modi�cations of the

DNA bases and proteins interacting with DNA, and the term "epigenomics" will be

used to describe the collection of all epigenetic changes in the genome.

The human genome is composed of 3.1 billion base pairs (Gbp), made up of

adenine (A), cytosine (C), guanine (G), and thymine (T), linked in a chain-like

sequence (Nurk et al. 2022). This chain is divided into 23 chromosomes. Its

accessibility and functionality are regulated by a higher-order structure known

as chromatin (Felsenfeld and Groudine 2003). Chromatin is mainly made up of

nucleosomes, which are repeating units of 147 base pairs of DNA wrapped around

a histone octamer containing two copies each of the core histones: H2A, H2B,

H3, and H4 (McGinty and Tan 2015). Under electron microscopy, the periodic ar-

rangement of nucleosomes gives chromatin a 'beads-on-a-string' appearance. The

nucleosome positions along with histone variants and modi�cations are essential

in modulating the chromatin structure and accessibility of various proteins and

transcription factors, subsequently affecting gene expression (Bernstein et al. 2007;

Margueron and Reinberg 2010). Histone proteins are subject to a myriad of post-

translational modi�cations, including but not limited to acetylation, methylation

and phosphorylation. Each modi�cation, depending on its type, position, and con-

text, may be distinctly associated with the functional outcomes of the associated
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DNA – for example, H3 lysine 4 trimethylation (H3K4me3) is strongly enriched in

active promoters, while H3 lysine 27 trimethylation (H3K27me3) is associated

with repressed states (Wu and Zhang 2015). Mapping histone modi�cations and

related structures using chromatin immunoprecipitation followed by sequencing

(ChIP–seq) on a genome-wide scale has become a powerful tool for determining

the factors that in�uence chromatin structure, as well as for comprehending the

part that epigenetic modi�cations play in gene regulation.

1.2 DNA methylation

Cytosine methylation is the most extensively studied form of epigenetic DNA

modi�cation. Initially described as a heritable epigenetic mark in 1975 (Holliday

and Pugh 1975; Riggs 1975), this process involves the covalent attachment of

a methyl group to the 5-carbon position of the cytosine ring within the DNA,

forming 5-methylcytosine (5mC) (Bird and Taggart 1980; Bestor 2000). Evident

in numerous organisms, methylation has been identi�ed in several species of

bacteria, fungi, plants, invertebrates, and all investigated vertebrates (Suzuki and

Bird 2008; Capuano et al. 2014; Su et al. 2011). However, it remains absent

in Caenorhabditis elegans, insects, and yeast strains studied to date (Capuano

et al. 2014; Simpson et al. 1986; Varma et al. 2022). Despite the ubiquity of

this chemical modi�cation, the genomic context and the presumed function vary

signi�cantly between species (Suzuki and Bird 2008; Varma et al. 2022). The

following section will exclusively focus on methylation as observed in mammals,

especially humans.

Approximately 4% of all cytosines in the human genome are methylated, account-

ing for 1̃% of all bases. Most DNA methylation occurs at CpG dinucleotides (CpG

sites). Of the 32.8 million CpG pairs in the genome, around 75% are methylated

(Gershman et al. 2022). Methylation patterns exhibit variation between cell types

and are associated with differential gene expression programmes in various tissues

(Jones and Takai 2001). Non-CpG methylation is rare in most somatic cells, but

has been detected in the mCHG and mCHH contexts (where H = A, C, or T) in

cells such as neurons and embryonic stem cells, respectively (Lister et al. 2009;

He and Ecker 2015).

Early studies indicated the role of 5mC in transcriptional repression (Ben-Hattar

and Jiricny 1988; Watt and Molloy 1988; Iguchi-Ariga and Schaffner 1989),

and in larger gene silencing phenomena such as genomic imprinting (Ferguson-

Smith et al. 1993; Li et al. 1993) and X inactivation (Jaenisch and Bird 2003).
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Methylation has since been found to play a role in numerous biological processes,

from early development to cellular differentiation and regulation of pluripotency

to maintenance of genome stability (relevant areas will be described in more

detail in the following sections) (Jones 2012). However, "With great power comes

great responsibility", and indeed, abnormalities in 5mC landscapes are frequently

linked to disease and disordered development (Lee and Ditko 1962).

1.2.1 Methylation writers and erasers

The process of depositing methylation on DNA is catalysed by a family of enzymes

known as DNA methyltransferases (DNMTs) (Figure 1.1). In humans, several

DNMTs are active – DNMT1, DNMT3A, and DNMT3B (Yoder and Bestor 1998;

Okano et al. 1999). DNMT1 is referred to as themaintenance methyltransferaseas

it primarily deposits methylation on hemimethylated DNA during DNA replication,

aided by UHRF1 (Bostick et al. 2007). DNMT3A and DNMT3B, commonly

known as de novo methyltransferases, establish new methylation marks during

development and cell differentiation by methylating previously unmethylated

CpG sites (reviewed in Law and Jacobsen 2010 and Moore et al. 2013). The

presence and correct functioning of all these methyltransferases are essential for

normal development. For example, complete knockout ofDnmt1 in mice results

in embryonic lethality (Li et al. 1992). Moreover, insuf�ciency or mutations in any

of these can lead to severe developmental defects, such as ICF syndrome which is

speci�cally caused by DNMT3B abnormalities (Okano et al. 1999; Hirasawa et al.

2008; Xu et al. 1999; Klein et al. 2013).

Methylation can be lost passively through imperfect maintenance (replication

without the presence of DNMT1), or actively, aided by the ten-eleven translocation

(TET) family of proteins (Tahiliani et al. 2009). TET proteins oxidise 5mC to

5-hydroxymethylcytosine (5hmC) and further to 5-formylcytosine (5fC) and 5-

carboxylcytosine (5caC) (He et al. 2011; Ito et al. 2011). All of these modi�cations

can lead to the dilution of methylation after DNA replication in the process of pass-

ive demethylation. Alternatively, 5caC and 5fC can be targeted by a base excision

repair (BER) enzyme thymine DNA glycosylase (TDG), leading to their excision

and replacement with an unmodi�ed cytosine in the replication-independent

demethylation pathway (Maiti and Drohat 2011; He et al. 2011).

The activity of the TET proteins has been detected in multiple processes that

span development, meiosis, maintenance of imprinting, cell reprogramming, and

transcription (Gu et al. 2011; Quivoron et al. 2011; Ficz et al. 2011; Dawlaty et al.
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2013; Wu et al. 2011b; Ginno et al. 2020), and transient accumulation of 5caC

has been found in lineage speci�cation (Wheldon et al. 2014). Despite the active

conversion by TET proteins, some of these modi�cations have been found to be

stable in the genome (Bachman et al. 2014).

The brain and central nervous system (CNS) are particularly rich in 5hmC,

which emphasises its role in the development and maintenance of neural tissue

(Kriaucionis and Heintz 2009; Globisch et al. 2010; Guo et al. 2011; Szulwach

et al. 2011; He et al. 2021). Although detected at lower levels in multiple other

tissues, the presence of 5hmC is evident. 5fC and 5caC are much less abundant

than 5hmC (10 to 1,000-fold) and are not enriched in any particular tissue (Ito

et al. 2011). Given that they were found to mostly reside in sides of abundant

5hmC, they are considered to be committed demethylation intermediates and

mark regions undergoing active demethylation (Song et al. 2012).

Figure 1.1: Passive and active demethylation pathways
Cytosine can become methylatedde novoin a reaction catalysed by DNMT3A / B, or after
DNA replication in the presence of DNMT1. Passive demethylation occurs as a result
of DNA replication without the activity of DNMT1. TET-assisted passive demethylation
happens after replication of DNA with products of TET oxidation. TET-assisted active
demethylation occurs after 5fC or 5caC are excised from DNA and replaced by unmodi�ed
cytosine during base excision repair. All cytosines in this �gure are in the CpG context.
Figure based on Raiber et al. 2017.
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1.2.2 Techniques to study cytosine modi�cations

The �eld of epigenomics has been closely reliant on the development of DNA

sequencing technologies. The challenge in detecting a chemical modi�cation

as small as a methyl group led to the development of a wide array of methods,

ranging from gel-, array- and sequencing-based methods which differ in their

resolution, sensitivity, costs, and applications (extensively reviewed in Beck and

Rakyan 2008; Wu and Zhang 2015).

One class of methylation detection techniques is af�nity-based, including meth-

ods such as methyl-binding domain sequencing (MBD-Seq) and methyl-DNA

immunoprecipitation sequencing (MeDIP-Seq). MBD-Seq targets MBD protein-

bound regions, and MeDIP-seq uses 5mC-speci�c monoclonal antibodies to enrich

methylated DNA fragments. DNA is sequenced after enrichment, and depending

on the method used, the result represents 17. 8% of CpG sites in the case of MBD-

Seq and 87.5% in MeDIP-seq (when coupled with Next Generation Sequencing,

NGS) (Stirzaker et al. 2014; Clark et al. 2012). Furthermore, these methods

have been adjusted to detect other cytosine modi�cations by, for example, using

5hmC-speci�c antibodies in hMeDIP-seq. A range of other methods has been

developed to study 5hmC, including CMS-seq, GLIB, and hME-SEAL, all based on

enrichment followed by sequencing (Wu and Zhang 2015). The problem with

enrichment-based methods is that they do not provide positional information

and do not inform of the exact modi�cation levels, as the genome is not covered

evenly.

Methylation sequencing at single nucleotide resolution was made possible after

the discovery of the properties of bisul�te treatment in 1973 (Shapiro et al. 1973).

When DNA is treated with sodium bisul�te, unmethylated cytosines undergo a

sulfonation reaction at their 4th position, followed by hydrolytic deamination,

converting them into uracil-sulphonate, which is ultimately hydrolyzed to uracil.

Methylated and hydroxymethylated cytosines, protected by their methyl group,

remain unchanged during this process. During the subsequent PCR, the new

uracils are paired with adenines instead of guanines. As a result, in the ampli�ed

DNA, all unmethylated cytosines are turned to thymines, while 5mC and 5hmC

remain unchanged (Figure 1.2). This property is used in a variety of methylation

sequencing techniques. Some of the most popular and cost-effective methods are

array-based technologies, such as Illumina's HM450 array, which cover carefully

selected CpGs in regulatory parts of the genome, accounting for 1.37% of all

CpGs (Bibikova et al. 2011). Reduced representation bisul�te sequencing (RRBS)
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which increases the CpG representation to 3.7%, by selecting CpG-dense regions

using methylation-insensitive restriction enzymes, followed by NGS (Stirzaker

et al. 2014). Although they offer positional information and exact methylation

levels, these methods represent only a small fraction of the genome.

With the advent and subsequent cost reduction of whole genome sequencing

(WGS), bisul�te began to be used to treat the DNA prior to sequencing. Whole

genome bisul�te sequencing (WGBS) represents̃95% of the genome (Stirzaker

et al. 2014), providing a large-scale, single nucleotide resolution, and quantitative

method to study DNA methylation. Due to the inability of WGBS to distin-

guish between 5hmC and 5mC, other methods followed: TET-assisted bisul�te

sequencing (TAB-seq) which allows the identi�cation of 5hmC and oxBS-seq,

which reads exclusively 5mC. In theory, the measurements of TAB-seq and oxBS-

seq can be combined for each position, and their difference can show levels of

both modi�cations, but that has been proven to be challenging (Wu and Zhang

2015). While useful and incredibly popular, bisul�te conversion presents multiple

challenges. It is known to be a harsh chemical treatment causing DNA damage

and degradation, negatively impacting the sequencing results. Additionally,

conversion of more than 95% of cytosines to thymines causes loss of sequence

complexity, which complicates alignment of sequences to the reference genome

during bioinformatic analysis, further causing issues with loss of unmappable or

incorrectly mapped reads. (Clark et al. 2006; Pomraning et al. 2009)

A novel bisul�te-free method for studying cytosine modi�cations at base resolution

is TET-assisted pyridine borane sequencing (TAPS) (Liu et al. 2019). In this

technology, cytosine modi�cations (5mC, 5hmC, 5fC) are �rst oxidised to 5caC

by the TET enzyme. This is followed by a treatment with pyridine borane,

which reduces 5caC to 5,6-dihydrouracil (DHU). DHU, as a uracil derivative,

is read as thymine during the subsequent PCR. This bisul�te-free method requires

milder chemical conditions, and given the abundance of modi�ed cytosines to

all cytosines, only 1-5% of all cytosines will be converted, improving library

complexity and read mapping. Moreover, the use of TAPS can be easily extended

to cell-free DNA, in which the degradation followed by harsh bisul�te treatment is

even more problematic due to low amounts of input DNA. Two additional methods

have been developed to increase the modi�cation detection sensitivity: TAPS� ,

the bisul�te-free equivalent of oxBS-seq, which enables the identi�cation of only

5mC due to the protection of 5hmC by � -glucosyltansferase treatment prior to

TET oxidation; and the chemical-assisted pyridine borane sequencing (CAPS), in
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which potassium perruthenate (KRuO4) is used instead of TET to only oxidise

5hmC, leaving all other cytosines unchanged (Liu et al. 2021).

Other emerging bisul�te-free methods include single-molecule real-time (SMRT)

sequencing by Paci�c Biosciences (PacBio), and nanopore sequencing by Oxford

Nanopore Technologies (ONT), both offering direct readout of modi�cations

and substantially longer reads (Flusberg et al. 2010; Levy and Myers 2016).

These technologies are constantly being developed and already offer a powerful

alternative to the aforementioned methods.

Figure 1.2: Summary of selected methods for base-resolution sequencing of cytosine
modi�cations
Only the methods used to obtain data used in this thesis are included. WGBS converts
unmodi�ed and unprotected cytosines into thymines, while TAPS-based methods (TAPS,
TAPS� and CAPS) only convert modi�ed cytosines of interest into thymines.

1.3 Genomic distribution and roles of 5mC

There are 32.8 million CpG pairs in the human genome (Gershman et al. 2022).

Given the genome GC content of 0.45 (Homo Sapiens Genome Assembly T2T-

CHM13v2.0 2023), it would be expected that CpG occurs with a frequency of

0:225� 0:225 = 0:05, while the observed frequency is0:0328� 3:17 = 0:01. This

phenomenon was observed long before the advent of whole genome sequencing

and has been linked to increased mutagenecity of 5mC (Bird 1980). Speci�cally,

methylated cytosines are more prone to be deaminated into thymines, resulting

in a G:T mismatch (Lindahl and Nyberg 1974). If the mismatch is not repaired,

it is �xed into C>T mutation during replication (Bellacosa and Drohat 2015).

C>T mutations are the most prevalent mutations in cancer, somatic cells, and

the germline (Alexandrov et al. 2013; Blokzijl et al. 2016; Rahbari et al. 2016;

Ségurel et al. 2014).

CpGs tend to cluster in small regions named CpG islands (CGIs), which are

typically associated with gene promoters and are predominantly unmethylated



1. Introduction 9

(Bird 1984). The most commonly used criteria for classi�cation of CGIs were

proposed by Gardiner-Garden and Frommer 1987, and specify DNA regions with a

high GC content (50% or higher), a length greater than 200bp, and a high ratio of

observed CpGs to those expected based solely on the GC content (0.6 or higher).

Slightly more stringent criteria were proposed by Takai and Jones 2002, and are

used in some analyses. CGIs are 1000 bp - long on average, and are surrounded

by "shores" and "shelves" of varying methylation states (within 2kb, or 2-4kb from

the island borders, respectively) (Illingworth and Bird 2009). This leads to the

phenomenon in which methylated CpGs are mostly found in the "open sea" or "CGI

deserts," while unmethylated ones reside primarily in the CGIs. The distribution

of the methylation states is bimodal, with most CpGs being either fully methylated

(7̃0% of all) or fully unmethylated ( 3̃0%), and only a small fraction falling into the

middle states. 5hmC has been found to be depleted in the islands and enriched

in the remaining elements (Wilkins et al. 2019; Yu et al. 2012; Johnson et al.

2016).

The events of fertilisation and early embryonic development see two global

demethylation and methylation events sweep across most of the genome (Guibert

et al. 2012; Vincent et al. 2013). These dramatic changes ensure the correct

cellular reprogramming and the establishment of appropriate imprinting and

sex-speci�c methylation patterns (Greenberg and Bourc'his 2019). Following

these events, the methylation patterns are established and remain stable, with the

exception of local, cell-type-speci�c regulatory regions. The following section will

aim to describe the 5mC landscapes at various genomic regions and summarise its

roles in shaping gene expression pro�les.

1.3.1 Promoters

Promoters are regions just upstream of genes, where relevant proteins, such

as RNA polymerase (RNAP) and transcription factors (TFs), bind to initiate

transcription. The level of promoter methylation is closely associated with its

activity, although the mechanisms of these interactions are still unclear (Walsh

and Bestor 1999). 5mC levels in the majority of promoters tend to be negatively

correlated with the expression of downstream genes (Holliday and Pugh 1975;

Wolffe and Matzke 1999; Jones and Takai 2001; Hsieh 1994). Approximately

70% of the promoters reside within CGIs, accounting for almost 5̃0% of all CGIs

(Saxonov et al. 2006; Illingworth et al. 2010). Very frequently, these promoters

are linked to housekeeping genes, which are essential, highly conserved genes
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ubiquitously expressed across tissues (Weber et al. 2007; Larsen et al. 1992; Zhu

et al. 2008).

The CpG content of the promoters has a vital impact on its mode of interaction with

the expression regulation system. CGI-associated, high-CpG promoters (HCPs) are

characterised by very low methylation content, and while their methylation was

found to repress certain linked genes (Velasco et al. 2010), they do not see an

increase of methylation levels when inactive (Jones and Takai 2001; Weber et al.

2007; Bird 2002). Instead, they tend to acquire the H3K27me3 mark deposited

by the Polycomb repressive complex 2 (PRC2), which is believed to be a dynamic

control system allowing for a rapid induction or stable inactivation (Mikkelsen

et al. 2007; Ku et al. 2008; Wu and Zhang 2015). Furthermore, unmethylated

HCPs are often marked with H3K4me3 regardless of their activity (Wu and Zhang

2015). H3K4me3 was found to repel de novo methylation and is believed to be

the cause of HCPs remaining in a hypomethylated state (Ooi et al. 2007; Thomson

et al. 2010). In cancer, chromatin modi�cations have been found to precede CGI

hypermethylation events (Strunnikova et al. 2005).

In contrast to HCPs, the expression of genes with low-CpG promoters (LCPs) (30%

of all) has not been found to be correlated with 5mC levels (Weber et al. 2007).

They tend to have high methylation levels and are associated with both active

and inactive genes. LCPs are characterised by slightly different architecture; for

example, they contain TATA boxes that are often lacking by HCPs (Reynolds et al.

1984) , and show more localised initiation of transcription, in contrast to a fairly

dispersed one present in HCPs (reviewed in Juven-Gershon et al. 2008).

5hmC is strongly depleted in CGI and is therefore rarely found in the majority of

promoters (Wilkins et al. 2019; Yu et al. 2012; Johnson et al. 2016). However,

a negative correlation with gene expression has been found nevertheless (Pastor

et al. 2011; Wu et al. 2011a).

1.3.2 Enhancers

Regulation of gene expression is not limited to their promoters, but also includes

distal regulatory regions such as enhancers. First de�ned as DNA sequences that

have the potential to increase basal transcription levels of genes at distances

ranging from hundreds of bases to megabases, their mode of action remains

elusive, but they are believed to enhance or enable transcription by recruiting

transcription factors (TFs), RNA Polymerase II (RNAPII), and chromatin regulators
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(Banerji et al. 1981; Lettice et al. 2003; Visel et al. 2009a; Chan and La Thangue

2001). Binding of TFs to their binding sites (TFBS) in enhancers encourages

local nucleosome modeling and recruitment of many factors such as histone

acetyltransferase p300 (HAT) (Chan and La Thangue 2001), or RNAPII followed

by transcription of enhancer RNAs, whose role is still largerly unknown, but

associated with the activity of given enhancers (Kim et al. 2010; De Santa et al.

2010). While promoters can be easily linked to the genes they regulate due to

their close proximity, the distal nature of enhancer regulation provides challenges

in determining the activity levels of enhancers and the associated genes. This

is assuming we know the exact location of the enhancer in question. Multiple

experimental and computational efforts were made to identify enhancers, resulting

in a reliable signature of histone modi�cations and associations of other factors,

including H3K4me1, H3K27ac and HAT (Visel et al. 2009b; ENCODE Project

Consortium et al. 2007; Heintzman et al. 2007; Ernst and Kellis 2012).

Enhancers tend to reside in CpG-poor regions and are characterised by variable

methylation levels (Kundaje et al. 2015). Active, TF-bound enhancers often

display medium to low 5mC levels (Stadler et al. 2011; Ziller et al. 2013). The

exact functional relevance of low 5mC levels at enhancers is unclear, and current

research is facing two opposing theories. One suggests the instructive role of

5mC, where methylation actively decreases the af�nity of TFs to bind to DNA

(Tate and Bird 1993; Choy et al. 2010) or where methyl-CpG-binding domain

(MBD) proteins bind to TFBS, blocking access to TFs. This model is not widely

supported by experimental evidence. In contrast, experiments have found TFs

which preferentially bind 5mC TFBS, leading to their demethylation (Stadler et al.

2011; Kress et al. 2006; Han et al. 2001). This case argues for methylation changes

occurring downstream from TF binding. It is possible that a range of different

TF-TFBS interactions happen, with 5mC having both an instructive and a passive

role. Enhancers tend to be more cell-type speci�c than promoters (Ernst et al.

2011; Ernst and Kellis 2015; Kundaje et al. 2015), and lineage-speci�c enhancer

methylation has been detected in T-cells (Schmidl et al. 2009). High levels of

cell-type-speci�c expression is observed mostly in genes located in enhancer-rich

regions of the genome, called super-enhancers (Whyte et al. 2013; Hnisz et al.

2013).

Tet proteins have been detected in active enhancers (Williams et al. 2011; Ficz

et al. 2011), and these discoveries were followed by the identi�cation of 5hmC

enrichment at enhancer sites (Stroud et al. 2011; Johnson et al. 2016; Cui et al.



1. Introduction 12

2020). Interestingly, they were found to be particularly enriched at very cell-type-

speci�c enhancers. This suggests that 5hmC exists at enhancers in a transient state

during the process of demethylation, further suggesting the noninstructive role of

methylation. Conversily, the loss of Tet proteins leads to accumulation of 5mC in

enhancers and their reduced activity (Lu et al. 2014; Hon et al. 2014).

1.3.3 Gene bodies

Having described the methylation states at promoters and enhancers, one cannot

omit the introduction of the parts of the genome actually regulated by these

elements: gene bodies. A pattern may be seen emerging from the previous

sections, suggesting that 5mC plays different roles in different genomic contexts.

The same stands for gene bodies, which are composed of exons and introns.

First described in Arabidopsis thaliana, gene body methylation was found to be

positively associated with transcription levels (Tran et al. 2005; Zilberman et al.

2007). This correlation was also con�rmed to stand in humans, and subsequent

studies suggested 5mC to be involved in the control of alternative splicing, spurious

transcription and histone modi�cations (Maunakea et al. 2010; Rauch et al. 2009;

Meissner et al. 2008; Faustino and Cooper 2003; Neri et al. 2017; Jeziorska et al.

2017). Due to the proximity to the promoter regions, the �rst exon and intron are

usually excluded from the de�nition of the gene body. It was noted that similarly

to promoters, their methylation is also associated with gene silencing (Brenet et al.

2011; Anastasiadi et al. 2018).

Approximately 1/3 of the CGIs in the genome are in gene bodies, of which 30–40%

are methylated (Maunakea et al. 2010). Interestingly, methylated intragenic CGIs

do not stop transcription (Jones 1999; Maunakea et al. 2010), which led to

theories that 5mC is preferentially deposited in actively transcribed genes. Baubec

et al. 2015 found that DNMT3B preferentially binds to bodies of transcribed genes

supporting this theory. Gene body methylation was also proposed to be involved

in the regulation of alternative promoters, under the assumption that most genes

have two transcription start sites (TSS) (Maunakea et al. 2010). Methylation's

role in splicing was suggested after observing that exons tend to have higher levels

of modi�cation to introns and the transitions occur at exon–intron boundaries

(Laurent et al. 2010; Lister et al. 2009). High levels of methylation in actively

transcribed gene bodies have been found to be associated with H3K36me3 histone

modi�cation (Ball et al. 2009).
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Similar effects have been observed in the case of 5hmC. Multiple studies found

its enrichment in gene bodies together with a strong positive correlation with

transcription levels in multiple tissues (Wilkins et al. 2019; Song et al. 2011;

Johnson et al. 2016; Cui et al. 2020). Results presented by He et al. 2021 suggest

that the correlation is stronger than that of 5mC. Gene body 5hmC levels are cell-

type speci�c and were found to change over time depending on the developmental

context. For example, in adult livers 5hmC tend to occupy genes involved in

catabolic and metabolic processes, in contrast to genes involved in differentiation

and development pathways in fetal livers (Ivanov et al. 2013). Interestingly, genes

that escape X-chromosome inactivation display higher gene body 5hmC levels

than inactive genes (He et al. 2021). The exact role of 5hmC and the dynamic

of methylation and demethylation events is still unclear, but evidence suggests

that the intricate balance between methylation states is crucial for expression

regulation beyond gene promoters.

It is also important to remember the mutagenic effects of 5mC mentioned before.

Methylation at exons is the major cause of C>T mutations which may lead to

diseases and cancer (Rideout et al. 1990; Schmutte et al. 1996). Conversely,

high levels 5hmC were found to be associated with increased C>G mutation rate

(Supek et al. 2014).

1.4 DNA modi�cations in cancer

There are two types of aberrant DNA methylation patterns found in cancer

compared to normal cells of the same tissue. The �rst of them is global hy-

pomethylation, especially enriched within broad late-replicating Lamin-associated

domains containing many repetitive sequences such as Alu and LINE-1 (Ehrlich

2009). These CpG-poor regions cover over half of the genome, and remain

mostly methylated in normal cells. Their methylation is crucial for chromatin

organisation, repression of transcription, and maintenance of nuclear structure

(Sen et al. 2006; Shapiro and von Sternberg 2005; Bodega and Orlando 2014).

Hypomethylation was detected to begin early in tumourigenesis, and has been

associated with tumour progression in multiple cancer types (Jackson et al. 2004;

Suzuki et al. 2006). Both the origin and function of global hypomethylation

is subject to an ongoing debate. Firstly, there is no consensus on whether the

demethylation is caused by an active or passive process (or, possibly, a mixture

of both) (Ehrlich 2009). Secondly, its function remains elusive – it has been

proposed that hypomethylation at repeat regions may foster DNA rearrangements
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that promote tumourigenesis, or loss of gene imprinting resulting in overexpression

of associated, tumourigenic genes (Eden et al. 2003; Gaudet et al. 2003; Holm

et al. 2005; Plass and Soloway 2002; Klutstein et al. 2016).

Studies of global hypomethylation are overshadowed by the second type of

aberrant methylation patterns, that is of localised hypermethylation, especially at

normally unmethylated CGIs. Affected CGIs are often located at gene promoters

and may lead to silencing of tumour suppressor, or differentiation-associated genes

(Esteller 2007; Widschwendter et al. 2007). Multiple established cancer genes

were found to have hypermethylated CGI promoters leading to their silencing, such

VHL, and CDKN2A(Herman et al. 1994; Cancer Genome Atlas Research Network

2012), and more recently studies expanded to whole genome analyses that

identi�ed whole pathways controlled by epigenetic aberrations (Jiao et al. 2014).

The degree of CGI hypermethylation events varies between different cancers and

even within cancers of the same organs (Sagha�nia et al. 2018). Tumours with

high frequency of CGI hypermethylation gained their own descriptive category

called the CpG island methylator phenotype (CIMP) (Issa 2004). The extent

and localisation of 5mC changes in cancer genome has been used in biomarker

discovery and therapy guidance (Swisher et al. 2017; Locke et al. 2019).

Emerging evidence suggests aberrant pro�les of 5hmC in multiple cancer types.

Speci�cally, tumours present global decrease of 5hmC, often associated with

the downregulation of TET mRNA transcription (Lian et al. 2012; Jin et al.

2011a; Kudo et al. 2012; Yang et al. 2013). In addition to global changes,

studies in pancreatic cancer and glioblastoma found 5hmC to be enriched near

regulatory elements such as enhancers and promoters and were associated with

the upregulation of tumour-promoting genes (Johnson et al. 2016; Bhattacharyya

et al. 2017).

1.5 Cell type-speci�c methylation and its applica-
tions

The intricate patterns of 5mC and 5hmC distribution across the genome and their

evident association with the regulation of gene expression led to the investigations

of differences in modi�cation landscapes across different cells and tissue types. As

indicated at the beginning of this chapter, cytosine modi�cations as well as the

higher-order structures such as histones and chromatin, play a substantial role in

the plastic de�nition of cell phenotypes. Despite most of genomic CpG positions
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have the same 5mC status, methylation of some CGIs, gene bodies and enhancers

varies depending on the cell's function and developmental origin. Methylation at

different genomic contexts have varying levels of tissue-speci�city. For example,

CGIs at promoters rarely show unique methylation patterns due to their substantial

association with housekeeping genes ubiquitously expressed across a variety of

cell types (Song et al. 2005; Saxonov et al. 2006; Eckhardt et al. 2006). On the

other hand, CGIs at gene bodies and intragenic regions have been found to display

a greater tissue speci�city (Maunakea et al. 2010; Illingworth and Bird 2009), .

The majority of distinct methylation patterns has been found outside of CGIs, in

the nearby regions called CGI shores - the tissue-speci�c methylation was found

to be highly conserved and correlated with reduced gene expression (Irizarry et al.

2009). A high degree of tissue-speci�city was observed in distal regulatory regions

such as enhancers, which tend to be more cell-type-speci�c than promoters which

methylation status is shared across cell types (Ernst et al. 2011; Ernst and Kellis

2015). Recent studies have indicated an even higher tissue-speci�city of 5hmC,

usually falling within introns and enhancers binding tissue-speci�c TFs (He et al.

2021; Nestor et al. 2012). The unique methylation patterns tend to be coupled

with variable histone modi�cations, such as H3K4me1. Using ChromHMM, a

method developed to to assign combinations of histone marks to unique genomic

regions, the Roadmap Epigenomics consortium found the most tissue-speci�c

marks to be present at regions surrounding TSSs, and in enhancers (Kundaje et al.

2015; Ernst and Kellis 2012).

Harnessing the methylation differences across cell types can be used in a range

of applications, such as deconvolution to infer cellular compositions of a mixed

sample. In such studies, sample methylomes can be deconvoluted using a range

of refrence-free and reference-based methods to determine underlying similarities

and cell proportions. In general, reference-free methods are used when there is

no information available about the 5mC states of the cells contributing to the

mixture, resulting in estimation of putative cell proportions which have to be

assigned to correct populations using functional analysis. One of such methods

was developed by Houseman et al. 2016 to study immune cell mixtures, using a

modi�ed version of non-negative matrix factorisation. Reference-based methods

require the identi�cation of differentially methylated regions (DMRs) speci�c

to the cell types of interest, followed by the calculation of the contributions

in studied mixtures using methods such as constrained projection/quadratic

programming (Titus et al. 2017). These methods have been �rstly developed to

study immune cell proportions across a range of disease states, giving rise to the



1. Introduction 16

�eld of Immunomethylomics(Houseman et al. 2016; Wiencke et al. 2017), and to

account for confounding signals in epigenome-wide association studies (Jaffe and

Irizarry 2014).

Cell type deconvolution has also found its application in the context of cancer,

where reference-based methods were used to estimate tumour biopsy purity

and levels of immune cell in�ltration (Chakravarthy et al. 2018), and to �nd

biomarkers associated with prognosis (Yang et al. 2017; Chen et al. 2015).

Additionally, methylation markers have been crucial in the liquid biopsy research,

where they can be used to assign the sources of otherwise nearly indistinguishable

cell-free DNA fragments present in blood. For instance, Moss et al. 2018 developed

a reference-based approach for the identi�cation of cell-free DNA originating from

a range of normal tissues and cancers, including those of unknown primary.

The referenced studies are primarily based on methylation arrays, which restrict

the analysis to either 450,000 or, in more recent investigations, 850,000 CpG

sites. Up until very recently, the availability of whole-genome methylation datasets

was limited to public data obtained by the ENCODE and Roadmap Epigenomics

consortia (The ENCODE Project Consortium 2012; Kundaje et al. 2015), which

suffer from a lot of intra-sample heterogeneity, especially in case of bulk tissues

(Loyfer et al. 2023). There was no other integrated whole-genome atlas of

methylation representing a range of human tissues. This thesis aims to bridge

this gap, by truly whole-genome analysis of unique methylation patterns, and its

potential application in deconvolution of cancer data.

1.6 Aims of the thesis

1. Utilise the availability of TAPS� and CAPS whole-genome maps obtained

from multiple human tissues to create a new reference for tissue-speci�c

methylation patterns, in a semi-supervised way.

2. Investigate the tissue-speci�c methylation patterns for the evidence of

biological relevance and 5hmC contributions.

3. Deconvolute oesophageal tumour biopsies using the constructed reference

atlas and analyse the biomarker potential of differences in cellular contribu-

tions.
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To develop a method to obtain tissue-speci�c methylation patterns, I used a TAPS�

atlas representing a collection of 20 different cells and tissues. This dataset

provides a comprehensive single-base resolution map of 5mC, and together with

the complementary CAPS data from the same samples, signi�cantly enriches our

understanding of methylation patterns. This chapter explains the development of

this reproducible pipeline, which is used to obtain results analysed and used in

the following chapters.
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2.1 TAPS� atlas

2.1.1 Data preparation

The original TAPS� atlas consisted of 116 samples representing 34 healthy tissues,

blood cell populations, several tumours, and pancreatitis. Sample preparation,

sequencing, and initial processing were performed by colleagues, and are sum-

marised in Methods 6.1. I focused on non-disease tissues, and removed samples

with abnormally low coverage, quality metrics or potentially mislabeled samples

(data not shown). The remaining atlas consists of a set of 71 samples representing

20 tissues and cell types (Figure 2.1), which are summarised in the Appendix

A.1.

Figure 2.1: TAPS atlas and pipeline summary
The various tissues and cell types incorporated in the TAPS� atlas. Some samples from
tissues marked with an asterisk (*) were removed in later processes because of substantial
discrepancies in their methylation landscapes.

To reduce the size of the datasets, I merged CpG pairs from the forward and reverse

strands, under the assumption that most of CpG methylation is symmetrical. I

removed CpGs in regions considered as "problematic" by the ENCODE consortium,

which cover sequences that tend to have anomalous, unstructured, or high signal

in sequencing experiments (Amemiya et al. 2019). Additionally, I removed any

sites in centromeres and sites covered by less than 5 reads in each sample. Only

autosomal chromosomes were included in the analysis.

Next, I removed CpGs that are likely to be single-nucleotide variants (SNVs).

During the process of TAPS� sequencing, 5mC is converted to T. The abundance of

C>T SNVs in the genome may in�uence the methylation calling results, reporting
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that CpGs are methylated, while they are, in fact, TpGs. This can be addressed

by looking at the base opposite to the C in a CpG, which should be a G in the

case of cytosine modi�cation and A or C in the case of C>T or C>G substitutions,

respectively. I calculated the proportion of Gs on the opposite side of Cs in CpGs

applying a modi�ed version of the alleleCount function on BAM �les from each

sample (described in detail in Methods 6.1.1) (alleleCount2023). If the proportion

was lower than 0.6, I assumed that this is a heterozygous or homozygous SNV.

On average, the samples had 463,915 SNVs each (not accounting for differences

in sequencing coverage) (Supplementary Figure B.1). Of these, on average, only

11.13% were covered in the dbSNP database v154 (Kitts and Sherry 2011). This

supports the use of this method instead of just �ltering out common SNPs, as it

removes a large proportion of potentially confounding sites. The affected CpG

sites were removed from the corresponding methylation maps.

2.1.2 Genome segmentation

To identify tissue-speci�c sets of CpGs, I �rst divided the genome into a set of

continuous non-overlapping blocks with consistent methylation states in each

tissue. This was done to minimise the effects of methylation states of single CpGs,

and to increase the power of the analysis by adding the modi�cation states across

the segments, which can be necessary in, for example, cell-free DNA analyses.

Additionally, it compresses the data for computation. The segmentation was

done under the assumption that 5mC's role in genome regulation is via sets of

co-operating, neighbouring sites, rather than individually.

Firstly, I merged samples from the same tissue or cell type. For each CpG, I

combined modi�ed and unmodi�ed cytosines and calculated the average beta

value per tissue group. The tissue assignment is summarised in Table A.1. To allow

for small variation of methylation of CpGs across tissues, each site was assigned

to one of three groups, depending on its beta value: 0-0.25 as "unmethylated",

0.25-0.75 as "hemimethylated", and 0.75-1 as "methylated". I merged the data for

each tissue group into one table, removing CpGs missing in more than 25% of the

groups.

To identify segments of uniformly methylated sites, I �rst divided this table

by chromosomes, and further into 10-kb long segments to ensure comparable

clustering and to speed up the computation. On each segment, I performed

hierarchical clustering to identify sets of sites with identical methylation states, as

illustrated in Figure 2.2. The dendrogram was cut at the height of 0.5, assigning
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CpGs of the same methylation patterns across all tissues to the same clusters, with

a small degree of �exibility that allowed handling of the sporadic missing values.

Then, under several restrictions listed below, I identi�ed blocks of consecutive

CpGs that belong to the same clusters. The distance between consecutive CpGs

could not be greater than 1 kb and so was the total span of the block. Additionally,

I required at least three CpG sites per block to ensure adequate coverage of

the genome while preserving the comethylation of the segments. Because of the

removal of some CpGs prior to block selection (due to low coverage or SNVs), some

blocks could contain more CpGs than identi�ed. To address this, I compared the

observed and expected number of CpGs in each block using a whole genome CpG

map and excluded all blocks with more than 30% CpGs which were unaccounted

for. The segmentation of the genome according to these requirements yielded

884,842 blocks, covering 5,741,031 individual CpGs. The distribution of the

blocks is highly skewed toward the shortest blocks, as they make up 42% of the

identi�ed segments.

Figure 2.2: Summary of the genome segmentation process
A representative illustration of the process of genome segmentation. First, the samples
are merged based on the tissue of origin and beta values are converted to methylation
level bins (not shown). Then, 10kb-long sections are clustered and the dendrogram is
cut at 0.5 height (dotted vertical line), assigning each CpG to a cluster. CpGs are then
reordered back according to the location in the genome, and neighbouring CpGs from
the same cluster are assigned to one block. The �gure shows the following scenarios: B1,
a canonical block; B2&B3, blocks separated because of the >1kb distance between 3th
and 4th CpG; B4, a block with a missing value; B5&B6, block split in two because of the
length >1kb.
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2.1.3 Variance �ltering

Having identi�ed the blocks co-methylated CpGs, I sought to eliminate regions

sharing the same methylation values in all tissues. For this and all subsequent steps,

I considered all samples individually, without grouping them by tissue/cell type.

Using the positions of all identi�ed blocks, I summed modi�ed and unmodi�ed

values of the CpGs across each block in each sample and calculated the beta values.

If a given region was not covered in a particular sample, I imputed the beta value

based on the median value of all samples for that block. This approach assumes

that the missing value will adopt a "neutral" methylation state, which is the most

common methylation state in all tissues. Of 884,842 total blocks, each tissue was

missing on average 3,050 blocks. 45% of the missing blocks were missing in one

sample only.

Because of the nature of methylation, most of these blocks have very similar

methylation states in all samples. To eliminate these noninformative sites, I �ltered

sites based on the per-block variance across tissues. I tested several variance cutoff

values, and guided by the obtained numbers of blocks, previous papers, and

downstream analyses, I chose 0.01 as the optimal cutoff (Table 2.1). Due to the

substantial difference in methylation pro�les between tissue- and blood-derived

samples (as illustrated in the heatmaps below), I noted that variance �ltering

separately in both groups results in a higher number of identi�ed blocks (Figure

2.3). As a result, I obtained 58,004 high-variance blocks.

Variance �lter Number of identi�ed blocks
>0.05 3,669
>0.01 58,004
>0.005 116,785
>0.001 762,924

Table 2.1: Number of blocks obtained with different variance �lters

The methylation landscape of the selected blocks is illustrated in Figure 2.4. This

heatmap illustrates the different global methylation patterns in tissues and cells

isolated from blood, excluding samples originating from brain. The majority of the

identi�ed blocks are hypermethylated across most samples and hypomethylated

in small subsets, suggesting that hypomethylation plays a more signi�cant role

than hypermethylation in portraying cell type speci�city. Interestingly, when I

ran the entire process including brain samples, I got a substantially different

methylation landscape, and a considerably lower number of high-variance blocks
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Figure 2.3: Increased block numbers via separate �ltering of blood and tissue
samples
Separate variance �ltering of blood and tissue samples (represented by green and orange
circles, respectively) results in a substantially larger number of retained blocks compared
to the combined �ltering approach (depicted by the blue circle).

(41,073, in contrast to 58,004) (Figure 2.5). Brain tissue exhibits a distinctly

low methylation pro�le, representing a considerably higher proportion of sites

compared to other tissues. Taking into account the distinctiveness of the brain

methylation landscape and the well-established substantial contribution of 5hmC

to brain tissue (Kriaucionis and Heintz 2009), I decided to not include the brain

samples in further analyses.
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Figure 2.4: Methylation status of highly-variable blocks in the TAPS � atlas
Beta values of blocks with a variance greater than 0.01 per block, computed separately
for blood and tissue samples, resulting in a total of 58,004 highly variable blocks. The
data were clustered using the Ward's method.
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