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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 TAPS/5 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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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 TAPSg 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
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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
profile, 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 definition comes in slightly different flavours depending on the field of study
(Haig |2004; Deans and Maggert [2015). In the context of genomics, the most
widespread definition is based on the work of Holliday and later modified 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 modifications 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 modifications 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 modifications, including but not limited to acetylation, methylation
and phosphorylation. Each modification, 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 modifications 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 influence chromatin structure, as well as for comprehending the
part that epigenetic modifications play in gene regulation.

1.2 DNA methylation

Cytosine methylation is the most extensively studied form of epigenetic DNA
modification. 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 identified 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 modification, the genomic context and the presumed function vary
significantly 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 1% 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 the maintenance methyltransferase as
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 of Dnmt1 in mice results
in embryonic lethality (Li et al. 1992)). Moreover, insufficiency or mutations in any
of these can lead to severe developmental defects, such as ICF syndrome which is
specifically 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 modifications
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 unmodified 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 specification (Wheldon et al. 2014)). Despite the active
conversion by TET proteins, some of these modifications 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. |2010j; Guo et al. 2011} Szulwach
et al. 2011; He et al. 2021). Although detected at lower levels in multiple other
tissues, the presence of 5ShmC 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).

Qs
XQ)Q/ :
<
& 5mC
Q ~
+* \
[©) ’
S .
A + DNMT1
A &
5fC 5hmC
TET
—

Figure 1.1: Passive and active demethylation pathways

Cytosine can become methylated de novo in 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 unmodified
cytosine during base excision repair. All cytosines in this figure are in the CpG context.
Figure based on Raiber et al. 2017.
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1.2.2 Techniques to study cytosine modifications

The field of epigenomics has been closely reliant on the development of DNA
sequencing technologies. The challenge in detecting a chemical modification
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 affinity-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-specific 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 modifications by, for example, using
5hmC-specific 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 modification levels, as the genome is not covered
evenly.

Methylation sequencing at single nucleotide resolution was made possible after
the discovery of the properties of bisulfite treatment in 1973 (Shapiro et al. 1973).
When DNA is treated with sodium bisulfite, 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 amplified
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 bisulfite 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), bisulfite began to be used to treat the DNA prior to sequencing. Whole
genome bisulfite sequencing (WGBS) represents 95% 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 bisulfite
sequencing (TAB-seq) which allows the identification of 5ShmC 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 modifications, but that has been proven to be challenging (Wu and Zhang
2015). While useful and incredibly popular, bisulfite 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 bisulfite-free method for studying cytosine modifications at base resolution
is TET-assisted pyridine borane sequencing (TAPS) (Liu et al. 2019). In this
technology, cytosine modifications (5mC, 5ShmC, 5fC) are first 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 bisulfite-free method requires
milder chemical conditions, and given the abundance of modified 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 bisulfite treatment is
even more problematic due to low amounts of input DNA. Two additional methods
have been developed to increase the modification detection sensitivity: TAPSS,
the bisulfite-free equivalent of 0xBS-seq, which enables the identification of only
5mC due to the protection of 5ShmC by j-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 bisulfite-free methods include single-molecule real-time (SMRT)
sequencing by Pacific Biosciences (PacBio), and nanopore sequencing by Oxford
Nanopore Technologies (ONT), both offering direct readout of modifications
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.

WGBS TAPS TAPSB CAPS

@ 5mC ) 5hmC ( 5fC @ 5mC ) 5hmC ( 5fC @ 5mC ) 5hmC ( 5fC @ 5mC ) 5hmC ( 5fC

Glucosylation (BGT)
TET oxidation + KRuO, oxidation
bisulfite treatment + TET oxidation +

borane reduction + borane reduction
borane reduction

DOOOO G006 00000 OO

Figure 1.2: Summary of selected methods for base-resolution sequencing of cytosine
modifications

Only the methods used to obtain data used in this thesis are included. WGBS converts
unmodified and unprotected cytosines into thymines, while TAPS-based methods (TAPS,
TAPS and CAPS) only convert modified 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 x 0.225 = 0.05, while the observed frequency is 0.0328 = 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). Specifically,
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 fixed 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 (CGls), which are
typically associated with gene promoters and are predominantly unmethylated
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(Bird |1984). The most commonly used criteria for classification 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
(70% of all) or fully unmethylated (30%), 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-specific 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-specific regulatory regions. The following section will
aim to describe the 5mC landscapes at various genomic regions and summarise its
roles in shaping gene expression profiles.

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 50% 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 modifications 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 defined 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.[2010j; 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 modifications and associations of other factors,
including H3K4me1l, 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 affinity 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 specific than promoters (Ernst et al.
2011} Ernst and Kellis 2015; Kundaje et al. 2015), and lineage-specific enhancer
methylation has been detected in T-cells (Schmidl et al. 2009). High levels of
cell-type-specific 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 identification of 5ShmC
enrichment at enhancer sites (Stroud et al. 2011; Johnson et al. 2016; Cui et al.
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2020). Interestingly, they were found to be particularly enriched at very cell-type-
specific enhancers. This suggests that 5ShmC 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 confirmed to stand in humans, and subsequent
studies suggested 5mC to be involved in the control of alternative splicing, spurious
transcription and histone modifications (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 first exon and intron are
usually excluded from the definition 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 modification 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
modification (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 specific and were found to change over time depending on the developmental
context. For example, in adult livers 5ShmC 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 5SmC 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 modifications in cancer

There are two types of aberrant DNA methylation patterns found in cancer
compared to normal cells of the same tissue. The first 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
identified 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 (Saghafinia 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 profiles of 5hmC in multiple cancer types.
Specifically, tumours present global decrease of 5ShmC, 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-specific 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 modification landscapes across different cells and tissue types. As
indicated at the beginning of this chapter, cytosine modifications as well as the
higher-order structures such as histones and chromatin, play a substantial role in
the plastic definition 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-specificity. 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 specificity (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-specific methylation was found
to be highly conserved and correlated with reduced gene expression (Irizarry et al.
2009). A high degree of tissue-specificity was observed in distal regulatory regions
such as enhancers, which tend to be more cell-type-specific 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-specificity of 5ShmC,
usually falling within introns and enhancers binding tissue-specific TFs (He et al.
2021} Nestor et al. 2012). The unique methylation patterns tend to be coupled
with variable histone modifications, such as H3K4mel. Using ChromHMM, a
method developed to to assign combinations of histone marks to unique genomic
regions, the Roadmap Epigenomics consortium found the most tissue-specific
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
modified version of non-negative matrix factorisation. Reference-based methods
require the identification of differentially methylated regions (DMRs) specific
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 firstly developed to
study immune cell proportions across a range of disease states, giving rise to the
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field 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 infiltration (Chakravarthy et al. 2018), and to find
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 identification 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 TAPS3 and CAPS whole-genome maps obtained
from multiple human tissues to create a new reference for tissue-specific
methylation patterns, in a semi-supervised way.

2. Investigate the tissue-specific 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-specific methylation patterns, I used a TAPSg
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, significantly 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 TAPSS atlas

2.1.1 Data preparation

The original TAPSS 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 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

ATl

brain* T
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breast - NK cells
oesophagus : / CD4+ T-cells
stomach "X CD8+ T-cells
kldnex 2 ﬂ / ) 1 B cells
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prostate

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 TAPS3 sequencing, 5mC is converted to T. The abundance of
C>T SNVs in the genome may influence 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 modification 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 modified version of the alleleCount function on BAM files from each
sample (described in detail in Methods (alleleCount|2023)). 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 filtering 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-specific sets of CpGs, I first 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 modification 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 modified and unmodified cytosines and calculated the average beta
value per tissue group. The tissue assignment is summarised in Table 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 first 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 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 flexibility that allowed handling of the sporadic missing values.
Then, under several restrictions listed below, I identified 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 identified. 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

identified segments.
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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 figure 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 filtering

Having identified 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 identified blocks, I summed modified and unmodified
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 filtered
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 profiles between tissue- and blood-derived
samples (as illustrated in the heatmaps below), I noted that variance filtering
separately in both groups results in a higher number of identified blocks (Figure
2.3). As a result, I obtained 58,004 high-variance blocks.

Variance filter Number of identified 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 filters

The methylation landscape of the selected blocks is illustrated in Figure This
heatmap illustrates the different global methylation patterns in tissues and cells
isolated from blood, excluding samples originating from brain. The majority of the
identified blocks are hypermethylated across most samples and hypomethylated
in small subsets, suggesting that hypomethylation plays a more significant role
than hypermethylation in portraying cell type specificity. 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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blood only | 2864 tissue only

Figure 2.3: Increased block numbers via separate filtering of blood and tissue
samples

Separate variance filtering 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 filtering approach (depicted by the blue circle).

(41,073, in contrast to 58,004) (Figure [2.5). Brain tissue exhibits a distinctly
low methylation profile, 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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Methylation status of highly-variable blocks
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.

Figure 2.4
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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 41,073 highly variable blocks. A unique

methylation pattern can be seen in brain samples. The data were clustered using the

Ward’s method.
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2.1.4 Properties of the selected CpG blocks

The selected properties of the CpG blocks are detailed in Table Compared to
all the blocks identified during the genome segmentation process, I found that
highly variable blocks were typically smaller and contained fewer CpGs. Moreover,
these blocks exhibited a higher average distance from each other, and fewer
blocks were found within 100bp from each other. This indicates a pattern of
less clustering among the highly variable blocks compared to all blocks identified

across the genome.

All Blocks High-variance

Total Number of Blocks 884,842 58,004
Number of Covered CpGs 5,741,031 211,572
Median Number of CpGs per Block 4 3
Mean Number of CpGs per Block 6.42 3.57
Median Length of Blocks 116 51
Mean Length of Blocks 213.7 85.42
Median Distance Between Block, bp 1,182 15,019
Mean Distance Between Blocks 6,013 47,162
Blocks Less Than 100bp Apart 106,224 2,865
Blocks Less Than 100bp Apart, % 12% 4%
Average Blocks with Missing Values, Per Sample 4,162 394
Average Blocks with Missing Values, Per Sample, % 0.4% 0.67%

Table 2.2: Genome segmentation and variance filtering summary

The values represent absolute numbers, unless otherwise noted. CpGs refer to pairs of
C-Gs on both strands of the DNA. High-variance blocks refer to the dataset without brain
samples.

To better understand the landscape of the regions represented by the high-variance
CpG blocks, I investigated the degree of overlap between genic regions, CGIs and
enhancers, and CpGs representing the whole genome, all identified blocks and
highly variable blocks (Figure [2.6] A-C). Assignment into the three categories was
performed independently, meaning that, for example, a given CpG can be in both a
CGI and a promoter. Nearly all CpGs overlapped at least one region. The majority
of CpGs in all groups fell into intergenic, intronic, or open sea regions, as expected
by their general size in the genome (represented by the orange bar). Out of all
high-variance blocks, only 6356 (containing 22,541 CpGs) were in the open sea
CpG and did not overlap with any genic or enhancer region. Detailed methods of
the analysis are described in Methods
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My approach of selecting co-methylated groups of CpGs may result in an over-
representation of certain genomic regions, such as CGIs, because they are CpG-
dense and usually unmethylated. This can be clearly seen from the difference in
proportions in Figure A-C). To fully quantify the over-representation at each
region on each filtering stage, I compared the observed and expected proportions
of covered regions using Fisher’s exact test (Figure D-F). CpG islands are
clearly preferred during the genome segmentation stage due to their homogeneity,
but are strongly selected against during variance filtering (OR 18 vs OR 0.01, p val.
<0.001). Compared to the whole genome, high-variance blocks are preferentially
located in CpG shores and shelves, rather than islands and open-sea regions. The
patterns in genic regions strongly resemble those of the CGIs, with high selection
for promoters and 5 UTRs at the stage of segmentation, which is lost during
variance filtering. Highly variable blocks are significantly enriched for introns,
exons, 3’ UTRs and regions 1 to 5kb upstream of TSS (OR > 1.1, p val. <0.001).
There is a strong selection against enhancers during genome segmentation, which
is then overcome during variance filtering. The above results suggest that, despite
strong selection for certain regions during the genome segmentation process,
the variance-filtering step recovers sites which are more expected to be variable
between tissues. Interestingly, only 4% of the high-variance CpG blocks are
included in the Illumina EPIC array, highlighting the benefits of using whole-

genome data.
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Figure 2.6: Representation of genomic regions during the segmentation and filtering
processes.

The CpGs captured during the genome segmentation and filtering process represent
different genomic regions, as illustrated in panels A-C. The bars represent the fractions of
CpGs in each region. The analysis was performed separately for each panel to account
for overlaps between regions, and the overlaps were calculated using individual CpGs. A.
Genic elements. The majority of CpGs in blocks in cover intergenic and intron regions.
Only transcripts included in the MANE database are included for clarity. 1 to 5kb, 1-5Kb
upstream of the TSS. B. CGI elements. C. Enhancers. Only non-promoter enhancers were
included. I used Fisher’s exact test to assess the over-representation of genomic elements
during block selection processes (D-F). A strong preference for homogeneously methylated
regions such as CpG islands, and elements associated with them such as promoters and 5’
UTRs is observed at the genome segmentation stage (column 1). This effect is reversed
during the variance filtering stage (columns 2 and 3). The selected, high-variance CpG
blocks are strongly enriched for CpG shores, shelves, introns, exons, 3’ UTRs, regions 1 to
5kb upstream of TSS, and enhancers. The ratios were calculated using the total number
of CpGs assigned to the blocks, within or outside a given genomic region. The error bars
represent 95% confidence intervals, and the dashed line indicates a odds ratio of 1. All
presented ratios had p values of <0.001.
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2.2 Non-negative matrix factorisation

The identification of the highly variable blocks was the first step in obtaining a map
of tissue-specific CpG blocks. Then, I had to identify and divide the blocks that
are specific for each tissue in the atlas. To do this, I reduced the dimensionality
of the complex data of the methylation values per CpG block per sample, using
non-negative matrix factorisation (NMF).

NMF is one of the algorithms used for the factorisation of matrices representing
complex multidimensional datasets, similar to principal component analysis (PCA).
The objective of NMF is to explain the observed data using a limited number of
basis components which, when combined together with the estimated coefficients,
approximate the original data as accurately as possible.

To use NMF to identify tissue-specific methylation patterns from our set of samples,
I generated a matrix A consisting of the methylation levels of p CpG blocks in n
samples representing various tissue and cell types (simplified overview in Figure
The actual input matrix is presented in Figure [2.5). The goal is to find a
number of k£ dimensions (or "signatures"), ideally corresponding to the number of
tissue groups in the input, each defined as a positive linear combination of the p
features. Then, the methylation patterns of the samples can be approximated as
positive linear combinations of these dimensions.

This corresponds to factoring matrix A into two matrices such that:

A~WH

The matrix W has size pk, with each of k£ columns defining a methylation signature,
and each entry W;; being the coefficient of CpG block i in signature j. The
coefficients can be thought of as "weights" of each feature for each signature.
Matrix H is of size nk, with each of the n columns representing the signature
contribution pattern of the corresponding sample. The entry H;; represents the
exposure of the signature i in sample j (Figure[2.7).

The method randomly initialises the matrices W and H and iteratively updates
them to minimise their divergence from the original matrix A. The algorithm
may not converge to the same solution on each run. If the clustering in the &
clusters is stable, the samples are assigned to the same clusters with each run. The
stability of the clusters can be inspected by looking at the cophenetic correlation
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Figure 2.7: Graphical overview of NMF
Intensity of the colour corresponds to methylation values in matrix A, weight of
coefficients in matrix 1, and relative signature contribution in matrix H.

coefficient, which, in short, reflects the probability that samples will be assigned
to the same clusters in each run (Brunet et al. |2004).

The use of NMF in the detection of tissue-specific methylation patterns from a set
of samples differs from the original application to deconvolute mixtures of signals.
Assuming that our input samples come from a single tissue or cell type, and I filter
out nonvariable CpGs, our signals are already deconvoluted. For this purpose, the
decomposition of matrix A can help us isolating truly tissue-specific CpGs in the
form of matrix W, and the contribution of each signature to the samples in the
matrix H. Ideally, I want k to be equal to the number of tissue types present in
the data set, but this may not always form the most stable cluster with the highest
cophenetic value. The biological relevance of the clusters and the stability have
to be taken into account, because any sample heterogeneity or a higher level of
heterogeneity in the data (such as the presence of generally heterogeneous tissues
together with a more pure blood population) can lead to lower values of k£ being
more stable.

Furthermore, I had to address the nature of the representation of methylation
values, which is a proportion rather than the counts expected by NMF. If in a
row p the majority of values are 1, with a few samples at 0, this block will not
be considered "important" for any signature, due to the nature of the algorithm.
However, this example represents the most common situation in our input matrix,
in which a CpG block is uniquely hypomethylated in a given tissue. To mitigate
this issue, which would inevitably dramatically reduce the number of important
regions for each signature, I simply transformed the input matrix rows with mostly
methylated blocks such as a;7 = abs(1 — a;j), to present them as a generally
unmethylated, with hypermethylation at the particular tissues of interest.
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2.2.1 NMF on the tissue atlas

Having identified the highly variable blocks, I used NMF to identify patterns in
CpG blocks that are significant in characterising each tissue/cell type. Choosing a
factorisation rank of 19, equivalent to the number of distinct groups in the atlas,
allowed us to assign unique signatures to almost all samples of the corresponding
tissues (Figure . This resulted in a near-perfect match for several tissues,
including the oesophagus, stomach, colon, and other solid tissues.

Blood-derived samples, which had fewer high-variance input CpG blocks, showed
less granularity in deconvolution. Neutrophils and monocytes were assigned
the same signature (signature 14), which is not unexpected considering their
shared developmental lineage. However, a more monocyte-specific "sub" signature
(signature 5) was observed that further distinguishes them. Similarly, CD4+ and
CD8+ T cells were not fully separated, with signature 9 being the primary signa-
ture. Furthermore, CD8+ T cells had an additional contribution from signature 6,
interestingly shared with two of the natural killer (NK) cell samples.

There were no signatures specific to a subset of patients, rather than tissues, except
a small trace of signature 14 in each sample from the UKVAC-003-06 donor. This
suggests the successful removal of potential confounding SNPs, which improves
confidence in the tissue specificity of the observed methylation signatures.

Choosing the appropriate factorisation rank for the analysis was crucial to achiev-
ing accurate results. This choice was largely guided by the number of tissue/cell
types present in the atlas, and was further confirmed by the high stability of
the clusters, as indicated by the quality statistics of the NMF (Figure 2.9). A
factorisation rank of 19, corresponding to the number of distinct groups in the
atlas, was observed to identify the most stable clusters.

Additionally, I explored how NMF behaves at higher and lower ranks to understand
the underlying patterns of the data. When the rank was lower, it failed to clearly
distinguish between certain cell types. Specifically, neutrophils and monocytes, as
well as CD4+ and CD8+ T cells, were no longer separated (Figure A). On
the other hand, higher ranks led to a complete separation of some samples or the
creation of additional sub-signatures (Figure B).
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Figure 2.8: Strength of contribution of each identified methylation signature to each
sample

Each methylation signature identified through NMF contributes in varying degrees to
the overall methylation pattern of individual samples. Samples originating from the
same tissue or cell type are mainly assigned the same signature, confirming the detection
of tissue-specific methylation signals. Two pairs of cell types — Neutrophils/Monocytes
and CD4/CD8 T-cells — share the same principal signature but also exhibit a secondary
"sub-signature" that distinguishes the cells within each pair.
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Figure 2.9: Cophenetic value of NMF runs at different factorisation ranks
The most stable clusters are at rank 19, which corresponds to the number of tissues
included in the atlas.

2.2.2 NMF coefficient analysis

To understand which CpGs have the highest contribution to each signature, I
investigated the coefficients (later referred to as "weights") of each block to each
signature (Figure [2.11). Weight histograms show distinct shapes for signatures
derived from tissue and blood samples. In the former, the weights tend to follow
a bimodal distribution, with a pronounced minor mode composed of a large
number of high-weight blocks. Blood signatures, on the other hand, show a less
pronounced minor peak, and this appears to be composed of a smaller number of
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the results of NMF runs at ranks higher than the number of tissues, revealing an isolated

prostate sample and the creation of artefact signatures corresponding to a single patient

(sig9) or isolating colon samples (sig21).
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blocks of relatively higher weight compared to tissues. I applied the Expectation
Maximisation (EM) algorithm to select the cutoff between the distributions, to
identify high-weight blocks in each signature in an unbiased manner (Methods
[6.2). From this point on, the terms "high-weight" or "important blocks" will refer
to those sites that were above the cutoff point in each signature.

As illustrated in Figure A, the number of high-weight blocks in blood
signatures is considerably smaller than in tissue signatures. Interestingly, the
spleen signature, which is expected to have a high blood content due to the nature
of the organ, has fewer informative blocks compared to other tissues. Only a
small fraction of the total informative blocks per tissue consist of hypermethylated
sites, and contribute significantly more to blood signatures compared to tissue
signatures (Wilcox rank sum test, p.val <0.001, Figure B).

To understand the distinct difference in the numbers and weight distributions
of the selected blocks between the two groups of signatures, I investigated the
genomic locations of the selected CpGs in each group. As shown in Figure [2.12
C, a higher proportion of blocks in the blood group are located in CpG islands
and shores, promoter-associated enhancers, promoters, 5’UTRs and regions 1 to
5kb upstream of TSS. These genomic annotations are typically associated with
promoter regions. Conversely, there is a significantly smaller contribution of blocks
overlapping with inter-CpG island regions, enhancers, introns, and 3’ UTRs.
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Figure 2.11: Weight distribution varies across signatures
Tissue-type signatures display a pronounced secondary peak that contains many high-
weight CpGs, while blood types usually exhibit a lower number of high-weight blocks
within a flatter, more dispersed secondary peak. The highlighted areas represent the
blocks considered informative for each signature. Signature names were assigned based
on tissues with the highest contribution to a given signature, as shown in Figure
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Figure 2.12: Differences in informative blocks between tissue and blood signatures
A. Total number of informative blocks per signature, divided into blood-derived signatures
(top panel) and tissue-derived signatures (bottom panel). The hypo/hypermethylated
block distinction is based on whether the majority of the samples presented a high or low
methylation status at the given block. B. Comparison of the fraction of hypermethylated
blocks to make the total of the important blocks. Blocks from blood-derived signatures
consist of a significantly higher proportion of hypermethylated CpGs, especially signatures
6 and 9. C. Fraction of important blocks that fall within each of the CGI, enhancer and
genic elements, separated into blood and tissue-representing blocks. The blocks were
further divided into blocks within the 1st quantile of important blocks (based on their
coefficient in a given signature) (D) and blocks in the 4th quantile (E). The top-quantile
blocks for both blood and tissue occupy genomic regions with a frequency more similar to
that of the remaining blocks. The P-values were calculated using the Wilcoxon signed-rank

JOROROS

test; * p<0.05, ** p<0.01,

#5% p<(.001, **¥** p<0.0001.
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2.3 Validation

2.3.1 Validation of the selected blocks

Having identified the CpG blocks of interest and their contribution to each tissue-
specific signatures, I sought to validate these regions on a new dataset not used in
the process development. This check was carried out to confirm that the identified
sites are not specific to the particularities of TAPS sequencing or the processing of
our tissues. In January 2023, a multi-tissue WGBS atlas was published by Loyfer
et al. |2023, consisting of 189 samples from 59 tissues. Before bulk sequencing,
the samples were FACS sorted to ensure higher homogeneity of the data, which is
new, especially for the tissue material.

In order to do this, I downloaded their datasets and processed them in the same
way as the TAPS samples, with a few modifications due to the differences in the
available data formats, as described in Methods The full summary of the
samples included in the validation is presented in table I calculated the
beta values for all 58,004 blocks and prepared the dataset to fit the modifications
applied to the input matrix to the NMF, which included "flipping" the same blocks
as in the reference data.

I prepared the new matrix U, consisting of n samples and p CpG blocks, which
correspond to the p CpG blocks from the feature matrix ¥ obtained during the
NMF on TAPSg atlas. I used non-negative least squares regression (NNLS) to
calculate the contributions of signatures % to samples from matrix U (summarised
in Figure [2.13). This approach does not allow for the possibility of any "unknown"
tissues being present in the atlas and will always succeed in fitting the new samples
to our matrix W, although with a varying value of the fit residuals. For example,
if the entry atlas does not contain a liver sample, but the unknown sample to
be deconvoluted is derived from liver, NNLS will do its best to assign it to the
signatures present in the atlas. It may indicate the closest possible tissue and / or
return relatively high residuals.

The results of the NNLS fitting show that most of the samples that had their equi-
valent in the TAPS{ atlas are correctly matched with the appropriate signatures
(Figure [2.14). Due to the lower granularity of our data, samples coming from
subsets of cells from a complex tissue are assigned to the signature representing
the bigger tissue, for example, all pancreatic subtypes have a high contribution
of signature 12. Some signatures, such as signature 3, capture not only oesopha-
geal samples but also closely related tonsil, tongue, and several lung samples,
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k signatures n samples

n samples

NNLS
S|gnatures

norm of residual

p CpG blocks
p CpG blocks

w U C
feature matrix unknown matrix contribution matrix

Figure 2.13: Using NMF results to deconvolute unknown samples

Applying NNLS to fit an unknown matrix U to a feature matrix W obtained from de novo
NMEF will result in a new contribution matrix C. This matrix illustrates the contribution of
each signature k to each sample n. Additionally, a residual norm is calculated for each
sample, illustrating the goodness-of-fit. The intensity of the colour corresponds to the
value of the coefficients in W, the state of methylation in the matrix U and the relative
contribution of the signature in the matrix C.

potentially encapsulating the general squamous epithelium cells. Samples from
peripheral blood nearly perfectly matched their signatures, including cases where
the signatures are quite unclear, such as signature 6 and 14, which could not be
matched with just one cell type in the de novo NMF. Tissue samples which have
contributions from more than one signature offer an interesting insight into the
nature of the CpG blocks. This is the case when a studied sample does not have
the signature equivalent, such as in the case of the thyroid or bone marrow. There
is also a visible separation of signals from endothelial and epithelial origins, as
illustrated with the kidney sample: The epithelial cells clearly represent the kidney
signature, whereas endothelial equivalents are split between two, potentially
unrelated signatures. This suggests that despite bulk sequencing of unsorted
tissue, there are still some dominant subsets. As noted before, samples without the
equivalent signature will still be assigned to other signatures, as there is no option
for "unknown" category. The proxy for that is looking at the norm of residuals,
providing insight into the goodness-of-fit. It is clearly observable that blood cell
types show a much lower sum of residuals, potentially because of the low number
of high-weight CpGs blocks contributing to the signature. The tissues matched
with tissue signatures show a much higher norm of residuals because of the fitting
to many more high-weight CpGs. Expectedly, the cells without the appropriate
equivalents in the atlas show the highest norm of residuals, as the model struggled
to fit them in the most efficient way.

In conclusion, this result suggests that our method and the identified CpG blocks
correctly represent the tissues of origin, and the methylation signatures are due
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to the nature of the tissues rather than the type of sequencing or experimental
handling. Additionally, the new methylation maps were obtained with WGBS -
while small changes may occur, the exclusion of 5hmC in TAPS/3 does not greatly
affect the tissue-specificity of the produced signatures.

2.3.2 Validation of the genome segmentation and filtering
method

The method described in this chapter was developed using the TAPS/ dataset and
is summarised in Figure To test whether the method can be easily adjusted
to new datasets, to incorporate additional samples or test completely new data, I
re-examined the process using the dataset published by Loyfer et al. |[2023|to test if
it is replicable. If it is, I would expect to gain similar results with minimal changes
to the method.

The initial data processing was performed as described above and in the Methods
section Due to the unavailability of read-based data, I skipped the SNV
removal process. The remaining steps were performed without modifications,
and the summary of the samples and tissue grouping used is presented in
Supplementary Table Genome segmentation produces a slightly larger
number of blocks than that obtained in the TAPSS atlas — 998,044. Filtering
out low-variance sites resulted in a considerably lower number of blocks, ending
at 29,468 for 0.01 cutoff and 50,674 at 0.005 cutoff. Given that 0.01 was the cutoff
used in the original method, but the cutoff of 0.005 resulted in a more similar
number of blocks, I investigated both scenarios to assess the need for manual
cutoff changes in applying the method to new datasets. The methylation landscape
of the blocks selected using the 0.01 cutoff is shown in Figure (0.005 variance
filtering was not shown, because the patterns were nearly identical). There is a
striking difference in how cell type-specific the blocks are, specifically due to the
lack of multi-tissue regions as seen in Figure This is most likely due to the
sorting of the cells prior to sequencing, which makes the cells more homogeneous
and removes any "contaminating" cell types, such as fibroblasts or residual blood
cells from the sequenced samples.

The blocks obtained after filtering overlapped genomic regions in a similar fashion
to the blocks in the TAPSS atlas (Figure 2.17). To test whether relaxing the
variance filter enriches for specific genomic regions, I investigated where the
blocks unique to the 0.005 cutoff are present. There is a slightly higher preference
for intergenic and promoter regions, and a lower fraction of enhancer regions is
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Figure 2.14

The normalised contributions of each signature to samples from Loyfer et al.[2023] atlas.

See main body for
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interpretation

were removed for clarity.
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Figure 2.15: Overview of the entire pipeline
Summary of all steps in the process.

selected, although in total, the representation of all regions increases with the
larger number of blocks.

I applied the NMF on both sets of blocks, using the same method as described
above. Given the larger number of samples, I tested the algorithm on a wider
range of possible signatures (k). As illustrated in Figure there are several
peaks of the cophenetic value that reflect the stability of the signatures obtained.
The first peak is at k=22, which is considerably lower than the number of tissue
types in the input data, and while it identified several tissue-specific clusters, a
large part of the samples were clustered based on the developmental origin rather
than tissue (results not shown). The climbing peak towards the right end of the
plot represented a k value closer to the number of tissue types; however, it began
to split certain tissues into individual samples, as shown previously in Figure
The middle peak at k = 32 reflected the composition of the atlas in the
most balanced way, still failing to assign separate signatures to certain, similar
cell types such as different subtypes of gastric epithelium (signature 21), and
separating a sample from its main signature in only one case (heart cardiomyocyte,
signatures 5 and 27) (Figure [2.19). Applying NMF to the larger set of blocks
obtained by filtering on the 0.005 cut-off suggested the same number of signatures
and grouped the samples in a nearly-identical fashion. This suggests that the
number of blocks is not a factor that determines the output of the pipeline, and
the value can be modified depending on the planned downstream analyses.

The coefficients of individual CpG blocks in the identified signatures have a
different distribution than observed in the TAPS/ atlas (Figure [2.20]). With the
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Figure 2.16: Methylation status of highly-variable blocks in the Loyfer 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 29,468 highly variable blocks. Duplicate
names of adjacent samples from the same origin were removed for clarity.
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Figure 2.17: Representation of genomic regions
Fraction of blocks that overlap the illustrated genomic regions at two filtering cut-off
points. The grey bar illustrates blocks that are unique to the less stringent filtering setting
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Figure 2.18: Cophenetic values from several NMF runs on the Loyfer atlas

exception of the generally distinct bone marrow-derived erythrocyte progenitors
signature, all signatures consist of a major peak and a long tail, similar to the
blood-defining signatures in the original atlas. I applied the same method to
select the most informative CpG blocks per signature. The resulting numbers were
considerably lower than in the TAPS{ atlas, and the differences between the blood
and tissue groups were no longer observable (Figure [2.21)). Given the similarity of
the pattern to the patterns observed in blood samples, it is likely that it has to do
with the purity of the included samples, such that there is no mixture of various
cell types creating additional, lower-importance blocks per signature.
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Figure 2.20: Weight distribution varies across Loyfer atlas signatures.

Most of the signatures display weight contributions similar to blood samples from Figure
The colour of the areas represent the blocks considered informative for each
signature.

deconvolution assigned the appropriate signatures in most cases, especially to
peripheral blood cells, the fits of which are also accompanied by a low residual
value. An exception to this is that of eosinophils, which are not present in
the Loyfer dataset, but were correctly assigned to other cell types of a similar
developmental origin. The tissue samples, while with high contributions of
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Figure 2.21: The differences in numbers of selected blocks from tissue- and blood-
derived samples

A. The total number of informative CpG blocks, divided by blood and tissue samples,
with highlighted hypo and hyper-methylated subgroups. B. Combined difference in block
fraction The p-value was calculated using the Wilcoxon signed-rank test; * p<0.05, **
p<0.01, *** p<0.001, **** p<0.0001.

appropriate signatures, have a noticeably lower contribution of those signatures
on a whole, diluted by signals from other signatures, such as signature 17
(adipocytes/epithelium) and signature 26 (bone marrow), which capture multiple
cell types or different methylation landscapes (bone marrow).

Overlap of the identified blocks

Loyfer et al. has also identified several tissue-unique CpG blocks, and I
compared them to the sets found using my method. Although I used their most
generous list of top 1000 blocks per tissue type that covers 197,901 CpGs in
total, the CpGs obtained using our method had a very small degree of overlap
of 9.7%. This is somewhat unexpected given the same input data used for the
block identification. Loyfer cell types with the highest overlap with our method
included samples such as heart and thyroid (20-25% of Loyfer sites present atlas
curated with our method), and the smallest overlap was for samples that did not
separate into their own signature, such as colon fibroblasts (0.03% shared CpGs).
This is most likely due to less supervised nature of our method, as I do not "force"
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Figure 2.22: NNLS fit of Loyfer atlas signatures to the TAPS5 samples

46

sig1
sig2
sig3
sig4
sigh
sig6
sig7
sig8
sig9
sig10
sig11
sig12
sig13
sig14
sig15
sig16
sig17
sig18
sig19
sig20
sig21
sig22
sig23
sig24
sig25
sig26
sig27
sig28
sig30

sig31
siga2

a certain number of tissue-specific blocks. Additionally, there was also a relatively

small overlap with the CpGs identified in the TAPS atlas, which is probably caused

by the presence of different tissues in the dataset, as well as using the different

method (Figure [2.23)).

2.4 Discussion

In summary, I have developed a method allowing the identification of highly

variable, tissue-specific CpG blocks across the genome. The blocks span both

the genic, intergenic, and regulatory regions of the genome, and allow for the

identification of sites most specific for a given tissue, while allowing for certain

lineage-specific similarities. I applied the method to heterogeneous data, sorted

cells, and to a mixture of both, and I found it to require minimal optimisation to

be applicable to new datasets.

The method has been developed on TAPSS methylation calls, which indica

tes

the levels of 5mC, but not 5hmC which is included in sequencing using other

technologies, such as WGBS. I did not notice any substantial issues with the applic-

ation of the method on bisulfite and bisulfite-free sequencing, and I hypothesise

that due to the low content of 5hmC in the analysed cells, the incorporation of

CAPS data would not affect the method development process. Caution should

be
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Figure 2.23: Overlap of CpG blocks in Loyfer data and TAPS/ samples

applied when analysing brain tissues, where ShmC was shown to have different
properties and distribution than in the rest of the genome (further discussed in
main discussion) (Kriaucionis and Heintz 2009; Globisch et al.|2010; Guo et al.
2011; Szulwach et al. [2011; He et al. 2021).

The segmentation of genome prior to the site selection and deconvolution greatly
simplified the subsequent analysis. Similar approach was previously used by Guo
et al. 2017, who found the regional methylation patterns can be represented
as highly-coordinated blocks. More recently, the deconvolution study by Loyfer
et al. [2023| developed a similar method, identifying change-points in correlated
methylation values and slicing the genome accordingly. Both of these methods
were read-based, allowing for fine-tuning of the identification constraints. The
initial part of the development of my approach was limited to the available
public datasets from ENCODE and Roadmap consortia and the available .bed
files. Despite the limitations, I obtained a large number of blocks covering 20%
of all CpGs, and selected highly-variable blocks using a non-supervised approach.
Apart from the variance cut-off points, I set no restrictions to the number of
blocks "representing" each tissue. This is in contrast to the majority of reference-
based deconvolution studies published to date, which tend to choose a small
number of most unique blocks or single CpGs, imposing an equal number of sites
representing each tissue (Loyfer et al. 2023; Moss et al. 2018; Guo et al. 2011}
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Chakravarthy et al. |2018]). While the strict selection of top blocks is necessary to
achieve the highest-possible specificity in downstream applications such as cfDNA
signal detection, it removes large quantities of potentially interesting biological
information. The details of the segmentation and filtering can be adjusted, as
demonstrated with the separate filtering of blood and tissue samples to retain
higher numbers of blocks. The genomic distribution of high variance blocks
reflects the expected locations of tissue-specific CpGs, such as gene bodies, distal
regulatory regions and locations adjacent to CGIs. Both CGIs and promoters were
strongly selected against, despite the high over-representation of these regions
after genome segmentation, caused by their uniform demethylated state, often
included in the blocks.

NMF in the context of methylation has been used in the reference-free deconvolu-
tion of immune cells (Houseman et al. 2016), but not to construct the reference
atlas to be used in the deconvolution of further samples. I demonstrated the
applicability of NMF in this context, assigning appropriate weights to CpG blocks
representing each group of tissues included in the atlas. A more in-depth analysis

of the assigned coefficients is described in the next chapter.

I applied this framework to both heterogeneous, bulk tissue-derived methylation
maps, FACS-sorted individual cell types, and a mixture of both, with satisfying
results obtained in cross-validation. Despite potentially containing a range of
cell types, the bulk tissue heterogeneity may not be a "confounder"; in fact, it
appreciates how complex these tissues are. By definition, sorting and filtering cells
will remove certain cells from the tissue. As much as we know about the samples,
we are currently unable to isolate and sequence every cell type present within them.
This results in the removal of some cells, and the methylation patterns obtained
would represent an incomplete landscape of the sample. Bulk sequencing, in
contrast, will retain all cells from the sample, and the total methylation landscape
reflects the entirety of the mixture. Of course, this may lead to noise and multiple
tissues sharing the same blocks, but the noise can be removed or accounted
for in further analyses. Depending on the research questions, both approaches
have reasonable use cases. The surprisingly small degree of overlap between
the CpGs included in methylation arrays and in this atlas highlights the benefits
of developing whole-genome based approaches in increasing the numbers of
identified biomarkers. Similar observations have also been noted by Loyfer et al.
2023.
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The method offers a simple way to segment the genome and identify the most
variable sites, corresponding to tissue-specific sites. In the next chapter, I will
further explore the topography of these sites and the characteristics of which
particular aspects of the placement play a role in tissue specificity.
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In the previous chapter, I identified nearly 60,000 CpG blocks with tissue-specific
methylation patterns. In this section, I investigate why these specific blocks are
likely to have these properties, by analysing the methylation and hydroxymethyl-
ation patterns of the selected blocks together with over-representation analyses

and introducing higher-order epigenetic modification data.

3.1 Patterns of coefficient weights across selected
blocks

Before attempting to perform functional analyses on the blocks identified in
previous chapter, I investigated the patterns of coefficient weights assigned to
each block in every signature. As hinted in the previous chapter, the distribution
of weights varies between the signatures. To gain a better understanding of these

50
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distributions and investigate how NMF handled the selection of blocks defining
each signature, I created a heatmap of the NMF-assigned weights (Figure
A). For clarity, all weights were scaled to 1, and blocks which did not satisfy the
signature-wise cutoff were replaced with Os. I identified three major clusters using
k-means clustering. The majority of the selected blocks belong to the second
cluster, representing blocks mostly unique to each signature. The second largest
cluster contains blocks that present high weights in only signatures representing
solid tissues. Lastly, the third group consists of CpG blocks with the strongest
signal coming from blood-derived samples. However, despite the clear signal,
the remaining signatures also contain many blocks above the cutoff point in
this cluster. While clearly distinguishable when looking at relative weights, the
distinction is lost when we are only looking at the "binary" outcome of whether
or not the particular block is included (Figure B). Additionally, I plotted
the corresponding average 5mC levels at each block from tissues with highest
contributions of each signature (Figure C). It is clearly visible that the patterns
in the 5mC map correspond nearly perfectly to the patterns of high-weight blocks
in the previous panels.

Although these distinct distributions of weights should not have an impact on the
NNLS fitting of other datasets, the peculiar patterns in the first and last clusters
should be taken into account in the functional analyses, especially when using the
binary above-cutoff classification rather than direct weights.
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Figure 3.1: Weights of signature-defining blocks

52

- Gt

01 2 3

block weight Hill

included [ not included

O
05 1

[
0

5mC beta value

The weight of the blocks normalised to 1 with any non-important blocks replaced with
0Os. A. Relative weights of blocks, B. Binary values based on being classified as included
(above cutoff point) or not. C. Average methylation value of the blocks calculated using
samples with the highest contribution of the corresponding signatures. The rows and

columns are ordered according to the k-means clustering of the matrix in panel A.
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Figure 3.2: Correlation between beta values and block weights
The average beta values per block were calculated from samples with the highest
contribution of the relevant signatures and plotted against their coefficient weight assigned

by NMF.

3.1.1 Correlation of 5mC levels with block weights

To better understand the relationship between the NMF-assigned weights and the
observed 5mC levels, I plotted the average 5mC beta values against the weights
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in each of the signatures (Figure [3.2)). Almost every facet contains an X-shaped
formation of data points. The purple-coloured points mark the blocks which were
selected as important in the previous cutoff selection. The clarity of the X-shape
comes from the algorithm behind NMF, where the highest weight is assigned to the
most distinct sites, which in our case are the most hyper- or hypomethylated blocks
relative to the beta values in the remaining samples. The lack of the positively-
correlated diagonal line in a couple of facets is associated with signatures with
very low numbers of hypermethylated blocks, as seen in Figure A. The
distinct shape of the points has to be taken into consideration when performing
the functional analyses, as the weights do not necessarily represent the strongest
biological impact, but rather the most distinct values. For this reason, in the
following analyses, I consider the blocks in a binary fashion, where each point
either is, or is not, important for each signature. This ensures that the analyses
are not biased towards the more extreme methylation values.

3.1.2 Functional analysis of the high-weight blocks
Genomic representation of the three clusters

To begin the functional analysis of the groups of high-weight blocks, I investigated
whether there are differences in the general genomic representation of the blocks
belonging to the three identified clusters (Figure [3.3). As indicated above, the
first cluster is generally multi-tissue specific, the second cluster represents the
signature-unique blocks, and the third cluster represents blocks of highest weight
in blood cell types (i.e., highly hypomethylated in blood cell types) mixed with
blocks of high weight from the remaining signatures. I overlapped the locations
of blocks in each cluster with various genomic locations similarly to the previous
analyses and found several differences between the clusters. The first cluster is
remarkably rich in distal enhancers, at a rate of 20% more than all high-variance
blocks on average. The second cluster represents values most similar to the
average high-variance blocks as presented before in Figure Cluster 3 is
relatively low in introns and open-sea regions, higher in promoters, and slightly

elevated in enhancers.

Over-representation analyses

There are several approaches to functional analysis of genomic regions. All rely
on the identification of genes overlapped by our regions of interest, which are
then tested against predefined sets of genes representing biological processes,
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Figure 3.3: Comparison of the distribution of the clusters across the genome
The clusters correspond to 1) multi-tissue methylation signal, 2) tissue and cell-type
specific blocks, and 3) predominantly immune cell-specific blocks.

pathways, or various other annotations. Based on the characteristics of the input
data, there are different statistical methods to perform the analyses to determine
the enriched gene sets. In the case of my data, all analyses presented below are
conducted using over-representation analysis (ORA), which relies on performing
multiple hypergeometric tests between the input genes and reference gene sets
(Khatri et al. 2012)). ORA does not rely on weights or order of genes, just on their
presence or absence in the test sets. In order to find genes associated with CpG
blocks, I overlapped the genomic locations of blocks with the locations of genes
in the The Matched Annotation from the NCBI and EMBL-EBI (MANE) transcript
databases (Morales et al. 2022). Apart from gene bodies, I also included the
proximal regulatory elements, such as promoters and the regions upstream of
promoters, widening the possibility of being included in the gene set.

Firstly, I hypothesised that the genes overlapped in cluster 1 may be representing
some form of solid tissue-specific functions, while cluster 3 would be more blood-
specific. To test this, I performed ORA on the Gene Ontology (GO) Biological
Processes (BP) gene sets, separately for each of the clusters (Figure [3.4). Cluster
2 returned no significant hits, and I removed any hits that were shared by both
cluster 1 and cluster 3 for clearer interpretation. There are no obvious differences
between the clusters suggesting the involvement of tissue or blood-specific pro-
cesses, although several high-scoring hits are of interest. For example, cluster
1’s most significant sets is actin cytoskeleton/filament organisation, regulation
of cell morphogenesis, and several hits relating to blood vessel formation and
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angiogenesis. It is challenging to interpret these results, but they may suggest
the involvement of these blocks in general development and cell growth. On
the other hand, cluster 3’s highest-scoring sets relate to cell migration, and there
is a whole group in neuronal sets such as synaptic signalling and neuron-fate
commitment. These results are even more perplexing to interpret, but suggest
taking the results from these two clusters with caution. Testing other GO gene
sets and KEGG pathways resulted in even more inconclusive results or very few
hits.
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Figure 3.4: ORA on genes covered by clusters 1 and 3

The dot plot illustrates the over-representation of GO BP gene sets in both clusters after
the exclusion of terms overlapped by both. Benjamini-Hochberg correction was applied to
adjust the p-values.

Gene-based ORA

Having investigated the biological processes associated with the blocks in each of
these clusters, I focused on the gene-related tissue specificity of the high-weight
blocks. To do this, I performed signature-wise ORAs in several configurations
(Figure 3.5). Firstly, for each signature, I overlapped each high weight-block
with the genes as described above. Then, I tested each resulting gene list against
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several gene sets obtained from The Human Protein Atlas (THPA), which contains
genes specific to multiple human tissues and blood cell types (Karlsson et al. 2021
The Human Protein Atlas|2023)). I performed ORA four times for each signature
- firstly for blocks from the entire matrix (upper panel) and then separately for

each cluster (remaining panels).

The results of the tissue-specific ORA are somewhat complex to decipher. Firstly,
we see that when taking into consideration the high-weight CpG blocks from all
clusters, we get a relatively good match between signatures and their expected
matching tissues (note that not every tissue present in my atlas is present in the
THPA gene sets, such as eosinophils). There is a considerable amount of "noise",
illustrated by signals such as monocytes, pituitary gland or bone marrow, enriched
in nearly all blood-derived signatures. When looking at the cluster 1 alone, very
few signatures get any match, apart from, surprisingly, B-cells. Cluster 2, as
expected, gave us the clearest representation of tissue-specific matches. Most
signatures are correctly assigned to the corresponding tissue, although usually
with a few extra significant matches, which sometimes can be explained by a
shared developmental origin or function (for example, endometrium and ovary
both enriched in signature 17), but is more challenging in other cases - such as
the range of matches to signature 2. One can select different p-value cutoffs to
"calibrate" the results, but in some cases this may result in the exclusion of the
correct matches.

The results of the analysis of cluster 3 are perplexing, but give interesting insight
into the previous findings. Firstly, nearly all signatures have strong enrichment
of bone marrow signal. It is worth remembering here that almost entire cluster
3 was "high weight" for almost all signatures, but in terms of relative weights it
was clearly more blood signature specific. This can explain the high bone marrow
signal, which gets "diluted" with other important blocks in matrix-wide analysis
in the case of tissues, but remains a strong component for blood types. A similar
signal is present for the choroid plexus and pituitary glands. While the choroid
plexus is a place where brain-associated immune cells reside, the enrichment of
the pituitary gland is harder to explain. It is interesting whether the association
of these two tissues with the brain is perhaps responsible for the number of
neuron-related hits for cluster 3 in the previous figure.

Additionally, because of the high contribution of distal enhancers in the whole
block population, I wondered whether the addition of enhancer information may
influence the results. In this analysis, I selected enhancers with high-confidence
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Figure 3.5: Signature-wise ORA on tissue-specific gene sets
Genes overlapping blocks from the entire matrix (top) and each of the three clusters
(bottom) in each signature were used as input to ORA using tissue-specific gene sets
obtained from THPA. In the first column, only genes directly overlapped by blocks were
included. Second column represents genes regulated by enhancers overlapped by CpG
blocks, and third column combined both analyses. Benjamini-Hochberg correction was
applied to adjust the p-values.
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association with genes determined in the GeneHancer database and overlapped
the CpG blocks with enhancer locations. Then, for each overlapped enhancer, I
created a list of associated genes and used that as input to ORA as in the direct
gene analysis above. I tested the enhancer-based ORA both completely separately
from the genes (second column) and as a potential to add more information to
the genes (third column).

As seen in the second column, the analysis of enhancers using the gene association
proxy did not produce meaningful results for most tissues. However, the matches
obtained in the analysis of cluster 2 were the most specific of all the analysis,
producing very few but well-matched results. The addition of enhancer data to
the gene-based analysis had a generally good impact on the clarity of the resulting
matches. This may be due to added relevant information in certain tissues, but
in the remaining tissues, it is quite possible that the increased test gene sets
lead to higher p-values, pushing the less significant hits out of the scale, without
necessarily improving the actual signal.

Enhancer-based ORA

The gene-wise analysis provided very good insight into the tissue specificity of the
blocks, especially of the second cluster. However, the indirect enhancer analysis
did not add a lot of extra information despite the distal enhancers being so
enriched in the high-variance blocks in general. This was probably due to the
use of an enhancer-gene proxy, which is based on confidence in the enhancers
locations and the specific genes they regulate. This can become complicated in
cases where enhancers have multiple gene targets, potentially making the results
redundant. An alternative approach is to eliminate the need to for the gene
association and use databases which directly link enhancers with tissues they are
active in. There are several sets included in the GeneHancer database, and for this
analysis, I focused on the ENCODE-curated and dbSUPER-curated datasets. The
first one deals with normal enhancers, whereas the second focuses on groups of
superenhancers, and has a slightly different set of reference tissues. I performed
the enrichment analysis in the same fashion as above, but this time, I removed the
matrix-wide results due to the noise making the interpretation impossible.

In Figure we can see that the first cluster received multiple hits in all tissue
signatures, matching a variety of reference enhancer sets. The presence of these
hits explains the high representation of enhancers in this cluster. It is quite
challenging to interpret this landscape, but it may perhaps be targeting some



3. Functional analysis of signature-specific blocks 60

trophoblast cell [ N ) (| N ] ® 00 000
o o

thymus

(X))
[ N J
cluster 1

T-cell

large intestine

thymus
pancreas ()

stomach e O
otemacn) @@ ® 000 0Q0Q°
skeletal muscle myoblast ‘
psoas muscle e o
placenta L4
pancreas
natural killer cell (]
muscle of trunk '
muscle of leg
o
keratinocyte
IMR-90 L
foreskin melanocyte
foreskin fibroblast
fibroblast of lung { ]
fibroblast of dermis ®
female gonad ]
endothelial cell of umbilical vein
CD14-positive monocyte
B cell )
v .88 . 88°:888.88888
adrenal gland|_® L ® °
) [
T-cell{ ®
stomach
small intestine .
psoas muscle
natural killer cell | @ o [ J
muscle of trunk
muscle of leg
mammary epithelial cell { BN ) i o

mammary epithelial cell
trophoblast cell
placenta

large intestine o

[ [ )
cluster 2

keratinocyte o 0

foreskin melanocyte ]

foreskin fibroblast

fibroblast of dermis

female gonad

endothelial cell of umbilical vein
common myeloid progenitor, CD34+{ @®

CD14-positive monocyte

B cell

adrenal gland

ENCODE enhancer sets

thymus

T-cell

psoas muscle

natural killer cell

muscle of leg

IMR-90

foreskin melanocyte
foreskin fibroblast
fibroblast of lung
fibroblast of dermis
female gonad

common myeloid progenitor, CD34+
CD14-positive monocyte
B cell

cluster 3

sig7_Liver @ @@
sig8_Kidney 1@ @@

sigd_CD4/CD8 | @ @@

sig10_NK-cells @ @@
sig17_Ovary 00000000000 00| @

sig2_Breast @@ @®

sig3_Oesophagus {0 @@

sig4_B-cells | @@@®

sig5_Monocytes | @ @@
sig11_Heart @ @@

sig12_Pancreas (@ @ ®

sig15_Lung 1 @ @@

sig6_CD8/NK @ @@
sig16_Stomach {@ @@
sig18_Colon 1 @ @@
sig19_Spleen O @@

sig1_Eosinophils 1 @@@®
sig13_Prostate 1 @ @ @
sig14_Neu/Mono /@ @@

adjusted p-value:  0.04 0.03 0.02 0.01 gene count: 300 600 900

Figure 3.6: Signature-wise ORA on ENCODE enhancer-tissue sets

CpG blocks overlapping enhancers included in the ENCODE reference of tissue-specific
enhancers were subjected to ORA as described previously. Benjamini-Hochberg correction
was applied to adjust the p-values.
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housekeeping enhancer network; it is worth noting that despite lower gene
counts, multiple hits are significant for also blood signatures. Similarly to gene-
based analysis, cluster 2 had the most signature-specific landscapes and correctly
matched multiple signatures to cells of origin or similar tissues. There is a
considerably higher amount of noise and mismatched samples than in gene-wise
analysis. Cluster 3 very clearly shows blood-specific matches, with the addition
of muscle and skin signals for the blood signatures. Overall, the enhancer-based
analyses provided some insights into the nature of the selected blocks. Neither
gene- or enhancer-based analysis yields perfect matches, and this was expected
- it is very likely that these signals are complimentary to each other and to
other modifications (described below), and together form a truly tissue-specific
landscape.
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ChIP/DNAse-seq based analysis

Tissue-specific regions are likely to be present in regions of DNA that are accessible
to transcriptional machinery. To confirm this, I tested whether high-weight blocks
tend to co-occur with DNAse-accessible regions from publicly available DNAse-seq
peaks data from the Roadmap Epigenomics Consortium. I overlapped the regions
of the peaks with the CpG blocks, and performed Fisher’s exact test on the counts
of overlaps of high-weight blocks and DNAse peaks from samples with matching
Roadmap tissues. In each case, the peaks were significantly over-represented in
high-weight blocks, confirming that tissue-specific methylation marks are present
mainly in accessible regions (Figure [3.7).
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Figure 3.7: DNAse peaks enrichment in high-weight blocks

Blocks from signatures with available Roadmap Epigenomics data were overlapped with
DNAse-seq peaks, and their enrichment was calculated using Fisher’s exact test. All p
values <0.001.

To further assess the tissue specificity of selected blocks, I analysed how well they
correspond to ChIP-seq peaks from the same tissues. Tissue specificity of selected
chromatin marks, especially H3K4mel, has been described before (Kundaje et al.
2015), so I expected that the high-weight blocks for each tissue overlap with
the chromatin peaks of the matched sample to a greater extent than in other
samples. I used publicly available data from the Roadmap Epigenomics project
and calculated the number of high-weight blocks in each signature that overlap
the chromatin mark peaks of each downloaded tissue (Methods[6.5). I performed
the chi-square test on each contingency table and plotted the results as a heatmap

(Figure [3.8).

As shown in the figure, the blocks that carry high coefficient weights in each
signature tend to be over-represented in H3K4mel peaks coming from the same
tissue. Most signatures have a clear match, with the exception of the prostate and
kidney signatures, due to the lack of matching samples in the available ChIP-seq
datasets. Some tissues such as the lung show higher signals in the foetal tissue,
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Figure 3.8: H3K4mel peak enrichment aross signatures

In most cases, important blocks in each signature corresponds to a higher extent to
H3K4mel peaks from the same tissue. All chi-squared values above 0 have the p value of
<0.001.

rather than the adult tissue equivalent. The results are distinctly clustered into
two groups representing blood and solid tissues. CD4+ and CD8+ T-cells did not
represent a clear over-representation of the peaks of any particular blood cell,
seemingly representing the blood lineages as a whole more than individual cells.
The remaining chromatin marks had minimal tissue specificity.
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64

Given the fact that a large proportion of the selected blocks are not tissue-unique

but rather shared across several signatures, I tested whether any of the chromatin

marks are particularly enriched in unique or shared blocks. First, I paired each

signature with the corresponding tissue from the Roadmap atlas, guided by the

origin of the tissue and the representation of H3K4me1l in Figure and marked

the overlaps with the chromatin mark peaks.
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The blocks of each signature were matched with their corresponding tissues. A) All
important blocks; B) Blocks shared across more than 10 signatures; C) Blocks important
for only one signature; D) Blocks important in solid tissue, but not blood signatures; E)
Blocks important in blood signatures, but not solid tissue. F) The odds ratio of the blocks
important for a given signature and that overlap each chromatin mark being methylated.
The odds ratios were calculated using Fisher exact tests on 2x2 contignency tables. Grey
squares represent p values > 0.05.

I then performed a series of Fisher exact tests on several sets of blocks. I tested

how each of the marks is enriched for in all the important blocks (Figure A).
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Then, I focused on blocks shared across multiple tissues (important in more than
10 signatures), and blocks which are high-weight in one signature only (Figure
B and C). For the remaining two analyses I evaluated the differences between
blocks included mostly in signatures describing solid tissues (Figure D), and in
the more blood-specific ones (Figure E). In each of the scenarios, the presence
of high-weight blocks can be explained by the H3K4me1l mark. Focusing on the
distinction between single-signature and multiple-signature blocks, there is a
stark difference in the representation of H3K4me3 blocks in important signatures.
This mark is frequently associated with CGI promoters and regions that flank
active transcription start sites. With the exception of just a few signatures, the
presence of the H3K4me3 mark is negatively associated with single signature
blocks and positively associated with tissue-wide blocks. Both of these, H3K4mel
and H3K4me3, are associated with lower levels of block methylation (Figure
F). Strong differences can also be observed with the H3K27me3 mark, typically
associated with repressed regions and bivalent enhancers. Tissue-wide blocks
for all signatures are associated with the presence of this mark; the opposite is
true for tissue-specific blocks. Although H3K36me3 and H3K9me3 marks have
variable enrichment within the single-cell-specific blocks, show distinct patterns
in multi-tissue-specific blocks. H3K36me3 is associated with genic enhancers and
transcription and is associated with elevated methylation levels, while H3K9me3 is
associated with ZNF genes, repeats, and heterochromatin (Ernst and Kellis [2012;
Kundaje et al. 2015)).

Each of the chromatin marks above is associated with specific regions of the
genome, and their occurrence is often overlapping. To gain another perspective
on the regions represented by tissue-specific blocks, I performed a similar over-
representation analysis on a combination of chromatin marks, known as chromatin
states (Ernst and Kellis 2012). These were derived using chromHMM, which is a
multivariate hidden markov model trained on the integrated epigenomes from
Roadmap Epigenomics to identify 15 chromatin states associated with active and
repressive functions. For each signature and its paired tissue, I calculated the
number of high- and low-weight blocks that overlap each of the 15 chromatin
states and performed Fisher’s exact test to obtain odds ratios, divided into subsets
of blocks as described above (Figure [3.10). As suggested before, the bulk of
signature-defining blocks is mostly present in states associated with sites flanking
active transcription (TxFlnk), enhancers (Enh) and genic enhancers (EnhG) (Figure
[3.10|A). There is a fairly uniform under-representation of transcribed (Tx), weakly
transcribed (TxWKk) and quiescent (Quies) states. Panels B and C suggest
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the repressed Polycomb state (ReprPC) to be the least tissue-specific, as it is
over-represented in blocks shared across the signature and depleted in most of
the single signature-specific cases. Additionally, most panels suggest that while
enhancer, genic enhancer and transcription flanking states are enriched in nearly
every scenario, blood-derived signatures tend to have strong enrichment around
TSS flanking sites (TssAFInk), and active TSS (TssA).
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Figure 3.10: Over-representation of chromatin states at signature-defining blocks
The blocks of each signature were matched with their corresponding tissues. A) All

important blocks; B) Blocks shared across more than 10 signatures;
for only one signature; D) Blocks important in solid tissue, but not

C) Blocks important
blood signatures; E)

Blocks important in blood signatures, but not solid tissue. The odds ratios were calculated
using Fisher exact tests on 2x2 contignency tables. Grey squares represent p values >

0.05.
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3.2 Hydroxymethylation

Having identified and described the locations of tissue-specific 5mC, I investigated
whether these positions are relevant only due to their lower levels of methylation
or if it could be due to the presence of additional S5ShmC. To do this, I took
advantage of the availability of the 5ShmC profiles of the samples included in the
atlas.

I processed the CAPS-sequencing modification calls in a similar fashion to the 5mC,
with two small, but crucial, modifications. Firstly, while 5mC is usually symmetric
on both strands of the CpG, 5hmC tends to be detected on one side only. Instead
of merging the CpGs from both strands into pairs, I kept the strands separate
to account for the lack of symmetry if necessary in further analyses. Secondly,
I removed the SNVs identified by the allele-counting method described in the
previous chapter. The filtering removed mostly CpG sites with 5ShmC beta value
of 1 or 0.5, suggesting the presence of a homo- or heterozygous C>T change.
Beta values this high are rather unexpected at non-variant positions, given that
5hmC levels usually fall between 0 and 0.3. After filtering, I still found several
positions with abnormally high beta values, and I found these to overlap SNPs
in the dbSNP database, which most likely were missed by the allele-counting
method. Although these "residual" SNPs were unlikely to impact the results from
the TAPSg atlas, such high values can skew any calculations using 5hmC. To
remove potential confounders without removing too many sites in general, I only
removed SNP-covered CpGs with beta values larger than 0.1, assuming that any
lower 5hmC levels will have a negligible effect on the analysis. This led to the
removal of additional 200 CpGs per sample.

To look into the landscape of 5hmC modifications across the highly variable blocks,
I reconstructed the heatmap in Figure by taking the average beta values
per CpG block, and plotting them in the same order as defined by the original
clustering (Figure [3.11)). It is clear that some high-5hmC sites correspond to the
high-weight blocks of CpGs with low/medium methylation values in some tissues
such as ovary, liver, and B cells, and are almost completely absent in colon or
T-cells. Additionally, there is a clear pan-solid-tissue section towards the top of the
plot, mimicking the 5mC distributions. This suggests that in several tissues, lower,
tissue-specific methylation values may in fact cooccur with 5hmC.

To further illustrate the point, Figure shows the relation of 5ShmC with the
block weights. In this figure, the 5hmC peaks tend to occur in the blocks of
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Figure 3.11: 5hmC levels at signature-defining blocks

Average 5hmC value of the blocks calculated using samples with the highest contribution
of the corresponding signatures. The rows and columns are ordered according to the
k-means clustering of the matrix in Figure

the mid-weights, while still being included above the 5mC-defined cutoff point.
The distribution varies across the signatures, and a clear second-peak is visible
in signatures of high-5hmC tissues, such as ovary. I initially hypothesised that
levels of 5hmC would be positively correlated with block weights; however, while
biologically plausible, the correlation is not observed due to NMF favouring of
fully hyper- and hypomethylated blocks, which by definition does not leave space
for further 5hmC modifications.

Next, I have tested whether the 5hmC sites tend to be enriched in certain genomic
regions. As above, knowing the mean beta value for each block, I calculated
the odds ratios for a site to have a 5hmC beta value higher than 0.15 in blocks
overlapping each of the previously annotated regions. The results are presented in
Figure Only a few regions present a uniform pattern across all signatures —
for example, 5hmC is over-represented in introns and CGI shelves and depleted in
intergenic regions, exons, or CGIs (grey squares indicate either high p-value or not
enough data to calculate the coefficients). The remaining patterns vary depending
on the signatures and are influenced by the number of high-weight blocks. For
example, enhancers and open sea regions are depleted in several signatures on
the bottom of the heatmap, while they are 5hmC-rich in the remaining signatures.
If we look at Figure we may notice that the former group tends to not have
tissue-specific 5ShmC signals, and the sites are dispersed throughout the heatmap.
At the same time, the latter group presents more clearly tissue-specific patterns.
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Figure 3.12: Correlation between 5hmC beta values and block weights

The average 5hmC beta values per block were calculated from samples with the highest
contribution of the relevant signatures and plotted against their coefficient weight assigned
by NMF.
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Figure 3.13: Over-representation of genomic regions in 5ShmC-rich blocks
Grey squares indicate either p-value > 0.05 or not enough data to calculate the coefficients.

Another difference can be observed in the difference of 5hmC in the promoters,
which is especially strong in the groups of low 5hmC specificity.

3.3 Discussion

In this chapter, I explored the nature of the cell type specificity of the previously
selected blocks. The semi-unsupervised method of deconvoluting the signals from
various tissues correctly identified mostly specific sites which overlap with solid
tissue/cell-type-specific genes, enhancers, and chromatin states, further validating
that the method is targeting real biological signals.

Firstly, I investigated the coefficient weights across all samples to visualise the
"black box" of the NMF deconvolution. As expected from the input matrix,
several blocks share similar weights across signatures, or are in sufficiently similar
positions in the weight distribution plots to be classified as important across several
signatures. The range of these similarities and overlaps varies, however 75% of
the blocks are truly unique for each signature, and these have the strongest signals
from the functional analyses that followed. I decided to keep the two nonspecific
clusters in the matrix to preserve the semi-supervised nature of the analysis. It
must be remembered that Figure illustrates only the important blocks for
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the clarity of the visual interpretation, and in reality the entire matrix has more
lighter spots corresponding to CpGs with lower weighs which did not make it
past the cutoff. The spectrum of weights is important to keep in mind, especially
when interpreting the blood-cluster results — while it may be confounding the
functional analyses by representing nearly all signatures, in reality, it is the blood
signatures which have the highest coefficients in that cluster, and it is likely that
during deconvolution these sites have neglible effects on the fit. These issues of
overlapping important signals require a wider discussion, which I will undertake
in the last chapter.

The majority of the signature-defining blocks proved to be biologically relevant
and stood the analysis from several angles. The analysis that provided the highest
granularity was the gene-based ORA, which was based on sets of tissue-specific
genes obtained from the Human Protein Atlas. Combining these results with
indirect enhancer associations further improved the specificity and a clear signal
was seen using a separate enhancer-based database, not taking genes into account.
The identity of the non-specific clusters proved challenging to analyse, both using
Gene Ontology gene sets, and the tissue-specific ones. However, it is worth noting,
that in the gene-based ORA including all clusters together did not drastically
change the obtained results, further proving that the addition of the extra clusters
is not likely to undermine the biological signals.

It is also evident that the selected blocks have strong association with certain
chromatin marks, states, and the general measure of chromatin accessibility. This
confirms that the higher-order DNA structure is closely tied to tissue-specific
methylation. The ChIP-seq ORA using all blocks are consistent with previous
findings, such as the specificity of the H3K4me1l mark, the 5mC status associated
with each modification, and the most tissue-specific chromatin states as defined
by ChromHMM (Kundaje et al. 2015} Ernst and Kellis 2012} Loyfer et al. 2023)).
Interesting points arise from the distinctive patterns between the signatures of
blood and solid tissue, revealed by a particularly strong enrichment of histone
marks and chromatin states associated with transcription start sites and promoters.
As indicated in the previous chapter, both sets of signatures have slightly different
natures of the blocks, and this result may correspond to the earlier observation
that the blood-derived signatures are richer in hypermethylated blocks present in
CGIs and promoters. This is a further indication that the blood signatures may be
defined by hypermethylation of CGI promoters (and therefore their silencing). Due
to the generally lower number of high-weight blocks in blood-derived signatures,
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it is plausible that my method strongly favoured the CGIs because of their extreme
methylation values, which are distinct from the mid-modification levels associated
with enhancers, as observed both in my data and in literature (Kundaje et al.
2015; He et al. [2021).

Incorporating 5ShmC signals also allows to glimpse into the reason for the inform-
ative state of the selected blocks. As described in the literature, 5hmC patterns are
highly tissue-specific, sometimes to a higher degree than 5mC (Cui et al. 2020;
He et al.|[2021}; Nestor et al. 2012). Although I did not take the ShmC levels into
account while preparing the atlas, using TAPS/ instead of WGBS resulted in the
5hmC-abundant CpG sites showing lower levels of 5mC modifications, increasing
their likelihood of being included in the atlas. It is plausible that several of these
sites would be omitted in the creation of bisulfite-based atlases limited to a small
number of CpGs or CpG blocks per tissue of interest. Furthermore, this again
reflected the difference between the identification of blood-derived and solid
tissue signatures, as illustrated by lower levels of 5ShmC in blood signatures, likely
associated with under-representation of enhancers.

In summary, the functional analysis confirmed the biological relevance of the
selected CpG blocks, and shed light into the tissue-specific methylation patterns,
suggesting that limiting the CpG site choice to most hypo and hypermethylated
sites as done in other methylation atlases may exclude a lot of informative sites,
especially those covering enhancers.
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The molecular analysis of tumour biopsies is a challenging task. Tumours are
heterogeneous and biopsies are imperfect; as a result, bulk sequencing of such
samples tends to represent a mixed mixture of a variety of cell types, rather than
the "true" tumour signal. This does not necessarily reflect an "impurity" of the
sample, as tumours rarely exist on their own, and the immune microenvironment
present within the tumour has been described to have an impact on tumour
progression and therapy outcomes (reviewed in Fridman et al. 2012; Jin and Jin
2020). The methylation profiles obtained from bulk sample data are representative
of the tumour and the context the tumour is in. Knowing the methylation profiles
of a variety of normal cell types, one can use the data to decipher the contents of
the bulk tumours by accessing the similarity of the bulk methylation landscapes to
the reference, finding an optimal combination to reflect the tissue.

In this chapter, I endeavour to use the tissue-specific CpG blocks to deconvolute
and investigate oesophageal adenocarcinoma (OAC) samples obtained from the
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LUD2015-005 clinical trial. I apply the method to find the underlying similarities
between the samples, compare the differences between the tumours obtained at
different timepoints, and attempt to find signals linking the methylation profiles
to clinical outcomes.

4.1 OAC and LUD2015-005 trial

Oesophageal adenocarcinoma is a subtype of oesophageal cancer characterised by
malignant epithelial cells originating from glandular tissue (Smyth et al.|2017).
Its prevalence has seen a marked increase in recent decades, especially in Western
countries (Fitzgerald 2004; Devesa et al. 1998} Bray et al.|2018). Despite advances
in early detection and treatment, the prognosis remains poor, with high mortality
rates; many patients present in advanced stages when therapeutic options are
limited (Pennathur et al.|[2013). For these inoperable patients, treatments usually
consist of fluoropyrimidine and platinum chemotherapy (CTX), but both result in a
median overall survival (OS) of less than one year. (Cunningham et al. 2008; Jatoi
et al. 2006). In 2021, the FDA approved a regime combining immune checkpoint
inhibitor (ICI) and CTX (ICI + CTX) for inoperable gastro-oesophageal patients
(FDA |2021a; FDA 2021b). Although this form of immunotherapy led to substantial
improvements in outcomes in patients suffering from various cancers, long-term
benefits are limited to a small fraction of treated patients (Robert 2020). These
daunting statistics motivated a wide range of research dedicated to the search
for biomarkers associated with long-term benefit from ICI-based therapies. The
studies identified a variety of key predictors of ICI response, including tumour
mutational burden, expression of targeted checkpoint molecules, or markers of T
cell inflammation (Litchfield et al. 2021). These predictors vary across cancer types
and can be influenced by the addition of CTX, which can damage both healthy
and cancer cells. To date, there is no successful biomarker of clinical benefit of ICI
+ CTX regimes in patients with OAC. The phase I/II LUD2015-005 trial aimed to
bridge that gap by treating patients with inoperable OAC (and three patients with
oesophageal squamous carcinoma, OSCC) with ICI alone for four weeks, followed
by ICI + CTX treatment. Biopsies were taken before treatment (ScrBsl), after the
ICI window (Immonly), and after treatment with ICI-CTX (C6D22) (Figure [4.1)).
Complex molecular profiling was performed on all biopsies. The analysis of WGS,
bulk RNA sequencing, and single-cell RNA sequencing was recently published by
Carroll et al. 2023, who identified high tumour monocyte content and mutational
burden as good predictors of ICI+CTX outcomes. Whole genome methylation
profiles from 24 patients were also obtained using TAPS with the aim of identifying
additional methylation markers that predict the response to treatment.
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Figure 4.1: Overview of the LUD2015-005 clinical trial

A. ICI-only and ICI+CTX treatment regimen and endoscopic biopsy collection time points.
Panel A taken from (Carroll et al. [2023). B. Schematic of biopsy collection sites and
molecular profiling performed on the samples.

4.2 Methylation profiles of OAC samples

To describe the epigenomic characteristics of the trial samples, I first calculated
the average methylation values of the 58,004 blocks identified in the first chapter.
For the initial visual inspection of the samples, I plotted the highly variable
blocks as a heatmap (Figure [4.2)). As can be seen, there are tumour samples
clustered together with each of the included healthy tissues, as well as visibly
more distinct clusters of samples with tumour-specific methylation profiles. There
are a few unexpected mismatches, such as one seemingly oesophageal sample
(071-014_ScrBsl oesophagus) showing a more tumour- than oesophageal-like
methylation pattern. Samples from the same donors tend to present similar
methylation profiles, although they are separated in multiple instances.
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Figure 4.2: Methylation profiles of the trial samples using the TAPS; atlas blocks
The average beta value per CpG block. Rows and columns were clustered using the Ward’s

method (dendrogram not shown).
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To gain more insight into the sources of differences in these methylation patterns
and decipher the cellular components of the samples, I used NNLS to fit the trial
samples to the coefficients obtained using the reference TAPS atlas. (Figure
4.3). Looking at the contribution heatmap, one can see clusters similar to
those of the previous heatmap, with some samples clearly following healthy
tissue patterns. I included the healthy tissues into the deconvolution as positive
controls to measure how well they are deconvoluted to their correct signature
counterparts. Healthy duodenum samples do not have their own signature, but are
split between the signatures of the stomach and colon. The unassigned tumours
fall into four additional groups - first, there is a subset with high contribution of
the neutrophil / monocyte signature, next is an oesophageal-like group with a
substantial contribution from the stomach and colon signatures, tumours with
stomach signature but strong admixture of colon and immune cell type signals, and,
among those, several samples without a clear signal from any source. Interestingly,
the only OSCC sample in the dataset, 069-011, had a strong oesophageal signal

with minimal stomach signature admixture.

When investigating the residual values after fitting each sample, one can notice
large differences between the samples. The residual values tend to be lower for
healthy tissues (with the exception of the oesophagus) and higher in tumours. I
compared the norm of residuals against the estimates of tumour DNA content from
several samples and found a strong correlation between the two (Figure [4.4)). This
may suggest that the more challenging it was for NNLS to fit the data correctly,
the more tumour there is in the sample. This could reflect the fact that there is no
pure tumour reference in the input matrix. If we assume that the tumour has a
very distinct methylation profile, which would not be picked up by the NNLS and
hence result in a high norm of residuals, then we may assume the remaining signal
of contributions as coming from the tumour microenvironment, neighbouring
tissues, or from more healthy tissue resembling samples. This conclusion can be
taken further to potentially scale the contributions of signatures in the samples to
reflect the amount of tumour, and make the between-sample comparisons more

fair,

Knowing the good correlation between purity and residuals, I constructed a simple
linear model to predict the tumour DNA content of samples that did not have

these values described experimentally.
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Figure 4.3: OAC trial signature contribution heatmap

Bis
bis
bis
Bis
Bis

yoRWOIS 9}

OUO/NBN V)

ajejsoid €l

sealoued Z|

Bung1bIs
HeaH ||

tumour DNA content

bis

SII99-MN 0L
Keupry~gbis
18N 261

800/¥ad 66I1s

norm of residuals

4000 0

MN/8a0 9bis
sojhoouo\~GBIs

s||eo-g vb1s

snBeydosa” gbis

tumour

yseaig ¢bis
s|iydouisog~ LBis
JUBJU0D YN(Q JNowin}

79

a|dwes

Jyeueq (eI I -

sjenpisal Jo WJou

tissue
gastric . oesophagus

Contributions of each of the 19 TAPSS atlas signatures obtained using NNLS. Total
contributions for each sample were scaled to 1 to allow comparison between samples. The
columns were clustered using hierarchical clustering. Tumour DNA content annotation is
included in samples for which the predetermined values were available. Norm of residuals
was obtained directly from the NNLS fitting. Clinical benefit was defined as attaining 12
months of progression-free survival. ScrBsl, Screening baseline; Immonly, Inmunotherapy
only; C6D22, Immunotherapy + chemotherapy.
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Figure 4.4: Correlation of tumour DNA content and NNLS norm of residuals
Tumour DNA content is strongly correlated with the norm of residuals obtained from
NNLS fitting. The grey line and ribbon illustrate the linear model fit and 95% confidence
intervals. The correlation was calculated using Pearson’s method (p value < 0.001).

4.3 Signature contributions as biomarkers

Calculating the contributions of methylation signatures in the trial samples
provided a range of measurements that could be tested for potential biomarker
properties. Knowing the clinical outcome and overall survival of the patients
allowed me to perform a series of survival analyses to detect any signal that could
potentially predict the outcome of treatment. Figure shows a rearranged
version of the previous heatmap, split by patients, ordered by timepoints and
reflecting the estimated tumour DNA content as an annotation, providing a visual
reference for the analyses described below.

Firstly, I computed the survival models using the contribution of signatures at
the ScrBsl timepoint, dividing them into high- and low-contribution groups (with
respect to the median of contributions in the given signature). I performed this
analysis using four methods to calculate the signature abundance: contribution
scaled to 1 (values shown in the heatmaps above), contribution scaled to 1
corrected for tumour DNA content, contribution as it appears in the NNLS output
(not scaled to 1), and last, not scaled contribution corrected for tumour DNA
content (details are described in Methods|[6.6)). This allowed for the exploration
of all cases, allowing me to notice potential biases introduced by the different
value corrections. Survival analyses using all signature contributions revealed
no significant results in any of the cases. In several instances, the differences
were minimal, especially for signatures with very low exposure in any of the
samples. Interestingly, the high DNA content of the tumour appeared to be
slightly favourable in terms of overall survival, although the test did not produce
a significant result (p = 0.1).
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Figure 4.5: Patient-focused OAC trial signature contribution heatmap

The heatmap illustrates the same values as in Figure [4.3] with columns grouped by
patient and ordered based on the sample collection timepoint. Tumour DNA content
annotation reflects the values from the previous plot, with missing data predicted from
the residual-based linear model. Clinical benefit was defined as attaining 12 months of
progression-free survival. ScrBsl, Screening baseline; Immonly, Immunotherapy only;
C6D22, Immunotherapy + chemotherapy.

Due to the availability of data from multiple time points from the same patients,
I also investigated fluctuations in signature contributions throughout treatment.
I calculated the differences between each of the four values described before in
three scenarios: ScrBsl/Immonly, ScrBsl/C6D22, Immonly/C6D22, and divided the
samples accounting for the decrease or increase in signature contribution.

Interestingly, in this case two significant hits were reported in the difference
between ScrBsl and Immonly timepoints. One included the stomach-specific
signature, which is widely present in almost all the samples analysed (Figure
4.6/ A). According to the survival analysis, a decrease in the contribution of the
stomach signature between these time points is associated with a lower probability
of survival. This may be a reflection of the progress of treatment in which
stomach-like tumours are removed. Additionally, the kidney-specific signature was
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Figure 4.6: Survival analysis of contribution differences across treatment timepoints
Kaplan-Meier plots showing the survival probability according to changes in four signature
contributions measured at the ScrBsl/Immonly (A, B) and Immonly/C6D22 timepoints (C,
D).

associated with survival, where the samples with an increase of the signature had
higher survival probability (Figure B). This is more challenging to interpret,
especially given the low sample size in this analysis caused by the marginal
contribution values of this signature. Given this and the unlikely match that is the
kidney and oesophageal cancer, it is quite likely a false positive caused by a low
sample size.

I compared the contributions at the Immonly and C6D22 time points in the same

manner, and this analysis indicated that an increase of two signatures had a
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negative impact on overall survival: signature 1 and 5, associated with eosinophils
and monocytes, respectively (Figure C, D). As above, the low sample size
creates a challenge with the interpretation of the results. Eosinophils have been
reported to predict outcome differently in a variety of tumours. On the other
hand, although the monocyte results were not quite significant, I included the
result because it indicates an opposite effect to what was observed in RNA-based
deconvolution, where high monocyte content was associated with better clinical
outcomes (Carroll et al. |2023)).

4.4 Discussion

In this chapter, I showed the applicability of the tissue-specific methylation atlas
in a cancer research setting. Fitting the 58,004 CpG blocks from the OAC trial
samples to the NMF-derived coefficients revealed groups of tumours of distinct
methylation profiles. These groups fell into three categories - oesophageal-like,
stomach-like and unassigned, where there was no dominant signature. The
patterns of the oesophageal and gastric signals are possibly related to the common
discussion in the field about the cellular origins of OAC and its common precursor
Barrett’s Oesophagus (BO), a pre-malignant lesion that forms as a response to
gastro-oesophageal reflux (Peters et al. 2019; Siewert and Ott2007). In addition
to difficult demarcation at the gastroesophageal junction (GEJ), oesophageal and
gastric adenocarcinomas show striking molecular similarities, prompting debates
on the classification of the conditions and the utility of histological distinctions
(Suh et al. 2012; Leers et al.|[2009; Siewert and Ott2007). In fact, they were found
to be more similar to each other than OAC is to OSCC (Kim et al.[2017) — which
could explain the very low stomach signature contribution in sample 069-011,
which represents the only TAPS-sequenced OSCC sample in the trial. The origins
of BO are also subject to fierce debate, with numerous evidence suggesting its
emergence from proximal gastric cells (Quante et al. 2012; Wang et al. 2011)).
This evidence has been widely challenged due to the reliance on mouse models,
but emerging human studies point to similar conclusions (Nowicki-Osuch et al.
2021)).

Because of intricate analyses and single cell work required by the nature of these
"origin-finding" studies, it is very unlikely that my deconvolution can contribute
to the topic, and this was not its purpose. However, these uncertainties can
provide an explanation of the so widely present stomach signature in nearly all
of the samples, possibly capturing the "gastric-ness" of the biopsied tumours. It
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is challenging to interpret the meaning of the relative differences between the
signature contributions within and between the samples. No biopsy and no tumour
are the same, and simple variability in the exact site of biopsy collection could
lead to stronger oesophageal or gastric signals, depending on the distance from
the GEJ.

The correlation of the norm of residuals with the tumour DNA content was an
unexpected but logical finding. Calculating the tumour purity and ploidy from
bulk samples is a challenge, and a variety of methods are available. These range
from microscopic evaluation by pathologists to tracking a specific mutation, to
estimation based on copy number changes. The latter method is frequently used
in NGS studies, sometimes coupled with histology reports. An example software
for this purpose is ASCAT, which bases the calculations on SNP counts (Carter
et al. 2012; Raine et al. 2016). In some cases, however, when such estimates
are unavailable or suffer from low goodness-of-fit measure, one can benefit from
additional measures to obtain or confirm the estimates. The strong correlation
between the norm of residuals and tumour DNA content may be such measure.
Because it relies on the badness of fit of the reference atlas, it may be influenced
by changes in the reference or the analysed tumour. An atlas with wider array
of tissues, possibly even reflecting tumours, could lead to lower residual values
changing the end result. From a few analyses which I have not included in the
thesis, I can say that the strong correlation remains despite applying a larger atlas,
such as from tissues obtained by Loyfer and colleagues. The norm of residuals
decreases drastically but proportionally, not changing the final shape of the plot.
I have also applied this pipeline to a separate ovarian cancer dataset from Gull
et al. 2022, which showed a very close similarity (results not shown).

I hypothesised that the norm of residuals or tumour DNA content estimate could
be treated as a fraction of tumour that did not fit into the reference atlas samples.
To test that, I corrected the contribution values to illustrate the predicted tumour
content and reduce the contribution of non-tumour signal accordingly. If these
assumptions were true, one would expect the following survival analyses to favour
calculations adjusted for tumour DNA content, assuming that in nonadjusted
samples the contributions would be disproportionally inflated resulting in noise.
The survival analyses, however, suggested the opposite, and the only significant
hits came from unadjusted contributions. On one hand, this suggests that scaling
contributions to one is an appropriate measure to enable comparability of the
results. On the other hand, it indicates that correction of the NNLS fit results with
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the tumour content may not be effective, and one must analyse the data under the
assumption that the NNLS fit is capturing the entirety of the sample methylation
pattern, with the residuals not being a form of unassigned methylation values
specific to the tumour.

Survival analyses suggested that changes in the contribution of certain signatures
across timepoints were associated with better overall survival. While these
observations would not classify as useful patient stratification biomarkers, as
levels of none of the contributions before treatment were associated with survival,
they could provide interesting insight into the changing tumour environment and
the progression of therapy. For example, the favourable decrease in stomach signal
(Figure A) may reflect the gastric-like properties of OAC, and the decrease
in their prevalence as a marker of successful treatment. The remaining results
suffer from much smaller sample sizes, caused by both a smaller number of TAPS-
sequenced longitudinal samples and in some cases the lack of detected signature
signal. Interestingly, eosinophils play important role in oesophageal pathologies.
Eosinophilic oesophagitis (EoE) is a chronic inflammatory condition. Although
to date no association has been found between EoE and OAC, EoE is believed to
have protective effects against OSCC (Syed et al. 2017)). Furthermore, high levels
of eosinophils have been linked to favourable outcomes in patients with OSCC
(Abe et al.|2011; Dos Santos Cunha et al. 2023; Ohashi et al. 2000; Ishibashi et al.
2006). This may potentially suggest some role of eosinophiles in OAC progression;
however, this finding is very limited by low total contributions and sample size.
With respect to monocytes, I chose to illustrate the result despite not meeting the
significance cutoff. Carroll et al.|2023|and colleagues performed RNA-seq-based
deconvolution of ScrBsl tumours from trial patients and found that increased
monocyte content is associated with higher chances of clinical benefit. While I
did not observe such result in the methylation deconvolution, the fact that the
increase in monocyte content after immunotherapy was unfavourable may suggest
that successful therapy would bring this cell type’s count down, rather than up. A
larger sample size and refined pipelines are necessary to investigate this relation
further.



Discussion

In this thesis, I presented a novel method for the identification of highly-variable,
tissue-specific CpG blocks across the genome. The method is based on a TAPS(
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. In the second chapter, I investigated why the selected blocks
are likely to have tissue-specific properties by performing functional analyses and
introducing higher-order epigenetic modification data. In particular, I showed
the gene-related tissue specificity of the majority of identified blocks, followed by
weaker, but significant enhancer-based specificity. The functional analysis revealed
that the selected signature-defining blocks have a strong association with the
H3K4mel histone marks, and active chromatin states. The functional analysis
revealed differences in the blocks obtained from blood and solid tissues. I have
also showed the substantial enrichment of 5hmC at the highly-variable blocks
present in most tissues. In the last chapter, I presented the practical use case
of the developed deconvolution method by applying the reference 5mcC atlas to
samples from patients with OAC. The fit gave insight in the cellular composition
of patient samples, tumour purity and found that changes in the contribution of
several signatures across the time points were associated with different survival
probabilities. Here, I will discuss the findings in a wider context than at the end
of each section, combining the insights from all chapters.

86
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Good-quality methylation data are the basis for creating a successful 5mC reference
atlas. Quality here can be understood in several ways, beginning with correct
handling of tissue material, the universal processing of sequencing data, and
appropriate coverage. Until recently, publicly available whole genome datasets
were limited to a handful of samples from the Roadmap Epigenomics and ENCODE
projects (Kundaje et al. 2015; ENCODE Project Consortium et al. 2007), and
because of this, nearly all cell type deconvolution methods were based on Illumina
HM450 arrays (Houseman et al. 2016; Titus et al. 2017; Moss et al. 2018;
Chakravarthy et al.2018; Koestler et al. 2016)). For the majority of the project and
method development, I used the Roadmap/ENCODE datasets as the reference, as
it was only January 2023 when the in-house TAPS/ atlas was sequenced, which
coincided with the publication of another large WGBS-based atlas from FACS-
sorted cells (Loyfer et al.2023). The availability and quality of the public datasets
shaped the method development process, as the datasets were heterogenous and
varied between samples from the tissue types. Loyfer et al. 2023| applied their
deconvolution algorithm to the public samples to find the same conclusion. The
results showed that a large proportion of samples are composed of multiple tissues,
the most extreme examples like the colon show up to 60% of its composition to be
fibroblasts and macrophages. This was the reason for semi-supervised approach to
the block selection, for example at the stage of genome segmentation. Assuming
perfect and homogenous datasets, one would not need to merge samples from
one tissue type to obtain blocks. Unfortunately, because of heterogeneity of the
non-sorted samples, this step was necessary to retain enough blocks and allow
for some degree of flexibility between the samples. In the future, when bigger
methylation sequencing collections are available, one can perform reference-free
deconvolution on each separate tissue type to identify the consensus sequences
which are unaffected by inter-sample variation.

This heterogeneity presents multiple challenges. Most of the methylation sequen-
cing data will be obtained from bulk, non-sorted solid tissues, as in the TAPS
atlas. Cell sorting is labour intensive, requires higher amounts of tissue material,
and sometimes the markers to identify all relevant cell types are not available.
From sample to sample, heterogeneity may be introduced due to differences in
biopsy sampling, potentially introducing a distinct proportion of cell types which
will make up the bulk tissue. The samples may or may not come from the same
developmental lineage, as multiple organs are formed from a merge of cell types
that come from different layers during development. In contrast, cells obtained
from peripheral blood are much easier to sort and their methylation signatures
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are more clear, usually uncontaminated by different tissue types (depending on
the sorting method). An example of this challenge was observed at the stage
of variance filtering, when blood samples had to be filtered separately to obtain
a higher number of blocks of interest, as their variance was overshadowed by
the bulk tissue data. Despite the issues, bulk tissue heterogeneity may not be a
"confounder"; in fact, it appreciates how complex these tissues are. By definition,
sorting and filtering cells will remove certain cells from the tissue. As much as
I know about the samples, I am currently unable to isolate and sequence every
cell type. This results in the removal of some cells, and the methylation patterns
obtained represent an incomplete landscape of the sample. Bulk sequencing,
in contrast, will contain many cells, and the total methylation landscape does
reflect the various cell types present in the cells. Of course, this may lead to
noise and multiple tissues sharing the same blocks, but the noise can be removed
or accounted for in further analyses. Depending on the potential application,
both approaches have reasonable use cases. Most of the deconvolution-focused
research published to date has clearly strong interest in finding sets of prognostic
or diagnostic biomarkers to use in cancer and other conditions (Titus et al. 2017}
Loyfer et al. 2023; Moss et al. 2018; Chakravarthy et al. [2018; Wiencke et al.
2017). For that, a small number of highly-informative sites is more beneficial than
having any shared sites, as it improves the specificity. I did not limit the number
of used sites to allow for wider biological exploration, as I was not constrained by
the applicability in cancer diagnostics.

Whole-genome methylation sequencing is dominated by WGBS, but the collection
of TAPS methods is gaining popularity due to the removal of harsh bisulfite
treatment, especially relevant in the context of cfDNA. The first and last chapters
showed that in terms of the atlas creation and deconvolution, the method can be
used on any type of methylation data, as long as one is not looking for the smallest
5mC level changes or attempts to adhere to the strict rules of clinical quality.
Using TAPS( as the input for CpG site selection increased the chances of detecting
the 5hmC signal, as at the sites of modification WGBS sequencing would show
elevated levels of methylation, which could in fact be hydroxymethylation. The
removal of brain tissues from the atlas was dictated by the significantly distinct
5hmC profile and low levels of 5mC, as illustrated in the heatmap and on a
whole-genome scale in the appendix (Figure B.2)). Substantial modifications to
the pipeline would be required to incorporate brain tissues into the model, and in
case of cfDNA-based biomarker discovery a few selected DMRs would work well.
For biological exploration of the tissue-unique signal, I would propose to study
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brain tissues separately, or tailor the analysis to identify brain-specific sites. The
brain itself is made up of multiple, often poorly understood cell types and with
the distinct 5hmC profiles it becomes a whole different and fascinating area of
research (Jin et al. [2011Db).

In addition to the heterogeneity challenges, methylated CpG sites are at high risk
of C>T mutations, and the majority of mutations and SNPs in the human genome
occur there. Depending on the sequencing method used, the mutations can be
interpreted as unmodified (WGBS) or modified (TAPS, CAPS) cytosines. In the
5mC context, despite the much great numbers of reported modified cytosines,
C>T variation may influence the selection of variable sites. I have experienced
this before implementing the SNV/SNP filter, where samples coming from the
same population had a SNP signal so distinct from other samples, that it lead to
the creation of a new signature during the initial NMF. This poses an even greater
challenge in case of 5ShmC, where the sites are never fully modified, and the
unfiltered SNPs may greatly skew the average beta values, especially if calculating
them from a range of blocks. One way to avoid is would be to use a database
such as dbSNP (Kitts and Sherry|2011), collecting the most common SNPs across
the genome allowing for their removal from our data. However, this approach
also removes many sites which are not necessarily SNPs in our samples, greatly
reducing the size of analysed input data. In this work, I presented a middle ground
solution, where SNPs are calculated from each sample based on the count data
and subsequently removed. This approach identified more fake methylation calls
than dbSNP, substantially improving 5hmC data quality. I used a conservative
approach also removing heterogenous SNPs, but in principle, one can adjust this
method to appropriately handle heterogenous SNPs to preserve the unaffected
allele.

In terms of identifying signatures and assigning appropriate weight coefficients to
CpG blocks, there are multiple mathematical methods which have been used for
the purpose of deconvolution of unknown samples. NMF has been widely used in
modern biology in the context of gene expression, to describe tens of thousands of
gene expression profiles in the terms of a small number of metagenes (Brunet et al.
2004), but also in one of the first reference-free methylation-based deconvolution
studies (Houseman et al. 2016). Perhaps the most well-known use case is for the
detection of hidden patterns of "mutational signatures" from mutation counts in
trinucleotide contexts, which were assigned to known mutational processes, such
as UV exposure or smoking (Nik-Zainal et al. [2012)). In the cases of mutations
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and gene expression, one deals with count data - any data point can be of a
value from zero to thousands - the count of mutations or transcript is additive
- the higher the number, the more information in the given data point. In the
case of methylation, the data are bound tightly between 0 and 1. Using count
data would not be appropriate in this context, because methylation is expressed
as a proportion of modified to unmodified reads, so by definition it cannot be
larger than 1. This presents several challenges in the context of NMF. Firstly, in
biology, both the presence and the absence of something can be highly informative.
This exactly happens with methylation, where having a beta value of zero is an
information-bearing observation. In contrast, in NMF, a zero will be treated as
a lack of signal/information, and it would not be selected in the model. As I
can see on the heatmaps, the vast majority of the selected, high-variance blocks
are hypomethylated rather than hypermethylated, which in the context of NMF
would be presented as a 0 in the row full of 1s, and likely to be overlooked. This
required us to "flip" the mostly methylated positions, so the now-informative site
is a 1 in the row of Os, which is then identifiable by NMF as an informative data
point. NMF also favoured the values close to 0 and 1, assigning higher weights to
extreme methylation states and omitting mid-methylation weights at regions such
as enhancers.

The difference between NMF and traditional factorisation methods, such as PCA, is
that NMF restricts the matrix representing the basis components and the matrix of
mixture coefficients are constrained to have non-negative entries, allowing only for
additive, and not subtractive, combinations. This is more difficult algorithmically,
but allows for simple and intuitive interpretation of factors in NMF and allows for
the basis components to overlap. For example, when NMF and PCA were applied
to deconstruct images of faces, NMF produced images reminiscent of parts of faces
such as eyes or noses. PCA, while being a simpler way to reduce dimensionality,
produced a basis image that was composed of abstract constructs with negative
and positive values that were difficult to interpret (Lee and Seung|1999). The
advantage of NMF is the interpretability of the results. Despite the arbitrary unit
of the "weights", I can clearly identify sites which tend to be the most important for
a given signature and they do correspond to the points of reference from the input
heatmaps. Additionally, in addition to manual selection of sites using variance
filtering, NMF offers a flexible way to identify important blocks that can overlap
with each other, reflecting shared developmental origins, or gain similarity of the
tissues in question. Other publications and projects studying this matter focus
on the very tissue-specific deconvolution application side of things and strongly
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select tissue-specific sites, usually greatly limiting the number of CpGs left in the
analysis. But this depends on the downstream application. As demonstrated in
the validation, using the NMF-derived weights to perform least-squares regression
classifies the samples accurately with respect to their tissue type.

In this work, 5hmC levels were used as a "second layer" of the analysis to
understand the biological reasons for the selection of particular CpG blocks. I
believe that 5hmC itself can contain additional information, and it would be most
interesting to perform a similar deconvolution study based on 5hmC levels only. It
is likely that the selection of tissue-specific sites would require some modifications
of the method to account for the generally low 5mC patterns across the tissues.
Additionally, as mentioned above, 5hmC maps are more fragile to variation in the
form of SNPs, mutations, or sequencing errors, forcing a careful filtering process

to remove any confounding effects.

In the third chapter, I showed the applicability of the tissue-specific methylation
atlas in a cancer research setting. Fitting the 58,004 CpG blocks from the OAC
trial samples to the NMF-derived coefficients revealed groups of tumours of
distinct methylation profiles. The norm of residuals of the fit of each sample
was strongly correlated with the tumour DNA content, providing a useful tool for
examining tumour cellularity estimates. Furthermore, changes in the contribution
of several signatures across time points were associated with different survival
probabilities, suggesting that it could have a biomarker potential. The analysis
was limited by several factors, including the quality of the TAPSS atlas itself,
especially in the context of high number of blocks with high weights shared
across the signatures. Another limiting factor is the small number of available
patient samples, especially ones sequenced at all three timepoints, significantly
decreasing the power in any of the survival analyses. Despite these limitations, the
deconvolution provided interesting insights into the context of the discussion of
the origin of OAC as discussed before. The observed correlation between tumour
purity and residual norms led me to hypothesize that tumour purity could be
instrumental in discerning tumour-specific methylation patterns. I have attempted
to isolate tumour signals using the purity and signature contribution values, but
this was heavily limited by the nature of NNLS fit and by looking at only the
blocks selected using the healthy samples in the reference. An interesting way to
isolate tumour-specific methylation signals would be to perform reference-free
deconvolution, as described in the other papers. This was beyond the scope of
this thesis due to potential complications with genome segmentation caused by



5. Discussion 92

the much greater heterogeneity of methylation signals. Differences in the levels of
relative contributions of stomach and eosinophil signatures across treatment time
points were found to be associated with altered survival probabilities, which is an
interesting point to consider in the further analyses with more clinical samples
and a more refined reference atlas.

In conclusion, this thesis described the development of a novel method to identify
tissue-specific 5mC signals across 20 tissue types. The sites correspond to meaning-
ful biological signals, associated with genes, open chromatin regions, enhancers,
tissue-specific histone marks, and enrichment in the 5hmC signal. The method
shows promising results in clinical applications, as demonstrated by the deconvolu-
tion of OAC samples and the identification of putative prognostic biomarkers.
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6.1 Methylation datasets

6.1.1 TAPSp atlas

Data processing

TAPS and CAPS sequencing on 72 samples was performed by Masato Inoue in
Chunxiao Song’s lab, and the raw sequencing data were processed by Robert
Amess.

In short, genomic DNA from solid human tissues were obtained from OriGene
and AMSBIO, while blood cells were isolated from whole blood of participating
donors. Blood was separated into peripheral blood mononuclear cells (PBMCs)
used to isolate monocytes, CD4+ and CD8+ T-cells, B-cells and NK cells using
commerical kits. Granulocytes collected during the processing were used to isolate
eosinophils, and the remaining cells were characterised as neutrophils. After
isolation, cell purity was accessed with flow cytometry. TAPSS was performed
as previously described (Liu et al. 2021) with a few modifications on ligation
and borane reduction. CAPS+ was performed as previously described (Xu et al.
2023). The sequenced libraries were processed with a standard pipeline. The
reads were trimmed with Trim Galore! v0.6.5 and the quality was verified with
FastQC v0.11.8, followed by an alignment with the hg38 genome with bwa-mem2
v2.2.1 (Krueger 2023} FastQC |2015; Vasimuddin et al. 2019). The technical
replicates were merged and the duplicates marked with MarkDuplicates from
Picard Tools v4.1.7.0 (Picard Tools - By Broad Institute|2023). Methylation calling
was performed using MethylDackel v0.6.0. Only the methylation calls obtained
in the CpG context and in autosomes were used in the remaining analysis (Ryan
2023).

The summary of all available samples is provided in Table which includes
information on the samples removed due to poor coverage/processing. Three
samples had to be excluded from the analysis due to quality issues and potential
sample mislabeling.

* CD563504-Spleen — a mislabelled prostate sample

* CD563320-Spleen — poor quality control results and evidence of sample
degradation

e CD563569-Liver — mislabelled liver cancer

* CD707005-Heart — poor coverage
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¢ CD707007-Thymus — poor coverage

* CD603405-Bone Marrow — single sample not matching any other bone
marrow methylation landscapes

For calculating the average methylation per CpG block, we used the following
formula.

B modC
~ modC + unmodC

B

List of all CpGs

A data frame containing the positions of the CpG sites within the hg38 gen-
ome was created using the BSgenome.Hsapiens.UCSC.hg38 package (Team TBD
2023)).

Removal of blacklisted regions

CpGs overlapping regions listed in the ENCODE list of problematic regions were
removed (Amemiya et al. [2019). This was done by reverse intersecting the full
list of CpGs with the regions listed in the hg38-blacklist.v2.bed file available from
the ENCODE repository using BEDTools (Quinlan and Hall 2010). Similarly, we
removed hg38 centromere regions downloaded from the Genome Browser’s Table
Browser (Nassar et al. |2023)).

SNV counting

To call possible SNVs in the TAPS atlas samples, I first created a data frame
containing positions of all CpG sites in the hg38 genome using the BSgen-
ome.Hsapiens.UCSC.hg38 package (Team TBD 2023). Then, I used a modified
version of the alleleCount function on BAM files from each sample, using the CpG
map as a template. The script reported alleles from the OB (original bottom -
reads complementary to the original top strand) and OT (original top) strands
separately (alleleCount||2023). Then, for each site, I calculated the proportion of
alleles which differed from the expected allele under the assumption that the base
opposite C in a CpG, modified or not, will always be a G. This means, that for the C
in the given CpG, I considered alleles from the OB strand, and for G, I considered
alleles from the OT strand (aligning to the original bottom strand, so to the C in
CpG on the minus strand). If the proportion of Gs at each position was lower than
0.4, I assumed that the position is a SNV and not a cytosine modification. This
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includes both homogenous and heterogenous SNVs, and is a rather conservative
approach. Using this method, we created a bed file for each sample, indicating
all sites which are potential SNVs. The positions were not filtered on the basis of
coverage, because they are filtered elsewhere.

We used SNPdb v154 to test the overlap between the TAPS-derived SNVs and
common SNPs in the population (Kitts and Sherry 2011)).

Handling missing values

In cases where more than 25% of samples had missing data in a given block (i.e.,
no reads in the region covered by the block or insufficient coverage), we removed
the entire block from the dataset. To maximise the number of blocks available for
analysis, any remaining missing values were imputed using the median value of
all other samples in the given block.

6.1.2 Loyfer atlas

The samples from the Loyfer et al. |2023 atlas were downloaded from GEO
(accession no. GSE186458) as hg38 beta files. Beta is a binary format that
was developed by the authors to be compatible with their wgbstools software,
which has the option to convert .beta to .bed files. Because we had great difficulty
installing the software in our computing environment, we obtained the index
of CpG positions used to decipher the .beta files in the wgbstools software and
converted the files manually. Each file contained the number of modified reads
and total reads covering each CpG. We merged the file with the CpG index and
calculated the number of unmodified reads by subtracting the number of modified
reads from the total coverage. Additionally, we converted the read locations to
match the 0-based coordinate system used in the remaining files throughout this
thesis.

The positions of the top 1000 unmethylated blocks in the Loyfer et al. 2023| atlas
were obtained from their supplementary table S4C. Block positions were converted
from hg19 to hg38 using liftOver (Bioconductor 2021).

6.1.3 LUD2015-005 trial data

The research study procedures, sample collection, pre-sequencing sample handling
and description of the assessment of clinical outcomes are described in Carroll
et al. 2023, After isolation of genomic DNA, TAPS was performed as described
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in Liu et al. 2019, by Paulina Siejka-Zielinska. Bioinformatics pipelines were
performed by Robert Amess and Benjamin Schuster-Boeckler as described above

in Methods

6.2 Non-negative matrix factorisation

NMF algorithm

Non-negative matrix factorisation was performed in R using the NMF package
(Gaujoux and Seoighe |2010). Prior to factorisation, the matrix containing average
methylation values in each block was converted for all samples. If the median
beta value of a block across all samples was larger than 0.3, all beta values were
reversed so that:

if median(block Beta) > 0.3 then blockBeta < —1 — block Beta

The locations of each converted block were noted and stored along with the NMF
result. Because the NMF algorithm does not accept zeros, we added a pseudo-
count of 0.0001 to each cell. Brunet NMF algorithm was used in each experiment
and the calculations were repeated 200 times each, with a set seed to ensure
reproducibility. For the visualisations in the form of a contribution heatmap, the
contributions of each signature to each tissue were first scaled to sum to 1.

High-weight block identification

To select the most important sites for each signature, we first obtained the weights
of the blocks in each of the signatures used to reconstruct the NMF matrix. To
avoid manual threshold setting, we applied the Expectation Maximisation (EM)
algorithm using the normalmixEM R function from the mixtools package (Benaglia
et al. 2010), ignoring the assumption of normality of both distributions. We set
the cut-off point to be the arbitrary border between the two distributions, equal to
1 — %. We treat all blocks above the cutoff as potentially informative.

NNLS regression

To fit new samples to previously obtained NMF coefficients, a new matrix was
constructed reflecting the order of CpG blocks in the NMF, and the positions of
blocks converted in the reference matrix. Each position converted in the reference
was then converted in the same way (blockBeta < —1 — blockBeta). Then, each
sample was fitted to the matrix of NMF coefficients using the Isqnonneg function
from the pracma R package (Borchers 2021). The contributions of signatures and
norm of residuals from each sample were directly extracted from the function
output. Signature contributions were then scaled sample-wise to sum to one.
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6.3 Annotations

6.3.1 Genes

For annotation of genes and their elements, the basic annotation GENCODE v43
was used (Frankish et al. 2019). All transcripts that are not included in the first
version of the MANE Select set, which is an universal set of one transcript per
protein-coding gene, were filtered (Morales et al. 2022).

6.3.2 CGIs

CGI annotations were downloaded using the package annotatr, using the "hg38 cpgs"
set (Cavalcante and Sartor [2017).

6.3.3 Enhancers

Enhancer elements, their association with genes and tissue specificity were
extracted from the GeneHancer database version 5.14 (Fishilevich et al. 2017).
Genomic positions were adjusted to match 0-based standard of remaining files. The
genes associated with each enhancer were filtered to match the genes included in
the MANE database. Both elite and non-elite enhancers and associations were used
in the analyses, unless stated otherwise. "Promoter" and "Promoter/Enhancer"
types were excluded from the dataset to focus on distal enhancers specifically.
Tissue-specific enhancer (ENCODE) and superenhancer (dbSUPER) sets were also
obtained from GeneHancer.

6.3.4 Tissue-specific genes

Tissue/cell-type specific transcriptome was downloaded from The Human Protein
Atlas project (Karlsson et al. |2021; The Human Protein Atlas||2023)), and split
into tissue-specific, cell-type-specific, blood cell-type-specific, and blood lineage-
specific sets according to their description. The original specificity annotations
were preserved. Genes which were not detected at all were removed, and genes

of low tissue-specificity were annotated as "housekeeping" genes.

6.3.5 Other gene sets

Gene Ontology and KEGG Pathway gene sets were obtained from the Molecular
Signatures Database (MSigDB) using the msigdbr package (Liberzon et al. 2011}
Bhuva et al. |2021)).
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6.3.6 Overlapping genomic annotations

To compare the representation of genomic elements by CpG blocks, the regions
were overlapped on a single CpG basis. A map with all CpG positions was
intersected with bed files with the above annotations and with the information
whether it belongs to blocks.

6.4 Enrichment analysis

All enrichment analyses were performed using the clusterProfiler R package using
the enricher() function (Wu et al. 2021). For gene-based analyses the environment
was set to represent only the genes overlapped by all blocks (instead of all genes).
The same approach was used with enhancers. Benjamini-Hochberg correction was
applied to adjust the p-values, and the p-value cutoff filter was set to 0.05.

6.5 ChIP-seq analysis

Histone modification ChIP-seq data were downloaded from the Roadmap Epi-
genomics database. H3K4mel and H3K4me3 modifications were downloaded
in narrowPeak format. H3K27me3, H3K36me3, and H3K9me3 states were
downloaded as broadPeak files. The choice was guided by the localisation of
each interaction, as suggested in (Landt et al. 2012; Sims et al.|[2014)). The files
were lifted over from hg19 to hg38 using the liftOver tool (Hinrichs et al. 2006).
We selected tissues corresponding to the tissues of our methylation atlas, the
samples are summarised in table

The heatmap of peak over-representation in blocks important for distinct sig-
natures was created by first overlapping the ChIP-seq peak locations from all
reference tissues and blocks from all signatures. Then, contingency tables were
created to count blocks present or not present in a ChIP-seq peak and to count
whether it is included in a given signature or not. The overlaps were only counted
if a minimum of 75% of the CpGs in each block overlapped with the peak. The
chi-square test was performed on each contingency table and chi-square statistics
were reported due to extremely low p values.

To calculate the odds ratios for the presence of peaks in blocks important for
individual signatures, the ChIP-seq files were paired with their corresponding
tissue signatures (as suggested by the over-representation analysis). Overlaps
with chromatin marks were calculated as described above. The categories were
defined as follows:
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1. tissue-wide blocks - blocks which are described as important for more than
10 signatures

2. unique blocks - blocks important for a single signature

3. blood blocks - blocks where the ratio of them being important in blood to
tissue signatures is >0.5 (thus enriching for blood-unique blocks)

4. tissue blocks - blocks where the ratio of them being important in tissue to
blood signatures is >0.5 (thus enriching for tissue-unique blocks)

To calculate the over-representation of methylation states at each peak, for each
signature we calculated the average beta value at each block from samples with
the highest contribution of that signature (for example, from all B-cells for a
B-cell-specific signature). Then, each block was calculated as methylated (beta
value > 0.66), or unmethylated (the remaining sites). Fisher’s exact test was
performed on methylated/unmethylated/important/not important contignency
tables.

The ChromHMM annotation of genomic regions from the 15-state model was
downloaded from the Roadmap Epigenomics project as hg38-aligned bed files
(Kundaje et al. 2015}; Ernst and Kellis 2012). This model was trained on H3K4me3,
H3K4mel, H3K36me3, H3K27me3 and H3K9me3 states of 60 epigenomes from
the project. Only primary tissues and blood cell samples corresponding to cells in
the atlas were used for the analyses, as summarised in the table All analyses
were performed as described for the peak data.

6.6 Tumour DNA content estimation

Tumour DNA content was calculated from purity and ploidy under the assumption
that the total DNA in a sample to be the sum of tumour DNA and normal DNA,
such as:

tumour DN Aamount
total DN Aamount

tumour DN Acontent =
If there are n cells in the measured sample, then:
tumour DN Aamount = n X purity X ploidy

normal DN Aamount = n x (1 — purity) x 2
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total DN Aamount = tumour DN Aamount + normal DN Aamount

Combining the equation gives us:

X ity X ploid
tumour DN Acontent = n X purity x pioray

n X purity x ploidy +n x (1 — purity) x 2

Which can be simplified to:

ity X ploid
tumour DN Acontent = purity x proray

purity x ploidy + (1 — purity) X 2

The norm of residuals from each sample was obtained directly from the NNLS
function output. A linear model was constructed for the association between

tumour DNA content and norm of residuals using the following formula:

Im(tumour DN Acontent normO f Residuals)

The resulting linear model was used with the function approx() to calculate the

expected tumour DNA content based on the norm of residuals.

The signature contributions were then scaled to reflect the potential tumour

content, resulting in four types of possible contribution representation.
1. Unscaled contribution (direct output of the NMF and NNLS)

2. Contribution scaled to one (such that the sum of contributions from each
sample sums to one, this is the version mostly used/visualised throughout

the thesis)

3. Unscaled contribution corrected for tumour DNA content (contribution *
SumO fContributions * (1 — %tumour DN Acontent)). Tumour DNA content

in this case is calculated as SumO fContributions * %tumour DN Acontent.

4. Scaled contribution corrected for tumour DNA content (scaledContribution *

(1 — %tumour DN Acontent).
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6.7 Survival analysis

Survival analyses were performed and presented using the survival and survminer
R packages as in the following code:

surv fit(Surv(overallSurvival, status) contributionClass)

The contributionClass logical variables represented the signature contribution
being above/below the median in terms of basal signature contribution, which
was calculated across all samples within each contribution category. Differences
in contributions were calculated by subtracting the previous timepoint, such
that a positive result indicated an increase of signature contribution across the
timepoints, and negative result indicated a decrease. Samples with differences of
0 were excluded from the survival analysis.

6.8 Computational environments

All analyses were conducted on the Biomedical Research Computing (BMRC)
high-performance cluster at the Big Data Institute.

All analyses, unless otherwise stated, were performed in R version 4.1.0. Analysis-
specific packages are described in relevant sessions. Packages used in multiple
sections include: ComplexHeatmap (Gu et al. 2016), tidyverse (Wickham et al.
2019), data.table (Dowle and Srinivasan [2023)), GenomicRanges (Lawrence et al.
2013).
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A. Datasets used in the thesis

CONOU D WN =P
s

Sample ID

UKVAC-140 B-cells
UKVAC-003-6_B-cells
UKVAC-001-5 B-cells
UKVAC-049-3_B-cells
C603405_Bone-Marrow*
C505016_Brain

C707004 Brain
CD563137_Breast
CD564068 Breast
CD563304_Breast
CD564368_Breast
UKVAC-140_CD4-T-cells
UKVAC-049-3_CD4-T-cells
UKVAC-003-6_CD4-T-cells
UKVAC-001-5_CD4-T-cells
UKVAC-049-3_CD8-T-cells
UKVAC-140_CD8-T-cells
UKVAC-001-5_CD8-T-cells
UKVAC-003-6_CD8-T-cells
CD564159 Colon
CD563663 Colon
CD563419 Colon
CD565189 Colon
UKVAC-049-3_Eosinophils
UKVAC-001-5 Eosinophils
UKVAC-003-6_Eosinophils
UKVAC-140 Eosinophils
CD563678 Esophagus
CD565252 Esophagus
CD564986 Esophagus
CD565136_Esophagus
C707005_Heart*
C707006_Heart
CD564241 Kidney
CD563984 Kidney
CD563778_Kidney
CD563776_Kidney
CD563569 Liver*
CD564797_Liver
CD564082_Liver
CD563257_Liver
CD564901_Lung
CD564511 Lung
CD563930 Lung

Tissue/cell type

B-cells
B-cells
B-cells
B-cells
Bone-Marrow
Brain

Brain
Breast
Breast
Breast
Breast
CD4-T-cells
CD4-T-cells
CD4-T-cells
CD4-T-cells
CD8-T-cells
CD8-T-cells
CD8-T-cells
CD8-T-cells
Colon
Colon
Colon
Colon
Eosinophils
Eosinophils
Eosinophils
Eosinophils
Esophagus
Esophagus
Esophagus
Esophagus
Heart
Heart
Kidney
Kidney
Kidney
Kidney
Liver

Liver

Liver

Liver

Lung

Lung

Lung

Donor ID
UKVAC-140
UKVAC-003-6
UKVAC-001-5
UKVAC-049-3
C603405
C505016
C707004
CD563137
CD564068
CD563304
CD564368
UKVAC-140
UKVAC-049-3
UKVAC-003-6
UKVAC-001-5
UKVAC-049-3
UKVAC-140
UKVAC-001-5
UKVAC-003-6
CD564159
CD563663
CD563419
CD565189
UKVAC-049-3
UKVAC-001-5
UKVAC-003-6
UKVAC-140
CD563678
CD565252
CD564986
CD565136
C707005
C707006
CD564241
CD563984
CD563778
CD563776
CD563569
CD564797
CD564082
CD563257
CD564901
CD564511
CD563930
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45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77

CD563854 Lung
UKVAC-003-6_Monocytes
UKVAC-001-5_ Monocytes
UKVAC-140_Monocytes
UKVAC-049-3 _Monocytes
UKVAC-049-3_Neutrophils
UKVAC-001-5_Neutrophils
UKVAC-003-6_Neutrophils
UKVAC-140 Neutrophils
UKVAC-003-6_NK-cells
UKVAC-001-5_ NK-cells
UKVAC-140_NK-cells
UKVAC-049-3_NK-cells
CD564191_Ovary
CD563544 Ovary
CD564295_Ovary
CD564404_Pancreas
CD565341 Pancreas
CD564844 Pancreas
CD564011 Pancreas
CD564242 Prostate
CD563610 Prostate
CD563685_Prostate
CD563267_ Prostate
CD565017_Spleen
CD563880 Spleen
CD563504_Spleen*
CD563320_Spleen*
CD563430_Stomach
CD564596_Stomach
CD563162 Stomach
CD565042_Stomach
C707007_Thymus*

Table A.1: TAPS atlas datasets
Datasets used in the thesis. Samples with asterisks (*) were removed due to technical
concerns. The "Tissue/cell type" column corresponds to the groups within which samples

were merged together at the block selection step of the analysis.

Lung
Monocytes
Monocytes
Monocytes
Monocytes
Neutrophils
Neutrophils
Neutrophils
Neutrophils
NK-cells
NK-cells
NK-cells
NK-cells
Ovary
Ovary
Ovary
Pancreas
Pancreas
Pancreas
Pancreas
Prostate
Prostate
Prostate
Prostate
Spleen
Spleen
Spleen
Spleen
Stomach
Stomach
Stomach
Stomach
Thymus

CD563854
UKVAC-003-6
UKVAC-001-5
UKVAC-140
UKVAC-049-3
UKVAC-049-3
UKVAC-001-5
UKVAC-003-6
UKVAC-140
UKVAC-003-6
UKVAC-001-5
UKVAC-140
UKVAC-049-3
CD564191
CD563544
CD564295
CD564404
CD565341
CD564844
CD564011
CD564242
CD563610
CD563685
CD563267
CD565017
CD563880
CD563504
CD563320
CD563430
CD564596
CD563162
CD565042
C707007
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VOO UTDWN =P
]

sample_title

Adipocytes-Z000000T7
Adipocytes-Z000000T9
Adipocytes-Z000000T5
Aorta-Endothelium-Z00000422
Aorta-Endothelium-Z0000043G
Saphenous-Vein-Endothelium-Z000000RM
Saphenous-Vein-Endothelium-Z000000S7
Saphenous-Vein-Endothelium-Z000000SB
Kidney-Glomerular-Endothelium-Z000000Q5
Kidney-Glomerular-Endothelium-Z00000443
Kidney-Glomerular-Endothelium-Z0000045J
Kidney-Tubular-Endothelium-Z000000PX
Kidney-Tubular-Endothelium-Z000000Q3
Kidney-Tubular-Endothelium-Z0000042R
Lung-Alveolar-Endothelium-Z000000Q1
Lung-Alveolar-Endothelium-Z000000QK
Lung-Alveolar-Endothelium-Z0000045H
Pancreas-Endothelium-Z0000042D
Pancreas-Endothelium-Z0000042X
Pancreas-Endothelium-Z00000430
Pancreas-Islet-Endothelium-Z0000042Y
Colon-Fibroblasts-Z0000042A
Colon-Fibroblasts-Z0000042C
Heart-Fibroblasts-Z0000043R
Heart-Fibroblasts-Z0000041V
Heart-Fibroblasts-Z0000041W
Heart-Fibroblasts-Z0000041X
Skeletal-Muscle-Z00000427
Skeletal-Muscle-Z00000429
Heart-Cardiomyocyte-Z0000044G
Heart-Cardiomyocyte-Z0000044K
Heart-Cardiomyocyte-Z0000044N
Heart-Cardiomyocyte-Z0000044P
Heart-Cardiomyocyte-Z0000044Q
Heart-Cardiomyocyte-Z0000044R
Oligodendrocytes-Z000000TK
Oligodendrocytes-Z0000042E
Oligodendrocytes-Z0000042L
Oligodendrocytes-Z0000042N
Cortex-Neuron-Z000000TF
Neuron-Z000000TH
Cortex-Neuron-Z0000042F
Cortex-Neuron-Z0000042H
Cortex-Neuron-Z20000042J
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tissue

abdominal subcut_adipocytes
abdominal subcut_adipocytes
abdominal subcut_adipocytes
aorta_endothelium
aorta_endothelium

vascular _saphenous_endothelium
vascular_saphenous_endothelium
vascular_saphenous_endothelium
kidney glomerular endothelium
kidney glomerular endothelium
kidney glomerular endothelium
kidney tubular endothelium
kidney tubular endothelium
kidney tubular endothelium
lung alveolar endothelium

lung alveolar endothelium

lung alveolar endothelium
pancreas_endothelium
pancreas_endothelium
pancreas_endothelium
pancreas_endothelium
colon_fibroblast

colon_fibroblast

heart_fibroblast

heart_fibroblast

heart_fibroblast

heart_fibroblast

skeletal muscle striated muscle
skeletal muscle_ striated muscle
heart cardiomyocyte

heart cardiomyocyte

heart cardiomyocyte

heart cardiomyocyte

heart cardiomyocyte

heart cardiomyocyte
brain_oligodendrocytes
brain_oligodendrocytes
brain_oligodendrocytes
brain_oligodendrocytes
brain_neuronal

brain_neuronal

brain neuronal

brain_neuronal

brain neuronal
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45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89

Cortex-Neuron-Z0000042M
Cortex-Neuron-Z0000042P
Cortex-Neuron-Z0000042K
Cerebellum-Neuron-Z000000TB
Cortex-Neuron-Z000000TD
Liver-Hepatocytes-ZOOOOOOR3
Liver-Hepatocytes-Z000000T3
Liver-Hepatocytes-Z0000043Q
Liver-Hepatocytes-Z0000044H
Liver-Hepatocytes-Z0000044M
Liver-Hepatocytes-Z00000431
Pancreas-Duct-Z0000043T
Pancreas-Duct-Z0000043U
Pancreas-Duct-Z0000043V
Pancreas-Duct-Z000000QZ
Pancreas-Acinar-Z000000QX
Pancreas-Acinar-Z0000043W
Pancreas-Acinar-Z0000043X
Pancreas-Acinar-Z0000043Y
Pancreas-Delta-Z00000451
Pancreas-Delta-Z00000454
Pancreas-Delta-Z00000457
Pancreas-Beta-Z200000452
Pancreas-Beta-Z00000455
Pancreas-Beta-Z00000458
Pancreas-Alpha-Z00000453
Pancreas-Alpha-Z00000456
Pancreas-Alpha-Z00000459
Kidney-Glomerular-Epithelium-Z0000045K
Kidney-Glomerular-Epithelium-Z0000045L
Kidney-Tubular-Epithelium-Z000000QH
Kidney-Tubular-Epithelium-Z0000043Z
Kidney-Tubular-Epithelium-Z00000440
Kidney-Glomerular-Podocytes-Z0000042W
Kidney-Glomerular-Podocytes-Z00000441
Kidney-Glomerular-Podocytes-Z00000442
Thyroid-Epithelium-Z0000042S
Thyroid-Epithelium-Z0000042T
Thyroid-Epithelium-Z0000042U
Fallopian-Epithelium-Z000000Q7
Fallopian-Epithelium-Z000000S9
Fallopian-Epithelium-Z000000UV
Endometrium-Epithelium-Z00000434
Endometrium-Epithelium-Z00000435
Endometrium-Epithelium-Z0000043S
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brain neuronal
brain_neuronal
brain_neuronal

brain neuronal
brain_neuronal

liver hepatocyte

liver hepatocyte

liver hepatocyte

liver hepatocyte

liver hepatocyte

liver hepatocyte
pancreas_duct
pancreas_duct
pancreas_duct
pancreas_duct
pancreas_acinar
pancreas_acinar
pancreas_acinar
pancreas_acinar
pancreas_delta
pancreas_delta
pancreas_delta
pancreas_beta
pancreas_beta

pancreas_beta
pancreas_alpha
pancreas_alpha
pancreas_alpha

kidney glomerular epithelium
kidney glomerular epithelium
kidney tubular epithelium
kidney tubular epithelium
kidney tubular epithelium
kidney glomerular podocyte
kidney glomerular podocyte
kidney glomerular podocyte
thyroid_epithelium
thyroid_epithelium
thyroid_epithelium
fallopien_tubes_epithelium
fallopien tubes_epithelium
fallopien_tubes_epithelium
endometrium_epithelium
endometrium_epithelium
endometrium_epithelium
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90

91

92

93

94

95

96

97

98

99

100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134

Bone marrow-Erythrocyte progenitors-ZO0O0O0OOORF
Bone marrow-Erythrocyte progenitors-ZO0000ORH
Bone marrow-Erythrocyte progenitors-ZO0O0O00OORK

Blood-T-CD3-Z000000TV
Blood-T-CD3-Z000000UP
Blood-T-CD4-Z000000TT
Blood-T-CD4-Z000000U7
Blood-T-CD4-Z000000UM
Blood-T-CD8-Z000000TR
Blood-T-CD8-Z000000U5
Blood-T-CD8-Z000000UK
Blood-T-CenMem-CD4-Z00000417
Blood-T-CenMem-CD4-Z0000041D
Blood-T-CenMem-CD4-Z0000041N
Blood-T-Eff-CD8-Z00000419
Blood-T-Eff-CD8-Z0000041F
Blood-T-Eff-CD8-Z0000041Q
Blood-T-EffMem-CD4-200000416
Blood-T-EffMem-CD4-Z0000041C
Blood-T-EffMem-CD4-Z0000041M
Blood-T-EffMem-CD8-Z0000041A
Blood-T-EffMem-CD8-Z0000041G
Blood-T-Naive-CD8-Z0000041B
Blood-T-Naive-CD8-Z0000041H
Blood-NK-Z000000TM
Blood-NK-Z000000U1
Blood-NK-Z00000OUF
Blood-Monocytes-Z000000TP
Blood-Monocytes-Z000000U3
Blood-Monocytes-Z000000UH
Colon-Macrophages-Z00000444
Colon-Macrophages-Z00000446

Lung-Alveolar-Macrophages-Z00000448
Lung-Alveolar-Macrophages-Z0000044C
Lung-Interstitial-Macrophages-Z00000447
Lung-Interstitial-Macrophages-Z0000044D
Lung-Interstitial-Macrophages-Z0000044E

Blood-Granulocytes-Z000000TZ
Blood-Granulocytes-Z000000UD
Blood-Granulocytes-Z000000UT
Blood-B-Z000000TX
Blood-B-Z000000UB
Blood-B-Z000000OUR
Blood-B-Mem-Z0000041J
Blood-B-Mem-Z0000041K
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bone marrow_erythrocyte progeni
bone marrow_erythrocyte progeni
bone _marrow_erythrocyte progeni
blood t cd3 cells
blood t cd3 cells

blood t helpercd4 cells

blood _t helpercd4 cells
blood_t helpercd4 cells

blood t cytotoxic_cd8 cells
blood t cytotoxic_cd8 cells
blood_t cytotoxic_cd8 cells
blood t central memory cd4
blood_t central memory cd4
blood t central memory cd4
blood t_effector cell cd8
blood_t _effector cell cd8
blood_t effector cell cd8
blood_t effector memory cd4
blood_t effector memory cd4
blood_t effector memory cd4
blood t effector memory cd8
blood_t effector memory cd8
blood naive t cells cd8
blood_naive t cells cd8

blood nk

blood nk

blood nk

blood monocytes
blood_monocytes

blood monocytes
colon_macrophages
colon_macrophages

lung alveolar macrophages
lung alveolar macrophages
lung_interstitial macrophages
lung interstitial macrophages
lung interstitial macrophages
blood granulocytes
blood_granulocytes
blood_granulocytes

blood _b_cells

blood b cells

blood b cells

blood memory b cells
blood_memory b cells
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135
136
137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179

Tonsil-Palatine-Epithelium-Z000000QF
Tonsil-Palatine-Epithelium-Z0O0O0O000ORP
Tonsil-Palatine-Epithelium-ZOOO0O0ORR

Tonsil-Pharyngeal-Epithelium-Z000000Q9
Tonsil-Pharyngeal-Epithelium-Z000000S1

Tongue-Epithelium-Z000000QV
Tongue-Epithelium-Z00000449
Tongue-Epithelium-Z0000044F

Tongue base-Epithelium-Z0000044B
Esophagus-Epithelium-Z000000PZ
Esophagus-Epithelium-Z00000426
Lung-Bronchus-Epithelium-Z000000QD
Lung-Bronchus-Epithelium-Z000000RZ
Lung-Bronchus-Epithelium-Z000000S5
Prostate-Epithelium-Z000000RV
Prostate-Epithelium-Z000000S3
Prostate-Epithelium-Z0000045F
Prostate-Epithelium-Z0000045G
Bladder-Epithelium-Z000000QM
Bladder-Epithelium-Z000000QP
Bladder-Epithelium-Z0000043F
Bladder-Epithelium-Z0000044L
Bladder-Epithelium-Z00000450
Breast-Luminal-Epithelium-Z000000V2
Breast-Luminal-Epithelium-Z000000VJ
Breast-Luminal-Epithelium-Z000000VN
Breast-Basal-Epithelium-Z000000V6
Breast-Basal-Epithelium-Z000000VG
Breast-Basal-Epithelium-Z000000VL
Breast-Basal-Epithelium-Z0000043E
Lung-Alveolar-Epithelium-Z000000T1
Lung-Alveolar-Epithelium-Z000000VC
Lung-Alveolar-Epithelium-Z000000VE
Gastric-fundus-Epithelium-Z000000RX
Gastric-fundus-Epithelium-Z000000SK
Gastric-fundus-Epithelium-Z000000SV
Gastric-body-Epithelium-Z000000SD
Gastric-body-Epithelium-Z000000SM
Gastric-body-Epithelium-Z000000ST
Gastric-antrum-Epithelium-Z000000SF
Gastric-antrum-Epithelium-Z000000SP
Gastric-antrum-Epithelium-Z000000SR
Gastric-antrum-Endocrine-Z00000437
Gastric-antrum-Endocrine-Z00000438
Colon-Right-Epithelium-Z000000VO0
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tonsil palatine epithelium
tonsil palatine epithelium
tonsil palatine epithelium

tonsil_pharyngeal epithelium
tonsil_pharyngeal epithelium

tongue_epithelium
tongue_epithelium
tongue_epithelium

tongue epithelium
esophagus_epithelium
esophagus_epithelium
lung bronchus_epithelium
lung bronchus_epithelium
lung bronchus_epithelium
prostate_epithelium
prostate_epithelium
prostate_epithelium
prostate_epithelium
bladder epithelium
bladder_epithelium
bladder epithelium
bladder epithelium
bladder_epithelium

breast luminal epithelial
breast luminal epithelial
breast luminal epithelial
breast_basal epithelial
breast_basal epithelial
breast_basal epithelial
breast basal epithelial
lung alveolar epithelium
lung alveolar epithelium
lung alveolar epithelium
gastric_fundus_epithelium
gastric_fundus_epithelium
gastric_fundus_epithelium
gastric_body_epithelium
gastric_body_epithelium
gastric_body_epithelium
gastric_antrum_epithelium
gastric_antrum_epithelium
gastric_antrum_epithelium
gastric_endocrine
gastric_endocrine
colon_epithelium
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180 Colon-Right-Epithelium-Z000000V8 colon_epithelium

181 Colon-Right-Endocrine-Z0000044S colon_endocrine

182  Colon-Left-Epithelium-Z000000VA colon_epithelium

183  Colon-Left-Endocrine-Z0000044J colon_endocrine

184  Colon-Left-Endocrine-Z0000044T colon_endocrine

185 Colon-Left-Epithelium-Z0000043B colon_epithelium

186  Colon-Left-Epithelium-Z0000043C colon_epithelium

187  Small-int-Epithelium-Z0O0O00O0ORT small intestine_epithelium
188  Small-int-Epithelium-Z000000UW small intestine epithelium
189  Small-int-Epithelium-Z000000UY small _intestine epithelium

Table A.2: Loyfer atlas datasets
Datasets from Loyfer et al. 2023 used in the thesis, together with their tissue assignments.
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epigenome ID epigenome name

E038
E047
E029
E032
E046
E030
E027
E112
E104
E109
E106
EO079
E083
E086
EO88
E095
E097
E066
E098
E096
E102
E110
E113

CD4 Naive Primary Cells
CD8 Naive Primary Cells
CD14 Primary Cells
CD19 Primary Cells
CD56 Primary Cells
CD15 Primary Cells
Breast Myoepithelial Cells
Thymus

Rigtht Atrium

Small Intestine

Sigmoid Colon
Oesophagus

Fetal Heart

Fetal Kidney

Fetal Lung

Left Ventricle

Ovary

Adult Liver

Pancreas

Lung

Rectal Mucosa Donor 31
Stomach Mucosa

Spleen
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simplified name
CD4 T-cells
CD8 T-cells
Monocytes

B cells

NK cells
Neutrophils
Breast Myoepithelial
Thymus

Right Atrium
Small Intestine
Sigmoid Colon
Oesophagus
Fetal Heart
Kidney Kidney
Fetal Lung
Left Ventricle
Ovary

Liver

Pancreas

Lung

Rectal Mucosa
Stomach
Spleen

Table A.3: ChIP-seq datasets

Descripion.
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Figure B.2

The average modification values were calculated from all samples above minimal coverage

cutoff. The last panel illustrates TAPS/5 atlas values, where some the unmodified reads are

turned into modified, depending on the corresponding 5hmC beta value from CAPS.
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