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Abstract
Epigenomic variation represents an emerging focus in human health research, particularly
in regards to neurobiological disease susceptibility and pathogenesis. DNA methylation
(DNAm), which involves the covalent attachment of a methyl group to a cytosine primarily at
CpG dinucleotides, has been widely assessed in the context of epigenome-wide association
studies (EWASs), with DNAm associations identified across a broad range of disease states,
environmental exposures and genetic backgrounds. However, DNAm profiling in
neurobiological diseases is challenged by the fact that DNAm variation is highly tissue-specific
and target brain tissues may be difficult or impossible to collect from postmortem samples, in
living individuals undergoing treatment interventions or in pediatric populations. As such, the
use of cell-culture models or accessible peripheral tissues such as blood or buccal swabs
represent alternative approaches used in human neurobiological DNAm studies to identify
potential biomarkers of disease or treatment response.
The overarching aim of my dissertation was to apply and evaluate various tissue-specific
approaches to investigate DNAm variation across different neurobiological diseases. To this end,
I performed four separate studies to assess disease-associated DNAm from a) post-mortem brain
samples, b) primary brain-derived cell culture models and c) accessible peripheral tissues.
Specifically, I examined DNAm patterns related to Huntington’s disease pathogenesis and tissuespecific Huntingtin gene expression in postmortem human cortex samples. I subsequently
compared DNAm profiles from glioblastoma multiforme tumours and matched primary cell
cultures enriched for brain-tumour initiating cell populations, identifying a homeobox-enriched
signature of differential DNAm between the paired samples. Beyond brain-specific DNAm
patterns, I also explored the use of a disease-relevant blood cell type, CD3+ T-lymphocytes, to
detect DNAm alterations associated with alcohol dependence in patients undergoing a clinical
intervention. Finally, I assessed DNAm variability and the influence of genetic variation on
DNAm in peripheral blood and buccal epithelial cells from two pediatric cohorts, highlighting a
number of potential considerations and practical implications for the appropriate design and
interpretation of early-life EWAS analyses in these tissues. Overall, these findings provide
evidence to implicate DNAm variation in neurological function and pathology as well as present
potential opportunities for the identification of novel biomarkers in accessible tissues.
iii

Lay Summary
An emerging focus in human health research is epigenetics, the study of modifications to
DNA structure and regulation. Epigenetic patterns can vary greatly between tissues, making
tissue source an important consideration in epigenetic studies. This can be challenging,
particularly for brain disease research, as human brain tissues can often only be obtained from
deceased individuals and are difficult or impossible to collect in certain contexts, such as from
children or living individuals undergoing a treatment intervention. This thesis explores the use of
different sample sources, including brain tissues, brain-derived cell culture models and
accessible tissues like blood or cheek swabs, to study disease-associated patterns of DNA
methylation, an epigenetic mechanism involving the addition of chemical marks to DNA.
Specifically, this work provides evidence to associate DNA methylation to various disease
contexts and highlights the potential of DNA methylation patterns to serve as markers of disease
risk or progression.
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Preface
All data chapters in this thesis (Chapters 2-5) are presented in manuscript format, as they are
currently published (Chapters 2 & 4) or under submission (Chapters 3 & 5).
Portions of Chapter 1 (introduction) have been adapted from previously published work:
•

Islam SA, Lussier AA, Kobor MS. (2018). Epigenetic analysis of human postmortem
brain. In Webster MJ & Huitinga I (Eds). Handbook of Clinical Neurology: Brain
Banking Neurological and Pyschiatric Disorders. (pp 237-261). Elsevier Inc. Reprinted
with permission from Elsevier Inc (License Number: 4403920771953).

•

Lussier AA*, Islam SA*, Kobor MS. (2017). Genetics and epigenetics of development.
In Gibbs R & Kolb B (Eds). The Neurobiology of Brain and Behavioural Development.
(pp 153-210). Elsevier Inc. *Authors contributed equally. Reprinted with permission of
Creative Commons Attribution 4.0 International License (http://creativecommons.org
/licenses/by/4.0/).

A version of Chapter 2 has been published as:
•

De Souza RAG*, Islam SA*, McEwen LM, Mathelier A, Hill A, Mah SM, Wasserman
WW, Kobor MS, Leavitt BR. (2016). DNA methylation profiling in human Huntington’s
disease brain. Human Molecular Genetics. *Authors contributed equally. Reprinted with
permission of Creative Commons Attribution 4.0 International License
(http://creativecommons.org/licenses/by/4.0/).

Collection of animal tissues used in this work were approved by the University of British
Columbia’s Animal Care Committee (Certificate: A14-0031). Collection of all human samples
used in this study were approved by the University of British Columbia, Children and Women’s
Hospital Ethics board (Certificates: H06-70467 and H05-70532) and the Vancouver Coastal
Health Authority Research study board (Certificate: V09-0129). The experimental and analytical
design for this study was developed by myself and R. De Souza. The collection of human and
animal tissues, cell culture experiments, qRT-PCR and ChIP-qPCR were performed by R. De
Souza, with assistance from S. Franciosi, G. Lu and A. Hill. DNA methylation arrays were run
by S. Mah and L. Lam while L. McEwen designed and performed the pyrosequencing assays. A.
Mathelier analyzed the publically-available ChIP-seq data, under the supervision of W.
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Wasserman. I performed all statistical and bioinformatics analyses of the DNA methylation array
and pyrosequencing data. R. De Souza and I jointly wrote the manuscript and prepared all
publication figures. B. Leavitt and M. Kobor supervised all steps of the process and provided
critical feedback during manuscript preparation.
Chapter 3 is original and unpublished. Collection of all human samples used in this study were
approved by the joint University of British Columbia and Children and Women’s Hospital Ethics
board (Certificate: H14-02694). I developed the design and research questions for this study
alongside A. Wang, S. Weiss and M. Kobor. Sample collection was performed in Calgary, AB
by A. Wang. DNA methylation arrays were performed by L. McEwen and J. MacIsaac.
Generation and analysis of MGMT RNA-Seq data was performed by Y. Shen at Canada’s
Michael Smith Genome Sciences Centre, under the direction of S. Jones and M. Marra. I was
responsible for all bioinformatics analyses and manuscript preparation, with critical feedback
from S. Weiss and M. Kobor.
A version of Chapter 4 has been published as:
•

Brückmann C*, Islam SA*, MacIsaac JL, Morin AM, Karle KN, Santo AD, Wüst R,
Lang I, Batra A, Kobor MS§, Nieratschker V§. (2017). DNA methylation signatures of
chronic alcohol dependence in purified CD3+ T-cells of patients undergoing alcohol
treatment. Scientific Reports. *Authors contributed equally; §Authors jointly supervised
work. Reprinted with permission of Creative Commons Attribution 4.0 International
License (http://creativecommons.org/licenses/by/4.0/).

Collection of all human samples used in this study were approved by the joint University of
British Columbia and Children and Women’s Hospital Ethics board (Certificate: H1602333). This study was conceived and designed by V. Nieratschker and M. Kobor with input
from myself and C. Brückmann. Recruitment of study participants and sample preparation
was led by C. Brückmann, with assistance by K. Karle, A. Di Santo, R. Wüst, I. Lang and A.
Batra. DNA methylation arrays were run by J. MacIsaac and pyrosequencing was performed
by A. Morin. I was responsible for statistical analysis of all data. I generated all publication
figures and wrote the manuscript with C. Brückmann. V. Nieratschker and M. Kobor
provided critical feedback at all stages of manuscript preparation.
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Chapter 5 is original and unpublished. Collection of all human samples used in this study were
approved by the joint University of British Columbia and Children and Women’s Hospital Ethics
board (Certificates: H07-01317 and H07-02773). I developed the design and research questions
for this study alongside S. Goodman and M. Kobor. Participant recruitment for both cohorts and
sample collection were led by R. Barr, T. Boyce and M. Kobor. Genotyping and DNA
methylation arrays were performed by J. MacIsaac. S. Goodman and I jointly analyzed all data
and co-wrote the manuscript, under the supervision of M. Kobor.
Chapter 6 (discussion) contains adapted excerpts from the following publications:
•

Islam SA, Lussier AA, Kobor MS. (2018). Epigenetic analysis of human postmortem
brain. In Webster MJ & Huitinga I (Eds). Handbook of Clinical Neurology: Brain
Banking Neurological and Pyschiatric Disorders. (pp 237-261). Elsevier Inc. Reprinted
with permission from Elsevier Inc (License Number: 4403920771953).

•

Lussier AA*, Islam SA*, Kobor MS. (2017). Genetics and epigenetics of development.
In Gibbs R & Kolb B (Eds). The Neurobiology of Brain and Behavioural Development.
(pp 153-210). Elsevier Inc. *Authors contributed equally. Reprinted with permission of
Creative Commons Attribution 4.0 International License (http://creativecommons.org
/licenses/by/4.0/).

Given that Chapters 2-5 remain largely unchanged from their published version or submitted
manuscript copies, I have retained the use of plural first person pronouns in these sections. In the
remainder of the dissertation, singular first person pronouns are employed.
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Chapter 1: Introduction
1.1

Dissertation context and aims
Epigenetics represents an increasingly attractive focus for the study of brain dysfunction

and complex neurobiological diseases, due, in part, to its potential to serve as a mechanistic
interface between genomic function and environmental context. One of the most studied
epigenetic marks in humans is DNA methylation (DNAm), which has been widely assessed in
the form of epigenome-wide association studies (EWASs). Playing a key role in gene expression
regulation, DNAm patterns exhibit high tissue- and cell-type specificity and are associated with
the preservation of the cellular memory required for developmental stability (1–3). Conversely,
DNAm is also subject to dynamic variation in that methylation at specific sites can change in
response to environmental influences (4, 5). As such, DNAm serves as one of the most
promising epigenetic candidates for the biological mediation of gene-environment (G x E)
interactions (6). Taken together, it is this tissue-specific and environmentally-responsive control
of gene regulation which makes DNAm a prime research focus for the study of neurobiological
disease phenotypes in human population cohorts.
Despite its increasing popularity, DNAm profiling in human neurobiological diseases is
challenged by the fact that DNAm variation is highly tissue-specific and target brain tissues may
be difficult to collect from postmortem samples, particularly in pediatric populations (7).
Although the use of brain tissues may afford the opportunity to profile potential disease-related
mechanisms, brain samples can only be assessed retrospectively, thereby precluding longitudinal
analyses in living individuals throughout disease progression or across treatment interventions.
As such, the use of cell-culture models or accessible peripheral tissues such as blood or buccal
swabs represent alternative approaches used in human neurobiological DNAm studies to identify
potential biomarkers of disease or treatment response (8).
The overarching aim of my dissertation was to apply and evaluate the use of various
tissue sources to investigate DNAm variation across different types of neurobiological disease
states including neurodegenerative, neuropsychiatric and neurological pathologies. To this end, I
performed four separate studies to assess disease-associated DNAm from a) postmortem brain
samples, b) primary brain-derived cell culture models and c) accessible peripheral tissues.
Specifically, I examined DNAm patterns in postmortem human cortex samples in order to
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understand the potential role of DNAm in Huntington’s disease pathogenesis and tissue-specific
transcriptional regulation of the Huntingtin gene locus (Chapter 2). I subsequently compared
DNAm profiles from glioblastoma multiforme tumours and matched primary cell cultures
enriched for brain-tumour initiating cell (BTIC) populations, with the hopes of identifying
DNAm variation implicated in the stem-like functions of BTICs (Chapter 3). Beyond brainderived DNAm patterns, I also explored the use of a disease-relevant blood cell type, CD3+ Tlymphocytes, to detect DNAm alterations associated with alcohol dependence in patients
undergoing a clinical intervention (Chapter 4). Finally, I assessed DNAm variability and the
influence of genetic variation on DNAm in peripheral blood and buccal epithelial cells from two
pediatric cohorts, with the goal of characterizing the tissue-specific nature of genetic influences
on DNAm variability in these pediatric tissues (Chapter 5).
Taken together, this body of work seeks to highlight the unique advantages and
challenges of various tissue-specific approaches to DNAm studies in neurobiological diseases.
Moreover, this suite of analyses aims to assess DNAm variation in neurological function and
pathology as well as present potential opportunities for the identification of novel biomarkers in
accessible tissues.
1.2
1.2.1

Epigenetics: an emerging focus in the study of human neurobiological disease
Epigenetic mechanisms link cellular function and environmental influences
Over the last decade, the emerging field of neuroepigenetics has garnered considerable

interest for its potential to provide insights into the molecular mechanisms underpinning
neurological function and brain-related pathologies (9). While genetic variation comprises the
inherited basis of cellular function and activity, epigenetics is considered the regulatory overlay
of the genome that fine-tunes gene activity in response to external signals (10). The concept of
epigenetic regulation was first proposed by Conrad Waddington in the early 1940s to describe
how the developmental patterning of multicellular organisms are shaped by ‘epigenetic
landscapes’ that drive cellular differentiation along a programmed trajectory towards specific
cell-type lineages (11). Since its inception, the field of epigenetics has flourished into an active
area of study aimed at characterizing gene regulation and biological variation, particularly as it
relates to human neurobiological diseases (12).
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Today, epigenetics is operationally defined as mitotically heritable modifications of DNA
and its regulatory components, including chromatin and non-coding RNA, that potentially
modulate cellular states or fate through gene expression changes, without changing the DNA
sequence itself (2, 6, 13, 14). Notably, Waddington’s original hypothesis still holds true: the
identity and the functional specification of the ~200 different cell types in the human body are
largely dictated by the unique epigenomic profiles and corresponding transcriptional programs of
each cellular subtype (15). In this manner, epigenetic mechanisms dually serve to allow for
dynamic tissue- and cell type-specific variation, as well as the preservation of the cellular
memory required for developmental stability. In addition, epigenetic regulation is now becoming
increasingly recognized as a potential biological mediator of environmental influences, which
can contribute to sculpting the epigenome across the life course (4, 5). Indeed, epigenetic marks
may be particularly malleable during certain developmental periods in early life, resulting in
epigenetic changes that may be linked to health risks and disease in later life (6, 10). Taken
together, epigenetic mechanisms exist in a seeming paradox between the stability of cellular
identity and plasticity of environmental responses, modulating cellular functions through both
short- and long-term responses to stimuli (10). It is this cell-specific and environmentallyresponsive control of gene regulation which makes epigenetics an emerging focus for molecular
studies in human health research, particularly in the context of complex, environmentallyconditioned neurobiological and psychiatric phenotypes (Figure 1.1).
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Figure 1.1 Biological variation and brain-related phenotypes are influenced by multiple sources throughout
brain development.
Genetic variation (blue bar) is inherited at birth and remains mostly stable throughout the lifetime. By contrast, the
environment presents shifting conditions that can influence long term health and behavior (rainbow bar). The
intersection of these two influences represents gene by environment (GxE) interactions (overlap). Together, these
factors are reflected in the epigenome, which is highly malleable in response to environmental conditions and
strongly influenced by genetic variation. Epigenetic variability increases across the lifecourse, with different
developmental windows conferring differential sensitivity to GxE and environmental influences (widening triangle
gradient). These windows of opportunity for developmental programming of epigenetic patterns and subsequent
health are more vulnerable during early life, which ranges from preconception and prenatal life to postnatal
environments. In turn, these effects can also influence vulnerability to disease, including neurodevelopmental
disorders, neurobiological dysregulation, psychiatric disease, and neurodegeneration later in life. Taken together, the
influences of both the genome and shifting environments are reflected in the epigenome, which can shape
development and vulnerability to disease.

1.2.2

Epigenome-wide association studies
Deriving from the burgeoning field of epigenetic epidemiology, epigenome-wide

association studies (EWASs) systematically apply genome-wide approaches to identify
epigenetic loci that are associated with a particular complex disease, phenotype or environmental
exposure (16). While EWAS analyses have become increasingly popular and have generated a
number of successfully replicated findings, including epigenetic differences associated with
tobacco smoking exposure, there has also been growing recognition of various methodological
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and analytical issues to consider when performing an EWAS (16–23). Similar to genome-wide
association studies (GWASs), EWASs may be challenged by technical and statistical issues
including batch effects, harmonization of data collected on multiple platforms, low power to
detect due to insufficient sample size, multiple testing barriers and identification of functionallyrelevant associations (16). However, unlike GWASs, which interrogate relatively stable genetic
variation, EWAS analyses are further complicated by the fact that epigenetic patterns can vary
by biological factors including tissue type, cell composition within a tissue, age, sex,
environmental exposure, and genetic background (20, 24, 25). Due to this added complexity,
care and consideration of these factors are warranted in the design of EWASs and in the
interpretation of EWAS findings (16, 20, 25). While EWAS analyses may be performed on any
type of epigenetic mark, the vast majority of EWASs to date have interrogated DNA methylation
due to its relative stability and ease of measurement using genome-scale, quantitative
technologies (26, 27).
1.3
1.3.1

DNA methylation (DNAm)
Genomic distribution and establishment of DNAm
DNA methylation (DNAm) is arguably the most studied epigenetic mark in humans and

involves the covalent attachment of a methyl group to the 5’ position of cytosine, typically at
CpG dinucleotide sites (28). These CpG dinucleotides occur relatively infrequently in the
genome as a consequence of natural selection against DNAm-induced sequence mutability as
methylated cytosines can undergo spontaneous deamination to thymine (29–31). Areas with
comparatively high CpG content in the genome have been termed “CpG islands” (CGIs) and
these CGIs are thought to exist as regions that were either never methylated or only transiently
methylated in the germline while the rest of the genome experienced a progressive loss of CpGs
at methylated sequences across evolution (29–31). Importantly, the DNAm status of the ~ 28
million CpG sites in the human genome is often dependent on genomic context (26, 32). For
example, CGIs, which are associated with approximately 50-70% of known promoters, tend to
contain low levels of methylation in somatic cells, while non-island CpGs exhibit generally
higher methylation levels (29, 30, 33).
The establishment and maintenance of DNAm patterns are carried out by a highly
conserved family of enzymes known as DNA methyltransferases (DNMTs). In mammals, 3
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major DNMTs have been identified, DNMT1, DNMT3A and DNMT3B, which are characterized
by a conserved stretch of amino acids in the C-terminal catalytic domain that target the 5’ carbon
of cytosine (34). As the most abundant form in adult cells, DNMT1 maintains DNAm patterns
during cell division by binding hemi-methylated CpG sites following DNA replication and
methylating the cytosine on the newly-synthesized daughter strand (35). In contrast to DNMT1’s
role in DNAm maintenance, DNMT3A and DNMT3B establish de novo genome-wide DNAm
patterns following embryo implantation (36). These enzymes show equal affinity for hemimethylated or non-methylated DNA, often in conjunction with other factors, and are essential for
early development, as deleting their encoding genes causes embryonic lethality in mice (36, 37).
1.3.2

Associated functions of DNAm
DNAm is characterized as an important regulatory mechanism of genome function with

key roles in various developmental processes including tissue differentiation, imprinting and Xchromosome inactivation (1). In general, DNAm is associated with the regulation of gene
expression, although its effects on transcription are highly dependent on genomic context (38,
39). For example, DNAm at gene promoters is typically associated with gene expression
silencing, although its role may be more variable within gene bodies (15, 26). Conversely, in
regions of lower CpG density which flank CGIs, known as “island shores”, high DNAm levels
are generally associated with highly expressed genes, especially if the associated CGI is lowly
methylated (39–41). While the exact mechanisms remain mostly unknown, transcriptional
silencing by DNAm may potentially occur through the direct blocking of transcription factor
binding or the recruitment of transcriptional repressors to promoter, enhancers, or insulator
regions (15, 42). Emerging evidence shows that when comparing a single gene across a
population, the association between DNAm and gene expression can be negative, positive, or
non-existent, highlighting the complex relationship between DNAm and transcription (38, 43,
44). Moreover, DNAm can be both active, by being a likely cause of gene expression variation,
or passive, by being a consequence or an independent mark of gene expression levels (43, 44). In
addition to its role in transcriptional control, DNAm at exon-intron boundaries has been
associated with altered mRNA splicing, and its presence within certain exons potentially
regulates alternative transcriptional start sites (45–48). Finally, DNAm in repetitive elements,
which comprise more than half of the human genome including intergenic sequences, tends to
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occur at relatively high levels and is associated with maintenance of chromosome structure and
genomic integrity (49, 50).
1.3.3

Tissue specificity of DNAm
Tissue specificity represents a salient feature of DNAm, as different tissues and cell types

acquire distinct DNAm landscapes during differentiation (51). At present, considerable research
efforts are being made to elucidate the tissue specificity of DNAm patterns with respect to
individual CpGs as well as inter-individual variation within a tissue (52–54). Specifically, it has
been shown that genome-wide DNAm differences between tissues within an individual greatly
exceed differences within a tissue across a population, as substantiated by the clustering of
samples according to tissue type over individual in multi-tissue comparisons (55–57). Sitespecific and regional analyses have identified tissue-specific differentially methylated regions
(tDMRs) across the genome, which primarily occur in regions of intermediate CpG density, with
the majority of tDMRs present in CpG island shores (58). Together, these results are in line with
the finding that tissue identity is the largest driver of variance in genome-wide DNAm profiles
(59).
Following tissue type, cell composition within a tissue is the second largest driver of
DNAm variation (59). As stem cells divide and differentiate into specific terminal cell types,
DNAm patterns become increasingly cell-type specific, with cells from related lineages showing
more similar DNAm profiles (51, 52). Indeed, DNAm patterns may serve as a form of cellular
memory, as demonstrated by the recapitulation of hematopoietic lineage hierarchy using DNAm
profiles of blood cell types (60). These findings suggest a role for DNAm in lineage
specification, but they also highlight important implications for DNAm study design and analysis
as unaccounted differences in cell composition within a tissue may result in the identification of
spurious DNAm associations or mask true associations (20, 23–25). As a result, a number of
bioinformatic approaches have been developed to either directly estimate or adjust for cell-type
heterogeneity from different tissue sources in EWAS analyses (61–70). Cell-type correction for
DNAm studies in brain samples are particularly pertinent as brain tissues are highly
heterogeneous, comprising of many different cell types including neurons, astrocytes,
oligodendrocytes, oligodendrocyte precursor cells (OPCs), microglia and vascular cells, and can
often exhibit disease-specific alterations in cell proportions such as loss of specific neurons in
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distinct brain regions, in conjunction with increased proliferation of glial cells (gliosis), as
observed in various neurodegenerative pathologies (71). Taken together, DNAm studies of tissue
specificity and cell composition are rapidly evolving to enhance our understanding of epigenetic
mechanisms in tissue-specific biology and lineage specification.
1.3.4

Interplay between genetic variation and DNAm
There is growing interest in DNAm as a potential mediator of gene-environment (G x E)

interactions, defined as genetic or environmental effects on phenotype or outcome that are
dependent on each other. More specifically, certain genes can moderate an environment’s
influence on a particular individual, or environmental influences can only be revealed among
individuals of a particular genotype (72). For example, a link between childhood maltreatment
and an allelic risk variant for post-traumatic stress disorder (PTSD) was established in the
FKBP5 gene, which encodes a chaperone of the glucocorticoid receptor (GR), a key mediator of
the stress response (73). This association is potentially mediated through a decrease in
methylation of a CpG located in the intron of the FKBP5 risk allele, leading to the suppression of
GR function, dysregulation of stress responsivity, and increased risk for PTSD (73). This work
not only provided one of the first demonstrations of epigenetics as a molecular mediator in G x E
interplay, but also pointed to the functional effects of a methylation quantitative trait locus
(mQTL), defined as an allelic variant that correlates with CpG methylation levels. A number of
studies have explored the occurrence of mQTLs across different populations, developmental
stages and tissues (43, 74–77). In the context of the brain, mQTLs tend to occur as cis
associations in different brain regions and may underlie risk loci of various neuropsychiatric
diseases, such as schizophrenia and bipolar disorder (78–83). In this regard, genetic variation
represents an additional contributor to DNAm patterns, with genetic influences accounting for an
estimated 20-80% of DNAm variance within a tissue (84–88) . When modeling variability in
human neonatal methylomes, the inclusion G x E interaction terms account for up to 75% of the
variably methylated regions between individuals over models containing only G or E terms,
suggesting that G x E interactions play an important role in mediating the genomic response to
external stimuli and potentially shaping developmental trajectories in early life (89). Finally,
more recent demonstration of epigenetic mediation of G x E interaction in the context of
substance use intervention programs in youth has highlighted the potential positive impact of
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considering G x E effects in the design of intervention schemes and prevention strategies (90).
Taken together, these observations provide a compelling framework for further investigating the
biological implications of genetic and epigenetic interplay.
1.3.5

Non-CpG DNAm
While DNAm primarily occurs in the context of CpG dinucleotides, it can also occur at

CpH (where H = A/C/T) sites. Indeed, both the maintenance DNMT1 and de novo DNMT3A/B
enzymes have been shown to methylate non-CpG cytosines in vitro (91, 92). Previous studies
have shown that methylated CH dinucleotides (mCH) occur in cultured embryonic stem cells
(ESCs) and induced pluripotent stem cells (93–97). Moreover, analysis of adult human and
mouse CNS neurons found that mCH is specifically enriched in neurons compared to other cell
types, as non-CpG methylation is nearly absent in nonneuronal adult somatic cells, but can reach
up to ~ 25% of all cytosines in neurons of the adult mouse dentate gyrus (92, 96, 98). Levels of
mCH increase rapidly during early postnatal brain development (mouse, ~2-4 weeks; human 0-2
years), suggesting that mCH potentially plays an important role in the regulation of postnatal
brain development. These changes are associated with a transient rise in DNMT3A levels, as
knockdown of this enzyme results in significant loss of mCH, but not methylated CpG levels
(92). Genome-wide profiling also showed that in neurons, mCH is present throughout the 5’
upstream, gene-body, and 3’ downstream regions of genes, where it is negatively correlated with
gene expression (92, 98). Furthermore, in vitro plasmid reporter gene analyses have shown that
CpH methylation is associated with transcriptional repression in mouse neurons (92). However,
mCH is not associated with gene silencing in all cell types, as non-CpG methylation in ESCs
positively correlates with gene expression (94). It is thought that the distinct distribution and role
in gene expression of mCH in different cell types relates to differences in the relative abundance
and activity of specific “readers” and “writers” of non-CpG methylation (99). Furthermore, in
addition to CpH methylation, very recent research has detected the presence of methylated
adenosine nucleotides in vertebrates, suggesting that that DNA modification variants may be
more diverse than previously thought (100–103).

9

1.3.6

Additional cytosine modifications
Apart from methyl groups, additional cytosine modifications have been identified and are

potentially implicated in the process of DNA demethylation. Although the mechanisms
underlying the establishment and maintenance of DNAm by DNMTs have been well
characterized, the process of DNA demethylation remains unclear. Thought to involve both
active and passive pathways, this phenomenon is vital for typical development and genetic
regulation, particularly in the brain (104–106). For example, neuronal activity-induced DNA
demethylation of specific promoters and expression of corresponding genes such as brainderived neurotrophic factor (BDNF) and fibroblast growth factor (FGF) occurs through the
action of Gadd45b and represents an activity-dependent form of modulating neurogenesis in the
adult brain (107). Passive DNA demethylation can occur due to a lack of DNMT1 activity,
resulting in a gradual loss of DNAm over several rounds of replication (108). In addition, DNA
demethylation may potentially occur through the oxidation of 5mC, catalyzed by the TenEleven-Translocation (TET) family of enzymes (109, 110). This process generates a series of
oxidized cytosine base variants, including 5-hydroxymethylcytosine (5hmC), formylcytosine
(fC), and carboxycytosine (caC) (109, 111). The oxidized site can then be removed by thymine
DNA glycosylase to create an abasic site, which undergoes base excision repair to yield an
unmodified cytosine (112). Alternatively, 5hmC can be converted to hydroxymethyluracil by
activation-induced deaminase prior to base excision repair (113). Although the exact details of
active DNA demethylation remain unclear, the emerging evidence points to a process involving
the coordinated activity of a number of key enzymatic players and intermediate modified
cytosine species. In addition to their potential role in DNA demethylation, these cytosine variants
may also play a role in modulating chromatin structure or recruiting various factors to key
regions of the genome (114). For instance, various members of the methyl-CpG-binding domain
(MBD) protein family display different affinities for 5hmC, and given their role in recruiting
different chromatin modifying complexes, hmC could potentially alter chromatin landscapes
throughout the genome (115). Interestingly, DNA hydroxymethylation (DNAhm) is present at
high levels in pluripotent cells and the brain, where it has been implicated in neural stem cell
functions, although its exact functional role remains to be uncovered (110, 111, 116). Genomewide mapping of DNAhm in various brain regions, including the frontal cortex, hippocampus,
and cerebellum, identified an enrichment of 5hmC in gene bodies, which was positively
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associated with gene transcription, particularly at developmentally activated genes (98, 117).
Finally, active DNA demethylation and TET activity is associated with memory formation and
addiction in mice, further supporting its functional role in neural activity (118).
1.3.7

Methods for assessing DNA modifications
Different approaches have been used to study DNA modification patterns, ranging from

bulk levels to targeted and genome-wide techniques. Methods to investigate bulk levels of DNA
modifications involve immunoblotting and fluorescence methods as well as the analysis of
repetitive elements to obtain a snapshot of levels across the entire genome (119, 120). However,
these are now being superseded by high-throughput, genome-wide approaches, which can profile
DNA modification levels, often at single base resolution, across the genome.
For the most part, genome-wide methods rely on the chemical treatment of cytosine
residues to obtain DNA modification information. Bisulfite conversion is the primary method
used to investigate DNAm, converting unmodified cytosines to uracil, while leaving cytosines
with DNA modifications unaffected. However, this technique also results in the protection of
hydroxymethylated residues, and the resulting uracil/cytosine ratio reflects both types of
modifications. As such, additional biochemical treatments have been developed to deconstruct
this confound, including TET-assisted bisulfite (TAB) and oxidative bisulfite (ox-BS)
conversion, which only protect 5hmC from conversion to uracil (121, 122). These are being used
in conjunction to identify the ratio of DNA modifications at a given cytosine residue.
Several techniques are currently being used in the genome-wide analysis of DNA
modifications using the above methods. The current gold standard, whole genome bisulfite
sequencing (WGBS), provides cytosine modification information for all sites within the genome,
but requires high sequencing coverage and may often be too costly to perform in large cohort
studies (94). By contrast, other techniques use enrichment approaches to limit analyses to certain
genomic regions. Reduced-representation bisulfite sequencing (RRBS) uses methylationinsensitive enzymes to digest DNA and size selection to enrich regions of high CpG density for
sequencing (123, 124). This results in lower overall coverage of the genome, covering about 2
million CpGs, with an enrichment of CGIs and promoters, which may be less sensitive to
environmental influences, but are more closely linked to gene expression patterns (123, 125).
Enrichment can also be performed through capture methods, such as Agilent’s SureSelect
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Human Methyl-Seq or NimbleGen's SeqCap Epi Enrichment System, which use custom
designed oligonucleotides to select relevant regions of the genome (126). In addition to these
sequencing-based approaches, commercial arrays from Illumina (GoldenGate [~1,500 sites], 27K
[~27,000 sites], 450K [~485,000 sites], and most recently, the EPIC [~860,000 sites]) provide
quantitative DNAm or DNAhm data across the genome, and are the most commonly used
method for EWASs (127–130). Furthermore, more targeted methods, such as pyrosequencing,
also rely on these chemical conversions to obtain quantitative epigenetic data at specific loci
(126). In contrast to these methods, methylated DNA immunoprecipitation (meDIP) uses
antibodies raised against DNAm or DNAhm to select regions of the genome enriched for these
cytosine modifications (46, 131–133). While this method is unbiased towards CpG-rich regions
and can reduce the complexity of the dataset by omitting unmethylated regions, it is unable to
provide quantification at single-CpG resolution, thereby representing a largely qualitative
approach to assess cytosine modifications across the genome (126) .
1.4
1.4.1

DNAm studies of human neurobiological diseases
DNAm associations with neurodevelopmental disorders
The etiological basis for a number of neurodevelopmental disorders involves the

disruption of genes encoding epigenetic factors (134). For example, mutations in the X-linked
gene MECP2, which encodes a methyl-CpG-binding protein, causes Rett syndrome, a childhood
disorder associated with a broad range of developmental, cognitive and neurologic deficits (135).
Alternatively, loss-of-function mutations in the DNA methyltransferase gene DNMT3B are
responsible for Immunodeficiency, Centromere Instability, Facial anomalies (ICF) syndrome, a
disorder involving facial dysmorphism, immunoglobin deficiency and defective brain
development (136, 137). In addition, perturbations affecting DNAm at imprinted loci, which
exhibit parent-of-origin expression regulation, can result in imprinting disorders with
developmental impairments such as Prader-Willi and Angelman syndrome (138, 139).
Collectively, these examples support the growing body of evidence which implicates epigenetic
dysfunction in neurodevelopmental pathologies.
Another common group of neurodevelopmental disorders is autism spectrum disorders
(ASD), which are characterized by severe deficits in social interaction, communication and
behavioral patterns that are restrictive and stereotypical (140). Increased interest in epigenetic
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profiling in ASD samples has been prompted by the observation that there is notable overlap in
clinical features and symptoms between ASD and other neurodevelopmental disorders, such as
Angelman, Fragile X, and Rett syndromes, which are caused by epigenetic perturbations or
mutations in genes encoding epigenetic factors (141). Candidate gene DNAm studies in ASD
using superior temporal gyrus and cerebral cortex samples previously reported increased
promoter DNAm at the RELN and MECP2 genes, respectively (142, 143). On a genome-wide
level, interrogation of DNAm in ASD dorsolateral prefrontal cortex, temporal cortex and
cerebellum samples using the Illumina 450K array revealed numerous differentially methylated
sites enriched in areas of low CpG density as well as 4 differentially methylated regions (DMRs),
which reached genome-wide significance, with 3 out of 4 DMRs replicating in an independent
cohort (144, 145).
Beyond brain-derived DNAm measures, there is growing interest in exploring DNAm
associations to neurodevelopmental disorders in other tissues. For example, the analysis of
DNAm profiles in buccal epithelial cells (BECs) of children with fetal alcohol spectrum disorder
(FASD), which is characterized by growth retardation, facial dysmorphologies, neurological
abnormalities and intellectual impairments, revealed widespread FASD-associated alterations in
the BEC methylome (146, 147). In the context of ASD, differential DNAm was observed in
BECs at genes that were expressed in the brain and encoded protein products that were
previously implicated in ASD pathology (148). Moreover, DNAm measures in other peripheral
tissues such as blood and saliva have identified links between DNAm variation and childhood
neurodevelopmental outcomes, demonstrating the potential for DNAm biomarkers of
neurodevelopmental impairment in these accessible tissues (149–152). Finally, the use of cord
blood and placental DNAm profiles have allowed for the exploration of early life biomarkers of
pre- and early postnatal stress exposures on fetal or infant brain development (152, 153).
1.4.2

DNAm signatures of neuropsychiatric disorders
Increasing interest in epigenomic contributions to complex, environmentally-conditioned

neuropsychiatric diseases has been potentiated by the growing recognition that epigenetics may
serve as a mediator between genomic variation and environmental influences (154–158).
Specifically, epigenetic associations have been investigated for a number of different psychiatric
13

conditions, including schizophrenia, bipolar disorder, major depressive disorder and various
addiction disorders (154–156).
Candidate gene analyses in postmortem brain have reported significant DNAm alterations
associated with schizophrenia and bipolar disorder at specific loci including RELN, COMT,
SOX10, HTR2A, HTR1A, BDNF, HCG9, KCNQ3 and DAT1 (159–168). However, these
candidate DNAm associations have not been consistently replicated, likely owing to differences
in methodology, the specific CpG dinucleotides interrograted, brain regions examined and
clinical populations from which the postmortem samples were collected (169–171). In order to
achieve more comprehensive and unbiased assessments of DNAm variation in major psychosis,
one of the earliest genome-wide analyses of psychosis used CpG-island micorarrays to analyze
postmortem frontal cortex tissue from schizophrenic, bipolar disorder and control subjects,
identifying psychosis-associated DNAm alterations in genes related to glutamatergic and
GABAergic neurotransmission, neuronal development and metabolism (172). These results were
further corroborated by a subsequent finding that DNMT1 and TET1, two genes encoding
enzymes that respectively methylate and hydroxymethylate CpGs, were overexpressed in the
brain of schizophrenic and bipolar disorder patients and that DNMT1 showed increased binding
to a subset of GABAergic (i.e. GAD1) and glutamatergic (i.e. BDNF) gene promoters in the
cerebral cortex but not the cerebellum (173). More recent genome-wide DNAm profiling using
commercial microarrays, namely Illumina 27K and 450K arrays, in prefrontal cortex,
dorsolateral prefrontal cortex, frontal cortex, cerebellum and hippocampus tissues have reported
widespread DNAm aberrations associated with schizophrenia at numerous genes involved in
neurodevelopmental processes and GABAergic neurotransmission, including a large number of
cis-mQTLs which overlapped with risk SNPs implicated in schizophrenia (81, 82, 174–179).
Taken together, these findings implicate DNAm alterations related to early neurodevelopmental
programs and neurotransmission regulation, along with genetic risk variants, as potential
contributors to schizophrenia and bipolar disorder pathophysiology.
In addition to schizophrenia and bipolar disorder, DNA modifications have also been
assessed in the context of major depressive disorder (MDD) and addiction disorders.
Specifically, high-throughput microarray profiling of ~3.5 million CpGs in postmortem frontal
cortex MDD samples identified 244 MDD-associated DMRs which were highly enriched for
neuronal growth and development genes (180). Hippocampal DNAm differences in male
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offspring were also observed in relation to maternal depression during pregnancy as well as
increased DNAm at specific loci (i.e. BDNF) in Wernicke area in relation to suicidal behavior,
signifying epigenetic associations with a broad range of depression-related behavioral
phenotypes (181, 182). More recently, DNAhm variation was assessed in postmortem prefrontal
cortex samples of depressed individuals, although no individual 5hmC site reached genome-wide
significance (183). In regards to addiction disorders, co-methylated modules enriched for genes
involved in neural development and transcriptional regulation were identified in prefrontal cortex
tissues of male alcohol dependent patients (184). In addition, cis-mQTLs underlying the
prodynorphin gene (PDYN) were associated with alcohol dependence status in dorsolateral
prefrontal cortex tissues (185). Overall, these studies provide compelling evidence for the
potential role of brain-specific DNA modifications in mediating the combined contribution of
genetic and environmental factors in neuropsychiatric disorders.
The identification of epigenetic biomarkers associated with psychiatric conditions
represents a prominent focus in neuropsychiatric disease research and has largely been explored
through methylomic profiling of various surrogate tissues, including BECs and peripheral blood.
In blood leukocytes, candidate gene analyses have examined DNAm associations to MDD in
various genes including BDNF, immune-related markers and GLUT1/4, while genome-wide
analyses in buccal samples of discordant monozygotic (MZ) twins revealed differential DNAm
associated with adolescent depression at a novel CpG underlying the STK23C gene, which
encodes a serine/threonine kinase of unknown function (186–188). In the context of
schizophrenia, genome-wide scans of blood DNAm identified 172 novel site-specific
associations between DNAm and schizophrenia, after adjustment for potential confounding
factors such as age, sex, ethnicity, smoking, batch and cell type heterogeneity; importantly, these
associations were subsequently validated in an independent replication cohort (189).
Furthermore, systematic integration of genetic and epigenetic variation in whole blood of
schizophrenic patients demonstrated the co-localization of allelic associations for schizophrenia
and differential DNAm, which was primarily enriched for immune-related loci (190). Finally,
blood-based EWAS analyses for chronic alcoholism reported decreased global DNAm levels in
peripheral lymphocytes, with gene-specific hypermethylation at vasopressin, DAT, HERP and
SNCA, in alcohol dependent patients over controls, although the majority of these analyses did
not account for potential blood cell-type proportion differences, thereby limiting the
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interpretability of the findings (191–195). Taken together, these results highlight the potential for
DNAm measures to serve as biomarkers of neuropsychiatric disease risk or progression.
1.4.3

DNAm variation in neurological malignancies
The characterization of epigenetic modifications, particularly DNAm alterations, in

cancer has helped advance our understanding of tumour biology as well as prompted the
development of prognostic biomarkers for various cancers. In general, tumours exhibit global
hypomethylation of their DNAm profiles, which has been associated with chromosomal
instability and increased tumour frequency, along with gene-specific hypermethylation, which
has been associated with transcriptional silencing of key tumour suppressor genes such as RB1,
PTEN and MLH1, amongst others (196–201). While there are observed exceptions to this
pattern, these findings of widespread epigenetic changes have contributed to the formulation of a
model which suggests that some genes are epigenetically disrupted at the earliest stages of
tumourigenesis, even before mutations, causing altered differentiation throughout tumour
evolution (202). More recently, this model has been refined to describe three types of genes
implicated in epigenetic dysregulation in cancer: 1) ‘epigenetic mediators’, which are disrupted
in function or expression early in tumour development, 2)‘epigenetic modifiers’, which are
responsive to changes in the cellular environment and often linked to nuclear architecture and
3)‘epigenetic modulators’, which are directly involved in the dysregulation of epigenetic
machinery in cancer (203). To date, considerable work has been made to examine DNAm
variation in various tumour types, including, pediatric and adult neurological cancers (204).
In the context of pediatric brain tumours, highly prevalent blocks of hypomethylation are
linked to increased transcription of various genes (ie RUNX2, OTX2) that are commonly misexpressed in certain subtypes of medulloblastoma, a malignant tumour type of the cerebellum
that primarily affects children (205). In another form of childhood brain cancer, neuroblastoma,
genome-wide DNAm analyses revealed the presence of distinct CpG methylation patterns that
associated with survival outcomes and other molecular features such as oncogenic MYCN
amplification as well as aberrant hypermethylation of known or candidate tumour suppressor
genes (ie TERT, CAMTA1, CHD5 and KIF1B) (206–208). The DNA methylome within a subset
of infant hindbrain tumours, known as ependymomas, displays aberrant hypermethylation at
CpG islands, specifically at loci encoding ESC targets regulated by the Polycomb repressor
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complex 2 (PRC2), suggesting that epigenomic changes could underlie the disruption of cell
state and differentiation processes associated with ependymoma development (209). Similar to
pediatric brain tumours, adult brain malignancies, particularly gliomas, also exhibit patterns of
global hypomethylation with site-specific hypermethylation, which largely occurs at promoter
CGIs (210). For example, low-grade gliomas often possess a hypermethylation signature at 1503
promoter CpGs, called the glioma-CpG island methylator phenotype (G-CIMP), which
disproportionately occurs in conjunction with mutations in the epigenetic modulator genes
IDH1/2 and has been correlated with improved clinical prognosis over non-G-CIMP tumours
(211, 212). In a high-grade form of adult glioma, known as glioblastoma multiforme (GBM),
widespread but variable loss of DNAm is observed, affecting up to 50% of CpG sites across the
genome, along with aberrant hypermethylation in various genes such as HOXA11, CD81,
PRKCDBP, TES, MEST, TNFRSF10A and FZD9 (213, 214). DNAm profiling in glioma cell
lines have largely corroborated findings of aberrant gene-specific hypermethylation, although in
certain instances, data from primary gliomas and subsequent xenograft models were not
consistent with in vitro culture results, thereby signifying potential differences in DNAm
measures from different tumour-derived sources (215–221). Finally, promoter DNAm-mediated
silencing of the DNA repair gene MGMT in gliomas, particularly GBM tumours, is linked to
favourable response to alkylating chemotherapy treatment and is widely accepted as an effective
predictive biomarker for glioma management (222–225). Beyond its potential as a prognostic
marker, DNAm-based signatures have also been applied to define specific glioma subtypes as
well as more broadly classify tumours of the central nervous system (226–228). Taken together,
these results underscore the potential for DNAm measures to contribute to the molecular
characterization of neurological malignancies as well as serve as predictive biomarkers for
neuro-oncological care.
1.4.4

DNAm profiles in neurodegenerative diseases
Studies of DNA modifications in human neurodegenerative disorders have become

increasingly prevalent due to their potential to provide insights in potential molecular
underpinnings of these degenerative brain disorders (229). Specifically, DNA modifications have
been assessed in the context of various neurodegenerative pathologies including Huntington’s
Disease (HD), Alzheimer’s disease and Parkinson’s Disease (PD).
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In the context of HD pathogenesis, aberrant DNAm has been implicated in HD-specific
transcriptional dysregulation as well as age-related HD degeneration (230). Specifically, early
work using MeDIP in postmortem putamen specimens reported increased DNAm and reduced
DNAhm levels in the 5’UTR of a candidate gene, ADORA2A, a gene which exhibits reduced
expression in HD patients over age-matched controls (231). DNAm profiling in mature sperm
cells revealed substantial intra- and inter-individual DNAm variation at tested sites in the
promoter of the causative huntingtin (HTT) gene locus (232). Another study performed in
peripheral blood samples reported a lack of association between HTT DNAm and age of disease
onset, although more recent analyses performed in various brain cortical regions demonstrated an
association between HD status and increased epigenetic age acceleration, a hypothesized
measure of biological aging (233, 234).
Apart from HD, DNAm alterations have also been implicated in Alzheimer’s disease
brain pathology with early immunoblotting analyses showing reductions in global DNAm and
DNAhm from entorhinal cortex, temporal neocortex and hippocampus of Alzheimer’s disease
patients over controls, although attempted replication of these findings have produced conflicting
results (235–240). Other candidate gene studies in Alzheimer’s disease postmortem brain tissues
reported significant disease-associated differential DNAm at various genes implicated in
Alzheimer’s pathogenesis including APP, GSK3B, MAPT, PP2AC, APOE, DNMT1, MTHFR,
PGC-1α and TREM2, amongst others (241–247). Genome-wide DNAm profiling in superior
temporal gyrus tissues using the Illumina 450K array found numerous differentially methylated
regions, the majority of which showed Alzheimer’s-related increases in DNAm over controls,
with notable overlap of hits to previous studies (248–250). Beyond brain-specific DNAm
analyses, work in peripheral blood leukocytes has reported Alzheimer’s-associated differential
DNAm at specific gene promoters, such as BDNF and OPRK1, although these findings have had
limited reproducibility and remain largely inconclusive (251–253).
In regards to PD, early candidate gene studies of DNAm in postmortem substantia nigra,
putamen and cortex samples revealed disease-related DNAm decreases at intronic CpGs of
SNCA and TNFα, key genes associated with PD risk, although these associations has not been
fully replicated or may be specific to distinct brain regions (254–257). Interestingly,
sequestration of nuclear DNMT1 by α-synuclein, encoded by SNCA, in brain samples from PD
and Lewy body dementia patients has been attributed to global loss of DNAm at numerous genes
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including SNCA itself, SEPW1 and PRKAR2A (258). On a genome-wide scale, DNAm profiling
in postmortem brain samples have identified DNAm changes associated with PD risk variants at
PARK16, GPNMB and STX1B genes, signifying possible combined contribution of genetic and
epigenetic variation on PD pathophysiology (259). Another DNAm study performed in putamen
and cortex showed decreased DNAm and concomitant increase in expression of CYP2E1 in PD
brain over controls (260). In addition, comparative analysis of DNAm profiles from matched
brain and blood samples of PD patients and healthy controls revealed widespread differential
DNAm at genes previously associated with PD pathology, including sites that exhibited high
blood-brain DNAm concordance, suggesting that these associations may serve as potential
blood-based PD biomarkers (261).
Finally, DNA methylomes of prefrontal cortex samples from different neurogenerative
disorders (i.e. Alzheimer’s disease, PD, and Dementia with Lewy bodies) showed that the similar
aberrant CpG methylation patterns across different disease entities targeted a defined gene set,
signifying that common epigenomic alterations may contribute to distinct neurodegenerative
states (262). Overall, these results provide compelling evidence for the role of DNA modification
variation in neurodegenerative diseases, particularly as it pertains to neuronal-specific pathology.
1.5

Various tissue sources to study DNAm variation in neurobiological diseases
Increasing interest in epigenomic profiling of neurobiological disease has dually

prompted the rapid rise of EWAS analyses in neuropathological disease cohorts as well as the
exploration of different tissue sources to examine disease-associated DNAm variation. In regards
to the latter trend, various tissue sources have been used in neurobiological EWASs including
target brain tissues, brain-derived cell culture models and peripheral surrogate tissues.
Importantly, each of these tissue sources offer unique opportunities and challenges in regards to
feasibility and other methodological constraints as well as the interpretation of identified
associations.
1.5.1

Target brain tissues
As neurobiological diseases primarily manifest in the brain, the use of human brain

samples is logically the most appropriate tissue source for DNAm studies of neuropathological
disorders. Importantly, the use of target brain tissues provides the unique opportunity to profile
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DNAm alterations which are more likely to be mechanistically implicated in disease risk or
pathogenesis over those measured in surrogate tissues. As a result, brain tissue is often regarded
as the “gold standard” for DNAm analyses in neurobiological diseases (8). Beyond imagingbased applications, it is currently not possible to perform in-depth molecular characterizations of
the brain epigenome in living subjects, therefore only postmortem brain samples have been used
to date for human DNAm studies (263). Despite recent advances in brain banking efforts, the
limited availability and applicability of postmortem brain tissues present a number of challenges
and key considerations for DNAm studies performed in human brain samples (264).
One of the major problems with epigenetic analyses in brain tissues is the relative
scarcity of suitable material and the lack of replication potential. The limited availability of wellcharacterized brain tissue collections restricts cohort sample sizes such that studies have low
power to detect or replicate efforts, especially if effect sizes of disease-related DNAm
associations are subtle (8). Specifically, it is challenging to obtain appropriate and adequate
control tissue samples that are matched to case samples for various demographic factors such as
age, sex, genetic ancestry and prior exposures including smoking, which represent potential
confounding variables in EWAS analyses (265). In particular, controls are often skewed towards
older individuals, which may lead to age-related confounds in identified DNAm associations if
not appropriately controlled for in the study design and analysis (8). Moreover, case
classifications are frequently poorly defined and the absence of disease symptoms or relevant comorbities are not always clinically confirmed (266). These methodological constraints highlight
the need for increased coordination, collaboration and consensus in the collection and
appropriate characterization of brain tissue samples for epigenetic studies.
Beyond sample size limitations, the nature of postmortem sampling has implications for
the interpretation of DNAm measures. As brain tissues are sampled after death, often after the
disease has occurred, DNAm in these tissues can only be measured retrospectively, with no
opportunity for longitudinal tracking of DNAm variation in pre-symptomatic stages or across
disease progression within an individual. Such retrospective postmortem sampling precludes the
possibility of making causal inferences from identified DNAm associations as the establishment
of causal connections generally require prospective, often longitudinal, analyses (8). Moreover,
DNAm patterns detected in postmortem tissues may represent variation that arises as a
consequence of the disease and may be confounded with other biological signals such as cause of
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death, tissue pH, agonal state or postmortem interval (267–270). Careful consideration of these
pre- and postmortem factors during sampling, storage and analysis may help to discern diseaserelated DNAm patterns from unrelated technical variation.
1.5.2

Brain-derived cell culture models
Brain-derived cell culture systems have been extensively used in neuroscience research

as tools to study brain disease pathogenesis, often through the direct manipulation of molecular
targets and pathways, as well as a platform for drug screening (271). These models can comprise
of 2-dimensional primary cultures with mixed cell lineages isolated from healthy or diseased
brain resections at different developmental stages or immortalized cell lines of neuronal,
microglial, astrocytic and oligodendrocytic cell types (272, 273). Alternatively, 3-dimensional
neural cultures can be established by proliferating neural stem cells (NSCs) and neural
progenitor cells (NPCs) in non-adherent, serum-free growth medium, stimulating the formation
of clonal spheres, known as neurospheres (274). Neurosphere formation have been widely used
as an in vitro culture system to study neurogenesis and neural development (275–277). The
neurosphere assay has also been used to isolate and expand stem-like cell populations from
resected brain tumours, particularly gliomas, known as brain tumour-initiating cells (BTICs)
(278, 279). As BTICs are hypothesized to drive tumour formation and treatment resistance, while
preserving the molecular and phenotypic properties of the parental tumour, the BTIC culture
system represents a valuable model for in vitro examination of tumour biology (280–282). An
advanced application of 3D culture techniques has generated cerebral organoids, or ‘mini-brains’
which recapitulate the organization and cell-specific epigenomic profiles of the developing
human brain and are rapidly becoming an essential tool for human neurobiological disease
modeling (283–285).
Although cell culture models are useful tools for in-depth molecular characterization and
manipulation of disease-relevant pathways, these in vitro systems also present a number of
obstacles, particularly in regards to DNAm analyses. Firstly, cell culture-induced artifacts can
contribute to technical noise in DNAm measures. A previous study which examined RRBS data
from a diverse collection of 82 human cell lines and tissues, including matched primary cell lines
and tissues, reported cell culture-induced DNAm differences occurring predominately in
intragenic CpGs of genes involved in cell proliferation (286). A secondary challenge of in vitro
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models is that they are generally unable to recapitulate the complex interactions between various
cell types and the local microenvironment, which may, directly or indirectly, contribute to
disease pathogenesis (287). For example, glial cells play a key role in neuronal development and
function, relying on cellular interactions that likely cannot be mimicked in vitro (288, 289).
These results underscore the need to verify in vitro findings in in vivo systems as well as
standardize cell culture practices to minimize technical variation.
1.5.3

Accessible peripheral tissues
In addition to understanding human DNAm variation in target brain tissues, there is

increasing interest in studying neuroepigenetic alterations in peripheral tissues as they relate to
brain-derived measures or phenotypes. This has been largely motivated by the fact that
postmortem human brain tissues are relatively scarce, particularly in pediatric cohorts, in
comparison to more readily accessible tissues that may be used as surrogates, such as blood,
saliva, or buccal swabs. The increased availability of these surrogate tissues often allows for
large sample sizes and greater replication potential. Furthermore, peripheral tissues can be used
for longitudinal tracking of DNAm changes associated with phenotypes of interest across time or
treatment interventions. As such, readily accessible peripheral tissues have become increasingly
attractive for the exploration of epigenetic biomarkers, which may aid in early disease detection
and monitoring (290).
A key pre-requisite in the use of surrogate tissues for epigenetic biomarker discovery of
brain-related phenotypes is that epigenetic patterns from peripheral tissues should reflect those in
the brain. Recent studies have sought to address this by exploring DNAm concordance between
matched human blood and brain tissues, reporting mixed patterns in which some DNAm sites are
highly concordant between tissues while others are discordant (59, 81, 291, 292). These results
have shown that variable CpGs are more likely positively correlated in DNAm signal between
blood and brain, although such concordance between tissues is likely enriched for geneticallymediated DNAm (59, 81, 291, 292). Importantly, various publically available resources have
been created to provide DNAm profiles of matched blood and brain tissues at individual CpGs
and allow researchers to discern if DNAm patterns observed in blood are similar in brain (81,
292). This approach has been demonstrated in previous studies of psychosis in discordant
monozygotic twins to show that blood-based DNAm findings could be replicated in postmortem
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brain tissues (293, 294). However, other studies comparing DNAm signal between matched
blood and other surrogate tissues, such as saliva or buccal epithelial cells (BECs), have argued
that alternate peripheral tissues which share common ontogenetic properties with brain may
serve as more appropriate surrogates than blood; for example, it is proposed that DNAm profiles
from BECs may be more suitable proxies for brain DNAm as they both arise from the
ectodermal germ layer (68, 148, 295). Additional cross-tissue comparisons of DNAm variation
may further contribute to the evaluation of surrogate tissues and promote epigenetic biomarker
discovery in the context of human neurobiological phenotypes.
1.6

Dissertation overview
The overarching goal of this thesis was to implement and assess various tissue-specific

approaches to investigate DNAm variation across different types of neurobiological disease
states including neurodegenerative, neuropsychiatric and neurological pathologies. The
experimental data will be presented through four separate chapters, as outlined in Section 1.1.
Specifically, I performed four separate studies to characterize disease-associated DNAm from a)
postmortem brain samples, b) primary brain-derived cell culture models and c) accessible
peripheral tissues. In Chapter 2, I examine DNAm patterns related to Huntington’s disease
pathogenesis and tissue-specific Huntingtin gene expression in postmortem human cortex
samples. In Chapter 3, I compare DNAm profiles from GBM tumours and matched primary cell
cultures enriched for BTIC populations, identifying a homeobox-enriched signature of
differential DNAm between the paired samples. Beyond brain-specific DNAm patterns, in
Chapter 4, I also explore the use of a disease-relevant blood cell type, CD3+ T-lymphocytes, to
identify DNAm changes related to alcohol dependence in patients undergoing a clinical
intervention. For Chapter 5, I investigate DNAm variability and the influence of genetic
variation on DNAm in peripheral blood and buccal epithelial cells from two pediatric cohorts,
highlighting a number of potential considerations and practical implications for the appropriate
design and interpretation of early-life EWAS analyses in these tissues. Finally, in Chapter 6, I
draw on the main findings from each data chapter to provide an integrated discussion of
limitations and future considerations for DNAm studies of neurobiological disease states.

23

Chapter 2: DNA methylation profiling in human Huntington’s disease brain
2.1

Background and rationale
Huntington’s disease (HD) is a progressive adult-onset neurological disorder with an

estimated worldwide prevalence of at least 2.71 per 100 000 individuals (296). Clinically, HD is
defined by characteristic motor disturbances, most notably chorea, which typically begins to
present when the individual is of 30 to early 40 years of age (297). Motor and cognitive deficits
generally progress in a predictable manner until the decline of the individual 20 years after the
age of onset (298). Genetically, HD is linked to a single causative mutation, a polyglutaminecoding CAG repeat expansion in the first exon of the huntingtin (HTT) gene (299). Wild-type
alleles of HTT carry a CAG repeat length of 17–20 repeats, whereas repeat lengths of >35 are
considered pathogenic (300). However, repeat lengths between 35 and 39 are considered
intermediate alleles, as they do not display almost complete penetrance seen with lengths >40
(301). Importantly, the CAG repeat length has been inversely correlated to the age of onset, in
which individuals with longer CAG repeats typically have younger ages of onset than those with
shorter repeat lengths (302, 303). Although this inverse correlation with the CAG repeat length
accounts for 60– 70% of the variability in the age of onset seen in HD patients, the remaining
30% of the age of onset variability is thought to be attributed to genetic, epigenetic and/or
environmental variation (304, 305). For example, a single-nucleotide polymorphism (SNP) in a
nuclear factor kappa-light-chain-enhancer of activated B cells (NF-κB)-binding site within the
HTT promoter has been recently shown to alter the transcriptional activity of the HTT promoter
and to affect the age of onset in HD, increasing or decreasing the age of onset depending on its
presence on the wild-type or mutant HTT allele, respectively (306). Such findings illustrate the
role of gene dosage, specifically the ratio of wild-type to mutant HTT, in HD pathogenesis as
well as highlight the importance of elucidating additional HD disease modifiers that may affect
HTT gene expression.
Gene expression patterns of HTT, particularly in relation to HD pathogenesis, have been
widely studied, although its transcriptional regulation remains poorly understood (307–309).
Despite being associated with a primarily neurological disorder, HTT itself is a ubiquitously
expressed gene, with highest expression found in brain and testes tissues (307–309). In addition,
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it has been suggested that HTT gene expression is subject to inter-individual variation, as a study
of wild-type, inbred, male mice found considerable inter-individual variability of mouse HTT
(Hdh) expression in forebrain (309). Aside from its wild-type expression patterns, mutant HTT
has been associated with transcriptional dysregulation, particularly in brain tissues, and has been
found to aberrantly interact with various transcription factors (310–314). Collectively, these
results highlight the importance of understanding the molecular mechanisms that underlie HTTassociated transcriptional gene regulation. Given that HTT-related expression patterns exhibit
both tissue-specific and inter-individual variation, it has been suggested that epigenetic
modifications may play an important role, particularly in the context of HD neuropathology
(230).
Epigenetics refers to mitotically heritable modifications to DNA and DNA packaging that
alters the accessibility of DNA and potentially regulates gene transcription without changing the
underlying DNA sequence (13). DNA methylation is arguably the most studied epigenetic mark
and involves the covalent attachment of a methyl group onto the 5ʹ carbon of cytosine, typically
at CpG dinucleotides (26, 29, 315). CpG sites are nonrandomly distributed across the human
genome and tend to be enriched in regions known as CpG islands (26, 29). The relationship
between DNA methylation and gene expression, which is now recognized to be more complex
than originally thought, is often dependent on genomic context (26, 38). For example, DNA
methylation at gene promoters is generally associated with gene expression silencing; however,
its role within gene bodies may be more variable, including splicing-related regulation at introns
(26). Importantly, tissue-specific expression patterns are largely associated with tissue-specific
DNA methylation (43, 316). Indeed, it has been shown that the main drivers of DNA methylation
variance are tissue identity followed by cellular heterogeneity within a tissue (59). Moreover,
DNA methylation patterns are subject to inter-individual variability in a manner that is tissuespecific (317). Taken together, we hypothesize that DNA methylation serves as an integral
feature of HTT transcriptional regulatory circuitry and may play a critical role in establishing
individual-specific and tissue-specific patterns of HTT gene expression.
In the context of HD pathogenesis, aberrant DNA methylation has been proposed to
potentially contribute to transcriptional dysregulation observed in HD brain tissues (230).
Indeed, a genome-wide study using cell lines derived from transgenic HD mouse striatal neurons
found several transcriptionally dysregulated genes to have aberrant DNA methylation (318). An
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additional study conducted in human brain samples, specifically the striatum, identified altered
DNA methylation patterns in the adenosine A (2A) receptor (ADORA2A), a gene that shows
reduced expression in HD patients (231). Although these studies draw a potential link between
DNA methylation and HD-related transcriptional dysregulation, they did not account for celltype heterogeneity in the DNA methylation profiles across tissue specimens nor did they address
how the HD mutation may impact local DNA methylation patterns at the HTT locus itself.
Related to the latter point, a previous report did describe intra- and inter-individual DNA
methylation variation in the HTT locus in sperm cells, although the functional consequences and
maintenance of this differential DNA methylation after fertilization have yet to be explored
(232). Another study that focused on the HTT locus reported a lack of association between HTT
DNA methylation and age of disease onset, although their analyses were performed in human
peripheral blood samples as opposed to HD brain tissues (233). Overall, studies of diseaserelated alterations in genome-wide DNA methylation profiles of human HD brain tissues as well
as local DNA methylation variation at the HTT gene locus across somatic tissues represent
unaddressed areas of inquiry that may further advance our understanding of HTT transcriptional
regulation in HD pathology.
In this study, we sought to better understand the role of DNA methylation both in human
HD pathogenesis and in the transcriptional regulation of the HTT locus. Specifically, we aimed
to address two main research questions: (i) Are there genome- wide DNA methylation changes
that arise due to HD-related pathogenesis in human brain tissues? (ii) Are there DNA
methylation differences at the HTT gene locus which contribute to tissue-specific HTT gene
expression patterns? Here we present a systematic assessment of HD-associated DNA
methylation alterations in human cortex samples. While the primary brain structures affected by
the HD mutation are the caudate and putamen (collectively known as the striatum), secondary
pathogenesis occurs in additional structures, including the cortex, as the disease progresses (319,
320). Owing to the advanced pathogenic stage of the majority of the HD individuals in our
cohort, it is likely that the remaining striatal tissues would be significantly altered in cell-type
heterogeneity and the amount of discernable striatum tissue remaining compared with control
individuals, prompting us to select cortex as our primary brain tissue for this study. While we
found limited evidence of HD-associated DNA methylation changes in human cortex tissues
after adjustment for cell-type heterogeneity, we observed a general association between DNA
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methylation and age of disease onset in HD cortex samples. We also sought to characterize how
DNA methylation variation may contribute to tissue-specific transcriptional regulation at the
HTT gene locus. Notably, we identified site-specific differential DNA methylation between
matched cortex and liver samples that spanned the HTT gene region, particularly underlying a
newly discovered CTCF-binding site within the HTT proximal promoter. Collectively, our
results suggest that DNA methylation may be associated with the age of disease onset in cortex
samples, although we were unable to detect HD-associated DNA methylation at probed sites.
Moreover, our data suggest that DNA methylation may, in part, contribute to tissue-specific HTT
transcription through differential CTCF binding.
2.2
2.2.1

Materials and Methods
Human samples

Human samples were taken from the UBC HD Biobank in accordance with institutional ethics
policies. HD individuals in cohort were selected based on the availability of cortex and liver
tissues, availability of a control individual matched for age and no known concomitant
conditions. These samples were frozen at the time of their collection and stored at −80°C for
long-term storage. The human samples used, age, sex, CAG size on both HTT alleles (calculated
using methods in (321)) and PMI are given in Table 2.1. DNA methylation age for these samples
was calculated using a well-established online epigenetic age prediction software (322).
2.2.2

Mouse samples
Mouse cortex samples were isolated from FVB, littermate, male mice at 3 months of age

in accordance with institutional ethics policies. Tissues were then flash frozen following
dissection and stored at -80°C until processed for RNA.
2.2.3

DNA isolation and DNA methylation arrays
Genomic DNA was isolated using the DNeasy Blood & Tissue kit (Qiagen) as per

manufacturer’s instructions. DNA was then purified and concentrated using the DNA Clean &
Concentrator kit (Zymo Research). Sample yield and purity was measured after each step using a
Nanodrop ND-1000 (Thermo Scientific). 750 ng of DNA was used for bisulfite conversion using
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the Zymo Research EZ DNA Methylation Kit (Zymo Research). Following bisulfite conversion,
samples were randomized and 160 ng of bisulfite-converted DNA was applied to the Illumina
Infinium HumanMethylation450K Beadchip array, as per manufacturer’s protocols (Illumina)
(129).
2.2.4

450K data quality control and normalization
Raw intensity values from the arrays were imported into Illumina GenomeStudio

V2011.1 software and subjected to initial quality control checks for array staining, extension and
bisulfite conversion followed by color correction and background adjustment using control
probes contained on the 450K array. Subsequent processing and analysis were performed in R
(Version 3.0.1)(323). Probe filtering was performed in which 11 648 probes on the sex
chromosomes and 65 probes targeting SNPs were removed from the dataset. Additionally,
probes with detection P-values >0.01, probes with missing beta values and probes for which less
than three beads contributed to the signal in any sample were eliminated (a total of 6144). Recent
re-annotation of the Illumina 450K array was used to filter 30 685 probes that are known to be
polymorphic at the target CpG (20 150), or probes which have nonspecific in silico binding to
the sex chromosomes (10 535)(324). Together, these measures eliminated 48 542 probes, leaving
a total of 437 035 probes for further analysis. Following data subsetting to produce a cortex-only
dataset and a matched tissue (cortex and liver) dataset, quantile normalization was conducted
using the lumi R package, after which subset-within-array normalization (SWAN) was used to
correct for probe-type differences (325, 326). ComBat was then used to remove chip-to-chip
effects that were detected in the cortex-only dataset, which was run across two chips (327). The
450K data has been made publicly available (GEO GSE79064).
2.2.5

Principal component analysis and neuron/glial cell-type correction
PCA is a data-reduction method that can be used to decompose the measured methylation

signals into a set of linearly independent principal component (PC) patterns that are ranked
according to how much variance in the data they represent. The top-ranked PCs in methylation
data can often be correlated with known traits in the cohort, such as tissue type, cellular
composition, or disease state (328). To investigate the effect of cell type, particularly in our
cortex-only dataset, we utilized the CETS algorithm which estimates neuron versus glia
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proportions in brain tissue samples using methylation profiles of 10 000 brain cell-type-specific
Illumina 450K probes (note: these probes were subsequently filtered out of the datasets resulting
in a final count of 427 242 probes for differential methylation analysis) (69). Subsequent PCA of
our cortex-only dataset revealed that the top-ranking PC (accounting for 35.6% of variance in the
methylation profiles) was significantly associated with neuron/glial cell-type proportions. To
account for changes in DNA methylation due to differences in inter-individual brain cell-type
composition in the cortex samples, the methylation values for each of the probes were regressed
on the estimated cell-type (i.e. neuron) proportions for each sample, as previously described
(329). The residuals of each regression model were applied to the mean value of each data series
to obtain the ‘corrected’ methylation data. PCA was subsequently used to check that the
correlation of the cell-type proportions were minimal (i.e. correlated to PC12 accounting for a
negligible 0.00043% of the variance) in the cortex-only dataset. PCA was additionally used to
check for correlation of other known meta-variables (i.e. sex, age of death, age of HD onset,
disease status, PMI, chip) with the underlying methylation patterns of the cortex-only and
matched datasets, respectively. Note that for all PCA analyses, the top-ranking PC (denoted as
PC0) was negated as it is not informative of inter-individual variance in the DNA methylation
data (38).
2.2.6

Differential methylation analyses of 450K data
The ‘Bumphunting’ method was implemented for the detection of DMRs in HD cases

versus controls (330). Differentially methylated probes were identified using the R limma
package’s moderated t-statistics with empirical Bayesian variance estimation in the genome-wide
analyses (331). In the candidate gene region (HTT; chr4: 2973107-3258169) analyses, individual
linear models were fit for each of the 87 probes underlying the region. Specifically, in the cortexonly dataset, a linear model was fit for each probe’s methylation measures with HD status as the
main effect. To reduce the burden of multiple test correction for analyses in our limited sample
number of HD cortex tissues, a pre-filtering step was applied to remove invariable probes with
an inter-quantile range (from 10th to 90th percentile) < 0.05. This left 83 939 variable probes in
which individual linear models were fit to test the association between the age of onset (adjusted
for sex) and DNA methylation in HD cortex tissues. In the matched dataset, differentially
methylated probes between cortex versus liver samples were identified using paired analysis for
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individual linear models that were fit for each of the 87 probes underlying the region. For all
tests, the resulting P-values were adjusted using the Benjamini–Hochberg false discovery rate
(FDR) method (332). A power calculation was conducted using an established method designed
to perform sample size estimations for microarray data while controlling for false discovery rate
(333). All statistical analyses were performed on transformed M-values (334).
2.2.7

Pyrosequencing validation
PyroMark Assay Design 2.0 (Qiagen) software was used to design the bisulfite

pyrosequencing assays (primers are listed in Supplementary Table 2.2). HotstarTaq DNA
polymerase kit (Qiagen) was used to amplify the target region using the biotinylated primer set
with the following PCR conditions: 15 min at 95°C, 45 cycles of 95°C for 30s, 58°C for 30s, and
72°C for 30s and a 5 min 72°C extension step. The amplicon was then electrophoresed on an
agarose gel for confirmation of both the presence and quality of the product. Streptavidin-coated
Sepharose beads were bound to the biotinylated-strand of the PCR product and then washed and
denatured to yield single-stranded DNA. Sequencing primers were introduced to allow for
pyrosequencing (PyromarkTM Q96 MD pyrosequencer, Qiagen). Pyro Q-CpG software
(Qiagen) was used to generate quantitative methylation levels of the targeted CpG dinucleotides
of interest. Primers used for all pyrosequencing assays are listed in Supplementary Table 2.2.
2.2.8

Quantitative real time PCR (RT-qPCR)
Mouse, human and HEK293 cell line samples were processed for RNA extraction using

the protocol detailed in the PureLink® RNA mini kit (Invitrogen) with the following
modifications: (i) tissue homogenization was achieved using a Fastprep Homogenizer (Thermo
Scientific), (ii) homogenization of HEK293 cells was achieved using a 22 gauge needle and
syringe, (3) to increase RNA yield and purity, DNase was used to degrade any residual genomic
DNA in the prep column using the PureLink® DNase set (Invitrogen). For human and mouse
individuals, three samples of each tissue type were processed and analyzed to ensure the RTqPCR results reflected gene expression across the tissue. The concentration and purity of RNA
was assessed using a Nanodrop spectrometer (Thermo Scientific). Reverse transcription was
performed using the SuperScript® VILOTM cDNA synthesis kit (Invitrogen). Quantitative
analysis of mRNA expression was performed using Fast SYBR®Green master mix according to
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the manufacturer’s instructions (Applied Biosystems). Amplification of cDNA was performed
using the StepOne Plus real-time PCR system (Applied Biosystems). Primers used are provided
in Supplementary Table 2.1. Quantification of mRNA levels was calculated using the standard
curve method with 10-fold serial dilutions comprising a portion of each sample used in the study.
Normalization of the quantified mRNA levels was accomplished using a normalization factor
generated by the GeNorm program provided in the qBase software package (Biogazelle). The
normalization factor was generated on a per sample basis, using amplification of a series of
control genes in separate wells.
2.2.9

Identification of CTCF binding site using available ChIP-seq datasets
Using available ChIP-seq datasets for CTCF from ENCODE and PAZAR and the

transcription factor (TF) binding profile for CTCF from JASPAR, the proximal promoter region
of HTT, chr4: 3074800–3078250, was screened for CTCF-binding sites (335–337). The CTCF
TFBSs were retrieved from the MANTA database (338). Precisely, the JASPAR CTCF TFbinding profile (retrieved as a position frequency matrix) was transformed into a position weight
matrix (PWM) using the jaspar Bio-Python module and the DNA sequence was scanned on both
strands with the PWM; sites harboring a PWM score above a 85% relative threshold were
predicted as transcription factor binding sites (TFBSs) (337, 339).
2.2.10 ChIP-qPCR of CTCF binding site
ChIP assays were carried out as previously described (340). Briefly, ChIP assays were
performed on cortex and liver tissues from two individuals from the matched dataset or from 4
male mice containing the HTT transgene, YAC18 mice, employing a specific mouse monoclonal
antibody recognizing CTCF (Abcam Cat# ab70303) and using the EpiQuik Tissue Chromatin
Immunoprecipitation Kit (Epigentek), including mouse IgG as a nonspecific control (341). The
precipitated DNA was analyzed by quantitative real-time PCR using oligonucleotides
recognizing a CTCF binding site located within the HTT promoter region: 5ʹ-CTGAGGACCC
CAAGTGTGAC-3ʹ and 5ʹ-CAGGTCGGGACTCATTCCT-3ʹ. ChIP quantitative real-time PCR
data were analyzed by the Percent Input Method. Mouse samples were further normalized by
IgG to control for differences across tissues.
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2.2.11 HEK293 stable cell line generation
The HTT promoter-luciferase construct was generated and described in detail in a
previous study (306). Briefly, the construct carries a portion of the HTT promoter 3.7 kb
upstream of the translational start site. The sequence for this HTT promoter was isolated from an
HD patient and represents haplotype A, the most common on the HD allele (342). To prepare the
HTT promoter-luciferase construct for use with the FLP-In System (Invitrogen), the construct
was digested using the restrictions enzymes SalI and EcoRV-HF (a blunt restriction enzyme)
(NEB). SalI and another blunt restriction enzyme, AfeI, were used to digest the pcDNA5/FRT
construct from the FLP-In System in order to excise the FLP recombinase docking site (FRT
site) and the ATG-less Hygromycin resistance gene. This portion of the pcDNA5/FRT construct
was then ligated into the HTT promoter-luciferase construct using T4 DNA ligase (NEB) to
generate the HTT promoter-luciferase FRT construct. HEK293 cells with a single genomically
integrated FRT docking site were purchased from Invitrogen, Flp-InTM-293 cell line. Following
the FLP-In System protocol, the HTT promoter luciferase FRT construct was dual transfected
with the pOG44 construct from the FLP-In System, which expresses a modified FLP
recombinase gene, into the Flp- InTM-293 cell line. Transfection was conducted using the
TransIT® LT1 reagent (Mirus). The clonal selection of successful intergrants was performed
using hygromycin antibiotic (Invitrogen) selection. The lack of β-galatosidase expression was
used to further confirm successful integration.
2.2.12 siRNA-mediated knockdown
Three siRNA constructs for CTCF, a siRNA against HPRT and a scramble siRNA were
obtained from Origene (Catalogue numbers: SR307273, SR30003, SR30004). The TransITTKO® transfection re- agent (Mirus) was used to transfect each siRNA into the HEK293 stably
expressing cells detailed above. In the case of CTCF, a cocktail of equal amounts all three
siRNA variants was used. 48 h after transfection, cells were collected and processed for RTqPCR as detailed above. Successful transfection of siRNA was assessed using HPRT knockdown
and the HRPT siRNA (data not shown).
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2.3
2.3.1

Results
Selection of human tissue samples
To assess the association of DNA methylation on HD pathogenesis and its potential role

in HTT transcriptional regulation, we utilized a cohort of age-matched HD and control
individuals from the HD BioBank at the University of British Columbia. Details of this cohort
are provided in Table 2.1. The analysis of DNA derived from this cohort generated an initial
450K DNA methylation sample set, which was subsequently parsed into two distinct datasets for
downstream analyses (Supplementary Figure 2.1). The first dataset was used to investigate
differential DNA methylation patterns in the forebrain cortex between HD cases versus controls
in the form of an epigenome-wide association study (EWAS) (herein referred to as the cortexonly dataset; detailed in Table 2.1). The cortex-only dataset consisted of six control and seven
HD samples, the latter of which had an average mutant HTT CAG repeat length of 46 and an
average age of disease onset of 45 years. The second dataset, composed of matched cortex and
liver samples from a subset of individuals in our cohort, was used to identify potential tissuespecific differentially methylated sites within the HTT gene locus (herein referred to as the
matched dataset; detailed in Table 2.1). The matched dataset comprises matched cortex and liver
tissues from five individuals, four of which carried the HD mutant expansion and one healthy
individual with a normal HTT CAG repeat length. All samples were analyzed on the Illumina
HumanMethylation450K Beadchip array and resulting readouts were processed and normalized
to yield two distinct datasets comprising 430 000 probes genome-wide.
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Sample
ID

CAG size
(HD first if
applicable)

Sex

Age

Individuals utilized on Illumina 450K array
COB 05
19/20
M
75
COB
17/20
M
74
20/30
COB
18/23
F
77
22/25
COB 51
17/23
M
54
COB 59
17/19
M
21
COB 125
15/17
M
74
HDB 119
41/17
M
74
HDB 159
42/21
M
69
HDB 162
42/15
F
69
HDB 165
42/31
F
71
HDB 166
43/17
F
72
HDB 167
50/23
M
52
HDB 176
62/19
M
29
Mean
Control = 6 M = 9 62.4
HD = 7
F=4
Validation individuals
HDB 156
51
M
26
HDB 175
53
M
39
HDB 178
44
M
68
Mean
49.3
M = 3 44.3

Age of onset

Age of onset
relative to CAG
sizea

Symptomatic
HD years

PMI
(hr)

Used in
450K
methylation
array

NA
NA

NA
NA

NA
NA

10.8
6.25

Y
Y

NA

NA

NA

12

Y

NA
NA
NA
62
54
46
37
61
35
23
45.4

NA
NA
NA
Late
Mean
Early
Early
Late
Late
Mean

NA
NA
NA
12
15
23
34
11
17
6
16.9

12.5
8.5
2
3
7
7
15
8
15
3.5
8.5

Y
Y
Y
Y
Y
Y
Y
Y
Y
Y

Pre-symptomatic
24
47
35.5

Pre-symptomatic
Mean
Mean

Pre-symptomatic
15
21
18.0

48
3.5
14
21.8

Used in
HTT
expression
RT-PCR

Used in
pyrosequencing

Y

Y

Y
Y
Y

Y
Y
Y

Y
Y
Y

Table 2.1 Human cohort sample characteristics
a

Calculated as described in (306). In short, an age of onset ratios [observed age of onset/expected age of onset based on CAG size as described in (303)] were
calculated for each individual within the UBC HD biobank. All of the individuals were then categorized into percentiles based on their age of onset ratios; mean
(40-60th percentile), early (15-40th percentile), late (60-85th percentile).

34

2.3.2

Normalization of neuronal cell-type proportion differences between HD and control

cortex methylation profiles
To investigate HD-associated changes in the DNA methylation profiles, we focused
exclusively on the cortex samples. Given that cell-type heterogeneity is the second largest
contributor to DNA methylation variance after tissue type, we corrected for the inter-individual
differences in neuronal versus non-neuronal cell proportions in the cortex methylation profiles
(59). While this approach is generally recommended when assessing DNA methylation in brain
samples, it might be particularly relevant for HD epigenetic research since neuronal degradation
and gliosis are well-described neuropathological features of the disease that increase in severity
and spread to brain structures outside of the striatum as the disease progresses (343). Given that
the average length of time between the age of onset and the age of death of the HD individuals in
our cohort is 16.9 years, and that HD progression from initial diagnosis of symptoms to patient
death is 20 years, it is likely that neuronal degeneration and gliosis are present in the majority of
the cortex samples of our HD individuals (298). To ascertain such proportional differences in
neuronal versus glial cell types in the cortex samples, we implemented the cell epigenotypespecific (CETS) algorithm, which estimates the ratio of neuronal versus glial cell-type
proportions based on underlying DNA methylation profiles of reference probes (69). As
suspected, we observed a trend towards a decrease in neuronal proportions (and by converse, an
increase in glial proportions) in the HD cortex samples compared with controls, although this did
not reach statistical significance (Figure 2.1A). To determine whether cell-type heterogeneity
influenced DNA methylation patterns in the cortex samples, principal component analysis (PCA)
was performed on our cortex-only 450K dataset (Figure 2.1B). PC1 was significantly correlated
to neuronal cell proportion (P < 0.001), and accounted for a substantial 35.6% of variance in the
cortex-only DNA methylation dataset. In order to normalize neuronal proportion differences in
the cortex DNA methylation profiles, a published strategy was used to regress these cell-type
differences out of the DNA methylation data (Figure 2.1C) (329). Confirming the efficiency of
the CETS-based adjustment, PCA following cell-type correction indicated that neuronal
proportions correlated only to PC12 and accounted for a negligible 0.00043% of the variance in
the corrected cortex-only dataset (Figure 2.1D). This adjusted cortex-only dataset thus
represented cortex DNA methylation profiles whose inter-individual cell-type differences have
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been normalized to the best of our abilities, allowing the use of this corrected dataset for all
further analyses.

Figure 2.1 Correction for neuronal proportion differences between HD and control cortex methylation
profiles.
(A) Estimations of neuronal cell proportions based on underlying reference methylation profiles of the uncorrected
cortex-only 450K dataset using the CETS algorithm. A non-significant trend towards decreased neuronal cell
proportions in HD cases compared with controls is observed (Mann–Whitney U test, ns). (B) PCA of the
uncorrected cortex-only 450K dataset shows the correlation of known phenotypic and technical variables to PCs
(bottom heatmap), each representing an incremental proportion of the variance in the methylation data (top scree
plot). Neuronal cell proportions significantly correlate with PC1 representing 35.6% of the methylation variance in
the uncorrected cortex-only dataset. (C) Estimations of neuronal cell proportions in the corrected cortex-only
methylation dataset show that differences in brain cell composition between HD cases and controls have been
normalized (Mann–Whitney U test, ns). (D) PCA of the corrected cortex-only 450K dataset shows the correlation of
known phenotypic and technical variables to PCs (bottom heatmap), each representing an incremental proportion of
the variance in the methylation data (top scree plot). Neuronal cell proportions significantly correlated with PC12
representing a negligible 0.00043% of the methylation variance in the corrected cortex-only dataset.
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2.3.3

Assessment of HD-associated differential DNAm in cortex tissue
Using the cell-type corrected cortex methylation profiles, we next assessed HD-

associated genome-wide DNA methylation changes in the cortex-only dataset. Specifically, we
implemented a local regression smoothing method called ‘Bumphunting’ to detect differentially
methylated regions (DMRs) between HD and control cortex samples (330). This method did not
identify any significant HD-associated DMRs in the cortex samples. Consistent with these
results, linear modeling of all 427 242 probes in the cortex-only dataset did not detect any
significant differentially methylated sites after multiple test correction (FDR < 0.05). This was
supported by the uniform P-value distribution of the linear regression analyses (Supplementary
Figure 2.2A). Moreover, unsupervised hierarchical clustering of global DNA methylation
profiles failed to differentiate groupings between the HD and cortex samples (Supplementary
Figure 2.2B). This was further corroborated by the lack of correlation between disease status and
any of the PCs underlying the DNA methylation patterns in our cortex-only dataset (Figure
2.1D).
In addition to assessing the relationship between HD and global DNA methylation
patterns in the cortex, we also explored the association of DNA methylation variation on the age
of disease onset. Interestingly, when we examined the cortex DNA methylation profiles of the
HD individuals only, the age of disease onset correlated with PC4, representing 14.5% of the
DNA methylation variation in HD cortex samples, although the correlation was only nominally
significant (Spearman’s rank correlation, P = 0.048) (Supplementary Figure 2.3A). Moreover, we
noted a leftward skewed P-value distribution for the effect of age of onset on DNA methylation
in the HD cortex samples, signifying an enrichment of low P-values beyond the expectation by
chance (Supplementary Figure 2.3B). Perhaps not surprisingly given the low sample numbers,
probe-wise linear modeling on pre-filtered variable probes failed to identify differentially
methylated sites associated with the age of onset (adjusted for sex) after multiple test correction
(FDR < 0.05). This suggested that although DNA methylation in HD cortex samples was likely
associated with the age of disease onset, we were underpowered to identify site-specific changes
due to our low sample size of HD brain tissues. Related to the age of onset variation, we also
considered the impact of DNA methylation age, a biological age prediction derived from a subset
of DNA methylation sites, in our cortex samples, as this age estimate has been recently
associated with age-related diseases and mortality (322, 344, 345). We used a well-described
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DNA methylation age predictor on our cortex methylation profiles and found that there were no
significant differences in DNA methylation age between the HD and control samples
(Supplementary Figure 2.3C) (322).
Finally, we specifically queried the HTT gene region for HD-associated differential
methylation. Given that many transcriptional regulatory regions, such as enhancers, are known to
reside outside of the proximal promoter where DNA methylation levels tend to be more dynamic
and subject to variation, we expanded our search beyond the proximal promoter of HTT in order
to assess potential epigenetic variation in the local chromosomal environment of the HTT gene
(52). We focused on the genomic region encompassing the first exon of the gene preceding HTT
(GRK4) through to the gene following HTT (MANSTD1) as being representative of the local
genomic context of the HTT gene locus, chr4: 2973107–3258169. This region comprises 87 sites
covered by 450K probes in the cortex-only dataset. When tested individually, none of the 87
probed sites in this candidate genomic region were differentially methylated between HD and
control cortex samples. Overall, our analyses using the cortex DNA methylation profiles showed
evidence of an association between DNA methylation and age of disease onset but did not
identify any detectable HD-associated DNA methylation changes at probed sites.
2.3.4

Disease-associated and inter-individual transcriptional variation in HTT
Although beyond the association with the age of onset, no HD-associated DNA

methylation alterations in our cortex samples were found at the HTT locus, we investigated
whether there is a difference in HTT expression levels between HD cases and controls in human
cortex tissue. Using our cortex-only sample set, we found that there was no significant difference
in HTT mRNA levels between control and HD individuals (Figure 2.2A). We also considered the
possibility that the lack of HTT expression differences between HD cases and controls may be
due to a lack of inter-individual variability in HTT mRNA expression in our cohort, contrary to a
previous report of high HTT expression variation in whole-brain samples of inbred mice (309).
Using individuals from our cortex-only dataset, we implemented a previously described testing
method for measuring inter-individual expression variation whereby the variability contributed
by experimental variation, referred to as experimental coefficient of variation (CVexp), could be
subtracted from the total variation between individuals, referred to as total coefficient of
variation (CVtotal) (309). We found a CVtotal of 26.4% and a CVexp of 7.5% for HTT mRNA
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expression in the human cortex samples. This indicated that of the observed HTT mRNA
expression variation, 71.5% ((26.4–7.5)/(26.4)) of the variation is likely attributed to interindividual expression variation. This suggested that considerable HTT mRNA expression
variation existed across individuals in our cortex-only sample set and thus, likely did not underlie
the lack of HD-associated transcriptional variation observed.
Interestingly, the CVtotal we observed in our human cortex-only cohort (CVtotal of 26.4%)
was lower than the 30% previously observed in whole-brain samples of male inbred mice (309).
This was a surprising result given the inherent increase in genetic and environmental
heterogeneity in a human cohort compared with inbred, environmentally controlled, laboratory
mice. Upon reflection of the previous reported Hdh results, we noted the use of a single reference
gene, 18S, when compared with our generation of a normalization factor based on several
reference genes (309, 346). We revisited their analysis to compare both normalization methods
on 8 wild-type FVB male mice using whole-brain samples and found that normalization with 18S
alone yielded CVtotal results comparable with the published results while the use of a
normalization factor yielded a substantially lower CVtotal measure (27.8% when normalized with
18S and 6.3% when a normalization factor is used) (309). Moreover, normalizing 18S mRNA
expression itself with a normalization factor generated a CVtotal of 18.2%, suggesting that the use
of 18S alone is a poor choice for HTT RT-qPCR normalization. This difference in normalization
approach likely explains the discrepancy between our results and the previously published results
in inbred mice (309).
Finally, as these samples comprise post-mortem human tissues, we also considered other
potential factors contributing to HTT expression variability such as the impact of post-mortem
interval (PMI) and neuronal proportion differences on our HTT expression readouts. We found
no significant association between these measures and HTT mRNA levels, respectively (Figure
2.2B-D). Taken together, our analyses in cortex tissues found minimal evidence of HD-related
DNA methylation differences at probed sites other than a general association to age of disease
onset and no HTT mRNA differences between HD cases and controls.
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Figure 2.2 Comparison of HTT expression between HD and control individuals and associations between HTT
expression, PMI and neuronal proportion.
(A) RT-qPCR analysis of HTT transcript levels in individuals in the cortex only dataset, normalized by a
normalization factor generated by 3 (NF3) normalization genes [indicated on y axis (Wilcoxon paired signed-rank
test, ns)]. (B) Association of HTT expression to predicted neuronal proportions of cortex samples showed a lack of
correlation (Spearman correlation, ns) (C) Association of HTT expression to PMI showed a lack of correlation
(Spearman correlation, ns) (D) Association of predicted neuronal proportions in cortex samples to PMI showed a
lack of correlation (Spearman correlation, ns).

2.3.5

Identification of tissue-specific transcriptional differences and tissue-specific

differential DNAm at HTT locus
We next examined tissue-specific differences at the HTT gene locus using paired cortex
and liver samples in our matched dataset. To confirm that the samples in our matched dataset
exhibit tissue-specific HTT expression patterns, we assessed HTT mRNA levels in the matched
tissues and found that the average expression of HTT was higher in cortex versus liver, as
consistent with previous reports (paired t-test, P < 0.05) (Figure 2.3A).
To investigate tissue-specific DNA methylation differences at the HTT locus using
matched cortex and liver samples in our matched dataset, paired testing by linear regression
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analysis was performed for the 87 probes underlying the candidate HTT genomic region (chr4:
2973107–3258169). We identified 38 differentially methylated probes (at FDR < 0.05) with
DNA methylation differences ranging from 10 to 40% between cortex and liver tissues (Figure
2.3B and 2.4A). Consistent with these results, unsupervised hierarchical clustering grouped
samples based on tissue type for this region, indicating that this region was differentially
methylated between cortex and liver tissues (Figure 2.3C). While a few of the identified
differentially methylated probes were found in the HTT promoter region, the majority of the
identified probes occurred within the gene body of HTT, primarily towards the 3ʹ end of the gene
(Figure 2.3C). Of note, our matched tissue dataset comprises both HD cases and a healthy
control. Given that we were unable to detect DNA methylation differences between HD cases
versus controls in our cortex only dataset, we hypothesized that any variation identified in the
matched dataset would be largely due to tissue-specific variation. This was supported by our
observation that the tissue type was significantly correlated to PC1, accounting for 85.9% of the
DNA methylation variance in the matched dataset (Figure 2.4B).
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Figure 2.3 Identification of tissue-specific HTT expression differences and differentially methylated probes
underlying the HTT gene region in cortex and liver tissues.
(A) RT-qPCR analysis of HTT transcript levels in human cortex and liver tissues from individuals (n = 4) utilized in
the matched 450K dataset (averaged from triplicate samples per individual), normalized by a normalization factor
generated by 4 (NF4) normalization genes (indicated on y axis) (Paired t-test, *P < 0.05). (B) Volcano plot depicting
differences in methylation levels (cortex–liver) for each probe in the HTT gene region (indicated on x axis) against
adjusted P-value (indicated on y axis, on –log10 scale). Dashed red line denotes FDR threshold of 0.05. Magenta
points represent statistically significant hits (FDR < 0.05) while green points represent non-statistically significant
sites (FDR > 0.05). (C) Heatmap representing the 87 probes represented on the 450K methylation array in HTT gene
region (chr4: 2973107–3258169). Gene features of the genomic region are represented in the upper portion of the
figure. A total of 38 of the probes (shown in red) were found to be differentially methylated between the matched
cortex (yellow) and liver (blue) samples (FDR < 0.05). Unsupervised hierarchical clustering successfully segregated
samples based on the tissue type. Probes selected for pyrosequencing verification indicated by green arrows.
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Figure 2.4 DNA methylation differences (cortex–liver) of probes in HTT gene region and PCA of matched
450K dataset.
(A) Differences in methylation levels (cortex–liver) for each probe in the HTT gene region (chr4: 2973107–
3258169). Gene features of the genomic region are represented in the lower portion of the figure. Probes that are
significantly differentially methylated between cortex and liver are shown in red. (B) PCA of the matched 450K
dataset after brain-cell-type correction shows the correlation of known phenotypic and technical variables to PCs
(bottom heatmap), each representing an incremental proportion of the variance in the methylation data (top scree
plot). Tissue type (cortex versus liver) significantly correlate with PC1 representing 85.9% of the methylation
variance.
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2.3.6

Pyrosequencing validation of tissue-specific DNAm
To confirm the tissue-specific differential DNA methylation loci from the matched

dataset using a different methodology, we performed pyrosequencing in the original cortex and
liver tissue samples at three sites (cg07240470, cg11324953 and cg15544235; these probes are
indicated by green arrows in Figure 2.3C). Pyrosequencing data were highly correlated to the
data from the 450K array at all three of the selected CpG sites, further substantiated by Bland–
Altman plots that showed an unbiased agreement (Supplementary Figure 2.4). Consistent with
adjacent CpG sites often showing related DNA methylation patterns, CpGs in close proximity to
our target validation CpG were significantly positively correlated (Spearman correlation, P <
0.0001) (Supplementary Figure 2.5) (347). We calculated the mean DNA methylation values
across the correlated CpGs in each pyrosequencing assay and found these to be significantly
different between cortex and liver tissues of our original individuals as well as in three additional
HD individuals used for validation (Wilcoxon paired signed-rank test, P < 0.05) (Figure 2.5).
Taken together, pyrosequencing thus verified the original tissue-specific differential
DNA methylation hits from our matched dataset and extended it to neighboring CpGs not present
on the 450K array.
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Figure 2.5 Confirmation of tissue-specific DNA methylation hits by pyrosequencing.
Boxplots showing difference in averaged DNA methylation levels in correlated CpGs containing the following
Illumina 450K array probed sites (A) cg07240470 (B) cg11324953 and (C) cg15544235. Original samples used in
450K matched dataset are colored in white and validation samples are shaded in grey (Wilcoxon paired signed-rank
test, *adjusted P-value < 0.05).

2.3.7

Identification of a differentially methylated CTCF binding site in HTT promoter
Following the identification of tissue-specific HTT DNA methylation patterns, we sought

to identify potential transcriptional regulatory elements that could functionally link DNA
methylation variation at the HTT gene locus to tissue expression variation. Given that CTCF is a
transcription factor whose function is known to be partly regulated by cell-type-specific
differential DNA methylation, we screened the proximal HTT promoter using a candidate
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approach for putative CTCF transcription factor binding sites (TFBSs) (348, 349). We utilized
available CTCF ChIP-sequencing (ChIP-seq) datasets collected from both ENCODE and
PAZAR to identify candidate CTCF-binding locations and then screened these candidate binding
regions for putative CTCF TFBSs through the use of the CTCF TF-binding profile from
JASPAR (335–337, 349). By combining the available ChIP-seq data and the TF binding profile,
we were able to identify putative CTCF TFBSs based on both identified interaction of CTCF
with the genomic location and motif similarity. Importantly, we identified a putative CTCFbinding site 1.2 kb from the HTT translational start site (Figure 2.6A). We noted that this CTCF
TFBS is conserved in Rhesus monkeys and partially conserved in mouse, underscoring the
potential functional importance of this site (Supplementary Figure 2.6A). As the specific CpG
site within this CTCF-binding site and two other nearby CpGs were not covered in the Illumina
450K array, we used bisulfite pyrosequencing to assess the DNA methylation levels at these sites
(Figure 2.6A). We found that these CpG sites showed higher DNA methylation levels in the liver
( 30–60%) over cortex ( 10–25%) both in the original individuals in our matched dataset and in
three additional individuals (Figure 2.6B-D) (Wilcoxon paired signed-rank test, P < 0.05). In
addition, unsupervised hierarchical clustering separated the samples by tissue type at these three
specific CpG sites (Supplementary Figure 2.6B-C). Of note, we observed that the DNA
methylation levels at these CpG sites were not significantly different between HD cases and
control in cortex samples, signifying minimal evidence of possible HD-related effects at these
sites (Supplementary Figure 2.6D) (Mann–Whitney U test, ns). We also noted a lack of
association between the age of onset and CpG methylation underlying the CTCF TFBS in HD
cortex tissue (Spearman correlation, ns). These results indicated that a CTCF-binding site not
previously identified at the HTT proximal promoter was differentially methylated between cortex
and liver tissues in manner that is likely not dependent on HD status.
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Figure 2.6 Identification of a differentially methylated CTCF-binding site within the HTT promoter.
(A) Schematic of HTT proximal promoter, orientated by the transcriptional start site. Underlined in green are two
CpG islands in the region. Also shown are two repeat sections in the region, a 20 and 17 bp repeat, the transcript
start site and an antisense transcript start site. The identified CTCF site is shown within the sequence used for
pyrosequencing, the three CpG sites within the pyrosequencing assay are underlined. (B–D) The average
methylation for each pyrosequenced CpG, indicated in (A), for the original individuals used in the 450K analysis
(colored in white) and validation individuals (shaded in grey) (Wilcoxon paired signed-rank test, *P < 0.05).

2.3.8

Identification of CTCF TFBS occupancy in vivo and assessment of functional

impact of CTCF on HTT promoter function in vitro
To assess the occupancy of the CTCF protein at this CTCF TFBS between liver and
cortex tissues, we conducted a chromatin immunoprecipitation qPCR (ChIP-qPCR) assay in
cortex and liver tissues from two representative HD individuals in the matched dataset. Using
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primers designed to specifically amplify the CTCF-binding site, we found a percent enrichment
of the identified CTCF-binding site of 16.4% (±11.6%) in cortex tissue and 4.2% (±2.2%) in the
liver, suggesting a higher occupancy of CTCF in cortex where DNA methylation of the site is
decreased compared with liver (Figure 2.7B). We similarly performed ChIP-qPCR in cortex and
liver tissues of YAC18 mice, which express a full-length human HTT transgene, including the
HTT proximal promoter, on a yeast artificial chromosome (341). As with the human samples, we
found a higher percent enrichment of the identified CTCF-binding site in mouse cortex (51.8% ±
32.8%) when compared with liver (3.2% ± 0.7%) (Figure 2.7A). Together, these results suggest
that the CTCF site within the HTT promoter is more highly occupied in cortex over liver tissue.
Next, to determine whether CTCF could functionally regulate HTT promoter activity, we
assessed the effect of siRNA-mediated knockdown of CTCF in human embryonic kidney cells
(HEK293 cells) using a previously described HTT promoter-luciferase construct that contains the
identified CTCF site (306). HEK293 cells were modified to carry a single, genomic integration
of the HTT promoter-luciferase construct, thereby allowing for the assessment of HTT promoter
function in a fully integrated, genomic context. Treatment with CTCF-targeting siRNAs resulted
in a significant knockdown of CTCF mRNA compared with both untreated and scramble siRNAtreated cells (Figure 2.7C) (one-way ANOVA, P < 0.0001). Silencing of CTCF resulted in a
decreased function of the HTT promoter-luciferase construct as assessed by decreased luciferase
reporter transcript expression compared with both untreated and scramble siRNA treated cells
(Figure 2.7D) (one-way ANOVA, P < 0.0001). Combined, our data suggest that CTCF may, in
part, regulate HTT promoter function and may contribute to tissue-specific HTT expression in
manner that is dependent on differential DNA methylation.
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Figure 2.7 CTCF binding site is differentially enriched in cortex versus liver in human and mouse tissues and
knockdown of CTCF decreases HTT promoter function.
(A and B) ChIP-qPCR of CTCF occupancy of the identified CTCF-binding site of 4 YAC18 mice (A) or two
individuals from the matched dataset (B) in cortex and liver tissues, calculated using percent of input genomic DNA.
The percent enrichment mouse: cortex—51.8% ± 32.9%; liver—3.2% ± 0.7%. Percent enrichment human: cortex—
16.4% ± 11.8%; liver—4.2% ± 2.2%. (C and D) RT-qPCR of CTCF expression (C) and Luciferase reporter
expression (D) in HEK 293 cells stably expressing a HTT promoter and transfected for three siRNAs targeting
CTCF. Data are normalized to a normalization factor of 3 (NF3), normalization genes (indicated on the y-axis). For
each treatment n = 3. (One-way ANOVA with Tukey post-hoc test, *P < 0.05, ***P < 0.001, ****P < 0.0001.)

2.4

Discussion
In this study, we utilized genome-wide DNA methylation profiles of human cortex tissue,

with a subset of matched liver tissues, from a cohort of HD and control individuals in order to
identify potential HD-related DNA methylation aberration in the brain as well as tissue-specific
DNA methylation variation at the HTT gene locus. We were unable to identify any HDassociated DNA methylation alterations at probed sites after correction for neuronal proportion
differences of the cortex tissues, but did find evidence of a general association between the age
of disease onset and DNA methylation in HD cortex samples. When comparing DNA
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methylation between matched cortex and liver tissues, we discovered site-specific differential
DNA methylation spanning the promoter and intragenic regions of the HTT gene, including a
new differentially methylated CTCF-binding site in the HTT proximal promoter. This CTCF site
displayed increased occupancy in cortex tissue, where HTT expression is higher, when compared
with the liver and silencing of CTCF resulted in reduced function of an HTT promoter–reporter
construct. Together, our data suggest that DNA methylation, as ascertained by the technology
platform utilized here, may have minimal association with the HD status but may be associated
with the age of disease onset in cortex tissue. In addition, DNA methylation may, in part,
contribute to tissue-specific HTT gene expression patterns through differential CTCF occupancy.
Our EWAS analyses in cortex tissues showed a lack of association between HD status
and DNA methylation variation which is seemingly in contradiction to two recent studies that
have assessed DNA methylation changes in the context of the HD mutation (231, 318). While
both of these studies have laid the groundwork upon which further investigation into DNA
methylation changes in HD can be conducted, it is possible that alternative interpretations to the
ones being put forward in the publications may, in part, explain these results. The first study
utilized both human HD striatum samples and striatal samples from the R6/2 mouse model of
HD to assess the effect of the HD mutation on the DNA methylation of a single gene, ADORA2A
(231). Given that the average Vonsattel stage for the human HD samples used in the study was
3 (maximum Vonsattel stage rating is 4) and that Vonsattel staging is based, in part, on striatal
atrophy, it is likely that the neuronal versus glial proportions in their HD samples differed
significantly from their control striatum (350). In our study, we found a trend towards a decrease
in neuronal cell-type proportion in HD versus control cortex, a brain structure affected in the
later stages of disease pathogenesis, unlike the striatum that displays the primary neuronal
degeneration seen at the earliest stages of HD (319, 320). Consequently, it is possible that the
reported differential methylation of the ADORA2A gene may be largely driven by differences in
brain cell-type proportions and not disease status. Indeed, our analyses showed that any HDrelated effects on CpG methylation at ADORA2A were eliminated after correction for brain-celltype heterogeneity. The second recent HD DNA methylation study utilized a genome-wide
approach to assess DNA methylation changes in an immortalized mouse striatal cell line,
expressing either the mutant or wild-type human huntingtin protein (318). While mouse striatal
cell lines do recapitulate some aspects HD pathogenesis, it is unclear to what extent DNA
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methylation changes identified in mouse cell line models can be extrapolated to the human
genome. Furthermore, in vitro cell culturing has been shown to alter DNA methylation patterns,
further confounding interpretation of these results from immortalized cell lines (286, 351). It is
worth noting that an another potential source of discrepancy between our findings in cortex
tissue and these earlier studies in striatal samples is that DNA methylation alterations may factor
into HD-related changes in striatum more so than in cortex (231, 318). To address this, a future
study using striatum of HD patients at early stages of pathogenesis, before significant neuronal
loss occurs within the striatum, would be beneficial. Finally, previous findings reported a null
association between the age of disease onset and DNA methylation at the HTT locus in human
HD samples while our results did show evidence of a general association between the age of
disease onset and global DNA methylation variation in HD cortex tissue (233). Although this
earlier study also utilized human samples, their analyses were limited to the HTT gene only and
were performed in peripheral blood, while our analyses assessed DNA methylation variation
across 430 000 sites genome-wide using disease-relevant human brain cortex tissue.
It is worth noting that our EWAS analyses in cortex tissue had a few inherent limitations.
Firstly, due to the limited availability of human cortex tissue, it is likely that our study is
underpowered to detect genome-wide HD-associated DNA methylation differences, even of
moderate to high effect size, as suggested by recent work detailing power calculations and
sample size considerations for EWAS analyses (352). In our EWAS results, we noted that the top
hit had an adjusted P-value of 0.9, signifying that even at a more relaxed FDR threshold, it is
unlikely that we would be able to detect any HD-related DNA methylation differences at queried
sites in our dataset. Assuming that HD-related DNA methylation changes are small, occurring in
only 0.1% of methylation sites in the cortex genome with subtle effect sizes of 1%, we
calculated that at least 70 samples per group would likely be required in order to detect such sitespecific changes at an FDR of 5% and power of 80%. Moreover, as the 450K array covers only
1.7% of total CpGs in the genome with limited representation of enhancers and intergenic
regions, it is also possible that HD-relevant differential DNA methylation exists at sites beyond
those interrogated in our analyses (129). Our second study limitation arose from the fact that we
were unable to directly assess DNA methylation levels within the CAG tract of mutant HTT loci.
Although DNA methylation most commonly occurs in the context of CpG dinucleotides, nonCpG methylation occurs at CpHpG sites (in which H = A, C or T) and exists at appreciable
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levels in the human brain, particularly within neuronal genomes (92, 98, 99). Given that the HD
mutation is a result of a CAG repeat expansion, it is plausible that the expanded HD CAG tract
in human cortex tissue may be affected by aberrant non-CpG methylation. Since none of the
probes present on the 450K array targeted the HTT CAG tract and pyrosequencing of the HTT
CAG tract would likely produce irregular results due to the large number of repeats, we were
unable to ascertain whether differential DNA methylation of the HTT CAG tract occurs in HD
cases versus control cortex tissue. In addition, as most HD individuals are heterozygous for the
HD mutation, any future work aimed at directly assessing HTT CAG tract DNA methylation will
necessitate phasing the results to either the mutant or wild-type allele. Finally, a third technical
limitation in our study is that bisulfite conversion of DNA for 450K and pyrosequencing
analyses generates composite readouts of both the canonical 5-methylcytosine (5mC) mark of
DNA methylation as well as its oxidized derivative, 5-hydroxymethylcytosine (5hmC) (32). As
such, we were unable to distinguish between the relative contribution of 5mC or 5hmC variation
to HD pathogenesis. Given that 5hmC tends to be most abundant in brain than in other adult
tissues, it is possible that we were unable to resolve true 5mC differences between HD versus
control cortex samples (109, 117, 353). Overall, future adequately powered studies that can
directly assess non-canonical forms of DNA methylation, including non-CpG methylation at the
HTT CAG tract and genome-wide 5hmC measures, may help clarify the possible association of
these cytosine variants with epigenomic variation in HD brain tissues. Despite these technical
limitations, our EWAS analyses in cortex tissue represents the first comprehensive assessment of
DNA methylation variation in human HD brain tissues and, accordingly, provides a founding
framework for investigating additional sources of epigenetic variation in HD.
Our examination of HTT transcriptional differences in human cortex tissues revealed no
HTT mRNA alterations between HD cases and controls, yet notable HTT mRNA variation across
individuals. The latter result is consistent with previous findings showing considerable levels of
inter-individual expression variation in Hdh mRNA from genetically identical mice; however,
the total amount of variation, CVtotal, was lower than previously reported in mice (309). We noted
a difference in normalization method utilized between our study and the previous results, namely
the use of a single reference gene, 18S, when compared with our generation of a normalization
factor based on several reference genes (309, 346). After revisiting the previous analysis and
comparing both methods of normalization, we found the previously reported results to be
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replicable only when 18S alone was used for normalization (309). Furthermore, normalizing 18S
mRNA expression itself with a normalization factor yielded considerable expression variation,
suggesting that the use of 18S alone is a poor choice for the normalization of RT-qPCR data
from mouse brain tissues.
It is important to note that our quantification of HTT mRNA represented combined
mutant and wild-type HTT allele transcript levels. As we did not investigate the relative wildtype and mutant HTT ratios in our samples, there is a possibility that allele-specific HTT
transcriptional variation existed in our samples. Alterations in the relative ratios of mutant and
wild-type HTT have recently been shown to affect the age of onset in HD patients, providing the
first evidence of an expression modifier contributing to the variation in the age of onset seen in
HD (306). Given that we did not find evidence of any disease-associated DNA methylation
variation at probed sites within the HTT gene locus or genome-wide, it is unlikely that the
presence of altered ratios of HTT mRNA in our samples were attributed to DNA methylation
differences. This is consistent with previous work showing that allele-specific transcriptional
differences are largely driven by genetic regulatory variation as opposed to DNA methylation
variation (43).
Our analyses using matched human tissues show that the HTT gene locus experiences
tissue-specific DNA methylation patterning. Specifically, we identified 38 sites within the HTT
gene locus that were differentially methylated between matched cortex and liver samples. One
potential caveat in these analyses is that we primarily used matched cortex and liver tissues from
HD individuals. As we were unable to detect any site-specific association between HD status and
DNA methylation at probes within the HTT gene locus in cortex tissue, we postulated that this
would also hold true in other tissues. While it is certainly possible that the HD mutation has a
differential effect on local HTT DNA methylation in the liver, the matched control tissues in our
cohort did not differ significantly from their HD tissue counterparts. Although not conclusive,
this suggests that it would be unlikely that the HD mutation had a differential effect on local HTT
gene DNA methylation in the liver when compared with cortex.
Using available ChIP-seq datasets, we identified a putative CTCF TFBS within the HTT
proximal promoter and found that this TFBS was differentially methylated in a tissue-specific
manner. An estimated 30–60% of identified CTCF sites have been found to display cell-typespecific occupancy of CTCF that may, in part, be due to tissue-specific DNA methylation of the
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CpGs underlying the CTCF-binding sequence (348, 354). Using ChIP- qPCR in both humans
and transgenic mice, we found that the CTCF site in the HTT promoter displayed higher
enrichment in cortex than in liver tissues. Combining this result with our pyrosequencing
measures, where we found low levels of CpG methylation of the CTCF site in cortex when
compared with the liver, suggests that CTCF occupancy at the HTT promoter is regulated by
tissue-specific differential DNA methylation. Furthermore, in vitro CTCF knockdown revealed a
decrease in promoter function, indicating that CTCF may be a transcriptional regulator of the
HTT gene. In particular, this result suggests that reduced occupancy of the CTCF TFBS in the
HTT promoter would be accompanied by lower HTT expression, a theory supported by our
ChIP-qPCR and mRNA expression results in the liver where both CTCF enrichment and HTT
expression are decreased over cortex. Future studies aimed at addressing the consequences of
DNA methylation variation at this CTCF-binding site in relation to CTCF occupancy and HTT
expression both in vitro and in vivo would help further clarify the regulation of differential
expression of HTT across tissue types. Furthermore, as CTCF is also known to be involved in the
mediation of long-range DNA interactions, bringing distant transcriptional regulatory regions
into contact with the promoter, it is likely that regulatory regions outside the HTT proximal
promoter may play an important role in expression of HTT across human tissues (349).
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Chapter 3: Comparative DNA methylation profiling in glioblastoma
multiforme tumours and matched brain tumour initiating cells
3.1

Background and rationale
Glioblastoma multiforme (GBM), also known as Grade IV astrocytoma, is the most

common and aggressive brain malignancy in humans. Even with advances in standard of care
treatment, the median survival for newly diagnosed GBM cases is less than two years (355).
These dismal survival outcomes are predominantly attributed to the poor treatment response and
acquired resistance to existing therapies, which constitute the main challenges in effective
clinical management of the disease (356). Accumulating evidence suggests that tumoural
heterogeneity may underlie treatment failure by conferring redundant signaling mechanisms
(357–359). Large-scale efforts to characterize the molecular and genomic heterogeneity of GBM
have led to the identification of common genetic alterations and frequently dysregulated
signaling pathways in these tumours (360–362). Despite these efforts, the reasons for poor
treatment outcomes and development of therapy resistance in GBM are still largely unknown,
and therefore, represent a considerable barrier in understanding disease development and
progression.
One of the most promising discoveries in investigating the potential source of treatment
failure and therapy resistance in GBM has been the identification of brain tumour initiating cells
(BTICs) (278, 279). Within the bulk GBM tumour, BTICs are thought to comprise a
subpopulation of cells with “stem-like” properties of self-renewal and multipotency. They also
display tumorigenic potential, as they are able to form secondary tumours that recapitulate the
molecular and histological characteristics of the parental tumour when injected at limiting
dilutions into immunodeficient mice (281, 363, 364). It is hypothesized that BTICs constitute a
“disease reservoir” that drives treatment resistance and spawns disease recurrence during the
clinical course of GBM (365, 366). Moreover, as BTICs are directly derived from parental
tumour resections and can be cultured long-term, they have been proposed as an attractive in
vitro model system to study GBM biology (367, 368). To date, substantial focus has been placed
on elucidating the diverse genetic alterations and transcriptomic changes in these tumorigenic
stem-like populations in comparison to their tumour counterparts (368, 369). However, there has
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been increasing appreciation for the potential role of epigenetic factors as an additional source of
the poorly understood biological variation within these tumour initiating cell populations.
DNA methylation (DNAm) is arguably the most studied epigenetic mark in humans and
involves the covalent attachment of a methyl group to the 5’position of cytosine, typically at
cytosine-guanine dinucleotide (CpG) sites (28). These CpG dinucleotides occur relatively
infrequently in the genome, thus areas with comparatively high CpG content are termed “CpG
islands” (CGIs) (29–31). DNAm levels of specific CpGs is often dependent on their localization
within the genome (26). For example, CGIs tend to be less methylated compared to non-island
CpGs, and are associated with approximately 70% of known promoters (29, 30). Importantly,
DNAm is associated with gene expression, although its role in transcriptional regulation can
depend on genomic context (38, 39, 370). For instance, DNAm in promoter regions tends to be
associated with gene expression silencing, while its role is more variable within gene bodies (15,
370). Finally, as DNAm is involved in cell fate specification and differentiation, DNAm profiles
often exhibit high discordance between tissue and cell types, with tissue identity being the largest
driver of DNAm variance followed by cell composition within a tissue (52, 59). Additional
common contributors to DNAm variation include environmental exposures, age, ethnicity,
technical confounds or a combination of these factors (20, 22, 23, 25, 371). In addition, DNAm
has been shown to be under strong genetic regulation, with DNAm levels at individual CpGs
associating with genetic polymorphisms known as methylation quantitative trait loci (mQTL)
(43, 81, 82, 84, 372). Finally, apart from the canonical 5-methylcytosine (5mC) mark of DNAm,
oxidized cytosine variants such as 5-hydroxymethylcytosine (5hmC) have been detected at
relatively high levels in pluripotent cells and the brain, where it has been in implicated in active
DNA demethylation and neural stem cell activity, although its exact functional role is undefined
(109–111, 116). Taken together, DNAm may comprise an important component of cell-specific
transcriptional regulatory circuitry, which may be exploited by tumour cells to potentiate and
sustain a malignant state (198, 370, 373).
In the context of GBM tumours, pronounced DNAm aberrations have been observed
including a number of markers of prognostic significance. For example, when measured in GBM
tumours, promoter DNAm of the O6-methylguanine-DNA methyltransferase (MGMT) gene,
which encodes a dealkylating DNA repair enzyme, has been associated with loss of MGMT
expression and favourable outcomes in response to alkylating chemotherapeutics such as
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temozolomide (222–224). In addition, low-grade gliomas often exhibit a concerted
hypermethylation signature at 1503 promoter located CpG sites, called the glioma-CpG island
methylator phenotype (G-CIMP), which has been correlated with improved clinical prognosis
over non-G-CIMP tumours (211). Beyond absolute differences in DNAm levels, stochastic
increases in DNAm variability have been reported for GBM tumours, and more broadly across
other cancer types, compared to their normal tissue counterparts, suggesting a general disruption
in the tumour epigenome (374, 375). Finally, dysregulated DNAm at a homeobox gene,
HOXA10, has been shown to moderate the expression of a HOX-dominant, stem-cell signature in
GBM (376). Notably, this HOX-dominant expression signature has been linked to increased
treatment resistance and sustained proliferation of BTIC populations from GBM tumours (377,
378). Collectively, these findings underscore the potential importance of DNAm in GBM
pathogenesis, particularly in regards to its prognostic utility.
Despite the considerable progress that has been made in profiling DNAm patterns in
GBM tumours, very little is currently known about DNAm variation in BTICs. Preliminary
DNAm analyses comparing BTICs to normal neural stem cells or unmatched bulk tumours have
reported significantly increased BTIC DNAm levels at genes associated with developmental
processes, transcriptional regulation, nervous system development and regulation of cellular
metabolic pathways (221, 379). However, to date, genome-wide DNAm profiles from BTICs
have not been directly compared to their matched GBM tumour counterparts. Such comparisons
may help identify epigenetic variation implicated in stem-like functions of BTICs as well as
inform the evaluation of BTICs as an appropriate experimental model system to study GBM
biology.
In this study, we aimed to characterize how DNAm profiles of BTICs and their parental
GBM tumours differ and whether these differences, in part, explain the stem-like and
tumorigenic properties of BTICs. Conversely, we also sought to determine the extent to which
CpG methylation is concordant between matched samples and how DNAm at key prognostic
DNAm markers such as the MGMT promoter may vary between BTICs and GBM tumours. To
address these questions, we leveraged the strength of profiles from matched BTIC and bulk
GBM tumour samples measured on the Illumina Infinium HumanMethylation450K (450K) array
platform. We found substantial DNAm variation between paired BTICs and tumours in terms of
their DNAm levels and variability at individual CpGs. Notably, we observed a HOX-enriched
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signature of differential methylation as well as greater DNAm variability in BTICs over tumours.
Despite these differences, the association between DNAm and gene expression at the prognostic
MGMT promoter region was consistent between matched samples, signifying that BTICs may, to
some extent, recapitulate the transcriptional regulatory circuitry in certain regions.
3.2
3.2.1

Materials and Methods
Patient tumour samples and matched brain tumour initiating cell culture
Frozen tumour samples from patients with newly diagnosed and recurrent glioblastoma

(Supplementary Table 3.1) were obtained from the Tumor Tissue Bank of the Arnie
Charbonneau Cancer Institute (Calgary, Alberta, Canada) and transported to the BTIC Core
Facility (Calgary, Alberta, Canada) to culture BTICs as described previously (367, 380, 381). In
brief, BTIC lines were initiated in defined culture serum-free medium (SFM). All cultures grew
as non-adherent spheres and were cryopreserved in 10% DMSO (Sigma-Aldrich, St. Louis, MO,
USA) in SFM for use in later experiments. All established BTIC lines used within this study
were validated for identity by short tandem repeat analysis performed by Calgary Laboratory
Services (CLS) after each thaw, as per American Association for Cancer Research
recommendations. This study has Institutional review board approval under the "Brain Tumor
and Related Tissue Bank protocol-V2" and approved by Foothills Hospital and the Conjoint
Health Research Ethics Board.
3.2.2

DNA isolation and DNAm arrays
DNA was isolated using DNeasy (Qiagen, Hilden, Germany) as per manufacturer’s

instructions. DNA was then purified and concentrated using the DNA Clean & Concentrator kit
(Zymo Research, Irvine, CA, USA). Sample yield and purity was measured after each step using
a Nanodrop ND-1000 (Thermo Scientific, Irvine, CA). Approximately 750 ng of DNA was used
for bisulfite conversion using the Zymo Research EZ DNA Methylation Kit (Zymo Research,
Irvine, CA, USA). Following bisulfite conversion, samples were randomized and 160 ng of
bisulfite-converted DNA was applied to the Illumina Infinium HumanMethylation450 (450K)
Beadchip array and ran in two separate batches, as per manufacturer’s protocols (Illumina, San
Diego, CA, USA) (129).
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3.2.3

Data quality control and normalization
Raw intensity values from the arrays were imported into Illumina GenomeStudio

V2011.1 software and subjected to initial quality control checks for array staining, extension and
bisulfite conversion followed by colour correction and background adjustment using control
probes contained on the 450K array. Data were extracted in the form of an average beta value
matrix and imported into R Statistical software (Version 3.1.1) for subsequent processing and
analysis (http://www.r-project.org). Probe filtering was performed in which 11,648 probes on the
sex chromosomes and 65 probes examining single nucleotide polymorphisms (SNPs) were
removed from the dataset. Additionally, probes with detection p-values greater than 0.01, probes
with missing beta values, and probes for which less than three beads contributed to the signal in
any sample were eliminated (a total of 25,068). Recent re-annotation of the Illumina
HumanMethylation450k array (324) was used to filter 18,393 probes that are known to be
polymorphic at the target CpG and 10,208 probes which have nonspecific in silico binding to the
sex chromosomes. Together, these measures eliminated 65,382 probes, leaving a total of 420,195
probes for further analysis. The data was then subset into a separate dataset comprising of BTIC
lines with matched tumours (35 pairs and 3 technical replicates, n = 73) for downstream
processing and analysis. Quantile normalization was not deemed appropriate for this dataset
based on the global differences in distribution between the BTIC and tumour samples, as
assessed using the quantro package (382). Beta-mixture quantile normalization (BMIQ) was used
to normalize differences between Type I and Type II probes on the 450K array (383).
3.2.4

Principal component analysis and correction for technical variation
Principal component analysis (PCA) was performed in which technical variation between

batches were detected. To correct for such batch effects, ComBat was then used, protecting for
sample status (BTIC or tumour)(327). Subsequent PCA confirmed the successful removal of
these technical artifacts from the 450K data. As a check of the processing steps, the correlation
between 3 replicate pairs were calculated and found to improve after each stage of normalization
and processing, indicating normalization and batch correction successfully removed noise from
the data.
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3.2.5

Statistical and bioinformatic analyses of DNAm data
Unsupervised hierarchical clustering was performed using Euclidean distance measures

with complete linkage. We performed site-specific identification of differentially methylated
probes using Wilcoxon signed-rank tests across all CpGs in processed 450K dataset. To test for
differentially methylated regions (DMRs), a well-established method for cancer DMR detection,
Bumphunting, was used with default settings including specification of a smoothing window
300-900 bp in size with 1000 per mutations (330). All differential methylation analyses were
performed on M-values, which are logit-transformed beta values and represent less
heteroscedastic measures over beta values (334). Beta values were used for visualization and
reporting purposes as they represent percent methylation (0 = no methylation, 1 = fully
methylated). We tested for significance of overlap between individual differentially methylated
sites and DMRs using 10,000 Monte Carlo simulations to build an expected overlap to compare
against observed overlap.
Functional categories enriched in genes mapping to significant DMRs were identified
using the functional annotation and clustering tool of the Database for Annotation, Visualization,
and Integrated Discovery (DAVID) Version 6.8 (https://david.ncifcrf.gov/) (384, 385). The
probability that a gene ontology (GO) biological process term was overrepresented was
determined using a modified Fisher’s exact test (386).
Inter-individual variability of each CpG was calculated as the range between the 10th and
90th percentile beta values for each CpG, referred to as “reference range” (372). This method
captures variability across the bulk of samples while being largely robust to outlier samples. A
paired Wilcoxon signed-rank test was performed to generate a significance value for difference
between groups. Fligner-Killeen tests were used to compare probewise DNAm variability
differences between matched tumours and BTICs. Significant differentially variable CpGs were
annotated to underlying genomic features using a previously described method and tested for
genomic context enrichment using 10,000 Monte Carlo simulations to build an expected overlap
for comparison against observed overlap (39, 292).
Probewise Spearman’s correlations were calculated on beta values between the matched
GBM tumours and BTICs. To test for enrichment of mQTL associations in significantly
correlated CpGs, we used mQTL previously identified in adult human brain tissues (cerebellum,
frontal cortex, pons and temporal cortex), comprising of 3916 unique CpGs under observed
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genetic influence (79). Using 10,000 Monte Carlo simulations, we built an expected overlap of
the mQTL-associated CpGs and significantly correlated CpGs, to compare with the observed
overlap.
To assess DNAm at the MGMT promoter region, we examined DNAm at 17 CpGs
underlying a region shown to have prognostic significance in GBM (chr10:131,264,786131,265,769; Human Genome GRCh37/hg19 Assembly) (387–389). MGMT gene expression
levels were obtained from a previous RNA-Sequencing (RNA-Seq) dataset from these samples
(submitted), using methods as previously described (390). Spearman correlations were
performed to test association between site-specific DNAm at the MGMT promoter and MGMT
gene expression levels.
For all tests, the resulting p-values were adjusted using the Benjamini-Hochberg (BH)
false discovery rate (FDR) method (332).
3.3
3.3.1

Results
Cohort sample characteristics and DNAm array data
To compare DNAm profiles between GBM tumours and matched BTICs, we examined

tumour specimens and BTIC cultures from a cohort of 35 adult patients (n = 24 males; 74%)
diagnosed with primary (n = 24, 69%) or recurrent (n = 10, 28%) GBM; one patient had
unknown recurrence status (Table 3.1). Age at diagnosis ranged from 35 to 84 years (median age
= 59 years). We generated DNAm profiles from GBM tumours and BTIC samples using the
Infinium HumanMethylation450 (450K) array on bisulfite-converted DNA, which quantifies a
composite measure of 5mC and 5hmC at over 485,000 sites genome-wide. We applied data
quality control processing to filter out poor performing probes, probes that bind directly or nonspecifically to sex chromosomes and probes that hybridize to SNPs at the target CpG (324).
BMIQ normalization was used to remove probe-type differences and further processing by
ComBat was performed to minimize detected batch effects in the data (327, 383). This final
450K dataset, consisting of 420,195 probes, was used for all subsequent analyses.
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Characteristic
All patients
Age at diagnosis (y)
35 – 50
51 – 65
66 – 85
Sex
Male
Female
Diagnosis
Primary
Recurrent
Unknown

Number (%)
35 (100)
6 (17) (min = 35 y)
20 (57) (median = 59 y)
9 (26) (max = 84 y)
26 (74)
9 (26)
24 (69)
10 (28)
1 (3)

Table 3.1 Patient cohort descriptives

3.3.2

BTICs and GBM tumours exhibited substantially differential DNAm profiles
Using the processed 450K dataset, we first sought to identify differences in DNAm

measures between BTIC samples and GBM tumours at the genome-level. Based on unsupervised
hierarchical clustering of DNAm profiles, matched samples largely clustered by tissue source
(BTIC versus tumour), indicating that intra-individual tissue differences in DNAm exceeded
inter-individual DNAm differences in the same tissue (Figure 3.1A). These results were
corroborated by PCA, which showed that tissue source was significantly associated with PC1
(Wilcoxon signed-rank test, p = 5.8 x 10-11), comprising 23.7% of the variance in DNAm
(Supplementary Figure 3.1). Collectively, these results indicated that GBM tumours and matched
BTIC cultures exhibited genome-wide differences in their DNAm profiles.
In order to identify site-specific differences in DNAm between matched tumours and
BTICs at various FDR thresholds and absolute DNAm difference (delta beta) cutoffs, we
performed Wilcoxon signed-rank tests across all 420,195 CpGs in processed 450K dataset (Table
3.2). Using stringent thresholds of FDR ≤ 0.001 and delta beta ≥ 20% established in previous
cancer 450K analyses, we detected 60,826 differentially methylated sites between tumours and
BTICs (129).Of these 60,826 significant differentially methylated sites, 43,535 sites (71.5%)
showed lower DNAm, while 17,291 sites (28.5%) had higher DNAm in tumours over matched
BTICs, with absolute DNAm differences ranging from 20% to 82% (Figure 3.1B).
Although site-specific DNAm analysis can be informative in identifying individual CpGs
associated with a disease phenotype, the detection of differentially methylated regions (DMRs)
represent an additional means of assessing differential DNAm which has been routinely used for
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cancer DNAm studies (58, 391, 392). To test for DMRs, we used Bumphunting, a wellestablished method for cancer DMR detection, which defined over 1086 DMRs, of which 872
were significant at FDR ≤ 0.05 (330). It is worth noting that a less conservative FDR threshold
was used for the DMR analysis in contrast to the stringent FDR cutoff applied for the sitespecific analysis due to the fact that controlling the FDR at the site-level does not directly relate
to region-level control, especially when the region itself has to be defined, as it is for the
Bumphunting method (393, 394). As we observed in the site-specific differential DNAm, the
majority (856 out of 872, 98%) of these significant DMRs exhibited lower average delta beta
across the region in tumours over BTICs, with absolute DNAm differences in DMRs ranging
from 23.5% to 69% (Figure 3.1C). We mapped these 872 DMRs to 747 unique genes and found
that DMRs occurred across all genomic contexts (upstream, promoter, 5’UTR, gene body,
3’UTR) (Figure 3.1C). The top-ranking DMR at chr12:4381435-4382425, with averaged delta
beta of 60%, was located in the promoter region of the CCDN2 gene, a loci previously described
as genetically aberrant in GBM and implicated in other cancer types (Figure 3.1D) (362, 395).
Taken together, these site-specific and regional analyses revealed substantially differential
DNAm between GBM tumours and matched BTICs.
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Figure 3.1 BTICs and matched GBM tumours exhibit substantial differences in their genome-wide DNAm
profiles.
A) Unsupervised hierarchical clustering of global DNAm profiles largely clustered BTICs (orange) apart from their
parental tumours (green). B) Volcano plot depicting differences in DNAm levels (Tumour - BTIC) for all
interrogated CpGs in processed 450K dataset (indicated on x axis) against adjusted P-value (indicated on y axis, on
–log10 scale). Gray line denotes FDR threshold of 0.001. Coloured points represent statistically significant hits
(FDR < 0.001), with darker hues corresponding to hits with absolute DNAm differences > 0.2, while gray points
represent non-statistically significant sites (FDR > 0.001). C) All 872 significant DMRs (FDR < 0.05) plotted
against their genomic context of their location (x-axis) and average differences in DNAm levels (Tumour - BTIC)
across the DMR. D) The top-ranking DMR at chr12:4381435-4382425, located in the promoter region of the
CCDN2 gene, with averaged 60% DNAm levels in BTICs (orange) over matched tumours (green).
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No threshold
Delta beta ³ 0.05
Delta beta ³ 0.1
Delta beta ³ 0.2

FDR £ 0.1
230542
174409
132317
62874

FDR £ 0.05
208311
165687
129443
62867

FDR £ 0.001
129887
118114
101930
60826

Table 3.2 Number of site-specific DNAm hits at various FDR and delta beta thresholds

3.3.3

Differential DNAm was enriched for HOX genes
To delineate biological processes and pathways that are enriched in genes underlying our

identified DMRs, we performed functional annotation and GO enrichment analyses using the
DAVID online tool (384, 385). Using a modest cutoff of FDR ≤ 0.05, we uncovered 8 significant
functional annotation clusters, which comprised of terms involving homeobox, DNA-binding,
positive regulation of transcription from RNA polymerase II promoter, fork-head transcription
factors, homeobox protein, T-box transcription factors, helix-loop-helix DNA-binding motif and
steroid hormone receptor activity (Table 3.3). Notably, the term “homeobox” was represented in
two enrichment clusters, including the top-ranking cluster with a high enrichment score of 28.18
(BH-adjusted p-value = 9.3 x 10-31) and the fifth cluster with an enrichment score of 3.57 (BHadjusted p-value = 7.3 x 10-3), signifying that HOX genes were disproportionately overrepresented in DNAm differences between BTICs and GBM tumours.
To further examine HOX-associated differential DNAm between BTICs and tumours, we
focused on significant DMRs which mapped to homeobox genes. Of the 872 significant DMRs
identified in our differential methylation analyses, we found 26 DMRs (3%) mapping to HOX
genes (Table 3.4). Specifically, there were DMRs underlying multiple genes from the HOXA
cluster on chromosome 7p14, HOXC cluster on chromosome 12q13 and HOXD cluster on
chromosome 2q31, as well as two other members of the homeobox family (Figure 3.2A and
Table 3.4). All of the HOX-associated DMRs showed increased average DNAm in BTICs over
matched tumour across the region (Figure 3.2A and Table 3.4). The four top-ranking HOX
DMRs were HOXA6 (chr7:27187269-27188020), HOXA11 (chr7: 27224568-27225143),
HOXD9 (chr2:176986956-176987605) and HOXA11-AS (chr7:27231819-27233141) which had
an average DNAm increase of 42.5%, 33.3%, 38.5% and 39.6% in BTICs over GBM tumours,
respectively (Figure 3.2B). Collectively, these results supported a potential role for HOX genes
as an important source of DNAm variation between bulk GBM tumours and BTICs.
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Annotation
Cluster

Feature/Description

Enrichment
Score

Count

P-value

1
2
3

Homeobox
DNA-binding
Positive regulation of
transcription from RNA
polymerase II promoter
Transcription factor, Fork-head
Homeobox protein,
antennapedia type, conserved
type
Transcription factor, T-box
DNA-binding region: Helixloop-helix motif
Steroid hormone receptor
activity

28.18
15.32
95

61
168
95

2.4E-33
2.9E-29
7.1E-19

BHadjusted
p-value
9.3E-31
5.6E-27
2.0E-15

10
3.57

10
7

3.7E-5
4.2E-5

1.5E-2
7.3E-3

3.54
2.91

6
17

2.1E-4
1.2E-4

2.4E-2
3.3E-2

2.13

9

6.9E-4

3.3E-2

4
5
6
7
8

Table 3.3 Functional annotation clusters from DAVID GO analysis.
Top clusters with Benjamini-Hochberg (BH) corrected p-value < 0.05 are listed.
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Figure 3.2 Hox-enriched differential DNAm between BTICs and matched GBM tumours
A) Manhattan plot of identified Homeobox-associated DMRs plotted in order of their genomic location on each of
the HOX chromosome clusters (x-axis) against their adjusted P-value (indicated on y axis, on –log10 scale). The
size of the points corresponds to average increase in DNAm levels in BTICs over matched tumour across the DMR.
B) Smoothened scatterplot of DNAm levels (beta values, y-axis) by genomic coordinate (x-axis) for the four topranking HOX DMRs, HOXA6 (chr7:27187269-27188020), HOXA11 (chr7: 27224568-27225143), HOXD9
(chr2:176986956-176987605) and HOXA11-AS (chr7:27231819-27233141), which had an average DNAm increase
of 42.5%, 33.3%, 38.5% and 39.6% in BTICs (orange) over GBM tumours (green).
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Genomic Sequencea
chr12:54338743-54339167

Adjusted
p-value
0.01

#
CpGs
4

Average delta
beta
-0.342

Associated
gene
HOXC13

chr12:54369102-54369638

0.02

4

-0.427

HOXC11

Genomic
region
overlaps exon
upstream
inside exon

chr12:54424902-54425418

0.02

4

-0.342

HOXC5

inside intron

chr12:54446019-54446308

0.01

7

-0.336

HOXC4

inside intron

chr2:176956396176957055
chr2:176963948176964720
chr2:176981064176981654
chr2:176986956176987605
chr2:176987918176988505
chr2:176994142176994764
chr2:177015992177016837
chr2:177017331177017449
chr2:177021702177022056
chr2:177024117177024502
chr2:177027440177027931
chr2:177029459177030228
chr3:157821919157822072
chr4:41746614-41747092

0.03

6

-0.365

HOXD13

promoter

0.01

10

-0.298

HOXD12

overlaps 5'

0.02

6

-0.305

HOXD10

overlaps 5'

0.01

9

-0.385

HOXD9

overlaps 5'

0.03

5

-0.285

HOXD9

0.04

8

-0.295

HOXD8

overlaps exon
downstream
overlaps 5'

0.01

6

-0.36

HOXD4

overlaps 5'

0.04

4

-0.342

HOXD4

0.04

4

-0.406

HOXD4

overlaps exon
upstream
downstream

0.02

4

-0.454

HOXD3

upstream

0.02

5

-0.347

HOXD3

promoter

0.01

8

-0.377

HOXD3

inside intron

0.04

4

-0.332

SHOX2

covers exon(s)

0.03

4

-0.323

PHOX2B

inside exon

chr7:27187269-27188020

0.01

11

-0.425

HOXA6

overlaps 5'

chr7:27191914-27192549

0.01

6

-0.394

inside exon

chr7:27194614-27195036

0.01

5

-0.383

HOXAAS3
HOXA7

chr7:27205114-27205262

0.01

7

-0.341

HOXA9

chr7:27209338-27209828

0.01

6

-0.366

chr7:27219224-27219704

0.03

4

-0.33

HOXA10AS
HOXA10

chr7:27224568-27225143

0.01

11

-0.333

HOXA11

chr7:27231819-27233141

0.01

9

-0.396

HOXA11AS

overlaps exon
upstream
overlaps 5'
overlaps exon
downstream
overlaps exon
downstream
overlaps 5'
downstream

Table 3.4 Identified HOX-associated differentially methylated regions between BTICs and matched GBM
tumours
a
Genome coordinates from Human Genome GRCh37/hg19 Assembly; 5’ denotes 5-prime untranslated region
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3.3.4

BTIC DNAm was more variable than matched GBM tumour DNAm
Apart from examining differences in absolute DNAm levels, we also sought to assess

differences in inter-individual DNAm variability between matched BTICs and GBM tumours as
previous work have demonstrated that DNAm variability is highly tissue-specific (57, 59, 68,
292, 295, 317, 396). To measure inter-individual DNAm variability, we calculated a reference
range value for each CpG, which is defined as the range between the 10th and 90th percentile
beta values for each site (372). We chose to use this reference range measure as it reflects interindividual variability across the bulk of samples and is largely robust to outlier samples. At the
genome-wide level, we found that BTIC DNAm had significantly higher reference range than
GBM tumour DNAm, with a 6% greater average reference range in BTICs over tumours Figure
3.3A; Wilcoxon signed-rank test, p = 2.2 x 10-16). To assess reference range differences at
individual CpGs, we performed a Fligner-Killeen test at each site and observed that there were
131,307 CpGs that had significantly differential variability between BTICs and matched tumours
at FDR ≤ 0.05. These significant differentially variable sites were enriched at intergenic regions
and at 2kb regions flanking CGIs (known as ‘shores’); conversely, they were depleted at
promoters, 3’UTRs, CGIs and regions located 2-4 kb from CGIs (known as ‘shelves’) (FDR ≤
0.05; Supplementary Figure 3.2). The majority of these variable CpGs (85.2%) had increased
reference range measures in BTICs over matched GBM tumours. The six top sites, ranked by
highest reference range value in BTICs, exhibited 23-84% higher reference range measures in
BTICs over matched tumours (Figure 3.3B). Overall, these findings suggested that BTIC DNAm
was more variable than tumour DNAm at both the genome-wide level and across a higher
proportion of individual CpGs.
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Figure 3.3 BTIC DNAm was more variable than tumour DNAm.
A) Distribution of log of DNAm reference range measures of all interrogated CpGs (y-axis) for BTICs (orange) and
tumours (green), showing that BTICs had significantly higher average DNAm reference range of 27.7% (-1.28 on
the log10 scale) over tumours which had 21.3% (-1.55 on the log10 scale (***p = 2.2 x 10-16, Wilcoxon signed-rank
test,). B) The six top differentially variable sites, ranked by highest reference range value in BTICs (cg01096398,
cg06577045, cg27545205, cg19359398, cg27068490 and cg08872590), which had 46%, 43%, 84%, 23%, 46% and
38% higher reference range measures in BTICs (orange) over matched tumours (green).

3.3.5

Identification of concordant CpGs between matched BTICs and GBM tumours
As BTICs have been proposed as an experimental in vitro model system to study GBM

tumour biology, we rationalized that in addition to examining differences in their DNAm
profiles, it may be informative to leverage the strength of our matched tissue design in our study
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to explore concordance in DNAm signal between BTICs and GBM tumours. To this end,
performed probewise Spearman’s correlations between matched samples and assessed how
DNAm concordance relates to DNAm variability between these samples. At increasing reference
range thresholds, we observed progressively greater enrichment of positively correlated CpGs
(Figure 3.4A). Of the 420,195 sites evaluated in our processed 450K dataset, 30,004 CpGs
(7.1%) were significantly correlated after multiple test correction (FDR ≤ 0.05). The majority
(29,875 out of 30,004; 99.6%) of these CpGs were highly positively correlated with correlation
coefficients ranging from 0.48 to 0.98. We enumerated the significantly correlated sites at
various thresholds of correlation coefficients and reference range, noting that there were 15
CpGs which exhibited high inter-individual DNAm variability (reference range ≥ 0.5) and high
positive correlation (Spearman rho ≥ 0.9) between matched BTICs and tumours (Figure 3.4B and
Supplementary Table 3.1). These CpGs may represent sites that are predictive of GBM tumour
DNAm when measured in BTICs. Contrary to the high proportion of positively correlated sites,
there were only 129 (0.4% of 30,004) sites which were negatively correlated with rho values
ranging from -0.48 to -0.64 (Supplementary Table 3.1). None of these negatively correlated sites
exhibited high inter-individual DNAm variability (reference range ≥ 0.5). Collectively, these
findings suggest that CpGs with greater variability were more likely to be positively correlated
between BTICs and tumours.
Given that prior work have suggested that strong concordance in DNAm signal between
tissues, particularly at variable CpGs, may be attributed to genetic variation, we speculated that a
proportion of our significantly correlated sites between BTICs and tumours may be under genetic
influence (75, 77, 79, 89, 292). To explore potential genetic contributions to DNAm concordance
between BTICs and GBM tumours, we assessed the degree of overlap between our 30,004
significantly correlated sites and 3619 CpGs that have been previously associated with mQTLs
across various human brain regions including cerebellum, frontal cortex, pons and temporal
cortex (79). We found a modest, yet significantly greater than expected by chance overlap (288
out of 30,004 sites, ~1%; p = 0.033) between our correlated sites and mQTL-associated CpGs in
brain tissues. Of note, the 288 overlapping sites which were associated with brain mQTLs
exhibited a subtle shift towards increased reference range values over non-mQTL-associated
CpGs, although the shift was not statistically significant (Mann-Whitney U test, p = 0. 21)
(Supplementary Figure 3.3). Taken together, these results indicated that shared genetic variation
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potentially contributes to DNAm concordance between BTICs and tumours, likely at variable
CpGs.

Figure 3.4 Identification of correlated CpGs between matched BTICs and GBM tumours.
A) Density distribution of Spearman’s correlation rho between matched BTICs and tumours showing progressively
higher enrichment of positively correlated CpGs at increasing reference range cut-offs. Reference range thresholds
were set at 0.05, 0.1, 0.2, 0.3, 0.4 and 0.5 (as indicated by the darkening purple hues). B) Scatterplot of DNAm for
tumour (x-axis) versus BTIC (y-axis) for 15 CpGs, which exhibited high inter-individual DNAm variability
(reference range ≥ 0.5) and high positive correlation (Spearman rho values indicated for each site) between matched
samples.
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3.3.6

The relationship between DNAm and gene expression at the MGMT promoter was

consistent between BTICs and GBM tumours
In addition to our unbiased comparison of genome-wide BTIC DNAm to matched tumour
DNAm, we were particularly interested in assessing biological variation at the MGMT gene
promoter, a well-established prognostic DNAm biomarker for GBM when measured in tumours
(222–224). As promoter methylation-mediated gene silencing of MGMT in GBM tumours is
associated with favourable outcomes, we sought to specifically interrogate both promoter DNAm
levels and gene expression levels of MGMT in BTICs and matched tumours (223, 224, 387, 397,
398). For DNAm measures, we focused on the MGMT promoter region at chr10:131,264,786131,265,769, a region that has been previously shown to have prognostic significance, which
was covered by 17 probes in our 450K dataset (387–389). Although this region was not
identified in our DMR analyses, we observed modest differential DNAm between BTICs and
GBM tumours across this promoter region, with BTICs possessing, on average, 15% higher
DNAm levels over tumours, though this difference was not statistically significant (p > 0.05)
(Figure 3.5A). Using RNA-Seq readouts of the MGMT locus, we found that BTICs had
significantly decreased MGMT gene expression levels (Wilcoxon signed-rank test, p = 2.83 x 107

) (Figure 3.5B). We performed correlation testing of site-specific DNAm measures in the

promoter region and MGMT gene expression readouts, finding that 10 out of the 17 tested CpGs
(53%) exhibited significant associations between DNAm levels and gene expression (Spearman
rank correlation, FDR ≤ 0.05) (Figure 3.5C). Of these, 5 sites were significantly negatively
correlated in both BTICs and GBM tumours. Most notably, the trend in relationship between
site-specific DNAm and gene expression measures was consistent between BTICs and matched
GBM tumours (Figure 3.5C). Together, these findings suggest that despite having differences in
gene-specific DNAm and mRNA levels, BTICs may be able to recapitulate the relationship
between site-specific DNAm and gene expression as matched GBM tumours, as demonstrated at
the prognostic MGMT promoter region.

73

Figure 3.5 The relationship between DNAm and gene expression at the MGMT promoter was consistent
between BTICs and GBM tumours.
A) Smoothened scatterplot of DNAm levels (beta values, y-axis) by genomic coordinate (x-axis) for the MGMT
promoter region at chr10:131,264,786-131,265,769 (Human Genome GRCh37/hg19 Assembly), which had an
average DNAm increase of 15% in BTICs (orange) over GBM tumours (green) across the region. MGMT gene
features of the genomic region are depicted in the schematic below (blue), along with underlying CpG island (green)
and regions assayed by methylation-specific (MS) PCR (MSP, purple) and MS-clone sequencing (MS-CSeq,
turquoise) (387, 388). B) Boxplot of MGMT RNA-Seq readouts (RPKM) (y-axis) for BTICs and tumours, showing
significantly lower expression levels in BTICs (orange) over matched tumour (green)(***p = 2.83 x 10-7, Wilcoxon
signed-rank test). C) Smoothened dot plot of Spearman correlation rho values between MGMT gene expression
(RPKM) and beta values of the 17 CpG probes from 450K dataset at MGMT promoter region (chr10:131,264,786131,265,769; Human Genome GRCh37/hg19 Assembly) (y-axis) ordered by genomic coordinate location (x-axis)
(relating to gene schematic from A). Sites indicated in red were significantly correlated between gene expression
and DNAm at FDR < 0.05 for both BTICs and tumours, sites indicated in blue denote significantly correlated sites
(FDR < 0.05) in BTICs exclusively and sites shown in green denote significantly associated sites (FDR < 0.05) in
tumours only.
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3.4

Discussion
The generation of patient-derived primary BTIC cultures offers a potential model system

to study GBM biology, particularly in terms of their molecular features. However, at present, it is
largely unclear how the epigenomes of these tumour-initiating cell subpopulations differ from
their parental bulk tumour tissue. In this study, we compared genome-wide DNAm profiles from
matched BTICs and bulk GBM tumours in terms of their site-specific levels, variability and
concordance. We observed substantial differences between paired BTICs and tumours in their
global DNAm profiles, identifying a differential HOX-enriched DNAm signature with multiple
homeobox genes from the HOXA, HOXC and HOXD clusters as well as other HOX gene family
members. Beyond DNAm levels, we also examined differences in DNAm variability, finding
that BTIC DNAm was more variable than tumours with increasingly variable CpGs more likely
to be positively correlated between matched samples and potentially under genetic influence.
Finally, we found that the association between DNAm and gene expression at the prognostic
MGMT promoter region was consistent between BTICs and tumours, suggesting that processes
implicated in transcriptional control may, to some extent, be conserved at certain regions
between BTICs and parental tumours. Overall, our data highlight DNAm as an additional
constituent in the biological variation between BTICs and bulk tumour tissue.
Our finding of a HOX-enriched differential methylation signature between BTICs and
matched tumour tissue expands on a body of work which implicates HOX gene dysregulation in
GBM pathogenesis and BTIC function (279, 376–379, 399–401). HOX genes are a highly
conserved family of genes encoding homeodomain transcription factors that are involved in the
regulation of body patterning during embryogenesis and throughout development (402). Previous
studies have linked aberrant overexpression of HOX genes with gliomagenesis and treatment
resistance (279, 399, 400). Notably, a stem-cell-related, gene expression signature dominated by
HOX genes is predictive of poor survival in GBM patients, irrespective of their age or tumour
MGMT DNAm status (377). Activation of this HOX expression signature in GBM occurs
through dysregulated action of epignenetic regulators such as Trithorax proteins at HOXA10 as
well as inappropriate PI3-kinase signaling through HOXA9 (378, 379, 401). We noted a strong
gene overlap between the HOX expression signature and our HOX-enriched DNAm alterations
(ie HOXD10, HOXD4, HOXD8, HOXA9, HOXA7 and HOXA10; 6 out of 26 loci; 23%).
Moreover, our observation of HOX-enriched hypermethylation in BTICs is consistent with
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previous reports of increased DNAm at HOX genes in BTICs over normal neural stem cells
(379). However, unlike previous comparisons to normal tissues, our work leverages the strength
of matched samples to highlight DNAm as a potential source of epigenetic variation between
bulk tumour tissue and BTIC cultures. As other forms of epigenetic regulation, including histone
modifications and microRNA activity, have been associated with the HOX expression signature,
it is tempting to speculate that differential DNAm may represent part of a larger, coordinated
epigenomic program that aberrantly alters HOX gene function to confer tumorigenic, stem-like
properties in BTICs over non-tumorigenic bulk tumour cells (376).
As intratumoural cellular heterogeneity is a key feature of GBM malignancy, we
anticipate that our differential DNAm findings may be attributed, in part, to cellular
heterogeneity. GBM tumours are highly heterogeneous in their cellular composition, consisting
of an admixture of neoplastic astrocytes, infiltrating immune cells and stromal components,
which can dilute the ‘tumoural purity’ of each tumour sample (403, 404). Within their malignant
fraction, GBM tumours contain cellular niches that are enriched for distinct functional properties
including resistance to DNA-damaging radiotherapy, adaptation to hypoxia, transient quiescence
and self-renewal (278, 405–409). In regards to their latter stem-like attributes of quiescence and
self-renewal, single-cell transcriptomic analysis of GBM samples has demonstrated that cellular
states within an in vivo tumour represent a continuous gradient of stemness features while in
vitro BTIC cultures emulate extremes of stem-like profiles (410). As our DNAm analyses were
performed on whole tumour resections and BTIC cultures, our findings of differential DNAm
levels and variability likely reflect both cell-type differences and stem-like states between
matched BTICs and bulk tumour cells. Although methods to deconvolute the ‘tumoural purity’
of solid tumours from DNAm profiles has been developed, it is unclear whether these
approaches would be applicable for primary cell cultures such as BTICs (404, 411).
Apart from differences in DNAm levels, our results also identified differences in DNAm
variability between matched BTICs and tumours. Specifically, we observed that nearly one-third
of all queried probes (131,307 out of 420,195; 31%) had differential DNAm variability between
BTICs and tumours, with the majority of sites having greater variability in BTICs over tumours.
The high proportion of variable CpGs is in line with previous studies which showed that unlike
their normal tissue counterparts, cancer samples exhibit highly variable CpG methylation levels
in a large proportion of the genome, indicating substantial stochastic DNAm variation in the
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tumour epigenome (374, 412). Our study also sought to delineate DNAm concordance between
matched BTICs and tumours, finding that strong positive correlation in DNAm signal were more
likely to occur at variable CpGs. Notably, these correlated sites tended to be enriched for CpGs
under genetic influence, as demonstrated by the overlap of correlated sites and previously
described mQTL-associated CpGs in the brain. Although we were underpowered to perform
mQTL analyses in our sample set, these findings suggest that 1) BTICs retain genomic
information from their parental parents, to the level of single nucleotide polymorphisms, as
shown in previous reports and 2) common genetic variation between BTICs and tumours may
have similar effects on DNAm levels between matched samples (368, 379). However, it is worth
noting that the previously described list of brain mQTL used in the enrichment analysis was
generated on the 27K Infinium array platform, which has reduced genomic coverage compared
to the 450K array (79). As our samples were analyzed on the larger 450K platform, our analyses
have likely underestimated the degree of overlap between the correlated sites and mQTLassociated CpGs in the brain.
Concordance in biological variation at the MGMT promoter is of particular interest in the
context of GBM, as promoter DNAm and subsequent silencing of MGMT expression in tumours
are well-accepted clinical indicators of response to alkylating chemotherapies and favourable
prognosis (222–224). Our finding that the association between site-specific DNAm and gene
expression measures was consistent between BTICs and matched GBM tumour suggests that
processes implicated in transcriptional control may, to some extent, be conserved at certain
regions between BTICs and parental tumours. Additionally, our data indicate that the prognostic
utility of the MGMT promoter region may be deployed in BTIC models, although we were
unable to directly test this hypothesis in survival analyses as patient outcomes were not available.
Of note, previous 450K profiling of the MGMT promoter in GBM tumours, also reported
prognostic significance for two of the same CpGs in our analysis (cg12434587 and cg12981137),
which underlie the region that was formerly interrogated by methylation-specific (MS) PCR and
MS-clone sequencing assays for clinical assessment (387–389).
It is worth noting that our study had a number of technical challenges and limitations.
Firstly, we were unable to resolve DNAm signal from other forms of DNA modifications, such
as DNA hydroxymethylation (DNAhm), because the bisulfite conversion process of DNA
generates composite measures of both canonical 5mC and 5hmC. Variation in DNAhm, which
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has been shown to exist at appreciable levels in human brain tissues and pluripotent stem cells,
may be particularly relevant in GBM pathology as the Ten-Eleven Translocation (TET) enzyme
that catalyzes 5hmC can be indirectly inhibited by the action of a commonly mutated gene in
gliomas, IDH1/2 (98, 117, 413–416). Thus, future work aimed at delineating 5hmC signal from
5mC levels may help clarify the relative contribution of these cytosine modifications to the
epigenetic variation in matched BTICs and GBM tumours. Our second limitation arises from the
fact that we are unable to rule out potential cell culture-induced artifacts in our DNAm data. It is
worth noting that these culture-induced effects have largely been attributed to passage number
and immortalization of cell lines, as opposed to primary cultures (286, 417, 418). Nevertheless,
we attempted to reduce in vitro culture-induced variation by ensuring a limited number of
passages (< 10) and uniform neurosphere assay conditions were used, as supported by the strong
average correlation (Spearman rho = 0.99) in genome-wide DNAm profiles between BTIC
replicates. Finally, as we were underpowered to perform genome-wide association analyses
between DNA sequence variation to DNAm in our samples, we were unable to determine
potential genetic regulation of DNAm, which has been demonstrated in other cancer types (419).
Despite these limitations, our study provides the starting groundwork for the exploration
of epigenetic variation between BTICs and parental GBM tumours. In our analyses, we observed
widespread, HOX-enriched DNAm alterations between BTICs and matched tumours as well as
potential conservation of DNAm-mediated gene silencing of MGMT prognostic marker between
matched samples. In this manner, BTICs may provide a unique opportunity to dually identify
novel therapeutic targets as well as implement existing prognostication strategies for GBM
management.
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Chapter 4: DNA methylation signatures of chronic alcohol dependence in
purified CD3+ T-cells of patients undergoing alcohol treatment
4.1

Background and Rationale
Alcohol dependence (AD) is a severe disorder that has long-lasting detrimental

consequences, resulting in considerable health, economic and societal burden. According to the
World Health Organization, alcohol related diseases account for approximately 3.3 million
deaths per year (WHO, 2014). Although this number is alarmingly high, studies indicate that
problematic drinking behaviour still is underestimated (420). To date, treatment options are
limited and the effectiveness of existing alcohol treatment programs is often less than optimal or
difficult to assess, warranting a need for improvement.
The pathogenesis of AD is complex and includes genetic as well as non-genetic factors.
Evidence is emerging that the interaction between underlying genetic factors and environmental
stimuli (gene x environment, GxE) in particular plays a major role in addiction-related disease
states(421–423). Such findings have prompted considerable inquiry into the biological basis of
GxE influences, with epigenetic regulation providing one of the most compelling candidate
mechanisms for the mediation of GxE effects (6, 10).
One of the most frequently studied epigenetic mechanisms is DNA methylation (DNAm),
which involves the covalent addition of a methyl group to the 5ʹ position of a cytosine, primarily
in the context of a cytosine-phosphate-guanine (CpG) dinucleotide. CpG dinucleotides are
especially prevalent in CpG islands, genomic regions of approximately 1000 base pairs (bp) with
a CG content greater than 50% (29). CpG islands are associated with 50–70% of human gene
promoters and increased DNAm in these regions is generally correlated with a decreased
transcription of the respective gene (26, 424). Furthermore, methylated regions adjacent to CpG
islands, called CpG island shores (up to 2 kb in either direction) or shelves (from 2 to 4 kb in
either direction), may contribute to and potentiate epigenetic effects on gene expression (39, 425,
426). In recent years, there has been increasing appreciation for the complexity of the
relationship between DNAm and gene expression regulation, which tends to be highly dependent
on genomic context (26, 38). DNAm profiles of genetic regions can vary substantially between
different cell types (427). It has been shown that after tissue origin, cellular heterogeneity within
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a tissue is a major driver of DNAm variance, highlighting the need to account for cellular
composition in DNAm analyses (59, 428).
Several biological factors including age, sex and ethnicity also have a profound impact
on DNAm patterns (429–431). In addition, a number of lifestyle-based environmental exposures,
including smoking and alcohol consumption, are associated with variation in DNAm (17–19,
184, 432–444). In particular, DNAm alterations in AD patients have been documented in a
number of epigenetic studies in human populations. For example, candidate gene analyses
reported differential DNAm of the dopamine and serotonin transporters, the nerve growth factor
NGF, leptin and most recently GDAP1 in AD patients compared to healthy controls (433, 435,
441, 443, 444). In the context of epigenome-wide association studies (EWAS), previous studies
found widespread AD-associated DNAm differences at single sites, differentially methylated
regions (DMRs) and in “bulk” DNAm, representing mean global total levels of DNAm (184,
434, 436–438, 442). One study assessed DNAm alterations in peripheral blood mononuclear
cells (PBMCs) of AD patients participating in a short-term alcohol treatment program compared
to healthy controls, and reported differential methylation at 56 CpG sites in patients prior to
treatment compared to controls. Although no statistically significant DNAm differences were
observed in patients before and after the alcohol treatment program, 49 of the 56 differential sites
reverted back in patients post-treatment to levels similar to controls (432). Together, these previous studies identified a multitude of AD-associated differentially methylated sites, however, they
did not account for cell type heterogeneity in their analyses, thereby potentially resulting in
associations that are confounded by inter- and intra-individual differences in cellular
composition. Most recently, a study involving 13,317 participants from 13 distinct cohorts
analysed DNAm profiles in monocytes and whole blood. This analysis, which was adjusted for
cell composition, revealed hundreds of AD-associated differentially methylated CpG sites (438).
Although all these previous studies support a potential link between DNAm variation and
AD, a number of questions have yet to be explored: I) Are there signatures of AD in a diseaserelevant blood cell type? II) Does treatment result in reversion of differential DNAm back to the
levels found in controls? III) Importantly, can such AD-associated differential DNAm be
replicated in independent cohorts, signifying the robustness of the identified genome-wide hits,
and IV) Can the differential DNAm from a purified blood cell type also be detected in whole
blood samples, indicating the potential relevance of these associations in other blood cell types?
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To address these questions, we assessed genome-wide DNAm profiles of purified CD3+
T-cells of a well-characterized cohort of long-term chronic AD patients participating in a clinical
3-week alcohol treatment program, along with the profiles of healthy controls closely matched
for sex, age, ethnicity and smoking behaviour. We restricted our analyses to T-cells due to the
known effects of chronic alcohol abuse in modulating the number, activity and relative subtype
abundance levels of these immune cells (445). For example, short-term binge drinkers as well as
chronic AD patients exhibit a reduced number of peripheral T-cells (446). In addition, a shift
from CD4+ and CD8+ naïve T-cells towards memory T-cells is observed in AD patients (447).
Furthermore, alcohol consumption influences T-cell activation, leading to elevated numbers of
activated CD8+ T-cells, which may contribute to chronic inflammation (445, 447). For these
reasons, heightened susceptibility to infections, including tuberculosis, pneumonia and HIV is
observed in those patients (445, 448). T-cells have also been used previously in similar
epigenetic studies due to their regulatory function in neuroimmune mechanisms (181, 449).
Furthermore, by comparing the patients before and after 3 weeks of participating in a clinical
alcohol treatment program, we sought to identify differentially methylated sites that may play a
potential role in alcohol withdrawal and early recovery. In order to test whether our findings
were robust, we validated four of our top-ranked hits by pyrosequencing, replicated the topranking hits in an independent second cohort of AD patients and matched controls and
additionally confirmed the top-ranking hits in whole blood DNA of our cohort samples.

4.2
4.2.1

Materials and Methods
Study cohorts
The discovery study cohort was comprised of 24 male AD patients (mean age 47.5 ± 10.1

years) participating in a 3-week in-patient alcohol treatment program at the Clinic for Psychiatry
and Psychotherapy in Tuebingen, Germany. AD was diagnosed according to the fourth edition of
the Diagnostic and Statistical Manual of Mental Disorders (DSM-IV). Twenty-three population
based, sex- and age-matched healthy controls (mean age 46.9 ± 10.3 years) were recruited from
Tuebingen and the surrounding area. The replication study cohort was comprised of 13 male AD
patients (mean age 50.9 ± 9.1 years) and 12 matched healthy controls (mean age 45.3 ± 16.2
years). In addition, the smoking behaviour (measured as cigarettes per day) of both groups was
matched. Subjects with a dependence other than nicotine and patients with any psychiatric
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disorder necessitating psychotropic medication were excluded from the study. All subjects were
of Caucasian origin and gave written informed consent after recovering from alcohol intoxication
(patients) or prior to participation in the study (controls), which was approved by the ethics
committee of the University of Tuebingen and was conducted in accordance with the Declaration
of Helsinki.
After recovery from alcohol intoxication and at the time of study inclusion, respectively
(time point 1, T1), patients and controls answered a self-administered phenotypic and
demographic questionnaire, the Alcohol Use Disorder Identification Test (AUDIT), assessing
alcohol consumption, and the Symptom Checklist-90-R (SCL- 90-R) questionnaire, assessing the
global distress level (GSI) (450, 451). Patients also answered the obsessive compulsive drinking
scale (OCDS-G) questionnaire, reflecting obsession and compulsivity related to craving and
drinking behavior (452). OCDS-G and SCL-90-R were reassessed after three weeks (± 2 days) of
participation in the alcohol treatment program (time point 2, T2). Controls with AUDIT scores
>15 were excluded, as a higher value is suggestive for problematic alcohol intake.
At T1 and T2, peripheral venous blood was drawn from patients in
Ethylenediaminetetraacetic (EDTA) and Mononuclear Cell Preparation tubes (CPT, both BD,
Franklin Lakes, NJ, USA). EDTA and CPT blood samples from the controls were drawn at study
inclusion. Samples for whole blood DNA extraction were kept at −80 °C until further usage.

4.2.2

CD3+ T-cell purification and DNA isolation
Immediately after blood draw, PBMCs were first separated via centrifugation of the CPT

tubes for 20 min at 1650 × g. CD3+ T-cells were then purified from PBMCs following the
positive isolation protocol using Dynabeads CD3 (Invitrogen, Carlsbad, CA, USA). The cells
were subsequently lysed and DNA was prepared using the QIAamp DNA Mini Kit (Qiagen,
Hilden, Germany) according to standard protocol.
4.2.3

Bisulfite conversion and Illumina 450K DNAm arrays
T-cell DNA (750 ng) was bisulfite converted using the Zymo Research EZ DNA

Methylation Kit (Zymo Research, Irvine, CA, USA). DNA yield and purity was assessed using a
Nanodrop ND-1000 (Thermo Fisher Scientific, Waltham, MA, USA). Samples were
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subsequently randomized and 160 ng of bisulfite-converted DNA was applied to the Illumina
Infinium HumanMethylation450K (450 K) Beadchip array, as per manufacturer’s protocols
(Illumina, San Diego, CA, USA)(129).
4.2.4

DNAm array data quality control and normalization
Quality control, processing and differential DNAm analysis of 450K array data was

performed as previously described (453, 454). Briefly, raw intensity values from the arrays were
imported into Illumina GenomeStudio V2011.1 software and subjected to initial quality control
checks for array staining, extension and bisulfite conversion followed by color correction and
background adjustment using control probes contained on the 450K array. Subsequent
processing and analysis were performed in R Version 3.2.1 (http://www.r-project.org). Profiles
from 65 probes targeting single nucleotide polymorphisms (SNPs) were used to ensure T1 and
T2 samples were indeed matched from the same individual. The 65 SNP probes were also
filtered out of the dataset. Additional probe filtering was performed in which poor performing
probes including those with detection P-values greater than 0.01, probes with missing beta
values, and probes for which less than three beads contributed to the signal in any sample were
eliminated (a total of 13 903). Recent re-annotation of the Illumina 450K array was used to filter
19 343 probes that are known to be polymorphic at the target CpG (324). Probes which have
nonspecific in silico binding to the sex chromosomes were assessed in a post-hoc analysis
following differential DNAm analysis to ensure they did not overlap with identified hits (324).
Together, quality control checks eliminated 33 311 probes, leaving a total of 452 266 probes for
further analysis. Following quality control processing, quantile normalization was conducted
using the lumi R package after assessment using the quantro package indicated that quantile
normalization was appropriate for this dataset (325, 382). Differences between Type I and Type
II probes on the 450K array were normalized using Subset-quantile Within Array Normalization
(SWAN)(326). ComBat was then used to remove chip and row effects, while protecting sample
group. Removal of technical variation was assessed by principal component analysis (PCA)
(327).
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4.2.5

Blood cell type deconvolution
To test for potential contamination of bead-purified CD3+ T-cell samples by other blood

cell types, a well-established algorithm was used to bioinformatically estimate cell type
composition based on underlying reference DNAm profiles (63, 455). In addition, the 450K data
was subjected to advanced DNA methylation age analysis in blood using a publicly available
DNA methylation age predictor tool in order to obtain predicted abundance measures of
additional blood cell types including plasma blasts, CD8+CD28-CD45RA- (memory and effector)
T-cells, naïve CD8+ T-cells and naïve CD4+ T-cells (322). Upon detection of potential non-T-cell
contamination in a fraction of samples, we removed this cell-type composition variation by
regressing probewise DNAm on estimated cell type proportions, as previously described (456).
The residuals of each regression model were applied to the mean value of each data series to
obtain the ‘corrected’ DNAm data. PCA was subsequently used to check that the presence of the
cell type proportions in DNAm variation was minimal in the corrected dataset. PCA was
additionally used to check for correlation of other known meta-variables (i.e. sample group, age,
daily smoking) with the underlying DNAm patterns of the uncorrected and corrected 450K
datasets, respectively. Note that for all PCA analyses, the top-ranking PC (denoted as PC0) was
negated as it is not informative of inter-individual variance in the DNAm data (38).
4.2.6

Differential DNAm analyses of 450K dataset
The cell-type corrected 450K dataset was subsetted into controls versus patients (T1),

patients (T1) versus patients (T2) and controls versus patients (T2) sample sets, respectively,
prior to differential DNAm analysis. In the genome-wide analyses, differentially methylated
probes were identified using the R limma package’s moderated t-statistics with empirical
Bayesian variance estimation (331). Specifically, in the comparison of controls versus patients
(T1), a linear model was fit for each probe’s DNAm measures with sample group as the main
effect, adjusted for age and smoking levels. In the comparison of patients (T1) and patients (T2)
samples, differentially methylated probes were identified using paired testing in linear regression
analysis. For both of these comparisons, differentially methylated regions (DMRs) were detected
using DMRcate package which uses the moderated t-statistics generated in their respective
limma analyses (457). In the comparison of controls versus patients (T2), we sought to assess
which differentially methylated sites between controls and patients (T1) exhibited reversion in
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the patient (T2) samples such that their DNAm levels were comparable to controls. To address
this, we specifically tested the 59 hits identified between controls versus patients (T1) (FDR <
0.1 and DNAm difference > 5%) by fitting individual linear models for each of the 59 probes.
For all tests, the resulting P-values were adjusted using the Benjamini-Hochberg False Discovery
Rate (FDR) method (332). All statistical analyses were performed on transformed M-values
(334). The 450 K data has been made publicly available on the Gene Expression Omnibus
database (GSE98876).
4.2.7

Pyrosequencing-based validation and replication in T-cells
500 ng T-cell DNA was bisulfite-converted using the Epitect Fast Bisulfite Conversion

Kit (Qiagen) as described earlier (441). For amplification of the region of interest, PCR was
conducted using the PyroMark PCR Kit (Qiagen) with the following primers: forward (fwd): 5ʹGTTATGGTTGGGTTTTTGGG-3ʹ, reverse (rev): 5ʹ-BioCCTATCTCCTCAAACAAAAACTAAAAA-3ʹ, sequencing (seq): 5ʹAGTTAGGGATTATAGTGTAGTTG-3ʹ (cg07280807); fwd: 5ʹGTGTTTGTGGGAATGTTTTTTATA-3ʹ, rev: 5ʹ-BioCACACTACACTTTCATTTTCTATCAA-3ʹ, seq: 5ʹTTTTTAGATATATAAATTTTTTTTTT-3ʹ (cg18752527) and fwd/seq: 5ʹGTTATTTATAAAGGAGGGTGAGATTA-3ʹ, rev: 5ʹ-BioAACCACTACTCCTATAAAACCCCAC-3ʹ (cg16529483/cg24496423). A detailed list of PCR
primers and programs is provided in Supplementary Table 4.4. Specificity of the PCR was
verified by agarose gel electrophoresis including a negative control. Pyrosequencing was
conducted on a PyroMark Q24 according to standard protocol using PyroMark Gold Reagents
(both Qiagen). Each sample was measured in triplicates; an intra-sample deviation of ≥3% led to
the exclusion of the deviating measurement. For each site, measurements of DNA with known
methylation levels of 0%, 25%, 50%, 75% and 100% were obtained (Epitect Control DNA,
Qiagen). Correlations between the 450 K dataset and pyrosequencing were tested using the
Spearman’s correlation test.
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4.2.8

Pyrosequencing-based validation and replication in whole blood
DNA was prepared from EDTA tubes using QIAamp DNA Blood Maxi Kit (Qiagen)

according to manufacturer’s protocol. Afterwards, bisulfite conversion and pyrosequencing was
carried out as described above.
4.2.9

Questionnaire evaluation
The AUDIT score is the sum of all 10 items of the questionnaire. The GSI score

represents the sum of all the subscales of the SCL-90-R divided by the number of answered
items (usually 90). For the OCDS score, the higher value of four item pairs (Items 1 and 2, 7 and
8, 9 and 10, and 12 and 13) was added up with the remaining items, leading to a potential range
of 0 to 40. Up to one missing item was allowed and replaced by adding the mean of all other
items.

4.3

Results

4.3.1

Study cohorts and DNAm array normalization
To identify AD-associated DNAm variation, we utilized a discovery and replication

cohort of AD patients and healthy controls, who were closely matched for age, sex and smoking
behaviour. Demographic and AD-relevant characteristics as well as AUDIT and GSI scores of
both cohorts are provided in Table 4.1A-B. To measure the effectiveness of the 3-week alcohol
treatment program, we compared both GSI and OCDS scores in the discovery cohort at the
beginning and after treatment. We found that both values decreased significantly, indicating a
reduced alcohol craving and a better overall psychological well-being post-treatment (Table
4.1C).
In order to assess the association of AD with genome-wide DNAm in our discovery
cohort, we measured site-specific DNAm at over 450,000 CpGs using the Illumina 450 K array.
To test for potential cellular heterogeneity in the bead-purified CD3+ T-cell samples, we used the
Houseman blood deconvolution algorithm to estimate cell-type proportions, observing up to 32%
of contaminating non-T-cell DNA in a fraction of our samples, although these proportions were
not correlated with group status (Supplementary Figure 4.1). Regression-based adjustment of
450 K data resulted in the removal of these cell type associations as assessed by PCA
(Supplementary Figure 4.2). The adjusted dataset thereby represented DNAm profiles from T86

cells whose inter-individual cell type differences had been normalized to the best of our abilities
for subsequent analyses.

age
active smokers
cigarettes per day
Years of alcohol dependence
Days since last drink before
hospital admission
Standard drinks consumed each
day in the week before hospital
admission
AUDIT
GSI

a) Discovery study cohort
Controls
Patients
P-value
(N = 23)
(N = 24)

b) Replication study cohort
Controls
Patients
P-value
(N = 12)
(N = 13)

46.9 ± 10.3
18 (78%)
13.8 ± 12.6

45.3 ± 16.2
8 (67%)
8.9 ± 8.0

47.5 ± 10.1
19 (79%)
15.2 ± 10.7
10.6 ± 9.4
1.2 ± 0.6

0.8
0.9
0.7

13.7 ± 8.3

5.9 ± 3.8
0.15 ± 0.14

24 ± 6.5
0.72 ± 0.45

50.9 ± 9.1
9 (69%)
10.5 ± 9.4
14.6 ± 11.7
0.3 ± 0.4

0.4
0.9
0.7

19 ± 11.4

4E-15
6E-07

2.8 ± 2.3
0.10 ± 0.09

28.0 ± 4.9
0.11 ± 0.10

3E-14
0.9

c) Results after 3-week alcohol treatment in the discovery cohort
Patients (T1)
Patients (T2)
P-value (paired
testing)
GSI
OCDS

0.72 ± 0.45
19.3 ± 6.6

0.41 ± 0.52
12.0 ± 4.9

0.036
3E-05

Table 4.1 Description of a) the discovery study cohort and b) the replication study cohort. c) Results after 3week alcohol treatment program in the discovery cohort.
Errors are given as standard deviation. Abbreviations: AUDIT, alcohol use disorder identification test; GSI, global
severity index; OCDS, obsessive compulsive drinking scale.

4.3.2

Identification of AD-associated differential DNAm
Based on site-specific analyses of the T-cell DNAm array profiles, we identified 59

differentially methylated CpG sites between patients (T1) and controls with DNAm differences
(Δ-beta) of at least 5% to increase the likelihood of biological relevance (FDR < 0.1). Of these
59 hits, 28 sites showed higher methylation, while 31 sites had lower methylation in patients
compared to controls. Differences in DNAm ranged from 5 to 14% (Figure 4.1A). The top 10
hits, ranked by Benjamini-Hochberg (BH)-adjusted P-value significance, are listed in Table
4.2A. A complete list of all 59 significant hits (FDR < 0.1) is provided in Supplementary Table
4.1. The top-ranked hit (cg18752527) exhibited a DNAm difference of 6.6% and was located
within the intragenic region of the HECW2 gene.
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In addition to single CpG sites, we identified 29 significant DMRs (FDR < 0.01, Δ-beta >
5%) using DMRCate. These DMRs contained 153 CpG sites, of which 8 were also identified as
differentially methylated in the site-specific analysis between controls and patients (T1)
(Supplementary Table 4.2). Interestingly, 4 of these overlapping 8 hits were in the SRPK3 gene
region (Figure 1B).

Figure 4.1 Differential sites and regions identified in the 450 K array analyses.
(a) Volcano plot depicting differences in DNAm levels between controls and patient (T1) for each probe in the
corrected 450 K dataset (indicated on X axis) against FDR (indicated on Y axis, on –log10 scale). Dashed horizontal
line denotes FDR threshold of 0.1 while dashed vertical lines denote DNAm difference thresholds of −0.05 and
0.05, respectively. (b) Differential DNAm detected by DMRcate in the promoter region of the SRPK3 gene
(chrX:153, 046, 386–153, 046, 482). (c) Volcano plot depicting differences in DNAm levels between patients (T1)
and patients (T2) as described in panel (a). (d) DNAm levels of seven sites which show reversion of DNAm posttreatment.***Indicate an FDR < 0.001.
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a) Differentially methylated sites between Controls and Patients (T1)
Probe ID

Gene

Region

cg18752527*

HECW2

intragenic

cg08109624

Average
beta
Controls

Δ-beta

P-Value

BHadjusted
P-value

0.342

Average
beta
Patients
(T1)
0.276

0.066

4.30E-07

0.0213

intergenic

0.760

0.817

-0.057

8.15E-07

0.0234

cg10168086

intergenic

0.535

0.484

0.051

1.24E-06

0.0256

cg07280807*

intergenic

0.755

0.822

-0.068

2.44E-06

0.0366

cg12173150

intergenic

0.321

0.385

-0.064

3.02E-06

0.0370

cg01059398

TNFSF10

intragenic

0.261

0.209

0.052

1.07E-05

0.0627

cg17940902

HLA-DMA

promoter

0.399

0.450

-0.051

1.19E-05

0.0640

cg22778903

MX2

intragenic

0.304

0.355

-0.051

1.34E-05

0.0666

cg14612335

SKIL

promoter

0.423

0.368

0.055

1.38E-05

0.0666

intergenic

0.600

0.549

0.051

1.51E-05

0.0691

cg11580026

b) Differentially methylated sites between Patients (T1) and Patients (T2)
Probe ID

Gene

Region

cg15500907

LAMA4

intragenic

Average
beta
Patients
(T1)
0.485

cg05266321

CCR2

intragenic

cg13279700

C6orf10

cg14054990

KRTAP19-5

cg21049302

Average
beta
Patients
(T2)
0.542

Δ-beta

P-Value

BHadjusted
P-value

-0.056

1.01E-06

0.0323

0.545

0.606

-0.061

4.63E-06

0.0487

intragenic

0.481

0.544

-0.063

1.76E-05

0.0561

promoter

0.431

0.482

-0.052

1.84E-05

0.0565

intergenic

0.466

0.522

-0.056

1.98E-05

0.0565

cg17022548

NRG2

intragenic

0.204

0.258

-0.054

1.99E-05

0.0565

cg22472360

TRIO

intragenic

0.514

0.569

-0.055

2.09E-05

0.0569

cg07920414

RIMS3

intragenic

0.438

0.493

-0.055

2.18E-05

0.0572

intergenic

0.378

0.429

-0.051

2.54E-05

0.0590

intragenic

0.462

0.519

-0.057

2.68E-05

0.0590

cg04088338
cg12240358

HOMER2

Table 4.2 Top 10 differentially methylated sites a) between controls and patients (T1) and b) between patients
(T1) and patients (T2).
Probe IDs marked with an asterisk were validated by pyrosequencing. Abbreviations: Average beta, mean
methylation values (%); Benjamini-Hochberg (BH) adjusted P-value.

4.3.3

Treatment-related alterations in T-cell DNAm profiles

To identify differentially methylated sites potentially playing an important role in alcohol
withdrawal and early recovery in AD patients, we compared genome-wide T-cell DNAm profiles
of patients before (T1) and after 3 weeks (T2) of participation in an alcohol treatment program.
Using paired testing in our site-specific analyses, we identified 48 differentially methylated sites
between patients (T1) and patients (T2), all of which showed increased methylation at T2
ranging from 5 to 12% difference (FDR < 0.1, Δ-beta > 5%) (Figure 4.1C, Supplementary Table
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4.3). The top 10 hits are listed in Table 4.2B. Utilizing the same threshold as before, we did not
observe any DMRs in patients before and after treatment.
4.3.4

Post-treatment reversion of differentially methylated sites

To examine whether AD-associated DNAm is influenced by a 3-week alcohol treatment
program, we assessed DNAm levels in patients post-treatment at the 59 sites identified in the
analysis comparing controls and patients (T1). After the treatment (T2), the DNAm levels of 7
out of 59 sites reverted back to a level where they no longer significantly differed from controls
(Figure 4.1D). Based on paired testing, we determined that these 7 sites were indeed
differentially methylated between patients (T1) and patients (T2). Moreover, 32 CpG sites
showed a trend to revert back, though not significant at an FDR < 0.1. The DNAm levels of the
remaining 20 sites did not change from T1 to T2.
4.3.5

Assessment of mean global DNAm differences between groups
Given the unidirectional change in our site-specific analysis of patients before and after

treatment, particularly at AD-associated sites which showed post-treatment reversion, we next
examined if this trend was related to AD-associated differences in mean global DNAm. Here we
defined mean global DNAm as the calculated average of DNAm values across all sites in each
sample. We found that although the result was only nominally statistically significant, prior to
the alcohol treatment (T1), mean global DNAm was lower in patients compared to controls (P =
0.048, Mann-Whitney U test). However, at the end of treatment (T2), global DNAm of the
patients approximated the levels seen in controls and no longer differed significantly from
controls (Figure 4.2A). This finding was consistent with the unidirectional differences, in that all
significant sites between patients before and after treatment showed increased methylation at T2
in the site-specific analysis, and supported the observed post-treatment reversion of ADassociated sites. Of note, these differences in mean global DNAm are unlikely to be driven by
batch effects or other sources of technical variation due to the fact that all samples were run in a
randomized manner on the same set of arrays.
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Figure 4.2 Mean global DNAm differences and naïve T-cell subtype differences between groups.
(a) Patients (T1) showed significantly decreased mean global DNAm levels compared to controls (P = 0.048, MannWhitney U test). Differences between controls vs. patients (T2) and patients (T1) vs. patients (T2) were not
significant. (b) Abundance levels of naïve CD8+ and CD4+ T-cells were predicted using an advanced blood DNA
methylation age prediction tool. Both naïve T-cell subtypes significantly increased post-treatment in patients
(**Indicates an FDR < 0.01, Wilcoxon signed-rank test) but were not significantly different between controls and
patients at either time point.

4.3.6

Differences in naïve T-cell subtype abundances between groups
To evaluate if there were differences in underlying T-cell subtypes between the groups,

we estimated abundance measures of additional blood cell subsets using an advanced blood
analysis option for an epigenetic clock prediction tool on our T-cell 450 K profiles (322). We
observed that the predicted abundance levels of both CD4+ and CD8+ naïve T-cell subsets significantly increased post-treatment in AD patients (FDR < 0.01, Wilcoxon signed rank test) (Figure
4.2B). However, the abundance of these naïve T-cell subtypes was not statistically significantly
different between controls and patients at either time point.
4.3.7

Validation of AD-associated differential DNAm by pyrosequencing
To verify the results from the 450 K dataset, we selected two top-ranking differentially

methylated sites between controls and patients (T1) (cg18752527 in the HECW2 gene and
cg07280807 in an intergenic region) for validation using pyrosequencing as an independent
readout of DNAm measures. We additionally validated two promoter CpGs of SRPK3
(cg16529483 and cg24496423) since differential methylation in the SRPK3 gene region was
found to be a robust finding in our DMRcate analyses. We were able to confirm significant
differences between controls and patients (T1) at all 4 sites, as shown in Figure 4.3A (Student’s
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t-test, FDR < 0.01). Although Bland-Altman plots showed a general bias for lower methylation
levels measured by pyrosequencing (Supplementary Figure 4.3), the correlation in measurements
between the two methodologies was highly concordant for all 4 sites (Spearman’s correlation rs >
0.7, FDR < 0.001) (Supplementary Figure 4.3).

Figure 4.3 Validation and replication of top-ranking hits by pyrosequencing.
(a) Boxplots showing differences in DNAm levels of discovery cohort T-cell samples as measured by
pyrosequencing (FDR < 0.01, Student’s t-test). (b) Two top-ranked hits (cg07280807 and cg18752527) were
verified as being differentially methylated in T-cell samples of the replication cohort (FDR < 0.05, one-sided t-test).
(c) Verification of differential methylation of cg18752527 (HECW2) in the discovery (left) and the replication
cohort (right) in DNA derived from whole blood (FDR < 0.05, two-sided t-test). (d) Verification of cg16529483 and
cg24496423 (SRPK3) differential methylation in the discovery cohort in DNA derived from whole blood (FDR <
0.01, two-sided t-test).
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4.3.8

Replication of AD-associated differential DNAm in an independent cohort
To further test the robustness of our EWAS findings, we analysed the previously

mentioned 4 sites in T-cells of an independent replication cohort by pyrosequencing. The two
top-ranking hits, cg07280807 in an intergenic region and cg18752527 in HECW2, were
differentially methylated in the replication cohort (FDR < 0.05, one-sided t-test) (Figure 4.3B).
However, the two sites within the SRPK3 promoter region (cg16529483 and cg24496423) did
not replicate in this cohort, likely due to insufficient power with the low sample size in this
cohort, but showed a trend in the same direction as in the discovery cohort.
4.3.9

Analysis of differential DNAm in whole blood
To identify sites that are not only differentially methylated in T-cells, but also in whole

blood DNA, we sought to reproduce our most robust EWAS findings from T-cells in whole
blood DNA samples of both our discovery and replication cohorts. Therefore, we analysed
DNAm of the 4 previously mentioned sites in whole blood samples by pyrosequencing. We
observed differential methylation of cg18752527 in the intragenic region of HECW2 between
controls and patients (T1) in both cohorts (FDR < 0.05, Student’s t-test) (Figure 4.3C).
Furthermore, similar to the findings from T-cells, the two sites within the SRPK3 promoter
region (cg16529483 and cg24496423) were differentially methylated in whole blood samples of
the discovery cohort (Figure 4.3D), but not of the replication cohort. We found that differential
DNAm of cg07280807 did not replicate in whole blood of either cohort. Using a previous 450 K
dataset of purified blood cell types, we confirmed that the DNAm status of cg18752527 in
HECW2 was highly associated with T-cells, along with NK cells, suggesting that the DNAm
differences we measured in whole blood were driven, in part, by T-cells (P = 7.6E-15, ANOVA)
(Supplementary Figure 4.4) (458). The DNAm statuses of the two sites in the SRPK3 promoter
were not associated with any specific cell type (Supplementary Figure 4.4).
4.4

Discussion
By analysing genome-wide DNAm profiles of purified CD3+ T-cells using the Illumina

450 K array, we found 59 CpG sites to be differentially methylated in a group of 24 alcohol
dependent patients compared to 23 closely matched healthy controls. These site-specific hits
showed considerable overlap to detected DMRs, suggesting that the results were not contingent
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on the analytical approach used. Furthermore, we discovered 48 sites that were differentially
methylated between AD patients at the time of hospital admission (T1) and after 3 weeks (T2) of
participation in an alcohol treatment program and showed a reversion of some of the ADassociated sites post-treatment. In addition, we were able to validate four of the top-ranking ADassociated hits by pyrosequencing, and replicate two of them in an independent cohort. Finally,
we found the top-ranked hits in HECW2 (cg18752527) and SRPK3 (cg16529483 and
cg24496423) to be differentially methylated in whole blood, signifying the potential relevance of
these associations in other blood cell types. To our knowledge, this is the first study to assess and
replicate alcohol-associated differential DNAm in purified T-cells and to assess DNAm variation
that may be related to early recovery from AD in closely matched human population cohorts.
EWAS pose an excellent hypothesis-free opportunity to identify as yet undiscovered
disease-associated genes. Our EWAS findings of AD-associated differential DNAm revealed
both site-specific and regional differences between patients before treatment and matched
controls in a clinically relevant cell type. The observed bi-directional patterns of changes are
consistent with previous evidence of AD-associated differential DNAm (432, 434, 436, 438,
442) However, our findings derived from T-cells did not overlap with previously reported
associations of AD with DNAm (432, 434, 436, 438, 442). This can at least in part be explained
by the use of heterogeneous biological material (i.e. whole blood, PBMCs), differences in the
cohorts used or in the strategies applied to match patients and controls as well as by varying
methodologies for DNAm measurement, with reduced or discordant coverage of CpG sites in
previous studies compared to the present study (432, 434, 436, 442). However, our top-ranking
hits in HECW2 and SRPK3 might contribute to reveal mechanisms that may play a role in AD.
HECW2 is a HECT-type E3 ubiquitin ligase involved in the cellular stress response (459, 460).
This finding is in line with previous evidence for the role of epigenetic regulation of cellular
stress response genes in AD, such as GDAP1, which was identified in a previous EWAS and
subsequently replicated in whole blood samples derived from an independent cohort (432, 441).
However, GDAP1 did not come up in this present analysis using DNA isolated from purified Tcells. Presumably, the previously described differential methylation of GDAP1 in whole blood is
driven by another cell type other than T-cells. SRPK3 encodes a serine/arginine protein kinase
and is essential for the development of the skeletal muscle (461). It was shown that the
drosophila homolog SRPK79D plays an important role in the function of synapses (462).
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Although an association between SRPK3 and the nervous system in humans has not been
described so far, the high homology between SRPK79D and SRPK3 (65%) makes an as yet
uncharacterized role in the nervous system possible.
In addition to the assessment of AD-associated differential DNAm in T-cells prior to
alcohol treatment, we also examined treatment-related site-specific alterations in DNAm by
comparing DNAm profiles in T-cells of patients before (T1) and after a 3-week alcohol treatment
(T2). Our findings include numerous sites in which DNAm in patients (T2) reverts back to levels
comparable to those observed in controls. More specifically, we showed post-treatment DNAm
reversion (at 7 sites) or partial reversion (at 32 sites) back to control levels. These findings
confirm the results of a previous pilot study, which also showed reversion of DNAm after a short
term alcohol treatment program (432). Other epigenetic studies in human populations
investigating the effect of short-term treatments, including exercise or dietary interventions, on
DNAm of relevant tissues have identified similar numbers of site-specific DNAm changes with a
comparable magnitude of effect sizes to our findings (463, 464).
Based on our assessment of mean global DNAm, measured as averaged methylation
across all interrogated CpGs, we found that global DNAm levels were significantly lower in
patients prior to the alcohol treatment compared to controls. Following alcohol treatment, the
mean global DNAm of patients no longer differed significantly from controls. These results are
in accordance with the unidirectionality of our treatment-related hits, with all significant sites
exhibiting increased DNAm after treatment, and with our site-specific findings that numerous
AD-associated CpGs exhibited post-treatment reversion to levels comparable to controls. The
reduction in mean global DNAm observed in AD patients is supported by previous studies,
which also demonstrated decreased methylation (437, 438). It has been hypothesized that such
alcohol-associated decreases in global DNAm are attributed to the lack of methionine adenosyl
transferase regulation in AD patients (427, 465). However, in contrast, earlier studies have
postulated that due to the higher homocysteine levels in AD patients, global DNAm patterns
should be elevated, although such associations have not been confirmed (466, 467). The lack of
consensus in regard to alterations in alcohol-related global DNAm measures highlights the need
for further investigation into the biological mechanisms underlying global DNAm patterns in AD
patients.
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Using bioinformatic predictions from our T-cell DNAm profiles, we observed a
significant increase in naive CD4+ and CD8+ T-cell subsets post-treatment, which is consistent
with evidence of decreased frequencies of these naïve T-cell subtypes due to chronic AD and a
resultant restoration of peripheral T-cell numbers following short-term alcohol abstinence (445–
447). These findings, along with known effects of alcohol dependence on T-cell homeostasis,
proliferation and activation, highlight the importance of understanding alcohol-related effects on
T-cell-specific biology, particularly in the context of AD pathophysiology and treatment, of
which our study serves as the first to profile such AD-associated changes on the T-cell
epigenome (447, 468).
In order to verify that our results are robust and largely reflective of potential biological
variation as opposed to technical variation, we took a number of precautions in our analyses,
including I) constraining our hits to sites with DNAm differences greater than 5% between
groups in order to increase the likelihood of biological relevance, II) confirming 450 K measures
by pyrosequencing and III) validating top-ranked hits by pyrosequencing in an independent
replication cohort. Although we observed a general bias between the two methodologies, in
which the pyrosequencing measures were lower than 450 K values, there was high concordance
of measures between the two methods and we were still able to detect significant differences in
DNAm between groups, signifying the strength of our results. Moreover, we were able to
confirm three top-ranking hits from purified T-cells in whole blood, further strengthening the
robustness of our findings and highlighting their potential importance in AD.
It is important to note that our study had a few inherent limitations. Firstly, using
bioinformatic cell type predictions, we detected notable levels (up to 32%) of cellular
contamination in our bead-purified T-cell samples. This is consistent with previous work which
confirmed the presence of cellular heterogeneity in samples even after purification using cell
surface markers (469). We removed cell heterogeneity using a regression-based method, thereby
ensuring inter-individual differences in cell composition were normalized in our dataset prior to
DNAm analyses. Secondly, our analyses were limited by a rather small sample size. To work
around this limitation, we utilized a relaxed FDR threshold in the differential methylation
modelling to capture more potentially biologically relevant sites and focused on validating and
replicating our top-ranked hits to ensure these results were robust. Although we were able to
validate the hits within the SRPK3 promoter by pyrosequencing in T-cell and whole blood
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samples of the discovery cohort, we could not replicate the differential DNAm of SRPK3 in our
second cohort, unlike our findings for HECW2. This probably results from insufficient statistical
power due to the low sample size of the replication cohort. We acknowledge that the small
samples size analysed in our study could also hinder successful validation of our results in future
studies. The phenomenon of non-replication could also be observed in previous transcriptomewide studies in human populations of AD patients and control individuals, where the overlap
between the individual studies was fairly small (470, 471). However, by technically validating
and replicating our results in a second cohort, we made an attempt to reduce the risk of falsepositive findings to a minimum. Despite these efforts, our results should be verified in a larger
cohort spanning different populations to confirm the associations for HECW2 and SRPK3. So
far, neither HECW2 nor SRPK3 were among top-ranked hits in transcriptome-wide studies.
Therefore, functional data is required to investigate the interplay of DNAm, transcription and
functioning of these genes related to AD. Thirdly, we cannot rule out that the DNAm differences
between the patients before (T1) and after treatment (T2) may be due to stochastic temporal
DNAm variation, although previous work in blood has revealed minimal evidence of temporal
variation in the majority of 450 K probes across a 9 month period (472). In addition, differences
in DNAm could also be due to direct influences of acute ethanol intoxication, which has been
shown to have an effect on transcriptome regulation (470, 471). We tried to circumvent this
limitation by only including subjects who had their last drink in a narrow time frame of 1.2 ± 0.6
days. Additionally, the 20 CpG sites which did not change from pre- to post-treatment could
potentially be differentially methylated due to chronic alcohol exposure and not due to early
withdrawal. To clarify this issue, future longitudinal studies are warranted. Finally, we cannot
disregard the potential influence of genetic variation on our differentially methylated CpG sites.
However, we attempted to reduce genetic heterogeneity in our cohort by using only Caucasian
participants.
In conclusion, we report that AD is associated with lower mean global DNAm and with
differential DNAm of specific sites in CD3+ T-cells. Additionally, we were able to identify
changes in DNAm related to alcohol treatment in patients. These changes include the reversion
of AD-associated DNAm alterations at certain sites to levels comparable to controls. Validation
of our top-ranking associations by pyrosequencing and replication of our top-ranked hits in a
second independent cohort strongly supports the robustness of our results. Finally, we show that
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the differential methylation of HECW2 and SRPK3 is not only present in T-cells, but also in
whole blood, indicating that HECW2 and SRPK3 are likely robust findings which should be
followed up in future studies.
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Chapter 5: Integration of DNA methylation patterns and genetic variation in
human pediatric tissues help inform EWAS design and interpretation
5.1

Background and rationale
Epigenome-wide association studies (EWASs) are becoming increasingly popular, due to

their potential to enhance our understanding of the determinants of health and disease, including
potential early life embedding of experiences and exposures on later life outcomes (10, 16, 20–
23, 25). DNA methylation (DNAm), which involves the covalent attachment of a methyl group
to a cytosine primarily at CpG dinucleotides, is the most well studied epigenetic mark in human
populations due to its relative stability and ease of measurement on quantitative array-based
methods (26, 27). To date, EWASs have identified differential DNAm across a broad range of
contexts including disease states, genetic background and environmental exposures, thereby
providing evidence for the potential contribution of DNAm to mediating gene-by-environment
(GxE) interactions (6, 25, 473).
Given that tissue specificity is an integral feature of epigenetic biology, as different
tissues and cell types acquire distinct epigenomes across differentiation, the selection of tissue
source is a key consideration in the careful design and interpretation of EWAS analyses (56, 474,
475). The collection of a disease-relevant, target tissue allows for the direct assessment of
epigenetic associations which may be implicated in the underlying phenotypic or disease
biology. In certain cases, readily accessible peripheral tissues may represent the target tissue; for
example, use of PBMCs for the investigation of DNAm associations to immune or inflammatory
phenotypes (20, 315, 317, 476). However, in many cases, the target tissue, such as brain, muscle,
adipose tissue, among others, may be impossible or extremely difficult to collect from living
individuals or at sufficient quality for analysis from postmortem samples (21). Easily accessible
peripheral tissues are therefore often used in human epigenetic studies for biomarker discovery
in lieu of target tissues that are difficult to collect. This is particularly pertinent to pediatric
cohorts in which biopsy specimens with invasive collection procedures or postmortem samples
are less common than in adult populations. As such, more readily accessible tissues with
minimally invasive collection procedures, such as cord blood, saliva, buccal epithelium cells
(BECs) or peripheral blood mononuclear cells (PBMCs), are widely used tissue source materials
for early life EWASs. The use of pediatric tissues in DNAm analyses is further complicated by
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the fact that widespread alterations occur in tissue-specific DNAm patterns during development,
thereby conferring additional complexity in the selection of appropriate source material for early
life DNAm studies.
Currently, a major focus in human epigenetic research is to elucidate the tissue specificity
of DNAm patterns with respect to individual CpGs as well as inter-individual variation within a
single tissue (52, 53, 59, 477). At a population level, a number of studies have examined the
concordance of DNAm patterns across multiple tissues (57, 59, 68, 292, 295, 317, 396).
Findings have shown that beyond tissue-specific differences in absolute DNAm measures, interindividual DNAm variability also varies by tissue type. For example, previous work by our
group has shown that BECs have greater DNAm variability over matched PBMCs at both the
genome-wide level and at individual CpGs (317). Moreover, CpG sites with higher DNAm
variability tend to be more correlated between matched tissues (57, 59, 68, 292). Although these
results provide important insights into the comparability of DNAm measures across matched
tissues, the analyses to date have been conducted in adult tissues, thereby limiting their relevance
to DNAm profiles from pediatric samples. As previous studies have demonstrated that
developmental changes in blood DNAm patterns tend to be more pronounced and occur more
rapidly in childhood, the examination DNAm concordance and variability in pediatric tissues
represents a fundamental step in our understanding of EWAS associations from pediatric
peripheral tissues (52, 478).
Genetic variation represents an additional contributor to DNAm patterns in tissues, with
genetic influences accounting for nearly 20-80% of DNAm variance within a tissue (84–88,
479). Methylation quantitative trait loci (mQTL), sites at which DNAm is associated with
genetic variation, are present across the genome and are often consistent across tissues, ancestral
populations and developmental stage (43, 74–76). Notably, genetically influenced sites of interindividual DNAm variation, which can co-occur across tissues, may be biologically informative.
For example, allele-specific DNAm of the FK605 binding protein 5 (FKBP5) gene, which has
been associated with risk of developing stress-related psychiatric disorders, responds to
glucocorticoid stimulation in a similar way in peripheral blood cells and neuronal progenitor
cells (73). Moreover, previous work demonstrated that inter-individual DNAm within a single
tissue is largely attributed to GxE effects (89). As such, delineating the contribution of genetic
influences to tissue-specific DNAm may help clarify the interpretation of EWAS associations.
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Given that early life development brings about sizable changes to DNAm patterns, it is
necessary to specifically address questions concerning DNAm variability and concordance
between peripheral tissues, as well as genetic influences on early life DNAm patterns, in
childhood (52, 478) . To this end, we used matched samples of two commonly used peripheral
tissues in EWAS, PBMCs and BECs, from two independent early life cohorts of different ages,
in order to a) understand differences in inter-individual variability and concordance of DNAm
between these tissues in pediatric samples and b) determine genetic contributions to these
patterns at the site-specific level. Our results showed that genome-wide DNAm variability is
tissue-specific with BECs exhibiting greater inter-individual DNAm variability over PBMCs.
Moreover, we found that highly variable CpGs were more likely to be positively correlated
between matched tissues and enriched for DNAm sites under genetic influence. Collectively,
these findings highlight a number of potential insights and considerations for the appropriate
design and interpretation of EWAS analyses performed in commonly used peripheral tissues of
pediatric samples.
5.2
5.2.1

Materials and Methods
Study cohorts and tissue samples
Matched tissues were obtained from a subset of two separate pediatric cohorts.

Specifically, a subset of samples from the previously described C3ARE (Cleaning, Carrying,
Changing, Attending, Reading and Expressing) cohort were collected from 16 individuals (8
females; 50%) aged 3-5 years (age range: 3.6-4.2 years (BEC) and 4.5-5.2 years (PBMC)) from
Vancouver, British Columbia (480). The GECKO cohort samples (Gene Expression
Collaborative Kids Only) comprised of 79 individuals (36 females; 46%) aged 6-13 years (age
range: 6-11 years (BEC) and 7-13 years (PBMC)) also from Vancouver, British Columbia. Birth
dates were not available for all GECKO participants; age in years was recorded at the BEC
sample collections. In both cohorts, the majority of BEC samples were collected at the first visit
and PBMCs were collected at a later date. In the C3ARE cohort, follow-up visits ranged from 7
days to 1.5 years, with three pairs of matched BECs and PBMCs being collected on the same
day. In the GECKO cohort, the follow-up visits at which peripheral blood was collected ranged
from 6 months to 2.3 years after the initial visit. Demographic descriptors of both cohorts are
provided in Table 5.1. All experimental procedures were conducted in accordance to institutional
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review board policies approved by the joint University of British Columbia and Children and
Women’s Hospital Ethics board (Certificates: H07-01317 and H07-02773). Written informed
consent was obtained from a parent or legal guardian and assent was obtained from each child
before study participation. For both cohorts, BECs were collected using the Isohelix Buccal
Swabs (Cell Projects Ltd., Kent, UK) and stabilized with Isohelix Dri-Capsules for storage at
room temperature prior to DNA extraction, as previously described (147). Whole blood was
collected into Vacutainer® CPT™ Cell Preparation Tubes (Becton, Dickinson and Company, NJ,
USA) and PBMCs were isolated following centrifugation, washing and resuspension into R10
media (Sigma-Aldrich, MO, USA), as previously described (481). PBMC pellets were frozen
and stored at -80°C until DNA extraction.
5.2.2

DNA isolation and DNAm arrays
Genomic DNA from stabilized buccal samples was isolated using Isohelix Buccal DNA

Isolation Kits (Cell Projects Ltd., Kent, UK) and was purified and concentrated using DNA
Clean & Concentrator (Zymo Research, CA, USA). Genomic DNA was extracted from PBMC
pellets using the DNeasy kit (Qiagen, MD, USA). DNA yield and purity was assessed using a
Nanodrop ND-1000 (Thermo Fisher Scientific, MA, USA). Bisulfite conversion of DNA (750
ng) was performed using the Zymo Research EZ DNA Methylation Kit (Zymo Research, CA,
USA). Samples were subsequently randomized and 160 ng of bisulfite-converted DNA was
applied to the Illumina Infinium HumanMethylation450K Beadchip (450K) array, as per
manufacturer’s protocols (Illumina, CA, USA) (129).
5.2.3

DNAm array data quality control and normalization
Data from each cohort were analyzed separately. Specifically, raw intensity values from

the DNAm arrays were imported into Illumina GenomeStudio V2011.1 software and subjected
to initial quality control checks for array staining, extension and bisulfite conversion followed by
color correction and background adjustment using control probes contained on the 450K array.
Data were exported from GenomeStudio as beta values which represent the estimated DNAm
level based on a ratio of intensities between methylated and unmethylated alleles, with beta
values ranging from 0 (unmethylated) to 1 (fully methylated). Subsequent processing and
analysis were performed in R Version 3.2.1 (http://www.r-project.org). Profiles from 65 probes
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targeting single nucleotide polymorphisms (SNPs) were used to ensure matched tissue samples
originated from the same individual. The 65 SNP probes were subsequently filtered out of the
dataset. Since the cohorts were not equally matched for sex, we removed sex chromosome
probes (11,648) from both datasets. Additional probe filtering was performed in which poor
performing probes including those with detection p-values greater than 0.01 or probes with
missing beta values in more than 2% of samples were removed (14,400 C3ARE, 13,374
GECKO). Re-annotation of the Illumina 450K array was used to filter probes that are known to
be polymorphic at the target CpG (324). Probes which have non-specific in silico binding to the
sex chromosomes were also removed (324). Final probe count after quality control probe
filtering was 429,494 probes for C3ARE and 430,581 probes for GECKO. Following quality
control processing, quantro determined quantile normalization to be inappropriate as the global
DNAm distributions between the two distinct tissues were highly differential (382). Beta
Mixture Quantile dilation (BMIQ) normalization was performed to remove differences between
Type I and Type II probes on the 450K array, yielding normalized DNAm (383).
5.2.4

Cell-type correction of DNAm data
The effects of cellular heterogeneity on DNAm measures were removed from PBMC and

BEC samples in both cohorts. Specifically, blood cell type proportions were estimated for the
PBMC samples using an established blood deconvolution method (63, 455). Given that no cell
deconvolution algorithm for buccal tissues exists and that buccal swabs, like saliva, are
predominantly composed of BECs and leukocytes, we used a saliva-based deconvolution method
which was designed to predict these cell types from underlying DNAm patterns (68, 482).
Predicted cell proportions from both PBMC and BEC tissues were used to normalize cellular
heterogeneity within each tissue using a regression-based strategy (456)(Supplementary Figure
5.1). Principal component analysis (PCA) was subsequently used to confirm that the correlation
of estimated cell-type proportions to DNAm variance within a tissue were minimal in the
corrected 450K datasets (data not shown).
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5.2.5

Assessment of cross-tissue correlation, tissue-specific variability and tissue-specific

differences in DNAm data
Prior to subsequent DNAm analyses, the corrected 450K datasets were filtered down to
overlapping probes (419,507) between the GECKO and C3ARE cohorts. Probewise cross-tissue
Spearman’s correlations were calculated on beta values between the matched PBMC and BEC
tissues. Inter-individual variability of each CpG was calculated as the range between the 10th
and 90th percentile beta values for each CpG, referred to as “reference range” (372). This
method captures variability across the bulk of samples while being largely robust to outlier
samples.
In order to assess sample size-related differences in our DNAm analyses between
GECKO and C3ARE, we performed 100 trials of Monte Carlo simulations. Specifically, we
randomly subsampled the GECKO cohort to the equivalent size as the C3ARE cohort (n = 16
individuals) 100 times and re-ran the cross-tissue correlations and reference range calculations
on the subsamples. We reported the average correlation coefficients, p-values and references
ranges from the 100 trials, which we refer to as “GECKOsub”.
Paired Wilcoxon signed-rank tests were used to compare global differences in reference
range between matched BEC and PBMC samples. Fligner-Killeen tests were used to compare
probewise variability differences in each of the cohorts. Using previously published methods, we
aimed to identify informative sites between BECs and PBMCs, which we defined as CpGs that
are both variable across individuals and highly correlated between both tissues (292). To identify
informative sites, we first subset each cohort down to CpGs with a reference range greater than
0.10 in both tissues. We subsequently ran a beta mixture model on Spearman correlation rho
values generating two Gaussian distributions, which separated out a group of highly concordant
CpGs (Supplementary Figure 5.2). The Spearman rho distributions in this set of highly correlated
CpGs was used to define a threshold correlation coefficient, the cutoff being two standard
deviations lower than the mean of the distribution. In the GECKO cohort rho > 0.47 was
determined as the threshold and in the C3ARE cohort, rho > 0.32 was determined as the
threshold. We also set a minimum reference range of 0.05 in both tissues to exclude CpGs with
little inter-individual variation.
Finally, we identified CpGs which were differentially methylated between tissues by
running Wilcoxon signed-rank tests across all probes in the C3ARE, GECKO and GECKOsub
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datasets. For all tests, the resulting p-values were adjusted using the Benjamini-Hochberg (BH)
false discovery rate (FDR) method (332). CpGs which passed an FDR < 0.05 and an effect size
threshold, delta beta > 0.05, independently in all three datasets, C3ARE, GECKO and
GECKOsub, were classified as “differential sites”.
5.2.6

SNP genotyping arrays
In the GECKO cohort, DNA for genotyping was collected from saliva samples of 63

individuals using the Oragene OG-500 DNA all-in-one system as per manufacturer’s protocol
(DNA Genotek Inc, ON, Canada). In the C3ARE cohort, genomic DNA for genotyping was
obtained from PBMC samples as described above. Genotyping data was measured at 588,454
SNP sites using the Illumina Infinium PsychChip BeadChip (PsychChip), as per manufacturer’s
protocols (Illumina, CA, USA). Content for the PsychChip includes 264,909 proven tag SNPs
found on the Infinium Core-24 BeadChip, 244,593 markers from the Infinium
HumanCoreExome BeadChip, and 50,000 additional markers associated with common
psychiatric disorders.
5.2.7

Preprocessing of SNP genotyping data and PCA analyses for genetic ancestry
Quality control pre-preprocessing of Illumina Infinium PsychChip data was performed

separately for each cohort according to recommended guidelines (483). Specifically, SNPs with a
low 10th percentile GenCall score or with a low average GenCall score were filtered out.
Additionally, SNP probes located on mitochondrial DNA, on sex chromosomes or without
chromosome labels were removed. After probe filtering, final SNP probe counts for the C3ARE
and GECKO datasets were 550,200 and 547,662, respectively. To test for difference in genetic
ancestry between the two cohorts, we ran all samples in PCA, using the 542,699 SNPs called for
every individual in both processed datasets. Genetic ancestry was not found to differ
significantly between the cohorts (Supplementary Figure 5.3), as determined by Wilcoxon
ranked sum test of GECKO vs C3ARE in PC1 scores (p = 0.8) and PC2 scores (p = 0.4).
Therefore, genetic ancestry was not considered in further analyses.
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5.2.8

Cis-mQTL analyses
We ran cis-mQTL analyses in each cohort separately, using GECKO as the discovery

cohort and C3ARE as the validation cohort. In the GECKO cohort, PsychChip data were filtered
after quality control to remove any SNP probes containing missing values in 5% of all samples,
leaving 560,770 SNPs. In addition, SNPs with a minor allele frequency less than 5% or not in
Hardy-Weinberg equilibrium were removed. Remaining SNPs (249,835) were then numerically
coded, as 1, 2, or 3, for correlational analyses. Therefore, all SNPs used in mQTL analyses were
directly measured on array, rather than generated through imputation. CpGs with a reference
range of less than 5% were removed from mQTL analysis; this was performed separately in each
tissue, leaving 131,706 CpGs in PBMCs and 210,784 CpGs in BECs. Finally, SNP-CpG pairs
less than 5 kb apart were tested as mQTL using Spearman correlations. We selected a 5kb
window as previous mQTL analyses using whole genome bisulfite sequencing data reported that
associations between SNP–CpG pairs are more likely to be causal within a 5 kb window (43, 89,
484). Pairs with FDR ≤ 0.05 and DNAm change per allele ≥ 2.5% were designated as cis-mQTL
hits and followed up for validation in the C3ARE cohort. For validation testing in the C3ARE
samples, SNP-CpG pairs were further filtered to exclude those with SNPs that were a) not
present in the filtered C3ARE PsychChip data or b) monomorphic or had less than 2
heterozygotes in the C3ARE samples. The mQTL analyses were repeated in the C3ARE data.
SNP-CpG pairs with FDR ≤ 0.05 and DNAm change per allele ≥ 2.5% were designated as
validated cis-mQTL hits and followed up in subsequent analyses.
5.2.9

Representation of identified sites in published EWAS findings
In order to relate our results to published EWAS findings performed in pediatric cohorts,

we selected five published studies which used the 450K array to measure DNAm profiles in
pediatric BECs or peripheral blood. Specifically, these studies examined DNAm variation
associated with puberty, aging in early life, childhood psychotic symptoms, fetal alcohol
spectrum disorder and autism spectrum disorder (147, 148, 294, 485, 486). For each study, we
downloaded the list of probes reported as significant and matched these probes to sites, which we
identified as: 1) informative sites, 2) differential sites and/or 3) cis-mQTL-associated CpGs. For
one study, in which differentially methylated regions (DMRs) were reported, we downloaded the
dataset (Accession # GSE50759) and extracted individual probes underlying the DMRs (148).
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5.3
5.3.1

Results
Study cohorts and DNAm data processing
To explore the tissue-specific DNAm patterns of pediatric PBMCs and BECs, we used

subsets from two independent human cohorts, GECKO and C3ARE, both of which contained
matched samples from healthy children from the Lower Mainland Vancouver area. In GECKO,
individuals ranged in age from 6 to 11 years at time of BEC collection (median = 8.8) and 7 to
13 years at time of PBMC collection (median = 10.3). Of the GECKO study samples (n = 79),
46% were female (n = 36). In C3ARE (n = 16), individuals ranged in age from 3 to 5 years at
time of BEC collection (median = 4.5) and 4 to 5 years at time of PBMC collection (median =
5.1) and 50% were female (n = 8) (Table 5.1). DNAm data, as measured across ~485,000 CpGs
by the 450K array, were filtered down to overlapping 419,507 sites which passed independent
quality control measures in both cohorts. Each 450K dataset was normalized to remove probe
type differences and adjusted for cell-type heterogeneity in each tissue using established
bioinformatic correction methods (63, 68, 383, 455, 456). We used these corrected 450K data of
matched PBMC and BEC samples from both cohorts to assess inter-individual DNAm
variability, DNAm concordance across tissues and genetic influence on DNAm, in order to gain
insight into DNAm variation in these commonly used pediatric peripheral tissues.
Characteristics
Age Range (years) at BEC
collection (mean)
Age Range (years) at PBMC
collection (mean)
Sex

C3ARE
3.7-5.8 (4.5)

GECKO
6-11 (8.8)

4.2-5.9 (5.1)

7-13 (10.3)

n = 16 total
(50% F)

n = 79 total
(46% F)

Table 5.1 Sample characteristics for C3ARE and GECKO cohorts

5.3.2

BECs had significantly greater inter-individual DNAm variability than PBMC
As inter-individual DNAm variability within a tissue likely relates to the potential effect

sizes that are detectable in EWAS analyses, we were interested in assessing tissue-specific
DNAm variability. To this end, we first interrogated the global differences in inter-individual
DNAm variability between PBMC and BEC samples, following in silico correction for cell type
differences in each tissue. We used reference range as a measure of DNAm variability as
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opposed to absolute range in order to minimize potential skewing by outlier values and nonnormal DNAm values at individual CpGs, as previously described (292, 487). Within each
cohort, BEC DNAm had a significantly greater reference range than PBMC DNAm (Figure
5.1A; Wilcoxon signed-rank test, all p-values = 2.2 x 10-16). In GECKO, the median reference
range, measured in beta values, was 1.9% higher in BECs (5.2%) than in PBMCs (3.3%).
Similarly, in C3ARE, the median reference range was 1.6% higher BECs (3.6%) than in PBMCs
(2.0%). The difference in reference range was not dependent on sample size, as demonstrated by
the consistency between GECKO and GECKOsub, the GECKO cohort randomly subsampled to
the sample size of C3ARE (n = 16) 100 times. These differences in median reference range were
modest but consistent in both cohorts. In addition, tissue-specific differences in DNAm
variability were observed at individual CpGs, as determined by a Fligner-Killeen test of each
site. In GECKO, 217,091 probes had significantly greater variability in BEC at FDR ≤ 0.05,
while only 32,350 probes were more variable in PBMC. Similarly, in the C3ARE cohort,
127,472 probes had greater variability in BECs (FDR ≤ 0.05) and 8,183 probes in PBMCs (FDR
≤ 0.05; Figure 5.1B-C). Collectively, 85% of C3ARE probes (108,498) with greater variability in
BEC were also found in the GECKO cohort to have greater BEC variability. These 108,498
CpGs were enriched for those with high inter-individual BEC variability in both cohorts (10,000
permutations, p-value < 1 x 10-4). As well, 84% of C3ARE probes (6,840) with greater
variability in PBMCs, were also more variable in PBMCs in the GECKO cohort; similarly, this
subset was enriched for CpGs with high PBMC variability in both cohorts (10,000 permutations,
p-value < 1 x 10-4). These findings suggested that BEC DNAm was consistently more variable
than PBMC DNAm across both cohorts.
Apart from tissue-specific differences in reference range, we also observed a cohortspecific difference in DNAm variability. Specifically, CpGs in GECKO had a significantly
greater reference range than C3ARE CpGs in both tissues (Wilcoxon rank sum test, p-value =
2.2 x 10-16). In BECs, the median reference range was 1.6% higher in GECKO than C3ARE and
in PBMCs, it was greater by 1.3%. This difference remained significant when GECKOsub was
used in lieu of GECKO (Wilcoxon rank sum test, p = 2.2 x 10-16), suggesting that these cohortspecific DNAm variability differences occurred irrespective of sample size.
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Figure 5.1 BEC DNAm was consistently more variable than PBMC DNAm at the genome-wide and probewise level.
A) Distribution of reference range in C3ARE, GECKO and GECKOsub, showing a significantly great variability in
BEC vs. PBMC (Wilcoxon p < 2.2x10-16 in each cohort). B) Scatterplot of PBMC versus BEC reference range in
each cohort. C) Three examples of CpGs with the greatest reference range difference between tissues. Individuals
from the GECKO cohort are shown in red and individuals from C3ARE are shown in blue.
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5.3.3

Variable CpGs were more highly correlated between tissues
Taking advantage of the matched tissue design of our cohorts, we evaluated whether

DNAm variation in one tissue reflected DNAm variation in the other. We performed probewise
Spearman’s correlations between paired BEC and PBMC samples for the C3ARE, GECKO and
GECKOsub datasets, respectively (Supplementary Figure 5.4). Using multiple reference range
thresholds to capture increasingly variable CpGs, as previously described, we observed
progressively greater enrichment of highly positively correlated CpGs, irrespective of sample
size (Figure 5.2A and Supplementary Table 5.1) (292). This suggested that CpGs with greater
variability were more likely to be correlated between these tissues.
We next sought to investigate DNAm concordance and variability at individual CpGs.
Specifically, we aimed to identify “informative sites”, which we defined as CpGs that are both
variable across individuals and highly correlated between BECs and PBMCs (292). Such CpGs
may be predictive of PBMC DNAm when measured in BECs or vice versa, while reflecting
potentially relevant biological variability. Using a previously described method, we defined a
correlation coefficient threshold for informative CpGs in each cohort (292). To be classified as
informative, i.e. concordant and variable, a CpG was required to have a reference range ≥ 5% in
both tissues and meet the predetermined minimum correlation coefficient between tissues of 0.47
in GECKO samples and 0.32 in C3ARE samples. Overlapping CpGs that met these criteria in
both cohorts resulted in a set of 8,140 informative sites. Of note, we observed a greater than
expected by chance overlap (3682 out of 8140 sites, 45%, 10,000 permutations, p < 1x10-4)
between our set of informative sites and informative CpGs previously identified between
matches samples from adult brain and blood tissues (292). Visualization of our six most
correlated informative sites revealed continuous distributions of positively correlated DNAm
values between the tissues, as expected (Figure 5.2B). However, the most variable informative
sites exhibited discrete distributions with 2 to 3 distinct clusters, suggesting that these CpGs may
be enriched for CpGs which are likely under genetic influence (Figure 5.2B).
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Figure 5.2 Variable CpGs were more highly correlated between tissues.
A) Density distribution plots of Spearman’s correlation rho between matched PBMCs and BECs across C3ARE,
GECKO and GECKOsub datasets showing progressively greater enrichment of highly positively correlated CpGs at
increasing reference range thresholds. Reference range thresholds were set along a sliding scale with cut-offs at 0,
0.05, 0.1, 0.2 and 0.5 (depicted by gradient of green lines). B) Scatterplots of BEC DNAm versus PBMC DNAm for
a representative set of informative sites (defined as CpGs that are both variable across individuals and highly
correlated between BECs and PBMCs). Top-ranking correlated informative sites (shown in the left two columns)
exhibited continuous distributions. In contrast, top-ranking variable informative sites (shown in the right two
columns) exhibited discrete distributions, suggesting that these Cps may be under genetic influence. C3ARE
samples are shown in blue while GECKO samples are shown in red.
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5.3.4

Genetic variation contributed to tissue concordance
In order to determine the influence of local genetic variation on inter-individual DNAm

variability and concordance of DNAm signal across matched peripheral tissues, we identified
cis-mQTL in both BEC and PBMC samples, respectively. Briefly, CpGs were filtered by DNAm
variability (reference range ≥ 0.05) in their respective tissues and were correlated against all
SNPs within a 5kb window, a window size previously demonstrated to enrich for mQTLs that
are more likely to be functionally linked to proximal CpGs (43, 89, 484). As the GECKO cohort
had a larger sample size as compared to C3ARE and was therefore more adequately powered for
cis-mQTL detection, the GECKO samples were used as the discovery cohort. In GECKO, a total
of 165,591 unique SNP-CpG pairs in PBMC and 261,739 unique SNP-CpG pairs in BEC were
interrogated for associations between DNAm and allelic variation; this included 145,222 SNPCpG pairs tested in both tissues. A total of 10,521 PBMC-specific, 11,886 BEC-specific and
6,359 shared-tissue significant cis-mQTL were identified in GECKO (FDR ≤ 0.05 and DNAm
change per allele ≥ 2.5%) and were selected for validation testing in C3ARE (Figure 5.3A).
After quality control processing and variability filtering of the C3ARE DNAm and
genotyping data, 16,138 and 17,563 SNP-CpG pairs could be tested for validation in PBMCs and
BECs, respectively. This resulted in a total of 1,871 PBMC-specific, 3,705 BEC-specific and
1,097 shared-tissue validated cis-mQTL (FDR ≤ 0.05 and DNAm change per allele ≥ 2.5%),
which exhibited highly consistent effect sizes between GECKO and C3ARE cohorts (Spearman
rho = 0.92, p = 2.2 x 10-16) (Figure 5.3A-B). The overlap between validated cis-mQTL between
tissues was greater than expected by chance (10,000 permutations, p-value < 1x10-4) (Figure
5.3A and Supplementary Figure 5.5). This suggested that genetic influences contribute to covariation between tissues. Finally, we found a significant overlap of our PBMC-specific and
shared-tissue cis-mQTL with previously published mQTL hits from 7-year-old whole blood
samples (1810 out of 2968 sites, 61%, 10,000 permutations, p < 1x10-4), further supporting our
mQTL findings (77).
We next sought to characterize the 6,673 validated cis-mQTL in terms of their genomic
localization and functional features. Firstly, the 4,980 unique CpGs associated with the validated
cis-mQTL showed a greater than expected by chance enrichment in intergenic regions and were
depleted in intragenic and north shelf regions (2-4 kb upstream of CpG islands) (Supplementary
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Figure 5.6A, FDR ≤ 0.05). In addition, we found that CpGs associated with shared-tissue cismQTLs exhibited a greater than expected by chance enrichment of informative CpGs (687 out of
812 unique CpGs in shared-tissue cis-mQTLs, 85%, 10,000 permutations, p < 1x10-4), further
substantiating that site-specific DNAm correlation between tissues are influenced, in part, by
genetic variation (Supplementary Figure 5.6B).

Figure 5.3 Independently validated cis-mQTL were more likely to be shared across tissues than expected by
chance.
A) Stacked bar plot representing number of cis-mQTL identified in GECKO discovery cohort (shown in blue) and
number of cis-mQTL validated in C3ARE cohort (shown in red) in either BECs, PBMCs or shared across both
tissues. (B) Scatterplot of DNAm change per allele in GECKO versus C3ARE across all validated cis-mQTL shows
mQTL effect sizes (measured as DNAm change per allele) were highly consistent across cohorts (BEC-specific,
PBMC-specific and shared-tissue mQTL shown in different colours). C) Boxplots of genotype versus DNAm for
representative examples of a shared-tissued (top left), BEC-specific (top right) and a PBMC-specific (bottom)
validated cis-mQTL. C3ARE samples are shown in blue while GECKO samples are shown in red.

113

5.3.5

Tissue-specific differential DNAm was consistent across cohorts
Taking further advantage of our matched tissue design, we subsequently assessed

differential DNAm between PBMCs and BECs at individual CpGs for both cohorts. In the
GECKO samples, 36% of CpGs (150,647) were differentially methylated between matched
BECs and PBMCs (Wilcoxon signed rank test; FDR ≤ 0.05 and delta beta ≥ 0.05). The number
of significant differentially methylated sites were not greatly affected by sample size differences
as GECKOsub had similar findings with 36% of sites exhibiting differential DNAm (149,094
CpGs, with 148767 sites overlapping with GECKO). Similarly, in C3ARE, 38% of CpGs
(157,992) were significantly differentially methylated (Wilcoxon signed rank test; FDR ≤ 0.05
and delta beta ≥ 0.05). The overwhelming majority of these CpGs (139,662) were differentially
methylated in the same direction in GECKO, GECKOsub and C3ARE (Figure 5.4). Of these
sites, 102,203 (73%) had greater average DNAm in PBMCs and 37,459 (27%) had greater
average DNAm in BECs, suggesting PBMC DNA was more highly methylated as compared to
BEC DNA.

Figure 5.4 Tissue-specific differential DNA methylation was consistent across cohorts.
Volcano plots of differential methylation analysis (run using a paired Wilcoxon signed rank test) between BEC and
PBMC tissues for C3ARE, GECKO and GECKOsub datasets. Vertical lines represent an effect size threshold of >
0.05 for absolute mean difference between tissues (BEC - PBMC) and the horizontal line represents the nominal pvalue corresponding to an FDR < 0.05 in each cohort. CpGs in dark purple met the effect size and significance cutoffs independently in all three datasets (139,662 CpGs).
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5.3.6

Differentially methylated sites were common in published EWAS findings
To provide a granular categorization of CpGs measured on the 450K array, we

overlapped CpGs that were identified as a) informative (ie variable across individuals and
correlated between BECs and PBMCs) (8,140), b) differentially methylated between matched
tissues (139,662), or c) under genetic influence (4,980; i.e. number of unique CpGs associated
with validated cis-mQTL) across both GECKO and C3ARE cohorts. Of all CpGs found in cismQTL, 17.7% were informative and 76.2% were differentially methylated (Figure 5.5A).
However, in CpGs associated with cross-tissue cis-mQTL (812 unique CpGs in total), 84.6%
were informative and 58.8% were differentially methylated. As expected, CpGs found in crosstissue mQTL were enriched for informative sites, as compared to all cis-mQTL-associated CpGs
(PBMC-specific, BEC-specific, or cross-tissue) (Figure 5.5A).
We then applied this categorization scheme to previously reported EWAS findings
performed in pediatric BEC or PBMC tissues to provide an example of how the classification of
CpGs can aid in the interpretation of such studies. We selected five published studies that used
the 450K array in pediatric BECs or peripheral blood to assess DNAm variation associated with
puberty, aging in early life, childhood psychotic symptoms, fetal alcohol spectrum disorder and
autism spectrum disorder (147, 148, 294, 485, 486). By implementing our CpG classification
scheme on their respective list of significant EWAS hits, we found that cis-mQTLs accounted for
0.02-13.5% of significant CpGs reported in these five studies. Differentially methylated CpGs
comprised the most represented type of CpG across all 5 studies with only one study
demonstrating an overlap of 24.3% with our identified informative sites (Figure 5.5B;
Supplementary Table 5.2) (148). This suggested that while most identified EWAS associations
may be distinct to the tissue in which they were examined, in some instances, these associations
may be reflected across multiple tissues and/or under genetic influence. Finally, we tabulated our
CpGs classifications across all 419,507 450K probes assessed in our study in order to serve as a
resource for researchers wishing to compare their own EWAS results. Collectively, these
findings reveal the importance of considering DNAm variability and correlation between tissues,
as well as genetic influences on these patterns, when interrogating and interpreting EWAS
findings from pediatric peripheral tissues.
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Figure 5.5 Overlap and representation of identified CpGs in previously published pediatric EWAS findings.
A) Venn diagram of CpGs identified as informative, differentially methylated between tissues, or underlying our set
of validated cis-mQTL. Scatterplots display three representative CpGs from the pairwise intersections between
categories. B) Stacked bar plot showing proportion of CpGs of each defined category represented in significant
CpGs of various pediatric EWAS publications in BECs or PBMCs. (All = all categories; Differential = differentially
methylated between tissues; Informative = informative CpG; Inform + Diff = informative and differential; mQTL =
CpG associated with mQTL; mQTL+Diff = mQTL CpG and differential; mQTL+Inform = mQTL CpG and
informative; None = not in any of the listed categories).
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5.4

Discussion
In this study, we comprehensively compared genome-wide DNAm in BECs and PBMCs

using matched samples from two independent pediatric cohorts. Moreover, we leveraged the
strength of paired DNAm and genotyping profiles to define cis-mQTL across the genome and
assess the influence of local genetic variation on DNAm variability and tissue concordance. Our
findings showed that at the genomic and site-specific level, BECs had greater inter-individual
DNAm variability over PBMCs, with highly variable CpGs more likely to be positively
correlated between the matched tissues. In our subsequent cis-mQTL analyses, we observed
distinct genetic influences on tissue-specific DNAm and confirmed that a sizeable proportion of
shared DNAm patterns between tissues resulted from allelic variation. Finally, we provided a
classification framework for the post-hoc examination of EWAS associations and examined the
representation of our categorized CpGs in published EWAS findings performed in pediatric
BECs and PBMCs.
Our tissue-specific DNAm findings highlighted the importance of tissue selection when
designing an EWAS. To a large extent, EWAS tissue selection in early life cohorts is guided by
two factors. Firstly, ease of collection is particularly important in this age range and may restrict
tissue availability. Buccal swabs are less invasive than intravenous puncture, and the latter
contributes to participation refusal in pediatric cohorts (488). Secondly, the relevance of the
tissue to the phenotype or exposure being tested represents an important consideration for all
EWAS analyses, irrespective of age. As peripheral blood represents a circulating tissue with
broad immune and inflammatory functions, it might be more relevant to a wider range of health
phenotypes than BECs. However, a somewhat competing hypothesis posits that tissues that arise
from the same germ layer are more epigenetically similar and thus might be a preferred choice
for surrogate tissue selection (489). For example, in comparison to blood, it has been proposed
that BEC DNAm may more closely reflect brain DNAm than blood DNAm, as both derive from
the ectodermal germ layer (148, 295). Adding to the complexity of this issue, we found that BEC
DNAm had significantly greater inter-individual variability than PBMC DNAm at the genomewide level and at the site-specific level, a finding consistent with adult BECs and PBMCs (317).
Having a higher proportion of variable CpGs might be desirable for EWAS analyses as testing
any tissue with little inter-individual DNAm variation would naturally limit effect sizes. From
this perspective, BECs might represent a more appropriate choice of peripheral tissue for
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population-based epigenetic studies over PBMCs. However, it is worth noting that the higher
proportion of variable CpGs in BECs may, to some extent, be attributed to the increased
diversity of cell types or residual cellular heterogeneity in BECs over PBMCs.
Taking advantage of our matched sample design, we were able to rigorously interrogate
the extent of correlation between DNAm signatures of BECs and PBMCs. CpGs with greater
variability were more likely to be correlated between matched tissues, as best exemplified by the
8,140 informative sites we identified. These may serve the purpose of aiding in the inference of
unmeasured PBMC or BEC DNAm (when the other tissue is measured) as well as for
prioritization of sites for cross-tissue replication. In the latter case, cross-tissue replication
typically involves the generation of candidate gene lists in accessible tissues for validation in less
available tissues, such as post-mortem samples, an approach which can boost confidence in
identified associations (490–492). Although there was a substantial overlap (45%) between our
informative sites and those previously published in matched adult blood and brain tissues, we
found only 1.9% of total measured CpGs to be informative by our measures and thresholds as
compared to 9.7% found in the previous analyses from our laboratory (292). These quantitative
differences might have a number of reasons, with the most likely being that the blood-brain
informative sites were identified using a single cohort, our blood-buccal informative sites were
filtered down to sites that were common across both GECKO and C3ARE cohorts.
Integration of genetic and epigenetic information may further clarify the relative
contribution of genetic and environmental factors on inter-individual DNAm variability. We
found that genetic variation contributed to both inter-individual DNAm variation within a tissue,
as well as common DNAm variation between tissues. This is in line with previous findings that
show that many – but not all – mQTL have consistent effects across tissues and human
populations (75–77, 79, 493). It is currently unclear why in our matched design we observed
more BEC-specific mQTL as compared to PBMC-specific or cross tissue mQTL. The most
likely explanation is that BECs contained more validated cis-mQTL due to greater interindividual DNAm variability. It is also tempting to speculate that allelic variation contributes
more strongly to DNAm in BECs over PBMCs, as blood DNAm may need to be more plastic
and responsive due to the role of cells in the immune system. For example, changes in genomewide transcriptional programs and DNAm profiles are observed in response to an inflammatory
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stimulus in blood leukocytes, which could be incongruent with a high degree of fixed,
genetically-driven DNAm patterns in these cells (494–496).
As touched upon in several recent reviews, genetic contribution to DNAm might be more
prominent in shaping the DNA methylome than initially anticipated, and thus affect the analysis
and interpretation of EWAS findings (25, 497). To illustrate this, we tested for the presence of
our categorized CpGs in published EWAS findings. Notably, we found CpGs associated with
autism spectrum disorder to contain the highest proportion of cis-mQTL. While there might be a
number of reasons for this, it is possible that the proportion of genetically-influenced CpGs
found in an EWAS may be proportional to the heritability of the phenotype under examination,
although such hypotheses will require rigorous testing in large cohorts across a diverse spectrum
of phenotypes with and without heritable contributions. Furthermore, it is difficult to discern
whether having a high proportion of mQTL in EWAS analyses is favourable or not. Previous
work has shown the majority of variably methylated regions are best described by an interaction
of both genetic and environmental factors (89, 492). As such, any mQTL CpGs found in an
EWAS would require further investigation for potential gene by environment interactions.
It is worth noting that our study had a few inherent limitations. Firstly, in both GECKO
and C3ARE cohorts, PBMCs were collected from individuals at a slightly later time point than
BECs, resulting in an age-related difference (0 – 1.5 years for C3ARE; 0.5 – 2.3 years for
GECKO) between matched tissues, which may have affected analyses of DNAm variability.
However, we anticipate that age-related differences in DNAm variability are relatively small
compared to tissue-specific differences as our findings are consistent with previous work
performed on age-matched tissues in adults (317). Another limitation was the relatively small
sample size of our cohorts, which may have inflated type II error rates. We also chose to not
assess distal genetic effects on DNAm (ie trans-mQTL) due to the increased multiple testing
burden, but rather prioritized cis-mQTL as previous work has suggested these may be more
functionally linked to nearby CpGs (43, 89, 484). As well, previous work in blood has shown
that the proportion of DNAm variance explained by trans-mQTL is much lower than that of cismQTL (77). For these reasons, we examined SNPs that were directly measured and not imputed
within a 5 kb window. Future work using large cohorts will be required to clarify the
contribution of distal genetic variants to DNAm in other peripheral tissues.
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Despite these limitations, the work here presents a comprehensive assessment of local
genetic influences on DNAm in matched BECs and PBMCs, as well as a characterization of
DNAm variability and concordance between paired pediatric tissues. Moreover, our results
highlight a number of possible considerations for EWAS analyses, including the potential
enrichment of mQTL findings following pre-filtering to variable CpGs to reduce multiple test
barriers and possible strategies to facilitate in-depth curation of EWAS hits. Such post-hoc
examination of significant differentially methylated CpGs will hopefully support the
interpretation of EWAS findings and aid in the prioritization of candidate associations for
functional validation.
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Chapter 6: Conclusion
6.1

Dissertation summary and intersecting features
The body of work presented in this dissertation highlights the strengths and challenges

related to the use of different tissue sources in genome-wide DNAm studies of various
neuropathological phenotypes. Furthermore, this dissertation provides a basic framework for
methodological and biological considerations in the design, analysis and interpretation of DNAm
studies of neurobiological diseases.
Beginning with a neurodegenerative disease phenotype, I analyzed genome-wide DNAm
profiles from age-matched HD and control postmortem cortex and liver tissues in order to
investigate the role of DNAm in HD pathogenesis and tissue-specific HTT expression. Although
there was minimal evidence of HD-associated DNAm alterations at queried sites after correction
for cell heterogeneity, I found that DNAm may be correlated to the age of disease onset in cortex
tissues. In contrast, comparison of matched cortex and liver samples revealed numerous sitespecific DNAm differences between tissues in the HTT gene region, including a novel
differentially methylated CTCF binding site in the HTT proximal promoter. Overall, these results
suggested that DNAm may, in part, contribute to tissue-specific HTT transcription through
differential CTCF occupancy. Moreover, these findings demonstrated the utility of postmortem
tissues in the elucidation of gene regulatory mechanisms, which may be implicated in disease
pathogenesis or serve as potential therapeutic targets.
The limited availability of postmortem human brain tissues has prompted the generation
of brain-derived in vitro cell models for molecular experimentation and preclinical drug testing.
In this context, I next assessed DNAm variation in a cell culture system of a neurological
malignancy, specifically comparing genome-wide DNAm measures from GBM tumours and
matched primary neurosphere cultures enriched for BTIC populations. I detected widespread
differences between paired BTICs and tumours in their global DNAm profiles, including a
homeobox-enriched differential DNAm signature comprising multiple genes from the HOXA,
HOXC and HOXD clusters, as well as other HOX gene family members. Beyond DNAm levels,
I also observed differences in DNAm variability, finding that BTIC DNAm was more variable
than tumours and that increasingly variable CpGs were more likely to be positively correlated
between matched samples. Despite these differences, the relationship between DNAm and gene
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expression at a key prognostic marker, the MGMT promoter region, was consistent between
BTICs and tumours, signifying that BTICs may, to some extent, conserve certain regions of the
transcriptional regulatory circuitry from their parental tumours. Together, these findings
provided a starting framework for the evaluation of genome-wide DNAm landscapes in BTICs in
comparison to bulk tumour tissue. Furthermore, as these in vitro model systems are heavily used
in drug testing, such in-depth molecular characterizations may help interpret drug screen results
and strategically select target biological processes (498).
Moving beyond analyses in brain-derived samples, I subsequently assessed DNAm
variation related to a neuropsychiatric addiction disorder, alcohol dependence (AD), in purified
CD3+ T-lymphocytes, a relevant blood cell type whose relative subtype abundance and activity
have been linked to alcohol consumption (445, 447, 499). Specifically, I examined longitudinal
measures of DNAm from a cohort of alcohol dependent patients undergoing a clinical
intervention, along with closely matched healthy controls. I identified numerous differentially
methylated CpG sites comparing patients prior to treatment with healthy controls and was able to
confirm a subset of those sites in additional analyses for differentially methylated regions.
Comparing patients before and after the alcohol treatment program revealed another unique set
of differentially methylated CpG sites. Additionally, I found that the mean global DNAm was
significantly lower in patients prior to treatment compared to controls, but reverted back to levels
similar to controls after treatment. Following verification of top-ranked hits by pyrosequencing
and replication in an independent cohort, I confirmed differential DNAm of HECW2 and SRPK3
in whole blood, demonstrating the potential relevance of the identified associations as bloodbased biomarkers. Overall, these results captured DNAm variation in a disease-relevant blood
cell type of AD and implicate HECW2 and SRPK3 DNAm as promising blood-based candidates
to follow up in future studies. Moreover, this work underscored the potential for longitudinal
monitoring of disease-related DNAm associations in available peripheral tissues, particularly in
the context of clinical interventions.
The use of readily accessible peripheral tissues is particularly prevalent in pediatric
cohorts in which postmortem samples or biopsy specimens with invasive collection procedures
are less common than in adult population (500, 501). In my final data chapter, I present a
systematic comparison of genome-wide DNAm patterns between matched pediatric BECs and
PBMCs, two of the most widely used peripheral tissues in human epigenetic studies.
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Specifically, I assessed DNAm variability, cross-tissue DNAm concordance and genetic
determinants of DNAm across two independent early life cohorts encompassing different ages.
Drawing on methods for DNAm variability analysis used in Chapter 2, I found that BECs had
greater inter-individual DNAm variability over PBMCs and that highly variable CpGs were more
likely to be positively correlated between the matched tissues. These sites were enriched for
CpGs under genetic influence, suggesting that a substantial proportion of DNAm co-variation
between tissues could be attributed to genetic variation. Finally, I demonstrated the relevance of
these findings to human epigenetic studies by categorizing CpGs from published DNAm
association studies of pediatric BECs and peripheral blood. Taken together, these results
highlighted a number of important considerations and practical implications in the design and
interpretation of EWAS analyses performed in pediatric peripheral tissues.
A common theme across all studies presented in this dissertation is the implementation of
cross-tissue comparisons to investigate the potential role of DNAm associations in different
neurobiological disease domains. Specifically, these cross-tissue analyses between matched
samples offer a number of advantages and opportunities to gain new potential insights into
DNAm variation in neuropathological conditions or other complex phenotypes in general.
Firstly, this approach may help identify novel tissue-specific gene regulatory mechanisms, as
demonstrated in Chapter 2 by the use of postmortem cortex-liver comparisons to delineate the
potential contribution of differential DNAm and CTCF occupancy on tissue-specific HTT gene
expression. Secondly, such cross-tissue analyses may be informative in the evaluation of primary
culture models relative to their parental tissue source, as exemplified in Chapter 3 in which
DNAm profiles between BTIC lines and parental GBM tumours were contrasted to reveal unique
DNAm differences and similarities between the sample types. Thirdly, DNAm comparisons
using peripheral tissues may allow for repeated or long-term DNAm assessments or the
discovery of disease biomarkers, as illustrated in Chapter 4 by the detection AD-associated
DNAm alterations in patients’ T-cells during clinical intervention treatment and confirmation of
these DNAm associations in whole blood. Finally, comparative analyses using peripheral tissues
may bolster cross-tissue replication potential in DNAm studies, particularly if informative sites
with high cross-tissue correlation can be determined, as identified between matched pediatric
BECs and PBMCs in Chapter 5 (490–492). Taken together, the comparison of DNAm profiles
between matched tissues may not only help clarify the tissue-specificity of DNAm variation in
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health and disease, but may also illuminate new strategies to track such variation across the
lifespan.
6.2

Limitations and caveats
Although the work presented herein offers new potential insights and tissue-specific

approaches to investigate DNAm associations to neurobiological diseases, there are a number of
methodological limitations and conceptual caveats which should be taken into consideration
when interpreting these findings. These considerations, which are largely consistent between
studies, include potential technical confound in DNAm signal by DNA hydroxymethylation,
limited coverage of the methylome by the Illumina 450K array, potential biological confounds
by cellular composition, genetic variation or environmental factors and the correlative nature of
these findings.
6.2.1

DNAhm signal confound in bisulfite-converted DNAm measures
Given that DNA bisulfite conversion leads to deamination of unmethylated cytosine

residues to uracil, leaving 5mC or 5hmC marks intact, the resultant bisulfite-converted DNAm
readouts represent a mixed signal of both 5mC and 5hmC modifications (502). As all studies in
this dissertation used bisulfite-converted genomic DNA for Illumina 450K or pyrosequencing
analyses, it is not possible to distinguish between 5mC and 5hmC levels in the DNAm data. This
technical confound may have more problematic implications in certain tissues and disease
contexts over others. For example, although 5hmC content varies dramatically across different
tissues, DNAhm levels are highest in brain, accounting for 25% of all modified CpG
dinucleotides in the frontal cortex, the target tissue used in the HD DNAm study in Chapter 2
(98, 116, 353). Variation in DNAhm may also be particularly pertinent to brain tumour biology
as previous studies have reported that a commonly mutated gene in gliomas, IDH1/2, can
indirectly impair TET-mediated catalysis of 5hmC and that pattern-specific loss of 5hmC is
associated with poor survival in GBM patients (503, 504). Furthermore, as previous work has
suggested that 5hmC production is required for tumorigenicity of GBM-derived BTICs, it is
possible that DNAhm variation represents an additional contributing factor to the epigenetic
discordance between GBM tumours and matched BTICs observed in Chapter 3 (505).
Consequently, follow-up analyses using alternative biochemical treatment of genomic DNA,
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such as TAB or oxBS conversion, are needed to resolve 5hmC from 5mC levels in bisulfiteconverted DNAm measures (121, 122).
6.2.2

Limited methylome coverage of Illumina 450K array
The Illumina Infinium DNAm arrays are extensively used in EWAS analyses as a

relatively fast and cost-effective method to perform high-throughput DNAm profiling across
large sample sets (506). However, these microarray-based platforms are restricted by both the
number and specificity of probes, thereby limiting their genomic coverage. For example, the
Illumina 450K array, which was exclusively used for all EWAS analyses in this dissertation,
interrogates less than 2% of all DNAm sites genome-wide (129). This coverage is relatively
sparse for distal regulatory elements such as enhancers and generally biased towards CpG-dense
promoter regions, which have limited inter-individual and inter-tissue variation (52, 85, 507).
Moreover, removal of 450K probes due to cross-reactivity, non-specific hybridization and
binding to polymorphic loci can further reduce the number of usable probes (324, 508). As a
result, it is possible that disease-relevant DNAm variation exists at sites beyond those queried in
the reported analyses for which more comprehensive DNAm quantification technologies, such as
the newly-released Illumina EPIC array, may be warranted (130). Additionally, sequencingbased techniques, including RRBS, targeted Methyl-Capture Sequencing (MC-Seq) and the gold
standard, whole genome bisulfite sequencing (WGBS), offer higher genomic coverage with
greater density-per-region over the 450K array, although each approach may have relative
drawbacks in terms of cost, reproducibility and feasibility (126, 506, 509, 510).
6.2.3

Potential confounding by cellular heterogeneity
Due to their role in establishing and maintaining cellular identity, epigenetic marks

including DNAm exhibit substantial cell type specificity. Interindividual differences in cell
composition within complex human tissues can often confound EWAS analyses by masking true
associations or altering DNAm signatures to give rise to spurious associations (20–23, 25, 371,
497). In the context of the studies presented here, two broad approaches were employed to
address cellular heterogeneity: (1) cell type adjustment methods of DNAm measures from bulk
tissue; and (2) isolation of target cell(s) for epigenetic interrogation. In the first approach, used
for DNAm analyses of brain, blood and buccal tissues (Chapters 2, 4 and 5, respectively),
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bioinformatic deconvolution algorithms were applied to estimate cell type proportions of bulk
tissue based on underlying reference profiles from isolated cells (ie neuronal versus nonneuronal
populations predicted in cortex tissue in Chapter 2). In the second approach, which was used to
obtain CD3+ T-lymphocytes in Chapter 4, desired cell type(s) were sorted or purified from
heterogeneous tissue. Both approaches relied, either directly or indirectly, on cell isolation
techniques using cell surface markers. However, emerging evidence from single-cell
transcriptomic studies have revealed much finer molecular resolution than cell surface marker
classifications, suggesting that surface marker expression may be inadequate at capturing higher
levels of continuity between cellular subtypes in bulk tissue (511, 512). Futhermore, previous
work, along with my own analyses in purified T-cell fractions (Chapter 4), have confirmed the
presence of cellular heterogeneity in samples following purification using cell surface markers,
indicating that even after purification techniques, the resultant pool of cells is composed of
multiple epigenomes (termed a “meta-epigenome”)(469). In the context of the DNAm
comparisons between BTICs and parental GBM tumours (Chapter 3), “reference-free” methods
which correct for the effects of cell composition without actually predicting cell proportions can
be used to deconvolute ‘tumoural purity’ from solid tumours, although it is unclear whether such
algorithms would be suitable for primary cell cultures such as BTICs (404, 411). Taken together,
it is possible, and likely, that the full spectrum of cell-type diversity has not have been accounted
for in the examined tissues and that reported EWAS findings, may, in part, reflect residual celltype variation (25). As such, future work, likely invoking single-cell assays, is needed to allow
for fine-grained estimation and correction for cell heterogeneity in EWAS associations.
6.2.4

Accounting for genetic variation and ethnicity
Ethnicity differences may influence DNAm patterns, in part through population-specific

genetic influences on DNAm as well as through culturally associated differences in lifestyle,
diet, or habitat (76, 497, 513, 514). In the first case, genetic influences on DNAm can vary across
different populations and ethnic groups as supported by the identification of population-specific
mQTLs and the fact that more than half of the differential CpG methylation detected between
two populations can be primarily explained by local genetic variation (43, 76, 89, 484, 514–517).
Although genotyping data was used to rule out imbalances in genetic ancestry groups in Chapter
5, unaccounted genetic differences in population structure may still be present in EWAS findings
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of the other studies. In addition, ethnicity-related patterns in DNAm variation may arise from
cultural and environmental commonalities. For instance, a study of two African populations
showed distinct DNAm signatures of historical lifestyle and current habitats, in which the former
was associated with developmental processes while the latter was related to cellular and immune
functions (513). In support of these results, a more recent study in diverse Hispanic populations
reported that self-identified ethnicity and genetically-determined ancestry have unique
associations to DNAm in whole blood (514). Overall, these observations suggest that ethnicity
differences are associated with DNAm patterns either directly through ancestry-related genetic
variation or indirectly through culturally-dependent, environmental factors. Future studies, which
use genotyping data or statistical methods to infer ancestry information from DNAm data, are
needed to clarify genetic- and ethnicity-based differences in DNAm variation, particularly in the
context of disease phenotypes (518).

6.2.5

Accounting for potential environmental covariates
Environmental factors and past exposures have been widely implicated with DNAm

variation and therefore represent an additional source of potential confounding in EWAS
analyses (4, 5, 519). For example, both current and prenatal exposure to cigarette smoke has
been reproducibly associated with DNAm alterations across numerous tissues including PBMCs,
BECs, cord blood and placenta, although accumulating evidence suggests that blood-based
DNAm associations to tobacco exposure may be confounded by changes in cell composition
(17–19, 439, 520–525). While smoking habits were matched between AD patients and controls
in Chapter 4, smoking behavior was not accounted for in analyses of other disease contexts,
including the HD study in Chapter 2 and the GBM study in Chapter 3, thereby potentially
confounding identified DNAm associations.
Pharmacological treatments and medication history may also represent unaccounted
sources of inter-individual variation which may influence DNAm. For instance, dose-dependent
inhibition of DNMT1 activity and global reduction of mC content have been associated with
disulfiram administration, a drug used to treat chronic alcoholism (526). Although information
on treatment history was not available for our AD patient cohort, it is possible that prior or
ongoing disulfiram use may, in part, explain the decrease in global DNAm levels of T-cells in
AD patients over controls (Chapter 4). Moreover, in certain cases, treatment-induced DNAm
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changes may not be associated with exposure to the drug itself but rather through secondary
effects induced by drug treatment (ie hypermutation and induction of genomic instability). For
example, GBM recurrence following treatment with a DNA alkylating chemotherapeutic,
temozolomide (TMZ), often results in drug-resistant tumours which carry mutations in mismatch
repair (MMR) genes and thus, exhibit a hypermutated phenotype (527). The degree to which
TMZ-induced hypermutation affects DNAm in GBM tumours and primary BTIC cultures
remains to be further investigated (Chapter 3).
Finally, from a broader perspective, there has been increasing efforts to explore linkages
between epigenetic variation and an individual’s ‘exposome’, defined as all exposures to which
an individual is subjected from conception to death (528, 529). The exposome comprises specific
external factors (ie chemical toxicants, pollutants, infectious agents, etc), internal processes (ie
hormones, gut microflora, oxidative stress, metabolism, etc) and more general environmental
influences (ie socioeconomic status, psychological stress, etc) (528). Beyond the type of
exposure, the dose, duration and the developmental timing of the exposure may also play an
important role in potentially influencing epigenetic processes and overall disease susceptibility
(529). Specifically, the relationship between different exposures and DNAm variation in
neurobiological disease risk remains largely undefined and represents an active area of
epigenetic epidemiological research.
6.2.6

Correlation versus causation
Although the data presented in this dissertation implicates DNAm variation in disease

risk and progression across different neuropathological domains, these findings are merely
correlational and do not imply causal mechanisms. Moreover, it is difficult to resolve the
functional implications of these associations, as it is not yet clear whether DNAm regulates
transcription or if it is a result thereof, making interpretations of reverse causation highly
possible (23, 25). In order to test causality of DNAm associations, a number of different
approaches are relevant. Firstly, advanced statistical methods can be used such as Mendelian
randomization, which employs genetic polymorphisms as instruments to strengthen causal
inference from observational data (530, 531). Secondly, the establishment of mechanistic causes
would require experimental manipulation and testing using cellular and animal models. In this
context, emerging technologies such as CRISPR fused to chromatin modifiers may be useful
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tools for targeted epigenome editing (532). Thirdly, the implementation of prospective cohort
designs, including intervention studies, will afford temporally-ordered data collection across
critical developmental periods. Together, these approaches may help clarify the appropriateness
of causal interpretations from DNAm studies in neurobiological diseases.
6.3

Considerations for future EWAS analyses of neurobiological disease phenotypes
Substantial progress has been made to date in characterizing DNAm variation associated

with various brain-related pathologies. However, moving forward, a number of considerations
should be taken into account when designing and interpreting EWAS analyses of neurobiological
disease phenotypes, as outlined below.
6.3.1

Diagnostic or phenotypic heterogeneity
In terms of diagnostic or phenotypic heterogeneity, many of the neurobiological

phenotypes of interest in human DNAm studies exist as syndromes that display a wide range of
clinical symptoms and varying degrees of each diagnostic characteristic. For example,
alcoholism (examined in Chapter 4) can be categorized into two broad groups: Type I, which is
characterized by a late onset of dependence, low prevalence and familial alcoholism and a milder
course, and Type II, which is described by early onset of dependence, high familial alcoholism in
fathers, frequent antisocial personality and heightened intensity of alcohol-related problems (533,
534). To reduce such phenotypic variability, well-characterized endophenotypes are being
developed to clarify descriptive diagnostic criteria into more stable phenotypes with clear genetic
linkages (535, 536). In addition, the inclusion of an illness comparison group can help discern if
an epigenetic association is linked to a particular disorder, as opposed to a generalized effect of
disease in the brain(537, 538). For instance, a previous study delineated shared versus distinct
epigenetic signatures between the neurodegenerative disease modalities in postmortem brain
tissues from individuals with Alzheimer’s disease, dementia with Lewy bodies, PD, and
Alzheimer-like neurodegenerative profile associated with Down syndrome (262). Similarly, in
the context of GBM (analyzed in Chapter 3), the inclusion of DNAm patterns and mutational
profiles of epigenetic factors helped refine molecular subtype classifications of GBM tumours
across the age spectrum (226, 227). These approaches, along with well-defined inclusion and
exclusion criteria, can help limit phenotypic heterogeneity in epigenetic study cohorts.
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6.3.2

Effect sizes
Effect size in DNAm studies, often calculated as the mean difference in proportion of

methylated DNA alleles, is largely dictated by the method and location of the DNAm
measurement. In reality, a particular CpG is present only twice within a given cell, on each allele
of a homologous chromosome pair, so DNAm can only be 0% (unmethylated), 50% (hemimethylated) or 100% (methylated). Current methods of DNAm assessment generally involve
simultaneous quantification of DNAm from a pool of cells within a given sample. Thus, a sitespecific change in overall DNAm of a biological sample may reflect changes in DNAm at a
small subset of cells, thereby representing unaccounted cellular mosaicism (23). Moreover, the
magnitude of the DNAm effect sizes can, in part, be attributed to the location of DNAm
measurement in the methylome. For example, CGIs in promoters typically exhibit low DNAm
levels, with little inter-tissue and inter-individual variability, as compared to distal regulatory
elements such as enhancers, where more dynamic DNAm variation occurs (52). At present, a key
methodological challenge in EWAS analyses is to distinguish true signal from noise in order to
gain more accurate estimates of DNAm effect size. The establishment of an a priori threshold for
DNAm change (ie 5%) may be used in an effort to decrease the likelihood of false positives and
prioritize findings that may have biological significance. However, these effect size thresholds, if
used at all, can be arbitrary and difficult to standardize across different contexts. For example,
the magnitude of DNAm change expected for cancer and cross-tissue comparisons may be
higher than DNAm differences for broader, noisier and less tangible exposures (ie early life
adversity). Importantly, the functional consequence of an observed change in DNAm remains
unclear, although a number of DNAm findings related to environmental exposures have been
linked to transcriptional alterations and replicated in independent cohorts (539). Taken together,
careful consideration of DNAm effect sizes may help reduce false discoveries, facilitate
replication potential and illuminate functional relevance in the interpretation of EWAS analyses.
6.3.3

Data sharing and integration
The development of publicly available resources and repositories for sharing molecular

data have become a high priority, motivated, in part, by the difficulty in obtaining high-quality
human tissue samples, particularly from less accessible tissues such as brain. Large-scale
consortiums, such as the National Institutes of Health (NIH) Roadmap Epigenomics Consortium,
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the International Human Epigenome Consortium (IHEC), The Cancer Genome Atlas (TCGA),
the Encyclopedia of DNA Elements (ENCODE) and PsychENCODE, have initiated large-scale
projects to generate human reference epigenomes in a wide range of tissues and cell-types across
different developmental stages and disease contexts (53, 54, 335, 360, 540) . These efforts not
only allow for the development of tools and resources for the larger scientific community to fuel
replication efforts, but also facilitate multidisciplinary collaborations to intersect expertise and
resources. It is worth mentioning that public access to data can be a sensitive issue, as privacy
protections and ethical issues can be associated participant metadata (541). In such cases,
appropriate consent procedures need to be enforced so that data can be properly anonymized and
shared with the broader community (541). In cases where certain data types (ie genetic
information) cannot be shared publicly, collaborations between individual researchers can help to
ensure that provisions for data access are made openly and responsibly (497, 541).
Finally, these types of data-sharing initiatives and collaborations are important resources
for integrative analyses aimed at combining molecular data types, including different epigenetic
marks, genetic variation, RNA expression, protein levels, and chromosomal conformation (542).
For example, recent integration of DNAm profiles and histone marks from the NIH Roadmap
Epigenomics Consortium and ENCODE projects revealed distinct chromatin signatures of DNA
hypomethylation in aging and various tumour types, suggesting that the role of DNAm as a
molecular link between aging and cancer is more complex than previously thought (543). Such
integrative analyses are gaining traction due to their potential to provide insights into robust
biological variation in the human brain, particularly as they pertain to complex disease states
(544, 545).
6.4

Future directions
EWAS analyses in neurobiological disease are rapidly evolving to provide novel

opportunities to characterize molecular features of brain-related function and pathology.
Specifically, promising advancements in this field are occurring along a number of distinct
avenues. Firstly, the development of new methodologies for single-cell epigenomic profiling has
the potential to transform our understanding of cellular subtype diversity in heterogeneous
tissues, as well as more deeply interrogate the epigenetic regulatory landscape in individual cell
types (546, 547). For example, the advent of a single-cell method for parallel chromatin
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accessibility, transcriptome and DNAm profiling revealed novel associations between the three
molecular layers in murine embryonic stem cells (548). Although such techniques have yet to be
applied in the context of human tissues, they provide promising new options for investigating
cell-specific gene regulatory mechanisms.
Secondly, given that DNAm is mitotically heritable and may serve as a mechanism for
cellular memory, there has been increasing interest in the potential for epigenetic inheritance
across generations. While this possibility is certainly intriguing, the appropriate examination of
this phenomenon is complex and complicated by conceptual misunderstandings. For example,
the distinction between intragenerational and intergenerational (or transgenerational) inheritance
is often misinterpreted. In the former scenario of intragenerational inheritance, offspring DNAm
patterns are altered by exposure affecting the maternal in utero environment. As the germ line
cells of the F2 generation can be affected in the pregnant F0 female, these effects may be
plausibly observed for up to two generations (549). By contrast, transgenerational inheritance
requires evidence of transmission across three generations in the females (550). As there are
currently no human cohorts which meet this level of multigenerational transmission, there is, at
present, a lack of unequivocal evidence to support transgenerational epigenetic inheritance in
humans. Consequently, this potential phenomenon remains a compelling area of research that
warrants further investigation.
Finally, the translation of epigenetic findings towards clinical applications, particularly in
the context of personalized medical care, represents a powerful new paradigm in neurobiological
health research (551). In the case of DNAm associations for which evidence of mechanistic
involvement from target brain tissue is available, understanding the actual molecular mechanism
is important for identifying novel therapeutics or treatments. In the absence of mechanistic
evidence, DNAm findings may provide a solid foundation for biomarker discovery in peripheral
tissues. These biomarkers can be used as tools for early disease diagnosis and monitoring as well
as for stratifying patient populations towards more targeted interventions or assessing treatment
response. However, given the complexity and the dynamic nature of the methylome, caution is
warranted in regards to the selection of appropriate tissue source(s), accounting for potential
technical or biological confounds, balanced interpretation of findings and integration with other
–omic data types. Taken together, these efforts may provide compelling insights into the gene132

regulatory architecture underlying neurobiological disease susceptibility and pathogenesis as
well as offer novel strategies to monitor or mitigate such disease-related variation.
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Appendices
Appendix A Supplementary Material for Chapter 2
A.1

Supplementary Figures

Supplementary Figure 2.1 Schematic of Distribution of Human Samples in Cortex-only and Matched 450K
Datasets (A) Venn diagram depicting the distribution of the human samples used in the creation of the cortex only
and matched datasets. Blue and pink outlines denote male and female, respectively. (B) Table depicting the sample
characteristics for each dataset.
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Supplementary Figure 2.2 P-value Distribution of Association to HD Status and Hierarchical Sample Clustering of
Genome-wide Cortex Methylation Profiles (A) Graphical representation of uniform p-value distribution indicating
the lack association of HD status to cortex DNA methylation profiles. (B) Heatmap of sample-tosample correlations
of genome-wide cortex methylation profiles in cortex-only dataset. Purple denotes HD cases while yellow indicates
control samples.
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Supplementary Figure 2.3 Association of Age of Disease Onset to HD Cortex Methylation Profiles and DNA
Methylation Age Differences Between HD Cases versus Controls. (A) PCA of the HD cortex methylation profiles
shows the correlation of known phenotypic and technical variables to PCs (bottom heatmap), each representing an
incremental proportion of the variance in the methylation data (top scree plot). Age of onset significantly correlated
with PC4 representing 14.5% of the methylation variance in the HD cortex samples. (B) Leftward skewing of pvalue distribution for the association of age of onset (adjusted for sex) on DNA methylation in HD cortex samples,
signifying an enrichment of low p-values beyond expected by chance. (C) Predicted DNA methylation age analysis
revealed no significant differences between HD cases versus controls in the cortex-only dataset (Mann-Whitney U
test, ns).
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Supplementary Figure 2.4 Comparison of 450K and Pyrosequencing Measures. Bland-Altman plots for (A)
cg07240470, (C) cg11324953 and (E) cg15544235 show unbiased agreement between 450K and pyrosequencing
measures. Corresponding scatterplots for (B) cg07240470 (D) cg11324953 and (F) cg15544235 show correlation
between 450K and pyrosequencing measures (Spearman correlation, ns for cg07240470 and cg11324953, *p < 0.05
for cg15544235).
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Supplementary Figure 2.5 Correlation of Neighbouring CpG sites in Each Pyrosequencing Assay. Spearman
correlation of adjacent CpG sites underlying pyrosequencing assay for (A) cg07240470, (B) cg11324953 and (C)
cg15544235 shows that neighbouring CpG sites are highly correlated (Spearman correlation, ***p < 0.0001).
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Supplementary Figure 2.6 DNA Methylation of CTCF Site in Original 450K and Validation Individuals and in
Cortex-only Dataset (A) CTCF Consensus sequence from JASPAR (above). Conservation of identified CTCF site
across rhesus monkey, mouse and rat as identified from the UCSC Genome Browser (below). (B-C) Heatmap
representation of CpG methylation of the three identified CpGs used in the CTCF pyrosequencing assay for the
original individuals used in the 450K analysis (B) and the validation individuals (C). Yellow denotes cortex samples
while blue indicates liver samples. (D-F) Measured DNA methylation for each pyrosequenced CpG underlying
CTCF TFBS in HD (coloured in orange) versus control (coloured in green) cortex samples (Mann-Whitney U test,
ns).
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A.2

Supplementary Tables

Supplementary Table 2.1 RT-qPCR Primers

Supplementary Table 2.2 Pyrosequencing Primers
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Appendix B Supplementary Material for Chapter 3
B.1

Supplementary Figures

Supplementary Figure 3.1 Scatterplots of PC1 scores (x-axis) versus PC2 score (y-axis) for BTICs (orange) and
matched tumour (green) samples. PC1, which comprised of 23.7% of the total variance in the processed 450K data,
was significantly associated with tissue source (Wilcoxon signed-rank test, p = 5.8 x 10-11).

Supplementary Figure 3.2 A) Representation of 131,307 significant differentially variable CpGs across various
genomic features. Bars show the fold-change between CpG count in each genomic region and the mean count of
randomly selected CpGs in that same genomic feature, from 10,000 iterations. Error bars show standard error. (*
denotes significant enrichment or depletion at FDR ≤ 0.05) (S = South; N = North; 3’ = 3’ Untranslated Region).
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Supplementary Figure 3.3 Boxplot of tumour DNAm reference range values of significantly correlated sites
between BTICs and GBM tumours, showing modest increase in DNAm reference range for 288 CpGs associated
with previously identified mQTL in brain tissues (purple) over 29,716 non-mQTL-associated CpGs (green),
although this difference did not reach statistical significance (79).

B.2

Supplementary Tables

Supplementary Table 3.1 The number of CpG sites at various thresholds of reference range and Spearman’s
correlation rho between matched BTICs and GBM tumours

Positive
Correlation
Rho
Negative
Correlation
Rho

NA
≥ 0.3
≥ 0.6
≥ 0.9
≤ -0.3
≤ -0.6
≤ -0.9

0
30,004
29,875
9,678
19
129
7
0

≥ 0.05
29,103
29,059
9,580
19
44
4
0

≥ 0.1
28,122
28,099
9,429
19
23
2
0

Tumour Reference Range
≥ 0.2
≥ 0.3
≥ 0.4
26,025
22,714
17,047
26,010
22,702
17,040
9,005
8,229
6,644
19
19
16
15
12
7
1
1
1
0
0
0

≥ 0.5
10,251
10,249
4,342
15
2
0
0
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Appendix C Supplementary Material for Chapter 4
C.1

Supplementary Figures

Supplementary Figure 4.1 Estimations of blood cell proportions in samples based on underlying reference DNAm
profiles. Estimates were predicted using the Houseman blood cell deconvolution algorithm. There was no significant
association between predicted proportions of any cell type and sample group (Mann-Whitney U test for comparison
of controls and patients (T1) or controls and patients (T2); Wilcoxon signed-rank test for comparison of matched
patients (T1) and patients (T2) samples).

172

Supplementary Figure 4.2 Principal component analyses before and after regression-based adjustment of the 450K
data. PCA showing the correlation of known phenotypic and technical variables to the top 10 principal components,
each representing an incremental proportion of the variance in the methylation data. a) Top 10 PCs in unadjusted 450K
dataset (representing 60% of the DNAm variance) and b) top 10 PCs in the adjusted 450K dataset (representing 45%
of the DNAm variance).

Supplementary Figure 4.3 Correlations between 450K array and pyrosequencing measures. a) Bland-Altman plots
for verified CpGs show a slightly biased agreement between 450K dataset and pyrosequencing measures. b) Strong
positive correlation between 450K and pyrosequencing measures for cg07280807 (Spearman rs = 0.85, P = 2E-16),
cg18752527 (rs = 0.71, P = 3E-12), cg16529483 (rs = 0.79, P = 4E-16) and cg24496423 (rs = 0.80, P = 2E-16).
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Supplementary Figure 4.4 Blood cell type associations of 3 examined CpG sites. a) DNA methylation of cg18752527
in the HECW2 gene was significantly associated with CD4+ and CD8+ T cells, along with NK cells, as determined by
differential DNAm testing using a previous 450K dataset of purified blood cell types17 (P = 7.6E-15, ANOVA). DNA
methylation of cg16529483 (b) and cg24496423 (c) in the SRPK3 gene were not significantly associated with any cell
type (P > 0.6, ANOVA).
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C.2

Supplementary Tables

Supplementary Table 4.1 Differentially methylated sites between Controls and Patients (T1)
#

Probe ID

Gene

Region

Average beta
Controls

Average
beta
Patients (T1)

Δ-beta

P-Value

BH-adjusted
P-Value

1

cg18752527

HECW2

intragenic

0.342

0.276

0.066

4.30E-07

0.0213

2

cg08109624

None

intergenic

0.760

0.817

-0.057

8.15E-07

0.0234

3

cg10168086

None

intergenic

0.535

0.484

0.051

1.24E-06

0.0256

4

cg07280807

None

intergenic

0.755

0.822

-0.068

2.44E-06

0.0366

5

cg12173150

None

intergenic

0.321

0.385

-0.064

3.02E-06

0.0370

6

cg01059398

TNFSF10

intragenic

0.261

0.209

0.052

1.07E-05

0.0627

7

cg17940902

HLA-DMA

promoter

0.399

0.450

-0.051

1.19E-05

0.0640

8

cg22778903

MX2

intragenic

0.304

0.355

-0.051

1.34E-05

0.0666

9

cg14612335

SKIL

promoter

0.423

0.368

0.055

1.38E-05

0.0666

10

cg11580026

None

intergenic

0.600

0.549

0.051

1.51E-05

0.0691

11

cg12284098

MYOM2

intragenic

0.534

0.477

0.056

1.54E-05

0.0691

12

cg26091609

CTLA4

intragenic

0.578

0.518

0.060

1.59E-05

0.0691

13

cg09768654

SRPK3

promoter

0.374

0.466

-0.092

1.65E-05

0.0691

14

cg06851207

PNMAL1

promoter

0.528

0.617

-0.089

1.84E-05

0.0691

15

cg14702960

None

intergenic

0.742

0.689

0.052

1.92E-05

0.0691

16

cg00449728

MAPRE2

intragenic

0.750

0.693

0.057

2.98E-05

0.0702

17

cg22851561

ELMSAN1

intragenic

0.432

0.380

0.052

3.00E-05

0.0702

18

cg02536838

ANGPT1

promoter

0.605

0.530

0.075

3.14E-05

0.0702

19

cg15841511

None

intergenic

0.729

0.788

-0.059

3.42E-05

0.0706

20

cg24392939

CRYBG3

intragenic

0.562

0.510

0.052

3.62E-05

0.0725

21

cg12761472

CEP85L

promoter

0.621

0.566

0.055

4.13E-05

0.0754

22

cg02652579

SYNGAP1

promoter

0.623

0.563

0.059

4.17E-05

0.0758

23

cg22865905

SNORA69

three_plus

0.794

0.743

0.051

4.26E-05

0.0764

24

cg27201673

PNMAL1

promoter

0.213

0.263

-0.050

5.41E-05

0.0778

25

cg04936619

C17orf75

intragenic

0.314

0.245

0.069

5.88E-05

0.0778

26

cg11121969

PCBP3

promoter

0.691

0.627

0.064

6.26E-05

0.0778

27

cg00246693

ARHGAP42

promoter

0.340

0.393

-0.053

7.10E-05

0.0778

28

cg10399005

None

intergenic

0.776

0.833

-0.057

7.11E-05

0.0778

29

cg16529483

SRPK3

promoter

0.252

0.357

-0.105

7.18E-05

0.0780

30

cg01220513

SH3KBP1

intragenic

0.506

0.454

0.051

8.08E-05

0.0791

31

cg26926002

None

intergenic

0.719

0.777

-0.058

8.10E-05

0.0791

32

cg14544087

MIR155HG

intragenic

0.290

0.227

0.063

8.64E-05

0.0791

33

cg20893919

TRPC3

intragenic

0.703

0.754

-0.051

9.23E-05

0.0801

34

cg18682028

FYCO1

intragenic

0.394

0.338

0.056

9.24E-05

0.0801

35

cg04362790

None

intergenic

0.697

0.644

0.052

9.32E-05

0.0801

36

cg09060654

LIPA

intragenic

0.578

0.656

-0.079

9.51E-05

0.0801
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#

Probe ID

Gene

Region

Average beta
Controls

Average
beta
Patients (T1)

Δ-beta

P-Value

BH-adjusted
P-Value

37

cg02451774

NBPF8

intragenic

0.431

0.483

-0.053

9.98E-05

0.0806

38

cg18723276

USP29

promoter

0.723

0.774

-0.051

0.0001

0.0819

39

cg13180722

None

intergenic

0.338

0.401

-0.062

0.0001

0.0830

40

cg12230162

SRPK3

promoter

0.357

0.463

-0.105

0.0001

0.0835

41

cg18890544

None

intergenic

0.846

0.905

-0.059

0.0001

0.0839

42

cg24496423

SRPK3

promoter

0.309

0.393

-0.084

0.0001

0.0854

43

cg02661764

None

intergenic

0.419

0.360

0.059

0.0001

0.0867

44

cg01400671

None

intergenic

0.409

0.345

0.064

0.0001

0.0874

45

cg13609457

None

intergenic

0.577

0.521

0.056

0.0002

0.0897

46

cg25880958

None

intergenic

0.591

0.645

-0.054

0.0002

0.0898

47

cg18376497

INPP4B

intragenic

0.286

0.223

0.064

0.0002

0.0919

48

cg13784312

RAPGEF1

intragenic

0.187

0.136

0.051

0.0002

0.0928

49

cg07135405

MIR1914

three_plus

0.540

0.394

0.146

0.0002

0.0928

50

cg20475486

None

intergenic

0.702

0.759

-0.058

0.0002

0.0936

51

cg11858450

CCDC105

intragenic

0.709

0.762

-0.053

0.0002

0.0940

52

cg05927817

None

intergenic

0.726

0.787

-0.061

0.0002

0.0940

53

cg00306893

None

intergenic

0.737

0.675

0.062

0.0002

0.0940

54

cg10365886

TNXB

intragenic

0.566

0.672

-0.105

0.0002

0.0947

55

cg27503950

None

intergenic

0.633

0.696

-0.063

0.0002

0.0952

56

cg01089001

GALNT18

intragenic

0.317

0.382

-0.065

0.0002

0.0953

57

cg12564698

GAL

three_plus

0.312

0.261

0.051

0.0002

0.0953

58

cg16197188

NRG3

intragenic

0.723

0.672

0.051

0.0003

0.0995

59

cg04088338

None

intergenic

0.430

0.378

0.052

0.0003

0.0999

Abbreviations: Average beta, mean methylation values (%); Benjamini-Hochberg (BH) adjusted P-value.
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Supplementary Table 4.2 Top listed hits detected by both site-specific and DMRcate analysis.
Probe ID

Gene

DMR

Position

cg16529483

SRPK3

153046451

cg24496423

SRPK3

cg12230162

SRPK3

cg09768654

SRPK3

chrX:153046175153047707
chrX:153046175153047707
chrX:153046175153047707
chrX:153046175153047707
chr1:242220301242220925
chr1:242220301242220925
chr6:160023581160024144
chr10:9098505590985062

cg18890544
cg08109624
cg27503950
cg09060654

LIPA

153046480
153046482
153046386
242220538
242220925
160024002
90985062

Average beta
Controls

Average beta Patients
(T1)

0.252

0.357

0.309

0.393

0.357

0.463

0.374

0.466

0.846

0.905

0.760

0.817

0.633

0.696

0.578

0.656

Δ-beta

P-Value

FDR

-0.105

3.52E-23

5.90E-19

-0.084

2.84E-23

4.94E-19

-0.105

2.80E-23

4.94E-19

-0.092

6.72E-23

1.01E-18

-0.059

1.75E-18

8.88E-15

-0.057

1.69E-19

1.02E-15

-0.063

2.92E-15

6.57E-12

-0.079

1.96E-07

4.53E-05

Abbreviations: Average beta, mean methylation values (%); FDR, Benjamini-Hochberg False Discovery Rate; DMR, differentially methylated region.
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Supplementary Table 4.3 Differentially methylated sites between Patients (T1) and Patients (T2)

#

Probe ID

Gene

Region

Average
beta
Patients (T1)

Average
beta
Patients (T2)

Δ-beta

P-Value

BH-adjusted
P-Value

1

cg15500907

LAMA4

intragenic

0.485

0.542

-0.056

1.01E-06

0.0323

2

cg05266321

CCR2

intragenic

0.545

0.606

-0.061

4.63E-06

0.0487

3

cg13279700

C6orf10

intragenic

0.481

0.544

-0.063

1.76E-05

0.0561

4

cg14054990

KRTAP19-5

promoter

0.431

0.482

-0.052

1.84E-05

0.0565

5

cg21049302

None

intergenic

0.466

0.522

-0.056

1.98E-05

0.0565

6

cg17022548

NRG2

intragenic

0.204

0.258

-0.054

1.99E-05

0.0565

7

cg22472360

TRIO

intragenic

0.514

0.569

-0.055

2.09E-05

0.0569

8

cg07920414

RIMS3

intragenic

0.438

0.493

-0.055

2.18E-05

0.0572

9

cg04088338

None

intergenic

0.378

0.429

-0.051

2.54E-05

0.0590

10

cg12240358

HOMER2

intragenic

0.462

0.519

-0.057

2.68E-05

0.0590

11

cg09712306

AURKA

intragenic

0.602

0.660

-0.058

3.48E-05

0.0605

12

cg07939743

None

intergenic

0.289

0.341

-0.052

3.50E-05

0.0605

13

cg00803692

CCR5

promoter

0.370

0.424

-0.054

3.73E-05

0.0620

14

cg10177030

SNORD12

three_plus

0.419

0.472

-0.053

3.85E-05

0.0627

15

cg15439110

None

intergenic

0.444

0.525

-0.080

3.93E-05

0.0628

16

cg20385229

SLIRP

intragenic

0.392

0.444

-0.052

4.13E-05

0.0628

17

cg02393640

LUZP6

intragenic

0.390

0.443

-0.052

5.63E-05

0.0668

18

cg17863551

CD177

promoter

0.419

0.478

-0.059

6.27E-05

0.0670

19

cg15279541

None

intergenic

0.388

0.439

-0.051

7.14E-05

0.0677

20

cg20171999

RRS1

three_plus

0.403

0.474

-0.070

8.93E-05

0.0680

21

cg20559385

None

intergenic

0.428

0.479

-0.052

9.43E-05

0.0680

22

cg21429780

MAML3

intragenic

0.493

0.545

-0.052

0.0001

0.0680

23

cg01482790

HNRNPM

intragenic

0.289

0.339

-0.050

0.0001

0.0681

24

cg20684197

FGF1

intragenic

0.395

0.445

-0.051

0.0001

0.0684

25

cg04279139

MANSC4

promoter

0.410

0.461

-0.051

0.0001

0.0688

26

cg16853860

PSMB9

intragenic

0.272

0.332

-0.060

0.0001

0.0696

27

cg27062514

CTR9

intragenic

0.463

0.526

-0.064

0.0001

0.0721

28

cg09931909

MB21D1

intragenic

0.420

0.497

-0.077

0.0001

0.0735

29

cg13340231

ZNF704

intragenic

0.528

0.583

-0.055

0.0002

0.0751

30

cg10035831

RPTOR

intragenic

0.446

0.503

-0.057

0.0002

0.0753

31

cg13927756

MYO10

intragenic

0.468

0.524

-0.056

0.0002

0.0754

32

cg08749576

None

intergenic

0.627

0.684

-0.058

0.0002

0.0761

33

cg15484808

RPS18

intragenic

0.480

0.534

-0.054

0.0002

0.0811

34

cg12802876

None

intergenic

0.359

0.418

-0.059

0.0002

0.0828

35

cg03548415

None

intergenic

0.422

0.473

-0.051

0.0003

0.0853

36

cg20547015

PPP1CC

intragenic

0.453

0.517

-0.064

0.0003

0.0862

37

cg23214895

None

intergenic

0.569

0.620

-0.051

0.0003

0.0878
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Probe ID

Gene

Region

Average
beta
Patients (T1)

Average
beta
Patients (T2)

Δ-beta

P-Value

BH-adjusted
P-Value

38

cg12478092

CCDC116

promoter

0.510

0.573

-0.063

0.0003

0.0879

39

cg15683542

MIPEP

intragenic

0.694

0.747

-0.053

0.0003

0.0883

40

cg09514545

MIR525

three_plus

0.442

0.501

-0.060

0.0004

0.0908

41

cg01789743

NID1

intragenic

0.499

0.552

-0.053

0.0004

0.0910

42

cg18524114

None

intergenic

0.339

0.389

-0.050

0.0005

0.0933

43

cg04410448

ZC2HC1B

intragenic

0.491

0.541

-0.051

0.0005

0.0949

44

cg13714407

RAPGEF1

intragenic

0.367

0.426

-0.059

0.0005

0.0953

45

cg27367066

None

intergenic

0.455

0.510

-0.054

0.0006

0.0967

46

cg26837708

YBX1

intragenic

0.388

0.445

-0.058

0.0006

0.0967

47

cg14817867

PRPSAP2

intragenic

0.419

0.471

-0.052

0.0006

0.0971

48

cg13598358

PPP1CC

intragenic

0.362

0.418

-0.056

0.0006

0.0978

Abbreviations: Average beta, mean methylation values (%); Benjamini-Hochberg (BH) adjusted P-value.
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Supplementary Table 4.4 Primers and PCR programs for validation and replication.
5cg07280807 (intergenic)
fwd: 5’-GTTATGGTTGGGTTTTTGGG-3’
rev: 5’-Bio-CCTATCTCCTCAAACAAAAACTAAAAA-3’
seq: 5’-AGTTAGGGATTATAGTGTAGTTG-3’
Amplicon length: 156 bp
coordinates: chr14:70,317,178-70,317,333
Note: The amplicon contains 3 CpG sites, of which the third is
cg07280807
cg18752527 (HECW2)
fwd: 5’-GTGTTTGTGGGAATGTTTTTTATA-3’
rev: 5’-Bio- CACACTACACTTTCATTTTCTATCAA-3’
seq: 5’- TTTTTAGATATATAAATTTTTTTTTT-3’
Amplicon length: 135 bp
coordinates: chr2:197,132,798-197,132,932

PCR program:
95°C – 15 min
------------------45 cycles:
94°C – 30 sec
50°C – 30 sec
72°C – 30 sec
------------------72°C – 10 min
4°C – hold

PCR program:
95°C – 15 min
------------------45 cycles:
94°C – 30 sec
50°C – 30 sec
72°C – 30 sec
------------------72°C – 10 min
4°C – hold

cg16529483 / cg24496423 (SRPK3)

PCR program:

fwd/seq: 5’-GTTATTTATAAAGGAGGGTGAGATTA-3’

95°C – 15 min
------------------45 cycles:
94°C – 30 sec
48°C – 30 sec
72°C – 30 sec
------------------72°C – 10 min
4°C – hold

rev: 5’-Bio-AACCACTACTCCTATAAAACCCCAC-3’
Amplicon length: 85 bp
coordinates: chrX:153,046,424-153,046,508
Note: The amplicon contains 5 CpG sites, of which the first is cg16529483
and the fourth is cg24496423. Due to CpG sites in the primer binding area,
the primers contain 1 (fwd) and 2 (rev) mismatches, which are highlighted
underlined.

Abbreviations: fwd, forward primer; rev, reverse primer; seq, sequencing primer; Bio, biotin-modification; bp,
basepair.
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Appendix D Supplementary Material for Chapter 5
D.1

Supplementary Figures

Supplementary Figure 5.1 A) Predicted proportions of cell types in PBMCs for both datasets (Mono = monocytes;
Gran = Granulocytes). B) Predicted proportions of cell types in BECs for both datasets.
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Supplementary Figure 5.2 Beta mixture modeling on Spearman correlation rho values between matched BECs and
PBMCs for A) GECKO and b) C3ARE cohorts. The bimodal distribution of Spearman rho values indicated two
underlying populations of CpGs, a set of uncorrelated CpGs (shown in red) and a set of right-skewed highly
positively correlated CpGs (shown in green). Correlation coefficient threshold for informative CpGs were
determined at 2 standard deviations minus the mean of the green Gaussian distribution (GECKO rho = 0.47; C3ARE
rho = 0.32).
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Supplementary Figure 5.3 Principal component analysis of PsychChip genotyping profiles (542,699 SNPs) for
C3ARE (shown in blue) and GECKO (shown in red) revealed that genetic ancestry did not differ significantly
between the cohorts as determined by Wilcoxon ranked sum test of GECKO versus C3ARE in PC1 scores (p = 0.8)
and PC2 scores (p = 0.4).

Supplementary Figure 5.4 Density distribution of Spearman’s correlation coefficient (Rho) across 419, 507 CpGs
in matched BEC and PBMC tissues for GECKO, GECKOsub, GECKOsub Averaged (mean of 100 trials of
GECKOsub) and C3ARE datasets.
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Supplementary Figure 5.5 Overlap of cis-mQTL identified in matched tissues of both C3ARE and GECKO
cohorts, respectively.
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Supplementary Figure 5.6 A) Representation of 4,980 CpGs underlying validated cis-mQTL across various
genomic features. Bars show the fold-change between CpG count in each genomic region and the mean count of
randomly selected CpGs in that same genomic feature, from 10,000 iterations. Error bars show standard error. (*
denotes significant enrichment or depletion at FDR ≤ 0.05) (S = South; N = North). B) A) Stacked bar plot
representing overlap of identified informative sites in BEC-specific, PBMC-specific and shared-tissue validated cismQTL.
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D.2

Supplementary Tables

Supplementary Table 5.1 The number of CpG sites at various thresholds of Spearman’s correlation rho and
reference range for C3ARE, GECKO and GECKOsub datasets.
C3ARE

Positive
Correlation
Rho
Negative
Correlation
Rho
GECKO

0
≥ 0.3
≥ 0.6
≥ 0.9
≤ -0.3
≤ -0.6
≤ -0.9

0
Positive
≥ 0.3
Correlation
≥ 0.6
Rho
≥ 0.9
Negative
≤ -0.3
Correlation
≤ -0.6
Rho
≤ -0.9
GECKOsub

Positive
Correlation
Rho
Negative
Correlation
Rho

0
≥ 0.3
≥ 0.6
≥ 0.9
≤ -0.3
≤ -0.6
≤ -0.9

0
419,507
74,137
10,476
45
51,436
3,300
3
0
419,507
333,22
6,285
41
1,557
8
0
0
419,507
30,615
5,252
11
1,357
5
0

PBMC Reference Range
≥ 0.05
≥ 0.1
≥ 0.2
64,204
12,218
1,742
24,542
7,474
1,282
6,489
3,112
747
45
35
9
4,866
372
40
327
34
6
0
0
0
PBMC Reference Range
≥ 0.05
≥ 0.1
≥ 0.2
131,227
28,311
3,597
29,158
15,774
3,055
6,174
5,355
1,985
41
41
38
331
82
7
8
6
0
0
0
0
PBMC Reference Range
≥ 0.05
≥ 0.1
≥ 0.2
115,404
21,563
2,689
26,385
12,916
2,306
5,172
4,381
1,476
11
11
10
243
53
5
5
4
0
0
0
0

≥ 0.5
46
44
29
0
0
0
0
≥ 0.5
159
146
119
4
0
0
0
≥ 0.5
93
88
76
0
0
0
0
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Supplementary Table 5.2 The number of CpG sites of each defined category represented in reported significant
hits of various pediatric EWAS publications
Type of Site

# of Sites in
Almstrup et
al. 2017 (%)

# of Sites in
Berko et al.
2014 (%)

All categories
Differential

0 (0%)
67 (71.3%)

0 (0%)
27 (36.5%)

# of Sites
in Fisher
et al. 2015
(%)
1 (0.4%)
42 (16.7%)

Informative
Informative & Differential

1 (1.1%)
4 (0.04%)

18 (24.3%)
6 (8.1%)

2 (0.8%)
2 (0.8%)

# of Sites
in Portales
et al. 2016
(%)
3 (0.5%)
347
(52.7%)
9 (1.4%)
21 (3.2%)

mQTL CpG
mQTL & Differential

2 (0.02%)
0 (0%)

0 (0%)
10 (13.5%)

0 (0%)
2 (0.8%)

6 (0.9%)
18 (2.7%)

mQTL & Informative
None

0 (0%)
20 (21.3%)

0 (0%)
13 (17.6%)

2 (0.3%)
252 (0.4%)

Total Reported

94 (100%)

74 (100%)

1 (0.4%)
202
(80.2%)
252
(100%)

658
(100%)

# of Sites
in Xu et
al. 2017
(%)
33 (0.3%)
6629
(68.3%)
63 (0.6%)
166
(1.7%)
45 (0.5%)
168
(1.7%)
9 (0.09%)
2591
(26.7%)
9704
(100%)
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