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ABSTRACT
Type 1 diabetes (T1D) is an autoimmune disorder characterised by hyperglycaemia
resulting from the destruction of insulin-producing pancreatic beta cells by the body’s
immune cells leading to loss of insulin production. Genetic factors play a significant role in
disease susceptibility. Genome-wide association studies (GWAS) have identified over 60
susceptibility loci for T1D across the human genome. However, as >90% of the single
nucleotide polymorphisms (SNPs) that mark these loci are mapped within non-coding
regions of the genome, a knowledge gap exists that limits our understanding of how genetic
variation contribute to the risk of T1D development. To address this challenge, I used a
computational algorithm to assign 346 T1D-associated SNPs to the 996 genes that they
control through tissue-specific spatiotemporal transcriptional regulation. Notably, I
identified novel transcriptional regulation of transcriptional factors, including Tcf12, Ets2,
and Foxp1 that are involved in the regulation of immune response. Moreover, I identified
regulatory effects specific for SNPs associated with the differing age-at-onset of T1D across
multiple immune cell types such as naïve and activated CD4+ and CD8+ T cells. A machine
learning algorithm identified transcriptional changes in the lung as making the greatest single
genetic contribution to the risk of conversion to the development of T1D. Further
investigations revealed that risk alleles for T1D and type 2 diabetes (T2D) co-regulate genes
involved in the regulation of pancreatic beta cell function and insulin signalling. Finally, I
experimentally validated the allele-specific enhancer activity of SNPs associated with the
early age of T1D onset on transcriptional control of key immune regulatory genes, including
RBPJ, FOXP3, CTLA4, RP11-973H7.1, and HLA class I and II genes. Collectively, the work
presented in this thesis contributes novel insights into the gene regulatory mechanisms that
are associated with genetic risk for T1D. In so doing, it provides a valuable resource for the
design of new and ongoing experimental studies on T1D.
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Chapter 1.
General Introduction

Sections 1.2, 1.3, and 1.4 of this chapter have been published in the Journal of Molecular
and Cellular Endocrinology:

Nyaga, D. M., Vickers, M. H., Jefferies, C., Perry, J. K. & O’Sullivan, J. M. The genetic
architecture of type 1 diabetes mellitus. Mol. Cell. Endocrinol. (2018); 477:70-80.
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1.1. Human complex diseases
In the 19th century, Rudolf Virchow, widely regarded as “the father of modern
pathology”, made a declaration that diseases “…are only the manifestations of life processes
under altered condition” (Kräupl, 1979). In saying this, Virchow was making the point that
diseases should be considered as attributes of human beings that appear because of the
failure of the body’s “internal environment” to cope with the unbalancing changes resulting
from inherent disease predisposition such as inherited DNA mutations. This view supports
the systems theory of life suggesting that human bodies adapt to changes in their “internal
environments” through immune reactions and detoxification responses that maintain
homeostatic systems (Mackenbach, 2006; Underwood and Cross, 2009). It is hard to argue
with these assertions given that inheriting certain genetic mutations influences an individual’s
predisposition to the development of autoimmune disorders, as demonstrated by the
predictive ability of genetic risk scores for diseases such as type 1 diabetes (T1D) (Bonifacio
et al., 2018; Oram et al., 2016; Sharp et al., 2019). Of course, diseases can also develop
because of the “external environment”, with the major influence stemming from our
lifestyles, as evidenced by the increasing incidences of chronic disorders including obesity,
type 2 diabetes (T2D) and some cancers (Gouda et al., 2019; Lozano et al., 2012; Rappaport,
2016).
Diseases such as diabetes, cancers, congenital and neurodegenerative disorders, asthma
etc. are defined as complex disorders because multiple genetic and environmental factors
strongly influence their development (Chakravarti, 1999; Fearnhead et al., 2005; Frazer et al.,
2009; Rappaport, 2016). As such, complex diseases do not follow Mendelian laws of
inheritance; that is, the disease development is not dependent upon a single dominant or
recessive gene. However, it has been suggested that not all Mendelian traits are truly
monogenic, an argument supported by the complexity in which genetic predisposition
modifies the phenotypic expression of most traits, including Mendelian disorders. For
example, mutations in the NF1 gene causes the development of Neurofibromatosis type I
(i.e. a Mendelian disorder), with individuals carrying similar mutations reported to display
significant phenotypic heterogeneity (Carey et al., 1986; Pasmant et al., 2012). Moreover, the
pathogenesis of cystic fibrosis involves the loss of CFTR (Cystic fibrosis transmembrane
conductance regulator) protein function that affects the transportation of chloride and water
across epithelial tissues, with other modifier genes such as RNF5 reported to play a
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significant role in mediating disease severity (Cutting, 2010; Dorfman et al., 2009; Sondo et
al., 2018).
The lack of correlation between genotypes and phenotypes has also been demonstrated
in the manifestation of monogenic disorders that display non-Mendelian inheritance, either
mediated by variable expressivity, locus heterogeneity, or incomplete penetrance (Zlotogora,
2003). By definition, locus heterogeneity refers to instances where multiple genomic loci
produce the same phenotype (e.g. in retinitis pigmentosa) (Kajiwara et al., 1994), while
variable expressivity is the degree in which a genotype expresses the associated phenotype
(e.g. in keratopathy) (Patel et al., 2017).
Incomplete or reduced penetrance phenomena describes diseases or traits where
individuals harbouring deleterious genes do not develop the associated disease or trait. For
example, the germline p.V654L mutation of the RB1 gene has been linked to a low
penetrance (i.e. ~35%) of retinoblastoma in families (Hung et al., 2011). Moreover, the
inheritance of inactivating mutations within the phenylalanine hydroxylase (PAH) gene,
which converts phenylalanine to tyrosine, causes progressive intellectual impairment in most
but not all individuals due to the build-up of toxic phenylalanine derived from the diet in the
blood and brain (Blau et al., 2010). However, dietary restriction of phenylalanine allows a
relatively healthy life. Furthermore, there are reported cases of healthy individuals that
harbour high penetrant deleterious mutations (i.e. referred to as resilient individuals) (Chen
et al., 2016), illustrating that known genetic factors explain only part of the risk associated
with the disease development.
Although research on genetic disorders in humans has traditionally followed a
‘reductionist paradigm’, studies of Mendelian ‘monogenic’ diseases have provided a
resourceful foundation for research on complex diseases. The cataloguing of Mendelian
diseases (Online Mendelian Inheritance in Man [OMIM]) has enabled the characterisation
of molecular aetiology of over 5000 diseases (McKusick, 2007), which has facilitated a better
understanding of complex disease development. For example, the locus responsible for the
development of autoimmune polyendocrinopathy-candidiasis-ectodermal dystrophy
(APECED), a rare monogenic autoimmune disorder, was identified by positional cloning of
the AIRE gene (Aaltonen et al., 1997). Interestingly, molecular characterisation of AIRE in
mice resulted in the identification of the critical regulator of central tolerance and immune
response in the thymus (Anderson et al., 2002; Ramsey et al., 2002), which was later
implicated in the development of autoimmune diseases (Anderson et al., 2005). Therefore,
3

as the phenotypic expression of most common diseases remain complex due to influences
from the modifying effects of the environment, age, sex, the presence of other genetic
variations and modifier genes, untangling the underlying molecular mechanisms will
contribute immensely to our understanding of all forms of genetic disorders.

1.1.1 The rise of genome-wide association studies
The Human Genome Project (HGP) was initiated in 1990 to provide an improved
understanding of the genetic basis of human diseases (Venter et al., 2001). In part, this
promise has been realised as evidenced by the identification of genomic mutations that
include inversions, translocations, and copy number variations (CNVs) for over 1,000
protein-coding genes underlying the development of common and rare disorders (Amberger
et al., 2015; Conrad et al., 2010; St. Hilaire et al., 2011; Stankiewicz and Lupski, 2010).
Moreover, over 3 million single nucleotide polymorphisms (SNPs) have been mapped across
the genome since its completion (Venter et al., 2001). In 2002, an international research
consortium initiated the HapMap project to determine and create catalogues of common
patterns of sequence variations across ethnically diverse individuals (International HapMap
Consortium, 2003). Notably, the project enabled the development of microarrays for
examining thousands of SNPs across the genome in a single analysis. As such, these
developments facilitated the Wellcome Trust Case Control Consortium (WTCCC) to
perform the first landmark genome-wide association study (GWAS) on a British population
(i.e. ~2000 cases for each of the 7 common diseases and ~3000 shared controls) (Burton et
al., 2007). Thus, serving as a template for association studies (i.e. designing, methodology,
and interpretation of results) enabled researchers to quickly discover and publish novel SNPs
conferring susceptibility to hundreds of complex diseases and traits.
Typically, association studies involve the genome-wide comparison of the occurrence of
common SNPs (i.e. having a minor allele frequency [MAF] > 5%) between affected (case)
and healthy (control) individuals within a population (Marees et al., 2018). Statistical analyses
are then conducted to infer significant associations between the SNPs and the disease (or
trait), or even to identify other markers (i.e. alleles or haplotypes) closely linked to the disease
locus through population linkage disequilibrium (i.e. the non-random associations of alleles
[LD]). Thus, SNPs identified as appearing significantly more frequently in individuals having
the disease (or trait) are referred to as disease (or trait) “associated” SNPs.
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As of September 2020, the catalogue of GWAS results (https://www.ebi.ac.uk/gwas/)
(Buniello et al., 2019) contains 4,694 published studies for over 197,708 curated associations
of complex traits, biomarkers and diseases that include, but are not limited to, multiple
sclerosis (Kemppinen et al., 2011), T2D (Mahajan et al., 2014), cardiovascular disease
(Nikpay et al., 2015), breast cancer (Michailidou et al., 2013), rheumatoid arthritis (RA)
(Okada et al., 2014), and T1D (Barrett et al., 2010). As such, these advances have accelerated
the rate of novel genomic discoveries as association studies have become well-powered, with
some international consortia recruiting ~1 million study participants (Evangelou et al., 2018;
Liu et al., 2019).
The “common SNP – common disease” rationale inherent in GWA studies as a result of
using common alleles (MAF>5%) hinders the identification of low frequency and rare
variants, which in most cases display ‘large effects’ on the development of disease (Liu and
Leal, 2012; Walter et al., 2015). As such, most SNPs identified by GWA studies thus far
confer relatively moderate increments in risk and have not fully explained the heritability of
complex diseases (Eichler et al., 2010). In essence, heritability (h2) describes the fraction of
phenotypic variance that results from genetic inheritance within a population (Manolio et al.,
2009). Via studies undertaken in twins (Boomsma et al., 2002), heritability was estimated by
comparing phenotypic traits (i.e. observable features of an individual such as height) between
monozygotic (MZ) to dizygotic (DZ) twins. For example, correlation estimates for
depression is 0.4 in MZ twins and 0.2 in DZ twins, with heritability for depression estimated
at 40% (i.e. twice the difference in correlation between MZ and DZ since monozygotic twins
are genetically identical) (Kendler et al., 1992). Therefore, the differences in correlation
estimates between individuals can be translated as evidence that genetic variation contributes
to the phenotypic variance (Boomsma et al., 2002).
Notably, there is a profound discordance between heritability estimates calculated for
twin and population-level association studies. For example, highly significant and wellreplicated SNPs from population-level studies cumulatively explained approximately 40% of
the phenotypic variance in height (Yang et al., 2010), while twin studies explained over 80%
(Silventoinen et al., 2003). This gap is known as the ‘missing heritability’, and has stimulated
debate for over a decade (Manolio et al., 2009). It is widely hypothesised that most of the
missing heritability might be attributed to many low minor allele frequencies, but high impact
rare SNPs (MAF<5%), which do not pass the stringent significance threshold in GWAS
testing (Speed et al., 2012).
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Nevertheless, GWA studies have contributed essential advancements to family-based
linkage and candidate gene studies by testing hundreds to thousands of markers, which has
significantly increased the power and resolution to infer genetic susceptibility to complex
diseases (Altmüller et al., 2001; McQueen et al., 2007). Thus, in order to facilitate the
translation of GWAS findings into the clinic, it will require us to apply the latest
advancements in genomic research such as the integration of functional genomics and spatial
genetics [e.g. (van Arensbergen et al., 2019; Fadason et al., 2018; Greenwald et al., 2019;
McGovern et al., 2016; Su et al., 2020)]. This will enable us to untangle the biological impacts
of GWAS SNPs that are mostly mapped to non-coding regulatory regions of the genome
(van Arensbergen et al., 2019; Dunham et al., 2012; Kundaje et al., 2015). Achieving this will,
in part, provide a better understanding of the missing heritability of complex diseases and
facilitate the development of effective means of prevention, diagnosis, and treatment of
common diseases.
This thesis is my attempt to unravel the genetic mechanisms underlying the agedependent and tissue-specific contributions to the development of T1D by resolving the
biological processes that are affected by common SNPs through the identification of their
impacts on the spatial-temporal regulation of gene expression.

1.2. Type 1 diabetes: an overview
Sections 1.2 to 1.4 have been published in the Journal of Molecular and Cellular
Endocrinology
Diabetes mellitus refers to a set of disorders characterised by the body’s inability to
regulate blood glucose levels either through a relative or complete loss of secretion of the
hormone insulin from pancreatic islet beta cells or as a consequence of insulin resistance
(American Diabetes Association, 2014). Specifically, T1D is generally proposed to be caused
by an autoimmune condition that triggers the immune cells to attack and destroy the insulinproducing pancreatic beta cells resulting in insulin deficiency and hyperglycaemia in
genetically-at risk individuals (American Diabetes Association, 2014; Thomas et al., 2018).
The aetiology of T1D features traits of a complex disease hypothesised to involve multiple
genetic and environmental factors that result in the immune-cell mediated destruction of
pancreatic beta cells.
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1.2.1 Global incidence rates of T1D
Globally, diabetes affects more than 400 million people, with T1D accounting for up to
10% of cases (Patterson et al., 2019; Saeedi et al., 2019; World Health Organization, 2016).
T1D is most common among children and young adults, and the incidence is increasing
globally. In the United States, T1D occurs at a rate of 15-30 cases per 100,000 children aged
0-14 years annually (Patterson et al., 2019), with similar prevalence in Canada, Europe,
Australia, and New Zealand (Figure 1-1) (Derraik et al., 2012; Maahs et al., 2010). By
contrast, the estimated incidence rate of T1D among Asians, South Americans, and Africans
is below 15 cases per 100,000 children (Figure 1-1) (International Diabetes Federation, 2017;
Maahs et al., 2010). The global incidence of T1D has been rising by 3-5 % per annum over
the past two decades, with a notable increase in children below 10 years of age (Mobasseri
et al., 2020; Patterson et al., 2009, 2019).

Figure 1-1 Global prevalence rates of T1D in children.
Numbers are an estimate of new cases of T1D in children and adolescents (0-14 years) by geographical region
per year (2017). Data obtained with permission from the IDF (International Diabetes Federation) Diabetes
Atlas (8TH Edition) (International Diabetes Federation, 2017).
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1.2.2 The pathogenesis of T1D
The marked increase in the prevalence of T1D cannot be solely attributed to genetic risk
(Snouffer, 2018). In fact, disease discordance in monozygotic twins (30-70%) strongly
suggests environmental factors contribute to the aetiology of T1D (Redondo et al., 2008).
These contributions may manifest through epigenetic modifications including altered DNA
methylation (Cepek et al., 2016; Paul et al., 2016; Stefan et al., 2014), which has been reported
to play a key role in the transcriptional regulation of gene expression, and in some part,
contributes to the aetiology of T1D (Stefan et al., 2014). Other environmental exposures
attributable to the rising prevalence of T1D include diet (Hansen et al., 2006), gestational
infections (Rešić Lindehammer et al., 2012), and viral infections (Lönnrot et al., 2000). As
such, it is highly likely that these non-genetic triggers interact with susceptibility genes in
genetically predisposed individuals to influence the development of T1D.
The early signs of T1D onset begin with the detection of islet autoantibodies, which
progresses to loss of pancreatic beta cells, and subsequent insulin deficiency and
hyperglycemia (Figure 1-2) (Insel et al., 2015). The complex aetiology of T1D remains to be
clearly defined; however, it is understood to be an autoimmune process that causes the
destruction of the insulin-producing pancreatic beta cells over a period of several years
culminating in clinically diagnosed diabetes (Figure 1-2). Moreover, the extent of beta cell
loss is dependent on age (i.e. at 20 years of age, a loss of 40% beta cell mass is sufficient to
cause clinical symptoms) (Klinke, 2008), with a detectable decrease in circulating C-peptide
concentrations (a marker of pancreatic insulin production) (Wang et al., 2012). C-peptide
concentrations characterise distinct pathophysiological T1D subtypes, with a rapid drop in
circulating C-peptide concentration defining early-onset disease, while slower C-peptide loss
indicates late-onset disease (Kühtreiber et al., 2017; Laugesen et al., 2015).
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Figure 1-2 The pathogenesis of Type 1 diabetes.
(A) The pancreas contains both endocrine (the islet) and exocrine tissues. The islet is comprised of glucagon
producing alpha (α) cells which make up approximately 20% of total islet cells; insulin-producing beta (β) cells
(70%); and somatostatin-producing delta (𝛿𝛿) cells (<10%). Other minor pancreatic endocrine cells (not shown)
include gamma (γ) and epsilon (ε) cells. The beta cell regulates blood glucose by releasing insulin as a result of
rising glucose levels. (B) T cells (CD4+ and CD8+) have a role in the pathogenesis of autoimmune T1D.
Presentation of islet antigens by dendritic cells to islet antigen-specific T cells occurs, consequently leading to
beta cell damage and death. Similarly, islet-targeting autoantibodies can also be produced by interactions
between B cells and beta cell autoantigens. Arrows represent the potential immune interactions between
immune cells during T1D onset. BCR, B-cell receptor; MHC, major histocompatibility complex; TCR, T-cell
receptor; DC, dendritic cell. Figures were initially modified with permission from (Katsarou et al., 2017) and
(MacDonald and Rorsman, 2006).

Autoantibodies to islet cells are detected in T1D patients (Gepts, 1965; Verge et al., 1996;
Wenzlau and Hutton, 2013; Willcox et al., 2009) and are widely acknowledged as markers of
beta cell destruction in the progression towards clinically diagnosed disease (Wenzlau and
Hutton, 2013). Autoantigens associated with autoimmune responses in T1D, including zinc
transporter 8 (ZnT8), glutamic acid decarboxylase (GAD65), insulin, and islet antigen 2 (IA9

2) have been defined (Han et al., 2013; Verge et al., 1996). Presentation of these autoantigens
to cytotoxic CD8+ T cells and helper CD4+ T cells is performed by the major
histocompatibility complexes class I and II (MHC I and II) on islet antigen-presenting cells,
which consequently leads to the destruction of beta cells (Calderon et al., 2014; Knip and
Siljander, 2008).
Although the exact roles of CD4 and CD8 T cells in beta cell damage remain elusive,
Miller et al. reported that CD8 T cells alone cannot invade the islets and induce disease (Miller
et al., 1988). By contrast, it has previously been suggested that CD4 T cells alone can mount
an immune response that induces or accelerates disease onset in young NOD mice (Haskins
and McDuffie, 1990). Interestingly, neither human leukocyte antigen (HLA) class I-deficient
mice nor mice treated with antibodies to CD8 cells develop autoimmune diabetes in early
life (Knip and Siljander, 2008), which emphasizes an essential role of CD8 lymphocytes in
beta cell death. Overexpression of the HLA class I has been observed with the presence of
beta cell antigen-specific CD8+ T cells in pancreatic lesions of patients with either long-term
or recent-onset T1D (Coppieters et al., 2012; Itoh et al., 1993). Similarly, it has also been
demonstrated that beta cells play a role in autoimmune activation through the presentation
of self-antigens to autoreactive CD4 T cells (Bottazzo, 1986; Gonzalez-Duque et al., 2018).
Therefore, it is arguable that both CD4 and CD8 T cells are vital for the autoimmunemediated development of T1D, with CD4 cells mainly being responsible for homing effector
T cells to the pancreas (Thivolet et al., 1991).
Despite the apparent role for autoantibodies in T1D, a study of recent-onset T1D patients
demonstrated that insulin secretion could be restored in islets cultured ex vivo from pancreatic
biopsies (Krogvold et al., 2015). Moreover, a majority of adults with T1D, referred to as
latent autoimmune diabetes in adulthood (LADA), do not initially require insulin
administration despite detectable amounts of diabetes-associated autoantibodies (Mishra et
al., 2017). LADA, which accounts for less than 10% of diabetes cases, presents as an
intermediate feature between T1D and T2D, with the autoantibodies considered to be nonpathological (Tuomi et al., 1993). Arguably, LADA should be defined as a distinct form of
T1D, thereby making it easier to distinguish between young- and adult-onset autoimmune
diabetes. Notably, there is a growing focus on reclassifying the different forms of diabetes,
which could potentially improve clinical management (Ahlqvist et al., 2018).
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1.3. The genetics of T1D
There is a strong genetic risk to T1D as exemplified by Redondo et al., who demonstrated
a strong concordance of genetic inheritance (65%) and T1D susceptibility in monozygotic
twin pairs (Redondo et al., 2001). That is, when one sibling is afflicted, there is a high
probability that the other twin will develop T1D by the age of 60 years. Additionally,
autoantibody positivity and islet destruction were observed after a prospective long-term
follow-up of monozygotic twins of patients with T1D, despite initial disease-discordance
among the twins (Redondo et al., 2008).
GWAS have made a significant contribution to our current knowledge of the role(s) of
genetic variation in population-level susceptibility to T1D (Mychaleckyj et al., 2010). More
than 60 susceptibility loci have been identified (Table 1-1). The greatest genetic risk (~50%)
for T1D is conferred by alterations to immune genes, especially those encoding the classical
HLAs (Ounissi-Benkalha and Polychronakos, 2008). Other genetic loci (Table 1-1) are
believed to influence population-level risk for T1D, although it remains poorly defined how
these non-HLA loci contribute to disease susceptibility (Ram et al., 2016).
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Table 1-1 Polymorphisms in the human genome associated with type 1 diabetes
Gene/locus
SNP
Chr.
Locus
p -values
Reference
PTPN22
rs2476601
1
1p13.2
8.5E-85
(Barrett et al., 2010)
(Noble and Erlich, 2012)
PGM1
rs2269241
1
1p31.3
4.0E-7
(Barrett et al., 2010)
RGS1
rs2816316
1
1q31.2
3.1E-5
(Barrett et al., 2010)
IL10
rs3024505
1
1q32.1
2.0E-9
(Barrett et al., 2010)
CTLA4
IFIH1
Intergenic
Intergenic,
IL18RAP
SLC11A1
DQX1
AFF3

rs231727
rs3747517
rs2165738
rs1534422

2
2
2
2

2q33.2
2q24.2
2p23.3
2p25.1

2.1E-18
6.1E-9
4.0E-6
2.0E-6

rs3731865
rs363609
rs9653442

2
2
2

2q35
2p13.1
2q11.2

1.6E-6
8.5E-6
5.0E-6

CCR5
Intergenic
IL2

rs11711054
rs10517086
rs2069763

3
4
4

3p21.31
4p15.2
4q27

1.7E-5
5.0E-10
4.6E-6

IL7R
HLA
Intergenic
TAGAP

rs6897932
rs9272346
rs924043
rs1738074

5
6
6
6

5p13.2
6p21.32
6q27
6q25.3

8.0E-6
6.0E-129
8.0E-9
7.6E-9

TNFAIP3
RNF5
C6orf173
BACH2
LOC729653
COBL
SKAP2
IKZF1
GLIS3
GLIS3
RNLS
PRKCQ
IL2RA

rs10499194
rs9469089
rs9388489
rs11755527
rs1592410
rs4948088
rs7804356
rs10272724
rs7020673
rs10758593
rs10509540
rs947474
rs12251307

6
6
6
6
6
7
7
7
9
9
10
10
10

6q23.3
6p21.32
6q22.32
6q15
6p22.1
7p12.1
7p15.2
7p12.2
9p24.2
9p24.2
10q23.31
10p15.1
10p15.1

3.0E-4
3.7E-5
4.2E-13
5.0E-12
2.2E-8
4.4E-8
5.3E-9
4.8E-9
5.4E-12
3.0E-6
1.0E-28
1.2E-7
1.0E-13

INS

rs689

11

11p15.5

8.9E-195

SH2B3
ERBB3

rs17696736
rs2292239;
rs1701704
rs1265564
rs4763879
rs539514
rs941576
rs4900384
rs1465788
rs17574546
rs3825932
rs4788084
rs416603

12
12

12q24.12
12q13.2

12
12
13
14
14
14
15
15
16
16

12q24.12
12p13.31
13q22.2
14q32.2
14q32.2
14q24.1
15q14
15q25.1
16p11.2
16p13.13

2.8E-27
2.0E-20
9.0E-10
1.0E-16
1.9E-11
6.0E-11
1.0E-10
4.0E-9
1.8E-12
1.3E-6
3.0E-15
5.2E-08
3.0E-6

rs7202877
rs12444268
rs12708716
rs7221109
rs7221109

16
16
16
17
17

16q23.1
16p12.3
16p13.13
17q21.2
17q21.2

3.1E-15
1.7E-7
2.2E-16
1.0E-9
1.0E-9

CUX2
CD69
LMO7
DLK1-MEG3
Intergenic
ZFP36L1
RASGRP1
CTSH
IL27
PRM3;
ORF;TNP2
CTRB1/2
UMOD
CLEC16A
SMARCE1
CCR7
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(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Smyth et al., 2008)
(Yang et al., 2011)
(Todd et al., 2007)
(Bradfield et al., 2011)
(Todd et al., 2007)
(Bradfield et al., 2011)
(Barrett et al., 2010)
(Bradfield et al., 2011)
(Cooper et al., 2012)
(Onengut-Gumuscu et al., 2015)
(Noble and Erlich, 2012)
(Bradfield et al., 2011)
(Bradfield et al., 2011)
(Cooper et al., 2012)
(Bradfield et al., 2011)
(Forbes et al., 2011)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Baschal et al., 2011)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Swafford et al., 2011)
(Barrett et al., 2010)
(Bradfield et al., 2011)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Noble and Erlich, 2012)
(Smyth et al., 2008)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Huang et al., 2012)
(Barrett et al., 2010)
(Bradfield et al., 2011)
(Bradfield et al., 2011)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Bradfield et al., 2011)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Barrett et al., 2010)
(Cooper et al., 2012)

Table 1-1 (Continued)
Gene/locus
SNP
Chr.
Locus
p-values
Reference
GSDMB,
rs2290400
17
17q21.1
6.0E-13
(Barrett et al., 2010)
ORMDL3
DNAH2
rs16956936
17
17p13.1
5.3E-7
(Barrett et al., 2010)
CD226
rs763361
18
18q22.2
1.6E-8
(Cooper et al., 2012)
FHOD3
rs2644261
18
18q12.2
5.9E-4
(Barrett et al., 2010)
PTPN2
rs2542151
18
18p11.21
1.0E-14
(Barrett et al., 2010)
FUT2
rs601338
19
19q13.33
5.1E-12
(Smyth et al., 2011)
PRKD2
rs425105
19
19q13.32
3.0E-11
(Barrett et al., 2010)
Intergenic
rs2281808
20
20p13
1.0E-11
(Barrett et al., 2010)
UBASH3A
rs11203203
21
21q22.3
1.7E-9
(Barrett et al., 2010)
UBASH3A
rs876498
21
21q22.3
7.1E-9
(Onengut-Gumuscu et al., 2015)
C1QTNF6
rs229541
22
22q12.3
2.0E-8
(Barrett et al., 2010)
Intergenic
rs5753037
22
22q12.2
3.0E-16
(Barrett et al., 2010)
The genetic polymorphism data (i.e. SNPs) has been associated with T1D using genome-wide association studies
and meta-analyses (references as noted). SNP, single nucleotide polymorphism. Table is adapted from (Ram et
al., 2016).

1.3.1 The human leukocyte antigen (HLA) locus
The association between T1D and the HLA complex was first demonstrated in 1973
following the observation of an increased frequency of HL-W15 (HLA antigen) in T1D
patients compared to controls (Singal and Blajchman, 1973). The gene encoding HL-W15
antigen is located within the HLA class I genetic locus (Singal and Blajchman, 1973). The
hypothesised link between T1D and the HLA complex gained further support when a
correlation between the HL-A8 and W15 alleles (now known as HLA-B62 (B*1501) and B8
(B*0801)), was associated with a 2-3 fold risk of T1D development (Nerup et al., 1974).
Interestingly, HLA-encoding genes were also found to be strongly associated with the
pathogenesis of several additional autoimmune conditions that include multiple sclerosis
(MS) (Naito et al., 1972), RA (Stastny, 1976), and celiac disease (CD) (Falchuk et al., 1972).
As such, the HLA-encoding region is the most strongly associated T1D locus
(Mychaleckyj et al., 2010). However, the molecular understanding of how HLA contributes
to T1D at a molecular level remains unclear due to a large number of distinctive HLA alleles
and unusual frequencies that make the overall mechanism difficult to interpret (SanchezMazas and Meyer, 2014). This has raised new questions, particularly with respect to the
approximation of genomic distances, and other significant statistics in population genetics
studies (Buhler and Sanchez-Mazas, 2011; Sanchez-Mazas and Meyer, 2014). As such,
improving our understanding of the basic biology of the HLA locus is an essential facet of
research into the mechanisms and causes of T1D.
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The physical structure of the HLA locus
The HLA locus spans 4 megabase pairs (Mb) of chromosome 6p21 and encodes the
major histocompatibility complex (MHC) molecules (Figure 1-3). The HLA encoded
glycoproteins interact with peptide antigen for recognition by T cell receptors (TCR). Their
classically accepted function is to help the immune system differentiate between self and
non-self (Bjorkman and Parham, 1990). The MHC proteins are classified into HLA class I
and class II molecules, with class I chains containing A, B, and C antigen, and class II chains
having DR, DQ and DP antigens. Additionally, the HLA class III genes are mapped within
the HLA region and encode for proteins that form part of the complement system (i.e. C2,
C4a, C4b, and Bf). Notably, the HLA region spans 4 Mb pairs, with the class I genes located
at the telomere proximal end of the locus, while the class II genes are more centromeric
(Figure 1-3).

Figure 1-3 The structure and arrangement of the HLA locus (chromosome 6p21).
Green bars, classical HLA genes; yellow bars, other T1D-associated genes located within the HLA locus;
Double ended arrows approximate HLA class I, II and III boundaries. Figure modified with permission from
(Noble and Erlich, 2012).
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HLA encoding genes
The HLA class I gene cluster comprises approximately 20 genetic features, including six
expressed genes, non-processed pseudogenes, and an array of partial gene copies (Choo,
2007). The HLA class I genes (i.e. HLA-A, HLA-B, and HLA-C) encode polypeptide chains
which combine into a heterodimer with the non-polymorphic beta 2-microglobulin (i.e. α3
and β2m) (Figure 1-4) (Bjorkman and Parham, 1990). Other HLA class I genes encode nonclassical MHC molecules including HLA-E, which is involved in the presentation of peptides
to natural killer (NK) cells, and HLA-G, which protects the fetus from the maternal immune
response (Bjorkman and Parham, 1990).
The classical HLA class II genes (i.e. HLA-DP, HLA-DQ, and HLA-DR) encode cell
surface glycoproteins that exist as heterodimers produced from two polypeptides (i.e. α2 and
β2 chains) (Figure 1-4). These glycoproteins are usually present exclusively on antigenpresenting cells that include Langerhans cells, B cells, dendritic cells, macrophages, and
activated T cells (Holling et al., 2004). Notably, several nucleated cells (e.g. keratinocytes,
epithelial cells, fibroblasts) can be stimulated by interferon (IFN)-gamma to express class II
MHC glycoproteins (Holling et al., 2004). Numerous distinct alleles of the HLA gene have
been documented (Horton et al., 2004), resulting in a myriad of MHC protein-encoding
variants.
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Figure 1-4 The major histocompatibility class I and II molecules.
The single-chain HLA class I molecule attachment to the transmembrane segment and its interaction with the
β2-microglobulin is shown (left). The position of the peptides illustrates the binding groove. The two HLA
class II chains are formed by immunoglobulin-like domains α1, α2, β1, and β2, and are attached to the
transmembrane segment (right). The figure is adapted with permission from (Nyaga et al., 2018a).

1.3.2 HLA genetic variation and T1D autoimmunity
There are many forms of population-level genetic variation that can be identified by
analyses of microsatellite loci and the quantitative evaluation of allelic frequencies
(Witherspoon et al., 2007). SNPs are the most prevalent variants in the human genome, with
an average occurrence of one in approximately 300 nucleotides, which translates to over 10
million genomic SNPs (Huang et al., 2012). Most SNPs have no impact on development or
health. However, GWAS data on human populations have revealed thousands of SNPs that
associate with minor traits including height (Yang et al., 2010) and susceptibility to complex
diseases such as T1D (Barrett et al., 2010; Bradfield et al., 2011; Cooper et al., 2012).
The most frequently detected genetic variations in the HLA locus on chromosome 6p
(Table 1-2) are observed predominantly in the HLA-DQ, -DR, and -DP alleles (Barrett et
al., 2010; Erlich et al., 2008). The HLA DR/DQ region is a strongly linked T1D susceptibility
locus, with the alleles reported to have a high likelihood of associating non-randomly [i.e.
they are in close linkage disequilibrium (LD)] (Erlich et al., 2008). Notably, either or both
the DR4/DQ8 or DR3/DQ2 haplotypes are detected in approximately 90% of all T1D
phenotypes (Erlich et al., 2008; Smigoc Schweiger et al., 2016). The presence of the DQ8
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(DQA1*0301, DQB1*0302) allele raises the odds ratio for T1D onset significantly to
approximately 11, suggesting that T1D is 11 times more likely to develop in an individual
with the allele than those without (Erlich et al., 2008). Surprisingly, the DQB1*0602 allele of
the variant DQ6 haplotype has a low odds ratio of 0.03, predominantly protecting individuals
from T1D onset (Erlich et al., 2008; Todd et al., 1987).
Although previous analyses of DP alleles and T1D have shown conflicting results,
increasing evidence supports the role of DPB1 in modulating the DQ-DR associated risk in
T1D onset (Cucca et al., 2001; Johansson et al., 2003a; Noble et al., 2000). A study involving
269 Caucasian families in America found that DPB1*0301 was associated with T1D among
patients carrying the DQ2-DR3/DQ8-DR4 genotype (Noble et al., 2000). By contrast, a
study performed on families from the United Kingdom, and Sardinia by Coca et al. suggested
that association of DPB1 alleles with T1D onset occurred in non-DQ8-DR4 haplotypes
(Cucca et al., 2001). Finally, DPB1*0402 was observed to confer a level of protection on
DQ8-DR4-negative haplotypes, suggesting a minimal role for DPB1 in influencing HLAassociated T1D pathogenesis (Cucca et al., 2001).
The DPB1*0202 allele, found only in the susceptible DR3-B18 familial haplotype
(18.2AH) among Caucasians, is consistently associated with a high risk of T1D (Cucca et al.,
2001; Johansson et al., 2003b). These reports also suggest a weak link between DPB1*0301
and DPB1*0202 with T1D, with observed protection in a DPB1*0402 background.
However, Johansson et al. found that the alleles were probably markers of genes for other
HLA-associated predisposing genes and were indirectly associated with T1D susceptibility
(Johansson et al., 2003a). Despite this, it is notable that the DPB1 alleles increase genetic
susceptibility to several other conditions including pauciarticular juvenile idiopathic arthritis
(an autoimmune disease) and chronic beryllium disease (an inflammatory lung disease
resulting from beryllium toxicity) (Begovich et al., 1989; Rosenman et al., 2011).
Numerous studies have established T1D genetic risk associated with HLA class I (Noble
et al., 2002, 2010; Valdes et al., 2005). The class I HLA gene products have critical roles in
presenting antigens to T lymphocytes (CD8+), which initiates T lymphocyte-mediated cell
killing (Bjorkman and Parham, 1990). As such, these gene products make a significant
contribution to shaping and maintaining the T cell repertoire (Noble, 2015). Importantly,
T1D-associated autoimmunity is a consequence of cytotoxic (CD8+) T cell killing of
pancreatic beta cells leading to clinical onset (Itoh et al., 1993; Knip and Siljander, 2008).
Therefore, it is possible that particular associations of peptides and class I HLA molecules
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can influence the destruction of beta cells. Notably, the presence of the HLA-A*24 allele is
associated with low residual islet function in patients with T1D, indicating that the A*24
allele facilitates complete beta cell destruction (Nakanishi et al., 1993).
Studies by Valdes et al. have reported that HLA class I alleles associate with age-of-onset
of T1D (Valdes et al., 1999, 2012). Several alleles in the HLA class I region (Table 1-2) appear
to confer high risk, but this effect is modified when accounting for LD with class II
haplotypes (Noble et al., 2002). The HLA-B*39:06 allele, for instance, has the greatest risk
of T1D susceptibility with an odds ratio of 10.31, while HLA-B*57:01 appears to be highly
protective with an OR of 0.19 even after considering the LD with DQ and DR (Noble et al.,
2010). Notably, Mikk et al. suggested that B*39:06 can significantly improve the prognosis
of T1D disease, especially in patients with the DRB1*04:04-DQA1*03:01-DQB1*03:02
class II haplotypes (Mikk et al., 2014). Therefore, it is important to account for LD when
elucidating for genetic risk within the class I locus.

Table 1-2 The extent of genetic variation at the classical HLA loci
HLA gene
Number of polymorphic alleles*
A
3,913
B
4,765
C
3,510
E
25
F
22
G
54
DRA
7
DRB1
2,058
DRB3
137
DRB4
60
DRB5
48
DQA1
78
DQB1
1,079
DPA1
45
DPB1
828
The most polymorphic HLA genes are HLA-A, HLA-B, HLA-C, HLA-DRB1, and HLA-DQB1.
*Polymorphism numbers were retrieved from the IPD-IMGT/HLA database release 3.28.0, 2017-04-13.
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HLA variations across populations
Since the early 1970s, over 13,000 HLA alleles have been reported (Table 1-2) (Robinson
et al., 2015) albeit approximately 90% of these alleles have been detected only once or twice
(Mack et al., 2013). The class II HLA alleles are consistently observed to impact on T1D
across different ethnic populations, even allowing for significant variations in allele
frequencies (Ikegami et al., 2008; Noble, 2015). In Caucasian populations, the DR4-DQ8
(DRB1*04-DQB1*0302) and DR3-DQ2 (DRB1*0301-DQB1*0201) haplotypes are
associated with a high risk of T1D (Mijovic et al., 1991). Notably, a combination of these
haplotypes contributes to genetic risk of 1:15 in the general population (Noble et al., 1996).
Among the African population, the DRB1*07:01- DQA1*03:01-DQB1*02:02 haplotype is
frequently detected among T1D patients, suggesting a role in disease predisposition (Mijovic
et al., 1991; Noble et al., 2013).
Haplotypes can predispose to T1D in one population while protecting against it in a
second. For example, the DRB1*07:01- DQA1*03:01-DQB1*02:02 haplotype has been
found to protect individuals of European descent against T1D (Erlich et al., 2008). Similarly,
DRB1*03:02-DQA1*04:01- DQB1*04:02 (a DR3 haplotype) is specific to the African
population and is observed to confer protection (Howson et al., 2013). By contrast, the
DRB1*03:01-DQA1*05:01-DQB1*02:01 haplotype increases susceptibility to T1D onset in
other ethnicities, suggesting opposing effects of alleles across populations (Noble et al.,
2013). Moreover, the DRB1*04:03 haplotype, which is detected more widely among Asian
than European populations, confers protection in the Asian population (Gragert et al., 2013).
Thus, the effects of HLA haplotype combinations are dependent on the overall genotype,
even if the haplotype is common to multiple populations.

1.3.3 Other loci within the HLA region associated with T1D
The HLA class III locus contains genes involved in immunological responses that include
the MIC-A, TNFA, and complement protein genes, and it is widely understood that these
genes have a reproducible contribution in the autoimmune pathogenesis of T1D (White,
1989). For example, deficiency of the C4 complement gene can increase the risk of T1D
onset among DR3/DR4 individuals at a young age (Mason et al., 2014).
Copy number variations within the C4A and C4B complement genes have been linked to
the aetiology of autoimmune disorders, including human systemic lupus erythematosus
(SLE) (Yang et al., 2007). Studies in mice have demonstrated an association with TNF-α and
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T1D pathogenesis, revealing an important role of cytokines in disease onset (Koulmanda et
al., 2012; Lee et al., 2005). Interestingly, associations of TNF-α gene variants within the
promoter region, TNF-308A (rs1800629) and TNF-238A (rs361525), and T1D
development have shown conflicting results in different ethnic populations (Bouqbis et al.,
2003; Ilonen et al., 1992; Nishimura et al., 2003). Notably, associations between the TNF308A allele (rs1800629) and T1D were not significant when the effects of HLA alleles were
considered in a stepwise regression model (Patente et al., 2015).
Reports on different ethnic groups implicate MIC-A alleles, which encode a stressinduced antigen in the epithelium of the gut, in conferring either an increased risk or
protection to T1D pathogenesis (Bilbao et al., 2006; Gambelunghe et al., 2000; Gupta et al.,
2003; Kumar et al., 2012). Reports have associated MICA5 (a polymorphism in the MIC-A
gene) with childhood-onset T1D (Gupta et al., 2003; Nikitina-Zake et al., 2004; ShtauvereBrameus et al., 2002). In contrast to this finding, other studies have identified the MIC-A5.1
allele as a distinctive genetic marker for adult-onset T1D and suggest it contributes to disease
protection (Gambelunghe et al., 2007; Kumar et al., 2012). Again this is consistent with a
possible linkage disequilibrium between MICA alleles and other genes within the HLA locus
that causes the observed differences across ethnic populations (Nikitina-Zake et al., 2004).

1.3.4 Non-HLA genes associated with T1D
There is a variable number of tandem repeats within the 5’upstream region of the INSsusceptibility locus (11p15.5) known as INS-VNTR (Perez de Nanclares et al., 2003). The
short VNTR alleles (class I) within this region have been observed to positively increase the
genetic risk of T1D as they influence the expression of (pro)insulin in the thymus (an allelespecific mechanism) (Pugliese et al., 1997). Notably, increased insulin transcription levels
and reduced T1D risk are promoted by long VNTR alleles (class III) consistent with the
possibility that high insulin transcript may protect against T1D (Bennett et al., 1995). In
addition to the length of the VNTR alleles, studies also indicate that the INS-allele specific
risk associated with T1D susceptibility is influenced by the consensus repeat sequence
(Bennett et al., 1995; Perez de Nanclares et al., 2003; Pugliese et al., 1997).
An association between the CTLA4 locus and the T1D phenotype was previously
identified in different ethnic populations (Marron et al., 1997). Meta-analyses have confirmed
the associations between CTLA4 and T1D, although the association was observed to vary
across different ethnic groups (Wang et al., 2014b). These variants contribute to T1D
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development through deregulation of gene expression leading to dysregulation of immune
response and subsequent autoimmune imbalance (Kavvoura and Ioannidis, 2005). In
addition, polymorphisms within PTPN22 (e.g. at nucleotide 1858 in codon 620) have also
been associated with T1D (Bottini et al., 2004). This SNP directly hinders the formation of
the LYP-Csk complex, which causes hyper-reactivity in T cells and thus a destructive
autoimmune aetiology (Bottini et al., 2004). Other PTPN22 polymorphisms (e.g. R620W due
to rs2476601) have been associated with RA (Begovich et al., 2004).
Interleukin genes (mainly IL-4 and IL13, chromosome 5q31) have been implicated in
T1D pathogenesis. Notably, T1D risk associated with the IL4/IL13 pathway was
attributable to the haplotypes at the IL-4R region and specific genotype combinations at the
IL4, IL13, and IL4R loci (Bugawan et al., 2003). Polymorphisms at the IL-4R loci (i.e. I50V
IL4R SNP) have also been observed to be high-risk genetic markers for RA (Prots et al.,
2006). There is a growing interest in the associations between the killer-cell immunoglobulinlike receptor (KIR) locus (mapped on chromosome 19q13) and T1D susceptibility, largely
because HLA class I glycoproteins are KIR ligands (Campbell and Purdy, 2011; Noble,
2015). The variant KIR allele, KIR2DL2, binds to HLA-C alleles and has been reported to
positively influence T1D development (Mogami et al., 2007; Shastry et al., 2008). However,
further analyses are needed to clearly annotate the reported risk of KIR-HLA association
with T1D.
Transcription factors have also been reported to play a role in the development of T1D.
The autoimmune regulator (AIRE) transcription factor on chromosome 21 has been
associated with T1D, and the mechanism of this association may be through the differential
expression of auto-peptides (Chentoufi and Polychronakos, 2002; Sabater et al., 2005). The
AIRE protein is highly expressed in the thymus marrow. Therefore, the presence of AIRE
mutations in T1D patients strongly suggests that AIRE affects the expression and
presentation of diabetes-associated autoantigens (e.g. insulin) in the thymus (Sabater et al.,
2005). Similarly, differential expression of FoxP3 (transcription factor on the X
chromosome) affects the cytolytic activity of T cells, which potentially causes autoimmunity
(Visperas and Vignali, 2016). Finally, de novo activating mutations in the STAT3 transcription
factor, which regulates cytokine production, have been reported to contribute to the
development of early-onset T1D (Flanagan et al., 2014).
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1.4. Translation of findings from GWA studies on T1D
GWA studies have contributed significantly to our current knowledge of the roles of
genetic variation (i.e. SNPs) in population-level susceptibility, which has facilitated the
development of polygenic risk scores that can predict risk for developing T1D (Bonifacio et
al., 2018; Oram et al., 2016; Sharp et al., 2019). However, GWAS analyses do not
automatically determine the causal SNPs or genes within a specific locus that are
mechanistically associated with disease pathogenesis (Tam et al., 2019). Moreover, the
difficulty associated with ascribing functional impacts to SNPs is partly explained by the fact
that most disease-associated SNPs identified by GWAS are intergenic and fall outside of
genes (van Arensbergen et al., 2019; Dunham et al., 2012; Kumar et al., 2013; Pai et al., 2015;
Spielmann and Mundlos, 2016). Therefore, it is plausible that integrating functional
genomics and spatial genetics approaches will enable us to untangle the biological impacts
of non-coding GWAS SNPs on transcriptional control of genes. Achieving this will provide
a better understanding of disease mechanisms and facilitate the development of effective
therapies for T1D.

1.4.1 The three-dimensional (3D) genome and spatial gene regulation
The regulation of gene expression involves cellular mechanisms that induce (increase) or
repress (decrease) specific gene products (i.e. RNAs or proteins). While similar gene
expression mechanisms exist between prokaryotes and eukaryotes, that is, the binding of
RNA polymerase to gene promoters upstream the transcription start sites to initiate
transcription, multicellular eukaryotes regulate the expression of genes through complex
spatiotemporal mechanisms that control cell differentiation (Struhl, 1999). Any step of gene
expression, i.e. transcription, post-transcription modification, RNA transport, translation,
and mRNA degradation can be regulated (Herzel et al., 2017; Shyu et al., 2008; Spitz and
Furlong, 2012; Weake and Workman, 2010). Notably, the transcription of DNA to RNA is
the primary target of gene regulation, particularly during initiation where the DNA molecule
unwinds for the RNA polymerase to bind the gene promoter, and during elongation where
the synthesis of mRNA molecules occurs (Dorris and Struhl, 2000; Nevado et al., 1999;
Ptashne and Gann, 1997). Regulation during transcription initiation involves the binding of
transcription factors to regulatory regions on the DNA called transcription factor binding
sites (TFBS) (Maston et al., 2006; Payankaulam et al., 2010), or through activators that
enhance promoter-RNA polymerase interactions (Figure 1-5). Moreover, DNA regulatory
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sites such as enhancers, insulators, locus control regions (LCRs) and silencers also play
important roles during transcriptional regulation of gene expression (Maston et al., 2006).

Figure 1-5 Transcriptional regulation of gene expression.
A schema of transcriptional regulation. Activator and mediator proteins bind and interact on DNA regulatory
sites to stimulate transcription. Most proteins act by stabilising or stimulating the assembly of the transcriptional
machinery. Enhancer regions (upstream or downstream from the transcription start site) can be bound
transcriptional activator proteins to increase the probability of gene expression, with most enhancers
demonstrated to regulate tissue-specific gene expression in a spatial-temporal manner (Marsman and Horsfield,
2012). Most eukaryotic genes have a conserved TATA promoter sequence (~25-35 bps) before the
transcription start site which dictates the direction and the DNA strand to undergo transcription. Notably,
genome organisation brings distant regulatory regions (i.e. enhancers and promoter) and transcriptional factors
in close proximity to regulate the transcription of genes. The figure is redrawn from (Pierce, 2012).

The complexity of gene regulation at the transcript level in eukaryotes is attributed to the
inaccessibility of large portions of the genome, which is dependent on the chromatin
structure and organisation. It has become apparent that the three-dimensional (3D)
juxtaposition of human genome within nuclei have a huge impact on the regulation of gene
expression mediated through interactions of regulatory elements that are located at some
distance from the gene (Figure 1-5) (Greenwald et al., 2019; Hoshino et al., 2017; Javierre et
al., 2016; Kadauke and Blobel, 2009; Rubin et al., 2017). Moreover, considering that
spatiotemporal expression of genes is mainly orchestrated by transcriptional enhancers, the
spatial organisation of the genome mediates such transcriptional programmes by influencing
the physical interactions between enhancers and their target-gene promoters, often
bypassing proximal genes (Mifsud et al., 2015; Sanyal et al., 2012; Schoenfelder et al., 2015).
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Therefore, genetic variants located within regulatory sequences (i.e. within boundaries of
topologically associating domains) can change the 3D chromatin architecture, which can
disrupt enhancer-promoter interaction circuitry (Figure 1-6), thereby altering transcriptional
control of target genes leading to the development of complex diseases such as T1D.
Recent efforts have made progress towards understanding the functional relevance of
disease-associated genetic variants (Bergholdt et al., 2012; Boyle et al., 2017; Gamazon et al.,
2018; Rotival et al., 2011; Zhong et al., 2010). Some are based on inferring co-localisation
between GWAS signals and expression quantitative trait loci (eQTLs) (i.e. SNPs associated
with transcript levels of genes) through statistical tests that estimate the probability of signal
overlaps (Giambartolomei et al., 2014, 2018; He et al., 2013; Wen et al., 2017). Other
advances are based on a growing awareness that the 3D juxtaposition of DNA regions within
nuclei can influence regulation of gene expression through the interactions of regulatory
elements that are located at some distance from the gene (Figure 1-6a, b) (Greenwald et al.,
2019; Hoshino et al., 2017; Javierre et al., 2016; Kadauke and Blobel, 2009; Rubin et al.,
2017). Additionally, these studies stem from advances in mapping and visualisation of the
spatial organisation of the genome using proximity ligation methods that capture
chromosome conformations in combination with high-throughput sequencing (Hi-C)
(Lieberman-Aiden et al., 2009). As such, the advancement in Hi-C methodology has
provided a novel platform for assaying the role of genome organisation in the transcriptional
regulation of gene expression.
In essence, Hi-C provides a global view of interactions (O’Sullivan et al., 2013) between
chromosomes across the genome through genome-wide contact matrices that depict the
collective average of chromosomal interactions across different cell- and tissue-types
(Doynova et al., 2017; Dunham et al., 2012; Greenwald et al., 2019; Jin et al., 2013; Johanson
et al., 2018; Jung et al., 2019; Lieberman-Aiden et al., 2009; Lin et al., 2018; Mifsud et al.,
2015; Rao et al., 2014; Schmitt et al., 2016a; Won et al., 2016). As such, using high-resolution
interaction matrices (approximately 1 kb) (Rao et al., 2014), it is possible to identify contact
domains called topologically associating domains (TADs), as well as smaller contact domains
(sub-TADs) (Figure 1-6c). Importantly, it has been demonstrated that within those TADs,
there are compartments typically associated with actively transcribed or open chromatin due
to the presence of chromatin accessibility sites (DNase I hypersensitivity) and higher gene
expression (Lieberman-Aiden et al., 2009), while other compartments are associated with the
closed chromatin state and thereby transcriptionally inactive (Lieberman-Aiden et al., 2009).
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Hi-C studies have identified pairs of loci within and across TADs (and sub-TADs) that
have consistently stronger contacts than neighbouring pairs, i.e. chromatin loops (Rao et al.,
2014) (Figure 1-6c, d). Interestingly, these looping interactions have been demonstrated to
actively influence gene expression as these contacts bring cis-regulatory enhancers at TFBS
in close proximity with promoters (Figure 1-6c) (Jung et al., 2019; Mifsud et al., 2015; Nolis
et al., 2009; Smallwood and Ren, 2013). For example, Jin et al. assigned approximately 55%
of distal enhancers to at least a single active promoter in human fibroblasts (IMR90 cells)
(Jin et al., 2013), demonstrating the role chromatin looping landscape in regulating the
expression of target genes in a cell-specific manner. Even though these enhancer-promoter
looping interactions are shown to be conserved across cell- and tissue-types (Dixon et al.,
2015; Jung et al., 2019; Mifsud et al., 2015; Roy et al., 2018), it is still unclear whether they
are all functional.
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Figure 1-6 DNA is organised in a non-random fashion in the nucleus.
(A) Cartoon of the three-dimensional organisation of chromatin within eukaryotic nuclei. Chromatin binding
proteins (e.g. CTCF and cohesin), transcription factors, and chromatin modifiers organise stretches of DNA
from distant genomic sites in close proximity to each other (e.g. (Gassler et al., 2017)), providing a mechanism
through which co-regulated topologically associating domains (TADs) co-localise in three-dimensions. The
chromatin loops within topological domains contact other domains and enable gene promoters to interact with
regulatory elements from many kilobases away, or in some cases, on different chromosomes. (B) Mutations
(such as SNPs) in one locus can affect the localisation or composition of the transcription factory, which has
a significant effect on the expression of genes associated with that particular factory. (C) Schematic
representation of the “loop extrusion model” proposed for TAD formation involving cohesin and CCCTCbinding factor (CTCF) proteins. Cohesin extrudes chromatin until it reaches the border bound by CTCF
proteins, creating loops of physically interacting chromatin, which form TAD and subTADs as defined by HiC (i.e. inverted triangles). In this example, it is hypothesised that the presence of a genetic variant within a
regulatory element (e.g. enhancer) harboured in a TAD loop can modulate the levels of expression of gene A
and B through physical interactions. (D) The presence of a variant within a gene regulatory locus can alter the
formation of a TAD loop by inhibiting the binding of protein complexes (i.e. cohesion, CTCF, etc. as indicated
by the arrow) resulting in a different TAD architecture (e.g. the formation of TAD-2 as shown), subsequently
influencing the differential expression of genes A, B and C. Figure parts A and B are from (Nyaga et al., 2018a);
C and D are redrawn from (Cavalli et al., 2019).
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1.4.2 Expression quantitative trait loci
Disease-associated SNPs have been reported to occur within gene regulatory elements
(Chen and Tian, 2016; Dunham et al., 2012; Fadason et al., 2017; Farh et al., 2014; Kundaje
et al., 2015; Lee et al., 2014; Schierding et al., 2015). In order to understand the biological
impacts of these variants, studies have developed approaches that link regulatory SNPs (i.e.
eQTLs) with changes in the transcript levels of genes (i.e. eGenes). Notably, these eQTLeGene associations often involve analyses of gene expression profiles of tens to hundreds of
individuals, and across multiple human tissues and cell-types (Ardlie et al., 2015; Kalayci et
al., 2019; Kerimov et al., 2020; Schmiedel et al., 2018; Võsa et al., 2018). There have been
several efforts to elucidate the effect of T1D SNPs on the differential expression of genes,
particularly in immune cell types (Newman et al., 2017; Ram and Morahan, 2017). Novel
eQTL-mapping studies are integrating chromatin-looping interactions to identify target
genes for disease-associated SNPs across multiple human tissues. For example, Fadason et
al. demonstrated that functionally relevant diabetes-associated SNPs are spatially linked with
specific changes in the expression levels of genes within disease-associated tissues (Fadason
et al., 2017, 2018). Similarly, it has been demonstrated that integrating chromatin interactions
with GWAS analyses is important in elucidating causal genes that modulate regulatory
networks in autoimmune diseases (McGovern et al., 2016).
It is apparent that the spatial organization of the DNA within the nucleus can impact
gene regulation in a spatial-temporal manner that affects development (Figure 1-6) (Won et
al., 2016). As such, there is a strong possibility that functionally relevant intergenic T1D
SNPs (i.e. common, low frequency, and rare SNPs) disrupt gene regulatory networks in the
pancreas and other cell types, including immune cells, which contribute to the development
of T1D. Therefore, by integrating an understanding of the spatial chromatin organization
with GWAS data on T1D, novel target genes can be identified, thereby revolutionizing the
clinical management of the disease in an era of precision medicine. Furthermore, as polygenic
risk scores are becoming more accurate in complex disease prediction (Khera et al., 2018), it
also remains possible that by integrating large GWA studies with environmental factors and
clinical factors will improve the prediction of lifetime risk for T1D. This will ultimately
facilitate the translation of GWAS results into the clinic just as it has been applied in a clinical
trial on breast cancer (clinical trial registry number: NCT03688204).
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1.5. Precision medicine: from genetics to therapies for T1D
Since the 1920s, exogenous insulin administration has been used as the standard therapy
for T1D (Tibaldi, 2012). In the case of other autoimmune diseases such as juvenile idiopathic
arthritis (JIA), the current treatment goal is to change the underlying course of disease instead
of controlling the symptoms (National Institue for Health and Clinical Excellence Guideline,
2018; Walsh and McWilliams, 2014). In fact, immunotherapeutic interventions are more
widely accepted in JIA and have been reported to effectively reduce joint erosion and
disability, particularly if the therapy is used early in disease (Keystone et al., 2004; van der
Kooij et al., 2008; Walsh and McWilliams, 2014; Weinblatt et al., 1999). However,
immunotherapy is not typically considered in T1D, even though it shares similarities with
JIA as both have a long preclinical phase, and have parallel polygenic etiopathologies
(Raychaudhuri et al., 2012). Therefore, such experiences in JIA provide critical lessons for
disease-modifying interventions in managing T1D, instead of focussing entirely on
correcting hyperglycaemia and preventing disease complications.

1.5.1 Current strategies for the management of T1D
Immunosuppressive drugs (e.g. azathioprine and ciclosporin) were amongst the earliest
attempts to suppress the activity of the immune cells in recent-onset cases of T1D (Cook et
al., 1989; Sobel et al., 2010; Stiller et al., 1987). Although generalised immunosuppression
was moderately effective in improving metabolic outcomes in patients with the recent-onset
disease, the associated side effects and short-lived outcomes demonstrated that their
continued use was of no clinical benefit (Atkinson et al., 2019). Therefore, the associated
failures of immunosuppression turned researchers’ attention towards developing and
trialling therapies that target specific cell populations, molecules and biological pathways
important for T1D development.
Over the past decade, ~70 clinical trials (phase 1-3 studies) have been designed to
preserve beta cell mass or prevent immune reactivity by targeting the vitamin D pathway,
inflammatory response, and immune-modulatory pathways (Atkinson et al., 2019; Roep et
al., 2019). Even with the recent advancement on targeting a specific immune process (e.g.
antigen presentation pathways) in preclinical studies, most immune-based therapies in phase
3 trials have failed to reach endpoints because of safety concerns, especially in paediatric
patients (Herold et al., 2013; von Herrath et al., 2013; Wherrett et al., 2011). In some
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instances, the risk-benefit spectrum for T1D therapies has been set so high that interventions
demonstrating clinical benefits in other autoimmune diseases (i.e. alemtuzumab in multiple
sclerosis (Okai et al., 2019; Van Wijmeersch et al., 2019)) have not been translated in T1D.
Interestingly, modulating immune response using autoantigen treatment (i.e. insulin and
glutamic acid decarboxylase [GAD]) is demonstrated to offer clinical benefits, especially
when administered across patient subgroups (Ludvigsson et al., 2014; Skyler, 2005).

Antigen-specific immunomodulatory therapies
T cells play a critical role in autoimmunity and T1D development (Paschou, 2011) as they
dominate the islet immune infiltrate (Willcox et al., 2009). The HLA region contributes
~50% to T1D (Noble and Valdes, 2011), and contains genes that encode essential molecules
for presenting antigens to CD4+ T cells. Presentation of exogenous peptides to CD4+ T cells
determines whether an immune response is mounted (Creusot et al., 2018). Therefore, it
makes the targeting of autoreactive T cells that are induced by islet autoantigens a more
plausible approach to preventing autoimmunity and the development of T1D. As such,
therapies have been designed to target autoreactive T cells and limit disease progression
(Roep et al., 2019). Other notable contributors such as macrophages, dendritic cells, Blymphocytes, and other immunomodulatory cells that include chemokines and cytokines
have also been implicated in the autoimmune destruction of beta cells (Roep and Tree, 2014).
For example, B cells are reported to form part of the islet immune infiltrate, which is
associated with rapid and aggressive disease in young-onset patients (Leete et al., 2016). Also,
the recently discovered pancreatic-infiltrating neutrophils in T1D patients (Valle et al., 2013),
is an indication that a combination of immune cells contributes to the development of T1D.
Studies in stage 1 T1D have investigated whether repeated exposure to insulin
(parenterally, nasally, or orally) can delay or prevent the progression to stage 3 disease
through immune modulation (Roep et al., 2019). Although insulin therapy appears to be safe
and well-tolerated, the administration of insulin to modulate the immune system has not
been effective (Skyler, 2005). The fundamental role of insulin as a major autoantigen in the
development of T1D is indisputable (Narendran et al., 2003). The insulin gene, which
encodes the insulin protein, is a major susceptibility locus to T1D development (second to
the MHC class II loci), with an increased thymic expression of insulin reported to confer
disease protection (Pugliese et al., 1997). Insulin plays a significant role in mounting an
immune response against the beta cells in NOD mice models (Nakayama et al., 2005). In
addition, insulin-specific CD4 and CD8 T cells have been frequently detected in the
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peripheral blood of T1D patients (Öling et al., 2005; Pinkse et al., 2005), while several
preproinsulin-specific CD8 T cells derived from T1D patients were demonstrated to destroy
beta cells in vitro (Skowera et al., 2008).
Another autoantigen, the 65-kD isoform of glutamic acid decarboxylase (GAD), is
reported to play a key role in the development of T1D (Ludvigsson et al., 2012). Studies have
examined immunomodulation properties of GAD and reported successful prevention of
T1D in NOD mice (Tisch et al., 1998). However, data from human studies receiving an
injection of GAD65 formulated with alum (GAD-alum) indicate that the treatment failed to
halt the progression of T1D (Ludvigsson et al., 2012). Studies are currently trialling GADalum in combination with vitamin D or Gamma-Amino Butyric Acid (GABA) in preserving
insulin production in recent-onset T1D, as well as in preventing the progression to overt
diabetes in paediatric patients with multiple islet autoantibodies (clinical trial registry
numbers:

NCT02002130

and

NCT02387164).

Interestingly,

methyldopa

–

an

antihypertensive agent discovered to bind to the high-risk HLA-DQ8 molecule using a
structure-based approach – has been shown to specifically block the DQ8 in recent-onset
T1D patients (Ostrov et al., 2018), and was planned for trialling in the TrialNet-TN23 cohort
but was later withdrawn (clinical trial registry number: NCT03396484).

Non-antigen specific therapies
Immunomodulatory agents (non-antigen specific) have been developed to partially or
completely suppress immune responses and prevent progression to overt T1D. For example,
abatacept (CTLA4-Ig) was shown to modulate the co-stimulation of T-cells, effectively
preventing T-cell activation (Orban et al., 2014). Although rituximab (an anti-CD20
antibody) is no longer being trialled, it had been reported to delay the C-peptide depletion
in recent-onset T1D patients (Pescovitz et al., 2009). Since CD3 is an important component
of the T-cell receptor (TCR) complex, an anti-CD3 monoclonal antibody – teplizumab – has
been designed to prevent T1D through the inhibition of the CD4+ T cells (Ablamunits et al.,
2010; Herold et al., 2013).
Planned trials are currently recruiting patients to evaluate the effectiveness of drugs that
include Hydroxychloroquine (HCQ), Bacillus Calmette-Guérin (BCG) and recombinant
human IL-2 (rhIL-2) in the prevention of T1D development (clinical trial registry numbers:
NCT03428945, NCT02081326, and NCT02411253, respectively). The antimalarial drug,
HCQ, exerts its therapeutic effects through immunomodulation and is reported to increase
insulin sensitivity while reducing insulin resistance through its anti-inflammatory effects
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(Solomon et al., 2014). BCG has demonstrated promise in T1D through its immune
regulatory effects by killing cytotoxic T cells that destroy beta cells while inducing
suppressive T regulatory (Tregs) cells (Kühtreiber et al., 2018). Further, the administration
of low doses of rhIL-2, a recombinant growth factor that promotes Tregs survival, in T1D
patients has been shown to induce Treg expansion while preventing immune activation
(Seelig et al., 2018).
Interestingly, a radical approach that seeks to block inflammation while inhibiting T cell
response and stimulating regulatory immunity, as well as simultaneously providing a
treatment that may promote pancreatic islet regeneration and repair is currently recruiting
participants (clinical trial registry number: NCT03182426). This approach is based on the
premise that combining immune-based therapies could reset the immunological response in
new-onset T1D patients.

Other therapeutic strategies for T1D
Recently, cell-based therapies that include transplants of stem cells [i.e. induced
pluripotent stem cells (iPSCs), embryonic stem cell (ESCs), and tissue stem cells (TSCs)],
from adipose, bone marrow and cord blood tissues have been designed to generate
functional insulin-producing beta cells (clinical trial registry numbers: NCT03920397,
NCT03562208, NCT02940418, NCT02932826, and NCT03912480) (Dave et al., 2013; Liu et
al., 2013; Maehr et al., 2009; Muir et al., 2014; Niki Boroujeni and Aleyasin, 2014; Thatava et
al., 2013). Additionally, there is growing evidence that the gut microbiome plays a critical
role in health and disease, with recent reports suggesting that changes in the numbers of
bacteria species (e.g. Bifidobacterium and Lactobacillus) in the gut and intestines could be
modifying the risk for the development of T1D (Candon et al., 2015; Krych et al., 2015;
Murri et al., 2013). As such, probiotic strains have been developed (i.e. Bifidobacterium lactis
Bb12 and Lactobacillus rhamnosus GG strains) for trialling in the clinic to assess their efficacy
in achieving metabolic and glycaemia targets for the management of newly diagnosed T1D
(clinical trial registry numbers: NCT03032354 and NCT03556631) (Groele et al., 2017).
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1.5.2 Challenges for treating T1D
Insulin remains the primary focus for managing hyperglycaemia and metabolic
complications in T1D patients, almost a century after it was first discovered. Even though
substantial improvements in the clinical management of T1D have been achieved through
various treatment options that target different aspects of the disease, a majority of patients
with diabetes still do not meet the required glycaemic and metabolic targets. Furthermore,
disease complications continue to pose significant challenges for patients and their families.
Thus, the need persists in developing an effective treatment regimen as well as strategies for
the prevention of T1D.

The many faces of T1D: addressing the disease heterogeneity
Research focusing on developing immune-based therapeutics for T1D is yet to appreciate
the heterogeneity of the disease fully. Emerging evidence suggests that by defining T1D
based on autoantibody positivity does not encompass the full complexity and heterogeneity
in clinical features during disease onset and progression (Claessens et al., 2020). The
pathogenesis of T1D has been reported to be very heterogeneous, particularly on insulin
requirement, levels of circulating C-peptide and HbA1c, rates of disease progression and
complications, as well as underlying histological changes in the pancreas (Woittiez and Roep,
2015). For example, there is an observed variation in the duration from autoantibody
seroconversion to asymptomatic preclinical disease between individuals (i.e. an infant that
progressed from autoimmunity to clinical diabetes within two months; and a female who
tested positive for islet autoantibodies at the age of 11 and presented with overt diabetes
after 20 years) (Knip et al., 2010).
Evidence also supports the role of the beta cell in mediating its destruction by immune
cells in a subset of T1D patients through inflammatory responses (Eizirik et al., 2013;
Kronenberg-Versteeg et al., 2018; Marhfour et al., 2012). Moreover, the recently discovered
genetic variants within the T2D–associated transcription factor 7 like 2 (TCF7L2) in a subset
of individuals with the recent-onset disease who present with a single autoantibody
(Redondo et al., 2018a), together with the detection of diabetes-associated autoantibodies in
LADA (Mishra et al., 2017), indicates the various forms of heterogeneity in T1D. It is also
imperative to appreciate the underlying clinical heterogeneity before treatment outcomes can
be understood. In successful clinical trials completed until now (Atkinson et al., 2019; Roep
et al., 2019), the efficacy of therapeutic interventions reaching a primary endpoint (e.g.
maintenance of C-peptide secretion) typically achieve statistical significance across the whole
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study group. However, dissecting the results according to the clinical outcomes reveals
subsets of patients, i.e. responders and non-responders (Atkinson et al., 2019), which reflects
the heterogeneity in the gene-environment interactions and underlying predisposition to the
disease.
Notably, a randomised clinical trial evaluating the effects of insulin administration in
preventing the development T1D reported that oral insulin had protective effects in prediabetic individuals with a high concentration of insulin autoantibodies (IAA) while
suggesting detrimental effects in subjects with low IAA concentrations (Skyler, 2005). As
such, the integration of information on patient antibody profiles can improve stratification
of patients and clinical outcomes. However, focusing on specific antibodies could limit the
discovery of effective therapies such as GAD-alum treatment, which is effective in
preserving beta cell function across recent- and adult-onset T1D, with no sound rationale to
exclude GAD-negative patients (Agardh et al., 2005; Chéramy et al., 2010; Ludvigsson et al.,
2014).
There is a growing consensus that reclassifying diabetes can improve the staging of the
disease and provide better stratification of diabetic patients (Ahlqvist et al., 2018; Insel et al.,
2015; Thomas et al., 2018). Based on this, five-cluster classifications of diabetes have been
distinguished, i.e. severe insulin-resistant diabetes (SIRD), severe insulin-deficient diabetes
(SIDD), severe autoimmune diabetes (SAID), mild obesity-related diabetes (MOD), and
mild age-related diabetes (MARD) (Ahlqvist et al., 2018). Moreover, T1D can be further
subdivided into either immune-mediated or beta cell-mediated, with additional subgroupings categorised based on natural histories. As such, these reclassifications have
suggested three pathological subsets of T1D, i.e. autoimmune-mediated, non-autoimmunemediated, and a rapid-onset fulminant T1D (Woittiez and Roep, 2015). Therefore, such
reclassifications provide an avenue for better stratification of T1D patients receiving
therapies, potentially limiting adverse effects as a result of disease heterogeneity.
Importantly, the notion of patient stratification is not novel nor restricted to T1D. A
recent study reported that approximately 60% of patients with RA who respond to TNF
inhibitors report to having an improved quality of life (MA and XU, 2013). Recent reports
on T1D show that patients receiving interventions can be grouped according to the age-atonset of the disease since genetic-at-risk children develop autoimmunity and clinical diabetes
at a faster rate than adults (Woittiez and Roep, 2015). Interestingly, this subgroup has
demonstrated to respond better to immune-mediated therapies such as GAD-alum and
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rituximab than adults (Ludvigsson et al., 2012; Pescovitz et al., 2009). As such, young
participants enrolled in prospective studies such as The Environmental Determinants of
Diabetes in the Young (TEDDY) and the Diabetes Autoimmunity Study in the Young
(DAISY) could reap benefits from such immunotherapeutic interventions.
Polygenic risk scores have also been recently developed using algorithms that can predict
disease development before the onset of symptoms (Bonifacio et al., 2018; Sharp et al.,
2019). Therefore, polygenic risk scores, together with patient stratification, should be
integrated into interventional studies. This will ensure that studies enrol participants who are
most likely to benefit from a given therapy based on the stage of the disease. As such, studies
designed for patients in stages 1 and 2 be tailored towards treatment rather than prevention.
Further, considering the emergence of computational algorithms in healthcare research
(Shah et al., 2019), machine-learning algorithms (i.e. including artificial intelligence) should
also be employed in clinical trials on T1D. This has the potential to stratify patients based
on genetic risk data, disease subtype, age-at-onset, prognosis, and treatment response.
Computational models could also be used to assist researchers in designing efficient trials by
developing algorithms that can manage clinical trial workflows, as well as predict which T1D
patients are at risk of withdrawing from interventional trials to prevent trial invalidation
(Harrer et al., 2019). Thus, machine learning will be able to address better the clinical
endpoints in T1D studies through informative categories such as multivariate or multi-class,
and time-to-event outcomes.
In particular, companies such as Antidote (https://www.antidote.me/), BullFrog AI
(https://www.bullfrogai.com/), and Deep 6 AI (https://deep6.ai/) are employing artificial
intelligence and machine learning algorithms trained on large sets of patient medical data,
and clinical data points to better match patients (e.g. Alzheimer’s and congenital heart disease)
to intervention trials. Therefore, integrating such predictive models into clinical trials on
T1D has the potential for personalised medicine to drastically improve clinical outcomes, as
effective medications would be tailored to specific subgroups such as genetically at-risk
individuals from prospective studies. Besides, this would limit the possibility for selection
bias in the clinic, and reduce the risk of adverse events, as therapies with unclear positive
effects would be avoided.
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1.5.3 Functional genomics in drug discovery
Fundamentally, the discovery of molecules and pathways primarily involved in the
pathophysiology of diseases is the first key step for novel drug development. A report by the
FDA in 2015 entitled “Targeted Drug Development: Why Are Many Diseases Lagging
Behind?” identified ongoing efforts to discover novel biomarkers and effective therapies as
key target areas for better management of T1D (FDA, 2015). Genetic and clinical data from
large-population cohorts (e.g. UK biobank) are continuously advancing novel insights on the
development of the disease (Thomas et al., 2018). These data is also being employed to
identify and untangle the genetic basis of biomarkers for complex disease prediction
(Sinnott-Armstrong et al., 2019). Moreover, the recent research advancements have
informed on the contribution of genetics to the age-at-onset of T1D, enabling us to
accurately predict the risk of disease development (Bonifacio et al., 2018; Ho et al., 2019;
Sharp et al., 2019).
Functional genomics holds enormous potential for the development of novel drugs for
T1D. For instance, spatial genomics has offered valuable insights on how GWAS SNPs
modify transcript levels of genes, which has, in turn, opened the possibility to identify causal
genes coding for (target) proteins responsible for human disease (Fadason et al., 2018).
Integrating these approaches with high-throughput next-generation sequencing has also
enabled the characterisation of functional molecular traits essential for gene regulation such
as epigenetic modifications (e.g. histone modifications marks within enhancers and
promoters), non-coding RNAs, and genome-wide chromatin interactions.
The multi-cell and multi-tissue mapping of gene regulatory interactions [i.e. GTEx (Aguet
et al., 2017; Ardlie et al., 2015), and Epigenome Roadmap (Kundaje et al., 2015)] coupled
with the recent developments in the experimental validation of the functional impacts of
GWAS SNPs [i.e. using massively parallel reporter assays (MPRA) (Tewhey et al., 2016) and
CRISPR/Cas9 systems (Sander and Joung, 2014)], has advanced the opportunity for
translating GWAS data into the clinic. Databases such as DICE (Schmiedel et al., 2018) and
eQTLGen (Võsa et al., 2018) provide useful information regarding the genetic control of
immune cells which can be translated in T1D research. Moreover, assessing any naturally
occurring loss of function (LoF) mutations (Karczewski et al., 2019) within diseaseassociated genes across human populations is integral to provide critical information of
possible adverse effects in the clinic. Furthermore, with the availability of electronic health
records (EHR) for clinical research, it is now possible to link an individual’s genome data
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with personally identifiable clinical data (Brownstein et al., 2010; Hripcsak and Albers, 2013;
Kullo et al., 2010; Kurreeman et al., 2011). Therefore, such approaches have the potential to
identify potential drug targets, as well as facilitate the repurposing of existing drugs (RastegarMojarad et al., 2015).

The druggable genome: finding novel therapeutic targets for T1D
Studies on monogenic forms of diabetes such as maturity-onset diabetes of the young
(MODY) and neonatal diabetes have provided a proof-of-concept that an individual’s
genetic barcode can guide treatment modality (Bowman et al., 2018; Greeley et al., 2011;
Murphy et al., 2008; Pearson et al., 2006). Moreover, the advances in our technological knowhow have opened the opportunity of using human genetics to validate targets during the
preclinical phase of drug development (Thomsen and Gloyn, 2017). Thus, such
developments have unlocked an avenue for developing therapies that use an individual’s
immune signature to inform on the treatment modality for T1D.
Functional genomic approaches have enabled researchers to identify molecules (i.e. genes
that encode functional proteins) that are targets for FDA-approved drugs, ideally with a
therapeutic benefit to patients (Fadason et al., 2020). Notably, it is now possible to explore
the “druggable genome” for target selection (Finan et al., 2017). This approach is based on
prioritising genes critical for the development of a disease (e.g. T1D), which then predicts
whether the genes encode for proteins capable of binding to drug-like small molecules by
leveraging information on sequence and structural homology to existing drugs. For example,
the Drug-Gene Interaction Database (DGIdb) complies publicly available data about
druggable targets across the human genome. It gives information on whether the gene
queried is clinically actionable or whether the drug is FDA-approved (Griffith et al., 2013).
Since genes work together as a unit or participate in the same process, pathway analysis
can also be employed to suggest novel drug hypotheses by mapping drugs to the proteins
they bind. As such, even if prioritised potential targets are not predicted as druggable by
drug-like small molecules, biological pathways can expand on candidate targets. For example,
genetic variants associated with the development of T1D are demonstrated to mark
regulatory elements that modulate transcript levels of genes involved in immune activation
and immune response pathways (Nyaga et al., 2018b). It is therefore plausible that the
annotated pathways in T1D have the potential to provide additional candidate molecules not
previously identified.
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In support of the genetics-led drug target prioritisation, Fang et al. (Fang et al., 2019)
integrated functional genomics across immune traits to define targets for drugs at the gene
and pathway level. Moreover, genes that act either upstream or downstream in pathways can
also extend potential targets to the interacting protein partners. Thus, translating drug-gene
activity profiles into integrated networks, that is, the construction of a bipartite drug-target
interaction network, has the capability of revealing other unconventional molecular targets
(Maggiora and Gokhale, 2017). Validation of such molecular targets using new genetic
approaches, such as gene editing with CRISPR-Cas9, has the potential to inform on novel
drugs to be trialled in the clinic, as well as repurposing existing drugs for better management
of T1D.

1.6. Chapter summary
Population-level risk (i.e. GWAS data) represents an exciting opportunity for further
research into T1D, targeted at understanding disease pathogenesis and the identification
novel drug targets. Additionally, prospective studies including TEDDY, DAISY,
BABYDIAB/BABYDIET, Type 1 Diabetes Prediction and Prevention (DIPP), and the
TrialNet, continue to provide valuable information regarding the genetic predisposition, ageat-onset, and progression of T1D (Redondo et al., 2018b). Moreover, there is enough
evidence on the heterogeneity of the symptoms, signs, progression and treatment response
across T1D patients.
Translating all this information into knowledge through the hypothesis-driven integration
of genomic and epigenomic approaches (i.e. 3D genome organization, MPRA, targeted
genome editing [CRISPR/Cas9 system]), and functional eQTL analyses is imperative to: 1)
design predictive genetic- and transcriptome-based risk models; 2) understand the
contribution of genetic and environmental factors in T1D development; 3) identify suitable
biomarkers; 4) inform on novel drug targets; and 5) better diagnosis and treatment of youngand adult-onset T1D.
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1.7. Aims and Objectives
This project was designed as a discovery project with the broad aim of unravelling the
genetic mechanisms underlying the age-dependent and tissue-specific contribution to the
risk of developing T1D by resolving which biological processes are affected by populationlevel genetic variants through the spatiotemporal regulation of gene expression. In the long
term, I hope that the findings from this thesis will build an essential foundation for the future
development of better diagnostic and personalised therapeutic approaches for the millions
of patients afflicted by T1D who continue to rely on daily insulin administration either
through injections or pumps.

1.7.1 Specific aims
1. To identify target genes for T1D-associated SNPs by integrating chromatin
interaction (Hi-C) data with gene expression profiles across multiple human tissues
and immune cell types.
2. To identify genes contributing to the differing age-at-onset (i.e. young- and adultonset) of T1D and predict the tissues in which regulatory changes influence the
conversion of genetic risk to the development of T1D.
3. To untangle the genetic link between T1D and T2D using functional genomics
approaches and identify genes that exhibit tissue-specific pleiotropic effects on T1D
and T2D.
4. To validate the regulatory effects of spatial T1D eQTLs in the transcriptional
regulation of gene expression using a plasmid-based reporter assay.
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Chapter 2.
Data Accessibility and Research Reproducibility
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2.1. Background
The advances in high-throughput genomic techniques have facilitated the development
of new methodologies that have transformed biomedical research. For example, the
HapMap project identified haplotype blocks for single nucleotide polymorphisms (SNPs)
across ethnically diverse populations (International HapMap Consortium, 2003), which
enabled the development of first-generation microarrays that gave rise to a new era of
genome-wide association studies (GWAS). GWA studies have so far led to the discovery of
many genomic loci associated with the development of diseases (Buniello et al., 2019).
Moreover, these high-throughput techniques have led to the development of functional
genomics approaches that map GWAS SNPs to the genes they regulate (i.e. expression
quantitative trait loci [eQTLs]) using the information on the 3-dimensional (3D) chromatin
architecture (Hi-C) (Fadason et al., 2018; Fasolino et al., 2020; Javierre et al., 2016; Jung et
al., 2019; McGovern et al., 2016; Miguel-Escalada et al., 2019; Su et al., 2020). Studies have
also integrated protein-based network approaches to inform on biological pathways for
diseases using protein-protein interaction data (Fang et al., 2019).
As the wealth of genomic data and molecular techniques continue to expand our
understanding of the genetic basis of complex diseases, the reproducibility of study findings
has increasingly become a concern in scientific research (Begley, 2013; Munafò et al., 2017;
Open Science Collaboration, 2015). Reproducibility in research refers to the concept of
duplicating the findings of a past study by a second investigator using the same
methodologies, either computational or experimental, as the original investigator employed
them (Goodman et al., 2016). The lack of inferential reproducibility in research (i.e. drawing
of qualitatively similar conclusions) is attributed to the inherent flexibility of study designs
and the statistical procedures used (Goodman et al., 2016; Laraway et al., 2019). Notably,
research irreproducibility (and non-replicability) is mainly influenced by underpowered
studies, conflict of interest, publication bias, data dredging (mining of data without a specific
hypothesis to uncover patterns that can be presented as statistically significant) and small
effect sizes (Munafò et al., 2017). Therefore, in order to accelerate the discovery of credible
results that will revolutionize the clinical management of common diseases, improving the
reliability, accessibility, and reporting of study findings has a key role in biomedical research.
As part of the push for greater reproducibility, there is a need to document all aspects of
the work in detail. Here I describe the availability and accessibility of analytical datasets and
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relevant metadata, as well as analytical software code employed in the analyses presented in
this thesis.

2.2. Data accessibility and code availability
The methodologies used in my thesis involve the integration of publicly accessible
heterogeneous sources of data with computational approaches to unravel the genetic
mechanisms underlying the age-dependent and tissue-specific contributions to the
development of T1D.

2.2.1 Data accessibility
Genetic variants associated with the development of T1D were obtained from the GWAS
catalogue and can be accessed at www.ebi.ac.uk/gwas/. For analyses described in Chapter
3, GWAS data was downloaded on November 3, 2017. For analyses described in Chapter 4,
GWAS data was downloaded February 8, 2019. For analyses described in Chapter 5, GWAS
data was downloaded on March 25, 2020. I retrieved SNPs associated with time-to-event
development of islet autoimmunity and T1D from prospective studies, TrialNet PTP cohort,
adult-onset, and GRS prediction studies (see the detailed description in section 4.2.1). UK
Biobank summary statistics were obtained from the Neale lab, and are available at
https://www.nealelab.is/uk-biobank/. T2D-associated SNPs used in Chapter 5 were
obtained from the GWAS catalogue (downloaded April 8, 2020) and can be accessed at
www.ebi.ac.uk/gwas/.
Analyses presented in this thesis utilise chromatin interaction (Hi-C) datasets that were
captured from either primary human tissues, primary cells, immortalised immune cell types,
or embryonic stem cells. A complete list of these datasets can be accessed on Figshare with
the identifier https://doi.org/10.17608/k6.auckland.12886745 (ESM Table 2).
My thesis utilises data generated by the Wellcome Trust Case-Control Consortium
(WTCCC). A full list of the investigators who contributed to the generation of the WTCCC
data is available from www.wtccc.org.uk. Funding for the project was provided by the
Wellcome Trust under award 076113 and 085475.
The research presented in this thesis also utilised data from the UK Biobank Resource
under Application Number ‘51306’.
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Tissue eQTL data was obtained from the Genotype Tissue Expression database (GTEx
portal) and can be accessed at www.gtexportal.org/. For analyses described in Chapters 3
and 4, I utilised tissue eQTL data from GTEx version 7, while in Chapter 5, I utilised tissue
eQTL data from GTEx version 8. The GTEx Project was supported by the Common Fund
of the Office of the Director of the National Institutes of Health, and by NCI, NHGRI,
NHLBI, NIDA, NIMH, and NINDS.
Protein-protein interaction data was retrieved from the STRING database (version 11;
downloaded August 23, 2020) and can be accessed at http://string-db.org/. Human immune
cell eQTL data is available in the Database of Immune Cell Expression, Expression
quantitative trait loci (eQTLs) and Epigenomics (DICE) (https://dice-database.org/). The
DICE project was supported by a grant from the National Institute of Allergy and Infectious
Diseases. Data from the eQTLGen consortium was also used in the analysis presented in
this thesis and is available on https://www.eqtlgen.org/index.html.
The linkage disequilibrium matrix (LDlink) data I used is available from
https://ldlink.nci.nih.gov/. The UCSC browser was used to generate genome figures and
can be accessed at https://genome.ucsc.edu/. Circa software for generating circos plots is
available at http://omgenomics.com/circa/. The Drug Gene Interaction Database (DGIdb)
can be accessed at http://www.dgidb.org/.
Finally, all the datasets that were generated as part of the findings presented in this thesis
are included in the Appendices as Supplementary Tables.

2.2.2 Code availability
The Contextualizing Developmental SNPs using 3D information (CoDeS3D) algorithm
used

in

the

analysis

presented

in

Chapter

3

is

available

at

https://github.com/alcamerone/codes3d. Chapters 4 and 5 employed the version 2 of the
code that is available at https://github.com/Genome3d/codes3d-v2/. Machine learning
code for the prediction of regulatory changes in tissues in T1D development is available at
https://github.com/Genome3d/T1D_logistic_lasso_predictor.git/, and the python scripts
(i.e. version 3.7.3) used for data cleaning and analyses can be accessed at
https://github.com/Genome3d/T1D_logistic_lasso_predictor.git/. The high-definition
likelihood (HDL) software code for estimating the genetic correlation between phenotypes
is available at https://github.com/zhenin/HDL/. Python scripts (i.e. version 3.7.6) used for
the bootstrapping, as well as data analysis and visualisation for results presented in Chapter
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5

can

be

accessed

on

Figshare

with

the

identifier

https://doi.org/10.17608/k6.auckland.12886745. R software packages (i.e. g:Profiler,
TissueEnrich, ggplot, upsetR etc.), together with other approaches used for analysing and
visualising the data are described in the methods sections relevant to the analyses where they
are applied.
All the experimental data for the reporter assay described in Chapter 6, including the
reagent and consumable manufacturers are described in the method section (see Section 6.2).
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2.3. Chapter summary
As the field of genomic research continues to flourish, it is imperative that in-silico,
experimental and preclinical studies continue to provide accessibility statements for their
research data. In doing this, I hope that my efforts to improve the reproducibility of my
research will accelerate novel discoveries and promote the translation of findings into the
clinic for the better management of T1D.
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Chapter 3.
Type 1 Diabetes Mellitus-Associated Genetic
Variants Contribute to Overlapping Immune
Regulatory Networks

This chapter has been published in the Journal of Frontiers in Genetics:
Nyaga, D. M., Vickers, M. H., Jefferies, C., Perry, J. K. & O’Sullivan, J. M. Type 1 Diabetes
Mellitus-Associated Genetic Variants Contribute to Overlapping Immune Regulatory
Networks. Front. Genet. 9, 1–11 (2018).

Part of the work in this chapter has been presented as:
Nyaga, D. M., Vickers, M. H., Jefferies, C., Perry, J. K. & O’Sullivan, J. M. Regulatory
mechanisms and underlying genetic variation in the development of type 1 diabetes. An oral
presentation at the Liggins Institute Student Research Day in Auckland, New Zealand, November
28, 2019.
Nyaga, D. M., Vickers, M. H., Jefferies, C., Perry, J. K. & O’Sullivan, J. M. Type 1 diabetes
mellitus-associated genetic variants contribute to overlapping immune regulatory networks.
An oral presentation at the New Zealand Society for the Study of Diabetes Annual Scientific Meeting
(NZSSD ASM) in Napier, New Zealand, May 8-10, 2019.
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3.1. Background
T1D is characterised by the progressive loss of insulin-secreting pancreatic beta cells
(Leete et al., 2016; Pinkse et al., 2005). Well-powered genome-wide association studies
(GWAS) have identified more than 60 susceptibility regions to T1D across the human
genome, which are marked by single-nucleotide polymorphisms (SNPs) (Ram et al., 2016).
The major heritable risk (~50%) for T1D is conferred by SNPs located within the human
leukocyte antigen (HLA) region (Ounissi-Benkalha and Polychronakos, 2008). To date,
however, the functional role of most T1D-associated SNPs is yet to be determined. Notably,
over 80% of variants fall outside coding regions of genes (Ward and Kellis, 2012), and
therefore, their biological role in the pathogenesis of diseases is not clear. There is growing
evidence supporting a putative role for these non-coding SNPs in the regulation of gene
expression, as the majority fall within regulatory loci such as enhancer and promoter regions
(Guo et al., 2015; Javierre et al., 2016; Ram and Morahan, 2017).
Classically, GWAS SNPs which fall outside the coding regions of genes have been
assumed to affect the most ‘biologically relevant’ or closest genes (McGovern et al., 2016).
A fundamental problem with this assumption is that many intergenic SNPs may influence
the expression of genes which are relatively distal (Farh et al., 2014; Schoenfelder et al., 2015).
Indeed, our enhanced understanding of chromosome architecture and nuclear organization
over recent years has shown that interactions with regulatory regions (e.g. insulators and
enhancers) regularly bypass the closest genes and are associated with changes in gene
transcript levels of genes located large genomic distances away. These interactions may occur
within the same, or on different chromosomes (Bulger and Groudine, 2011a; Javierre et al.,
2016; Sanyal et al., 2012).
Most studies on spatial genomics ignore the impact of these distal-regulatory
chromosome interactions despite increasing evidence that genetic polymorphisms as
identified by GWAS can alter the expression of genes through distal spatial interactions in a
tissue- and development-specific manner (Fadason et al., 2017; Fehrmann et al., 2011;
Schierding et al., 2015). This is particularly important as increasing evidence demonstrated
that complex diseases culminate from systems-level perturbations that involve a myriad of
molecular pathways, as well as diverse tissues and cell types (Boyle et al., 2017; Yang, 2020).
For example, Fadason et al. identified spatially regulated genes (e.g. IRS1, ADIPOQ, FADS2,
PPA2, and WFS1) within tissues and pathways that are recognised as important for type 2
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diabetes (T2D) progression (Fadason et al., 2017). This was achieved by integrating
information on spatial chromatin organization (Rao et al., 2014), and tissue expression data
(i.e. expression quantitative trait loci [eQTL]) to assign SNPs to the genes they control. This
finding highlights the importance of integrating an understanding of the spatial genomic
context into analyses to discover the fundamental mechanisms underlying gene regulation
(Javierre et al., 2016; Ottaviani et al., 2012; Willmann et al., 2016; Won et al., 2016).
Therefore, by integrating chromatin interaction data and tissue eQTL data would enabled
the identification of significant insights of cross-tissue regulatory impacts that contribute to
immune deregulation, as well as pancreatic beta cell dysfunction in the development of T1D.
In this study, I aimed to characterise T1D-associated SNPs, and particularly those within
the immune-associated HLA locus, by performing a combined spatial and functional eQTL
analysis to assign SNPs to the genes they regulate across multiple human tissues.
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3.2. Methods
3.2.1 Identification of T1D associated SNPs
SNPs associated with T1D (p ≤ 5.0 x 10-6) were selected from the manually curated
Catalog of Published Genome-Wide Association Studies (Buniello et al., 2019) (downloaded
November 3, 2017) (Appendices: Supplementary Table 3-1). These SNPs (11 HLA and 169
non-HLA risk SNPs) represent the ~60 susceptibility regions that are typically associated
with T1D. Equally sized sets of control SNPs were randomly selected from the Single
Nucleotide Polymorphism Database (dbSNP database, Build 151; November 10, 2017) using
a Python script (see section 2.2.2).

3.2.2 Regulatory SNP-gene interactions and eQTLs analyses
Genes whose transcript levels depend on the identity of the T1D SNP were identified
using the Contextualizing Developmental SNPs using 3D information (CoDeS3D)
algorithm (Fadason et al., 2018). Initially, the modular python scripts that comprise
CoDeS3D use 1 kb resolution Hi-C contacts from non-synchronised immortalised human
cell lines (i.e. GM12878, IMR90, HMEC, NHEK, K562, KBM7, HUVEC, and HeLa;
Appendices: Supplementary Table 3-2) (Rao et al., 2014) to identify spatial co-localization of
two DNA regions, one of which is marked by a SNP. These spatially associating genomic
regions are not limited to adjacent regions within the linear DNA sequence (Fadason et al.,
2017).
Next, data from the Genotype-Tissue Expression (GTEx) database (version 7; retrieved
on November 19, 2017) (Aguet et al., 2017; Fadason et al., 2017) is incorporated to address
whether spatially associated T1D SNPs are associated with changes in the transcript levels
(eQTLs) of the spatially associated genes (eGenes). The gene list and DNA locations are
based on the hg19/GRCh37 human genome reference. The CoDeS3D analysis identifies; a)
SNP-gene pairs that spatially co-localise within the nucleus; b) SNP-gene pairs that are
eQTLs; and c) the tissues in which the eQTL is significant, using the Benjamini-Hochberg
correction for multiple testing (FDR < 0.05) (Benjamini and Hochberg, 1995). Although the
multiple testing burden of eQTL mapping can bias or underestimate results, the FDR
threshold (q < 0.05) used for this analysis has been demonstrated to identify biologically
significant associations consistently, e.g. (Fadason et al., 2017; Schierding et al., 2015). CiseQTL associations were defined as occurring within loci <1Mb. By contrast, trans-eQTL
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associations were defined as occurring between loci >1Mb apart, or on different
chromosomes.

3.2.3 Gene Ontology (GO), pathway analysis and functional prediction
Web-based applications of Gene Ontology (GO; accessed April 3, 2018) and the
Reactome Pathway Database (version 64; accessed April 3, 2018) were used to annotate
significant eGenes (genes regulated by loci marked by the eQTL SNPs) for biological and
functional enrichment (Ashburner et al., 2000; Carbon et al., 2017; Croft et al., 2014;
Fabregat et al., 2018). The enrichment analysis was performed by standard methods, as
detailed in (Ashburner et al., 2000; Fabregat et al., 2018), using a background set of human
proteins to reveal significant enrichments adjusted for multiple comparisons at FDR <0.05.
Testing for potential functional regulatory SNPs within the list of T1D-associated SNPs
was performed using the sequence-based deep learning-based sequence analyser – DeepSEA
(Zhou and Troyanskaya, 2015). The algorithm integrates a training set of genome-wide
chromatin profiles based on the Roadmap Epigenomics and ENCODE datasets (Dunham
et al., 2012; Kundaje et al., 2015). Potential regulatory sites are predicted based on over-lap
with histone-mark profiles, transcription factor binding, and DNase I sensitivity sites.

3.2.4 Data analysis
All statistical analyses were performed using R software (version v3.4.2)(R Core Team, 2014).
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3.3. Results
3.3.1 T1D-associated SNPs form a gene regulatory network
A total of 232 cis- and 66 trans-eQTLs for 180 T1D SNPs were identified from the
CoDeS3D analysis at an FDR of q<0.05 (Table 3-1). The functional physical interactions
between T1D SNPs and eGenes (i.e. genes whose transcript levels are associated with the
identity of the nucleotide at the SNP position) were represented in a circos plot (Figure 31a). Additionally, a series of trans-eQTLs that connect into and out of the HLA locus were
observed (Figure 3-1b). The observed cis- and trans-eQTL network for T1D SNPs is
consistent with a functional role for SNPs in modulating gene expression profiles that
predispose an individual to the development of T1D (Erlich et al., 2013). The identification
of 66 trans-eQTLs, which by definition interact with regions >1Mb apart or on different
chromosomes, reinforces the importance of not identifying target genes for SNPs based on
linear proximity due to the cell and tissue-specific contexts that underlie gene expression.

Table 3-1 Summary of the gene regulatory networks for T1D-associated SNPs analysed by CoDeS3D
T1D-associated
Randomly generated SNPs
SNPs*
(controls; 80 sets of 180 SNPs)**
(p ≤ 5.0 x 10-6)
No. SNPs
180
Range
Mean
SEM
No. spatial SNP-gene pairs§
1467
0-117
19.48
2.89
No. eQTL SNP-gene interactions¶
1467
0-117
19.48
2.89
No. unique eQTL SNP-gene pairs ¶¶
298
0-22
4.7
0.46
No. unique cis-eQTL SNP-gene pairs†
232
0-14
3.69
0.18
No. unique trans-eQTL SNP-gene pairs††
66
0-8
1.04
0.33
No. eGenes#
246
0-14
2.36
0.22
*T1D SNPs (11 HLA and 169 non-HLA risk SNPs) were identified in the GWAS catalogue (download date
November 3, 2017; version, v1.0) (Appendices: Supplementary Table 3-1). § Spatial SNP-gene pairs were the
total number of spatial connections between SNPs and gene regulatory regions at FDR < 0.05. ¶ Total number
of eQTL SNP-gene (pairs) interactions at FDR < 0.05 in at least one GTEx tissue. ¶¶ Non-redundant significant
eQTL SNP-genes pairs. † Cis-eQTL SNPs were defined as occurring in loci <1Mb at FDR < 0.05. †† TranseQTL SNPs were defined as occurring between loci > 1Mb apart, or on different chromosomes, at FDR <
0.05. # eGenes were genes whose expression was observed to be affected by an eQTL SNP. ** Random human
SNPs were generated using a python library from the Single Nucleotide Polymorphism database (dbSNP build
151; November 10, 2017). A total of 80 randomly generated data sets of 180 SNPs were run through the
CoDeS3D algorithm. SEM – standard error of the mean; SNP – single nucleotide polymorphism; eQTL –
expression quantitative trait loci; eGene – a gene whose expression is associated with an eQTL.

50

Figure 3-1 T1D associated SNPs form an integrated gene regulatory network.
(a) Circos plot showing eQTL associations between T1D SNPs and eGenes that overlap with Hi-C data. Data
tracks: chromosome labels (outer-most ring); and a scatter plot of relative SNP positions. Link lines represent
significant SNP-gene interactions at FDR q<0.05 (Table 3-2). The inset illustrates a cis- and trans-eQTL. The
grey ellipsoid represents the unknown factors that are responsible for mediating physical interaction. (b) T1D
SNPs are involved in cis- and trans-eQTLs that enter and emerge from the HLA locus. Lines with arrows
annotate significant interactions between eQTLs (cis- and trans-eQTLs) and genes. Genes within the HLA locus
are annotated as arrows, which indicates transcriptional direction. SNP positions are marked as lines (black –
lines indicate significant eQTLs at FDR<0.05). eGenes affected by trans-eQTLs are coloured according to
chromosome number as in (A). The circos plot was generated using Circa (http://omgenomics.com/circa).
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Table 3-2 Regulatory associations between spatial T1D eQTLs and genes across Hi-C libraries
*Spatial T1D
eQTL
rs2358994
rs2153977
rs3024505
rs3024505
rs2153977
rs2358994
rs2153977
rs1983853
rs2153977
rs2476601
rs6679677
rs11580078
rs2990510
rs2269241
rs2476601
rs478222
rs36001488
rs1990760
rs478222
rs10186458
rs9653442
rs2165738
rs836589
rs6547853
rs478222
rs836589
rs478222
rs478222
rs36001488
rs4676410
rs9653442
rs3087243
rs478222
rs7588550
rs9653442
rs2165738
rs478222
rs4625
rs4625
rs4625
rs4625
rs4625
rs4625
rs4625
rs4625
rs9850225
rs9850225
rs4625
rs71597855
rs10517086
rs17388568
rs7672495
rs4505848
rs4505848
rs317865
rs7672495
rs7660520
rs317865
rs11741255
rs4869313
rs4869313
rs11741255
rs11741255
rs4869313
rs17166496

eQTL
Chr.
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
2
3
3
3
3
3
3
3
3
3
3
3
4
4
4
4
4
4
4
4
4
4
5
5
5
5
5
5
5

eQTL
Locus
114429460
114080070
206939903
206939903
114080070
114429460
114080070
85311191
114080070
114377567
114303807
67669633
197020657
64108770
114377567
25301754
234185266
163124050
25301754
20598509
100825366
24692808
173493077
28646800
25301754
173493077
25301754
25301754
234185266
241563738
100825366
204738918
25301754
213168767
100825366
24692808
25301754
49572139
49572139
49572139
49572139
49572139
49572139
49572139
49572139
80865763
80865763
49572139
54656436
26085510
123329361
4992366
123132491
123132491
16156665
4992366
183745320
16156665
131811181
96223879
96223879
131811181
131811181
96223879
132628883

**Gene Name

AP4B1-AS1
MAGI3
PLXNA2
RAB3GAP2
TSPAN2
MAGI3
PHTF1
ZNF644
SLC6A17
AP4B1-AS1
AP4B1-AS1
HHAT
F13B
PGM1
PHTF1
ADCY3
ATG16L1
TXNL4B
RP11-509E16.1
SDC1
AFF3
ADCY3
PDK1
RP11-373D23.3
DNAJC27-AS1
RAPGEF4-AS1
RBMS3
NCOA1
USP40
GPR35
SULT1C2
CTLA4
SLC8A1
ERBB4
LONRF2
DNAJC27
DNAJC27
AMT
APEH
QRICH1
RBM6
RNF123
DOCK3
DAG1
NPAT
PRICKLE2
RP11-47P18.2
ACLY
UNC5C
RBPJ
KIAA1109
EVC
KIAA1109
ELF2
ZEB2P1
MEF2C-AS1
SORBS2
TAPT1-AS1
AC034220.3
ERAP2
LNPEP
SLC22A5
P4HA2
ERAP1
UBAC2
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Gene
Chr.
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
2
2
16
2
2
2
2
2
2
2
2
3
2
2
2
2
2
2
2
2
2
2
3
3
3
3
3
3
3
11
3
3
17
4
4
4
4
4
4
4
5
4
4
5
5
5
5
5
5
13

Gene Start

Gene End

114399257
113933371
208195587
220321635
115590632
113933371
114239453
91380859
110693108
114399257
114399257
210501596
197008321
64058947
114239453
25042038
234118697
72078188
25380063
20400558
100162323
25042038
173420101
28648812
25194259
173541869
29322473
24714783
234384166
241544848
108905095
204732509
40324410
212240446
100889753
25166505
25166505
49454211
49711435
49067140
49977440
49726932
50712672
49506146
108027942
64079543
80814048
40023161
96083655
26165077
123073488
5712924
123073488
139949266
16362309
88179145
186506598
16228286
131646978
96211643
96271098
131705444
131527531
96096521
99853028

114443859
114228545
208417665
220445796
115632121
114228545
114302111
91487829
110744824
114443859
114443859
210849638
197036397
64125916
114302111
25142708
234204320
72128330
25382006
20425194
100759201
25142708
173489823
28649586
25262563
173600934
30051886
24993571
234475428
241570676
108926371
204738683
40838193
213403565
100939195
25194963
25194963
49460186
49721396
49131796
50137478
49758962
51421629
49573048
108093369
64431152
80838505
40086795
96470357
26436541
123283913
5830772
123283913
140098372
16398946
88762215
186877806
16321763
131705608
96255420
96373219
131731306
131631008
96143803
100038688

eQTL-gene
Distance
0
0
1255684
13381732
1510562
200915
159383
6069668
3335246
21690
95450
142831963
0
0
75456
159046
0
NA
78309
173315
66165
349230
3254
2012
39191
48792
NA
308183
198900
0
8079729
235
15022656
0
64387
473697
106791
111953
139296
440343
405301
154793
1140533
0
NA
16434611
27258
NA
41427219
79567
45448
720558
0
16816775
205644
NA
2761278
71621
105573
0
47219
79875
180173
80076
NA

Cell
Lines
KBM7
KBM7
HUVEC
K562
KBM7
IMR90
NHEK
NHEK
HUVEC
KBM7
HUVEC
K562
KBM7
KBM7
NHEK
KBM7
KBM7
KBM7
KBM7
NHEK
KBM7
KBM7
KBM7
IMR90
KBM7
KBM7
HUVEC
KBM7
KBM7
KBM7
IMR90
KBM7
KBM7
KBM7
IMR90
HUVEC
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
NHEK
KBM7
K562
KBM7
NHEK
HUVEC
NHEK
KBM7
NHEK
KBM7
KBM7
NHEK
HUVEC
HUVEC
NHEK
KBM7
NHEK
KBM7
NHEK
IMR90
IMR90
IMR90
NHEK

Table 3-2 (Continued)
*Spatial T1D
eQTL
rs11741255
rs7731626
rs886424
rs9268645
rs1270942
rs9388489
rs1270942
rs886424
rs9268645
rs9268645
rs1270942
rs9268645
rs9268645
rs2251396
rs1980493
rs2251396
rs1270942
rs1015166
rs9268645
rs1980493
rs1270942
rs1270942
rs1270942
rs1270942
rs2857595
rs1270942
rs886424
rs2523989
rs1270942
rs1980493
rs1015166
rs1015166
rs1980493
rs3761980
rs2857595
rs13217044
rs2251396
rs2857595
rs1270942
rs886424
rs1270942
rs2523989
rs1015166
rs9268645
rs886424
rs6931865
rs2251396
rs886424
rs886424
rs924043
rs1980493
rs9388489
rs1980493
rs1980493
rs3761980
rs1270942
rs2251396
rs886424
rs886424
rs2251396
rs1270942
rs2251396
rs1980493

SNP
Chr.
5
5
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6

eQTL
Locus
131811181
55444682
30782001
32408526
31918859
126698718
31918859
30782001
32408526
32408526
31918859
32408526
32408526
31364706
32363214
31364706
31918859
32798730
32408526
32363214
31918859
31918859
31918859
31918859
31568468
31918859
30782001
30078274
31918859
32363214
32798730
32798730
32363214
35993905
31568468
8226996
31364706
31568468
31918859
30782001
31918859
30078274
32798730
32408526
30782001
144079853
31364706
30782001
30782001
170379024
32363214
126698718
32363214
32363214
35993905
31918859
31364706
30782001
30782001
31364706
31918859
31364706
32363214

**Gene Name
AC116366.6
ANKRD55
BTN3A2
ATF6B
CCHCR1
CENPW
CLIC1
FLOT1
HLA-DQA2
HLA-DQB1
HLA-DQB2
HLA-DQB2
HLA-DRB1
MICA
NOTCH4
PSORS1C1
SKIV2L
TAP2
HLA-DQB1-AS1
HLA-DQB2
PSORS1C1
DXO
RNF5
PPP1R18
MSH5
MSH5
PPP1R18
ZNRD1-AS1
WDR7
HLA-DMA
HLA-DMA
HLA-DOB
HLA-DQA2
MAPK14
SAMD12
GALNT11
MICB
MICB
FLRT3
HCG17
HLA-DMB
VARS2
RPS5
NOTCH4
HCG20
PHACTR2
CCHCR1
IER3
LINC00243
HLA-DPA1
HLA-DOB
UBAC1
ATF6B
GPANK1
RP1-179N16.6
AGER
JMJD1C
RNF39
HCP5
HLA-DQB2
HCP5
NOTCH4
HLA-DQB1
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Gene
Chr.
5
5
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
6
18
6
6
6
6
6
8
7
6
6
20
6
6
6
19
6
6
6
6
6
6
6
6
9
6
6
6
6
10
6
6
6
6
6
6

Gene Start

Gene End

131804582
55395507
26365387
32065953
31110216
126661320
31698358
30695486
32709119
32627244
32723875
32723875
32546546
31371356
32162620
31082527
31926857
32781544
32627657
32723875
31082527
31937587
32146131
30644166
31707725
31707725
30644166
29968788
54318574
32916390
32916390
32780540
32709119
35995488
119201698
151722759
31462658
31462658
14303634
30201816
32902406
30876019
58897767
32162620
30734602
143857982
31110216
30710976
30766431
33032346
32780540
138824815
32065953
31629006
36114475
32148745
64926981
30038043
31368479
32723875
31368479
32162620
32627244

131808735
55529186
26378546
32096030
31126015
126670021
31707540
30710510
32714992
32636160
32731311
32731311
32557625
31383092
32191844
31107869
31937532
32806599
32628506
32731311
31107869
31940069
32151930
30655672
31732622
31732622
30655672
30029417
54698828
32936871
32936871
32784825
32714992
36079013
119634234
151819425
31478901
31478901
14318262
30293911
32908847
30894236
58906173
32191844
30760027
144152322
31126015
30712331
30798436
33048552
32784825
138853226
32096030
31634060
36164982
32152101
65225722
30043664
31445283
32731311
31445283
32191844
32636160

eQTL-gene
Distance
2446
0
4403455
312496
792844
28697
211319
71491
300593
218718
805016
315349
138020
6650
171370
256837
7998
0
219131
360661
810990
18728
227272
1263187
139257
186237
126329
48857
NA
553176
117660
13905
345905
1583
NA
NA
97952
89567
NA
488090
983547
797745
NA
216682
21974
0
238691
69670
0
137330472
417326
NA
267184
729154
120570
229886
NA
738337
586478
1359169
473576
797914
264030

Cell
Lines
NHEK
KBM7
KBM7
KBM7
HUVEC
NHEK
KBM7
KBM7
HUVEC
KBM7
HUVEC
IMR90
IMR90
NHEK
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
IMR90
IMR90
K562
NHEK
K562
IMR90
KBM7
HUVEC
K562
HUVEC
K562
NHEK
NHEK
HUVEC
K562
K562
IMR90
NHEK
KBM7
K562
KBM7
KBM7
K562
KBM7
KBM7
KBM7
NHEK
KBM7
KBM7
NHEK
HUVEC
IMR90
KBM7
IMR90
IMR90
HUVEC
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7

Table 3-2 (Continued)
*Spatial T1D
eQTL
rs3761980
rs2523989
rs886424
rs1270942
rs1980493
rs886424
rs7804356
rs7804356
rs550448
rs12679857
rs2410601
rs2410601
rs657152
rs579459
rs4246905
rs10988542
rs11145763
rs4246905
rs7100025
rs1332099
rs10822050
rs1326934
rs10509540
rs10786436
rs10822050
rs7100025
rs17885785
rs1004446
rs689
rs7111341
rs1004446
rs3741208
rs3741208
rs4084127
rs1701704
rs3764021
rs11052552
rs4763879
rs3764021
rs11052552
rs3764021
rs1701704
rs1689510
rs614226
rs1701704
rs2292239
rs614226
rs614226
rs614226
rs614226
rs3184504
rs1701704
rs11171739
rs17696736
rs2292239
rs614226
rs3764021
rs1701704
rs2292239
rs2292239
rs17466626
rs3764021
rs614226

SNP
Chr.
6
6
6
6
6
6
7
7
7
8
8
8
9
9
9
9
9
9
10
10
10
10
10
10
10
10
11
11
11
11
11
11
11
11
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12

eQTL
Locus
35993905
30078274
30782001
31918859
32363214
30782001
26891664
26891664
28229041
119977336
18922576
18922576
136139264
136154167
117553248
132657263
139263595
117553248
37592537
101298450
64438770
97284080
90023032
100300181
64438770
37592537
2167849
2170142
2182223
2213165
2170142
2169773
2169773
69596522
56412486
9833627
9855957
9910163
9833627
9855957
9833627
56412486
56396767
120974509
56412486
56482179
120974509
120974509
120974509
120974509
111884607
56412486
56470624
112486817
56482179
120974509
9833627
56412486
56482179
56482179
40760630
9833627
120974509

**Gene Name

Gene
Chr.
6
6
6
6
6
6
7
7
12
2
8
8
9
9
9
9
9
9
10
10
10
10
10
10
12
10
11
11
11
11
11
11
11
11
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
12
11
12
1
12
12
12
12
12
12
11
12
12
6

SRPK1
TRIM26
GRM4
C2
C2
HLA-L
HOXA5
SKAP2
AACS
UBE2E3
PSD3
RP11-420B22.1
ABO
ABO
CENPP
USP20
SNAPC4
TNFSF15
ZNF25
RP11-129J12.1
ADO
SORBS1
PTEN
HPSE2
CNTN1
ATP8A2P1
IGF2-AS
IGF2-AS
IGF2-AS
TMEM80
IGF2
IGF2-AS
EIF3F
SUV420H1
PDE1B
CLECL1
CLECL1
CLECL1
RP11-705C15.2
RP11-705C15.2
RP11-75L1.2
RARG
SUOX
POP5
SUOX
SUOX
DYNLL1-AS1
RNF10
DYNLL1
CCDC92
ARHGAP42
IKZF4
PDE4DIP
ALDH2
IKZF4
COQ5
CLEC2B
RAB5B
RAB5B
RELT
LRRK2
RP11-705C15.3
HLA-E
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Gene Start

Gene End

35800743
30152232
33989628
31865562
31865562
30227361
27180671
26706681
125549925
181831975
18384811
18846789
136125788
136125788
95087766
132596977
139270029
117546915
38238500
101286838
64564516
97071528
89622870
100218875
41086244
37537046
2161731
2161731
2161731
695428
2150342
2161731
7991798
67922330
54943134
9868456
9868456
9868456
9787188
9787188
9847980
53604354
56390964
121016567
56390964
56390964
120928131
120971283
120907653
124403207
100558384
56401443
144836157
112204691
56401443
120941077
10005583
56367697
56367697
73087309
40590546
9811163
30457244

35889119
30181204
34123399
31913449
31913449
30260791
27183287
27034858
125627873
181941312
18942240
18858462
136150617
136150617
95382815
132644107
139293249
117568406
38265561
101288018
64568238
97321171
89731687
100995619
41466220
37604729
2169894
2169894
2169894
705028
2170833
2169894
8023409
67981295
54973023
9885895
9885895
9885895
9811008
9811008
9848823
53626764
56400425
121019201
56400425
56400425
120933743
121015397
120936296
124457378
100862668
56432219
145076186
112247782
56432219
120972237
10022735
56388490
56388490
73108519
40763087
9814681
30461982

eQTL-gene
Distance
104786
73958
3207627
5410
449765
521210
289007
0
NA
NA
0
64114
0
3550
22170433
13156
6434
0
645963
10432
125746
0
291345
0
NA
0
0
248
12329
1508137
0
0
5822025
1615227
1439463
34829
12499
24268
22619
44949
14353
2785722
0
42058
12061
81754
40766
0
38213
3428698
NA
0
NA
239035
49960
2272
171956
23996
93689
NA
0
18946
NA

Cell
Lines
KBM7
KBM7
KBM7
KBM7
NHEK
KBM7
KBM7
KBM7
NHEK
NHEK
KBM7
KBM7
KBM7
KBM7
NHEK
NHEK
HUVEC
KBM7
NHEK
NHEK
HUVEC
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
NHEK
KBM7
KBM7
NHEK
K562
KBM7
KBM7
NHEK
KBM7
KBM7
NHEK
KBM7
HUVEC
NHEK
HUVEC
KBM7
IMR90
NHEK
KBM7
KBM7
NHEK
HUVEC
KBM7
K562
K562
HUVEC
KBM7
HUVEC
NHEK
IMR90
IMR90
KBM7
KBM7
IMR90

Table 3-2 (Continued)
*Spatial T1D
eQTL
rs614226
rs17466626
rs3764021
rs11052552
rs4763879
rs539514
rs10137082
rs3825932
rs3825932
rs7171171
rs72743477
rs8035957
rs8035957
rs72743477
rs72743477
rs12928404
rs7202877
rs12928404
rs416603
rs12928404
rs12928404
rs4788084
rs12928404
rs4788084
rs12928404
rs12598357
rs12928404
rs12708716
rs77150043
rs2903692
rs12928404
rs12708716
rs12928404
rs7202877
rs12708716
rs2903692
rs7202877
rs77150043
rs12928404
rs12232497
rs2872507
rs12232497
rs2872507
rs2290400
rs7221109
rs2290400
rs12232497
rs2872507
rs2290400
rs7221109
rs7221109
rs12232497
rs2872507
rs2872507
rs2872507
rs2290400
rs2290400
rs2872507
rs12232497
rs2290400
rs2290400
rs2872507
rs12232497

SNP
Chr.
12
12
12
12
12
13
14
15
15
15
15
15
15
15
15
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
16
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17
17

eQTL
Locus
120974509
40760630
9833627
9855957
9910163
76326281
23840032
79235445
79235445
38907040
67464290
38838263
38838263
67464290
67464290
28847245
75247244
28847245
11364078
28847245
28847245
28539847
28847245
28539847
28847245
28340944
28847245
11179872
50304248
11238782
28847245
11179872
28847245
75247244
11179872
11238782
75247244
50304248
28847245
38040118
38040762
38040118
38040762
38066239
38770285
38066239
38040118
38040762
38066239
38770285
38770285
38040118
38040762
38040762
38040762
38066239
38066239
38040762
38040118
38066239
38066239
38040762
38040118

**Gene Name

Gene
Chr.
12
12
12
12
12
13
14
15
15
15
15
15
15
15
15
16
16
16
16
16
16
16
16
16
16
16
16
14
1
8
16
16
16
16
16
16
16
16
16
17
17
17
17
17
17
17
17
17
17
20
17
17
17
17
17
17
17
17
17
17
17
3
17

MSI1
LEMD3
KLRB1
KLRB1
KLRF1
LMO7
EFS
CTSH
ADAMTS7
RASGRP1
AAGAB
RASGRP1
RP11-102L12.2
SMAD3
TCF12
ATXN2L
CFDP1
NFATC2IP
RMI2
SH2B1
TUFM
RABEP2
RABEP2
SBK1
SULT1A1
CCDC101
LAT
MAP3K9
SSR2
LINC00535
ATP2A1
NUP93
APOBR
TMEM170A
RMI2
RMI2
BCAR1
BRD7
CCDC101
GSDMA
GSDMA
ORMDL3
ORMDL3
ORMDL3
SMARCE1
PGAP3
MED24
MED24
GSDMB
VSX1
CCR7
GSDMB
GSDMB
RP11-94L15.2
PSMD3
PSMD3
STARD3
ERBB2
PGAP3
MSL1
ERBB2
CLSTN2
ZPBP2
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Gene Start

Gene End

120779133
65563351
9747147
9747147
9980077
76194570
23825611
79213400
79051545
38780304
67493371
38780304
38795054
67356101
57210821
28834356
75327596
28962128
11343476
28857921
28853732
28915742
28915742
28303840
28616903
28565236
28996147
71189243
155978839
94225531
28889726
56764017
28505970
75476952
11343476
11343476
75262928
50347398
28565236
38119226
38119226
38077294
38077294
38077294
38781214
37827375
38175350
38175350
38060848
25051521
38710021
38060848
38060848
37913974
38137050
38137050
37793318
37844167
37827375
38278551
37844167
139654027
38024417

120806983
65642107
9760482
9760482
9997606
76434004
23834961
79241916
79103773
38857776
67547533
38857776
38797182
67487533
57591479
28848558
75467383
28978418
11445619
28885526
28857729
28947847
28947847
28335170
28634946
28603111
29002104
71276251
155990750
94712661
28915830
56878797
28510291
75499395
11445619
11445619
75301951
50402845
28603111
38134019
38134019
38083854
38083854
38083854
38804760
37853050
38217468
38217468
38076107
25062996
38721724
38076107
38076107
37920089
38154213
38154213
37819737
37886679
37853050
38293042
37886679
140296239
38034149

eQTL-gene
Distance
167526
24802721
73145
95475
69914
0
5071
0
131672
49264
29081
0
41081
0
9872811
0
80352
114883
0
10676
6487
375895
68497
204677
212299
224292
148902
NA
NA
NA
42481
45584145
336954
229708
163604
104694
15684
43150
244134
79108
78464
37176
36532
11055
10929
213189
135232
134588
0
NA
48561
20730
20086
120673
96288
70811
246502
154083
187068
212312
179560
NA
5969

Cell
Lines
KBM7
NHEK
KBM7
HUVEC
NHEK
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
NHEK
KBM7
HUVEC
KBM7
NHEK
KBM7
KBM7
NHEK
KBM7
HUVEC
KBM7
HUVEC
KBM7
K562
HUVEC
KBM7
KBM7
KBM7
KBM7
K562
KBM7
IMR90
KBM7
KBM7
KBM7
KBM7
NHEK
NHEK
IMR90
HUVEC
NHEK
NHEK
IMR90
NHEK
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
HUVEC
NHEK
NHEK
NHEK
HUVEC
NHEK
IMR90
NHEK
KBM7
KBM7

Table 3-2 (Continued)
*Spatial T1D
eQTL
rs2872507
rs2290400
rs16956936
rs2542151
rs1893217
rs763361
rs763361
rs2542151
rs425105
rs2304256
rs602662
rs602662
rs602662
rs2304256
rs2304256
rs602662
rs425105
rs2304256
rs2304256
rs602662
rs425105
rs11698685
rs2281808
rs2281808
rs11203203
rs2836882
rs9976767
rs3788013
rs2836882
rs3788013
rs2836882
rs5753037
rs743777
rs229541
rs5753037
rs5753037
rs229541
rs2664170
rs2664170
rs2664170
rs2664170
rs2664170
rs2664170
rs2664170

SNP
Chr.
17
17
17
18
18
18
18
18
19
19
19
19
19
19
19
19
19
19
19
19
19
20
20
20
21
21
21
21
21
21
21
22
22
22
22
22
22
X
X
X
X
X
X
X

eQTL
Locus
38040762
38066239
7633691
12779946
12809339
67531641
67531641
12779946
47208480
10475651
49206984
49206984
49206984
10475651
10475651
49206984
47208480
10475651
10475651
49206984
47208480
58895845
1610550
1610550
43836185
40466569
43836389
43841327
40466569
43841327
40466569
30581721
37551606
37591317
30581721
30581721
37591317
153945601
153945601
153945601
153945601
153945601
153945601
153945601

**Gene Name

Gene
Chr.
17
17
17
15
21
18
18
17
19
19
19
19
19
19
19
19
19
19
19
1
19
5
19
20
21
5
6
21
21
16
21
22
18
22
22
22
22
X
X
X
X
X
X
3

ZPBP2
ZPBP2
KCNAB3
THSD4
DSCAM
CD226
DOK6
JUP
PRKD2
TYK2
IZUMO1
MAMSTR
FUT2
CHAF1A
MRPL4
RASIP1
SLC1A5
CDC37
ICAM5
CAMTA1
STRN4
SLC1A3
PRAM1
RP11-77C3.3
TIAM1
AP3B1
SYNGAP1
SLC37A1
ETS2
GNAO1
AF064858.8
MTMR3
SMCHD1
C1QTNF6
ZMAT5
ASCC2
RAC2
F8
TMLHE
FUNDC2
BRCC3
PLXNA3
RAB39B
THOC7

Gene Start

Gene End

38024417
38024417
7825177
71389291
41382926
67498394
67068291
39775692
47177532
10461209
49244109
49215999
49199228
4402659
10362577
49223844
47278140
10501810
10400657
6845384
47222764
36606457
8554940
1614154
32490734
77296349
33387847
43916118
40177231
56225302
40360633
30279144
2655737
37576207
30126945
30184597
37621301
154064063
154719776
154254255
154299695
153686621
154487526
63819546

38034149
38034149
7833121
72075722
42219065
67629039
67516323
39943183
47220384
10491352
49250166
49222978
49209207
4445015
10370721
49243978
47291851
10530797
10407454
7829766
47250251
36688436
8567996
1629118
32932290
77590579
33421466
44001550
40196879
56391356
40378079
30426855
2805015
37595425
30163000
30234271
37640488
154255215
154899605
154288578
154351349
153701989
154493874
63849579

eQTL-gene
Distance
6613
32090
191486
NA
NA
0
15318
NA
0
0
37125
9015
0
6030636
104930
16860
69660
26159
68197
NA
14284
NA
NA
3604
10903895
NA
NA
74791
269690
NA
88490
154866
NA
0
418721
347450
29984
118462
774175
308654
354094
243612
541925
NA

Non-redundant interactions between eQTLs* and genes** are analyses from the computational algorithm
(Methods). Genes expressed at >1.0 Reads Per Kilobase of transcript per Million mapped (RPKM) in at least
one GTEx tissue were included. Cell lines: KBM7- human myeloid leukaemia; K562- chronic myelogenous
leukaemia; IMR90- human foetal lung; HUVEC-human umbilical vein endothelial cells; NHEK- primary
normal human epidermal keratinocytes. A full summary of tissue-specific impacts of T1D SNPs is available in
Appendices: Supplementary Table 3-3.
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Cell
Lines
K562
KBM7
NHEK
KBM7
HUVEC
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
K562
KBM7
KBM7
NHEK
KBM7
KBM7
K562
KBM7
K562
KBM7
NHEK
IMR90
HUVEC
K562
KBM7
IMR90
K562
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
KBM7
NHEK
IMR90
KBM7
IMR90
K562
KBM7

A Monte Carlo experiment was performed to test for eQTL enrichment using randomly
selected SNPs from the Single Nucleotide Polymorphism database (dbSNP build 151;
November 10, 2017). The Monte Carlo permutation demonstrate that T1D SNPs have
significantly (t-test p-value < 0.0001) more SNP-gene connections than equally sized sets of
randomly selected dbSNPs (Table 3-1). These results are consistent with previous
comparisons of randomly selected SNPs and those specific for T2D or obesity using
CoDeS3D (Fadason et al., 2017).
It is notable that 25 eQTLs (representing 22% of significant eQTLs), which are associated
with transcript levels of 46 cis- and 25 trans-genes, were predicted by DeepSEA to have
functional regulatory roles within the genome (Table 3-3). Moreover, a comparison of the
ratios of cis: trans interactions between the 25 predicted regulatory eQTLs and the 88 nonregulatory eQTLs, identified an enrichment (p-value = 0.00576; Fisher exact test) for transinteractions involving the regulatory eQTLs. Collectively, these results are consistent with
evidence that inter-genic SNPs associated with disease phenotypes mark gene regulatory
regions (Ernst et al., 2011).
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Table 3-3 Summary of the functional prediction of T1D SNPs
SNP ID
Chromosome
Position
Reference
Alternate
DeepSEA score
allele
allele
rs2476601
chr1
114377568
A
G
1.05E-03
rs4625
chr3
49572140
A
G
3.12E-03
rs2836882
chr21
40466570
G
A
5.28E-03
rs5753037
chr22
30581722
C
T
6.57E-03
rs602662
chr19
49206985
G
A
1.64E-02
rs17696736
chr12
112486818
A
G
1.68E-02
rs1990760
chr2
163124051
C
T
1.84E-02
rs17388568
chr4
123329362
G
A
1.87E-02
rs12708716
chr16
11179873
A
G
2.20E-02
rs2153977
chr1
114080071
C
T
2.27E-02
rs2542151
chr18
12779947
G
T
2.36E-02
rs2903692
chr16
11238783
G
A
2.49E-02
rs1270942
chr6
31918860
A
G
2.55E-02
rs743777
chr22
37551607
A
G
2.62E-02
rs3184504
chr12
111884608
T
G
2.68E-02
rs10137082
chr14
23840033
C
T
2.74E-02
rs3024505
chr1
206939904
G
A
2.84E-02
rs3788013
chr21
43841328
C
A
3.03E-02
rs7804356
chr7
26891665
T
C
3.97E-02
rs10786436
chr10
100300182
C
T
4.15E-02
rs614226
chr12
120974510
C
T
4.78E-02
rs71597855
chr4
54656437
G
A
4.80E-02
rs10517086
chr4
26085511
G
A
4.86E-02
rs550448
chr7
28229042
G
A
4.87E-02
rs10186458
chr2
20598510
A
C
4.93E-02
A summary of the functional prediction of the 113 significant T1D eQTLs using the sequence-based deep
learning-based sequence analyzer─DeepSEA (Zhou and Troyanskaya, 2015). The algorithm integrates a
training set of genome-wide chromatin profiles based on the Roadmap Epigenomics and ENCODE datasets
(Dunham et al., 2012; Kundaje et al., 2015). The functional significance score <0.05 is considered significant
for annotating SNPs within predicted chromatin effects and evolutionary conservation features (Zhou and
Troyanskaya, 2015). The full set of functional prediction scores (for all 180 SNPs associated with T1D) is
available in Appendices: Supplementary Table 3-4.

Web-based Gene Ontology (http://www.geneontology.org/) and the Reactome Pathway
(https://reactome.org/) databases were used to annotate the 246 spatially regulated genes
(i.e. both cis- and trans-eGenes) for biological and functional enrichment. The eGenes were
significantly enriched for biological processes and canonical pathways associated with
antigen processing and presentation; immune-cell activation (T lymphocytes activity);
programmed death signalling; and cytokine signalling (FDR <0.05) (Table 3-4). Therefore, I
contend that T1D SNPs modify the expression of genes that are interconnected (directly or
indirectly) through networks that form part of immune system pathways (adaptive immune
signalling, and immune-cell proliferation and activation). This conclusion agrees with
previous observations (Newman et al., 2017; Ram and Morahan, 2017), but does not
unequivocally prove that variations in these pathways directly contribute to the aetiology of
T1D.
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Table 3-4 Gene ontologies and pathways enrichment for T1D-eGenes
*Gene Ontologies
(biological process enrichment)
antigen processing and presentation (GO:0019882)
regulation of immune response (GO:0050776)
antigen processing and presentation of exogenous antigen (GO:0019884)
regulation of T cell activation (GO:0050863)
positive regulation of leukocyte cell-cell adhesion (GO:1903039)
cell surface receptor signalling pathway (GO:0007166)
regulation of lymphocyte activation (GO:0051249)
response to stimulus (GO:0050896)
interferon-gamma-mediated signalling pathway (GO:0060333)
regulation of mononuclear cell proliferation (GO:0032944)
**Reactome pathways enrichment

Genes

FDR

18
35
14
18
15
52
19
122
7
10
Entities
found¶
18

8.86E-07
2.14E-05
5.55E-05
6.38E-05
6.51E-05
2.31E-04
1.05E-03
2.19E-03
8.37E-03
2.63E-02
FDR

Translocation of ZAP-70 to immunological synapse
2.43E-14
(R-HSA-202430)
Phosphorylation of CD3 and TCR zeta chains (R-HSA-202427)
18
2.43E-14
Generation of second messenger molecules (R-HSA-202433)
19
2.43E-14
PD-1 signalling (R-HSA-389948)
18
2.43E-14
Co-stimulation by the CD28 family (R-HSA-388841)
20
1.04E-11
MHC class II antigen presentation (R-HSA-2132295)
23
3.16E-11
Downstream TCR signalling (R-HSA-202424)
21
7.08E-11
TCR signalling (R-HSA-202403)
22
1.65E-10
Interferon gamma signalling (R-HSA-877300)
27
8.26E-10
Interferon signalling (R-HSA-913531)
29
5.58E-07
*Significant gene ontologies (biological process) and **Reactome pathways for genes regulated by T1D eQTLs
were derived from http://www.geneontology.org/ and Reactome Pathway Database (version 64,
https://reactome.org/) respectively, (FDR < 0.05) (Ashburner et al., 2000; Carbon et al., 2017; Croft et al.,
2014; Fabregat et al., 2018). ¶The number of mapped identifiers corresponding to the pathway for the selected
molecular type. PD-1 – programmed cell death protein-1; TCR – T-cell receptor; ZAP-70 – Zeta-chainassociated protein kinase 70; MHC – major histocompatibility complex. A complete summary of gene
ontologies and pathway enrichments is available in Appendices: Supplementary Table 3-5.

3.3.2 T1D-associated SNPs across the HLA locus affect transcript levels
of genes in cis and trans
There is a possibility that the T1D SNPs located across the HLA locus are associated
with the transcript levels of multiple genes or that they combine to regulate the expression
of a single strong risk allele. To distinguish between these two possibilities, the linkage
disequilibrium (LD) profile for the HLA based genetic variants (11 SNPs) was examined
using data from individuals from European ancestry (CEU). A maximal linkage value of
R2≤0.6 was observed (Figure 3-2a). Since an R2>0.8 is generally accepted as indicating robust
linkage (Smith, 2005), the observed relatively weak linkage (R2≤0.6) between SNPs is
suggestive of T1D SNPs contributing to the development of disease independently.
However, even within the observed low levels of LD, it is notable that there are two
predominant examples of long-distance LD between rs1980493-rs1270942 and rs1270942rs2647044/rs1980493-rs2647044 (Figure 3-2a). Long-distance LD has been characterised
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across the human genome and hypothesised to be associated with gene regulation (Koch et
al., 2013).
The role of genome structure in gene regulation is widely considered to be represented in
the local chromosome structure observed within topologically associating domains (TADs)
(Rao et al., 2014; Schmitt et al., 2016b). Therefore, the positioning of HLA eQTLs with
respect to TADs and local chromatin structure was determined within the human
lymphoblastoid cell line GM12878 at 10kb resolution (Figure 3-2b). The GM12878
lymphoblastoid cell line was used to examine the three-dimensional genome architecture
because of its dense contact map that contains approximately 4.9 billion contacts (Rao et al.,
2014). Significant eQTLs involving rs2523989, rs886424, rs2251396, rs2857595, rs1980493,
rs1015166, rs1270942, and rs9268645 were observed to occur within TADs located across
the HLA class I, II, and III regions (Figure 3-2b).
Genetic variant rs1270942 was located at, or in close proximity to, the TAD boundary
(Figure 3-2b) and was observed to spatially regulate the expression of genes in both the HLA
class I and II regions. Interestingly, rs1270942 was predicted to be regulatory (DeepSEA)
(Table 3-3). DeepSEA (Table 3-3) did not predict SNP rs9268645 to be a regulatory SNP.
However, rs9268645 falls in a boundary region and is an eQTL for HLA-DRB1, whose
expression has been reported to involve regulation by CCCTC-binding factor (CTCF)
through long-distance chromatin looping (Majumder et al., 2008). As such, this suggests that
rs9268645 regulates the transcript levels of HLA-DRB1 through the disruption of the TAD
architecture.
Three SNPs within the HLA region (rs2524054, rs9272346, and rs2647044) were not
found to be involved in eQTLs in our analysis (Figure 3-2b). None of these SNPs
(rs2524054, rs9272346, and rs2647044) was predicted to have functional regulatory roles
using DeepSEA algorithm (Appendices: Supplementary Table 3-3). Notably, rs9272346 and
rs2524054 fall within coding regions, while rs2647044 is intergenic. This indicates that there
are other mechanisms through which these genetic variants contribute to T1D development.
Collectively, these findings are consistent with a) T1D SNPs within proximal and distal
regulatory regions directly affecting expression (i.e. transcript levels) within and outside of
the HLA locus, and b) interactions between functional SNPs and gene regulatory elements
being associated with inheritance (i.e. long-distance LD).

60

61

Figure 3-2 T1D-associated variants along the HLA locus affect gene expression within and outside
of the locus.
(a) Linkage disequilibrium (LD) plots of T1D SNPs along the HLA locus amongst people with Western
European ancestry (CEU). The squares within the heat map represent the LD (R2) value between every two
variants. The weak LD (R2 ≤ 0·6) indicates that SNPs are infrequently co-inherited and contribute to disease
development independently. SNPs with significant eQTLs are represented by black marks (FDR < 0·05). (b)
An interaction frequency heat map of intra-chromosomal contacts across the HLA locus (~4Mb) captured in
the human lymphoblastoid cell line GM12878 at 10kb resolution(Rao et al., 2014). The heat map colour
represents the levels of normalised interaction frequencies, and triangles illustrate topological association
domains (TADs). SNPs marked with black and red marks denote significant and non-significant eQTLs,
respectively (FDR < 0·05). Loops (lines with arrows) represent interactions between SNPs and genes that are
associated with differential expression. Green arrows heads denoted direction of the regulatory effect. The two
black arrows point to the relative positions of variants rs9268645 and rs1270942 located at or in close proximity
to the TAD boundaries. The illustrated gene map is as in Figure 3-1 (B). The pairwise LD correlations for
SNPs were obtained from https://ldlink.nci.nih.gov/. Hi-C interaction frequency heat maps were plotted at
http://kobic.kr/3div/ (Yang et al., 2018).
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3.3.3 Expression QTLs contribute to tissue-specific effects

in

autoimmune T1D
Here, I hypothesised that disease-relevant biological processes are fundamentally
dependent on mRNA levels, with the cross-tissue variability of gene expression providing
an important avenue for understanding disease aetiology. Therefore, T1D-associated eQTLs
were analysed for their tissue-specific contributions across multiple tissues. Consistent with
the hypothesis, eQTL effects were distributed differently across human tissues (Figure 3-3;
Figure 3-4a). Tibial artery and lower leg skin tissues have been linked to peripheral arterial
disease in diabetic patients (American Diabetes Association, 2003; Thiruvoipati, 2015). Tibial
artery, lower leg skin, and whole blood were observed to have the highest proportion; while
brain substantia nigra tissue displayed the lowest proportion of eQTLs (Figure 3-3).
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Figure 3-3 The distribution of functional eQTL-eGene interactions for T1D SNPs across human
tissues.
The graph shows the proportions of functional eQTL-eGene interactions across tissues (x-axis) in comparison
to the number of GTEx tissue samples (circles). The enrichment of eGenes in tissues and cell types, such as
whole blood, pancreas, thyroid, adipose, and skeletal muscle strongly suggests that T1D SNPs in regulatory
regions have tissue-specific effects as many regulatory regions have also been reported to act in a tissue-specific
manner (e.g. (Ernst et al., 2011)). The relationship between genetic variation, gene expression, and T1D
phenotype does not correspond directly to the number of tissue samples in the GTEx database. Genes
expressed at >1.0 Read(s) Per Kilobase of transcript per Million mapped (RPKM) were included in this analysis
(GTEx version 7).
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The proportions of HLA and non-HLA associated eQTLs were compared across
different tissues, which identified two tissue groups (group 1 and 2) that were located one
SD from the mean (HLA: total eQTL percentage of 28.16 ± 8.79) (Figure 3-4b). Analysis of
the eGenes within these groups, using Reactome pathways database, identified biological
enrichment within antigen presentation, programmed cell death signalling, T-cell receptor
signalling, and interferon-gamma signalling) for both groups of tissues (FDR < 0.05; Figure
3-4c). The identification of changes in transcript levels involved in immune activation,
signalling and response pathways in tissues that are not traditionally associated with T1D
pathology is notable. This may indicate that dysregulation of the immune-associated signals
within these tissues contributes to the onset or development of T1D. Collectively, the
observed cross-tissue concordance for T1D-associated eQTL effects (either HLA or nonHLA associated; Figure 3-4b) is consistent with multiple tissues and specific biological
pathways impacting on T1D progression (Mei et al., 2017).
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Figure 3-4 T1D-associated eQTL effects are tissue-specific.
(a) T1D-associated eQTLs are differentially distributed across human tissues. The relative proportions of HLA
and non-HLA associated eQTLs epitomize the differential distribution in different tissues. A complete
summary of all GTEx tissues with significant eQTLs (FDR < 0.05) is presented in Figure 2-4. (b) The relative
contributions of HLA associated T1D eQTLs to tissue-specific effects. The relative contribution was calculated
(HLA: total eQTLs for a tissue expressed as a percentage). The mean HLA contribution was 28.16 ± 8.79%.
(c) eGenes within tissues with high or low HLA contributions (i.e. +/- 1 S.D. from the mean) were enriched
for biological pathways associated with immune pathways. Biological pathway enrichment was performed using
the Reactome pathways database (Fabregat et al., 2018), with significant (FDR < 0.05) for immune response
pathways.
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3.4. Discussion
The aetiology of T1D is hypothesised to involve T cell-mediated destruction of the
insulin-producing pancreatic islet beta cells, leading to complete insulin loss (Insel et al.,
2015). The integration of genetic variation, 3D genome organization and functional analyses
(eQTLs) has facilitated the characterisation of the downstream effects of SNPs associated
with T1D. The findings presented here identify overlapping regulatory networks that
contribute to adaptive immune signalling, immune-cell proliferation and activation in a
tissue-specific manner. As such, I contend that the integration of mixed ‘omics’ datasets into
the functional interpretation of T1D SNPs has identified key pathways and tissue-specific
functional genetic loads that represent high priority targets for clinical investigations into the
developmental windows and effects that contribute to T1D.
My analyses identified associative functional effects of T1D SNPs obtained from GWA
studies in the regulation of tissue-specific expression of target genes either through cis- or
trans-interactions. Importantly, Hi-C interaction patterns captured from cells demonstrate
permissible contacts that can occur at a detectable frequency across populations of cells in
human tissues (Nagano et al., 2013). Moreover, it is widely recognised that TADs captured
in cell lines, and lineages are highly conserved (Dixon et al., 2015). Therefore, I contend that
the high-resolution Hi-C data from the immortalised human cell lines, i.e. derived from (Rao
et al., 2014), represents interactions that can form within the human genome in different
tissues. However, a potential limitation of this study is that it is not possible to identify all
potential chromatin interactions across cell types, which means that there is a possibility that
several tissue-specific chromatin interactions may be missing. As such, future work should
integrate tissue and developmental stage-specific chromatin architecture into analyses to
identify all possible interactions.
CoDeS3D does not take into account the linkage disequilibrium of genetic variants.
Rather, the resolution is based on the interactions that the restriction fragments were
captured in the Hi-C experiments that determine genome organization. Moreover, analyses
by CoDeS3D do not designate the tested SNPs as being causal, as other SNPs located within
the same restriction fragment are not separable using the algorithm (Fadason et al., 2017,
2018). Nevertheless, if strongly linked SNPs are located on different restriction fragments,
then their effects are separable as the characterisation of the eQTLs is dependent upon the
genes that the restriction enzymes were captured interacting within the nucleus.
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Not all eQTLs identified by CoDeS3D were predicted as regulatory by the DeepSEA
machine-learning algorithm. It is plausible that the 25 ‘functional’ SNPs predicted by
DeepSEA overlap putative gene regulatory regions (i.e. enhancers or transcription binding
sites), while the 88 ‘non-functional’ SNPs are in LD with a regulatory locus within a genomic
restriction fragment. Moreover, the 17 SNPs that DeepSEA predicted to be ‘functional’ from
within the set of 70 non-significant eQTLs indicates that: a) not all tissue- and cell-specific
chromatin states are represented in the CoDeS3D analysis; b) there could be an inherent
machine bias due to the population structure of genomic data; and c) the eQTLs within
GTEx do not represent all of the developmental stages that are relevant to T1D.
Allelic variations in antigen presentation mediated by the HLA locus promote the
development of autoimmune disease (Raj et al., 2016a). The low levels of LD observed for
the eQTLs within the HLA region indicates that these T1D SNPs contribute to the
development of disease independently as they are rarely co-inherited. This is consistent with
(Barcellos et al., 2009), who identified the existence of multiple, independent disease
susceptibility regions within the HLA locus. However, there are notable examples of multiple
susceptibility loci within HLA haplotypes combining to influence T1D risk through coregulation. It remains to be determined if the T1D SNPs within the HLA locus disrupt the
coordinated chromatin configuration (Raj et al., 2016a). However, long-distance regulation
involving regulatory loci at TAD boundaries in the HLA locus has been observed previously
(Majumder and Boss, 2010; Majumder et al., 2008). Future work should use clustered
regularly interspaced short palindromic repeats and CRISPR-associated protein 9 (CRISPRCas9) (Sander and Joung, 2014), transcription activator-like effector nucleases (TALENs)
(Nakade et al., 2014), or Degron-based strategies (Guharoy et al., 2016) to empirically
confirm the mechanisms by which genetic variations at these loci results in transcriptional
changes in order to enable the development of targeted therapeutic or prognostic
approaches.
Studies have identified the HLA class II region as a recombination hotspot, resulting in a
disrupted LD pattern for a region that is known to exhibit robust linkage (Crawford et al.,
2004; Miretti et al., 2005). Population history (i.e. genetic drift), chromosomal recombination
activity, and selective pressure could potentially explain the observed long-range LD across
the class III – class II HLA regions (Miretti et al., 2005). Therefore, understanding the coinheritance of the eQTL-eGene pairs will provide fundamental insights into the associated
protection and susceptibility for particular HLA haplotypes in T1D development across
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different populations (Cucca et al., 2001). This will be particularly relevant in populations
that are undergoing relatively rapid and high levels of genetic admixture.
Expression QTL mapping studies on T1D have focused on cell-specific effects in
immune cell types (e.g. (Kasela et al., 2017; Ram and Morahan, 2017)). This approach is based
on the assumption that these cell-types are critical to understanding the development and
pathology of T1D. Moreover, it has been demonstrated that genetic variants associated with
T1D are enriched within enhancer sequences of active CD34+ stem cells, T and B
lymphocytes, and the thymus gland (Onengut-Gumuscu et al., 2015). Notably, the present
study integrates Hi-C (i.e. enhancer-promoter interactions) with tissue eQTL data, which
implicates dysregulated immune signalling and responses in tissues (i.e. adipose and uterine)
that are traditionally not considered central to the molecular aetiology of T1D. Interestingly,
adipose tissue has been hypothesised to play a role in antigen presentation and modulation
of T cells (Huh et al., 2014), while the high functional genetic load of HLA-associated eQTLs
observed in the uterine tissue could reflect the unique immune status of this tissue in the
development of gestational diabetes (Binder et al., 2015). Therefore, identifying the
developmental windows and how the functional genetic loads within these non-traditional
tissues contribute to dysregulated immune activity in T1D will be important in uncovering
the trigger(s) for and developmental program of T1D.
The enrichment of T1D-associated cis- and trans-eGenes within immune response
pathways that include antigen presentation; T lymphocytes and B cell activity; receptor
signalling complex; and scaffold activity may explain a component of their contribution to
the pathogenesis of T1D. For example, the BTN3A2 gene product plays an essential role in
T-cell responses in the adaptive immune response by inhibiting the release of interferongamma (IFN-γ) from activated T-cells (Messal et al., 2011). Aberrant expression of IFN-γ is
associated with a pathogenic role in T1D (Bazzaz et al., 2014). Therefore, it was significant
that BTN3A2 transcript levels were associated with a spatial trans-eQTL (i.e. rs886424) in 32
tissues.
Furthermore,

the

NUP93[rs12708716],

associative

role

of

HLA-E[rs614226],

eQTLs

in

the

trans-regulation

HLA-DPA1[rs924043],

and

(i.e.

HLA-

DQB2[rs2251396]) and cis-regulation (i.e. TRIM26[rs2523989] and TYK2[rs2304256]) of
genes within the interferon signalling pathways raises the possibility that changes in the distal
regulation of genes within pathways contribute to disease pathogenesis. The observed transregulation of the ARHGAP42 gene (a member of the Rho GTPase activating proteins) by
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rs3184504 in EBV-transformed lymphocytes demonstrates that trans-interactions can
contribute to a cell type-specific regulatory mechanism. Interestingly, Fairfax et al.
demonstrated a monocyte-specific trans-association of ARHGAP24 gene with the
DRB1*04, *07 and *09 alleles (Fairfax et al., 2012). Notably, these DRB1 alleles are
associated with the expression of HLA-DRB4, which encodes the DR53 super-antigen
involved in autoimmune disease progression (Heldt et al., 2003).
The SORBS1 gene (a trans-eGene for rs1326934) was differentially upregulated in the
oesophageal mucosa tissue. The SORBS1 gene product, sorbin, is involved in insulin
function (i.e. signalling and stimulation) and has been implicated in insulin resistance and the
pathogenesis of diabetic nephropathy (Germain et al., 2015; Lin et al., 2001). Moreover, the
association between rs3825932 and the upregulation of CTSH (i.e. a lysosomal cathepsin
protease) in the pancreas and liver tissues complements a known regulatory role for the
protease in beta cell function (Fløyel et al., 2014). Specifically, overexpression of CTSH in
the insulin-secreting beta cell line (INS-1) has been shown to decrease cytokine-induced
apoptosis (Fløyel et al., 2014). CTSH has also been implicated in the regulation of insulin
transcription and as a key regulator of beta cell function during disease progression in
children with recent-onset T1D (Fløyel et al., 2014).
Lastly, it is notable that CAMTA1 was trans-regulated by rs602662 within the pancreas.
The CAMTA1 gene product has been demonstrated to play an integral role in the regulation
of microRNA profiles (i.e. miR-212/miR-132) and beta cell function, with the differential
expression of CAMTA1 implicated in the pathogenesis of diabetes (Mollet et al., 2016).
Collectively, the results from this study are consistent with trans- and cis-regulatory elements,
located at or surrounding T1D SNPs, acting to control previously unrecognised networks of
genes that: a) modulate the immune response; and b) affect pancreatic beta cell function and
survival. Therefore, I contend that these spatial-regulatory networks are fundamental to
understanding the mechanisms and therapeutic approaches to T1D.
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3.4.1 Conclusion
I hypothesize that immune-regulatory mechanisms operate within tolerance ranges, and
if not properly regulated, they can promote autoimmune reactions. It is therefore intriguing
that T1D SNPs spatially contribute to distinct overlapping regulatory networks that have the
potential to modify the development of the autoimmune phenotype. Notably, the direct and
indirect interconnectivity of the T1D-associated eQTLs means that they are capable of
influencing the expression of immune response genes in tissue and cell type-specific manner.
Untangling these effects requires empirical studies that incorporate eQTL analyses within
precision approaches that illuminate the genetic basis of individual immunological responses.
These studies should also refine the mapping strategy for the identification of the regulatory
connections by extending the Hi-C data to include additional tissue and developmental-stage
relevant maps of genomic organization.
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Chapter 4.
Machine Learning Identifies the Lung as a
Susceptible Site for Allele-specific Regulatory
Changes Associated with Risk for Type 1 Diabetes
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4.1. Background
Type 1 diabetes (T1D) is characterized by immune-mediated destruction of insulinproducing pancreatic beta cells leading to loss of insulin production and hyperglycemia.
Population level data has enabled genome-wide association studies (GWAS) that have
identified ~60 genetic loci that are associated with the risk of developing T1D (OnengutGumuscu et al., 2015). In addition to the GWAS studies, a number of highly phenotyped
prospective birth cohort studies have investigated potential early determinants of T1D risk
(Hummel and Ziegler, 2011; Krischer et al., 2017; Rewers et al., 1996). Notably, the transition
from genetic risk to T1D onset is hypothesized to require an environmental trigger event,
such as infection, in those individuals who go on to develop the disorder (Eisenbarth, 1986).
However, the mechanisms responsible for this transition remain poorly characterized,
limiting strategies for optimizing treatment and furthering therapeutic development.
One hindrance to characterizing the genetic mechanisms responsible for T1D
development is that the majority of SNPs are within intergenic regions of the genome.
Previously, we used information on the spatial organization of the genome (captured by HiC) to identify the tissue-specific gene regulatory impacts (i.e. eQTLs) of SNPs associated
with T1D (Nyaga et al., 2018b). Consistent with our understanding of T1D pathology, we
reported that the differentially expressed genes were enriched for immune activation and
response pathways (Nyaga et al., 2018b). However, we did not investigate which specific
eQTLs were responsible for conversion of risk to pathology.
Polygenic risk scores (PRSs; also referred to as genetic risk scores) explain which SNP
associations are specifically responsible for increased T1D risk, using the cumulative genetic
burden across an individual’s genome. Previously, PRS has been used to improve the
prediction of islet autoantibodies and diabetes development, and the identification of young
adults at risk of severe insulin deficiency (Bonifacio et al., 2018; Oram et al., 2016; Sharp et
al., 2019). However, improvements to PRS by incorporation of machine learning offers
increased predictive abilities by integrating multiple levels of biological data to detect
clinically relevant patterns of disease development (Treff et al., 2019). Thus, we reasoned
that machine learning of weighted tissue-specific-expression scores for T1D-associated
variants, for individual case and control genomes, would enable the identification of the
tissue-specific therapeutic targets that make the greatest contributions to the conversion of
genetic risk to the development of T1D pathology.
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In this study, I characterised the gene regulatory networks through which SNPs associated
with the age-at-onset of T1D contribute to the age- and tissue-dependent development of
disease using primary pancreatic and splenic tissue Hi-C and immortalised cells Hi-C data. I
also investigated the overlapping regulatory impacts of T1D SNPs between immune celltypes and multiple human tissues that included the pancreas. Finally, the logistic lasso
regression developed by Daniel Ho was applied on T1D case and control genotypes from
the Wellcome Trust Case Control Consortium (WTCCC) and UK Biobank (UKBB) to
identify transcriptional changes in the lung involving CTLA4 and AP4B1-AS1 genes as the
greatest contributors for the conversion of the genetic risk in the development of T1D.
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4.2. Methods
4.2.1 Identification of genetic variants associated with the development
of T1D
In total, 313 genotyped and imputed SNPs associated with T1D, and those associated
with time-to-event development of islet autoimmunity and T1D, were retrieved from the
GWAS catalogue (www.ebi.ac.uk/gwas, downloaded February 8, 2019; p-value < 5.0 x 10-6),
prospective studies (Bonifacio et al., 2011; Frederiksen et al., 2013; Sharma et al., 2018; Steck
et al., 2014), TrialNet PTP cohort (Steck et al., 2017), adult-onset (Howson et al., 2011), and
GRS prediction studies (Bonifacio et al., 2018; Oram et al., 2016; Sharp et al., 2019)
(Appendices: Supplementary Table 4-1). All genomic positions for SNPs are annotated
according to reference human genome hg19/GRChr37.

4.2.2 Identification of SNP-gene pairs and eQTL associations across
human tissues
The Contextualizing Developmental SNPs using 3D information (CoDeS3D) algorithm
(Fadason et al., 2018) was used to identify genes that physically interact with loci marked by
the T1D SNPs. Briefly, the CoDeS3D modular python scripts integrate Hi-C contact
libraries from published sources (Appendices: Supplementary Table 4-2) to identify spatial
co-localization of two DNA fragments, with one fragment marking the queried SNP. Genecontaining restricted fragments that are in physical contact with fragments containing the
queried SNPs are identified as spatial pairs to the SNPs. Finally, the resultant spatial SNPgene pairs are queried in the Genotype-Tissue Expression database (GTEx) to identify SNPs
that are associated with transcript levels of genes through physical interaction at FDR < 0.05
(Fadason et al., 2018).
In the present study, spatial interactions were identified in Hi-C chromatin contact
libraries captured from: 1) immortalized cell lines that represent the embryonic germ layers
(i.e. HUVEC, NHEK, HeLa, HMEC, IMR90, KBM7, and K562); 2) B-cell derived
lymphoblastoid cell line (GM12878); and 3) primary human tissues (i.e. spleen and pancreas)
(Appendices: Supplementary Table 4-2). The regulatory potential of the spatial connections
was identified by incorporating eQTL information from 44 human tissues (Genotype-Tissue
Expression database [GTEx] v7; www.gtexportal.org) (Aguet et al., 2017). Spatial eQTLs
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were deemed significant and recorded if the q < 0.05 after correcting for multiple testing
using the BH procedure (Benjamini and Hochberg, 1995). Finally, genes whose transcript
levels were associated with a spatial-eQTL were denoted as eGenes. The eQTL-eGene
interactions were defined as either: cis, the eQTL and eGene are separated by a linear distance
of <1Mb on the same chromosome; or trans, eQTLs and their eGenes were separated by
>1Mb on the same chromosome or located on different chromosomes. Genomic positions
for eGenes derived from GTEx are annotated according to hg19/GRChr37 genome build.

4.2.3 Pathway analysis and functional annotation of differentially
expressed genes
R software package (gprofiler2) was used to analyse significant eGenes for enrichment
(p<0.05) within biological pathways (Raudvere et al., 2019). PubTator Central was used for
manual literature curation to assess the functional implications of specific eGenes in the
pathogenesis of T1D (Wei et al., 2019).

4.2.4 Confirmation of T1D eQTLs in immune cells
Cis-acting eQTLs that were identified in whole blood (GTEx) were screened for effects
on transcript level changes within the database of immune cell expression, expression
quantitative trait loci (eQTLs), and epigenomics (DICE; https://dice-database.org/)
(Schmiedel et al., 2018). Expression QTLs that achieved a significant threshold of association
(FDR < 0.05) were confirmed as cis-eQTLs in the 13 immune cell types and under the two
activation conditions.

4.2.5 Genotype imputation
(Daniel Ho developed the machine learning algorithm, wrote sections 4.2.5 – 4.2.9
and generated figures 4-7 and 4-8)
Genotypes from T1D cases (n=2000) and controls (n=3000) were obtained from the
Wellcome Trust Case Control Consortium (WTCCC) (Burton et al., 2007). SNPs within
individual genotypes were converted to rsIDs and genomic positions mapped (GRCh37,
hg19). PLINK (v1.90b6.2, 64-bit) was used for quality control. Genotypes were cleaned
using the Method-of-moments F coefficient estimate to remove homozygosity outliers
(0.025 < F values < -0.04). Related individuals were identified and removed using proportion
IBD (PI_HAT > 0.08). Ancestry outliers (i.e. identified by principal component analysis
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[PCA] plotting), individuals with sex genotype errors (i.e. identified by PLINK), or
individuals with missing genotype data (i.e. missing rate > 5%) were also removed. Finally,
SNPs that were not in Hardy-Weinberg Equilibrium (p < 10-6) or had a minor allele
frequency < 1% were removed before SNP data imputation (Sanger imputation server;
https://imputation.sanger.ac.uk) (McCarthy et al., 2016). Following imputation, the T1D
genotype data was cleaned to remove SNPs with an: impute2 score < 0.3; missing data rate
> 5%; or a minor allele frequency < 1%.

4.2.6 Creation of a weighted WTCCC genotype T1D-eQTL matrix
The machine learning only used SNPs (quantified or imputed) that did not have any
missing 336 data across the cohort and thus were present within each of the genotypes that
were used. From the total 313 T1D SNPs included in the study, 253 SNPs were present
within each of the WTCCC genotypes. Of these 253 T1D SNPs, 224 had detectable eQTLs,
connecting to 758 eGenes (6307 tissue-specific eQTL effects). The tissue-specific eQTL
normalized effect size for each T1D-associated SNP within the imputed WTCCC genotypes
was extracted from the GTEx eQTL summary table of significant eQTLs (Appendices:
Supplementary Table 4-3). The normalized effect size for each tissue-specific eQTL was
weighted by the number of alternative alleles at the eQTL SNP position in each individual’s
genome. The 30 T1D-associated SNPs that were not eQTLs, were unweighted, using solely
SNP allele count from the imputed genotype.

4.2.7 Generation, training and validation of the regularised logistic
regression models
In order to identify the optimized predictor model parameters, the weighted WTCCC
genotype T1D eQTL matrix was randomly split (80:20) into two groups that contained case
and control genotype data for model training and validation. The Mann-Whitney U
test(Vogt, 2015) (tsfresh version 0.12.0 (Christ et al., 2018)) was used to select the individual
feature columns within the 80% training dataset that were the most relevant attributes for
predicting the T1D status (i.e. the relevant subset; FDR = 0.2) (Reiner et al., 2003). The
relevant subset was then used to train a multiple logistic algorithm (Scikit-learn version
0.21.3; (Abraham et al., 2014)) implemented with elastic net regularization using the SAGA
solver to predict T1D disease status. Training was optimized using a Grid Search algorithm
with 10-fold cross-validation to identify the best predictor with the optimised parameters
(model 1). Hence, model 1 was created from 80% of the data with the optimised parameters
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(hyperparameters: C=1, l1_ratio=1, max_iter=500, penalty='elasticnet‘, random_state=1,
solver='saga‘).
Prediction performance (measured by area under the curve [AUC]) for model 1 was tested
using the relevant subset from within the 20% validation dataset. The optimal
hyperparameter l1_ratio=1 effectively reduces the elastic net regularization to a lasso
regularization. We used Elastic net regularisation and found via hyperparameter optimization
that the limit case of lasso regularization was the most performant. To calculate a measure
of the variation in AUCs of the modelling with the optimised parameters; we undertook ten
repeats of 5-fold cross-validation of model generation and validation using the Scikit-learn
RepeatedKFold algorithm (Abraham et al., 2014), starting with the random generation of
the 80:20 training:validation data sets and without Grid Search optimisation.

4.2.8 Calculation of tissue-specific contributions to T1D risk
The 50 T1D logistic lasso regression predictors created from the 10 repeats of 5-fold
cross-validation were used to test the predictive power of tissue-specific eQTL effects on
individual genotype risk scores. Tissue-specific contributions to the T1D risk were extracted
from each predictor as the sum of the absolute values of the weights associated with each
tissue.

4.2.9 Validation of the importance of the lung eQTLs in UK Biobank
data (model 2)
A second model was created and trained using the full WTCCC training dataset with the
optimised parameters. This model did not use the 80:20 split that was used in model 1. The
predictor was then validated using 30 cohorts of 993 individual samples (415 cases and 578
controls) derived from the UK Biobank.
The 415 cases were selected, using a modification of Sharp et al. (Sharp et al., 2019), from
the UK Biobank imputed (487,411 individual samples) BGEN format dataset using the
following criteria:
1. European Caucasian by genetic clustering methods
2. Clinical diagnosis of diabetes at ≤ 20 years of age
3. On insulin within 1 year from the time of diagnosis
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4. Still on insulin at the time of recruitment
5. Never self-report as having type 2 diabetes (T2D)
6. All SNPs included in the model 2 predictor were present within each individual
imputed genotypes
The 578 control individual samples, without missing data for any of the SNPs included
in the model 2 predictor, were randomly selected from the healthy controls within the UK
Biobank data for each of the 30 test datasets. The genotype data for the 993 case and control
UK Biobank samples in each test dataset was used to build a weighted eQTL-genotype
matrix as outlined for model 1.

4.2.10 Data analysis
All statistical testing was performed using R software (version v3.6.3) (R Core Team,
2014), Scikit-learn (version 0.21.3) (Abraham et al., 2014), tsfresh (version 0.12.0) (Christ et
al., 2018), and pymc3 (version 3.8) (Salvatier et al., 2016).
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4.3. Results
4.3.1 T1D SNPs impact an extensive gene regulatory network
The methodology used for the characterisation of the regulatory networks for T1D SNPs
is summarised in (Figure 4-1). Briefly, CoDeS3D (Fadason et al., 2018) algorithm was used
to analyse 313 genotyped and imputed T1D SNPs (Appendices: Supplementary Table 4-1)
using Hi-C chromatin contact libraries (Appendices: Supplementary Table 4-2) and tissue
eQTL data from GTEx (Methods). I identified spatial eQTLs to 822 genes (FDR; q<0.05),
which form 1479 tissue-specific spatial eQTL-eGene associations (Table 4-1; Appendices:
Supplementary Table 4-3). As expected from our previous study (Nyaga et al., 2018b), the
genes whose transcript levels are differentially affected by T1D associated eQTLs were
enriched for immune activation and response pathways (Appendices: Supplementary Table
4-4).
Notably, of the 256 T1D-associated SNPs with spatial-eQTLs, 190 were marked as
regulating 361 genes in trans, while 201 eQTLs affected the cis-regulation of 493 genes. Some
genes (n=32) were regulated by different eQTLs both in cis and trans (e.g. TRIM26, RNF5,
PSMB9, and NOTCH4) (Appendices: Supplementary Table 4-3). Approximately 3% of the
SNPs analysed are annotated as exonic (i.e. missense and frameshift variants), with ~13%
annotated as regulatory SNPs (i.e. overlapping promoters, transcription factors and
enhancers) by the Ensembl Variant Effect Predictor (VEP (McLaren et al., 2016); Figure 42a). Additionally, the identified trans-regulated genes (e.g. FOXP1, CAMTA1, and ROBO2)
are less tolerant of inactivating mutations (Figure 4-2b; Appendices: Supplementary Table 45). Collectively, the integration of genome organisation and eQTL data I undertook
identified 256 putative gene regulatory regions marked by T1D SNPs.
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Figure 4-1 Study overview.
Elucidating the regulatory effects of genetic variants associated with the development of T1D.

Table 4-1 Summary of the gene regulatory networks for T1D-associated SNPs analysed by CoDeS3D
Summary of the CoDe3D analysis
Numbers
o
∂
N . T1D-associated SNPs
313
No. eQTL SNP-gene interactions¶
8004
No. unique eQTL SNP-gene pairs ¶¶
1479
No. unique cis-eQTL SNP-gene pairs†
1069
No. unique trans-eQTL SNP-gene pairs††
410
No. eGenes#
822
∂ Genotyped and imputed T1D-associated genetic variants (SNPs) were identified from the GWAS catalogue
(www.ebi.ac.uk/gwas, downloaded 8th February 2019 [p < 5 × 10−6]), prospective studies, time-to-event studies,
age-at-onset studies, as well as genetic studies developing risk scores for T1D (Barker et al., 2008; Bonifacio et
al., 2018; Frederiksen et al., 2013; Howson et al., 2011; Oram et al., 2016; Sharma et al., 2018; Sharp et al., 2019;
Steck et al., 2017; Thomas et al., 2018). ¶ The total number of spatial interactions between eQTL-SNPs and
gene regulatory regions, FDR ≤ 0.05 in at least one GTEx tissue. ¶¶ Non-redundant significant eQTL SNPgenes pairs (FDR < 0.05). † Cis-eQTL SNPs were defined as occurring in loci <1Mb (FDR < 0.05). †† TranseQTL SNPs were defined as occurring between loci > 1Mb apart, or on different chromosomes (FDR < 0.05).
# eGenes were those expression observed to be affected by an eQTL SNP. SNP, single nucleotide
polymorphism; eQTL, expression quantitative trait loci; eGene, a gene whose expression is associated with an
eQTL. (Appendices: Supplementary Table 4-3).
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Figure 4-2 Annotation of T1D SNPs and loss of function analysis for spatially regulated genes.
(a) A pie chart showing the distribution of associated T1D SNPs in the various genic positions as predicted by
the Ensembl Variant Effect Predictor (VEP) (McLaren et al., 2016). (b) Analyses of the loss of function
intolerance of the genes that are spatially regulated by T1D SNPs using the Genome Aggregation Database
(gnomAD) (Karczewski et al., 2019). Trans-regulated genes are less tolerant of inactivating mutations. No
eQTLs – gnomAD genes with no significant eQTL associations with T1D SNPs; cis – genes with significant
eQTL associations with T1D SNPs < 1 Mb window; trans-intrachromosomal – genes with significant eQTL
associations with T1D SNPs > 1Mb but within the same chromosomes; trans-interchromosomal – genes with
significant eQTL associations with T1D SNPs > 1Mb but on different chromosomes.
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Sharp et al. defined a polygenic risk score (i.e. T1D GRS2), comprising of 67 SNPs that
included imputed and low-odds ratio variants, which could discriminate early-onset T1D
(AUC 0.96) (Sharp et al., 2019). I hypothesised that these SNPs have strong functional
impacts on the induction of islet autoimmunity and progression to T1D, and analysed these
67 predictive SNPs to identify their putative regulatory effects. Spatial eQTLs were identified
for 54 of these 67 SNPs, (Figure 4-3; Appendices: Supplementary Table 4-6), which regulate
the expression of genes important for the aetiology of T1D such as CTLA4, CTSH,
CLECL1, PTEN, NOTCH4, SUOX, HLA-DQB1, HLA-DQA2, HLA-DRB1 (Figure 4-3a,
b). There were significant impacts on HLA gene regulation, associated with regulatory
regions marked by rs9275490 and rs9271346 across the different tissues (Figure 4-3b). This
is consistent with observations that ~50% of the family aggregation of T1D genetic risk is
associated with the HLA locus (Lambert et al., 2004).
Association studies have identified SNPs associated with different age-at-onset of T1D
(Bonifacio et al., 2011; Frederiksen et al., 2013; Howson et al., 2011; Sharma et al., 2018;
Steck et al., 2014). My analyses identified regulatory impacts specific for variants associated
with the age-at-onset across different tissues (Figure 4-4; Appendices: Supplementary Figure
4-1, Supplementary Table 4-7). However, several shared impacts that were common to all
ages of disease onset and included changes to the transcript levels of the HLA class II, TH,
IGF2-AS, and SHANK2 (Figure 4-4d). This finding is consistent with the observed similarity
in the broad disease process across a wide age spectrum, with specific regulatory effects
representing changes associated with the differences in the age-at-diagnosis of disease
(Inshaw et al., 2020).
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Figure 4-3 T1D SNPs used in polygenic risk scores mark spatial gene regulatory regions.
SNPs integrated into the T1D polygenic risk score 2 (T1D-GRS2) by (Sharp et al., 2019) modulate the
expression of genes involved in immune and other cellular functions. Tissue-specific maps are highlighting (a)
non-HLA eGenes and (b) classical and non-classical HLA eGenes that are in eQTL with T1D-GRS2 SNPs.
A summary of the spatial eQTL-eGene associations for T1D-GRS2 SNPs across multiple human tissues is
available in Appendices: Supplementary Table 4-6.
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Figure 4-4 Differentially expressed genes partially distinguish age-at-onset T1D phenotypes.
Genetic variants obtained from prospective studies, i.e. DAISY cohort (a), TEDDY cohort (b), and adultonset T1D (c) are associated with differential expression of genes in an age-specific manner. (d) IGF2-AS,
AP4B1-AS1, SHANK2, TH and HLA class II genes are differentially expressed across tissues regardless of the
age-at-onset of T1D. Genes in (a), (b) and (c) in black shade represent shared genes in at least two but not all
cohort studies. A summary of the eQTL-eGenes associations across GTEx tissues is available in Appendices:
Supplementary Table 4-7.
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4.3.2 Age-at-onset SNPs modulate the expression of common HLA class
II genes
Barker et al. identified rs7454108 and rs2040410 as pinpointing the presence of the highrisk HLA (DR3/4-DQ8) genotype, with 100% specificity and sensitivity within the Diabetes
Autoimmunity Study in the Young (DAISY) cohort (Barker et al., 2008). Adult-onset T1D
also has an HLA component that is marked by rs660895 (Howson et al., 2011). Rs7454108
and rs660895 are separated by 104kb within the MHC locus, are neither in linkage
disequilibrium (LD) nor within the same Hi-C fragments used in the analysis; and both exist
in separate topological associated domains (Figure 4-5a, b). Notably, despite their linear
separation, these SNPs both modulate HLA (-DRB6, -DQA2, -DQB2, -DRB1, -DOB, DQA1, and -DQB1) transcript levels across multiple tissues (Appendices: Supplementary
Table 4-7).
It is impossible to account for immune cell type-specific effects within the GTEx
database as it uses bulk RNA-sequencing data to infer the impacts of SNPs on gene
transcript levels (Marderstein et al., 2020). Therefore, I investigated the cis-regulatory impacts
of rs7454108 and rs660895 across specific immune cell types within the DICE database
(Schmiedel et al., 2018) (Methods). SNP rs7454108 was not represented in DICE (possibly
because the minor allele frequency [MAF] is <0.05). However, rs3957146 is in complete
linkage (r2 = 1 in the CEU 1000 genomes population) with rs7454108, and the two SNPs
are 47 bp apart. Therefore, rs7454108 was replaced in the subsequent analysis with
rs3957146. Rs3957146 and rs660895 impact HLA gene transcript levels (i.e. -DQA1, -DQA2,
-DQB1, -DQB2, -DRB1) within naïve B and T cells, activated CD4 and CD8 T cells, and
monocytes (Table 4-2; Figure 4-5c, d).
Notably, regulatory effects were identified for which both SNPs modulate the expression
of the same gene within the same cell-type, an indication of cooperative effects (Table 4-2).
However, the regulatory element marked by rs3957146 did not have effects on HLA-DQB2
in monocytes and activated T cells, HLA-DQB1 in naïve T cells, and HLA-DRB1 in naïve
CD8 T cells. These findings indicate that genetic variation within the distinct regulatory
regions, marked by rs7454108 and rs660895, disrupts the expression of genes that control
antigen presentation across immune cell types thereby influencing induction of an
autoimmune response regardless of age.
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Figure 4-5 Genetic variants associated with childhood- and adult-onset of T1D along the HLA locus
mark different gene regulatory regions.
(a) Rs660895 and (b) rs7454108 are spatially associated with differential expression of genes encoding cell
surface receptors HLA-DR, and -DQ on antigen-presenting cells. (i) Interaction frequency heat-map of
chromosome 6 in GM12878 lymphoblastic cells at 20kb resolution. The colour of the heat-map indicates the
level of normalised interaction frequencies, and each triangle indicates topological association domain. (ii) Oneto-all interaction plot is shown for rs660895 and rs7454108, respectively as bait. The axes indicate the distancenormalised interaction frequency (dot plot), and bias-removed interaction frequency (blue bar graph), with the
green line illustrating the cut-off for distance-normalised interaction frequency. (iii) An arc-representation of
significant interactions for the cut-off value. (c) Rs660895 modulates the expression of the HLA-DQA2,
HLA-DRB1, HLA-DQB2, and HLA-DQB1-AS1 genes in naïve B and CD4 T cells, activated naïve CD8 T
cells, and classical monocytes, respectively. (d) rs3957146, a variant in complete linkage (r2 = 1) and 47bp apart
with rs7454108, is associated with transcript levels of HLA-DQA2, HLA-DRB1, HLA-DQB2 in naïve B cells,
activated naïve CD8 T cells, classical monocytes, and memory Tregs respectively. eQTL effects across immune
cell types were extracted from the DICE database. Figure parts (a) and (b) were plotted from (Yang et al.,
2018) http://www.3div.kr/hic. A summary of eQTL-eGene associations across multiple immune cell types is
available in Appendices: Supplementary Table 4-8.
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Table 4-2 Overlap between spatial HLA eQTL-eGene associations from whole blood tissue (GTEx)
and immune cell type eQTL-eGene associations from the DICE database
eGene
Immune cell type
Adj. p-value
Effect size
rs3957146
rs660895
rs3957146
rs660895
HLA-DQA1
B cell, naïve
2.80E-04
6.90E-04
-1
-0.73
HLA-DQA2
B cell, naive
1.60E-04
4.10E-09
1
0.96
HLA-DQB2
B cell, naive
2.20E-02
6.60E-03
0.85
0.66
HLA-DRB1
B cell, naive
4.80E-03
9.10E-04
-0.93
-0.72
HLA-DQA2
Monocyte, classical
9.60E-07
3.20E-09
1.2
0.99
HLA-DQB2
Monocyte, classical
7.70E-06
0.84
HLA-DRB1
Monocyte, classical
5.00E-03
9.40E-04
-0.93
-0.72
HLA-DQA2
Monocyte, non-classical
3.50E-06
1.60E-08
1.2
0.96
HLA-DQB2
Monocyte, non-classical
3.60E-05
0.81
HLA-DQA2
NK cell, CD56dim CD16+
1.70E-03
5.70E-05
0.97
0.8
HLA-DQB1
NK cell, CD56dim CD16+
2.60E-02
-0.62
HLA-DQA2
T cell, CD4, memory TREG 3.70E-09
1.30E-11
1.3
1
HLA-DQB2
T cell, CD4, memory TREG 5.30E-03
2.80E-05
0.93
0.82
HLA-DQA2
T cell, CD4, naive
4.90E-02
4.10E-03
0.78
0.66
HLA-DQB1
T cell, CD4, naive
3.10E-02
-0.61
HLA-DRB1
T cell, CD4, naive
8.60E-03
3.70E-03
-0.89
-0.68
HLA-DQA2
T cell, CD4, naive [activated] 3.10E-02
1.10E-04
0.77
0.72
HLA-DQB2
T cell, CD4, naive [activated] 2.30E-05
2.10E-04
1.2
0.78
HLA-DQA2
T cell, CD4, naive TREG
1.10E-02
2.60E-03
0.89
0.7
HLA-DQA2
T cell, CD4, TFH
1.00E-02
1.40E-03
0.82
0.66
HLA-DQA2
T cell, CD4, TH1
1.40E-02
8.70E-04
0.85
0.71
HLA-DQA2
T cell, CD4, TH2
4.30E-06
1.20E-06
1.1
0.84
HLA-DQA2
T cell, CD4, TH17
2.20E-05
6.10E-08
1.1
0.93
HLA-DQA2
T cell, CD8, naive
4.70E-05
1.70E-04
1.1
0.74
HLA-DQB1
T cell, CD8, naïve
2.80E-04
-0.75
HLA-DRB1
T cell, CD8, naive
4.40E-02
-0.58
HLA-DQA2
T cell, CD8, naive [activated] 6.80E-06
4.30E-04
1.1
0.68
HLA-DQB2
T cell, CD8, naive [activated]
2.20E-02
0.63
Significant eQTLs associations were recorded at FDR ≤ 0.05. TREG – regulatory T cells; TH1 – T helper 1
cells; TH2 – T helper 2 cells; TH17 – T helper 17 cells; TFH – T follicular helper cells; red text - NES is upregulated by both elements; blue NES is downregulated by both elements. Gene annotations are according to
GENCODE v19.

4.3.3 Regulatory sites marked by genetic variants within INS -VNTR
spatially regulate IGF2-AS , SHANK2, and TH
The susceptibility region for T1D on chromosome 11p15.5 maps to the variable number
of tandem repeats (INS-VNTR) upstream of INS and IGF2 and is reported to account for
~10% of T1D genetic risk (Metcalfe et al., 2001). Shared regulatory elements are
hypothesised to coordinate the expression of INS, TH, IGF2, and IGF2-AS (Mutskov and
Felsenfeld, 2009). I observed changes in IGF2-AS, SHANK2, and TH transcript levels
associated with rs689 (in complete LD with the INS-VNTR), as well as rs3842727 and
rs3842753, which are cohort-specific variants (Frederiksen et al., 2013; Howson et al., 2011;
Sharma et al., 2018) (Appendices: Supplementary Table 4-7). Importantly, variants
rs3842727, rs689, and rs3842753 are in strong LD (R2 > 0.9) across different populations
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(Figure 4-6a). The rs689 and rs3842727 variants overlap histone modification marks, are in
the same topological associated domains and disrupt transcription factor (TF) binding motifs
for Meis Homeobox 1 (MEIS1) and Zinc Finger Protein X-Linked (ZFX) respectively
(Figure 4-6b, c).

Figure 4-6 SNPs within the INS-VNTR locus spatially regulate the expression of genes.
(a)The INS-VNTR proxy SNPs are co-inherited and important regulators of gene expression. a) Linkage
disequilibrium (LD) plots of INS-VNTR proxy SNPs amongst people with Western European ancestry,
Yoruba and Chinese population. The squares within the heat map represent the LD (R2) value between every
two variants. The high LD (R2 > 0.9) indicates that SNPs are co-inherited. (b) Rs689 and rs3842727 overlap
histone modification marks (H3K4me3 and H3K27ac) and are in the same topological associating domain
(TAD) as indicated by the CTCF marks (blue) in the pancreatic tissue. Tracks are plotted from UCSC browser
(https://genome.ucsc.edu). (c) rs689 and rs3842727 affect the binding of transcription factors for Meis
Homeobox 1 (MEIS1) and Zinc Finger Protein X-Linked (ZFX), which could affect the regulation of gene
expression. The transcription factor binding motifs were extracted from https://ccg.epfl.ch//snp2tfbs/
(Kumar et al., 2017).
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4.3.4 T1D-associated eQTLs affect tissue and peripheral immune cell
gene expression
Here, I hypothesised that eQTLs that were shared between tissues and whole blood from
the GTEx database reflected specific patterns of infiltrating immune cells. Therefore, such
eQTLs might be present within specific immune cell types, allowing for environmentspecific gene regulation, an observation consistent with (Marderstein et al., 2020). As such,
the DICE database was mined to determine whether; 1) there are shared spatial eQTLs, and
2) the shared spatial eQTLs are present in T cells (naïve and activated CD4+ and CD8+),
monocytes, natural killer cells, and B cells (Methods). Consistent with the prediction, 37
spatial eQTLs were identified as being shared between immune cell types and bulk tissue
samples from GTEx (Appendices: Supplementary Table 4-8). Moreover, the direction of
eQTL effect was consistent between immune cells and tissues and, as expected, the regulated
genes were enriched for immune functions that include lymphocyte activation, antigen
presentation and interferon-gamma signalling (Appendices: Supplementary Table 4-9).
Therefore, the suggested genetic association of infiltrating immune cell types as observed in
the pancreas (Table 4-3), could indicate that genetic predisposition modifies the risk for T1D
development by directing impaired immune signalling and infiltration in peripheral tissues,
including the pancreas.
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Table 4-3 Genetic association of infiltrating immune cell types in pancreatic tissue.
SNP (eQTL)
Overlapping
Immune cell types
Immune
Effect size in
eGenes in DICE
cell effect
pancreatic
and GTEx
size
tissue (GTEx)
rs10492166
CLECL1
Monocyte, classical
-1.1
-0.56
Monocyte, non-classical
-0.73
T cell, CD4, memory TREG
0.58
rs11171739
RPS26
T cell, CD4, naive [activated]
-0.77
-1.07
T cell, CD8, naive [activated]
-0.74
rs2251396
MICA
T cell, CD4, naive
0.92
0.59
T cell, CD8, naive
0.93
T cell, CD8, naive [activated]
0.71
B cell, naive
0.7
rs2292239
SUOX
T cell, CD4, memory TREG
0.98
0.35
T cell, CD4, TH1
0.87
T cell, CD4, naive
0.88
rs4869313
ERAP2
T cell, CD4, naive TREG
-1.2
-1.12
T cell, CD4, naive [activated]
-1.1
T cell, CD8, naive [activated]
-1.2
T cell, CD8, naive
-1.2
rs9271346
HLA-DQA2
T cell, CD4, naive
0.93
0.55
T cell, CD8, naive [activated]
0.67
B cell, naive
0.99
NK cell, CD56dim CD16+
0.88
rs660895
HLA-DQB2
B cell, naive
0.66
0.49
T cell, CD4, memory TREG
0.82
T cell, CD4, naive [activated]
0.78
T cell, CD8, naive [activated]
0.63
Significant eQTLs associations within immune cell types and pancreatic tissue were recorded at FDR ≤ 0.05.
TREG – regulatory T cells; TH1 – T helper 1 cells; NK cell – natural killer cells. A summary of DICE eQTLseGene associations across 44 GTEx tissues is available in Supplementary Table 4-8.
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4.3.5 Machine learning identifies transcriptional changes in the lung as
key for conversion of risk to T1D
Based on our eQTL analysis, we determined that T1D SNPs form an integrated gene
regulatory network across tissues and immune cell types. We reasoned that we could use a
machine learning approach to integrate the tissue-specific spatial eQTL-eGene associations
with thousands of individual genotypes from large T1D cohorts to convert population level
risk (i.e. GWAS SNPs) to individualized risk (i.e. the burden for an individual’s genotype).
Comparison of the individualized relative risks for case and control genotypes enabled us to
rank the tissues and genes that make the greatest contribution to disease development.
We trained and validated the predictive accuracy of a multinomial logistic regression
predictor (Methods; Figure 4-7), which predicts the T1D disease status. This model was used
to estimate the additive tissue-specific contribution of the spatial eQTLs within genotypes
from individuals who developed T1D (WTCCC; 1960 T1D cases and 2933 controls).
Individual genotypes were weighted using the tissue-specific spatial eQTL effect sizes from
the CoDeS3D analysis (Appendices: Supplementary Table 4-3). Of the 313 T1D-associated
SNPs, 253 were present within each of the WTCCC genotypes (Appendices: Supplementary
Table 4-10). Of the 253 SNPs, 224 had identifiable eQTLs, connecting to 758 eGenes (6307
tissue-specific eQTL effects).

Figure 4-7 Workflow for creating the final T1D Elastic Net regression predictor model.
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Essential feature selection was performed using the Mann-Whitney U test (Vogt, 2015)
(selected 2048 data features from 6307 eQTL features and 29 SNP features with unknown
eQTL effects) and lasso regularization of the multinomial logistic regression. T1D
multinomial logistic regression predictor training was implemented with Grid search and 10fold validation to identify the optimized hyperparameters (Methods). The T1D regularised
logistic regression predictor with the optimized hyperparameters (model 1) delivered an
AUC 0.76 prediction performance with the validation data (Methods). The AUC prediction
distribution and the tissue-specific distributions of model 1 (calculated with the optimised
hyper-parameters) were subsequently calculated from 10 repeated 5-fold cross-validations
[50 predictors] (Figure 4-8; Appendices: Supplementary Table 4-11) (Methods). The mean
AUC prediction, calculated from the 50 predictors, was 0.747 (min = 0.712, max = 0.771,
standard deviation of 0.14; refer Ho, Nyaga et al). Ranking the tissue-specific contributions
to the 50 regularised logistic regression predictors identified the lung as the top ranked
average contributor to the prediction of risk of developing T1D. Across all simulations, the
lung explained a mean of 13.6% (standard deviation of 2.51%) of the relative risk of
developing T1D (Figure 4-8; Appendices: Supplementary Table 4-12).
Notably, when training our T1D regularised logistic regression predictors, we identified
a split distribution for the lung that was dependent upon the lasso regularization inclusion
or exclusion of the rs3087243-CTLA4 spatial eQTL within the two tissues where it was
identified (i.e. lung or testes; refer Ho, Nyaga et al). Since lasso regularization keeps only one
of a group of highly correlated features, we sought to validate the possibility that rs3087243CTLA4 has significant effects on the contribution of the lung and testis to T1D risk. Two
alterative weighted WTCCC genotype T1D eQTL models were created by specifically
removing the rs3087243-CTLA4 feature from either the lung or testis. The AUCs and tissuespecific contributions from 50 T1D predictors with the optimized hyperparameters from
each of the alterative matrices were evaluated by t-test and Bayesian methods (refer Ho,
Nyaga et al) (Kruschke, 2013).
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Figure 4-8 Tissue specific contributions of 50 T1D logistic lasso regression predictors.
The distributions were created from 10 repeated 5-fold cross-validations (50 predictors) of the T1D elastic net
regression model with the optimised hyper-parameters. SNPs denote genetic variants without eQTLs.
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The inclusion or exclusion of the rs3087243-CTLA4 spatial eQTL within the lung or
testes had the greatest impact on the lungs’ predicted contribution to T1D risk. No other
tissues were affected, consistent with the rs3087243-CTLA4 spatial eQTL only being
detected in the lung and testes. The lung rs3087243-CTLA4 eQTL contributed an average
of 4% to T1D risk (Appendices: Supplementary Table 4-13). The lung eQTL involving
rs3087243 and CTLA4 is also notable as: 1) rs3087243 has also been linked with progression
from single to multiple autoantibodies in the TrialNet PTP cohort (Steck et al., 2017); 2)
CTLA4 encodes an immunoglobulin protein crucial for modulating T cell function and
mediating autoimmunity; and 3) immune intervention trials targeting CTLA4 have reported
significant but short-term positive metabolic outcomes (Orban et al., 2014).
To enable more precise data-feature risk estimations, a second T1D regularised logistic
regression predictor (model 2) (134 tissue-specific eQTL effects across GTEx tissues and
six SNPs with unknown eQTLs) was created (Methods) and trained with the optimised
hyperparmaters using the full WTCCC cohort (In-sample AUC = 0.774) – This model
differed from model 1, which used an 80:20 split for internal WTCCC validation. Model 2
was validated against the UK Biobank (UKBB) (30 subsets of T1D datasets of 415 cases and
578 controls). Model 2 achieved a mean AUC = 0.754 (Table 4-4; Appendices:
Supplementary Table 4-14) and was used to rank the eQTLs that impacted on the lung
contribution to T1D risk (Appendices: Supplementary Table 4-15). It should be noted that
this model 2 excluded the rs3087243-CTLA4 eQTL, which contributed an average of 4%
to T1D risk in the 50 model 1 T1D predictors (see above). The major contributor eQTL
(rs6679677) down regulated AP4B1-AS1 transcript levels in the lungs and conferred a 13.3%
contribution to the T1D risk prediction model. This was comparable to model 1’s predictor
weighting of 13.6%. Notably, rs6679677 also down-regulates AP4B1-AS1 expression in
whole blood samples (eQTLGen; Appendices: Supplementary Table 4-13) as well as
modulating the expression of genes associated with immune regulation, including FOXP3,
CTLA4, IL2RA, and SLAMF1 in whole blood (eQTLGen; http://www.eqtlgen.org (Võsa
et al., 2018); Appendices: Supplementary Table 4-16).
Table 4-4 A summary from the Bayesian analysis of the validation AUCs from the final T1D
predictor on the 30 UK Biobank dataset.
Mean
SD
HPD_2.5%
HPD_97.5%
μ
0.754
0.002
0.749
0.758
σ
0.011
0.002
0.009
0.014
μ - mean of the simulations (1000) from the model created using 30 AUC prediction results; σ - standard
deviation from the simulations; SD - standard deviation; HPD - highest posterior density interval; AUC - Area
Under the Curve.
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4.4. Discussion
This study has connected genetic variants associated with the development of T1D to the
genes that they putatively regulate (i.e. as determined by spatial eQTLs). The genetic variants
associated with age-at-onset impact diverse pathways and specific immune cell types.
Notably, the logistic lasso regression models validated across two independent case-control
cohorts identified the lungs and an eQTL involving rs6679677 as contributing the greatest
risk for developing T1D. These observations are consistent with an environmental event
impacting on the largest single interface between the body and environment to precipitate
the development of T1D, as has been previously proposed (Beyerlein et al., 2013; Hathout
et al., 2006; Zhao et al., 2019). Moreover, these results are consistent with the association of
respiratory infections (i.e. influenza-like illness) with an increased risk of islet autoantibody
seroconversion in young-onset T1D study cohorts (Beyerlein et al., 2013; Lönnrot et al.,
2017). Collectively, these findings demonstrate that tissue-specific approaches can improve
our understanding of disease etiology, potentially aiding therapeutic development in
preventing T1D onset.
The present study identifies gene regulatory regions marked by genetic variants associated
with age-at-onset of T1D, and I contend that these variants modify the risk of developing
and progression to overt diabetes by altering the expression of immune regulatory genes.
For example, the regulatory region marked by rs11705721 (a SNP linked with the
development of multiple persistent islet autoantibodies in the TEDDY cohort (Sharma et
al., 2018)), modulates the expression of PXK. The encoded protein, PXK, plays an integral
role in regulating the internalisation and signalling of B cell receptors (Vaughn et al., 2015).
Similarly, the regulatory element marked by rs1893217 (a DAISY cohort SNP associated
with islet autoimmunity but not progression to T1D (Frederiksen et al., 2013)), modulates
RP11-973H7.1 expression, which has been reported to play a role in T cell activation
(Houtman et al., 2018). Furthermore, the regulatory element within rs11594656 regulates
IL2RA expression in spleen and has also been shown to influence the risk for progression
to T1D following seroconversion in children delivered by caesarean section (Bonifacio et al.,
2011). Notably, IL2RA plays a key role in the development and function of regulatory T
cells in neonates, thereby maintaining self-tolerance and immune homeostasis (Bayer et al.,
2005; Wang et al., 2016). Therefore, these findings imply that genetic variation modifies the
risk for T1D through the altered expression of specific genes and support the complex
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interaction between genetic predisposition and environmental exposures in modifying infant
immune responses and progression to T1D.
Evidence shows that age at diagnosis of T1D is genetically determined (Fava et al., 1998).
Adults develop autoimmune diabetes at a slower rate than children, with a lower influence
from the genetic load, especially at the HLA region (Mishra et al., 2017). Interestingly, the
differential expression of HLA class II genes and the shared regulatory elements modulating
FOXP1 (i.e. encodes the forkhead box P1 transcription factor essential for regulating T cell
function (Konopacki et al., 2019; Wang et al., 2014a) and lung development (Shu et al.,
2007)), implies that dysregulated antigen presentation and impaired immunological tolerance
are important for the induction of autoimmunity regardless of the age-at-onset of T1D.
Moreover, the modulation of IGF2-AS and TH in young- and adult-onset disease is
indicative of an integral role for insulin in modifying the risk of T1D development. Notably,
common insulin-related pathways have been implicated in the development of T1D
regardless of the mode of onset, or age-at-onset (Mishra et al., 2017).
Combining datasets from the GTEx and DICE databases, this study demonstrates
associations of T1D genetic risk and the infiltration of immune cell types across multiple
tissues. Refining the genetic influences on specific patterns of immune cell infiltration is
important for understanding the aetiology of T1D. For example, I identified that the
regulatory element marked by rs2292239, a SNP characterised as regulatory (van
Arensbergen et al., 2019), modulates the expression of RPS26 and SUOX in pancreatic
tissues, as well as in CD4 and CD8 T cells. Therefore, it seems reasonable to speculate that
the shared regulatory effects between immune cell types and the pancreas is due to these
immune cells infiltrating into this tissue. This conclusion is consistent with a recent study by
(Marderstein et al., 2020) that demonstrated age- and sex-related genetic association of
immune infiltration.
The lung is a vital organ that forms the greatest interface between the body and the
surrounding environment. Studies have proposed the lung as a site that can influence the
development of autoimmune diseases, including T1D (George et al., 2018; Hathout et al.,
2006; Zhao et al., 2019) and multiple sclerosis (Odoardi et al., 2012). As such, it seems
plausible that the transcriptional changes identified in the lung tissue promote the onset of
systemic autoimmunity, a hypothesis corroborated by a recent report by (Bates et al., 2019).
In further support of this, the transcriptional regulation of the immune-modulatory gene (i.e.
CTLA4 (Krummel and Allison, 1995; Walunas et al., 1994)), together with AP4B1-AS1 that
97

maps opposite to PTPN22 (i.e. encoding the critical regulator of T cell activation and
signalling (Yu et al., 2007)) were identified as contributing significantly to the lung prediction.
Moreover, I identified the lung-specific regulation of the Foxp1 transcription factor, which
is responsible for lung development and immune cell function (Hu et al., 2006; Shu et al.,
2007). Further, respiratory infections (i.e. influenza-like illness) have been independently
associated with an increased risk of islet autoantibody seroconversion (i.e. hazard ratio of
between 1.32-2.63) in young-onset T1D study cohorts (Beyerlein et al., 2013; Lönnrot et al.,
2017). Lastly, the lung prediction is consistent with a linkage disequilibrium score regression
that identified the lung as the top tissue influencing T1D disease development (Gamazon et
al., 2018).
Notably, the SNP that modulates AP4B1-AS1 expression (i.e. rs6679677) is associated
with the development of multiple persistent autoantibodies (including islet autoantibody),
but not progression to T1D development in the TEDDY prospective cohort (Sharma et al.,
2018). Additionally, rs6679677 has also been associated with other autoimmune disorders
that include juvenile idiopathic arthritis and rheumatoid arthritis (Gutierrez-Achury et al.,
2016; Hinks et al., 2013) and is reported as the top non-HLA SNP associated with T1D
(Burton et al., 2007). The SNP that regulates transcript levels of CTLA4 in the lung (i.e.
rs3087243) has been linked with the progression from single to multiple autoantibodies in
the TrialNet PTP cohort (Steck et al., 2017). Furthermore, the spatial eQTL for FOXP1 in
the lung (i.e. rs3184504) is associated with islet autoantibody but not T1D in the TEDDY
cohort (Sharma et al., 2018). As such, future studies should experimentally validate the
transcriptional regulation of these T1D SNPs on AP4B1-AS1, CTLA4, and FOXP1,
particularly in response to viral infections in the lungs. Interestingly, C1858T-rs2476601,
which is in complete linkage with rs6679677, has been linked with reduced protection against
influenza virus (Crabtree et al., 2016). Therefore, achieving this will untangle the genetic
mechanisms underlying influenza infections and the induction of islet autoantibodies, as
observed in young children (Beyerlein et al., 2013; Lönnrot et al., 2017).
This study has limitations. Firstly, the genetic data used in the analyses is predominantly
from people of the European ancestry, which limits the immediate translation of our findings
to populations with different genetic structures (e.g. variable haplotypes in this region).
Secondly, thirty SNPs identified as being associated with T1D did not have identifiable
eQTLs in any of the GTEx tissues studied, consistent with the presence of alternative
methods or developmental stages through which SNPs can mediate their effects on
98

phenotypes. Thirdly, not all of the eQTLs identified were represented in the individual
genotypes analysed (i.e. SNPs were unable to be imputed), meaning there is a possibility for
missed effects. Nevertheless, the reproducibility of the prediction model, across independent
cohorts, supports the utility of the approach and its use with expanded datasets for T1D, as
well as other immune and non-immune diseases.

4.4.1 Conclusion
The integration of different forms of biological information (GWAS, Hi-C, and eQTL)
with individual genotypes from European ancestry (WTCCC and UK Biobank cohorts)
using a machine learning model identified transcriptional changes in the lung, involving
CTLA4 and AP4B1-AS1, as contributing the greatest risk to the development of T1D.
Moreover, I identified tissue-specific and immune-associated patterns for genes and
biological pathways impacted by genetic variants associated with the differing age-at-onset
of T1D development. Collectively, these findings contribute novel insights into T1D
development, which could potentially explain the reported association between respiratory
infections and risk of islet autoantibody seroconversion reported in young children.
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Chapter 5.
Untangling the Genetic Link between Type 1 and
Type 2 Diabetes using Functional Genomics

This chapter is currently under review in the Journal of Scientific Reports:
Nyaga, D. M., Vickers, M. H., Jefferies, C., Fadason, T. & O’Sullivan, J. M. Untangling the
genetic link between type 1 and type 2 diabetes using functional genomics.
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5.1. Background
Type 1 diabetes (T1D) and type 2 diabetes (T2D) are both complex polygenic metabolic
disorders, which are generally considered to be pathophysiologically and genetically distinct
entities. However, there is some evidence pointing towards T1D and T2D sharing common
etiological features (e.g. apoptosis of pancreatic islet beta cells) resulting in insulin deficiency
(Donath et al., 2003; Mathis et al., 2001; Wilkin, 2001). In young adults, the increase in
obesity rates is making it difficult to differentiate between T1D and T2D (Hamman et al.,
2014). Moreover, the latent autoimmune diabetes in adults (LADA) phenotype appears to
be an intermediate phenotype that refers to individuals who initially have clinical features
that are similar to T2D, but develop autoimmunity towards islet cells leading to progressive
beta cell failure late in life (Tuomi et al., 1993, 1999). Collectively, these observations may
support an overlap in the pathogenesis of both T1D and T2D, but whether this is due to
environmental, genetic, or biological pathway intersections, or a combination of these effects
remains to be determined.
Comprehensive genome-wide association studies (GWAS) have uncovered distinct and
shared loci, marked by single nucleotide polymorphisms (SNPs), which are associated with
the development of T1D and T2D (Eftychi et al., 2004; Sharma et al., 2018; Vujkovic et al.,
2020; Xue et al., 2018). Interestingly, Li et al. (Li et al., 2001) suggested that this possible
genetic interplay between T1D and T2D could be mediated by the human leukocyte antigen
(HLA) region. The HLA locus, which accounts for ~50% of the genetic risk for T1D
(Lambert et al., 2004), has been associated with both T2D susceptibility (Ma et al., 2013;
Tuomilehto-Wolf et al., 1993) and T2D protection (Williams et al., 2011). Furthermore,
genetic variants within the transcription factor 7-like 2 (TCF7L2) have been strongly
associated with T2D and LADA (Lukacs et al., 2012; Zampetti et al., 2010), yet the clinical
presentation of LADA is similar to T1D (i.e. autoantibody positivity in LADA patients)
(Cervin et al., 2008; Zampetti et al., 2010).
The hypothesized existence of shared genetic features in individuals with T1D and T2D
indicates that loci act to predispose or protect individuals to one or both of the phenotypes
of diabetes – either cumulatively or inversely (Aylward et al., 2018; Grant, 2019). Such a
scenario is not unexpected if one considers the regulation of the insulin secretion, signalling
and response pathways as a whole and not as separate modules. Thus, even though the risk
alleles for both T1D and T2D may be different, the impacts on gene regulation and biological
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pathways may converge in both phenotypes: as ultimately diabetes is caused by a lack of
approximate insulin action (a relative or absolute deficiency (American Diabetes Association,
2013)).
We have previously reported that SNPs associated with T2D mark regulatory loci that
physically interact with – and act as expression quantitative trait loci (eQTLs) for – genes
involved in the leptin and insulin signalling pathways (Fadason et al., 2017). Furthermore,
we then went on to demonstrate that SNPs associated with T1D spatially regulate the
expression of genes involved in immune system activation and responses (Nyaga et al.,
2018b). A greater understanding of how differences in gene regulation contribute to the
observed etiological and pathophysiological similarities between T1D and T2D would
improve our understanding of the management and treatment of diabetes.
To better understand the link between T1D and T2D, I employed an integrated
functional genomics approach involving extensive chromatic interaction data (Hi-C) and
eQTL) data to characterise the tissue-specific impacts of SNPs associated with T1D and
T2D. In addition, the high-definition likelihood (HDL) method was employed to estimate
the genetic correlation between T1D and T2D using population-level genetic data for people
of European ancestry. Finally, a protein-protein interaction network was constructed for the
co-regulated genes to identify the biological pathways that converge in both T1D and T2D.

102

5.2. Methods
5.2.1 Identification of SNPs associated with the development of T1D and
T2D
The genetic variants used in this study were genotyped and imputed SNPs associated with
T1D obtained from: the GWAS catalog (a keyword search for “Type 1 diabetes” was
performed and associations were selected based on a p-value threshold [p-values < 5 × 10-6];
www.ebi.ac.uk/gwas; v1.0.1; downloaded March 25, 2020); studies on polygenic risk scores
for T1D (Bonifacio et al., 2018; Oram et al., 2016; Sharp et al., 2019); prospective studies
(Bonifacio et al., 2011; Frederiksen et al., 2013; Sharma et al., 2018; Steck et al., 2014); and
time-to-event studies (Howson et al., 2011; Steck et al., 2017). For the T2D-associated
genetic variants, SNPs were obtained from the GWAS catalog (a keyword search for “Type
2 diabetes” was performed and associations were selected based on a p-value threshold [pvalues < 5 × 10-6]; www.ebi.ac.uk/gwas; v1.0.1; downloaded April 8, 2020), and a study on
T2D polygenic risk scores (Vassy et al., 2014). A total of 346 T1D SNPs and 1,569 T2D
SNPs were used in the eQTL analysis. Genomic positions for SNPs are annotated according
to reference human hg38 genome build.

5.2.2 Identification of spatial eQTL-eGene pairs for T1D and T2Dassociated SNPs
The Contextualizing Developmental SNPs using 3D information (CoDeS3D) (Fadason
et al., 2018) algorithm was used to identify SNPs associated with the spatial regulation of
gene transcript levels through physical interactions. Briefly, the CoDeS3D modular python
scripts integrate Hi-C contact libraries from published sources (Appendices: Supplementary
Table 5-1) to identify spatial co-localization of two DNA fragments, with one fragment
marking the queried SNP. Gene-containing restricted fragments that are in physical contact
with fragments containing the queried SNPs are identified as spatial pairs to the SNPs.
Finally, the resultant spatial SNP-gene pairs are queried in the Genotype-Tissue Expression
database (GTEx) to identify SNPs that are associated with transcript levels of genes through
physical interaction at FDR < 0.05 (Fadason et al., 2018).
Here, I integrated extensive Hi-C contact libraries to identify all possible tissue, cell type
and developmental stage-specific chromatin interactions based on the emerging evidence
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that complex diseases culminate from systems-level perturbations (Boyle et al., 2017; Yang,
2020). First, the spatial interactions were identified from Hi-C contact libraries captured
from: 1) primary human tissues (i.e. including pancreas, liver, lung, spleen, muscle, and
adrenal gland); 2) primary and immortalized immune cell-types (i.e. B and T lymphocytes);
and 3) embryonic stem cells, including cell lines representing embryonic germ layers
(Appendices: Supplementary Table 5-1). Next, the regulatory potential of the identified SNPgene pairs was tested through the integration of expression QTL information from 47
human tissues and 2 immortalized cell-lines (Genotype-Tissue Expression database [GTEx]
v8; www.gtexportal.org) (Aguet et al., 2017).
Spatial eQTLs were deemed significant and recorded if the FDR <0.05 after correcting
for multiple testing using the BH procedure (Benjamini and Hochberg, 1995). Finally, genes
whose transcript levels were associated with a spatial-eQTL were denoted as eGenes. The
eQTL-eGene interactions were defined as either cis (i.e. interactions within 1Mb on the same
chromosome), trans-intrachromosomal (i.e. interactions >1Mb but on the same
chromosome), or trans-interchromosomal (i.e. interactions >1Mb but on the different
chromosomes). All datasets and analyses were prepared and carried out using the human
genome reference build GRCh38.p7. Genomic positions for eGenes derived from GTEx
are annotated according to GENCODE v25. The HLA genes were excluded from the shared
genes analyses because we wanted to identify HLA independent key pathways and networks
since HLA genes are strongly associated with T1D (Lambert et al., 2004).

5.2.3 Genetic correlation and SNP heritability analyses
I employed the recently developed high-definition likelihood (HDL) method (Ning et al.,
2020) to estimate the genetic correlation between T1D and T2D, together with obesity and
body mass index (BMI) using population-level data from the UK Biobank (UKBB). The
genome-wide genotype data available in the UKBB is obtained from a large prospective
cohort study of ~500,000 individuals across the United Kingdom, providing a rich resource
for genetic analyses. Genetic correlation and SNP heritability analyses for the phenotypes in
this report were conducted as described on https://github.com/zhenin/HDL/wiki. Briefly,
the UKBB summary statistics of genome-wide associations for T1D, T2D, BMI and obesity
were obtained from the Neale lab (i.e. round 2 association tests released in 2018;
https://www.nealelab.is/uk-biobank/). The association tests on curated phenotypes were
performed on 361,194 unrelated individuals of British ancestry as described on
https://www.nealelab.is/uk-biobank/. Computed linkage disequilibrium matrices and
104

imputed reference panels of HapMap3 SNPs (i.e. 1,029,876 quality-controlled UKBB
imputed SNPs) were downloaded from https://github.com/zhenin/HDL/wiki/Referencepanels. The imputed panel of SNPs was used as it provides a more accurate estimate of
genetic correlations (Ning et al., 2020).

5.2.4 Pathway analysis and functional gene annotations
Genetic colocalisation analysis permits the identification of shared ‘causal’ SNPs or genes
within a genomic loci across disease vs trait or trait vs trait association signals(Wallace, 2020).
Bayesian colocalisation tests between spatial cis-eQTL and disease-associated signals were
performed for 7 genomic regions strongly associated (p < 10-8) with both T1D and T2D (i.e.
SH2B3, MAPK14, CTRB1/2, INS, ASCL2/MIR4686, and HLA region) using the COLOC
R package. Briefly, T1D and T2D GWAS summary statistics of individuals of European
ancestry were accessed from https://gwas.mrcieu.ac.uk/ using R software package
(gwasglue; https://github.com/mrcieu/gwasglue/), and SNPs extracted within 200 kb from
the lead SNP. Spatial cis-eQTL summary data was derived from CoDeS3D analysis as
described in section 5.2. For each SNP, we selected SNP-gene pairs with the lowest p-value
and performed colocalisation (i.e. coloc.abf) test between disease and eQTL summary data
with priors set as p1 = 1 × 10-4, p2 = 1 × 10-4, and p12 = 5 × 10-5, as previously suggested
(Wallace, 2020). In total, 2129 pairwise comparisons were examined for evidence of
colocalisation between eQTL and disease signals.

5.2.5 Pathway analysis and functional gene annotations
Biological pathway enrichments for the differentially expressed genes were identified
using the R software package (g:Profiler) with a significance threshold of p-value<0.05
threshold (Raudvere et al., 2019). R software package (TissueEnrich) was used for the tissuespecific gene expression analysis (Jain and Tuteja, 2019). PubTator Central was used for
manual literature curation to examine the molecular and phenotypic implications of specific
examples of differentially expressed genes (Wei et al., 2019).

5.2.6 The construction of the PPI network for the pleiotropic genes
I used the Retrieval of Interacting Genes/Proteins database (STRING; v.11) to construct
a protein-protein interaction network for the differentially expressed genes associated with
both T1D and T2D (Szklarczyk et al., 2019). The PPI network was set to medium confidence
of 0.400 with the following prediction evidence: 1) genomic context prediction channels –
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neighbourhood, fusion, and co-occurrence; 2) co-expression; 3) text mining; 4) curated
databases, and 5) experiments. PPI clusters were identified using the K-means clustering
algorithm. The drug-gene interaction database (DGIdb; v3.0.2) was mined to identify genes
that encode proteins that are targets for at least a single FDA-approved drug within the PPI
network (Griffith et al., 2013).

5.2.7 Data analysis
Statistical testing, visualisation, and genetic correlations analyses were performed using R
software (v3.6.3) and RStudio (version 1.2.5042-1). Python version 3.7.6 was used for the
bootstrap analysis. Scripts for genetic colocalization, data analysis and visualization can be
accessed on Figshare with the identifier https://doi.org/10.17608/k6.auckland.12886745/
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5.3. Results
5.3.1 T1D and T2D-associated SNPs form an overlapping gene
regulatory network
Previously, we reported that SNPs associated with the development of T1D and T2D
mark gene regulatory elements that modulate gene transcript levels (Fadason et al., 2017;
Nyaga et al., 2018b). Here, I sought to investigate if T1D and T2D share tissue-specific
regulatory networks. Emerging evidence indicates that complex diseases culminate from
systems-level perturbations (Boyle et al., 2017; Yang, 2020). Therefore, using the CoDeS3D
algorithm (Fadason et al., 2018) (Methods), I integrated extensive chromatin interaction (HiC; Appendices: Supplementary Table 5-1) and eQTL data across multiple human tissues. I
identified 1,796 and 2,831 unique pairs of spatial eQTLs (T1D [Appendices: Supplementary
Table 5-2]; T2D [Appendices: Supplementary Table 5-3]; Figure 5-1) involving 346 and 1,569
T1D and T2D GWAS SNPs at FDR<0.05, respectively (Appendices: Supplementary Table
5-4; Appendices: Supplementary Table 5-5). Consistent with our earlier observations
(Fadason et al., 2017; Nyaga et al., 2018b), ontological analyses (using the R software
package; g:Profiler (Raudvere et al., 2019) [Methods]) of the genes that were impacted by the
spatial eQTLs identified significant enrichment in immune system response and metabolic
signalling pathways (FDR<0.05), for T1D and T2D, respectively (Appendices:
Supplementary Table 5-6; Appendices: Supplementary Table 5-7).
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Figure 5-1 T1D and T2D SNPs mark spatial gene regulatory loci which modulate expression levels of
pleiotropic genes.
(a) Circos plot showing spatial eQTL-eGene associations for T1D SNPs, and (b) the distribution of allelic
fold change for spatial T1D eQTLs. (c) Circos plot showing spatial eQTL-eGene associations for T2D SNPs,
and (d) the distribution of allelic fold change for spatial T2D eQTLs. Data tracks for circos plots (from the
innermost ring): link lines represent chromatin interactions (i.e. inter- and intrachromosomal interactions
shown in the inset) between SNP fragments and the spatially regulated genes at FDR <0.05; scatter plot
represents SNP positions, with the short lines representing the regulated genes. The outermost ring illustrates
the somatic chromosomes, together with the x and y chromosomes, with the gene names (outside) showing
examples of genes that have pleiotropic effects on both T1D and T2D. Log allelic fold change (aFC) represents
the magnitude of expression change associated with T1D and T2D SNPs. eQTLs – expression quantitative
trait loci, eGene – a gene whose transcript levels is associated with an eQTL. The circos plots were generated
using Circa (http://omgenomics.com/circa).
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It is possible that there is heterogeneity in the groups of SNPs obtained from the GWAS
catalog such that particular SNPs are associated with complications for all forms of diabetes
(e.g. LADA and fulminant T1D). The inclusion of SNPs associated with complications in
each of the T1D and T2D SNP sets may cause spurious results due to the existence of the
identical SNP. Therefore, I tested for the presence of SNPs that were repeated in the T1D
and T2D SNP sets obtained from the GWAS catalogue. I identified 12 identical GWAS
SNPs (i.e. 3.5% and 0.8% of T1D and T2D SNPs, respectively) that were present in both
datasets (Figure 5-2a). Bootstrapping indicated that this overlap does not occur by chance
(Figure 5-2b), consistent with the idea of shared complications. Notably, 7 of the 12 identical
GWAS SNPs were spatial eQTLs (Figure 5-3).

Figure 5-2 The co-regulation of pleiotropic genes associated with T1D and T2D is non-random.
(a) A plot showing the number of unique and shared SNPs (imputed or genotyped) associated with the
development of T1D and T2D identified from genome-wide association studies. (b) A normal distribution
plot for randomly sampled SNPs (bootstrapping; n = 10000) validates the significance of overlaps seen in (a).
(c) The numbers of unique and shared genes modulated by T1D and T2D regulatory SNPs. (d) A normal
distribution plot for randomly sampled genes (bootstrapping; n = 10000) validates the significance of overlaps
seen in (c). Red lines in (b) and (d) illustrate the fitted normal distribution lines.
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Colocalisation analyses test if two signals (i.e. disease vs cis-eQTL or trait vs trait) share
the same ‘causal’ gene or SNP (Wallace, 2020). Bayesian colocalisation tests between spatial
cis-eQTL signals and disease-associated signals were conducted for genomic regions strongly
associated (p < 10-8) with both T1D and T2D (i.e. SH2B3, MAPK14, CTRB1/2, INS,
ASCL2/MIR4686, and HLA region). There was no evidence of complete colocalisation
between the disease and eQTL signals as defined by PP3 + PP4 ≥ 0.99 and PP4/ PP3 ≥ 5,
a cut off previously suggested (Nath et al., 2019) (Methods; Appendices: Supplementary
Table 5-8). However, there was weak evidence for colocalisation between eQTL and GWAS
signals for CTRB1/2 loci (rs7202877; posterior probability = 35.2%) in both diseases, and
SH2B3 loci (rs3184504; posterior probability = 34.7%) in T1D (Appendices: Supplementary
Table 5-8). Only 3 regions associated with both traits (i.e. CTRB1/2, SH2B3, and HLA loci)
were found to share a causal SNP (Appendices: Supplementary Table 5-8), indicating that
T1D and T2D are driven by independent genetic signals.
I reasoned that T1D and T2D would share features that are due to regulatory effects on
common pleiotropic genes by SNPs specific to each condition. I identified a total of 195
shared genes (20% and 12% of T1D and T2D genes, respectively) that were modulated by
spatial eQTLs associated with T1D and T2D (Figure 5-2c; Figure 5-3). Only 48 shared genes
resulted from the 7 eQTLs that were due to identical SNPs. Bootstrapping confirmed that
the observed overlap of 195 genes was non-random (Figure 5-2d), consistent with the
hypothesis that the regulatory effects are on genes that have pleiotropic effects on T1D and
T2D.
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Figure 5-3 Expression QTLs associated with transcript levels of genes for T1D and T2D SNPs.
Only 7 of the 12 SNPs that were associated with both T1D and T2D mark spatial regulatory loci as identified
by CoDeS3D. 805 eQTLs are unique for T2D, while 231 eQTLs are unique for T1D.

I examined the 195 shared genes to identify the enriched biological pathways and
molecular processes. Notably, the subset of 165 shared genes, which excluded 30 classical
and non-classical HLA genes, were enriched for pathways that include mitogen-activated
protein kinase (MAPK), pertussis and Parkinson’s disease pathways (Table 5-1). MAPK
activity is important in the regulation of pancreatic beta cell function and insulin signalling
(Carlson et al., 2003; Khoo et al., 2004; Kusari et al., 1997), and beta cell death through
inflammatory responses in islet cells (Andersen et al., 2000). Additionally, pertussis toxin has
been implicated in the regulation of insulin secretion from pancreatic beta cells through
heterotrimeric G proteins (Furman et al., 1981; Gulbenkian et al., 1968; Yajima et al., 1978).
Finally, α-Synuclein, a protein central to Parkinson’s disease (Maries et al., 2003;
Polymeropoulos et al., 1997), has been shown to regulate insulin secretion in beta cells (Geng
et al., 2011). Collectively, our results support the hypothesis that spatial gene regulatory
networks contribute to shared genetic risk between T1D and T2D.
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Table 5-1 Significant biological and functional enrichment for pleiotropic genes associated with T1D
and T2D
id Source
Term id
Term name
Term
Intersection Corrected
size
size
p -values
1
CORUM CORUM:6307 RAB27A-SLP3-KLC1 transport
3
2
0.049
complex
2
GO:MF
GO:0005524
ATP binding
1499
24
0.023
3
GO:MF
GO:0035639
purine ribonucleoside triphosphate 1845
27
0.033
binding
4
GO:MF
GO:0032559
adenyl ribonucleotide binding
1557
24
0.042
5
GO:MF
GO:0030554
adenyl nucleotide binding
1568
24
0.046
6
GO:MF
GO:0004707
MAP kinase activity
14
3
0.049
7
KEGG
KEGG:05133
pertussis
76
5
0.016
8
WP
WP:WP2371
Parkinson’s Disease Pathway
38
4
0.032
Corum – comprehensive resource of mammalian protein complexes; MF – molecular function; KEGG –
Kyoto Encyclopedia of Genes and Genomes; WP – WikiPathways.

5.3.2 SNPs used in polygenic risk scores for T1D and T2D modulate
transcript levels of genes with pleiotropic effects
It remains possible that the inclusion of GWAS for, and SNPs associated with, diabetic
complications in both the T1D and T2D SNP sets drives the common features observed
within the spatial-eQTLs (Section 5.3.1). Therefore, I sought to understand whether highly
predictive SNPs used in polygenic risk scores for T1D and T2D (Sharp et al., 2019; Vassy et
al., 2014) are involved in transcriptional co-regulation of genes associated with both diseases.
In a polygenic risk score analysis for T1D, Sharp et al. included 67 imputed and genotyped
T1D SNPs to predict early-onset T1D with 96% accuracy (i.e. T1D genetic risk score 2
[T1D-GRS2]) (Sharp et al., 2019). There were no identical SNPs between the TID-GRS2
and the T2D-associated SNPs lists (Appendices: Supplementary Table 5-9). From the
CoDeS3D analysis, 38 of the 67 SNPs from T1D-GRS2 were identified to mark spatial
eQTLs associated with the regulation of 253 genes (Figure 5-4a, b; Appendices:
Supplementary Table 5-10). Notably, despite no overlap between the T1D-GRS2 and T2D
spatial eQTLs (Figure 5-4a), I identified 82 shared genes (excluding HLA genes) that were
associated with both T1D and T2D (Figure 5-4b).
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Figure 5-4 SNPs included in polygenic risk scores spatially modulate transcript levels of genes with
pleiotropic effects on both T1D and T2D.
(a) A plot of unique and shared eQTLs for T1D-GRS and T2D SNPs. (b) The number of unique and shared
genes regulated by spatial regulatory elements marked by T2D-GRS and T1D eQTLs. Plots showing the
number of unique and shared (c) eQTLs for T2D-GRS and T1D SNPs; and (d) genes regulated by spatial
regulatory elements marked by T2D-GRS and T1D eQTLs. GRS – genetic risk score, also referred to as a
polygenic risk score.

In a polygenic risk score analysis for T2D (T2D-GRS), 62 T2D-associated SNPs were
combined with age, sex, and clinical risk factors to predict T2D development with 91%
accuracy (Vassy et al., 2014). Two SNPs were identical between the T2D-GRS and the T1Dassociated SNP lists (Appendices: Supplementary Table 5-9). From the CoDeS3D analysis,
41 of the 62 SNPs from the T2D-GRS were identified to mark spatial regulatory elements
for 130 genes (Figure 5-4c, d; Appendices: Supplementary Table 5-11). Notably, 11 genes
were shared between T2D-GRS and the T1D-associated eQTLs (Figure 5-4d), of which 9
were associated with the identical eQTL (rs7202877; Figure 5-4c).
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It is notable that the comparison of genes associated with T1D-GRS2 vs T2D-associated
eQTLs showed greater overlap than the comparison of genes associated with T2D-GRS vs
T1D-associated eQTLs (Figure 5-4b and Figure 5-4d, respectively). Collectively, these
findings are consistent with the hypothesis that the highly predictive SNPs used in polygenic
risk scores for T1D are involved in transcriptional co-regulation of genes that mediate
pleiotropic effects in both T1D and T2D.

5.3.3 T1D and T2D variant heritability is not significantly correlated in
Europeans
I observed that GWAS SNPs associated with T1D and T2D are involved in
transcriptional co-regulation of pleiotropic genes from the CoDeS3D analysis. Therefore, I
employed the high-definition likelihood (HDL) method (Ning et al., 2020) to calculate the
genetic correlation between variant effects on T1D and T2D risk using European ancestral
summary data from the UK Biobank (UKBB). The HDL method robustly increases the
precise estimation of genetic correlation between phenotypes, and estimates variant
heritability, through its extensive inclusion of genome-wide linkage disequilibrium (Ning et
al., 2020). HDL analysis did not identify a genetic correlation between T1D and T2D (rg =
0.17; p-value = 5.9 × 10–2) (Table 5-2). T1D did not correlate with either body mass index,
or obesity (Table 5-2). However, consistent with previous observations by Carlsson et al.
(Carlsson et al., 2013), there was a significant positive correlation between T2D and body
mass index, and between T2D and obesity (Table 5-2). These results are consistent with the
interpretation that the overlap of biological mechanisms between T1D and T2D occurs at
the level of gene control and not at the level of variant heritability.

Table 5-2 Genetic correlation estimates between T1D, T2D, BMI and obesity in people of European
ancestry
Phenotype 1
Phenotype 2
rg (s.e.)
p -value
Type 1 diabetes
Type 2 diabetes
0.17 (0.09)
5.9 × 10 –2 n.s.
Type 1 diabetes
BMI
0.04 (0.03)
2.2 × 10 –1 n.s.
Type 1 diabetes
Obesity
0.08 (0.09)
4.4 × 10 –1 n.s.
Type 2 diabetes
BMI
0.48 (0.04)
5.5 × 10 –40*
Type 2 diabetes
Obesity
0.31 (0.09)
7.9 × 10 –4*
Obesity
BMI
0.65 (0.06)
2.9 × 10 –25*
rg - genetic correlation estimate; s.e. – standard error; p-value – Bonferroni corrected p-values; *significant; n.s.
non-significant corrected p-values. Variant heritability estimates (h2; s.e.) are: T1D (0.0046; 9e-04), T2D (0.01;
9e-04), BMI (0.2565; 0.0081), Obesity (0.0061; 0.0011).
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5.3.4 The TCF7L2 locus is a spatial regulatory hub for genes important
for immune regulation and T2D aetiology
TCF7L2 is a knownT2D susceptibility locus(Mayans et al., 2007) that encodes a
transcription factor that is central to the Wnt signaling pathway. SNPs mapped within
TCF7L2 have also been associated with the presence of islet autoantibodies in LADA
(Cervin et al., 2008; Lukacs et al., 2012; Tuomi et al., 1993; Zampetti et al., 2010) and recentonset T1D patients (Redondo et al., 2018a). As such, TCF7L2 has been hypothesized to be
the key to understanding the genetic link between the pathogenesis of T1D and T2D (Grant,
2019). I hypothesized that TCF7L2 is a spatial regulatory hub for genes important for the
aetiology of T1D and T2D. The CoDeS3D analysis identified 8 regulatory elements marked
by SNPs within the TCF7L2 locus (Appendices: Supplementary Table 5-12). Four of these
eQTLs (i.e. rs34872471, rs7901695, rs4506565, rs7903146) coordinate the regulation
TCF7L2 expression (Figure 5-5a; Appendices: Supplementary Table 5-12). Notably,
rs4506565 is associated with single autoantibody in recent-onset T1D (Redondo et al.,
2018a). The 4 regulatory SNPs are also in strong linkage (R2>0.8) across the European
population. Rs7903146 overlaps histone modification marks and an annotated enhancer in
the pancreas (Figure 5-5b).
Notably, the CoDeS3D analysis identified regulatory elements within the TCF7L2 locus
that were associated with trans-regulation of genes involved in the regulation of immune
responses, including PLCG2, ZEB1, and ROBO1 (Figure 5-5a; Appendices: Supplementary
Table 5-12). PLCG2 encodes a phospholipase implicated in inflammation and autoimmunity
(Yu et al., 2005), and in T cell function and selection (Fu et al., 2012). ROBO1 expression
has been hypothesized to serve as a biomarker for T1D diagnosis due to its regulatory role
in the recruitment of diabetogenic T cells (Glawe et al., 2013). Additionally, ZEB1, which is
also spatially regulated in cis by a T1D-eQTL (i.e. rs2793108 – 81Mb away from the TCF7L2
locus; Appendices: Supplementary Table 5-2), encodes a zinc finger transcription factor that
functions as a key regulator of the T cell signalling and differentiation in the thymus (Zhang
et al., 2020).
Interestingly, I also identified a SNP within TCF7L2 (i.e. rs17746147) that modulated the
expression of genes involved in insulin signalling (i.e. SCD) (Appendices: Supplementary
Table 5-12). Stearoyl-CoA desaturase is encoded by SCD and catalyses the biosynthesis of
monounsaturated fatty acids. Notably, stearoyl-CoA desaturase has been implicated in
insulin resistance (IR) together with TCF7L2 (Gutiérrez-Juárez et al., 2006; Oh et al., 2012).
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Collectively these results support the hypothesis that the TCF7L2 locus acts as a regulatory
hub for genes involved in immune regulation as well as genes important in the aetiology of
T2D.

Figure 5-5 TCF7L2 locus is a key regulatory hub that spatially modulates transcript levels of genes
involved in T1D and T2D aetiology.
(a) A circos plot of significant regulatory interactions (i.e. innermost link lines) between SNPs within the
TCF7L2 locus (i.e. the pointed purple dot) and the spatially regulated genes (i.e. labelled genes in the outermost
track) at FDR <0.05. Spatial regulatory SNPs modulating the expression of TCF7L2 are highlighted. Linkage
disequilibrium between genetic variants was obtained from https://ldlink.nci.nih.gov/. (b) An expanded view
of the TCF7L2 gene locus. SNP rs7903146 overlaps histone modification marks (i.e. pancreatic H3K4me3 and
H3K27ac) and an annotated enhancer in the pancreas. Genome regulatory tracks were obtained from UCSC
browser using hg38 coordinates chr10:112945186-113172435 (https://genome.ucsc.edu). GH Reg Elems
(DE) – GeneHancer regulatory elements (double elite). Circa software was used to generate the circos plot and
is available at http://omgenomics.com/circa/. The annotated pancreatic enhancer (hs1980) was extracted
from VISTA enhancer database (Visel et al., 2007).
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5.3.5 Cross-tissue eQTL enrichment uncovers divergent mechanisms for
disease associations
Here, regulatory networks were mapped, leveraging information on tissue-specific eQTLs
to identify the tissues in which the disease-associated loci are most likely functional (i.e.
eQTL-eGene-tissue triads). Consistent with the previous observations (Fadason et al., 2017;
Nyaga et al., 2018b), I found that eQTL effects for T1D and T2D were variably distributed
across different tissues (Figure 5-6). The top-ranked tissues with the highest number of
functional T1D eQTL-eGene interactions included whole blood, thyroid, skin, and
subcutaneous adipose tissues (Figure 5-6). Thyroid, tibial nerve, skin and subcutaneous
adipose tissues had the greatest numbers of regulatory impacts involving T2D eQTLs
(Figure 5-6). Moreover, it is notable that the tissues with the greatest deviation, that is, tibial
artery, tibial nerve, lower leg skin (Figure 5-6) are linked to diabetes-related complications
associated with lower limb amputation in T2D (Doria, 2010; Rani et al., 2017; Salem et al.,
2017). Lastly, tissue-specific enrichment analysis using TissueEnrich (R package; (Jain and
Tuteja, 2019)) identified thyroid tissue as having the highest level of enrichment for
expression of the genes that were regulated by eQTLs associated with T2D, whereas lymph
nodes, lung and spleen were the most enriched tissues for T1D (Figure 5-7).
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Figure 5-6 Expression QTLs have tissue-specific effects across human tissues.
The proportions of significant T1D and T2D eQTL-eGene interactions across tissues (x-axis) compared to the
number of GTEx tissue samples (circles). The top-ranked tissues with the highest number of functional T1D
eQTL-eGene interactions include whole blood, thyroid, skin and adipose tissues. T2D eQTLs were greatest in
the thyroid, tibial nerve, skin and subcutaneous adipose tissues. *Tissues with the same number of functional
T1D and T2D eQTL-eGenes interactions.

118

Figure 5-7 Tissue-specific enrichment for differentially expressed genes.
Enrichment for (a) T1D and (b) T2D differentially expressed genes (i.e. eGenes) using R package –
TissueEnrich (Jain and Tuteja, 2019). Thyroid tissue was identified as having the highest level of enrichment
for expression of the genes that were regulated by eQTLs associated with T2D, while lymph nodes, lung and
spleen were the most enriched tissues for T1D. The human protein atlas (HPA) RNA-seq dataset was set as
the reference panel for tissue enrichment.

It has been recently demonstrated that eQTLs associated with complex traits can have
opposing effects on gene regulation in different tissues (Mizuno and Okada, 2019).
Therefore, I sought to determine whether T1D and T2D eQTL effects on the 165
pleiotropic genes (excluding 30 HLA genes) occurred in the same or opposite directions. I
observed that a number of eQTLs impacted on the expression of shared genes in opposing
directions across the same tissues (Appendices: Supplementary Table 5-13). For example,
T1D cis-eQTLs rs12598357, rs12928404, and rs4788084 downregulated SULT1A1
transcript levels in the pancreas. By contrast, a T2D cis-eQTL rs8046545 upregulated
SULT1A1 in the pancreas (Figure 5-8a). Similarly, SULT1A2 pancreatic transcript levels
were upregulated by T1D cis-eQTLs (i.e. rs12598357, rs12928404, rs4788084). Again, the
T2D-associated cis-eQTL (i.e. rs8046545) downregulates SULT1A2 pancreatic transcript
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levels (Figure 5-8a). Of the SULT1A2 transcript levels regulating eQTLs, only rs8046545
and rs12928404 are in strong LD (R2 > 0.78) in people of European ancestry (Figure 5-8a).
I also identified instances where T1D and T2D eQTLs modulate the transcript levels of
shared genes in the same direction. For example, both rs151234 (T1D eQTL) and rs8046545
(T2D eQTL) downregulated the expression of SULT1A2 and TUFM in adipose and
pancreas, respectively (Figure 5-8b). In addition, both rs3130501 and rs3132524 (T2D
eQTLs), together with rs3129889 (T1D eQTL), co-modulate the expression of AGPAT1 in
the same direction in the liver (Figure 5-8b). Notably, rs151234 is not in linkage with
rs8046545 (R2 < 0.1), consistent with the SNPs marking distinct spatial regulatory elements
that are not co-inherited.
Further, I found that trans-eQTLs have mixed effects on transcript levels of shared genes.
For example, rs12203596 (T1D eQTL) upregulated IGF2BP2 in the transverse colon, while
rs35261542 (T2D eQTL) downregulated IGF2BP2 expression in the terminal ileum tissue
(Figure 5-8c). By contrast, APOM expression was downregulated by rs9273368 (trans-eQTL
associated with T1D, T2D, and LADA) and rs9273369 (trans-eQTL associated only with
T1D) in skeletal muscle tissues (Figure 5-8c). Notably, rs9273368 and rs9273369 are strongly
co-inherited (R2>0.8) in the African Yoruba population but not people of other ancestries.
Collectively, these results indicate that: (a) eQTL effects for T1D and T2D SNPs have
tissue-specific effects on gene expression; and (b) T1D and T2D SNPs can co-regulate genes
in the same tissue consistent with the existence of converging biological pathways.
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Figure 5-8 Cross-tissue expression profiles of pleiotropic genes uncover divergent mechanisms of
association with T1D and T2D.
(a) T1D and T2D cis-eQTLs are associated with spatial regulation of shared genes but in opposite directions
in the pancreas. (b) T1D and T2D cis-eQTLs have similar eQTL effects on shared genes across tissues. (c)
Trans-eQTLs have mixed effects on transcript levels of shared genes across tissues. aFC – allelic fold change,
which denotes the direction of eQTL effect [i.e. upregulated (+) or downregulated (-)]. cis – interactions within
1Mb on the same chromosome; trans – interactions >1Mb either on the same chromosome or interactions
>1Mb on different chromosomes. Linkage matrices between SNPs are based on European population and
were obtained from https://ldlink.nci.nih.gov/. A summary is available in Appendices: Supplementary Table
5-13.
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5.3.6 Protein–protein interaction network identifies drug repurposing
targets
Traits that share core genes or whose genes interact closely in biological pathways are
hypothesized to have correlated effects (Boyle et al., 2017). Therefore, STRING (Methods;
http://string-db.org; version 11 (Szklarczyk et al., 2019)) was used to construct the protein–
protein interaction (PPI) network for the 165 shared genes associated with both T1D and
T2D. Of the 165 genes analysed, I identified 137 nodes (i.e. functional proteins encoded by
the genes) and 117 edges (i.e. predicted functional associations) at a significant PPI
enrichment of p < 1.0 x 10-16 (Figure 5-9; Appendices: Supplementary Table 5-14). STRING
identified 6 PPI clusters (circled) using the K-means clustering algorithm (K-Means = 6) of
functional biological interactions within the overall network (Methods; Figure 5-9;
Appendices: Supplementary Table 5-15). These clusters included, for example, the hub of
highly connected genes (i.e. METTL15, SAMM50, PMPCA, SH2B1 and ATG16L1; Figure
5-9; Appendices: Supplementary Table 5-14) about the TUFM gene, which encodes the
mitochondrial translation elongation factor. This TUFM-associated hub is enriched in
regulatory proteins important for mitochondrial function (Chen et al., 2020; Lei et al., 2012;
Liu et al., 2016a; Matsuzawa-Ishimoto et al., 2017), consistent with the central role that
mitochondrial dysfunction is hypothesised to have in diabetes (Ruegsegger et al., 2018;
Zabielski et al., 2016).
Lastly, I hypothesized that the proteins within the PPI network represented high value
targets for therapeutic development. Therefore, the Drug Gene Interaction database
(DGIdb) was mined to identify shared genes that encode proteins that are targets for at least
one drug within the interaction networks. 25 of the 165 genes (~15%) identified encode
targets for FDA approved drugs (Appendices: Supplementary Table 5-16). The proteins
encoded by these genes interact directly with other proteins within the PPI network (Figure
5-9). Some of the drugs I identified (e.g. streptozotocin, pembrolizumab, nivolumab, and
doxorubicin) cause diabetes or diabetes-like symptoms (i.e. hyperglycemia) as side-effects of
usage. For example, streptozotocin targets the proteins encoded by TH and SULT1A2
(Appendices: Supplementary Table 5-16), and has been widely used experimentally to induce
diabetes in rodent models due to its toxic effects on pancreatic beta cells (Furman, 2015).
Pembrolizumab and nivolumab (targeting the protein encoded by MSH3) have been
reported to induce the development of insulin-dependent diabetes in cancer patients
(Stamatouli et al., 2018). Similarly, doxorubicin (targeting the protein encoded by ZEB1) has
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been shown to result in severe hyperglycemia and IR in an experimental rat model (de Lima
Junior et al., 2016) (Appendices: Supplementary Table 5-16).
Not all of the side-effects are negative. For example, sirolimus, targets the MAPK10 gene
product, has been shown to normalize glucose metabolism in diabetic mice (He et al., 2016;
Reifsnyder et al., 2016), decrease IR in diabetic rats (Zhou and Ye, 2018), and prevent IR in
humans (Krebs et al., 2007) (Appendices: Supplementary Table 5-16). Similarly, mitomycin
(another compound that targets the MAPK10 gene product) has been hypothesized to
suppress pro-inflammatory events and cause the induction of regulatory T cells
differentiation following islet allograft transplantation (Yamane et al., 2020).
Several of the drugs I identified have been trialed or repurposed for the treatment of
diabetes. For example, disulfiram (targeting ALDH2 gene product) has recently been shown
to normalize body weight and restore insulin responsiveness in obese mice (Bernier et al.,
2020). Similarly, pirfenidone and tretinoin (Appendices: Supplementary Table S16) have
been evaluated in clinical trials for the management of long-term diabetic complications, i.e.
diabetic nephropathy and diabetic foot-ulcers, respectively (Sharma et al., 2011; Tom et al.,
2005). Collectively, these findings highlight the potential for a genetics-informed and
network-based approach to understand and prevent adverse reactions while providing an
avenue for repurposing existing drugs in the management of diabetes.
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Figure 5-9 Protein-protein interaction network identifies existing drug targets that may impact
diabetes.
A protein-protein interaction network for the pleiotropic genes was constructed using string-db-org
(http://string-db.org; version 11 (Szklarczyk et al., 2019)) set to medium confidence of 0.400 and prediction
methods (i.e. genomic context prediction channels – neighbourhood, fusion, and co-occurrence; together with
co-expression, text mining, curated databases, and experiments). 137 nodes (i.e. genes encoding functional
proteins) were identified from an input of 165 genes at a PPI enrichment of p < 1.0 x 10-16. Nodes with at least
2 interactions are shown. PPI clusters were identified using the K-means clustering algorithm set to 6 clusters.
Dashed lines represent inter-cluster edges. Proteins with drug symbols are targets for existing FDA-approved
drugs from the Drug Gene Interaction Database (DGIdb; v3.0.2). A summary of the protein interaction
network with the respective interaction scores is available in Appendices: Supplementary Table 5-14. A
summary of the drug-gene interactions from DGIdb is available in Appendices: Supplementary Table 5-16.
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5.4. Discussion
In this study, I have identified how genetic variation associated with T1D and T2D
impacts on common biological pathways through putative gene regulatory networks that
include both shared and unique genes. Notably, transcript levels of genes associated with
eQTLs for the highly discriminatory PRS for T1D (T1D-GRS2) showed greater overlap with
T2D-associated eQTLs than was observed when comparing transcript levels of genes
associated with T2D-GRS and T1D-associated eQTLs. Yet, there was no significant genetic
correlation detected in people of European ancestry (using UKBB data). Thus, these findings
are consistent with forms of T1D and T2D having overlapping biological mechanisms that
arise from regulatory impacts on shared genes and pathways. However, it appears that a
genetic risk profile for T1D alters more biological pathways that increase the risk of
developing both T1D and T2D, than the reverse.
It has been suggested that the development of complex ‘related’ traits can be driven by
tissue-and disease-specific eQTL effects on the regulation of common genes (Mizuno and
Okada, 2019). Consistent with this, I observed the upregulation of SH2B1 in adipose and
pancreatic tissues by a T2D eQTL and the downregulation of SH2B1 expression by a T1D
eQTL across the same tissues. While the eQTLs I identified are associated with a life-long
reduction or increase in expression relative to the reference genotype, this is still
environmentally modifiable by epigenetic mechanisms (Mizuno and Okada, 2019). However,
it is worth noting that SH2B1 overexpression in the hypothalamus was recently reported in
a mouse model to protect against obesity and metabolic disease, including diet-induced IR
(Jiang et al., 2020).
Further support for the impact of disease-specific genetic variation on shared genes is
obtained from the opposing T1D and T2D trans-eQTL effects on diacylglycerol kinase beta
(encoded by DGKB), whose kinase family has been implicated in peripheral IR and abnormal
glucose uptake (Chibalin et al., 2008; Montell et al., 2001). Similarly, T1D- and T2D-specific
eQTL effects were observed on SULT1A1 and SULT1A2, which encode enzymes involved
in amine metabolism and lipid metabolic pathways (Chevereau et al., 2017; Gamage et al.,
2006; Gutierrez-Aguilar et al., 2012). Therefore, I contend that these results support the
hypothesis that genetic risk impacts tissue-specific regulation of shared genes, thereby
influencing the aetiology of T1D and T2D through similar metabolic pathways but different
mechanisms.
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The protein-protein interaction network revealed an intricate metabolic network
involving the shared genes regulated by both T1D and T2D eQTLs. For example, a hub
protein, apolipoprotein M (encoded by APOM), is a key regulator of high-density lipoprotein
metabolism that subsequently modulates the efflux of cholesterol and atherosclerosis
susceptibility (Wolfrum et al., 2005). Another hub protein, AGPAT1, together with
AGPAT2, play essential roles in the biosynthesis of glycerophospholipids and is
hypothesised to play a role in the development of IR (Agarwal et al., 2011). Notably, IR is a
prominent feature for both T1D and T2D (Arslanian et al., 2018; Cree-Green et al., 2015)
and has been demonstrated to impact on lipid and lipoprotein metabolism, ultimately
resulting to dyslipidaemia and diabetes-associated vascular complications (Guy et al., 2009;
Xu et al., 2015).
Diabetes is a very heterogeneous disease in regard to the clinical, genetic, immunologic,
and metabolic features that define disease onset and progression (Tuomi et al., 2014).
Notably, genetic risk scores for T1D and T2D have been instrumental in predicting diseaseonset (Sharp et al., 2019; Vassy et al., 2014). However, their predictive ability is limited by
the low amount of heritability they explain (Marigorta et al., 2017). Therefore, since most
disease-associated SNPs regulate transcript levels of genes (which is in a sense closer to the
phenotype), understanding how these SNPs influence gene expression is important to
identify genes whose association with disease is either through protection, promotion, or
pleiotropy (Marigorta et al., 2017). For example, the autoimmune LADA phenotype is
considered a genetic admixture of T1D and T2D due to its association with TCF7L2, a
transcription factor that is also associated with T2D risk (Lukacs et al., 2012; Lyssenko et al.,
2007).
Interestingly, my analysis identified spatial regulatory elements within the TCF7L2 locus
associated with the expression of immune regulatory genes, as well as genes involved in
insulin signalling pathways. One key finding was the identification that T2D eQTLs, within
TCF7L2, and a T1D eQTL that trans-regulate the ZEB1 gene. ZEB1 encodes a zinc finger
transcription factor that functions as a key regulator of T cell signalling and differentiation
in the thymus (Zhang et al., 2020). Therefore, I contend that the TCF7L2 locus encompasses
a regulatory hub for genes important for the aetiology of T1D and T2D. This conclusion
corroborates observations of TCF7L2 associated gene regulatory impacts (Xia et al., 2016)
and studies reporting that TCF7L2 SNPs are associated with the presence of islet
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autoantibodies in LADA, as well as recent-onset T1D patients (Redondo et al., 2018a;
Zampetti et al., 2010).
This study identified targets for drugs associated with adverse reactions through the
integration of PPI networks and drug-gene interactions. For example, streptozotocin and
dacarbazine, which target pleiotropic proteins, have been demonstrated to induce the
development of diabetes (Dispenzieri and Loprinzi, 1997; Graham et al., 2011). By contrast,
sirolimus is reported to prevent IR in humans (Krebs et al., 2007). At the same time, the
efficacy of pirfenidone and tretinoin has been evaluated in the management of diabetic
nephropathy and foot-ulcers, respectively (Sharma et al., 2011; Tom et al., 2005). Moreover,
disulfiram, which is used for the treatment of alcoholism, has been shown to normalize fat
mass and insulin sensitivity in diet-induced obese mice and repurposing of this drug in the
clinic has been suggested as a strategy to treat obesity and related metabolic complications
(Bernier et al., 2020). Notably, studies on monogenic forms of diabetes such as neonatal
diabetes have provided a proof-of-concept that an individual’s genotype can guide the
treatment modality (Bowman et al., 2018; Pearson et al., 2006). Therefore, it seems plausible
that genetics-informed and network-based prescription could provide an avenue for
repurposing existing drugs while preventing adverse drug reactions.
This study has limitations. Firstly, the genetic correlation and colocalisation analyses were
performed using genome-wide genotype data of individuals of the European ancestry,
reflecting that over 90% of GWA studies on T1D have been performed in populations of
European ancestry. Secondly, the colocalisation test assumes a single causal variant for a trait
(Wallace, 2020). Moreover, it ignores the fact that transcript levels of genes can be modified
through various mechanisms, not all of which are necessarily associated with disease risk
(Wallace, 2020). Furthermore, the lack of complete colocalisation between disease and eQTL
signals could indicate that the right SNP-gene-tissue triads were eliminated from the tests by
selecting only the SNP-gene pairs with the lowest p-values. Nonetheless, our analyses
revealed partial colocalisation between disease and spatial eQTL signals. Therefore, I
contend that experimental manipulation through CRISPR will be required to establish
causality.
Thirdly, the genetic admixture of GWAS SNPs, together with the inclusion of GWAS
SNPs associated with phenotypes that are not classically defined as T1D could limit the
generalization of pleiotropic effects. Nonetheless, the inclusion of highly predictive SNPs
used in polygenic risk scores for T1D and T2D from populations with fairly similar genetic
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linkage strongly supports the identified co-transcriptional regulation of shared genes for T1D
and T2D. Fourthly, the CoDeS3D analysis involved the use of datasets from ‘whole’
pancreatic tissue, which contains a mixture of endocrine and exocrine cells. Future studies
should limit their analyses to single cell types to confirm the pleiotropy I identified. Finally,
the integration of extensive Hi-C datasets increases the power to detect more cell type and
developmental stage-specific functional chromatin interactions to understand the genetic
basis of complex diseases at the systems-level. However, as the number of tests increases,
correcting for multiple testing using the Benjamini–Hochberg (BH) procedure is
conservative (Benjamini and Hochberg, 1995). This could potentially result in an underestimate of the extent of shared gene overlap between T1D and T2D, thereby
underestimating the identification of pleiotropic genes. Nevertheless, the BH procedure
corrects for multiple testing by ranking p-values (Benjamini and Hochberg, 1995), which
ensures a very high probability of true-positives, thereby increasing the confidence of eQTL
associations.

5.4.1 Conclusion
The findings in this study support the existence of common genetic regulatory
mechanisms that co-regulate genes that mediate pleiotropic effects on T1D and T2D.
Notably, my results further support the role of TCF7L2 locus, a well-known T2D
susceptibility region, as a key regulatory hub that modulates transcript levels of genes
involved in immune regulation, as well as genes important in the aetiology of T2D.
Empirical studies that integrate plasmid-based reporter genes and genome editing techniques
(i.e. CRISPR-Cas9 system) will further refine our understanding of these regulatory
interactions and their roles in the development of islet autoimmunity, T1D and T2D.
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Chapter 6.
Validation of the Regulatory Effects of T1D SNPs on
Transcriptional Control of Gene Expression

Part of the work presented in this chapter is currently under review in the Journal of
Communication Biology:
Ho, D*., Nyaga, D. M*., Schierding, W., Saffery, R., Vickers, M. H., Perry, J. K., Taylor, J.
A., Kempa-Liehr, A. W. & O’Sullivan, J. M. Machine learning identifies the lung as a
susceptible site for allele specific regulatory changes associated with risk for type 1 diabetes.
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In the previous chapters, I have used population-level studies to putatively identify
genetic variants (i.e. SNPs) that are important for the modulation of immune system
responses, as well as in the regulation of insulin secretion, signalling and responses that
contributes to the development of either type 1 diabetes (T1D) or type 2 diabetes (T2D). In
this chapter, I use a luciferase reporter assay to confirm the impact of the regions tagged by
the SNPs associated with the development of islet autoimmunity (IA) and the progression
to T1D in young children on gene regulation.

6.1. Background
Studies in Chapter 3 identified that SNPs associated with T1D development are located
within putative regulatory sequences that potentially modulate transcript levels of genes
through tissue-specific spatial interactions (Nyaga et al., 2018b). The analyses I employed
also involved the integration of data on functional elements (e.g. enhancers and promoters)
from the ENCODE and ROADMAP databases (Dunham et al., 2012; Kundaje et al., 2015),
which support the regulatory potential of the identified spatial interactions (Nyaga et al.,
2018b). The discovery and annotation of regulatory elements by ENCODE and
ROADMAP projects is accomplished through the sequencing of a diverse range of genomic
regions (i.e. human tissues and cells from embryos and adults), which is supplemented by
comparative genomics, integrative bioinformatics, and manual curation (Dunham et al.,
2012; Kundaje et al., 2015). As such, these projects provide a representative view of how
epigenomic elements regulate the expression of genes in the human body (Farh et al., 2014;
Leung et al., 2015; Tsankov et al., 2015; Ziller et al., 2015).
Epigenomic projects (e.g. ENCODE and ROADMAP), together with other highthroughput studies infer regulatory potential from histone chromatin marks that serve as
regulatory proxies (Farh et al., 2014; Gate et al., 2018; Kasowski et al., 2013; McVicker et al.,
2013; Polak et al., 2015; Rivera and Ren, 2013). For example, the modification of histones
by the addition of a trimethyl group (i.e. H3K27me3) correlates with the transcriptional
repression of the corresponding DNA loci, whereas the acetylation of the histone (i.e.
H3K27ac) is linked with transcriptional activation (Rivera and Ren, 2013). However, such
annotations only provide inferred information about the transcriptional impact as alterations
in chromatin state do not always directly translate to a change in the regulatory activity, or
vice-versa (van Arensbergen et al., 2019). This limitation applies to chromatin modifications
and also to our understanding of the regulatory effects of SNPs at the transcriptional level.
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Plasmid-based reporter assays have been employed to quantitatively measure the
enhancer or promoter activity of regulatory elements (Inoue and Ahituv, 2015; Tewhey et
al., 2016). In brief, DNA fragments carrying each allele are inserted into a reporter plasmid
containing a minimal promoter that drives the expression of a reporter gene (e.g. luciferase
gene). As the minimal promoter is insufficient to drive expression of the luciferase reporter
gene without a functional regulatory element, the enhancer activity can be quantitatively
measured upon transfection into cells (Melnikov et al., 2014).
Several studies have demonstrated the ability of the plasmid-based reporter assays to
screen the functional effects of thousands of different regulatory sequences (van
Arensbergen et al., 2019; Barakat et al., 2018; Kheradpour et al., 2013; Tewhey et al., 2016;
Vockley et al., 2015; Ward and Kellis, 2012). Predictions from the CoDeS3D analyses are
putative until empirically proven. As such, it is imperative to assay the putative enhancers
identified by CoDeS3D that are marked by SNPs associated with the development of T1D.
Here, I used a plasmid-based luciferase reporter assay to characterise the regulatory
activity of SNPs associated with the development of islet autoimmunity (IA) and the
progression to T1D in young children. Characterising the activity of these spatial regulatory
regions will therefore enhance our understanding of how genetic variation contributes to the
aetiology and pathogenesis of T1D.
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6.2. Methods
6.2.1 Selection of SNPs associated with age-at-onset of T1D
A total of 31 genotyped and imputed SNPs (Table 6-1) associated with age-at-onset of
T1D were obtained from prospective cohort studies (Bonifacio et al., 2011; Frederiksen et
al., 2013; Sharma et al., 2018; Steck et al., 2014), 25 of which were identified to mark spatial
regulatory elements by CoDeS3D (i.e. spatial eQTLs for 91 genes; Table 6-2). Of the 25
eQTLs, CoDeS3D analysis was performed and described in section 4.2.2.
I selected 10 SNPs for validation using the luciferase reporter assay (Table 6-2). The
selected set included a SNP that: 1) tags the high risk HLA genotype (rs7454108); 2) is in
perfect linkage with the INS-VNTR locus (rs3842727); 3) is associated with GADA as the
first autoantibody in young-onset T1D (rs9934817); 4) is associated with islet autoimmunity
but not progression to T1D (rs3184504); 5) is associated with both insulin and multiple
autoantibodies, but not progression to T1D and was the top predictive lung eQTL in the
machine learning algorithm in Chapter 4 (rs6679677) ; 6) is associated with an increased risk
of developing islet autoimmunity at younger ages (before 2 years) but is not in older ages (i.e.
age-related effect [rs10517086]); 7) is associated with development of IA only (rs1893217),
and a SNP within UBASH3A (rs11203203) associated with development of IA and T1D in
DAISY cohort ; 8) is located within CTLA4 (rs231775), which is associated with progression
from IA to T1D, but not development of IA; and 9) is within the IL2RA locus and is
associated with age-at-diagnosis and T1D development in children delivered by caesarean
section (rs11594656).
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Table 6-1 SNPs associated with the age-at-onset of T1D
SNPs
rs11203203
rs11705721
rs9976767
rs2476601
rs73043122
rs7020673
*rs113306148
rs689
rs6679677
*rs1990760
rs428595
rs3842727
*rs2040410
*rs28600853
rs3184504
rs7454108
rs9934817
rs12708716
*rs2187668
rs231775
rs7574865
rs1893217
rs3087243
rs660895
*rs2111485
rs10517086
rs12722495
rs3788013
rs2292239
rs11594656
rs229541
A total of 31 genotyped and imputed SNPs associated with age-at-onset of T1D were obtained from
prospective cohort studies (Bonifacio et al., 2011; Frederiksen et al., 2013; Sharma et al., 2018; Steck et al.,
2014). *Non-significant eQTLs for T1D SNPs.
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Table 6-2 Spatial regulatory interactions for SNPs associated with the age-at-onset of T1D
T1D eQTL
Chr. Gene
Gene p -value
Adj
Effect
Regulatory
Name
Chr.
p -value
Size
interaction
rs10517086
4
RBPJ
4
1.48E-05
0.004963
-0.25
Cis
rs10517086
4
FBXL5
4
2.68E-05
0.008401
0.14
Trans
rs10517086
4
AFAP1-AS1
4
5.77E-05
0.016341
0.21
Trans
rs11203203
21
FHIT
3
0.00018
0.042265
0.26
Trans
rs11203203
21
TIAM1
21
0.000156
0.037541
0.41
Trans
rs11203203
21
XKR6
8
7.40E-05
0.020212
0.55
Trans
rs11203203
21
CDC42BPA
1
3.46E-05
0.010481
-0.44
Trans
rs11594656
10
TACC1
8
0.000196
0.045442
-0.25
Trans
rs11594656
10
RBM17
10
8.49E-06
0.003044
0.31
Cis
rs11594656
10
IL2RA
10
9.30E-06
0.003291
0.38
Cis
rs11705721
3
PXK
3
8.50E-11
8.08E-08
-0.28
Cis
rs11705721
3
PDHB
3
8.88E-06
0.003163
0.13
Cis
rs11705721
3
RPP14
3
0.000111
0.028317
0.26
Cis
rs11705721
3
ABHD6
3
6.64E-10
5.56E-07
0.24
Cis
rs11705721
3
DALRD3
3
4.29E-05
0.012661
-0.36
Trans
rs11705721
3
STAB1
3
9.52E-05
0.025014
0.32
Trans
rs11705721
3
RP11-802O23.3
3
7.13E-05
0.019589
-0.45
Cis
rs11705721
3
KCTD6
3
3.34E-06
0.00132
-0.22
Cis
rs11705721
3
ACOX2
3
9.05E-06
0.003217
-0.18
Cis
rs11705721
3
RP11-359I18.5
3
0.000108
0.027767
0.53
Cis
rs11705721
3
ASB14
3
9.93E-05
0.025894
-0.38
Trans
rs12708716
16
RP11-876N24.5
16
0.000115
0.029282
0.23
Cis
rs12708716
16
NUP93
16
0.000184
0.043066
0.14
Trans
rs12708716
16
NEO1
15
0.000132
0.032756
0.16
Trans
rs12708716
16
HNRNPCP4
16
4.30E-08
2.62E-05
-0.32
Cis
rs12708716
16
RMI2
16
2.75E-06
0.001106
0.27
Cis
rs12722495
10
ITIH5
10
9.62E-05
0.025215
-0.37
Trans
rs1893217
18
RP11-973H7.1
18
3.25E-05
0.009926
0.44
Cis
rs1893217
18
RP11-861E21.2
18
5.04E-05
0.014551
0.71
Cis
rs1893217
18
THSD4
15
2.41E-05
0.007624
0.55
Trans
rs2292239
12
RPS26
12
2.71E-61
5.40E-57
-0.96
Cis
rs2292239
12
SUOX
12
1.02E-08
6.98E-06
0.25
Cis
rs2292239
12
IKZF4
12
0.000148
0.035984
-0.21
Cis
rs2292239
12
RAB5B
12
2.57E-33
1.67E-29
0.34
Cis
rs2292239
12
STAT2
12
3.19E-05
0.009779
-0.14
Cis
rs229541
22
KIAA0556
16
0.000188
0.043821
-0.34
Trans
rs229541
22
RP11-141M1.3
13
0.000217
0.049369
0.46
Trans
rs229541
22
GCAT
22
7.45E-05
0.02033
0.20
Cis
rs229541
22
C1QTNF6
22
1.24E-06
0.000544
-0.17
Cis
rs229541
22
FGGY
1
4.88E-05
0.014154
-0.20
Trans
rs229541
22
SYS1
20
0.000165
0.039463
0.19
Trans
rs229541
22
RAC2
22
3.06E-06
0.001221
0.09
Cis
rs231775
2
FMNL2
2
0.000104
0.027006
-0.32
Trans
rs231775
2
CTLA4
2
1.01E-07
5.72E-05
-0.35
Cis
rs2476601
1
AP4B1-AS1
1
0.000124
0.031211
0.47
Cis
rs2476601
1
PHTF1
1
0.000165
0.039387
0.32
Cis
rs3087243
2
CTLA4
2
3.66E-05
0.011011
0.19
Cis
rs3184504
12
ALDH2
12
1.33E-07
7.38E-05
-0.23
Cis
rs3184504
12
FOXP1
3
0.000137
0.033889
-0.13
Trans
rs3184504
12
ANKRD13A
12
0.000189
0.044016
0.12
Trans
rs3184504
12
FAM216A
12
0.000165
0.03944
-0.17
Cis
rs3788013
21
SLC37A1
21
6.43E-05
0.017934
0.18
Cis
rs3842727
11
IGF2-AS
11
3.19E-05
0.00978
-0.50
Cis
rs3842727
11
SHANK2
11
2.56E-05
0.00805
-0.29
Trans
rs3842727
11
KRTAP5-1
11
0.000202
0.046587
-0.23
Cis
rs3842727
11
PPFIA1
11
3.29E-05
0.010041
0.17
Trans
rs3842727
11
TH
11
0.00018
0.042378
0.26
Cis
rs428595
22
CRYBB2P1
22
0.000109
0.028062
1.34
Trans
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Table 6-2 (Continued)
Gene
Gene p -value
Adj
Effect
Regulatory
Name
Chr.
p -value
Size
interaction
rs428595
COMMD1
2
3.66E-05
0.011013
1.06
Trans
rs428595
CCDC149
4
7.27E-05
0.019904
-2.10
Trans
rs428595
NLGN1
3
3.04E-05
0.009389
-2.10
Trans
rs428595
SETX
9
2.35E-05
0.007455
1.57
Trans
rs428595
TRIOBP
22
8.02E-07
0.000371
-1.56
Trans
rs428595
CDH4
20
0.000162
0.038834
1.68
Trans
rs428595
LARGE
22
0.000105
0.027172
0.87
Trans
rs428595
DGCR6L
22
0.000167
0.039733
-0.61
Trans
rs428595
RP11-23D24.2
3
1.64E-05
0.005445
0.88
Trans
rs660895
HLA-DRB6
6
2.07E-09
1.59E-06
0.51
Cis
rs660895
HLA-DQB1
6
9.93E-12
1.07E-08
-0.49
Cis
rs660895
PFDN6
6
9.73E-05
0.025433
0.14
Cis
rs660895
HLA-DRB1
6
3.53E-11
3.56E-08
-0.33
Cis
rs660895
HLA-DQB1-AS1
6
0.000211
0.04823
-0.26
Cis
rs660895
HLA-DQA1
6
7.23E-11
6.96E-08
-0.37
Cis
rs660895
HLA-DQA2
6
1.77E-35
1.29E-31
1.01
Cis
rs660895
HLA-DQB2
6
0.000148
0.036131
0.35
Cis
rs660895
PRRT1
6
0.000115
0.029282
0.28
Cis
rs660895
KHDRBS2
6
1.56E-05
0.005213
0.30
Trans
rs660895
XXbac6
0.000131
0.032608
-0.50
Cis
BPG154L12.4
rs660895
6
USP49
6
7.46E-05
0.020353
0.21
Trans
rs660895
6
HLA-DOB
6
0.000131
0.032512
0.53
Cis
rs660895
6
TAP2
6
0.00016
0.03834
-0.17
Cis
rs660895
6
CCHCR1
6
0.000152
0.036757
-0.22
Trans
rs6679677
1
AP4B1-AS1
1
0.000166
0.039652
-0.28
Cis
rs689
11
IGF2-AS
11
2.14E-05
0.006874
-0.52
Cis
rs689
11
SHANK2
11
6.18E-06
0.002292
-0.32
Trans
rs689
11
PPFIA1
11
7.35E-05
0.020086
0.16
Trans
rs689
11
TH
11
4.90E-06
0.001862
0.32
Cis
rs7020673
9
EIF4ENIF1
22
9.14E-05
0.024209
-0.22
Trans
rs73043122
6
C6orf123
6
2.73E-06
0.001097
1.16
Cis
rs7454108
6
TAP2
6
2.75E-09
2.08E-06
-0.39
Cis
rs7454108
6
HLA-DRB1
6
2.15E-06
0.00089
-0.32
Cis
rs7454108
6
HLA-DRB6
6
2.40E-12
2.84E-09
0.79
Cis
rs7454108
6
HLA-DQB1
6
5.05E-08
3.03E-05
-0.52
Cis
rs7454108
6
HLA-DOB
6
1.53E-10
1.40E-07
0.58
Cis
rs7454108
6
HLA-DQA1
6
1.50E-09
1.19E-06
-0.46
Cis
rs7454108
6
HLA-DQA2
6
3.28E-20
8.67E-17
1.05
Cis
rs7454108
6
HLA-DQB1-AS1
6
1.00E-06
0.000453
-0.44
Cis
rs7454108
6
PRRT1
6
3.65E-05
0.010991
0.41
Cis
rs7454108
6
HLA-DQB2
6
9.68E-05
0.025343
0.36
Cis
rs7454108
6
LINC00243
6
2.14E-06
0.000885
-0.58
Trans
rs7454108
6
VPS52
6
0.00015
0.036469
0.21
Cis
rs7454108
6
MLIP
6
0.000206
0.047278
0.28
Trans
rs7574865
2
TTN
2
0.000109
0.028035
-0.15
Trans
rs7574865
2
BAZ2B
2
0.000218
0.049441
0.14
Trans
rs9934817
16
KIAA0556
16
5.95E-05
0.016771
0.75
Trans
rs9934817
16
HYDIN
16
8.62E-06
0.003086
0.62
Trans
rs9976767
21
INO80
15
0.000148
0.035944
-0.23
Trans
rs9976767
21
PHF20
20
0.00019
0.044229
0.26
Trans
Significant spatial interactions between T1D-associated eQTLs and genes (FDR < 0.05). Non-redundant
interactions between eQTLs and genes from CoDeS3D analysis performed and described in section 4.2.2.
Genes expressed at >1.0 Reads Per Kilobase of transcript per Million mapped (RPKM) in at least one GTEx
tissue were included. A summary of the tissue-specific effects for the eQTLs is available in Appendices:
Supplementary Table 3-2.
T1D eQTL

SNP
Chr.
22
22
22
22
22
22
22
22
22
6
6
6
6
6
6
6
6
6
6
6
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6.2.2 Sequence design and synthesis
The reporter assay methodology used in this study (Figure 6-1) is a modification of
(Melnikov et al., 2014). DNA sequences flanking the SNPs (i.e. 150bps [74bp 5’ – ref/alt
allele – 75bp 3’] of both reference and alternative sequences) were derived from human
genome reference hg19/GRChr37 (http://asia.ensembl.org/). The reference and alternative
allele position was adjusted for sequences that contained recognition sites for SfiI, XbaI or
KpnI enzymes (i.e. rs2040410, rs1893217, rs11594656, and rs9934817) (see Appendices:
Supplementary Table 6-1). The sequences were synthesised by Integrated DNA
Technologies (IDT).
To ensure compatibility with the pMPRA vectors (pMPRA1 and pMPRAdonor2), each
sequence was designed using the following template: 5’-ACTGGCCGCTTCACTG-varGGTACCTCTAGAAGATCGGAAGAGCGTCG-3’ (i.e. var denotes the 150bp sequence
to be assayed) (Figure 6-1). The variable region (var) was separated by a pair of KpnI
(GGTACC) and XbaI (TCTAGA) restriction sites to facilitate directional ligation of a
reporter gene fragment between them. PCR amplification was performed using primer
sequences (Table 6-3) to add two distinct SfiI (GGCCNNNNNGGCC) tails, which ensures
directional ligation of the oligonucleotide into the pMPRA1 backbone (Figure 6-1). The PCR
reaction was set up (see Table 6-4) and incubated in a thermal cycler for 30 PCR cycles (i.e.
initial denaturation at 94°C for 2 minutes, 30 × [denaturing at 94°C for 15 seconds; primer
annealing at 55°C for 15 seconds; extension at 68°C for 15 seconds]). An aliquot of the
amplification product (10 μL plus gel loading buffer) was run on a 2% (w/v) agarose/TAE
gel (i.e. at 100 V for 45 minutes) to visualise and verify that the product was the correct size
(~200bp) and that there were no non-specific amplification products.
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Table 6-3 Primer sequences for adding Sfi I tails using PCR
Primer
Sequence
MPRA_SfiI_F (forward primer)
GCTAAGGGCCTAACTGGCCGCTTCACTG
MPRA_SfiI_R (reverse primer)
GTTTAAGGCCTCCGTGGCCGACGCTCTTC
The primer sequences were synthesised by Integrated DNA Technologies (IDT).

Table 6-4 The PCR reaction for the addition of the Sfi I tails
Reagent
50μL PCR reaction
1
Platinum™ II Taq Hot-Start DNA Polymerase
0.4 μL
5X Platinum™ II PCR Buffer1
10 μL
10 mM dNTP mix2
1 μL
10 μM MPRA_SfiI_F (forward primer)3
1 μL
10 μM MPRA_SfiI_R (reverse primer)3
1 μL
Oligonucleotide template (0.5-500 ng)3
variable
Nuclease-free water4
to 50 μL
1Purchased from ThermoFisher (catalogue #14966001).
2Purchased from New England Biolabs (NEB; catalogue #N0447S).
3Synthesised by Integrated DNA Technologies (IDT).
4Purchased from Qiagen (catalogue #129114).
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Figure 6-1 A flow chart of the plasmid-based reporter assay methodology.
(a) Simplified maps of pMPRA1 and pMPRAdonor2 plasmid vectors. The pMPRA1 plasmid contains two SfiI
restriction sites for directional ligation of the oligonucleotide sequences. The pMPRAdonor2 contains KpnI
and XbaI restriction sites to facilitate directional ligation of the luciferase (luc2) reporter gene fragment, together
with the minimal TATA-box promoter (minP) within the oligonucleotide sequences. (b) Oligonucleotide
sequences used in the reporter assay are synthesised DNA sequences flanking the T1D SNPs (i.e. reference
and alternative sequences) and containing a pair of KpnI (GGTACC) and XbaI (TCTAGA) restriction sites for
directional ligation of the reporter gene fragment. PCR amplification is performed to add two distinct SfiI tails
for directional ligation of the oligonucleotide sequences into the pMPRA1 backbone. Transformation of the
plasmid containing the oligonucleotide sequences is performed in competent E. coli cells. The plasmid DNA is
extracted from E. coli following successful transformation (i.e. presence of colonies). The extracted plasmid
DNA is digested with KpnI and XbaI, and the luciferase gene (luc2) fragment is ligated within the sequence.
Transformation of the plasmid is again performed using competent E. coli cells. Following a successful
transformation, plasmid DNA is extracted and sequenced to confirm the absence of indels. The plasmid DNA
is transiently transfected into cells, and luciferase activity is assessed after 48 hrs in a luminometer. This assay
is a modification of (Melnikov et al., 2014). Figure part (a) is modified from https://www.addgene.org/; and
part (b) is redrawn from (Melnikov et al., 2012). pMPRA1 – Addgene: plasmid #49349. pMPRAdonor2 –
Addgene: plasmid #49353.
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6.2.3 Cloning and transformation of the oligonucleotides into the
pMPRA1 vector
PMPRA1 was linearized by digesting with SfiI at 50°C for 2 hr (for the reaction setup see
Table 6-5). The restriction digestion reaction was loaded and electrophoresed on a 0.8%
(w/v) agarose/TAE gel (i.e. at 60 V for 1 hour), the 2.5kb backbone band corresponding to
the linearized vector was excised and purified using the ZymocleanTM Gel DNA Recovery
Kit (Zymo Research; catalogue #D4007) according to the manufacturer’s instructions.
PCR amplicons (from section 5.2.2.) were digested with SfiI at 50°C for 2 hr (Table 6-5),
electrophoresed and purified using the ZymocleanTM Gel DNA Recovery Kit (Zymo
Research) as specified by the manufacturer. Ligation of the SfiI-digested oligonucleotides
into the linearized pMPRA1 vector backbone (i.e. the 2.5kb) was performed according to
(Melnikov et al., 2014) by incubating 100 ng of the digested oligonucleotide product with 50
ng of linearized vector backbone in the presence of T4 DNA ligase at 16°C overnight (for
the reaction setup see Table 6-6). The ligation reaction was then heated at 65°C for 20 min
to inactivate the ligase.
Table 6-5 The restriction enzyme digestion reaction
Reagent
50μL restriction reaction
Restriction Enzyme (SfiI/KpnI/XbaI)1
1 μL
10X Buffer (CutSmart)1
5 μL (1 X)
Amplified oligonucleotide/plasmid DNA
1 μg
Nuclease-free water2
to 50 μL
1Purchased from New England Biolabs (SfiI #R0123S; KpnI #R3142S; XbaI #R0145S).
2Purchased from Qiagen (catalogue #129114).

Table 6-6 The reaction mix for plasmid cloning of DNA fragments
Reagent
20μL ligation reaction
Insert: Vector Molar Ratio
3:1
5X Ligase Reaction Buffer1
4 μL
Vector DNA (2.5kb)
50 ng
Insert DNA (200bp)
12 ng
T4 DNA Ligase (units)1
1 unit (in 1 μL)
Nuclease-free water2
to 20 μL
1Purchased from ThermoFisher (catalogue #EL0014).
2Purchased from Qiagen (catalogue #129114).
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Competent E. coli cells (i.e. DH5-alpha cells) were prepared using the Mix and Go E. coli
Transformation Kit (Zymo Research; catalogue; T3001) according to the manufacturer’s
instructions. To transform Mix & Go competent cells with the ligation products,
microcentrifuge tubes of competent DH5-alpha cells (100 μL) were thawed on ice. Ligation
products (1-5 μL) were then mixed gently (by flicking) with the competent cells and
immediately placed on ice for 5 minutes. After the incubation in ice, the transformed
competent cells were spread onto pre-warmed LB agar plates (i.e. a preparation of sterile
molten gel mix of 10 g of Tryptone, 10 g of NaCl, 5 g of yeast extract, and 15 g of agar-agar
in a litre of ultrapure water and a final concentration of 100 μg/mL Ampicillin) and incubated
at 37°C overnight. Single colonies were then picked and inoculated into 5 ml of LB media
(i.e. a preparation of sterile mix of 10 g of Tryptone, 10 g of NaCl, and 5 g of yeast extract
in a litre of ultrapure water) supplemented with 100 μg/ml Ampicillin and incubated
overnight at 37°C in a shaking incubator (~ 200 rpm). Plasmid DNA was subsequently
extracted using the QIAprep Spin Miniprep Kit (Qiagen; catalogue #27104) according to
manufacturer’s instructions.
To confirm the presence of inserts, an aliquot (1 μg) of the isolated plasmid DNA was
digested with SfiI at 50°C for 2 hr (Table 6-5) and visualised after separation on a 0.8% (w/v)
agarose/TAE gel at 60 V for 1 hour. Additionally, to verify successful cloning of the
oligonucleotides, PCR amplification was performed on the extracted plasmid DNA (reaction
was set up as Table 6-4) using primers in Table 6-7. The plasmid DNA was also Sanger
sequenced (Massey Genome Service at Massey University) using primers in Table 6-7 to
ensure that the sequence of the cloned oligonucleotides was maintained (i.e. checking for
indels). Once the integrity of the inserts was confirmed, the plasmid DNA (pMPRA1 plus
inserts) was then linearized by cutting using KpnI and XbaI to facilitate directional ligation of
the reporter gene fragment. To maximize the digestion efficiency, the plasmid (pMPRA1
plus inserts) was first digested with KpnI at 37°C for 1 hr (as outlined in Table 6-5), purified
using magnetic beads and then digested with XbaI with the addition of 1 U Shrimp Alkaline
Phosphatase at 37°C for 2 hr (Table 6-5). Restriction digestion reactions were then heatinactivated (65°C for 5 min) and purified using the QIAquick PCR Purification Kit (Qiagen;
catalogue #28006) according to the manufacturer’s instructions.
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Table 6-7 Primer sequences used for plasmid DNA amplification and Sanger sequencing
Primer
Sequence
RVprimer3 (forward primer)
CTAGCAAAATAGGCTGTCCC
EBV-rev (reverse primer)
GTGGTTTGTCCAAACTCATC
Luciferase (forward primer)
GAGATCGTGGACTATGTGGC
Primer sequences were synthesised by Integrated DNA Technologies (IDT).

A compatible luc2 open reading frame (ORF) fragment was prepared from
pMPRAdonor2 by digesting the purified plasmid (1 μg) with KpnI and XbaI at 37 °C for 1
hr (as outlined in Table 6-5). The restriction digestion reaction was stopped and separated
by electrophoresis on a 0.8% (w/v) agarose/TAE gel at 60 V for 1 hour. The luc2 ORF (1.7
kb band) was then excised and purified using the ZymocleanTM Gel DNA Recovery Kit
(Zymo Research) as specified by the manufacturer. The luc2 ORF fragment was cloned into
the linearized plasmid (i.e. the KpnI and XbaI-digested pMPRA1 containing the
oligonucleotides) and transformed into Mix & Go competent cells as described earlier. To
confirm successful cloning of the luc2 ORF fragment (i.e. pMPRA1 + oligonucleotides +
luc2 ORF fragment; Figure 6-1), an aliquot of the extracted plasmid DNA was digested with
KpnI at 37°C for 1 hr (Table 6-5) and separated by electrophoresis on a 0.8% (w/v)
agarose/TAE gel at 60 V for 1 hour. The plasmid samples that ran as a single band were
sent for sequencing (Massey Genome Service at Massey University) using the luciferase
primer (Table 6-7) to confirm the integrity of the luc2 gene fragment in readiness for
transfection into cultured mammalian cells and reporter gene expression assay (see
Appendices: Supplementary Table 6-2).

6.2.4 Transfection and luciferase expression assay
Maintaining cells in culture media
A549 (lung epithelial carcinoma; ATCC) and HepG2 (human liver carcinoma; ATCC)
cells were maintained in DMEM (ThermoFisher; catalogue #30030) and RPMI 1640
(ThermoFisher; catalogue #21870092), respectively; supplemented with 10% fetal bovine
serum (Moregate Biotech; catalogue #MG-FBS0820), 1% GlutaMAX (ThermoFisher;
catalogue #35050061), and 1% penicillin/streptomycin (ThermoFisher; catalogue
#15140122) at 37°C in a humid incubator purged with 5% CO2. Cells were passaged every
3 days (i.e. 80-90% confluent) by aspirating the culture media and rinsing the cell layer with
0.25% (w/v) Trypsin 0.53mM EDTA solution (ThermoFisher; catalogue #25200056) to
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remove traces of serum. This was followed by adding 3 mL of Trypsin-EDTA solution
(37°C) in the flask to facilitate cell layer dispersal. Complete growth media (10 mL) was then
added to neutralize trypsin, followed by gentle pipetting to resuspend cells. Finally, aliquots
of the cell suspension were added to new culture T-75 flasks containing complete culture
media (1:4). Cells were routinely tested for mycoplasma contamination.

Transient transfection
A day before transfection, 80-90% confluent HepG2 and A549 cells were dissociated
from the T-75 flasks as described earlier and counted using the standard trypan blue
exclusion on a haemocytometer. Approximately 1.0 × 105 cells were seeded in a single well
of a 24-well plate, followed by the addition of 500 μL of complete media. To achieve
optimum transfection results, I ensured that ~90% of seeded cells were viable. On the day
of transfection (24 hours following cell plating), ~75% confluent wells were transfected with
plasmid DNA (800 ng) containing oligonucleotide sequences (i.e. reference and alternative
sequences for 6 SNPs) and co-transfected with a beta-galactosidase control plasmid (200 ng)
following the procedure outlined in Table 6-8. Only the plasmid construct containing
reference and alternative sequences for rs6679677 was transfected in HepG2 and A549 cells.
At 48 hrs following transfection of cells with plasmid DNA, luciferase activity was assessed
using the ONE-GloTM Luciferase Assay System (Promega; catalogue # PME6110). To check
transfection efficiency, I transfected cells (as outlined in Table 6-8) using plasmids that
express fluorescent proteins (i.e. mCherry and GFP plasmids) and qualitatively evaluated the
expression of the proteins via fluorescence microscopy.
Table 6-8 Transfection protocol
Step
Tube
Transfection Reagents
1

Tube 1

Amount per well (24well)
25 μL
0.75 μL
25 μL
700 ng

Opti-MEM I reduced medium1
Lipofectamine 3000 reagent2
2
Tube 2
Opti-MEM I reduced medium1
DNA amount
(plasmid DNA with oligonucleotide sequences )
Beta-galactosidase plasmid
250ng
(for normalizing the luciferase assay)
P3000™ reagent2
1 μL
3
The solution from tube 2 was added to tube 1 and thoroughly mixed
4
The mixture from step 3 was then incubated for 10 min
5
The 50 μL from step 4 was added to the wells containing HepG2 cells and the plate was
gently swirled to ensure that the transfection complex was distributed homogenously in the
wells
1Purchased from ThermoFisher (catalogue #31985070)
2Purchased from ThermoFisher (catalogue #L3000001)
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Luciferase expression assay
At 48 hrs following transfection of HepG2 and A549 cells, culture media was aspirated,
and the cell layer rinsed with phosphate-buffered saline (PBS). 100 μL of 1× Glo Lysis Buffer
(Promega, catalogue #E2661) was added to each well, and the plate rocked on a plate Rocker
for 15 minutes to ensure complete coverage of the cell with lysis buffer. Cells were incubated
for 5 minutes at room temperature to allow for complete lysis. Cells were then transferred
into microcentrifuge tubes, briefly vortexed, and centrifuged for 30 seconds. Lastly, the
supernatant (cell lysate) was transferred into new tubes and stored at -70°C. For the luciferase
assay, 100 μL of the luciferase reagent (i.e. prepared by mixing bottle ONE-GloTM Buffer and
ONE-GloTM Substrate; catalogue # PME6110) was added to the OptiPlate-96 plate wells.
20 μL of cell lysate was then added to each well containing the luciferase reagent and mixed
by pipetting. After 3 minutes, the luminescence was read in a VarioskanTM LUX multimode
microplate reader according to the manufacturer’s instructions.

Beta-galactosidase expression assay
HepG2 and A549 cells were co-transfected with a beta-galactosidase control plasmid to
normalize the luciferase assay. The beta-galactosidase reagent was prepared using 20 mL of
0.2M phosphate buffer (pH 7.4), 40 μL of 1M MgCl2, 130 μL of β-mercaptoethanol, and
26.6 mg of ortho-Nitrophenyl-β-galactoside. The reagent was stored in -20°C. For the assay,
30 μL of the cell lysate was added to a 96 well plate, and 30 μL of the beta-galactosidase was
then added to each well containing the lysate and mixed by pipetting. The plate was incubated
at 37°C for 30 minutes, and absorbance was read at 420 nM in a VarioskanTM LUX
multimode microplate reader following the manufacturer’s instructions.

6.2.5 Data analysis
Statistical testing was performed using the Welsh’s t-test using R software (v3.6.3) and
RStudio (version 1.2.5042-1). Visualisation was performed using R software and GraphPad
Prism (v8.4.3).
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6.3. Results
6.3.1 SNPs associated with early age of T1D onset have allele-specific
enhancer activity
By employing a computational algorithm, I have predicted that SNPs associated with ageat-onset of T1D development mark putative regulatory sequences that modulate gene
expression. To experimentally validate the identified putative regulatory elements, I
successfully cloned reference and alternative DNA sequences flanking 6 SNPs, together with
the luciferase gene (luc2) fragment from pMPRAdonor2, into a backbone vector (pMPRA1).
The luc2 open reading frame (ORF) fragment from pMPRAdonor2 contains a minimal
TATA-box promoter upstream of the luc2 transcription start site (Melnikov et al., 2014). As
such, this construct enables the testing for whether or not the cloned variable sequences
contain enhancer elements.
HepG2 cells were transiently transfected with pMPRA1 plasmids containing reference or
alternative SNP sequences (i.e. rs7454108, rs3184504, rs10517086, rs1893217, rs231775), and
the cell lysates were assayed for luciferase activity and normalised to beta-galactosidase
activity. Of the SNPs assayed, there was a significant allele-specific reduction in enhancer
activity for rs10517086 (i.e. nucleotide change from G>A), rs1893217 (i.e. nucleotide change
from A>G), and rs7454108 (i.e. nucleotide change from T>C) (Figure 6-2). There was no
statistical difference in luciferase activity for rs3184504 and rs231775. Notably, rs10517086
and rs1893217 fall within putative transcriptional regulatory elements as it overlaps histone
chromatin marks that serve as regulatory proxies (Table 6-9), and are spatial eQTLs for
immune regulatory genes (Table 6-2). Collectively, these results support the regulatory
impacts of SNPs on the expression of specific immune regulatory genes in the development
of T1D.
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Figure 6-2 SNPs associated with early age of T1D onset are allele-specific enhancers in HepG2 cells.
Luciferase assay was performed on HepG2 cells transfected with plasmid DNA containing reference (ref) and
alternative (alt) sequences of rs7454108, rs3184504, rs10517086, rs1893217, rs231775, and co-transfected with
beta-galactosidase control vector. Luciferase expression, indicated by the relative luminescence (RLU), was
normalised using beta-galactosidase values for each well. Data represents the relative fold luciferase activity of
the reference in relative to the alternative alleles. Transfection experiments were repeated three times across 3
technical replicates in HepG2 (liver) cells. *** denote a statistically significant difference of p ≤ 0.001 and **
illustrates a statistically significant difference of p ≤ 0.001. Normalised luciferase luminescence values are
available in Appendices: Supplementary Table 6-3.
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Table 6-9 Annotation of spatial eQTLs using predicted regulatory DNA elements
SNP
Chr.
Probability
Ranking
ChIP
DNase
Footprint
PWM
rs10517086*
chr4
0.60906
4
TRUE
TRUE
FALSE
FALSE
rs11594656
chr10
0.55436
1f
TRUE
TRUE
FALSE
FALSE
rs3842727
chr11
0.47489
2b
TRUE
TRUE
TRUE
TRUE
rs7454108*
chr6
0.51392
7
FALSE
FALSE
FALSE
FALSE
rs231775
chr2
0.13454
5
FALSE
TRUE
FALSE
FALSE
rs3184504*
chr12
0.67022
3a
TRUE
TRUE
FALSE
TRUE
rs6679677*
chr1
0.60906
4
TRUE
TRUE
FALSE
FALSE
rs9934817
chr16
0.18412
7
FALSE
FALSE
FALSE
FALSE
rs1893217*
chr18
0.49648
5
TRUE
FALSE
FALSE
TRUE
rs11203203*
chr21
0.60906
4
TRUE
TRUE
FALSE
FALSE
Regulatory annotation of the spatial eQTLs selected for validation with the reporter assay using the Regulome
Database (Boyle et al., 2012). * SNP sequences of both reference and alternative sequences that were
successfully cloned into the pMPRA1, together with the luc2 gene fragment from pMPRAdonor2, and tested
for luciferase reporter expression. Regulome data is based on ENCODE datasets, Position-Weight Matrix
(PWM) for transcription factor (TF) binding, and DNAse footprinting. The ranking is based on evidence for
an overlap between a genetic variant and functional regions, with rank number 1 indicating strong evidence for
regulatory association (Boyle et al., 2012). ChIP – chromatin immunoprecipitation (identifies binding sites of
DNA-associated proteins); DNase (identifies chromatin accessible regions that infer active regulatory elements
of transcription).

6.3.2 Rs6679677 is an allele-specific enhancer in the lung but not liver
cells
Here, I performed a luciferase enhancer assay to experimentally validate the identified
putative transcriptional regulatory effects of the top ranked lung eQTL (rs6679677) by the
machine learning model (see Chapter 4). Transient transfection of the plasmid vector
containing the reference locus (i.e. the major allele for rs6679677) resulted in a fold increase
in luciferase activity when compared to the control vector in A549 (lung) and HepG2 (liver)
cells (~11 and ~5 fold increase, respectively). This is consistent with the existence of
H3K9ac histone modifications at the locus tagged by rs6679677 in both the lung and liver
tissues (see HaploReg; https://pubs.broadinstitute.org/mammals/haploreg/haploreg.php).
Notably, a significant allele specific reduction in enhancer activity (i.e. nucleotide change
from C>A) was observed only in the A549 cells (p = 0.005; Figure 6-3), consistent with the
identification of an eQTL involving this locus in the lung but not liver. Collectively, these
results support the allele specific enhancer activity for the locus marked by rs6679677 in the
lung.
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Figure 6-3 Rs6679677 is an allele specific enhancer (i.e . nucleotide change from C>A) in the lung
(A549) but not liver (HepG2) epithelial cells. The locus tagged by rs6679677 was cloned within the 3’ UTR
of a luciferase gene driven by a minimal promoter and transiently transfected into A549 and HepG2 cells. The
relative enhancer activity for the reference and alternative sequences of the rs6679677 locus was calculated
compared to the empty control vector (pMRAdonor2). Relative luminescence units (RLU) for the luciferase
assay were normalised using the absorbance values for the beta-galactosidase assay. Results were plotted as the
percentage of the ref_alleles enhancer activity. Transfection experiments were repeated three times across 3 or
9 technical replicates in HepG2 (liver) and A549 (lung) cells, respectively. Representative results are shown for
one transient transfection of A549 and HepG2 cells.
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6.4. Discussion
In this study, I employed a plasmid-based luciferase assay to experimentally test the
putative regulatory assignments of loci marked by T1D SNPs. This assay provides a rapid
method of quantifying gene expression using cellular transfection. Moreover, the use of a
minimal TATA-box promoter enables the assaying of variable DNA sequences that are
predicted to have significant enhancer activity (Melnikov et al., 2014; Roeder, 1996). My
results confirm that SNPs associated with early age of T1D onset (i.e. rs10517086, rs1893217,
rs7454108, and rs6679677) mark gene regulatory elements, and in so doing, support the
predictions on the expression of immune regulatory genes (Table 6-2). For example, the
validated regulatory element marked by rs7454108, which marks the highest risk genotype
(DR3/4-DQ8 genotype) (Barker et al., 2008), modulates the expression of HLA class II
genes across tissues and immune cell types. Similarly, rs1893217 (i.e. a DAISY cohort SNP
associated with islet autoimmunity but not progression to T1D (Frederiksen et al., 2013))
modulates RP11-973H7.1 expression, with the long non-coding RNA reported to play a role
in T cell activation (Houtman et al., 2018).
Importantly, RBPJ, which is downregulated by rs10517086, encodes the recombination
signal-binding protein for the immunoglobulin kappa J region (Rbpj), which is a
transcriptional regulator that plays an integral role in Notch signalling (Radtke et al., 2010).
Moreover, Rbpj regulates the functionality of T regulatory cells (Tregs), which are important
mediators of peripheral tolerance and regulators of autoimmune induction (Bhuyan et al.,
2014a; Delacher et al., 2019a; Meyer zu Horste et al., 2016a). Rs10517086 has been associated
with an age-related effect on islet autoimmunity, with young children under two years
reported to be highly susceptible (hazard ratio 1.67) to developing autoimmune reactivity
but not older ages (Frederiksen et al., 2013). Therefore, it seems reasonable to conclude that
the aberrant levels of the RBPJ gene, mediated by rs10517086, are important mediators of
pathogenic T cell development, which subsequently promotes the early risk of autoimmunity
as observed in the Diabetes Autoimmunity Study in the Young (DAISY) prospective cohort
(Frederiksen et al., 2013). This conclusion is consistent with a previous report demonstrating
the role of RBPJ in the development of T-helper cells through interleukin-23 (IL-23) receptor
expression (Meyer zu Horste et al., 2016b) and in the development of autoimmunity (Bhuyan
et al., 2014b).
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The machine learning model described in Chapter 4 predicted transcriptional changes in
the lung, involving rs6679677, as contributing the greatest risk to T1D development. The
enhancer activity of the rs6679677 tagged region in lung cells was confirmed using a plasmidbased luciferase assay. However, rs6679677 also: 1) has eQTLs with immune regulatory
genes (i.e. FOXP3, CTLA4, IL2RA, and SLAMF1 (Konopacki et al., 2019; Krummel and
Allison, 1995; Wang et al., 2015; Willerford et al., 1995)) in whole blood; 2) has been
associated with the development of multiple persistent autoantibodies (including islet
autoantibody), but not progression to T1D development in the TEDDY prospective cohort
(Sharma et al., 2018); 3) has been associated with the development of other autoimmune
disorders (i.e. juvenile idiopathic arthritis and rheumatoid arthritis) (Gutierrez-Achury et al.,
2016; Hinks et al., 2013); and 4) was reported as the top non-HLA SNP associated with T1D
from WTCCC studies (Burton et al., 2007). Collectively, these results support an important
molecular role for the locus tagged by rs6679677 in a lung-specific increase in the risk of the
development of T1D.
This study has limitations. Firstly, the plasmid topology can impact on the cell-based
functional assay that depends on transfection, which may impact on luciferase reporter
expression and interpretation of results (Tudini et al., 2019a; Wang et al., 2007a). Secondly,
the reporter assay does not take into account the genomic context through which chromatin
looping influences the enhancer-promoter interactions that mediate transcriptional activity
(Inoue and Ahituv, 2015). Thus, it remains possible that SNPs modulate transcript levels of
genes via other regulatory mechanisms such as disruption of transcription factor binding or
altering the formation of topological associating domains (TADs) (Cavalli et al., 2019; Huo
et al., 2019). For example, rs3184504 are predicted to affect the binding of transcription
factors (see Table 6-9). Lastly, the use of human epithelial cells from the liver and lung limits
the interpretation of transcriptional control of genes in other cell types since most enhancers
tend to be tissue and cell type-specific (Bulger and Groudine, 2011b; Whyte et al., 2013).
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6.4.1 Conclusion
I have experimentally validated the transcriptional regulatory effects of SNPs exhibiting
age-related effects on islet autoimmunity and progression to T1D development in young
children. Collectively, my work support that the earliest phenotypic subtype of T1D
culminates from a combination of genetic effects that regulate the expression of HLA class
II and I genes and other key immune regulatory genes including RPBJ, FOXP3, IL2RA,
CTLA4, and RP11-973H7.1 during early stages of life. Future experiments should employ
genome editing techniques (i.e. CRISPR-Cas9 system) to empirically confirm the
mechanisms through which these variants result in transcriptional changes of gene
expression.
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Chapter 7.
General Discussion
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7.1. Summary of findings
As the vast majority of disease-associated single nucleotide polymorphisms (SNPs) (i.e.
accounting for >90%) are mapped within the non-coding regions of the genome, a
knowledge gap exists that limits the direct translation of genomic research on T1D into
clinical practice. This thesis explored the age-dependent and tissue-specific spatiotemporal
transcriptional regulation of common SNPs (i.e. minor allele frequency [MAF] > 5%)
associated with the development of T1D, as well as regulatory impacts of T2D SNPs. The
characterisation of the regulatory effects of SNPs was facilitated by the recently developed
computational algorithm (CoDeS3D) (Fadason et al., 2018), which identifies differentially
expressed genes (eGenes) that are regulated by expression quantitative trait loci (eQTLs) via
chromatin interactions across multiple tissues from the GTEx database (Aguet et al., 2017).
Furthermore, human immune cell eQTL data was mined from the DICE database
(Schmiedel et al., 2018) to provide a better understanding of the specific patterns of immune
cell infiltration. Thus, the work presented in this thesis provides new insights on the genetic
mechanisms contributing to the missing hereditability of T1D, many of which are
hypothetical and require further investigations.
Chapter 3 explored the tissue-specific regulatory impacts of population-level SNPs
associated with the development of T1D and their contribution to disease pathogenesis. By
applying the CoDeS3D approach on 180 T1D SNPs from the curated GWAS catalogue, I
found that these variants impact the transcriptional regulation of 246 genes involved in
immune system activation and response pathways such as antigen processing and
presentation, T cell activation and cytokine signalling. Notably, these pathways have been
implicated in the induction of autoimmune responses in T1D (Newman et al., 2017; Ram
and Morahan, 2017; Roep and Tree, 2014). In addition to genes that have been associated
with T1D development (e.g. CTLA4, INS, NOTCH4, HLA class II genes etc.), I identified
novel spatial regulatory impacts on transcriptional factors involved in the regulation of
immunity, including Tcf12, Ets2, and Foxp1 (Hu et al., 2006; Li et al., 2017; Ma et al., 1997;
Wang et al., 2014a). I propose that immune-regulatory mechanisms operate within tolerance
ranges, and if disrupted through genetic mechanisms involving loci marked by SNPs, they
are unable to respond appropriately to environmental and metabolic challenges and this
results in autoimmune reactions.
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Chapter 4 identified regulatory effects of SNPs associated with the age-at-onset of T1D
across multiple immune cell types and tissues and predicted which tissues make the greatest
contribution to the conversion of genetic risk to T1D. Here, I incorporated Hi-C data
captured from immortalised cells and primary tissues (i.e. pancreatic and spleen), to identify
tissue-specific as well as immune-associated patterns for genes, and biological pathways that
are impacted by SNPs associated with the age of onset of T1D. Notably, this study identified
shared regulatory effects between immune cell types and the pancreas, consistent with the
idea that the effects represent immune cell infiltration into this tissue expressly. This
conclusion is corroborated in a recent report by Marderstein et al. demonstrating that
demographic and genetic factors influenced the abundance of infiltrating immune cells
across a range of human tissues, including the pancreas (Marderstein et al., 2020).
Furthermore, using genetic data from gnomAD project (Karczewski et al., 2019), I found
that the identified trans-regulated genes that include CAMTA1, FOXP1, and ROBO2 are less
tolerant of inactivating mutations.
A machine learning approach developed by Daniel Ho at the Liggins Institute, which
integrated individual European ancestry genotypes with tissue-specific eQTL data on T1D
SNPs, extended these findings and predicted genes in the lung tissue as the greatest
contributors of the risk to the development of T1D. This finding is consistent with
observations from a linkage regression analysis that predicted the lung as the top tissue in
T1D (Gamazon et al., 2018), and could potentially explain the reported association between
respiratory infections and risk of islet autoantibody seroconversion (Beyerlein et al., 2013).
In Chapter 5, I explored the genetic link between T1D and T2D based on the existing
evidence for shared aetiological features between the two phenotypes. The CoDeS3D
approach integrated extensive chromatin interaction data (including primary tissue Hi-C data
of the pancreas, liver, lung, spleen, skeletal muscle, and immune cells types) with eQTL data
on T1D and T2D SNPs, to identify 195 genes with pleiotropic effects on T1D and T2D. I
also found that predictive SNPs used in polygenic risk scores (PRSs) for T1D and T2D are
involved in transcriptional co-regulation of genes that mediate pleiotropic effects across both
disease types. My study identified that T1D and T2D have a weakly correlated variant
heritability across people of European ancestry. This is consistent with recent work by
Aylward et al. that identified a shared genetic risk involving effects on beta cell function as
well as insulin resistance, growth and development in the aetiology of T1D and T2D
(Aylward et al., 2018). Moreover, the TCF7L2 locus was identified as a spatial regulatory hub
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for genes important for the aetiology of T1D and T2D, which is corroborated by
observations of TCF7L2 associated gene regulatory impacts (Xia et al., 2016).
The translation of the pleiotropic genes into a protein-protein interaction network
identified clusters of functional biological connections involving the pleiotropic genes. Thus,
the conversion of information on genetic susceptibility to the protein pathways that are
altered provides us with a better understanding of the aetiology of diabetes. It also facilitates
the repurposing or design of therapies for better management of T1D and T2D. Collectively,
these findings support the existence of common genetic regulatory mechanisms that coregulate genes that mediate pleiotropic effects on T1D and T2D.
Finally, in Chapter 6, I successfully cloned DNA sequences flanking T1D SNPs (i.e.
reference and alternative sequences of 6 SNPs), together with a luc2 gene fragment
containing a minimal TATA-box promoter, into a pMPRA1 backbone vector to validate the
transcriptional regulatory impacts of age-at-onset genetic variants. Luciferase reporter
expression confirmed the allele-specific enhancer activity of rs10517086, rs1893217,
rs7454108, and rs6679677 on the expression of genes, such as RBPJ, CTLA4, and RP11973H7.1. Considering that rs10517086 has been associated with age-related effects on islet
autoimmunity in children under two years (Frederiksen et al., 2013), its regulatory role on
RBPJ expression is notable. The encoded recombination signal-binding protein for
immunoglobulin kappa J region (Rbpj) is a transcriptional regulator that plays a central role
in Notch signalling and regulation of T regulatory cells (Tregs) (Bhuyan et al., 2014b; Delacher
et al., 2019b; Meyer zu Horste et al., 2016b).
Thus, these findings provide a valuable resource for the design of new and on-going
experimental studies on T1D.

7.2. The 3D genome in transcriptional regulation
Allelic variations within the HLA locus underpin the development of autoimmune disease
(D’Antonio et al., 2019; Noble and Valdes, 2011; Raj et al., 2016b). The HLA genes encode
cell-surface glycoproteins that play an essential role in processing and presenting antigens to
T cells (Russell et al., 2019; Shiina et al., 2009; Valdes et al., 2005). Although self-reactive T
cells are reported to exist in individuals without autoimmune disease (Danke et al., 2004;
Goebels et al., 2000), it is evident that the breakdown of immune homeostasis and selftolerance is mediated by abnormal antigen presentation in the thymus (Hsieh et al., 2012;
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Sakaguchi et al., 1995). Importantly, aberrant expression of HLA class II molecules has been
implicated in the presentation of islet-derived antigens (i.e. insulin and glutamic
decarboxylase acid [GAD]), which generates a CD4 T cell repertoire that influences the
diabetogenic reactivity (Calderon et al., 2014; Mohan et al., 2010; Öling et al., 2005; Russell
et al., 2019). It is therefore notable that my work reports spatial regulatory elements marked
by T1D SNPs that are associated with the regulation of transcript levels of HLA class I, II
and III genes across young- and adult-onset disease, which corroborates the reported
transcriptional control of HLA genes (Cavalli et al., 2016; D’Antonio et al., 2019; Majumder
and Boss, 2010; Majumder et al., 2008; Raj et al., 2016b). As such, it is reasonable to conclude
that the identified transcriptional changes affect adaptive immune responses that contribute
to the development of autoimmunity regardless of the age-at-onset of T1D. This conclusion
is consistent with observations on expression levels of HLA molecules in promoting
autoimmune susceptibility (Cavalli et al., 2016; Vander Lugt et al., 2014; Raj et al., 2016b).
This thesis demonstrates spatial regulatory effects on immune-modulatory genes. For
example, I found that SNPs associated with the development of islet autoimmunity in
prospective cohort studies are involved in transcriptional control of RBPJ, RP11-973H7.1,
RAC2, IL2RA, and PXK, which are involved in modulating immune response (Accetta et
al., 2011; Bayer et al., 2005; Delacher et al., 2019b; Henderson et al., 2010; Houtman et al.,
2018; Meyer zu Horste et al., 2016b; Vaughn et al., 2015). This provides new insights into
the potential mechanisms through which genetic variation modifies the risk of T1D
development in young children. Furthermore, the cooperative effects of trans- and cisregulated genes (i.e. trans: NUP93, HLA-E, HLA-DPA1, and HLA-DQB2; cis: TRIM26 and
TYK2) within the interferon signalling pathways was a novel observation and demonstrates
how distal regulation of genes can potentially contribute to disease pathogenesis. This effect
would not have been identified if the regulatory effects of SNPs were solely assigned based
on proximity to the gene.
The work outlined in Chapter 4 demonstrates how genetic variation impacts the
expression of genes involved in beta cell function. For example, the identified transcriptional
impacts on IGF2-AS and TH, which are important modulators of beta cell function (Casellas
et al., 2015; Vázquez et al., 2014), in young- and adult-onset disease is consistent with the
insulin-related pathways playing an integral role in modifying the risk of T1D development.
This corroborates earlier findings where common insulin-related pathways have been
implicated in the development of T1D regardless of the mode of onset, or age-at-onset
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(Mishra et al., 2017). Notably, I also identified CAMTA1 expression as being negatively
impacted in the pancreas by a spatial T1D eQTL that had not been previously associated
with the regulation of CAMTA1. The CAMTA1 gene product has a role in regulating beta
cell function and insulin secretion (Mollet et al., 2016). Thus, my thesis reports previously
unrecognised tissue-specific gene regulatory networks that have potentially important roles
in the pathogenesis of T1D.
Considering that T1D stems from aberrant immune regulation (Cabrera et al., 2016),
refining our understanding of the genetic influences on specific patterns of gene expression
and immune cell infiltration is important for understanding the aetiology of T1D. Previous
studies have reported that genetic variation influences immune cell infiltration patterns in
different tumour microenvironments (Lim et al., 2018; Shahamatdar et al., 2020). Moreover,
a recent report demonstrated genetic variation that was associated with immune cell
infiltration in an age- and sex-dependent manner (Marderstein et al., 2020). It is therefore
notable that I identified eQTLs within infiltrating immune cell types (i.e. CD4+ and CD8+ T
cells [naïve and activated], monocytes, and natural killer cells) that involved T1D SNPs
across multiple tissues, including the pancreas. Specifically, my results revealed that a spatial
regulatory element (marked by a validated SNP rs2292239 (van Arensbergen et al., 2019))
modulates the expression of SUOX, which encodes a detoxifying mitochondrial enzyme
[sulphite oxidase]), in the pancreas, as well as in naïve and regulatory CD4+ T cells. Of note,
a recent study confirmed the cis-regulation of SUOX transcript levels in resting and
stimulated T lymphocytes (Huang et al., 2020b). Therefore, I contend that the observed
shared regulatory effects between immune cell types and the pancreas could be attributed to
these immune cells infiltrating into this tissue.
Of note, the spatial regulatory impacts of T1D SNPs identified in this thesis are supported
by recent descriptions of distal gene regulation mediated by variants in thymocytes of nonobese-diabetic (NOD) mice (Fasolino et al., 2020). My findings complement those of other
reports on the regulatory enrichment of T1D SNPs within enhancer sequences of active
CD34+ stem cells, T and B lymphocytes, and the thymus gland (Onengut-Gumuscu et al.,
2015). Importantly, I have experimentally validated the transcriptional control of spatial
eQTLs in the modulation of genes, including RBPJ, FBXL5, and AFAP1-AS1.
Furthermore, the transcriptional effects of T1D SNPs I have identified (i.e. representing
~9% of T1D spatial eQTLs) have been validated in HepG2 or K562 cell lines using a highthroughput reporter assay (i.e. the SuRE reporter technology) (van Arensbergen et al., 2019).
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Collectively, the work presented in this thesis highlights the spatiotemporal impacts of T1D
SNPs on transcriptional control of genes essential for immune system modulation, the
regulation of beta cell development and function, as well as genes important for influencing
immune cell infiltration into tissues.

7.3. Transcriptional changes in the lung contribute to genetic
risk conversion in the development of T1D
The lung is a vital organ that forms the greatest interface between the body and the
surrounding environment. A role for the lungs in influencing autoimmune responses in the
development of T1D has been reported in several studies (George et al., 2018; Hathout et
al., 2006; Zhao et al., 2019). Moreover, there is evidence pointing towards the lung as an
important target organ in diabetes complications (Hsia and Raskin, 2005; I. et al., 2013; Kopf
et al., 2018; Kornum et al., 2008). Notably, independent prospective birth-cohort studies
investigating the development of T1D have implicated respiratory infections (i.e. influenzalike illness) with increased risk of islet autoantibody seroconversion (hazard ratio of between
1.32-2.63) (Beyerlein et al., 2013; Lönnrot et al., 2017). It is therefore notable that our
machine learning algorithm predicted the regulatory changes in the lung tissue as being the
greatest contributor to the genetic risk of developing T1D. The machine learning prediction
is consistent with recent observations by Gamazon et al. who used linkage disequilibrium
(LD) score regression to identify the lung as the top tissue influencing the development of
T1D (Gamazon et al., 2018). As such, it seems plausible that applying forms of
computational algorithms on genotype and clinical data has the potential to facilitate the
development of personalised therapies, similar to those approaches used in cancer research
(Huang et al., 2020a).
Notably, the validated lung eQTL (rs6679677) by the machine learning model is: 1) an
allele-specific enhancer only in the lung; 2) associated with transcript levels of immune
regulatory genes (i.e. CTLA4, FOXP3, and SLAMF1, and IL2RA (Konopacki et al., 2019;
Krummel and Allison, 1995; Wang et al., 2015; Willerford et al., 1995)) in whole blood; and
3) associated with the development of multiple persistent autoantibodies (including islet
autoantibody), but not progression to T1D development in the TEDDY prospective cohort
(Sharma et al., 2018). Moreover, the regulation of AP4B1-AS1 expression in the lung by
rs6679677 is notable. AP4B1-AS1 itself is located in the genomic region that is recognised
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by fine-mapping for strong associations with autoimmune disorders (Onengut-Gumuscu et
al., 2015).
Further, the lung eQTL (rs3087243), which contributed an average of 4% to T1D risk in
the model, modulates CTLA4 transcript levels in the lung and has been linked with
progression from single to multiple autoantibodies in the TrialNet PTP cohort (Steck et al.,
2017). CTLA4 encodes an immunoglobulin protein crucial for modulating T cell function
and mediating autoimmunity (Krummel and Allison, 1995; Walunas et al., 1994). Lastly,
rs3184504, a spatial eQTL for FOXP1 in the lung, is associated with islet autoantibody but
not T1D in the TEDDY cohort (Sharma et al., 2018). FOXP1 encodes the forkhead box P1
transcription factor essential for regulating T cell function (Konopacki et al., 2019; Wang et
al., 2014a), B cell development (Hu et al., 2006), islet alpha cell proliferation (Spaeth et al.,
2015), and most importantly, lung development (Shu et al., 2007). Thus, I contend that my
findings implicate transcriptional changes in the lung tissue that predispose an individual to
the onset of systemic autoimmune reactions in the development of T1D, a conclusion
consistent with a recent report using a mouse model of altered airway function and
autoimmune response (Bates et al., 2019).

7.4. Multi-tissue and multi-omics approach to dissect the
pathogenesis of diabetes
It is increasingly evident that complex diseases culminate from systems-level
perturbations that involve a myriad of molecular pathways, as well as diverse tissues and cell
types (Boyle et al., 2017; Yang, 2020). For example, the liver, adipose, skeletal muscles and
pancreatic tissue, together with metabolic and immune pathways are involved in the
development of T2D; while T2D itself is a risk factor for cardiovascular disease (Meng et al.,
2013; O’Rahilly, 2009). Thus, my decision to include extensive Hi-C datasets from primary
human tissues (i.e. pancreas, liver, lung, spleen, and muscle tissues) and eQTL data from 48
tissues enabled the identification of significant insights of cross-tissue regulatory impacts in
the development of T1D and T2D. For example, the observation that SH2B1 expression is
downregulated by a T1D eQTL in adipose and pancreatic tissues and upregulated by a T2D
eQTL across the same tissues is indicative of tissue-and disease-specific eQTL effects on the
regulation of common genes, which corroborates the findings of eQTL effects on complex
‘related’ traits (Mizuno and Okada, 2019). SH2B1 encodes the SH2B adaptor protein 1,
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which is a key regulator of beta cell expansion and glucose metabolism (Chen et al., 2014;
Morris et al., 2009). As such, I contend that genetic variation impacts on the development
of T1D and T2D through similar metabolic pathways but via different mechanisms.
The results presented in this thesis implicate dysregulation in immune system genes in
tissues (i.e. adipose and uterine) that are not traditionally considered central to the molecular
aetiology of T1D. However, it remains to be demonstrated how the dysregulated immune
genes impact immune signalling in these tissues. Adipose tissue has previously been
hypothesised to play a role in antigen presentation and modulation of T cells (Huh et al.,
2014). The high functional genetic load of HLA-associated eQTLs observed in uterine tissue
in my study is consistent with the unique immune status of this tissue in the development of
gestational diabetes (Binder et al., 2015). Similarly, it seems reasonable to speculate that the
observation of a higher number of functional SNP-gene interactions for diabetes variants in
the tibial artery, tibial nerve, and skin (lower leg) is again consistent with the genetic control
of diabetes-related complications associated with lower limb amputation (Doria, 2010; Rani
et al., 2017; Salem et al., 2017).
The identification of pleiotropic genes associated with T1D and T2D development
represents a significant step towards providing a better understanding of the genetic
heterogeneity of diabetes. For example, the latent autoimmune diabetes in adults is
considered a genetic admixture of T1D and T2D due to its association with TCF7L2 (Lukacs
et al., 2012). TCF7L2 encodes a master transcriptional factor that regulates insulin
production and is associated with T2D risk (Lukacs et al., 2012; Lyssenko et al., 2007; Zhou
et al., 2014). Interestingly, my analysis identified spatial regulatory elements within the
TCF7L2 locus that modulate transcript levels of genes involved in immune regulation (i.e.
ZEB1, PLCG2 and ROBO1 (Fu et al., 2012; Glawe et al., 2013; Yu et al., 2005; Zhang et al.,
2020)), as well as genes involved in insulin signalling pathways (i.e. TCF7L2, SCD (GutiérrezJuárez et al., 2006; Oh et al., 2012; Voss et al., 2005)). ZEB1, which encodes a zinc-finger
transcription factor that functions as a key regulator of T cell signalling and differentiation
in the thymus (Zhang et al., 2020), is also modulated by a T1D eQTL (i.e. rs2793108).
Therefore, I contend that the TCF7L2 locus is a key regulatory hub for genes important for
the aetiology of T1D and T2D, a conclusion supported by observations of TCF7L2
associated gene regulatory impacts (Xia et al., 2016), and studies reporting that TCF7L2
SNPs are associated with the presence of islet autoantibodies in LADA, as well as recentonset T1D patients (Redondo et al., 2018a; Zampetti et al., 2010).
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The translation of diabetes-associated genes into protein-protein interaction (PPI)
networks identified hub genes (e.g. TUFM) with significantly more interacting partners.
Notably, TUFM encodes the mitochondrial translation elongation factor and together with
its interacting partners, i.e. METTL15, SAMM50 and ATG16L1, plays important roles in
mitochondrial function, as well as in the development of diabetes (Chen et al., 2020; Lei et
al., 2012; Liu et al., 2016a; Matsuzawa-Ishimoto et al., 2017; Ruegsegger et al., 2018; Zabielski
et al., 2016). Furthermore, the PPI network I identified facilitated the discovery of drug
targets (from the Drug Gene Interaction database [DGIdb] (Griffith et al., 2013)) within the
interaction networks. For example, SULT1A2, which is part of the TUFM network, is a
target for streptozotocin, a drug that has been used to induce diabetes in mice due to its
toxic effects on pancreatic beta cells (Graham et al., 2011). Furthermore, the ALDH2 gene
product is part of the wider protein network and is a target for disulfiram, an alcoholism
treatment that has been repurposed successfully in normalizing fat mass in mice (Bernier et
al., 2020). Therefore, I contend that a genetics-informed and network-based prescription
could provide an avenue for repurposing existing drugs while preventing adverse drug
reactions.
Collectively, my work supports a holistic view of the impacts of SNPs in mediating
regulatory changes across tissues and cell types and highlights the potential for a systembased approach for precision medicine in diabetes.

7.5. Limitations
The holistic approach employed in the methods described in my thesis involves the
integration of heterogeneous sources of data. As such, the analyses presented in this thesis
are limited by features that are inherent to the data sources.

7.5.1 Inherent limitations of GWA studies
There is a possibility that GWA studies have reported spurious associations as a result of
improper accounting of population stratification during association testing, particularly in
studies that recruit large cohorts or use recently admixed populations (McClellan and King,
2010; Tam et al., 2019; Visscher et al., 2012). The lack of ancestral diversity and the reported
population bias within genome-wide SNP arrays, which predominantly contain tag SNPs
from European ancestry (Martin et al., 2017; Tam et al., 2019), limits the immediate
translation of my findings to populations with different linkage disequilibrium structures.
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Furthermore, the commonly employed Bonferroni correction threshold for multiple
genome-wide testing (i.e. p < 5 × 10−8), limits the power to detect low frequency and rare
SNPs that explain most of the SNP heritability in conventional GWA studies (Dudbridge
and Gusnanto, 2008; Manolio et al., 2009). Nevertheless, GWAS results have identified novel
SNP-trait associations in diverse ethnic populations that have facilitated the development of
functional genomic assays (Boyle et al., 2017). This has, in turn, enabled us to gain a better
understanding of the genetic basis of complex diseases, as presented in this thesis on the
development of T1D.

7.5.2 Inherent limitations of Hi-C methodologies
The use of pairwise chromatin interaction data (Hi-C) has allowed us to reconstruct and
examine the role of 3-dimensional genome organization in the spatiotemporal transcription
regulation of gene expression (Bonev et al., 2017; Roy et al., 2018; Rubin et al., 2017;
Schoenfelder et al., 2015). However, there are a few limitations associated with the use of
Hi-C data. Firstly, it is reported that Hi-C data might contain spurious pairwise interactions
arising from the various steps of the experiment methodology (i.e. nucleus lysis, restriction
enzyme digestion, biotinylation of digested chromatin fragments, data processing and library
construction) (Kong and Zhang, 2019; Wingett et al., 2015). Secondly, it has been suggested
that the currently used genome-wide resolution in Hi-C methodology is still insufficient for
the translation of genome organization to gene function (Kong and Zhang, 2019).
The pairwise Hi-C contacts only explain the regulatory effects of SNPs on gene
expression involving fragment interactions captured at a point in time (Kong and Zhang,
2019; Roy et al., 2018), while missing other regulatory mechanisms associated with genetic
variation (e.g. post-transcriptional regulation). Nevertheless, the integration of extensive HiC data (i.e. primary human tissues, embryonic stem cells, and immune cell lines) in my
analyses enables the identification of all the possible tissue, cell and developmental stagespecific interactions. Furthermore, the implementation of CoDeS3D by including multiple
evidence for fragment interactions (i.e. >1 SNP-gene fragment interactions across cell lines;
see

CoDeS3D

implementation

(Fadason

et

al.,

2018);

https://github.com/Genome3d/codes3d-v2/) limits the inclusion of spurious chromatin
interactions.
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7.5.3 Limitations associated with eQTL associations
The age-distribution of the tissue samples from the GTEx project (age > 50 years, 68.1%;
https://www.gtexportal.org/home/tissueSummaryPage), together with the reported lowlevel contamination of GTEx RNA sequencing data (Nieuwenhuis et al., 2020), limits the
accurate interpretation of tissue-specific regulatory effects of genetic variation in the
development of young-onset disorders. Moreover, tissue donors are predominantly
Caucasian (84%) males (67%), which limits the interpretation and translation of eQTL
analyses in other ethnicities such as Asians or Africans. Furthermore, the lack of cell typespecific gene expression profiles as a result of averaging mRNA levels of the cell types within
GTEx tissues limits the identification of cell type-specific eQTL effects. Nevertheless, the
inclusion of independent eQTL data on immune cell types from DICE database (Schmiedel
et al., 2018) in this thesis identified effects of T1D SNPs in the transcriptional regulation of
genes within specific immune cell types across tissues.
Paradoxically, the inclusion of extensive Hi-C datasets increases the power to detect more
functional variant-gene regulatory interactions, but results in a potential underestimation of
the effects of SNPs on transcriptional control of genes because of the conservative nature
of the Benjamini–Hochberg (BH) procedure used to correct for multiple testing (Benjamini
and Hochberg, 1995). Nonetheless, the BH procedure used in my analyses corrects for
multiple testing by ranking p-values (Benjamini and Hochberg, 1995), which ensures a very
high probability of true-positives, thereby increasing the confidence of eQTL associations.
The translation of eQTL effects (i.e. involving associations of genotype and mRNA levels)
into protein interaction networks is based on the assumption that transcript levels are
predictive of protein levels and that any perturbations to a gene within the network can lead
to overall network perturbation, thereby causing disease. Conversely, transcript levels of
genes are not sufficient to predict protein levels since other mechanisms involved gene
expression (e.g. protein biosynthesis delay and protein transport) influence the protein levels
within cells such as protein synthesis delay and protein transport (Liu et al., 2016b; Perl et
al., 2017). However, recent reports have demonstrated a stable correlation between transcript
levels and protein abundance within cells (Edfors et al., 2016; Koussounadis et al., 2015),
thereby supporting the integration of differential gene expression in protein networks for
understanding disease processes.
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7.5.4 Limitations of luciferase reporter assays
Plasmid-based reporter assays provide a rapid basis of functional characterisation of large
genomic sequences of enhancer and promoter regions by quantitatively measuring
transcriptional activity of the reporter gene (van Arensbergen et al., 2019; Melnikov et al.,
2012; Tewhey et al., 2016; Vockley et al., 2015; Wang et al., 2007b). However, there is a
strong possibility that the topological structure of the plasmid could affect transfection
efficiency, which may impact the expression of the reporter gene and subsequent data
interpretation (Tudini et al., 2019b). Furthermore, the length of the sequences cloned,
together with control elements within the 3’-UTR can affect mRNA translation leading to
aberrant luciferase activity (Wang et al., 2007b). Therefore, sequences should be carefully
evaluated to ensure the absence of an additional cryptic poly-A signal or a rare codon that
could slow translation (Sun and Rossi, 2009).
Luciferase reporter assays do not take into account the genomic context through which
chromatin

interactions

that

mediate

enhancer-promoter

interactions

influence

transcriptional activity (Inoue and Ahituv, 2015). Considering that most enhancers act in a
tissue and cell type-specific manner (Bulger and Groudine, 2011b; Whyte et al., 2013),
enhanced reporter expression in one cell type may not directly translate to other cell types.
Lastly, in vivo application of luciferase expression is still not widely adopted. However,
luciferase reporter mice have recently been developed for in vivo monitoring of gene
expression, as well as ex vivo characterisation of biological signalling pathways (Cordonier et
al., 2019).
Collectively, the analyses presented in this thesis serve as a proof of concept in predicting
the dynamic regulatory networks across tissues and cells associated with the genetic risk for
complex disease development.
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7.6. Future directions
7.6.1 Investigation of environmental triggers of islet autoimmunity
In this thesis, I have demonstrated how population-level genetic risk contributes to T1D
development through the spatiotemporal transcription regulation of immune-modulatory
genes and genes essential for beta cell development. Moreover, I have identified genes that
modify the risk of developing islet autoimmunity and progression to T1D in young children
using data from prospective birth cohort studies. However, the findings presented in this
thesis do not explain the complex interplay between genes and other risk factors such as
environmental components associated with disease development (e.g. diet and gut
microbiome). As environmental factors (i.e. dietary factors and infectious agents) have been
implicated in modifying the risk for T1D (Krischer et al., 2017; Rewers et al., 2018), it would
be advantageous for future studies to elucidate how the regulated genes I have identified are
modified, or interact with environmental factors leading to islet autoimmunity. This is
particularly relevant as early-life nutrition has been reported to alter the regulation of gene
expression through epigenetic modification (e.g. DNA methylation) in a tissue-specific
manner (Canani et al., 2011; Greco et al., 2019; Vickers, 2014).
The Environmental Determinants of Diabetes in the Young (TEDDY) study has
screened over 424,000 new-borns, with over 3.2 million biological samples collected (Rewers
et al., 2018). Additionally, BABYDIAB and BABYDIET cohort studies have provided
additional insights on how postnatal and fetal environmental factors influences islet
autoimmunity (Hummel and Ziegler, 2011). Therefore, analyses of biological samples,
including the gut microbiome, from these cohort studies will identify epigenetic signatures
(e.g. DNA methylation) that modify the expression of some of the genes I have presented.
As such, this will shed light on the environmental triggers and protective factors for islet
autoimmunity in neonates.
Whole-genome sequencing (WGS) potentially captures the entire genomic DNA features.
Therefore, performing WGS on at-risk neonates from a uniquely homogeneous population
(e.g. the Finnish population (Peltonen et al., 1999)) would aid in the discovery of novel
epigenetic features, together with rare loss-of-function mutations that have a major effect on
islet autoantibody seroconversion. For example, Guo et al. discovered novel variants in two
isoforms of the protein kinase C family using WGS on the Finnish T1D cohort (Guo et al.,
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2020). Thus, integrating genomic information from whole genomes with the methodologies
I have described in this thesis would give better insights into the gene-environment
interactions and provide targets for personalised therapy in T1D. Precision medicine in
monogenic diabetes is now a reality as an individual’s genotype can inform on the treatment
modality (Bowman et al., 2018; Murphy et al., 2008; Pearson et al., 2006).

7.6.2 In vivo validation of spatial regulatory associations
I have presented spatial regulatory associations of T1D SNPs and target genes, some of
which have not been functionally characterised or reported in the pathogenesis of diabetes.
I also selected 10 putative regulatory regions marked by age-at-onset T1D SNPs for
validation using a plasmid-based reported assay. However, the regions I selected only cover
~4% of the spatial regulatory regions associated with the genetic risk for T1D. Therefore,
experimental validation of all the putative regulatory elements described in this thesis would
help to untangle the genetic effects contributing to islet seroconversion way before the onset
of symptoms. This would be achieved by employing a high throughput assay such as the
massively parallel reporter assay (MPRA (van Arensbergen et al., 2019)) to test gene
expression impacts of the spatial T1D eQTLs simultaneously.
Future experiments should be designed to validate the in vivo activity of the identified
regulatory interactions in the lungs involving FOXP1, the master regulator immune cells and
lung development (Hu et al., 2006; Shu et al., 2007; Wang et al., 2014a), and CTLA4 (essential
for T cell activation (Luhder et al., 2000; Tivol et al., 1995)). Achieving this would be critical
to untangling the reported link between respiratory infections and islet autoantibody
seroconversion and progression to T1D development (Beyerlein et al., 2013; Lönnrot et al.,
2017). Ideally, a plasmid-based reporter assay would be employed, as described in Chapter
6, to confirm the regulatory impacts on gene expression and therapeutic genome editing with
CRISPR-Cas9 (Hsu et al., 2014) would correct the mutation within stem cells, or in
humanised mouse models. As a proof of concept, Maxwell et al. recently employed CRISPRCas9 to correct a diabetes-inducing gene variant in induced pluripotent stem cells (iPSCs),
which reversed diabetes in mice following transplantation (Maxwell et al., 2020). Collectively,
integrating these strategies in diabetic research has the potential to revolutionise the clinical
management of T1D.
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7.7. Conclusion
In this thesis, I have contributed in the characterisation of the impacts of genetic variation
in the age- and tissue-dependent development of T1D by employing a holistic approach that
encompasses the integration of genetic risk, functional and spatial genomics. I have identified
transcriptional control of genes involved in immune regulation, as well as in insulin secretion
and signalling pathways. Additionally, I have attempted to validate experimentally the
putative regulatory elements marked by age-at-onset T1D SNPs using a plasmid-based
reported assay. This work has demonstrated evidence of shared genetic mechanisms
underlying the development of both T1D and T2D. Furthermore, the identification of the
lung as a key target organ in the conversion of genetic risk to the development of T1D
provides new insights into why lung infections significantly contribute to islet
seroconversion of young children. As the ultimate goal for research in this area is to provide
successful therapeutic outcomes and complete insulin independence, in vivo validation of the
novel findings presented in this thesis will provide a better understanding of the
aetiopathogenesis of T1D. Collectively, my work provides a novel platform for research in
the realisation of personalised medicine in T1D.
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Appendices
A.

Supplementary tables for chapter 3 are available on:

https://www.frontiersin.org/articles/10.3389/fgene.2018.00535/full#supplementarymaterial
Supplementary Table 3-1.
A summary of T1D-associated SNPs (p ≤ 5.0 x 10-6) from the GWAS catalogue.
Supplementary Table 3-2.
Hi-C contacts from non-synchronised immortalised human cell lines from Rao et al.(Rao et
al., 2014) is available at https://doi.org/10.17608/k6.auckland.12886745
Supplementary Table 3-3.
A full summary of tissue-specific impacts of T1D SNPs.
Supplementary Table 3-4.
The full set of functional prediction scores by DeepSEA algorithm for T1D SNPs.
Supplementary Table 3-5.
A complete summary of gene ontologies and pathway enrichments for T1D-eGenes.

B.

Supplementary tables for chapter 4 are available on Figshare:

https://doi.org/10.17608/k6.auckland.12886745

Supplementary Table 4-1.
A summary of T1D-associated SNPs (p ≤ 5.0 x 10-6) from the GWAS catalogue and SNPs
associated with differing age-at-onset of islet autoimmunity and T1D development.
Supplementary Table 4-2.
Hi-C chromatin contact libraries captured from immortalised cell lines and primary human
tissues.
Supplementary Table 4-3.
A summary of significant tissue-specific spatial eQTLs for T1D SNPs identified by
CoDeS3D (GTEx version 7).
Supplementary Table 4-4.
Significant biological pathway enrichments for T1D eGenes.
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Supplementary Table 4-5.
Loss of function analysis for spatially regulated genes
Supplementary Table 4-6.
Significant spatial eQTLs for SNPs used in the T1D genetic risk score 2 (T1D-GRS2) by
Sharp et al. 2019
Supplementary Table 4-7.
Significant spatial eQTLs for SNPs derieved from the (a) DAISY, (b) TEDDY, and (c)
BABYDIAB prospective studies on T1D; as well as SNPs associated with (d) adult-onset
T1D.
Supplementary Table 4-8.
Overlap between spatial T1D eQTL-eGene associations across multiple human tissues
(GTEx) and immune cell types (DICE database).
Supplementary Table 4-9.
Significant enrichments for genes modulated by T1D eQTLs in both immune cell types and
across multiple human GTEx tissues (significance threshold <0.05).
Supplementary Table 4-10.
T1D-associated SNPs present within the Wellcome Trust Case Control Consortium
(WTCCC) genotypes.
Supplementary Table 4-11.
Tissue-specific weights from 50 model 1 predictors.
Supplementary Table 4-12.
Lung contributions from the 50 model 1 predictors.
Supplementary Table 4-13.
The lung eQTL (rs3087243-CTLA4) contribute an average of 4% to the disease risk.
Supplementary Table 4-14.
AUC results of the validating model 2 on the 30 UK Biobank test dataset.
Supplementary Table 4-15.
Ranking of eQTLs on tissue-specific contribution to T1D risk using T1D classification
model 2.
Supplementary Table 4-16.
Regulatory effects of rs6679677 from the blood eQTL database (http://www.eqtlgen.org).
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C.

Supplementary tables for chapter 5 are available on Figshare:

https://doi.org/10.17608/k6.auckland.12886745

Supplementary Table 5-1.
Hi-C libraries used in the analysis.
Supplementary Table 5-2.
Significant spatial T1D eQTLs across GTEx tissues (FDR<0.05) from CoDeS3D.
Supplementary Table 5-3.
Significant spatial T2D eQTLs across GTEx tissues (FDR<0.05) from CoDeS3D.
Supplementary Table 5-4.
Genome-wide association studies for T1D and T2D.
Supplementary Table 5-5.
T1D and T2D-associated SNPs used in the spatial eQTL analysis by CoDeS3D.
Supplementary Table 5-6.
Significant biological pathways for T1D eGenes (significance threshold <0.05).
Supplementary Table 5-7.
Significant biological pathways for T2D eGenes (significance threshold <0.05).
Supplementary Table 5-8.
Genetic colocalization analyses for T1D and T2D using summary spatial cis-eQTL data and
GWAS summary statistics from European population.
Supplementary Table 5-9.
Comparison between predictive SNPs for T1D (T1D-GRS2) and T2D-associated SNPs; and
between predictive SNPs for T2D (T2D-GRS) and T1D-associated SNPs.
Supplementary Table 5-10.
Significant spatial eQTLs for predictive SNPs used in T1D-GRS2 (genetic risk score 2)
across GTEx tissues (FDR<0.05) from CoDeS3D.
Supplementary Table 5-11.
Significant spatial eQTLs for predictive SNPs used in T2D-GRS (genetic risk score) across
GTEx tissues (FDR<0.05) from CoDeS3D.
Supplementary Table 5-12.
Regulatory SNPs within the TCF7L2 locus modulate the expression of genes important for
the etiology of T1D and T2D.
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Supplementary Table 5-13.
Cross tissue eQTL-eGenes interactions for the pleiotropic genes associated with T1D and
T2D across tissues (i.e. T1D eQTL-eGenes interactions and T2D eQTL-eGenes
interactions).
Supplementary Table 5-14.
Protein-protein interactions for the pleiotropic genes associated with both T1D and T2D
(medium confidence of 0.400; PPI enrichment of p < 1.0 x 10-16).
Supplementary Table 5-15.
Clustering protein-protein interactions using K-means algorithm (K-Means = 6).
Supplementary Table 5-16.
Druggable targets for the pleiotropic genes from the Drug Gene Interaction Database
(DGIdb).

D.

Supplementary tables for chapter 6 are available on Figshare:

https://doi.org/10.17608/k6.auckland.13106576
Supplementary Table 6-1.
Oligonucleotide sequences flanking T1D SNPs synthesised by Integrated DNA
Technologies (IDT).
Supplementary Table 6-2.
Sanger sequenced pMPRA1 plasmid DNA containing oligonucleotide sequences and the
luc2 gene fragment.
Supplementary Table 6-3.
Normalised luciferase luminescence values for each cloned oligonucleotide sequence.
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E.

Supplementary Figures

Supplementary Figure 4-1. Regulatory impacts for genetic variants associated with differing age-atonset of T1D.
(a) T1D SNPs from prospective cohort studies DAISY and TEDDY, and adult-onset T1D study, as well as
the SNPs used to generate the T1D genetic risk score 2 (T1D-GRS2) by Sharp et al. (Sharp et al., 2019) are
spatial eQTLs and are largely unique. (b) Significant eQTLs have tissue specific impacts. (c) There is an overlap
between the eGenes that are associated with the eQTLs in (a). (c) SNPs from: T1D-GRS2, black; TEDDY
cohort, blue; DAISY cohort, red; and adult-onset, green. A summary of the eQTL-eGenes associations across
GTEx tissues is available on https://doi.org/10.17608/k6.auckland.12886745.
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