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CHAPTER 1
INTRODUCTION

Type 2 diabetes (T2D) is a pernicious disease of impaired glucose homeostasis that affects
more than 400 million people worldwide and is responsible for at least 6.8% of all deaths
[163, 129]. It presents a major health burden due to myriad complications ranging from
retinopathy to kidney failure and is worsened by a lack of adequate therapies [3]. Moreover,
the rapid growth rate of T2D constitutes a global health crisis as the prevalence of T2D will
exceed the rate of adult population growth by the year 2030 [162].

The epidemiological problem of T2D is exacerbated by the complexity of the disease
itself. Familial aggregation of disease strongly supports a genetic basis for T2D [4, 81].
Yet, researchers striving to resolve the genetic architecture of T2D have had to confront the
challenges of phenotypic heterogeneity, variation in age of onset, milieu of environmental risk
factors such, and non-Mendelian pattern of inheritance [3, 162]. It is for these reasons that

geneticist J. V. Neel designated T2D as the “geneticist’s nightmare” [106].

1.1 T2D is characterized by dysfunction across multiple tissues

that maintain glucose homeostasis

The pathobiology of T2D involves a complicated interplay between peripheral tissues that
respond to insulin - the principal hormone responsible for lowering blood glucose levels -
and the pancreatic [-cells that secrete insulin [25]. The development of insulin resistance
(IR) in the liver promotes increased glucose production in the resting state [26]. Moreover,
IR impairs suppression of hepatic glucose production (HGP) in response to insulin release
following a meal (i.e. postprandial insulin response) and reduces glucose uptake in the liver,
further diminishing glucose tolerance [56, 25]. IR in skeletal muscle also attenuates glucose
uptake during the postprandial insulin response and results in postprandial hyperglycemia

[43]. The pancreatic S-cells will compensate for IR in peripheral tissues by increasing insulin
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secretion to maintain glucose tolerance [30]. However, this burden will cause [-cells to fail
over time, chronically elevating fasting glucose concentration and ultimately promote the
development of T2D [23]. Moreover, the rate of S-cell failure determines the rate of disease
progression [25, 30].

Adipose tissue also plays an important role in maintaining glucose homeostasis as altered
fat cell (i.e. adipocyte) metabolism contributes to glucose intolerance [25]. IR in adipocytes
promotes resistance to the antilipolytic effect of insulin and results in day-long elevation
of plasma free fatty acid (FFA) concentration [56]. The lipotoxicity that results from this
process will in turn stimulates hepatic gluconeogenesis, further promotes IR in the liver and
skeletal muscle, and worsens chronic hyperglycemia [80]. Moreover, dysfunctional adipocytes
produce excessive amounts of insulin-sensitizing adipocytokines such as adiponectin and lose
the capacity to store fat as they become enlarged [13, 131]. The overflowing lipid resulting
from these processes will perturb metabolism in muscle, liver, and $-cells - further impairing
IR and insulin secretion. In addition, hyperglucogonemia in pancreatic a-cells, increased
glucose reabsorption in the kidneys, incretin deficiency and resistance in the gastrointestinal
tract, and IR in the hypothalamus all contribute to glucose intolerance [34, 98, 112, 32,
25]. This systemic involvement of dysfunction across multiple tissues further illustrates the

complexity of T2D.

1.2 The genetic basis of type 2 diabetes

The fact that the prevalence of T2D has markedly increased over the past few decades empha-
sizes the considerable impact of environmental factors (i.e. a calorie-rich diet and sedentary
lifestyle) [3, 162]. However, there is also strong evidence supporting a pronounced genetic
contribution to T2D. Genetic susceptibility is supported by twin studies where monozygotic
twins show higher phenotypic concordance than dizygotic twins [108, 101]. Moreover, first
degree relatives of affected individuals are at an increased risk for developing T2D [81, 85, 39].

For example, Hemminki et al. (2010) estimated relative risk for family members of diabetic
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probands in a large-scale Swedish cohort of over 157,000 hospitalized patients and found a
2-3 fold increase in sibling relative risk [65]. The genetic contribution to T2D is further cor-
roborated by familial estimates of disease heritability - the proportion of phenotypic variance
explained by genetic variance - that range from 30-70% [4, 81, 172].

Although these studies support a genetic basis for T2D, the heterogenous nature of the
phenotype, variable age of onset, and strong environmental influence greatly complicate
genetic studies aimed at elucidating the causal variants and genes underlying genetic sus-

ceptibility [106].

1.3 Early gene-mapping studies

The complexity of T2D evinced by its non-Mendelian pattern of inheritance and strong
environmental influence, however, did not dissuade researchers from conducting a series
of gene-mapping studies that gleaned important insights into the molecular basis of T2D.
These efforts included both family-based linkage studies and population-based candidate
gene association studies.

Researchers performed genome-wide scans of T2D loci by applying both parametric (in-
volving assumptions of penetrance and mode of inheritance) and non-parametric (based on
allele sharing at putative disease loci) linkage studies involving 300-500 highly polymorphic
microsatellite markers spaced at roughly 5-10 Mb intervals along chromosomes [90, 58, 114].
These studies provided evidence for several T2D loci indicated by co-segregation of disease
with marker alleles within families. A study of Pima Native Americans uncovered evidence
for linkage at the 1q21-q25 locus on chromosome 1 that was further corroborated in studies
of families of European ancestry [62, 153, 39].

The first published genome-wide scan of T2D was based on a study of 330 affected sibling
pairs from Mexican American families in South Texas and revealed a major susceptibility
signal at the 2q37 locus [61]. In a follow-up study, Horikawa et al. (2000) applied positional

cloning at the locus and determined that the linkage signal was attributable to polymor-
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phisms within the CAPN10 gene that encodes calpain-10 (including a common G — A mis-
sense variant) [70]. The calpain family of proteins are calcium-activated neutral proteases
that cause activation or inactivation of proteins involved in intracellular signaling, prolifera-
tion, and differentiation - including adipocyte differentiation and possibly insulin action and
insulin secretion [70]. In a different linkage study of Pima Native Americans, subjects ho-
mozygous for the G allele showed decreased rates of post-absorptive and insulin-stimulated
glucose turnover - supporting an increased T2D risk through the development of IR [7].
Moreover, Baier et al. (2000) observed that decreased rates of glucose turnover coincided
with lower mRNA levels of CAPN10 in skeletal muscle [7]. Furthermore, Orho-Melander et
al. (2002) observed a significant association of CAPN10 polymorphisms with fasting insulin
and homeostasis model assessment insulin resistance index (HOMA-IR) among a cohort of
298 non-diabetic control subjects [113]. They also identified significant associations with
elevated FFA levels in both the control group and a cohort of 395 type 2 diabetics, providing
further evidence that CAPNI10 risk alleles promote T2D through IR in peripheral tissues
[113]. Importantly, the CAPN10 locus represents the first successful positional cloning of a
gene for a polygenic disease like T2D.

As a caveat, genome-wide association studies (GWAS; see next section) have not identified
significant variant associations at the CAPN10 locus. However, this may be due to the fact
that genotyping microarrays used for GWAS of T2D poorly interrogate variants at this region
[142].

Reynisdottir et. al. (2003) performed a non-parametric multipoint linkage analysis in
an Icelandic cohort of 227 families and found evidence of linkage at the 5q34-q35.2 locus on
chromosome 5 as well as a signal on chromosome 10 [126]. Grant et al. (2006) performed a
follow-up association study at the chromosome 10q locus and found a significant association
of the microsatellite marker, DG10S478, within intron 3 of the transcription factor 7-like 2
(TCF7L2) gene with T2D - a signal that was replicated in an independent Danish cohort

[55]. The CAPN10 and TCF7L2 loci provide examples of genetic support for T2D gleaned



from genome-wide linkage studies, however, most loci discovered from such linkage-based
investigations failed to replicate in independent studies [58]. Furthermore, the resolution
of disease-linked loci is very broad (especially for non-parametric studies) and ranges from
15-30 ¢M (1 ¢M is approximately 1 million base pairs), making it difficult to determine
causal variants and relevant genes [90]. Family-based linkage studies are well powered for
identifying disease-linked loci for diseases that exhibit Mendelian patterns of inheritance
involving highly penetrant causal alleles. This approach has therefore been successful for
mapping disease loci underlying rare monogenic and syndromic forms of diabetes such as
maturity-onset diabetes of the young (MODY) and Wolfram Syndrome [76, 64]. However,
linkage studies have largely been underpowered to resolve genetic loci conferring risk for T2D
due to a non-Mendelian inheritance, considerable influence of environmental risk factors, and
the lack of highly penetrant causal variants with large effects [58].

Researchers have also employed candidate gene association studies to elucidate genetic
risk factors for T2D. As opposed to family-based linkage studies, candidate gene associa-
tion studies employ a hypothesis-driven approach where variants within genes suspected of
playing a role in disease-relevant processes are genotyped and tested for association in a
genetically unrelated cohort of case and control subjects. Alleles that segregate at higher
frequencies among diabetic individuals are considered risk alleles whereas alleles that are
significantly more common among controls are considered to be protective [119]. Moreover,
causal variants segregating within a population may either be directly tested when geno-
typed or indirectly interrogated through non-random association with a marker allele (i.e.
linkage disequilibrium or LD).

Although this approach provides more power to detect variants with smaller effects than
that afforded by linkage studies, it requires a biologically grounded hypothesis for each gene
tested that may be untenable for diseases with highly polygenic architectures. However,
the application of such studies have revealed significant associations at coding variants for

genes encoding peroxisome proliferator (PPARG) and the [-cell ATP-sensitive potassium



(Katp) channel Kir6.2 (KCNJ11) - both of which are targets for therapeutic agents (thi-
azolidinediones and sulfonylureas, respectively) [5, 40]. Coding mutations in KCNJ11 and
ABCCS - which encodes the sulfonylurea receptor 1 (SUR1) subunit of the S-cell Kspp
channel - have previously been shown to cause a rare form of diabetes that affects newborns
known as neonatal diabetes (NND) [130, 54]. The pancreatic S-cell Kpxpp channel encoded
by these genes plays an essential role in insulin secretion as activating mutations in these
genes prevent glucose-stimulated insulin secretion from the pancreas [130, 54]. Although the
KCNJ11 variants associated with T2D differ from those responsible for NND, it highlights a
molecular process that plays a critical role in maintaining glucose homeostasis that promotes

the development of diabetes when disrupted by genetic variation.

1.4 Genome-wide association studies reveal biological insights

into T2D

The modest number of successes gleaned from family-based linkage and candidate gene
studies of T2D can be attributed to the complexity of the disease itself; T2D is obfuscated
by environmental factors, non-Mendelian inheritance, and a paucity of highly penetrant
causal variants. However, a series of large-scale, collaborative efforts to elucidate the struc-
ture of human genetic variation along with advances in genotyping technology set the stage
for genome-wide association studies. Beginning with the inception of the Human Genome
Project in the mid-1980s and carrying forward to population studies of commonly segregating
variants (i.e. The International HapMap Project and 1000 Genomes Project) - researchers
delineated a framework that allowed them to surpass the power limitations of genome-wide
linkage scans [145, 77].

Genome-wide association studies (GWAS) extend the study design of candidate gene asso-
ciation studies and involve testing thousands to millions of variants - predominantly single nu-

cleotide polymorphisms (SNPs) - that span the entire human genome [154]. Population-level



haplotype maps garnered from the International HapMap consortium allowed researchers
to exploit haplotype structure and delineate parsimonious sets of marker alleles that “tag”
variants through LD (including putative causal variants) [77, 154]. During the first 2 years
of GWAS, over 13 loci revealed significant associations with T2D - considerably more than
previous decades of genetic studies - and have now culminated in over 90 loci that harbor
significant associations with T2D [15, 104, 125]. Moreover, many T2D-associated variants
have replicated in multiple studies and have revealed important insights into the genetic
architecture of T2D.

For example, researchers have gleaned insight into consequences of risk alleles by com-
paring T2D-associated loci with results from GWAS of related traits. Obesity is a major risk
factor for T2D and T2D-associated SNPs annotated to F'TO and MC/R also significantly as-
sociated with obesity - indicating the these variants promote T2D through obesity-associated
IR [46, 93]. Moreover, researchers have observed an overlap between T2D-associated loci and
loci associated with physiological variation in glycemic traits [15]. Voight et al. (2010) ob-
served that risk alleles at 10 of 32 mapped T2D loci also associated with reduced S-cell func-
tion (CAMKI1D, CDKAL1, CENTD2, HNF1B, IGF2BP2, KCNQ1, MTNR1B, SLC30AS,
TCF7L2, THADA) [157]. However, only 3 T2D loci showed association with reduced insulin
sensitivity (FT0, KLF14, and PPARG) [157].

Despite the fact that over 50 loci have been associated with fasting and 2-hour glucose
levels, only a subset overlap T2D-associated loci; 22 out of 36 loci associated with fasting
glucose are directionally consistent (i.e. the disease promoting allele for T2D also associates
with higher fasting glucose) and 4 out of 9 loci associated with plasma glucose following
an oral glucose tolerance test were consistent [35, 134]. Moreover, directional divergence
was observed for variants mapped to MTNRIB, G6PC2, and GCK [134, 104]. Notably,
GCK encodes the pancreatic “glucose sensor” glucokinase that plays an integral role in the
glucose-stimulated insulin response and has been previously mapped as a gene underlying a

form of monogenic diabetes (i.e. MODY 2) [50]. The inconsistent direction of association at



these genes and partial overlap of T2D and glycemic trait loci indicates that although some
variants promote elevated glucose levels and T2D risk, the genetic basis of T2D is influenced
by variation that does not affect glucose homeostasis per se.

GWAS has also informed the relationship between dyslipidemia and T2D. Free fatty acids
(FFA) have been shown to promote IR in liver and have lipotoxic effects in pancreatic -
cells [25, 151, 109]. Moreover, researchers have observed that elevated circulating triglyceride
levels predict T2D independently of BMI and shown that triglyceride-lowering drugs may
reduce T2D risk by improving insulin secretion [44, 25]. Although these observations suggest
that risk variants may promote T2D by directly increasing triglyceride levels, De Silva et
al. (2011) applied a Mendelian randomization-based study design and found no relationship
between T2D rates and number of triglyceride-raising alleles [22]. These results therefore
suggest that hypertriglyceridemia is a consequence rather than a cause of T2D [22].

Researchers have used results from GWAS to address the “Fetal origins” hypothesis that
explains the epidemiological association between low birthweight and increased T2D risk
later in life [10, 1]. Genetic variants in ADCY5 and near CCNLI are not associated only
with relative insulin deficiency but also with fetal growth and birthweight [10, 47]. Moreover,
variants increasing T2D risk at additional T2D-associated loci near CDKAL1, HHEX, and
KCNQ1 are also associated with smaller birthweight [47, 71]. On the other hand, T2D
risk alleles at the GCK and MTNR1B loci were associated with increased birthweight [47].
However, these associations were no longer significant when the researchers adjusted for the
maternal genotype - indicating that the risk alleles promote hyperglycemia in the mother
and subsequent hyperinsulinemia in the fetus [47]. In addition to environmental factors,
these results collectively support a genetic contribution to intrauterine growth that increases
T2D risk [102].

GWAS has also allowed researchers to confront questions pertaining to the population
genetics of T2D risk alleles. For example, in 1962 J.V. Neel proposed a “thrifty genotype” hy-

pothesis wherein the high prevalence of T2D and obesity alleles in contemporary populations



indicates that they may have conferred a selective advantage in human prehistory; variants
promoting energy storage and weight gain may have been advantageous during periods of
erratic food supply [107].

The “thrifty genotype” hypothesis would be corroborated by the presence of many derived
alleles over ancestral alleles (i.e. selective sweeps) or marked differences in allele frequencies
between ethnic groups [8]. However, there is little evidence of these signatures among T2D-
associated variants as selection seemingly affected both protective and risk alleles in equal
proportion at 65 loci significantly associated with T2D [6, 158]. Yet, there is a small but
growing number of T2D loci where replication is not observed across ethnicities and could
potentially be attributable to true population-specific risk alleles as opposed to differences

in LD or being false positives [14, 20, 125].

1.5 The problem of “missing” heritability

There have also been a number challenges brought to light by GWAS - the most salient
being that significant trait-associated variants present only modest effect sizes. For example,
the most strongly associated SNP with T2D (at the TCF7L2 locus) has an odds ratio
(OR) of only ~ 1.4 in Europeans [55]. Moreover, the set of SNPs that reach genome-wide
significance in GWAS explains only 5-10% of the phenotypic variance of T2D [15, 79]. This
presents a problem of “missing” heritability where the trait heritability accounted for by
GWAS-significant SNPs is considerably lower than that estimated from family studies [95].
Furthermore, this problem is not unique to T2D as GWAS of height - an extensively studied
human phenotype associated with a high estimate of heritability (~ 80%) - has mapped
variants at 180 loci yet account for only a combined 10% of trait heritability [86]. There have
been several explanations put forward to address this discrepancy that range from a failure
to account for interactions between SNPs (i.e. epistasis) to the possibility that family-based
heritability estimates did not adequately adjust for shared environment and were therefore

inflated [95, 15]. Additionally, GWAS has predominantly interrogated associations involving
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SNPs due to the reliability and coverage of SNPs in genotyping platforms. Consequently,
GWAS has interrogated structural variation to a lesser extent (although an appreciable
proportion of common structural variants can be “tagged” by marker SNPs through LD)
[103]. Therefore, heritability estimates from GWAS-significant SNPs may not fully reflect
the impact of copy number variants (CNVs) (i.e. insertions and deletions) and copy neutral
variants (i.e insertions and translocations) - variants that have been shown to significantly
contribute to Mendelian disorders [95, 82].

Another widely considered explanation for missing heritability is that genotyping mi-
croarrays - although well-powered to detect associations for common variants segregating
in populations with minor allele frequency (MAF) > 1% - poorly interrogate rarer variants
(MAF < 1%) with larger effect sizes [95, 52]. Purifying selection would work to purge highly
deleterious alleles from populations, making it unlikely for there to be common variants
with high effect sizes, yet it would not necessarily preclude the existence of rare variants
with larger effects at loci harboring T2D associations [15]. Moreover, low frequency variants
could have considerable effect sizes without showing a Mendelian pattern of inheritance and
account for a sizeable proportion of phenotypic variance [100]. For example, 20 variants with
allele frequency of 1% and odds ratio of 3 would theoretically account for most of the familial
aggregation of T2D [100]. However, such variants were not detected in a large and sufficiently
powered meta-analysis of over 6,000 families [58]. Moreover, results from sequence-based as-
sociation studies of T2D have not accounted for sizable proportions of “missing” heritability
91, 160].

Alternatively, there could be many common variants with relatively small effect sizes that
may collectively account for much of the heritability not accounted for by GWAS-significant
variants [95, 78]. The significance threshold (p < 5 x 10*8) employed in GWAS corrects for
multiple testing [100, 154]. However, this threshold is overly stringent as it assumes inde-
pendence between tests whereas the presence of LD between SNPs belies this assumption.

Consequently, this would result in fewer SNPs reaching genome-wide significance and there-
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fore contribute to the low proportion of explained variance observed for complex traits such
as T2D. In 2010, Yang et al. developed a method for estimating heritability attribute to com-
mon genetic variation [78]. In contrast to family-based methods for estimating heritability
that leverage expected or estimated genetic relatedness between family members [143], the
Yang-Visscher method directly estimates genetic relatedness from GWAS data - where the
ascertainment scheme involves unrelated case and control groups [78, 167]. This method al-
lows for an unbiased estimate of narrow sense heritability (h2 - the proportion of phenotypic
variance explained by additive genetic effects). However, as the SNPs interrogated in GWAS
typically segregate in populations at MAF > 1%, this method provides an estimate for the
phenotypic variance explained by the additive effect of common SNPs - a measure referred
to as h2gNp or h2;, heritability. The application of this method to a dataset representing
3,925 individuals of European ancestry at nearly 300,000 SNP markers yielded an estimate
of height heritability of 45% [78]. Further adjustment for imperfect LD between causal and
marker variants due to differences in allele frequency distributions increased this estimate to
~ 54%; an estimate considerably larger than those corresponding to “bottom-up” estimates
of heritability attributable to GWAS-significant variants [78, 171].

Researchers have applied the Yang-Visscher method and similar approaches to show that
common SNPs can account for significant proportions of phenotypic variance for numerous
quantitative and disease traits such as body mass index (BMI), von Willebrand factor, QT
interval, schizophrenia, and bipolar disorder [169, 123, 87, 21]. These results indicate that
much of what might be considered “missing” heritability for a number of complex diseases
may actually be “hidden” in the cumulative effect of many common SNPs with small effect
sizes that fail to meet the stringent significance threshold applied in GWAS.

Indeed, researchers have estimated that 25-63% of the phenotypic variance of T2D in
populations of European ancestry from Iceland and the UK can be explained by common
variants represented in GWAS [104, 172, 140]. However, these results do not explain all the

phenotypic variance of T2D and suggest that rare variants may constitute the remaining
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heritability. Moreover, the fact that many common SNPs with small effect sizes explain a
sizable fraction of heritability complicates the interpretability of results from GWAS; this
observation makes it all the more difficult to resolve the causal variants and relevant genes

that underlie disease risk.

1.6 The role of regulatory genetic variation on genetic risk of

T2D

Another issue brought to light from GWAS on numerous complex traits and diseases is that
the majority (~ 93%) of associated variants are located in non-coding genomic (i.e. intronic
and intergenic) regions rather than regions encoding genes [67]. This suggests an impor-
tant role for variants that regulate gene expression as opposed to variants that alter protein
structure. Indeed, researchers have generated substantial evidence supporting a relationship
between trait-associated variants and variants that influence chromatin accessibility and gene
expression [99, 110, 111]. Many studies have mapped and investigated the phenotypic con-
sequences of a class of genetic variation known as expression quantitative trait loci (eQTLs)
- variants that show a strong statistical association with gene expression in a particular cell
or tissue type [2]. Nicolae et al. (2010) showed that trait-associated variants from pub-
lished GWAS were significantly enriched for eQTLs mapped in human lymphoblastoid cell
lines (LCLs) [111]. Moreover, the observed enrichment were robust across eQTL association
thresholds (with the enrichment being more pronounced for more significant eQTLs) and
across multiple phenotypes [111]. Notably, sets of GWAS-significant SNPs for diseases with
a recognized autoimmune etiology (i.e rheumatoid arthritis, Crohns disease, type 1 diabetes)
exhibited greater enrichment for LCL eQTLs than did diseases where LCLs were less likely
to be a relevant cell line (i.e. T2D) [111].

Maurano et al. (2012) similarly showed that trait-associated variants were enriched within

deoxyribonuclease 1 (DNasel) hypersensitive sites (DHS) - chromatin accessible regions likely
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to be actively involved in gene regulation [99]. They generated genome-wide DHS maps in
349 cell and tissue samples from the ENCODE and Roadmap Epigenomics Program and
in 233 fetal tissue samples and identified approximately 3.9 million DHS across the genome
in one or more tissues [99]. These DHS were highly enriched for significant GWAS SNPs
corresponding to 207 and 447 quantitative and disease traits, respectively [99]. Furthemore,
they observed that 76.6% of all non-coding GWAS SNPs were either located within a DHS
or were in complete LD with SNPs in a nearby DHS [99]. Degner et al. (2012) provided
additional evidence linking DHS regions to eQTLs by mapping loci that associated with
DNase 1 sequencing (DNasel-seq) reads in 70 Yoruba LCLs corresponded to individuals of
West African ancestry [27]. In addition to observing that such dsQTLs were enriched within
transcription factor (TF) binding sites, they found that 16% of dsQTLs were also eQTLs
and that, conversely, 55% of eQTLs were dsQTLs [27]. Moreover, although 23% of variants
mapped as being both a dsQTL and eQTL were within 1 Kb of the transcription start site
(TSS) of target genes, they also observed significant evidence for long-range regulation as
far as 100 Kb away from the target gene [27].

Although T2D-associated variants were not highly enriched for eQTLs mapped in LCLs
[111, 14], Below et al. (2010) found that eQTLs mapped in insulin-responsive peripheral
tissues (skeletal muscle and adipose tissue) were enriched among the set of variants that
associated with T2D in a GWAS of Mexican American individuals from South Texas [14].
This corroborates a tissue-specific context for regulatory variation wherein eQTL enrichment
among sets of disease-associated variants reflects tissues relevant to pathogenesis. An advan-
tage of leveraging eQTL in disease studies is the fact that eQTLs “spotlight” target genes
and may help resolve the regulatory mechanism between causal SNPs and target genes impli-
cated by GWAS. For example, T2D risk alleles upstream of KLF14 (Morris 2012, Teslovich
2010) were also significantly mapped as eQTLs in adipose tissues, supporting a connection
with their shared association in measure of insulin resistance [104, 144, 83]. Moreover, these

same risk alleles also influenced the expression of other genes across the genome, constituting
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distal-acting eQTLs that regulate gene expression through a trans (i.e. non-allele-specific)
mechanism [83, 2]. This presumably results from the role of KLF1/ as a transcription factor
that may control a coordinated network of KLF1/-mediated transcriptional activation and
suppression in adipose tissue [137]. Furthermore, genome-wide maps of regulatory elements
in pancreatic islets (e.g. TF binding sites, open chromatin, putative enhancer elements)
reveal that such regulatory regions are highly enriched for T2D-associated variants from
GWAS [116, 118].

The substantial evidence linking regulatory variants (i.e. eQTLs) to disease-associated
loci illuminates the genetic architecture of complex human diseases - including T2D. Impor-
tantly, insights gleaned from functional studies of disease-associated variants challenge the
validity of implicating putative disease genes by proximity to associated loci. This problem
is exemplified by molecular studies elucidating mechanistic consequences on gene expression.
A seminal study of the FTO locus harboring the strongest GWAS association with obesity
[46], showed that the associated variants within the first intron of FTO exhibited long-range
interactions with the promoter of a downstream transcription factor - IRXS3. Moreover,
transgenic in vivo studies in mice revealed that perturbing the expression of Irz3 directly
affecting body mass composition and response to a high-fat diet [138]. Therefore, the re-
ported disease gene at this locus (F'T0O) may not be the primary target gene impacted by
the risk alleles for obesity and serves as a cautionary tale for interpreting GWAS results.
Moreover, although GWAS provide reliable maps of T2D-associated loci, results from this
and related studies warrant a careful consideration of the putative T2D genes reported from

GWAS [138, 105).
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1.7 Leveraging eQTL information to elucidate the genetic

architecture of T2D

The enrichment of eQTLs mapped in insulin-responsive peripheral tissues among sets of
T2D-associated variants suggests an important role for gene regulation in the genetic basis
of T2D. In this body of work, I address outstanding questions about the overall contribution
of regulatory variation to genetic susceptibility for T2D and the resolution of genes mapped
as putative T2D genes. I employ heritability partitioning to determine the contribution
of eQTLs mapped in human adipose tissue and skeletal muscle tissue to the proportion
of T2D heritability attributable to common genetic variation. I then address the issue of
gene mapping by predicting the genetic component of gene expression from eQTL data
and sequentially test for association with T2D using a method that explicitly addresses the

mechanism of transcription.
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CHAPTER 2
PARTITIONING THE HERITABILITY OF TYPE 2 DIABETES
WITH EQTLS MAPPED IN INSULIN-RESPONSIVE
PERIPHERAL TISSUES

The following chapter was published in the American Journal of Human Genetics, 2014,
Volume 95, Issue 5, Pages 521-534. The authors were as follows: Jason M. Torres, Eric
R. Gamazon, Esteban J. Parra, Jennifer E. Below, Adan Valladares-Salgado, Niels Wacher,

Miguel Cruz, Craig L. Hanis, and Nancy J. Cox

2.1 Abstract

Top signals from genome-wide association studies (GWAS) of type 2 diabetes (T2D) are
enriched with expression quantitative trait loci (eQTLs) identified in skeletal muscle and
adipose tissue. We therefore hypothesized that such eQTLs might account for a dispro-
portionate share of the heritability estimated from all SNPs interrogated through GWAS.
To test this hypothesis, we applied linear mixed models to the Wellcome Trust Case Con-
trol Consortium (WTCCC) T2D data set and to data sets representing Mexican Americans
from Starr County, TX, and Mexicans from Mexico City. We estimated the proportion of
phenotypic variance attributable to the additive effect of all variants interrogated in these
GWAS, as well as a much smaller set of variants identified as eQTLs in human adipose tissue,
skeletal muscle, and lymphoblastoid cell lines. The narrow-sense heritability explained by
all interrogated SNPs in each of these data sets was substantially greater than the heritabil-
ity accounted for by genome-wide-significant SNPs (~ 10%); GWAS SNPs explained over
50% of phenotypic variance in the WTCCC, Starr County, and Mexico City data sets. The
estimate of heritability attributable to cross-tissue eQTLs was greater in the WTCCC data
set and among lean Hispanics, whereas adipose eQTLs significantly explained heritability

among Hispanics with a body mass index < 30. These results support an important role for
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regulatory variants in the genetic component of T2D susceptibility, particularly for eQTLs

that elicit effects across insulin-responsive peripheral tissues.

2.2 Introduction

Numerous family-based studies of disease heritability have indicated that type 2 diabetes
(T2D [MIM 125853]) is strongly heritable [121, 81, 108, 94, 4]. These results have motivated
many large-scale linkage, candidate-gene, and genome-wide association studies (GWAS),
which together have identified over 70 variants that significantly associate with T2D or glu-
cose traits and replicate across studies [126, 70, 53, 45, 5, 159, 136, 157, 173, 133, 79]. How-
ever, this set of variants collectively explains only a fraction of the narrow-sense heritability
previously estimated from family studies (31%-69%) [4] and thereby constitutes a problem
of “missing” heritability [79, 15, 95, 75]. Several hypotheses, including the possibility that
genetic susceptibility to T2D is driven by rare variants that are poorly interrogated through
GWAS [37, 31, 127, 51, 57], have since been put forward to explain the missing heritability
of T2D. Consequently, a number of large-scale exome and whole-genome sequencing efforts
to identify such rare variants underlying T2D risk within specific populations are ongoing
91, 73].

Alternatively, the majority of “missing” heritability might instead be “hidden” and ex-
plained by the cumulative effect of many variants with small effect sizes [123, 155, 51, 115].
Recently, investigators have tested this hypothesis by applying linear mixed models (LMMs),
which treat individual SNP effects as random effects and allow for the estimation of total
additive genetic variance [169, 155, 87, 88]. The application of these models has provided
evidence that GWAS-interrogated variants explain sizable portions of the missing heritabil-
ity for several complex traits, such as height, fasting glucose, and Tourette syndrome (MIM
137580) [169, 87, 152, 21]. Indeed, recent studies have suggested that much of the missing
heritability of T2D can be accounted for by the cumulative effect of common variants effec-

tively interrogated through GWAS and therefore support a highly polygenic architecture for
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T2D susceptibility [140, 104]. This presents a major challenge in identifying disease-related
genes given that the vast majority of interrogated SNPs are in non-coding regions and weakly
influence disease risk [15, 127]. Although T2D heritability might be attributable to the com-
bined action of many variants, we hypothesize that the variants driving susceptibility are
concentrated in pathways that influence molecular processes within metabolically important
tissues.

Previous studies have shown that expression quantitative trait loci (eQTLs) are highly
enriched within sets of disease-associated variants [111, 66, 99]. Moreover, the extent of
enrichment is greater for eQTLs mapped in tissues relevant to the disease [111]. Importantly,
eQTLs mapped in human adipose and skeletal-muscle tissue are enriched among sets of T2D-
associated SNPs, whereas eQTLs mapped in human lymphoblastoid cell lines (LCLs) exhibit
no such enrichment [111, 14, 38]. It is thus reasonable to hypothesize that at least some of
the overall heritability of T2D might be attributable to variants that regulate gene expression
in insulin-responsive peripheral tissues (IRPTSs).

In this study, we applied LMMs to the Wellcome Trust Case Control Consortium (WTCCC)
GWAS data set for T2D and to data sets including Mexican Americans from Starr County,
TX, and Mexicans from Mexico City to investigate the T2D variance explained by the
combined effect of common variants with individually small effects across data sets includ-
ing populations with distinct ancestries. Furthermore, we leveraged information on eQTLs
mapped in human adipose tissue, skeletal muscle, and LCLs to elucidate the heritability
contribution from regulatory variants mapped in IRPTs.

Here, we report that for each GWAS data set, the additive effect of the total set of
interrogated SNPs accounts for more heritability than estimates previously reported for
GWAS-significant variants. SNP subsets composed of eQTLs mapped in skeletal muscle and
subcutaneous adipose tissues and of eQTL subsets identified in multiple tissues explain higher
phenotypic variance than expected given the proportion of SNPs included in the analysis.

These results suggest that T2D has a highly polygenic architecture that is disproportionately
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driven by regulatory variants, including those active in IRPTs.

2.3 Materials and Methods

2.83.1 FEthics Statement

All study participants who donated adipose and muscle biopsies provided written informed
consent under protocols originally approved by the institutional review board at the Univer-
sity of Arkansas for Medical Sciences. Informed consent was obtained from each participant
from Mexico City, and research was approved by the ethical research boards of the Medical
Center “Siglo XXI” and the University of Toronto. Informed consent was obtained from
each participant from the Starr County Health Study, and research was approved by the

institutional review boards of the University of Texas Health Science Center at Houston.

2.3.2 GWAS and eQTL Data Sets

We analyzed genotype data from the WTCCC GWAS of T2D in 1,924 case and 2, 938 control
subjects [159]. The data set included 469,557 SNPs genotyped on the Affymetrix GeneChip
500K Mapping Array Set and was called with the CHIAMO algorithm. SNPs showing
significant departures from Hardy-Weinberg equilibrium (HWE) could inflate estimates of
narrow-sense heritability [88]. We therefore excluded 33,618 markers with p values < 5%
from a HWE exact test. An additional set of 63,236 SNPs with a minor allele frequency
(MAF) < 1% were excluded, resulting in a pruned set of 370,139 SNPs that were carried
forward in our estimation of phenotypic variances explained by GWAS-interrogated SNPs.
Moreover, we ensured that SNPs with genotype missingness > 1% were not included in our
analyses, and therefore only SNPs with < 20 missing genotypes were included.

We also analyzed two GWAS data sets of Hispanic populations of Mexican descent in
this study. The first data set was previously used in a GWAS [14] of T2D in a Mexican
American population from Starr County, TX (SCT data set), and consisted of 837 case and
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781 control subjects (Supplementary Table 2.1). As previously described [14], individuals
were genotyped on the Affymetrix Genome-Wide SNP Array 6.0, and the set of typed SNPs
was imputed to a HapMap2 reference panel, resulting in a set of ~ 1.8 million SNPs after
quality-control measures. A total set of 1,733,064 SNPs remained after we removed SNPs
with HWE-departure p values < 5% and SNPs with MAF < 1%.

The second Hispanic GWAS data set came from a Mexican population from Mexico City
(MCM data set) and consisted of 967 case and 343 control subjects (Supplementary Table
2.1). Individuals were genotyped on the Affymetrix Genome-Wide SNP Array 5.0, and the
set of typed SNPs was imputed to both a phased HapMap2 and an unphased HapMap3
reference panel as previously described [117]. We applied the same quality-control measures
we used for the WTCCC and SCT data sets to the MCM data set, and the remaining set of
2,431,591 SNPs was carried forward for heritability analyses (Supplementary Table 2.2). In
order to increase the sample size for estimation of heritability among populations of Mexican
descent, we merged the imputed SCT and MCM data sets together by chromosome and
applied the same MAF and HWE-departure p value thresholds as in the individual GWAS
data sets. This resulted in a data set including 1,652,821 SNP genotypes (Supplementary
Table 2.2) for a total of 2,928 subjects (1,804 case and 1,124 control individuals). We
applied a stringent genotype missingness threshold of 1% in the merged Hispanic data set
(and thus SNPs with > 20 missing genotypes were not included in our analyses).

A set of eQTLs mapped in 90 HapMap CEU (Utah residents with ancestry from north-
ern and western Europe from the CEPH collection) lymphoblastoid cell lines (LCLs) were
acquired from the SNP and CNV Annotation (SCAN) database, an online repository that
provides physical and functional annotations for SNPs, copy number variants, and genes [49].
As previously described [49], we mapped eQTLs in LCL samples by applying a family-based
quantitative transmission-disequilibrium test (QTDT) to a set of more than two million SNPs
with MAF > 5% in order to evaluate associations with the reliable expression of > 13,000

gene transcripts measured with the Affymetrix GeneChip Human Exon 1.0 ST Array. For
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this study, we included all SNPs with QTDT p values < 1.0 x 10~% in the SCAN database.

Extraction and eQTL mapping of primary human adipose and skeletal muscle tissue are
described in Elbein et al [38]. In brief, samples of subcutaneous adipose tissue (extracted
via needle biopsy or incision) and skeletal muscle from the wvastus lateralis were extracted
by Bergstrom needle biopsy from 62 individuals with ages ranging from 20 to 55 years and
body mass index (BMI) ranging from 19 to 42 kg/m2. Of these 62 individuals, 40 were of
European American ancestry and 22 were of African American ancestry. Genotyping was
performed with the Illumina 1M platform, and RNA-expression profiling was performed with
the Agilent Human Whole Genome 4 x 44 array [38]. The set of typed SNPs was imputed
to a HapMap2 reference panel. For each tissue, we mapped eQTLs by testing each SNP for
the additive effect of allele dosage on covariate-adjusted normalized probe-level expression
intensity under a linear model that included the combined set of samples from both European

and African American cohorts:

P=pu+R+e,

where P is the normalized probe-level expression value, p is the expected value of the
probe expression intensity, R is the covariate for genetic ancestry (i.e., first principal com-
ponent), and € is the residual error term. For the eQTL-based analyses, we included SNPs

with gene-expression association p values < 1.0 x 10—4.

2.3.8  Estimation of Phenotypic Variance Fxplained by GWAS SNPs

For each GWAS data set, a genetic relatedness matrix (GRM) was calculated from the full
set of autosomal SNPs (i.e., not pruned for LD) with the program Genome-wide Complex
Trait Analysis (GCTA), developed by Yang et al [167]. We included only SNPs with MAF
> 1% in our analyses because we were interested in evaluating the heritability attributable to

common SNPs.We applied a relatedness threshold (7) to prune pairs of individuals sharing
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many genes identically by descent. This ensured that effects from non-genetic factors, such
as a common environment shared between close relatives, did not upwardly bias estimates of
chip heritability (i.e., the proportion of phenotypic variance explained by the additive effect
of GWAS-interrogated SNPs) [88]. The inclusion of close relatives (i.e., monozygotic twins
and first-degree relatives) would dominate heritability estimates and yield results similar to
those of an additive genetic model even in the absence of a shared environment [156]. When
a pair of individuals share more than the specified genetic relatedness, GCTA employs a
parsimonious algorithm that selectively removes an individual so as to maximize the number
of individuals retained in the GRM [167]. No pair of subjects in the WTCCC data set
shared genetic relatedness in excess of 5%, whereas a considerable number of subjects in the
Hispanic data sets surpassed this threshold. The primary analyses presented here utilized
all the samples in the Hispanic data set. However, the results from our heritability analyses
of this data set are robust across relatedness thresholds (see below).

PC analyses (PCAs) [122] were performed for each data set with the PCA method im-
plemented in GCTA. Mexican American and Mexican individuals showing poor clustering in
PC cluster plots were identified, and a GRM was recalculated without these individuals for
each of the individual Hispanic data sets and the merged Hispanic data set (Supplementary
Figure 2.6).

The proportion of narrow-sense heritability explained by the additive effect of GWAS
SNPs (i.e., chip heritability) was estimated with the restricted maximum-likelihood estima-
tion (REML) method implemented in GCTA. The actual binary phenotype of T2D status
was transformed to an underlying liability model in which the disease threshold was depen-
dent upon the prevalence of T2D in each population [167]. A prevalence of 8% was specified
for the REML estimation of additive genetic variance in the WTCCC data set. Population
disease-prevalence values of 20% and 10% were specified for the analyses of the SCT and
MCM data sets, respectively (Supplementary Table 2.2). A population prevalence of 16%

was specified for heritability estimation in the merged His- panic data set and was calculated
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as a weighted average of the T2D prevalence from the two samples.

2.8.4  Covariate Selection

LMM models including fixed effects from potential covariates for T2D (i.e., age, BMI, sex,
and PCs) were evaluated for each data set with available information (Supplementary Table
2.3). Sex and the first five PCs were included as covariates in the analysis of the WTCCC
data set. Sex, age (at diagnosis for case subjects and at enrollment for control subjects),
and BMI were included as covariates in the analyses of the Hispanic data sets. Moreover,
differences in global ancestry can potentially confound genetic association studies in admixed
populations [148]. To control for these effects, we included the first ten PCs as covariates in

our estimation of heritability in the SCT, MCM, and merged Hispanic data sets.

2.3.5 Estimation of Phenotypic Variance Fxplained by SNPs that

Colocalize with Known T2D-Associated Variants

A set of 141 unique SNPs significantly associated with T2D was obtained from the National
Human Genome Research Institute (NHGRI) online catalog of published GWAS associations.
Reference sets of SNPs composed of the 141 NHGRI SNPs and all HapMap2 SNPs within
1 Kb, 10 Kb, 100 Kb, 500 Kb, and 1 Mb of each of the NHGRI SNPs were constructed.
For each GWAS data set, multiple joint analyses of narrow-sense heritability involving each
NHGRI SNP set were performed. The total set of GWAS SNPs was partitioned into two
unique SNP subsets whereby the first subset was composed of SNPs represented in a NHGRI
subset (e.g., 1 Kb) and the second subset was composed of the complement set of all SNPs
not present in the first subset. A GRM was calculated for each subset with the -make-grm
function implemented in GCTA, and the two GRMs were then incorporated into a joint
analysis of the heritability attributable to both the NHGRI SNPs and the complement set

of non-NHGRI SNPs. The additive genetic variance attributed to each subset was jointly
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estimated with the multiple GRM (-mgrm) and REML (-reml) functions implemented in
GCTA.

2.3.6 Estimation of Phenotypic Variance Fxplained by eQTL SNP Subsets

We estimated the variance explained by eQTL sets by using the following mixed-effects

model:
Y =Xb+) gr+C+e
T

var(Y) = Z ATO'% + ACU% + Io?,
T

where Y is a vector of phenotypes and b is a vector of fixed effects (e.g., PCs, BMI, etc.).
Here, A7 is the GRM estimated from the eQTL set T', and g denotes the genetic effect
attributable to the eQTL set T" with variance of g7 equal to ATJ%. C' is the genetic effect of
the complement set of SNPs. The phenotype is modeled as the sum of these genetic effects
and the relevant covariates (fixed effects) and a residual. Variances were estimated with
REML. The heritability attributable to the eQTL set T' was then calculated as the fraction

of the phenotypic variance U%,:

2
hQ_UT

T_O_Q
Y

In our analysis, we estimated the heritability explained by various eQTL sets (derived
from several tissues) by partitioning, in multiple analyses, the genome into disjoint sets
(composed of classes of eQTLs and the complement SNP set). We did not prune SNP subsets

for LD because this could result in spurious “enrichment” of heritability (see Results).
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2.3.7 Description of eQTL Subsets Evaluated in Heritability Analyses

For convenience, we provide a brief description of eQTL subsets we evaluated in our partition
analyses of T2D heritability (Figure 2.1): eQTLs mapped in LCL samples from HapMap2
CEU individuals, but not included in either the adipose or the skeletal-muscle eQTL sets (L);
eQTLs included in the adipose eQTL reference set, but not in any other eQTL reference set
(A); eQTLs in the skeletal-muscle eQTL reference set, but not in any other eQTL reference
set (M); eQTLs included in both the LCL and the adipose eQTL reference sets, but not
in the skeletal-muscle eQTL reference set (AL); eQTLs present in both the LCL and the
skeletal-muscle eQTL reference sets, but not in the adipose eQTL reference set (ML); eQTLs
represented in both the adipose and the skeletal- muscle eQTL reference sets, but not in the
LCL eQTL reference set (AM); the intersection of eQTLs represented in the LCL, adipose,
and skeletal muscle reference sets (AML); and the set of eQTLs mapped in IRPTSs, defined

as the union of eQTL sets A UM U AM.

Baseline-Subset Analysis. For this analysis, the total set of SNPs was partitioned into
eight SNP subsets representing all possible disjoint eQTL sets (Figures 2.1A and 2.1B): L, A,
M, AL, ML, AM, AML, and the complement set of SNPs not included in the eQTL subsets.

Analysis of IRPT versus LCL eQTLs. We sought to compare the heritability for reg-
ulatory variants identified in IRPTs as a group (A U M U AM) to that from eQTLs mapped
in LCLs, a representative non-insulin responsive cell type. Moreover, we were interested
in comparing these estimates to the heritability from eQTLs mapped across tissues (AML)
in this analysis. The total set of SNPs in each GWAS data set was partitioned into non-
overlapping subsets: L, IRPT, AML, and the complement set of SNPs not included in these
eQTL subsets.

Expanded Analysis of IRPT versus LCL eQTLs. This analysis was similar to the

analysis of IRPT versus LCL eQTLs (IRPT-LCL analysis) with the distinction that the
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IRPT set was ungrouped into the A, M, and AM subsets. Alternatively, this analysis was
similar to the baseline-subset analysis with the modification that the AL and ML subsets
were included in the complement SNP subset. This analysis, unlike the IRPT-LCL analysis,
allowed for a comparison of tissue-specific eQTLs while involving fewer subsets than the

baseline-subset analysis.

Index-Subset Analysis. In order to further investigate relationships between eQTL sub-
sets that significantly explain heritability, we performed a series of three-way partition analy-
ses whereby we jointly estimated heritability for two “index” subsets along with the comple-
ment set of SNPs not included in either of the index subsets. For example, in the WTCCC
analyses (see below), we observed that the muscle-specific and cross-tissue eQTL subsets
explained disproportionate phenotypic variances relative to SNP-set proportions (Figure 3).
We subsequently performed an index-subset analysis by grouping all cross-tissue eQTLs sub-
sets (AL U ML U AM U AML) and comparing this subset with the muscle-specific (M) and

complement SNP subsets.

2.3.8 FEstimation of Phenotypic Variance Explained by cis- and

trans-eQQTLs

In order to further delineate the eQTL subsets that explained the most phenotypic variance
relative to SNP-set proportion in the WTCCC data set (i.e., cross-tissue and muscle-specific
eQTLs; see Results), we partitioned according to cis and trans classification. eQTLs in each
reference data set were designated as either cis or trans according to proximity to either the
gene start site or the gene end site of the target transcripts. eQTLs within 4 Mb of a start
or end site for a target gene were classified as cis-eQTLs, whereas eQTLs associ- ated with
genes beyond this threshold were designated as trans- eQTLs. SNPs associated with gene
expression in multiple genes were classified as cis if at least one significant association was

a cis association. Otherwise, a SNP was designated as a trans-eQTL.

26



Cross-tissue eQTLs were classified as cis-eQTLs if at least one association was a cis
association. The total set of SNPs in the WTCCC data set was partitioned into three
unique SNP subsets: cross-tissue cis-eQTLs, cross-tissue trans-eQTLs, and the remaining
set of all SNPs not represented in the other two subsets. As in the eQTL-subset analyses
described above, we calculated a GRM for each subset from the corresponding SNP genotypes
and used the three GRMs to jointly estimate the heritability attributable to each subset by
using REML. We performed a similar partition analysis in the WTCCC data set for skeletal

muscle-specific eQTLs.

2.3.9 BMI-Stratified Analysis of the Merged Hispanic Data Set

In order to evaluate T2D-heritability profiles among subjects of Mexican descent in the
context of obesity,we stratified the merged Hispanic data set according to BMI whereby
subjects with BMI < 30 were included in a “lean” group (997 case and 640 control subjects)
and subjects with BMI > 30 were included in a “non-lean” group (779 case and 475 control
subjects). We performed two separate heritability analyses for each BMI-stratified group:
(1) index-subset analysis (see above) with muscle-specific eQTLs (M) and cross-tissue eQTLs
(AL U ML U AM U AML) as the index subsets; and (2) index-subset analysis with adipose-
specific eQTLs (A) and cross-tissue eQTLs as the index subsets. The first ten PCs were
included as covariates, and the analyses were performed both with and without the inclusion

of BMI as a covariate.

2.8.10 Permutation Analysis

In order to identify significant differences in the proportions of phenotypic variance explained
by eQTL subsets, we performed a series of permutation-based analyses. For each joint
heritability analysis, we investigated statistical differences in heritability estimates between

subsets by defining a test statistic:
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h2 — h
\/SEZ + SE;

where fAL% and fzg are the estimates of heritability attributable to SNP subsets x and v,

T =

respectively, and SE; and SEy are the standard errors for SNP subsets x and y, respectively.
We then permuted jointly the phenotype assignment and corresponding covariate values of
each individual in the GWAS data set while maintaining the genotype structure. We used the
permuted phenotypes to recalculate REML estimates of heritability with SE and obtained a
test statistic. We repeated this process multiples times in order to generate a distribution of
test statistics and obtained an empirical p value from the number of instances a permutation
test statistic equaled or exceeded the observed test statistic from the non-permuted analysis.
For each joint heritability analysis in the WTCCC and Hispanic data sets, we performed a
minimum of 200 phenotype permutations with REML.

In order to evaluate significant differences in heritability estimates between correspond-

ing eQTL subsets in the lean and non-lean Hispanic cohorts, we defined the following test

statistic:
\/SEJQU,non—lean + SEg,lean
where ﬁ?y,non—lean and ;L?c,lean are the estimates of heritability attributable to SNP subset
in the non-lean and lean cohorts, respectively, and SE?C’ non-lean and SE%1 cap are the standard

errors for SNP subset x in the non-lean and lean cohorts, respectively. An empirical p value
was similarly obtained from a distribution of permuted test statistics. For each inter-cohort
comparison of eQTL heritability made between the non-lean and lean Hispanic groups, we

performed 1,000 permutations.
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2.3.11 Adjustment for Imperfect LD at Causal Variants

In order to evaluate the effect of imperfect LD between GWAS-interrogated SNPs and un-
derlying causal variants on the observed relationships between eQTL subsets in our joint
partition analyses, we applied a MAF-stratified correction to GRMs as described in Yang
et al [169]. The genomic relationship between individuals j and k at causal variants (ij)
is approximated by the relatedness calculated from GWAS-interrogated SNPs (A;;). Yang
et al. determined empirically that when the MAF at causal variants is < 6, the regression

coefficient from the regression of G on Ay is:

(c+1/N)
var(Az,) ’

B=1-

where ¢ depends on the MAF distribution of the causal SNPs and 1/N represents the

sampling error from estimating the genetic relationship from N SNPs. We adjusted the

GRM for each eQTL subset in the IRPT-LCL partition analysis with the —grm-adj function

in GCTA by varying the ¢ parameter (¢ = 6.2 x 1076, 34x1076, 1.8 x 1076, 7.8 x 1077,

and 9.2 x 1079 for 0 = 0.1, 0.2, 0.3, 0.4, and 0.5, respectively) and estimated variances with
REML.

We also considered the effect of an uneven distribution of local LD across the set of
GWAS-interrogated SNPs; regions with high LD are likely to disproportionately contribute
to estimates of heritability. Speed et al. proposed estimating an adjusted GRM, A*, which is
comparable to the standard GRM calculated in GCTA (A = XX'/m/), where column X of
the standardized genotype matrix (X) for SNP j in SNP set m is replaced by weighted vector
VwjX; and m’ is replaced by 3 ;w; [139]. We estimated weightings for the entire set of
GWAS SNPs with the —cut-weights, —calc-weights, and —join-weights options implemented
in the program LDAK (Linkage Disequilibrium Adjusted Kinships). We then calculated
adjusted GRMs for each SNP subset in the IRPT-LCL partition analysis with the —cut-

kins and —calc-kins functions and applied the —partition-prefix and —partition-number (set
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Figure 2.1: Study overview. (A) Delineation of the eQTL subsets evaluated in the de-
composition of T2D heritability.(B) Diagram showing the constitution of each of the major

partitions evaluated in this study. (C) Schematic of the heritability analyses performed on
the WTCCC, SCT, and MCM data sets.

to four) arguments to enable genomic partitioning. Estimates of heritability for each subset
were calculated through REML implemented in GCTA as described above.

Figures were created in R [124] with base graphics and the ggplot2 package [164].

2.4 Results

2.4.1 FEstimation of T2D Heritability Fxplained by GWAS SNPs

We applied an LMM method to estimate the phenotypic T2D variance explained by the
additive effect of GWAS-interrogated SNPs (i.e., chip heritability) in three independent
data sets: the WTCCC, SCT, MCM data sets (Figure 2.1A). For each of these populations,
the narrow-sense heritability explained by the complete set of GWAS-interrogated SNPs was
high and exceeded the range for previously reported GWAS-significant SNPs (Figure 2.2A;
Table S2). The SE values of the heritability estimates were inversely related to sample size
and thus were larger for the Hispanic data sets (Supplementary Figure 2.8).

To further investigate the heritability contribution from loci strongly implicated from

GWAS, we referred to the NHGRI online catalog of published GWAS variants and jointly
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Figure 2.2: Estimates of narrow-sense T2D heritability explained by GWAS-
interrogated SNPs. (A) The REML estimates of phenotypic variance explained by the
additive effect of SNPs interrogated in GWAS (V4 /Vp) on T2D are shown for the WTCCC,
SCT, and MCM data sets. (BD) Heritability estimates for SNP subsets composed of T2D-
associated variants from the NHGRI GWAS catalog and HapMap2 SNPs within 1 Kb, 10
Kb, 100 Kb, 500 Kb, and 1 Mb are shown for the WTCCC (B), SCT (C), and MCM (D) data
sets. Total chip heritability and SE for each GWAS are given by the solid and dashed black
lines, respectively. The color corresponds to the significance of each heritability estimate
determined by the test statistic from the likelihood-ratio test (LRT).

estimated the variance explained by subsets enriched with T2D-associated SNPs. For each
GWAS data set, the significance of heritability estimates corresponding to the NHGRI sub-
sets was high, and the explained phenotypic variance generally increased with the number of
SNPs included in each subset (Figures 2.2B-D; Supplementary Table 2.4). However, in each
data set, the heritability estimates attributable to subsets composed of T2D-associated SNPs
were much lower than the total estimate of chip heritability (Figures 2.2A-D; Supplementary
Tables 2.2 and 2.4).

2.4.2  FEstimating T2D Heritability Explained by Metabolic-Tissue eQQTLs

m the WTCCC Data Set

Our group has previously shown that eQTLs mapped in human adipose and skeletal muscle
tissue are enriched among the set of variants that show genome-wide significant association

with T2D in populations of European and Mexican descent [14, 38]. We therefore hypoth-
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esized that eQTLs mapped in metabolically important tissues might also account for much
of the heritability of T2D. In order to evaluate this hypothesis, we partitioned the set of
GWAS-interrogated SNPs into subsets composed of eQTLs and performed joint analyses of
variance components (Figures 2.1A-C). We included eQTLs mapped in two IRPTSs, adipose
tissue, and skeletal muscle, as well as eQTLs mapped in LCLs (Supplementary Table 2.5).

We performed an IRPT-LCL analysis (see Material and Methods) in order to compare
the eQTL-derived heritability in IRPTs (i.e., adipose tissue and skeletal muscle) with that
in LCLs, a representative non-insulin responsive cell type. Of the four subsets evaluated in
the IRPT-LCL partition, the IRPT, AML, and complement subsets significantly explained
phenotypic variance (Figure 2.3A; Supplementary Table 2.6). Moreover, only the IRPT and
AML subsets accounted for proportions of explained heritability that exceeded their SNP-set
proportions; the AML set accounted for three times more heritability than would be expected
from the number of represented SNPs (Figure 2.3B; Supplementary Table 2.6). Interestingly,
the LCL subset yielded a low and non-significant estimate of heritability despite the fact that
it composed 27% of all GWAS-interrogated SNPs in the WTCCC data set (Figures 2.3A and
2.3B; Supplementary Table 2.6). We performed a permutation-based analysis and observed
that the variance explained by the IRPT eQTLs was significantly greater than the variance
explained by the L subset (p < 0.01).

In order to resolve the tissue-specific contributions to the GWAS heritability estimate,
we performed an expanded version of the IRPT-LCL analysis described above whereby we
ungrouped the IRPT subset into the constituent A, M, and AM subsets. The subsets com-
posed of muscle-specific eQTLs (M), cross-tissue eQTLs (AML), and complement SNPs
significantly explained phenotypic variance, whereas the LCL (L) and adipose (A) subsets
yielded low and non-significant estimates of heritability (Figure 2.3C; Supplementary Table
2.7). Of these subsets, only the muscle-specific and cross-tissue eQTL subsets accounted for
proportions of heritability that exceeded their SNP-set proportions (Figure 2.3C; Supple-

mentary Table 2.7). Moreover,we found that the difference in heritability estimates between
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Figure 2.3: Heritability of T2D Explained by Metabolic-Tissue eQTLs in the
WTCCC GWAS Data Set. The narrow-sense heritability estimates (V4/Vp) attributable
to non-overlapping SNP subsets (top panels). The proportion of chip heritability explained
by each subset is plotted with SNP-set proportion (bottom panels). Color is designated
by the logyy of the LRT p value, and estimates are shown with SE. (A and B) IRPT-LCL
analysis. (C and D) Expanded IRPT-LCL analysis. (E and F) Index-subset analysis with
muscle-specific (M) and cross-tissue (CT) eQTLs as index sets. (G and H) cis-trans analysis
of cross-tissue eQTLs.
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the muscle-specific eQTL (M) and adipose-specific eQTL (A) subsets was significant in a
permutation-based analysis (p = 0.025). However, in a separate analysis, we did not observe
a significant difference between the variances explained by the M U ML and A U AL eQTL
subsets (p = 0.72; Supplementary Table 2.8).

We performed a baseline-subset analysis to evaluate the phenotypic variance explained by
each possible eQTL subset delineated in Figure 2.1B. We observed that each subset composed
of cross-tissue eQTLs (i.e., AL, ML, AM, and AML) significantly explained proportions
of chip heritability that exceeded their SNP-set proportions (Supplementary Figure 2.8;
Supplementary Table 2.9).

We further investigated relationships between eQTL subsets that disproportionately ex-
plained phenotypic variance by performing an index-subset analysis (see Material and Meth-
ods) whereby we compared two index subsets along with the complement set of SNPs. For
this analysis, we evaluated the muscle-specific eQTL subset (M) and a cross-tissue eQTL sub-
set composed of eQTLs mapped in two or more tissues (AL U ML U AM U AML). Each of the
evaluated subsets significantly explained phenotypic variance, but only the muscle-specific
(M) and cross-tissue eQTL subsets explained proportions of heritability that exceeded their
SNP-set proportions (Figures 2.3E and 2.3F; Supplementary Table 2.9). Moreover, the mag-
nitude of this difference for each of these subsets was greater than a factor of 2 (Figure 2.3F;
Supplementary Table 2.10). Interestingly, the complement set of SNPs composed 80% of the
GWAS-interrogated SNPs yet accounted for only 52% of the explained heritability (Figure
2.3F; Supplementary Table 2.10).

Although the LCL-specific eQTL subset (L) did not significantly explain phenotypic
variance in any of the above analyses, we performed an additional joint analysis to resolve the
heritability contribution from LCL eQTLs. We estimated the variance explained by the A U
M U AM and AL U ML U AML eQTL subsets and observed that both subsets significantly
explained phenotypic variance and were enriched with heritability (Supplementary Table

2.11). However, a permutation-based analysis showed that the enrichment for the A U
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M U AM subset was not significantly greater than that for the AL U ML U AML subset
(p = 0.18). This supports a role for cross-tissue eQTLs mapped in LCLs and is consistent
with the heritability enrichment observed for the AML subset.

Finally, we considered that the higher heritability attributable to cross-tissue eQTLs in
this study might be due to the possibility that an eQTL mapped in two or more tissues
can more robustly be classified as an eQTL. This could then explain why cross-tissue eQTL
subsets consistently accounted for more heritability than the LCL eQTL sub-sets. However,
we do not believe this to be the case given that a comparison of matched sets of highly
significant LCL and cross-tissue eQTLs showed that cross-tissue eQTLs, but not LCL eQTLs,
yielded significant estimates of heritability (Supplementary Table 2.12). Taken together,
these results indicate that subsets composed of muscle-specific eQTLs and cross-tissue eQTLs

explain disproportionate amounts of heritability for T2D in the WTCCC data set.

2.4.3 FEvaluating the Heritability Captured by cis- and trans-eQQTLs in the

WTCCC Data Set

The cross-tissue eQTL subset explained the most heritability in the WTCCC data set (see
above); we therefore evaluated the respective heritability contributions from cross-tissue cis-
and trans-eQTLs (see Material and Methods). Although the subset of cross-tissue cis-eQTLs
accounted for a proportion of heritability that exceeded its SNP-set proportion, the REML
estimate of variance was low and not significant at the 5% significance level (Figures 2.3G and
2.3H; Supplementary Table 2.13). In contrast, the set of cross-tissue trans-eQTLs, although
defined by a loose p value threshold for association with gene expression in each tissue,
significantly explained most of the heritability accounted for by the total set of cross-tissue
eQTLs (Figures 2.3G and 2.3H; Supplementary Table 2.13).We observed similar results when
we performed an analysis of the respective contributions of cis- and trans-eQTLs represented
in the set of eQTLs specific to skeletal muscle (Supplementary Figure 2.10; Supplementary

Table 2.14).
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2.4.4 FEstimating T2D Heritability Explained by Metabolic-Tissue eQQTLs

in GWAS Data Sets Representing Populations of Mexican Descent

Because heritability-partitioning analyses were unstable in the two Hispanic data sets (Sup-
plementary Tables 2.15-2.17), we combined individuals from both data sets and merged both
sets of imputed SNP genotypes to increase the sample size to nearly 3,000 subjects. The
total set of GWAS-interrogated SNPs in the merged data set significantly explained 60% of
the phenotypic variance in the merged Hispanic data set (Figure 2.2A; Supplementary Table
2.2).We then performed an IRPT-LCL heritability analysis (see Material and Methods) and
found that only the IRPT subset (A U M U AM) significantly explained phenotypic variance
with an enrichment relative to the SNP-set proportion (Figures 2.4A and 2.4B; Supplemen-
tary Table 2.18). We performed a permutation-based analysis to determine whether the
variance explained by the IRPT subset was significantly greater than the variance explained
by the LCL-specific (L) subset. Similar to our results from the corresponding WTCCC
analysis, the IRPT eQTL subset significantly explained more variance than the LCL subset
(p < 0.01).

Next, we performed an expanded IRPT-LCL analysis (see Material and Methods) to
further resolve the tissue-specific contribution to heritability in the merged Hispanic data
set. Adipose-specific eQTLs and cross-tissue eQTLs mapped in adipose and skeletal-muscle
tissue significantly explained phenotypic variance and accounted for most of the estimated
heritability (Figure 2.4C; Supplementary Table 2.19). However, muscle-specific eQTLs did
not significantly explain phenotypic variance in the merged Hispanic data set (Figures 2.4C
and 2.4D; Supplementary Table 2.19), and a permutation-based analysis showed that the
enrichment of adipose-specific eQTLs was significantly greater than that of muscle-specific
eQTLs (p < 0.01).

We performed a baseline-subset analysis (see Material and Methods) and observed that
the set of eQTLs mapped in both adipose and skeletal-muscle tissue (AM), but not LCLs,

disproportionately explained the most chip heritability relative to the SNP-set proportion
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Figure 2.4: Heritability of T2D explained by metabolic-tissue eQTLs in the merged
Hispanic data set. The narrow-sense heritability estimates (V4/Vp) attributable to
nonoverlapping SNP subsets (top panels). The proportion of chip her- itability explained
by each subset is plotted with SNP-set proportion (bottom panels). Color is designated
by the logy of the LRT p value, and estimates are shown with SE. (A and B) IRPT-LCL
analysis. (C and D) Expanded IRPT-LCL analysis. (E and F) Index-subset analysis with
muscle-specific (M) and cross-tissue (CT) eQTLs as index sets. (G and H) Index-subset
analysis with adipose-specific (A) and cross-tissue (CT) eQTLs as index sets.
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(Supplementary Figure 2.4; Supplementary Table 2.20). Moreover, we corroborated that
adipose-specific (A) and cross-tissue eQTLs, but not muscle-specific (M) eQTLs, signifi-
cantly and disproportionately explained phenotypic variance in a set of index-subset analyses
(Figures 2.4E-H; Supplementary Tables 2.21 and2.22).

We performed an additional index-subset analysis and observed that the A U AL subset
was significantly enriched with heritability in relation to the M U ML subset (p < 0.01)
(Supplementary Table 2.23). Furthermore, subsets of cross-tissue eQTLs mapped in LCLs
did not contribute to heritability in the Hispanic data set, given that the AL U ML U AML
subset did not significantly explain variance and yielded a heritability estimate that was
significantly lower than that for the A U M U AM subset (p < 0.01) (Supplementary Table
2.24).

Although the merged Hispanic data set was better powered to resolve heritability esti-
mates between eQTL subsets, the heritability estimate for the complement subset in the
IRPT-LCL and expanded IRPT-LCL analyses was non-significant with high SE. However,
in a two-way partition analysis of L and complement subsets, the complement subset (in-
cluding eQTLs mapped in adipose tissue and skeletal muscle) yielded a high and significant
estimate of heritability (Supplementary Table 2.25). Taken together, these results differ from
the WTCCC results in that they support a greater heritability contribution from subsets

composed of eQTLs mapped in human adipose tissue.

2.4.5 BMI-Stratified Analysis of Heritability Explained by eQTL Subsets in

the Hispanic Data Set

We observed that 44% of the subjects in the merged Hispanic data set had a BMI > 30.
Therefore, the fact that more heritability was attributable to adipose-specific eQTLs in
this data set than in the WTCCC data set might be explained by differences in the BMI
distribution (Supplementary Figure 2.6). We explored this hypothesis by first stratifying

the merged Hispanic data set into a lean group composed of subjects with a BMI < 30 and
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a non-lean group composed of subjects with a BMI > 30. Although individuals with BMI
values less than 30 but greater than 25 can be considered overweight, we included them in
the lean cohort to enable a more even comparison both in terms of sample size and as a
contrast to obese subjects.

We performed a set of index-subset analyses in each group to compare the heritability
contributions from adipose- and muscle-specific eQTLs in relation to cross-tissue eQTLs. The
set of cross-tissue eQQTLs consistently explained the most heritability within the lean group,
whereas the heritability estimates corresponding to the muscle-specific (M) and adipose-
specific (A) eQTL sets were not significant and centered on 0 (Figure 2.5A-D; Supplementary
Tables 2.26 and 2.27). In contrast, cross-tissue eQTLs did not significantly explain pheno-
typic variance in the non-lean group in an index-subset analysis that included muscle-specific
(M) eQTLs as an index set (Figures 2.5E and 2.5F; Supplementary Table 2.23). Moreover,
phenotypic variance was most significantly explained by the complement set of SNPs in this
analysis (Figures 2.5E-F; Supplementary Table 2.28). However, both the magnitude and
the significance of the heritability estimate attributable to the complement set were con-
siderably reduced when we jointly estimated the heritability explained by adipose-specific
eQTLs (Figures 2.5G-H; Supplementary Table 2.29). Furthermore, adipose-specific eQTLs
consistently explained the most phenotypic variance within the non-lean group whether or
not we included BMI as a covariate for T2D in the REML estimation of genetic variance
(Figures 2.5G and 2.5H; Supplementary Tables 2.29 and 2.30). All results shown in Figure
2.5 correspond to analyses in which we included BMI as a covariate.

Next, we performed a permutation-based analysis to evaluate the difference in enrichment
by the adipose-specific eQTL subset between the two cohorts and found that the heritability
explained by the adipose-specific eQTL subset in the non-lean cohort was significantly greater
than that in the lean cohort (p < 0.001). Moreover, we performed a set of analysis to assess
the difference in the variances explained by the A U AM subset between cohorts and similarly

found a greater enrichment for this subset in the non-lean cohort than in the lean cohort
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Figure 2.5: Partition of metabolic-tissue heritability among Hispanics in low- and
high-BMI subgroups. The narrow-sense heritability estimates (V4/Vp) attributable to
non-overlapping SNP subsets are shown with SE and color corresponding to LRT (top pan-
els). The proportion of chip heritability explained by each subset is plotted with SNP-set
proportion and is color coded by the logyy of the LRT p value (bottom panels). Results
from an index-subset analysis with muscle-specific (M) and cross-tissue (CT) eQTLs as the
index sets are shown for Hispanic subjects with a BMI < 30 (A and B) and subjects with
a BMI > 30 (E and F). Results from an index-subset analysis with adipose-specific (A) and
cross-tissue (CT) eQTLs as the index sets are shown for Hispanic subjects with a BMI < 30
(C and D) and subjects with a BMI > 30 (F and G).
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(p = 0.003; Supplementary Table 2.31).

2.4.6  Joint Estimation of eQTL Heritability and Adjustment for

Incomplete LD with Causal Variants

Imperfect LD between causal variants and tagging SNPs can affect the estimation of heritabil-
ity. Thus, Yang et al. proposed a GRM adjustment that corrects for greater prediction error
when the MAF distribution of causal variants deviates from that of the GWAS-interrogated
SNPs [166, 168]. In order to determine how imperfect LD at causal loci might affect our
joint analyses of heritability, we investigated our results from the IRPT-LCL analysis for
both GWAS data sets by adjusting across different values of # such that the assumed MAF
at causal SNPs was MAF < @ (see Material and Methods). Although the significance of
the heritability estimates decreased and the SE increased with decreasing values of 6, the
relationships between the eQTL subsets reported above were maintained (Supplementary
Figures 2.12 and 2.13).

Speed et al. proposed a weighted GRM approach that involves the calculation of local LD
throughout the set of GWAS SNPs and that adjusts the GRM according to an appropriate
weighting for each SNP [139]. In order to investigate the effect of local LD correction on joint
estimation of eQTL heritability, we incorporated this weighted GRM approach implemented
in the program LDAK into our IRPT-LCL analysis in both GWAS data sets (Material and
Methods). The relationships between eQTL subsets reported from this analysis were main-
tained (i.e., eQTLs mapped in IRPT disproportionately explained T2D heritability, whereas
eQTLs mapped in LCL did not) (Supplementary Figures 2.14 and 2.15; Supplementary
Tables 2.32 and 2.33).
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2.4.7 FEvaluation of the Robustness of eQQTL Relationships

As mentioned above, we included the full set of individuals in the merged Hispanic data set
in our estimation of heritability. We evaluated relatedness thresholds ranging from 5% to
20% and found no meaningful change in the total estimate of heritability, although there was,
as expected, an increase in the SE with each corresponding decrease in sample size (Sup-
plementary Table 2.34). Moreover, we observed consistent relationships between heritability
estimates in eQTL partition analyses across relatedness thresholds (Figure S11). We also
observed that the relationships between eQTL subsets in the IRPT-LCL partition analysis
were maintained across MAF thresholds in both the WTCCC and the Hispanic data sets

(Supplementary Figures 2.17 and 2.18; Supplementary Tables 2.35 and 2.36).

2.5 Discussion

In this study, we found that the cumulative effect of GWAS-interrogated SNPs explained
a large proportion of phenotypic variation for T2D (> 50%) in the WTCCC data set and
in two independent data sets representing Hispanic populations of Mexican descent (Figure
2.2A). Moreover, the heritability attributable to the total set of GWAS-interrogated SNPs for
each GWAS data set was greater than the heritability attributable to SNP subsets enriched
with previously reported T2D-associated variants (Figure 2.2A-D). These results provide
evidence that a considerable proportion of heritability of T2D in these data sets is driven by
many SNPs that individually do not attain genome-wide significance in GWAS and therefore
support a highly polygenic architecture for T2D.

We have also shown that SNP subsets composed of eQTLs mapped in IRPTs explain
disproportionate heritability in these data sets. Our results showing differences between the
partitioning of heritability by adipose eQTLs between the WTCCC and Hispanic data sets,
and between leaner and more obese subjects within the Hispanic data set, might reflect

disparate genetic architectures for T2D in which inherited variants underlying disease sus-
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ceptibility among lean individuals are distinct from those contributing to risk among obese
subjects. Indeed, large-scale GWAS on T2D stratified by BMI have identified numerous
loci that significantly associate with T2D among lean individuals, but not obese individuals
[120].

Previous studies have shown that when total sets of GWAS-interrogated SNPs are parti-
tioned by chromosome, larger SNP subsets corresponding with longer chromosomes explain
more phenotypic variance than smaller subsets [21, 169]. However,we did not observe a
similar relationship between SNP-set proportion and proportion of explained heritability for
the eQTL subsets in our study. As a class of variants, eQTLs share a set of characteristics
(e.g., allele-frequency distribution, proximity to genes). Therefore, eQTLs mapped in LCL
samples enable a more meaningful comparison with adipose and skeletal muscle eQTLs than
a random set of SNPs simply matched for MAF. Notably, the LCL eQTL subset consistently
composed approximately 25% of the total SNPs across data sets yet accounted for much less
heritability and yielded non-significant heritability estimates (Figures2.3A-D and 2.4A-D).
We considered the possibility that observed differences in heritability estimates might be
attributable to differences in the properties of SNP subsets independently of eQTL associa-
tions. Notably, the permutation-based analyses we conducted preserved both the MAF and
the LD properties of the SNPs. Therefore, in these permutation studies, the relationships
between heritability estimates attributable to eQTL subsets were robust to any differences
in the SNP properties of eQTLs. These results suggest that heritability can be highly “con-
centrated” by small subsets of variants that influence gene expression in tissues relevant to
T2D.

The fact that eQTLs mapped in Europeans and African Americans “concentrated” her-
itability in Hispanics suggests that at least a proportion of these variants are functionally
relevant in Hispanics and can be considered cross-population eQTLs. Recently, Marten et
al. reported that eQTLs previously mapped in LCLs exhibited similar effects across samples

from seven different populations represented in the Human Genome Diversity Panel [97]. Al-
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though some eQTLs might be highly population specific, we could not ascertain such eQTLs
in the Hispanic data set because comprehensive eQTL mapping has not been reported for
these samples or others of Mexican descent. Thus, heritability estimates reported in this
study might be a lower bound for the heritability that might be attributable to eQTLs
mapped in these tissues in individuals of Mexican ancestry.

It is important to note that a significant correlation between genome-wide ancestry and
T2D has not been observed in the Starr County population [14]. In contrast, a strong
correlation between PC 1 and T2D has been previously reported in the MCM data set.
However, the control individuals in the MCM study had greater European ancestry that
was strongly confounded by socioeconomic status (SES) [14, 117]. Moreover, a relationship
between SES and T2D has not been observed in the Starr County study because there is
much less variability in SES among subjects in the SCT data set than among subjects in the
MCM data set. Therefore, even though we observed a significant effect from PC 1 in the
merged Hispanic data set (p < 2 x 10716) from a regression of T2D on PC 1), we cannot
conclude that this was driven by differences in genetic ancestry between case and control
individuals.

In this study, we evaluated T2D variance explained by eQTLs mapped in IRPTs. This
approach differs from a genetic-correlation analysis of T2D and gene expression in that the
former tests functional classes of inherited variants and the latter constitutes a gene-based
study. Our study provides insight into the overall genetic architecture of T2D susceptibility
and prioritizes tissues for expression-based analyses. Therefore, these study designs are
complementary approaches that yield distinct information.

A straightforward interpretation of these results suggests that eQTLs regulating gene
expression in skeletal muscle and adipose tissues are important drivers of T2D heritability.
Indeed, skeletal muscle is an important IRPT that plays a predominant role in the postpran-
dial insulin response [24]. Moreover, increased secretion of free fatty acids from adipocytes

can promote T2D pathogenesis by promoting hepatic gluconeogenesis, insulin resistance in
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peripheral tissues, and impaired insulin secretion from pancreatic [-cells [16, 128, 19]. How-
ever, it is possible that many of the eQTLs considered tissue specific in this study might
also influence gene expression in other key metabolic tissues, such as the liver or pancreatic
islet. Similarly, some of the heritability attributed to trans-eQTLs might be secondary to
cis-regulatory effects in tissues that could not be included in this analysis. Therefore, the
eQTL contribution to T2D heritability observed in this study could be attributable to bio-
logic effects in tissues not evaluated here. In order to better resolve variation driving disease
susceptibility within and across populations, it will be important to extend studies of T2D
heritability and include regulatory variants mapped in a more comprehensive collection of
tissues [92].

Partitioning heritability by eQTL classes also provides an avenue for identifying genes
and pathways that are relevant to disease susceptibility and that might complement cur-
rent practices for implicating disease-associated genes from associated loci. As previously
reported, the majority of trait-associated variants for T2D and other complex diseases are
located in non-coding regions, such as intergenic sites [95, 15]. This complicates interpretabil-
ity, and investigators often report the gene most proximal to the associated variant as the
putative disease-associated gene. However, it is possible that trait-associated variants oc-
cupy enhancer elements that modulate the expression of genes distal to the associated loci.
For example, non-coding variants within introns of FTO (MIM 610966) strongly associate
with obesity (MIM 601665) and have replicated across multiple studies [41]. However, re-
cent molecular studies have provided evidence that the obesity-associated intronic sequences
within FTO function as long-range enhancers of the homeobox gene IRXS (MIM 612985)
and increase IRX3, but not F'TO, expression in the human brain [138]. Moreover, the dra-
matic weight reduction observed in Irz3-deficient mice corroborates a direct relationship
between IRXS3 expression and body-fat composition [138]. Incorporating eQTL informa-
tion into studies of heritability not only can provide insight into the relative contribution

of tissue-specific regulatory variation to disease susceptibility but also might help implicate
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Figure 2.6: Principal components (PC) analyses of the Hispanic GWAS datasets.
Plots of PC1 versus PC2 are shown for the SCT (A), MCM (B), and MH (C) datasets. Black
circles indicate controls and red circles indicate cases.

Dataset Cases Controls Age Sex BMI
(n) (n) (years)  (n, female) (kg/m?)
WTCCC 1,924 2,938 NA 2,298 NA
Starr County 837 781 43.0£11.0 1062 31.0+64
Mexico City 967 343 455+ 7.3 833 29.1+4.6

Table 2.1: Characteristics of study populations. Data are mean + SD, unless otherwise
indicated. NA, not available.

genes while eschewing assumptions based on proximity.
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Figure 2.7: Standard error versus number of subjects represented in each GWAS
dataset. From left to right; MCM, SCT, WTCCC.

Dataset Va/Vp SE LRT P-value No. SNPs Prevalence
WTCCC 0.60 0.06 9824 1.9x107% 370,139 8%
Starr County 0.56 0.15 1350 1.2x107% 1,733,064 20%
Mexico City 0.80 0.23 32.18 7.0x 1079 2,431,591 10%
Merged Hispanic ~ 0.60  0.11 32.79 5.0 x 107% 1,652,799 16%
Table 2.2: Estimates of narrow-sense heritability explained by GWAS-

interrogated SNPs. REML estimates of phenotypic variance explained by the additive
effect of GWAS SNPs are given with standard error (SE), LRT statistic, p-value, number
of SNPs, and prevalence of T2D for the WTCCC, Starr County, Mexico City, and Merged

Hispanic dataset.
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(A) The

narrow-sense heritability estimates (V4 /Vp) attributable to disjoint SNP subsets and (B)
proportion of explained variance by SNP set proportion for each subset are shown with color

corresponding to logjo(p-value).
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WTCCC

Covariates Va/Vp SE LRT  P-value
— 0.61 0.06 107.85 1.4 x1072°
Sex 0.60 0.06 104.57 7.6 x 1072
PC1-5 0.60 0.06 98.24 1.9x10723
Sex+PC1-5 0.59 0.06 95.51 7.4x10723
Sex+PC1-10 0.56 0.06 79.445 2.5 x 10719
Starr County
Covariates Va/Vp SE LRT  P-value
— 0.64 0.15 27.25 8.9 x 10708
Sex 0.59 0.15 22.64 9.7 x 10797
Age 0.65 0.15 21.85 1.5 x 1079
BMI 0.64 0.15 26.66 1.2 x 10797
PC1-5 0.59 0.15 17.88 1.2 x107%
Sex+Age 0.61 0.15 18.97 6.7 x 1079
Sex+BMI 0.58 0.15 21.14 2.1 x107%
Age+BMI 0.64 0.15 21.65 1.6 x 1079
Sex+Age-+BMI 0.59 0.15 18.098 1.0 x 1079
Sex+Age+BMI+PC1-5 0.56 0.15 13.50 0.0001
Sex+Age+BMI+PC1-10  0.55 0.15 12.411 0.0002
Mexico City

Covariates Va/Vp SE LRT  P-value
— 1.07 0.22 82.95 4.2 x 10720
Sex 1.07 0.22 79.63 2.3 x 107"
Age 0.91 0.23 46.59 4.4 x 10712
BMI 0.94 0.22 70.58 2.2 x 10717
PC1-5 1.08 0.23 71.30 1.5 x 10717
Sex+Age 0.95 0.23 46.52 4.5 x 10712
Sex-+BMI 0.96 0.22 69.41 4.0 x 10717
Age+BMI 0.78 0.23 38.13 3.3 x1071°
Sex+Age+BMI 0.84 0.23 38.92 22x10719
Sex+Age+BMI+PC1-5 0.82 0.23 32.34 6.5 x 1079
Sex+Age+BMI+PC1-10  0.80 0.23 32.18 7.0 x 1079

Table 2.3: Evaluation of covariates included in estimation of chip heritability.
REML estimates of phenotypic variance explained by the additive effect of GWAS SNPs are
given for each GWAS dataset with standard error (SE), LRT statistic, p-value, number of
SNPs, and prevalence of T2D.
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WTCCC

Subset Va/Vp SE LRT P-value No. SNPs
1KB 0.05 0.01 150.09 8.3 x 10737 97
10KB 0.06 0.01 130.12 1.9 x 10730 429
100KB 0.09 0.01 106.47 2.9 x 1072 3043
500KB 0.12 0.02 64.31 5.3 x 10716 13931
1MB 0.16  0.02 62.65 1.2x 10719 27116
Starr County
Subset Va/Vp SE LRT  P-value No. SNPs
1KB 0.01 0.02 0.47 0.25 268
10KB 0.02 0.02 0.70 0.20 1546
100KB 0.09 0.04 5.57 9.1 x 10793 12063
500KB 0.19 0.06 11.64 3.2x107% 58852
1MB 0.20 0.08 8.47 1.8 %1079 115591
Mexico City
Subset Va/Vp SE LRT P-value No. SNPs
1KB 0.08 0.04 6.53 5.3 x 10793 445
10KB 0.07 0.04 3.79 0.03 2684
100KB 0.05 0.05 1.08 0.15 20347
500KB 0.23 0.09 6.80 4.6 x 10793 91926
1MB 0.23 0.11 4.57 0.02 177167

Table 2.4: Estimates of narrow-sense heritability explained by subsets comprised
Subsets are comprised of T2D-associated SNPs from the
NHGRI catalogue and HapMap2 SNPs within 1 Kb, 10 Kb, 100 Kb, 500 Kb, and 1 Mb
of the associated SNPs. REML estimates of phenotypic variance explained by the additive

of T2D-associated SNPs.

effect of SNPs from each subset are given with standard error (SE), LRT statistic, p-value,
and number of SNPs. Results are listed for each GWAS dataset; WTCCC, SCT, MCM.
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Figure 2.10: Analysis of heritability from cis and trans skeletal muscle eQTLs in
the WTCCC dataset. (A) The narrow-sense heritability estimates (V4 /Vp) attributable
to disjoint SNP subsets and (B) proportion of explained variance by SNP set proportion for
each subset are shown with color corresponding to logjo(p-value).

WTCCC Hispanic
Set No. SNPs SNP Set Set No. SNPs SNP Set
Proportion Proportion
LCL 134,600 0.354 LCL 569,600 0.345
Adipose 72,290 0.190 Adipose 309,355 0.187
Muscle 60,691 0.160 Muscle 254,357 0.154
GWAS 380,660 1.00 GWAS 1,652,799 1.00

Table 2.5: Proportion of SNPs designated as eQTLs in each GWAS dataset. The
number of SNPs represented in the reference eQTL set and SNP set proportion are shown
for each eQTL classification in the WTCCC and merged Hispanic datasets. There are a
total of 838,302 SNPs, 616,455 SNPs, and 523,682 SNPs in the LCL adipose, and skeletal

muscle eQTL reference sets, respectively.
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Figure 2.12: GRM-adjusted partition analysis of the WTCCC dataset. (A) The
narrow-sense heritability estimates (V4/Vp) attributable to disjoint SNP subsets in the
IRPT-LCL partition are shown at each assumed MAF threshold () for causal variants and
(B) proportion of explained variance by SNP set proportion for each subset are shown with
color corresponding to logyg(p-value). The shape of each point designates the subset identity.
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Figure 2.13: GRM-adjusted partition analysis of the merged Hispanic dataset.
(A) The narrow-sense heritability estimates (V4 /Vp) attributable to disjoint SNP subsets in
the IRPT-LCL partition are shown at each assumed MAF threshold () for causal variants
and (B) proportion of explained variance by SNP set proportion for each subset are shown
with color corresponding to logjg(p-value). The shape of each point designates the subset
identity.
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Figure 2.14: GRM-adjusted partition analysis of the WTCCC dataset. (A) The
narrow-sense heritability estimates (V4/Vp) attributable to disjoint SNP subsets in the
IRPT-LCL partition and (B) proportion of explained variance by SNP set proportion for
each subset are shown with color corresponding to log;g(p-value). Estimates corresponding
to the unadjusted GRMs (GCTA) and LD-adjusted GRMs (LDAK) are designated by solid

and dashed lines, respectively.
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Figure 2.15: GRM-adjusted partition analysis of the merged Hispanic dataset. (A)
The narrow-sense heritability estimates (V4/Vp) attributable to disjoint SNP subsets in the
IRPT-LCL partition and (B) proportion of explained variance by SNP set proportion for
each subset are shown with color corresponding to log;g(p-value). Estimates corresponding
to the unadjusted GRMs (GCTA) and LD-adjusted GRMs (LDAK) are designated by solid
and dashed lines, respectively.
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Figure 2.16: The effect of relatedness thresholds on an eQTL partition analysis of
T2D heritability. (A) The IRPT-LCL eQTL partition analysis (explained in detail in the
Methods section) was performed at various relatedness thresholds in the merged Hispanic
dataset The estimate of heritability (V4/Vp) is shown for each disjoint subset designated by
color at each threshold. (B) The number of retained individuals at each threshold is shown
with color corresponding to the significance (logjg(p-value)) of the V4/Vp estimate for the
insulin-responsive peripheral tissue (IRPT) subset.

A B
1.0 1.0
0.8- ? o8-
£
-logro(P) © -logto(P)
I S
o w 4
> 0.6+ 3 ; 0.6- 3
-~ 2 - 2
< <
> 1 > 1
c
0.4+ MAF Threshold 9 04- MAF Thresholc
o £ —1%
5% 8_ - 5%
027 + * 0
0.0- ! ! ! ! 0.0- |
< B, Wy Co% "0.00 0.75 1.00
SNP Set SNP Set Proportion

Figure 2.17: Effect of MAF threshold on partition analysis of the WTCCC dataset.
(A) The narrow-sense heritability estimates (V4/Vp) attributable to disjoint SNP subsets
in the IRPT-LCL partition and (B) proportion of explained variance by SNP set proportion
for each subset are shown with color corresponding to logjg(p-value). Solid and dashed
lines indicate results from a joint analysis performed with a MAF threshold of 1% and 5%,
respectively.
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Figure 2.18: Effect of MAF threshold on partition analysis of the merged Hispanic
dataset. (A) The narrow-sense heritability estimates (V4/Vp) attributable to disjoint SNP
subsets in the IRPT-LCL partition and (B) proportion of explained variance by SNP set
proportion for each subset are shown with color corresponding to logjg(p-value). Solid and
dashed lines indicate results from a joint analysis performed with a MAF threshold of 1%
and 5%, respectively.
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Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability

L 0.02 0.05 0.12 0.36 0.27 0.03 0.1

IRPT 0.13 0.05 6.16 6.5 x 10793 0.16 0.24 1.4

AML 0.15 0.04 13.36 1.3 x107% 0.09 0.28 2.8

Complement 0.25 0.06 16.46 2.5x 1079 0.48 0.45 0.9

Table 2.6: Estimates of narrow-sense heritability explained by eQTL subsets in
the WTCCC dataset. REML estimates of phenotypic variance explained by the additive
effect of SNPs from each subset are given with standard error (SE), LRT statistic, p-value,
SNP set proportion, and proportion of chip heritability explained.

Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability
L 0.01 0.04  0.08 0.39 0.27 0.02 0.1
A 0.02 003 0.35 0.28 0.06 0.03 0.6
M 0.05 0.03 3.36 0.03 0.04 0.09 2.3
AM 0.09 0.04 5.06 0.01 0.10 0.17 1.6
AML 0.13 004 1289 1.6x107% 0.06 0.23 3.6
Complement 0.24 0.06 16.54 2.4 x107% 0.48 0.44 0.9

Table 2.7: Expanded IRPT-LCL analysis of the WTCCC dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, pvalue, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability

explained.
Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability
A UAL 0.11 0.05  5.06 0.01 0.09 0.17 2.0
M U ML 0.18 004 9.0 14x107% 0.06 0.19 3.2
Complement 0.39 0.08 27.31 8.7x107% 0.85 0.63 0.7

Table 2.8: Index subset analysis of the WTCCC dataset. REML estimates of phe-
notypic variance explained by the additive effect of SNPs from each subset are given with
standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability

explained.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

L 0.02 0.06  0.09 0.39 0.26 0.02 0.1
A 0.02 0.04 0.35 0.28 0.05 0.03 0.6
M 0.06 0.03  3.39 0.03 0.04 0.09 2.6
AL 0.09 0.03 8.21 0.00 0.03 0.14 4.1
ML 0.06 0.03 498 0.01 0.02 0.09 3.8
AM 0.08 0.04  3.55 0.03 0.07 0.12 1.9
AML 0.03 0.03 1.26 0.13 0.03 0.05 1.6
Complement 0.28 0.07 16.03 0.00 0.49 0.44 0.9

Table 2.9: Baseline subset analysis of the WTCCC dataset. REML estimates of
phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.

Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability

M 0.07 0.03  4.53 0.02 0.04 0.11 3.1

CT 023  0.06 1494 5.5x107% 0.16 0.37 2.5

Complement 0.32 0.07 19.80 4.3 x 1079 0.80 0.52 0.7

Table 2.10: Index subset analysis of the WTCCC dataset. REML estimates of phe-
notypic variance explained by the additive effect of SNPs from each subset are given with
standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained. M and CT denote muscle-specific and cross-tissue eQTL subsets, respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
AUMUAM 0.18 0.06 8.83 1.5x 1079 0.16 0.29 1.8
ALUML UAML 015  0.05 1043 6.2x107% 0.09 0.24 2.7
Complement 0.30 0.08 15.59 3.9 x 1079 0.75 0.48 0.6

Table 2.11: Index subset analysis of the WTCCC dataset. REML estimates of phe-
notypic variance explained by the additive effect of SNPs from each subset are given with
standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.
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Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability

L 0.00 0.04  0.00 0.50 0.16 0.00 0.0
CT 0.24 0.06 16.98 1.9 x 107% 0.16 0.38 24
Complement 0.40 0.07 3351 3.5x107% 0.68 0.62 0.9

Table 2.12: chip heritability explained by matched sets of LCL-specific and cross-
tissue eQTLs in the WTCCC dataset. In this analysis, the L subset contained the set
of the most significant LCL-specific eQTLs so that the SNP set proportion was identical
to that of the Cross-tissue set. REML estimates of phenotypic variance explained by the
additive effect of GWAS SNPs are given for each GWAS dataset with standard error (SE),
LRT statistic, p-value, number of SNPs, and prevalence of T2D.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

Cross Tissue (Cis) 0.02 0.02 247 0.06 0.01 0.04 3.9

Cross Tissue (Trans) 021  0.06 11.78 3.0 x 107% 0.15 0.33 2.3

Complement 0.39 0.07 29.45 2.9x10798 0.84 0.63 0.7

Table 2.13: cis-trans analysis of cross-tissue eQTLs in the WTCCC dataset. REML
estimates of phenotypic variance explained by the additive effect of SNPs from each subset
are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and propor-
tion of chip heritability explained. Factor relates SNP set proportion to proportion of chip
heritability explained.

Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability

Muscle (Cis) 0.0009 0.004  0.06 0.40 0.0008 0.002 2.2

Muscle (Trans) 0.06 0.03 4.29 0.02 0.04 0.11 3.1

Complement 0.46 0.06 68.53 6.3 x 1077 0.96 0.89 0.9

Table 2.14: cis-trans analysis of muscle-specific eQTLs in the WTCCC dataset.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and
proportion of chip heritability explained. Factor relates SNP set proportion to proportion
of chip heritability explained.

29



Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
L 0.00 0.27  0.00 0.49 0.26 0.00 0.0
A 0.08 0.25 0.05 0.41 0.06 0.12 2.2
M 0.27 0.20 2.17 0.07 0.04 0.41 11.4
AM 0.26 0.27  0.83 0.18 0.09 0.39 4.5
AML 0.06 0.26  0.69 0.20 0.06 0.08 1.5
Complement 0.00 0.35  0.00 0.50 0.50 0.00 0.0

Table 2.15: Expanded ITRPT-LCL analysis of the SCT dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability

explained.
Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
L 0.10 0.41 0.00 0.50 0.23 0.10 0.4
A 0.00 0.40  0.00 0.50 0.06 0.00 0.0
M 0.25 0.31 3.19 0.04 0.04 0.25 7.1
AM 0.48 0.47 0.00 0.50 0.10 0.49 4.9
AML 0.00 0.43  0.00 0.50 0.05 0.00 0.0
Complement 0.15 0.58  0.00 0.50 0.52 0.16 0.3

Table 2.16: Expanded IRPT-LCL analysis of the MCM dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability

explained.
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WTCCC

Prevalence (%) Va/Vp SE LRT  P-value
5 0.52 0.05 98.24 1.9 x 10723
10 0.64 0.07 98.24 1.9 x 10723
15 0.73 0.08 98.24 1.9 x 10723
20 0.79 0.08 98.24 1.9 x 10723
25 0.85 0.09 98.24 1.9 x 10723

Starr County

Prevalence (%) Va/Vp SE LRT  P-value
5 0.37 0.10 13.50 0.0001
10 0.45 0.12 13.50 0.0001
15 0.52 0.14 13.50 0.0001
20 0.56 0.15 13.50 0.0001
25 0.60 0.16 13.50 0.0001

Mexico City

Prevalence (%) Va/Vp SE LRT  P-value
5 0.65 0.19 32.18 7.0 x 1079
10 0.80 0.23 32.18 7.0 x 10799
15 0.92 0.27 32.18 7.0 x 1079
20 1.00 0.29 32.18 7.0 x 1079
25 1.07 0.31 32.18 7.0 x 10799

Table 2.17: Evaluation of the prevalence parameter specified in the estimation of
chip heritability. REML estimates of phenotypic variance explained by the additive effect
of GWAS SNPs are given for each GWAS dataset with standard error (SE), LRT statistic,
p-value, number of SNPs, and prevalence of T2D.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

L 0.00 0.16  0.01 0.47 0.26 0.00 0.0
IRPT 0.46 0.21  5.60 0.01 0.16 0.81 5.0
AML 0.11 0.16 0.72 0.20 0.09 0.19 2.2
Complement 0.00 0.21  0.00 0.50 0.49 0.00 0.0

Table 2.18: Estimates of narrow-sense heritability explained by eQTL subsets in
the merged Hispanic dataset. REML estimates of phenotypic variance explained by the
additive effect of SNPs from each subset are given with standard error (SE), LRT statistic,
p-value, SNP set proportion, and proportion of chip heritability explained. Factor relates
SNP set proportion to proportion of chip heritability explained.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
L 0.00 0.16  0.00 0.50 0.26 0.00 0.0
A 0.22 0.14 3.26 0.04 0.06 0.38 6.3
M 0.00 0.11  0.00 0.50 0.04 0.00 0.0
AM 0.27 0.15  3.54 0.03 0.09 0.48 5.2
AML 0.08 0.15  0.60 0.22 0.06 0.15 24
Complement 0.00 0.20 0.01 0.45 0.49 0.00 0.0

Table 2.19: Expanded IRPT-LCL analysis of the merged Hispanic dataset. REML
estimates of phenotypic variance explained by the additive effect of SNPs from each subset
are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and propor-
tion of chip heritability explained. Factor relates SNP set proportion to proportion of chip
heritability explained.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
L 0.00 0.16  0.03 0.43 0.26 0.00 0.0
A 020 0.14 265 0.05 0.06 0.36 6.0
M 0.00 0.11  0.00 0.48 0.04 0.00 0.0
AL 0.05 0.11  0.24 0.31 0.04 0.08 2.2
ML 0.03  0.09 0.09 0.38 0.02 0.05 1.9
AM 030 0.14 555 0.01 0.06 0.52 8.3
AML 0.00  0.10  0.00 0.50 0.03 0.00 0.0
Complement 0.00 0.21  0.00 0.50 0.49 0.00 0.0

Table 2.20: Baseline subset analysis of the merged Hispanic dataset. REML es-
timates of phenotypic variance explained by the additive effect of SNPs from each subset
are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and propor-
tion of chip heritability explained. Factor relates SNP set proportion to proportion of chip
heritability explained.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

M 0.00 0.11  0.00 0.50 0.04 0.00 0.0
CT 0.45 0.19  5.93 0.01 0.15 0.89 5.9
Complement 0.05 0.20  0.05 0.41 0.81 0.11 0.1

Table 2.21: Index subset analysis of the merged Hispanic dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained. M and CT denote muscle-specific and cross-tissue eQTL subsets, respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

A 0.21 0.13 3.10 0.04 0.06 0.36 6.0

CcT 0.37 0.19 4.37 0.02 0.15 0.64 4.2

Complement 0.00 0.21  0.00 0.50 0.79 0.00 0.0

Table 2.22: Index subset analysis of the merged Hispanic dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, pvalue, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained. A and CT denote adipose-specific and cross-tissue eQTL subsets, respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

AU AL 0.32 0.16 4.35 0.02 0.10 0.63 6.5

M U ML 0.05 0.13 0.12 0.36 0.06 0.09 1.4

Complement 0.14 0.21 047 0.25 0.84 0.28 0.34

Table 2.23: Index subset analysis of the merged Hispanic dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, pvalue, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Facta
Proportion Chip Heritability

AUMUAM 0.53 0.19 829 1.2x107% 0.16 0.91 5.6
AL U ML U AML 0.05 0.14  0.10 0.38 0.09 0.09 1.0
Complement 1.0x 1079 0.22  0.00 0.50 0.75 1.7 x 10796 2.3 x 10

Table 2.24: Index subset analysis of the merged Hispanic dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, pvalue, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.

Subset Va/Vp SE LRT  P-value SNP Set Proportion of Factor
Proportion Chip Heritability

L 0.01 0.13  0.01 0.47 0.26 0.02 0.1

Complement  0.48  0.16 8.896 1.4 x 10793 0.74 0.98 1.3

Table 2.25: Index subset analysis of the merged Hispanic dataset. REML estimates
of phenotypic variance explained by the additive effect of SNPs from each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained. L denotes LCL-specific eQTL subset.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

M 0.00 0.19  0.00 0.50 0.04 0.00 0.0

cT 0.46 0.32 232 0.06 0.15 0.65 4.3

Complement 0.25 0.36 0.24 0.31 0.81 0.35 0.4

Table 2.26: Index subset analysis of the merged Hispanic dataset with BMI < 30.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and
proportion of chip heritability explained. Factor relates SNP set proportion to proportion of
chip heritability explained. M and CT denote muscle-specific and cross-tissue eQTL subsets,
respectively.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

A 0.01 0.23  0.00 0.48 0.06 0.02 0.3
CcT 0.50 0.32 245 0.06 0.15 0.76 5.0
Complement 0.15 0.37 0.15 0.35 0.79 0.22 0.3

Table 2.27: Index subset analysis of the merged Hispanic dataset with BMI < 30.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and
proportion of chip heritability explained. Factor relates SNP set proportion to proportion of
chip heritability explained. A and CT denote adipose-specific and cross-tissue eQTL subsets,
respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

M 0.06 0.25  0.06 0.41 0.04 0.08 2.2

CcT 0.25 0.42 0.34 0.28 0.15 0.34 2.3

Complement 0.42 0.45 091 0.17 0.81 0.57 0.7

Table 2.28: Index subset analysis of the merged Hispanic dataset with BMI > 30.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and
proportion of chip heritability explained. Factor relates SNP set proportion to proportion of
chip heritability explained. M and CT denote muscle-specific and cross-tissue eQTL subsets,
respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

A 0.65 0.31 4.15 0.02 0.06 0.80 13.3

cT 0.11 0.42 0.07 0.40 0.15 0.14 0.9

Complement 0.05 0.45 0.01 0.46 0.79 0.06 0.1

Table 2.29: Index subset analysis of the merged Hispanic dataset with BMI > 30.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset are given with standard error (SE), LRT statistic, p-value, SNP set proportion, and
proportion of chip heritability explained. Factor relates SNP set proportion to proportion of
chip heritability explained. A and CT denote adipose-specific and cross-tissue eQTL subsets,
respectively.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

A 0.62 0.31  3.87 0.02 0.06 0.69 11.4
CT 0.00 0.42  0.00 0.50 0.15 0.00 0.0
Complement 0.28 045 045 0.25 0.79 0.31 0.4

Table 2.30: Index subset analysis of the merged Hispanic dataset with BMI > 30.
BMI was not included as a covariate in this analysis. REML estimates of phenotypic variance
explained by the additive effect of SNPs from each subset are given with standard error (SE),
LRT statistic, p-value, SNP set proportion, and proportion of chip heritability explained.
Factor relates SNP set proportion to proportion of chip heritability explained. A and CT
denote adipose-specific and cross-tissue eQTL subsets, respectively.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

“Lean” cohort

A UAM 0.15 0.30 0.25 0.31 0.12 0.22 1.8

Complement 0.54 0.31 2.8 0.05 0.88 0.78 0.9
“Non-lean” cohort

A U AM 0.69 0.38 3.23 0.04 0.12 0.77 6.3

Complement 0.20 0.38 0.29 0.30 0.88 0.23 03

Table 2.31: Index subset analysis of the merged Hispanic. SNPs were partitioned
into the set comprised of the union of adipose-specific eQTLs and eQTLs mapped in both
adipose and muscle tissue (A U AM) and the complement set of SNPs. For the lean (BMI
< 30) and non-lean (BMI > 30) cohort, REML estimates of phenotypic variance explained
by the additive effect of SNPs from each subset are given with standard error (SE), LRT
statistic, p-value, SNP set proportion, and proportion of chip heritability explained. Factor
relates SNP set proportion to proportion of chip heritability explained.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

GCTA
L 0.02 0.0 0.12 0.36 0.26 0.03 0.1
IRPT 0.15 0.06 6.16 6.5x 1079 0.16 0.24 1.5
AML 0.18 0.05 13.36 1.2x107% 0.09 0.28 3.1
Comp. 0.29 0.07 16.46 2.5 x 1079 0.49 0.45 0.9
LDAK
L 0.12 0.05 634 59x1079 0.26 0.15 0.6
IRPT 0.17 0.05 11.00 4.5x107% 0.16 0.20 1.3
AML 0.13 0.04 1226 2.3 x 107%™ 0.09 0.16 1.8
Comp. 0.43 0.07 38.25 3.11 x 102710 0.49 0.50 1.0

Table 2.32: GRM-adjusted estimates of narrow-sense heritability explained by
eQTL subsets in the WTCCC dataset. Heritability estimates corresponding to the
unadjusted GRM (GCTA) and LD-adjusted GRM (LDAK) for each subset are given with
standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

GCTA

L 0.00 0.16 0.01 0.47 0.26 0.00 0.0

IRPT 0.53 0.21 72 3.6x107% 0.16 0.92 5.8

AML 0.05 0.16  0.76 0.19 0.09 0.08 0.9

Comp. 0.00 0.21  0.00 0.5 0.49 0.00 0.0
LDAK

L 0.07 0.11  0.38 0.27 0.26 0.10 0.4

IRPT 0.21 0.12 3.20 0.037 0.16 0.31 1.9

AML 0.13  0.09 2.28 0.07 0.09 0.19 2.1

Comp. 0.27 0.15  3.20 0.04 0.50 0.40 0.8

Table 2.33: GRM-adjusted estimates of narrow-sense heritability explained by
eQTL subsets in the merged Hispanic dataset. Heritability estimates corresponding
to the unadjusted GRM (GCTA) and LD-adjusted GRM (LDAK) for each subset are given
with standard error (SE), LRT statistic, p-value, SNP set proportion, and proportion of chip
heritability explained. Factor relates SNP set proportion to proportion of chip heritability
explained.
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Threshold (%) Subjects (n) Va/Vp SE

2.5 667 0.80 0.40
5 1540 0.60 0.20
10 2272 0.60 0.14
15 2628 0.62 0.12
20 2730 0.60 0.11
None 2928 0.48 0.10

Table 2.34: Evaluation of genetic relatedness thresholds applied to the merged
Hispanic dataset. REML estimates of phenotypic variance explained by GWAS SNPs are
given with standard error (SE) and number of subjects retained (n) for each relatedness
threshold.

Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability
MAF 1%
L 0.02 0.05 0.12 0.36 0.26 0.03 0.1
AUMUAM 015 006 6.16 6.5x 10793 0.16 0.24 1.6
AML 0.18 0.05 13.36 1.3 x 1079 0.09 0.28 3.1
Complement 0.29 0.07 16.46 2.5x107% 0.49 0.45 0.9
MAF 5%
L 0.02 0.05 0.17 0.34 0.27 0.04 0.1
AUMUAM 0.16 0.06 80 23x1079 0.14 0.27 2.0
AML 0.18 0.05 13.32 1.3x107% 0.09 0.30 3.2
Complement 0.24 0.06 13.35 1.3x 10793 0.50 0.39 0.8

Table 2.35: Effect of MAF threshold on partition analysis of the WTCCC dataset.
REML estimates of phenotypic variance explained by the additive effect of SNPs from each
subset in an IRPT-LCL partition analysis are given with standard error (SE), LRT statistic,
p-value, SNP set proportion, and proportion of chip heritability explained. Factor relates
SNP set proportion to proportion of chip heritability explained.
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Subset Va/Vp SE LRT P-value SNP Set Proportion of Factor
Proportion Chip Heritability

MAF 1%
L 0.02 005 0.12 0.36 0.26 0.03 0.1
AUMUAM 015 0.06 6.16 6.5x 10793 0.16 0.24 1.6
AML 0.18 0.05 1336 1.3x1079 0.09 0.28 3.1
Complement 0.29  0.07 1646 2.5x 1079 0.49 0.45 0.9
MAF 5%
L 0.02 005 0.17 0.34 0.27 0.04 0.1
AUMUAM 016 0.06 80 2.3x1079 0.14 0.27 2.0
AML 0.18 0.05 13.32 1.3x 1079 0.09 0.30 3.2
Complement 024 006 1335 1.3x1079 0.50 0.39 0.8

Table 2.36: Effect of MAF threshold on partition analysis of the merged Hispanic
dataset. REML estimates of phenotypic variance explained by the additive effect of SNPs
from each subset in an IRPT-LCL partition analysis are given with standard error (SE),
LRT statistic, p-value, SNP set proportion, and proportion of chip heritability explained.
Factor relates SNP set proportion to proportion of chip heritability explained.

69



CHAPTER 3
TESTING FOR ASSOCIATION BETWEEN PREDICTED
GENE EXPRESSION AND TYPE 2 DIABETES

3.1 Abstract

Most genes implicated by GWAS are done so by proximity to associated markers that mostly
reside in non-coding genomic regions. However, this assumption is undermined by long-
range interactions between eQTLs and promoters of target genes that are not necessarily
the reported trait genes closest to associated regions. In order to incorporate regulatory
genetic information to address the challenge of gene-mapping, we apply MetaXcan - an
integrative approach that inputs summary statistics from GWAS to test for association
between estimates of the genetic component of gene expression and disease. Leveraging 42
predictive models corresponding to a diverse set of primary human tissues and cell types from
the DGN and GTEx projects, we performed a series of gene-based tests with summary data
from the DIAGRAM trans-ethnic meta-analysis of T2D, including over 100K individuals.
We find evidence that not only supports reported T2D genes at associated GWAS loci,
but identified a set of novel T2D gene candidates that comprise the majority of significant
MetaXcan associations. Moreover, we replicated associations in an independent cohort from
the GERA study and found that of the 25 genes meeting genome-wide significance, 15
represent novel candidate disease genes. Moreover, we also found support for 4 genes that
map to “unknown” T2D loci that have not been previously reported. Lastly, novel genes
discovered in our analysis overlap with putative trait genes for traits related to T2D. This
study shows that more insight about the genetic architecture of T2D can be gleaned by
incorporating regulatory genetic information in gene mapping studies and represents an

important step forward in the post-GWAS era.
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3.2 Introduction

Type 2 diabetes (T2D) is a complex disease characterized by impaired glucose homeostasis
resulting from dysfunction in insulin-secreting pancreatic islets and decreased insulin sen-
sitivity in peripheral tissues [25]. In addition to environmental factors such as a sedentary
lifestyle and poor diet, genetic susceptibility is an important contributor to the development
of T2D [15]. Although few genes (e.g. TCF7L2, PPARG, KCNJ11) have been supported by
pedigree-based linkage and candidate gene association studies [126, 5, 40, 55] genome-wide
association studies (GWAS) have dramatically increased the number of loci that significantly
associate with either T2D or glucose-related traits [157, 125, 15]. However, the majority of
single nucleotide polymorphisms (SNPs) significantly associated with T2D reside in intronic
and intergenic regions rather than protein-encoding regions [67, 154]. Therefore, results
from GWAS suggest an important role for genetic variation that regulates gene expression
rather than altering codon sequence [2] and have motivated efforts to map the regulatory
landscape of the genome [92, 147, 12]. Indeed, sets of trait-associated SNPs are enriched
for variants that associate with gene expression (i.e. expression quantitative trait loci or
eQTLs) [111] and that occupy DNAse hypersensitivity sites (DHS) [99] - regions overrep-
resented for eQTLs per se [27]. Moreover, DHS explain a disproportionately high share of
SNP heritability [78] across 11 complex traits [60] and sets enriched for eQTLs mapped in
insulin-responsive peripheral tissues similarly “concentrate” SNP heritability estimates for
T2D [150].

Importantly, efforts to elucidate the functional consequences of non-coding disease-associated
variants have undermined the assumption that the nearest gene to an associated marker
is always the relevant disease gene. For example, a non-coding SNP (rs12740374) at the
1p13 locus associated with myocardial infarction (MI) and low-density lipoprotein choles-
terol (LDL-C) creates a C/EBP transcription factor binding site and alters the expression of
SORT1 in primary human hepatocytes [105]. Moreover, Sort! knockdown and overexpres-

sion studies in mice altered LCL-C and very low density lipoprotein (VLDL) levels [105].
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Furthermore, in a study of the FT'O locus harboring the strongest association with obesity,
researchers observed a long-range interaction between the associated intronic region of Fto
and the promoter of Irz3 - a downstream transcription factor located ~ 500 kb away - but
not with the Fto promoter in the brains of adult mice [138]. Perturbing Irz3 expression in
hypothalamus also reduced body mass accumulation in the background of a high fat diet
and improved measures of metabolic health [138]. Lastly, obesity-associated SNPs within
the locus significantly associated with IRX3 expression in human cerebellum but not with
FTO expression [138]. These examples demonstrate that regulatory consequences of disease-
associated variants may not solely target the putative causal gene reported from GWAS; if
at all. Moreover, it is unclear to what extent regulatory genetic variation supports the pu-
tative causal gene at disease-associated loci. Therefore, we sought to address this problem
systematically by applying a statistical method that leverages the wealth of genotype and
expression data from large-scale eQTL mapping studies.

Experimental techniques that manipulate endogenous gene expression (e.g. gene silenc-
ing, conditional knockout) can delineate relevant disease genes but are generally not suitable
for in vivo human studies [33, 89]. However, by testing for association between the genetic
component of gene expression and disease, we exploit the fact that nature essentially perturbs
gene expression through random genetic variation introduced during meiosis. This analytic
approach - implemented in the program PrediXcan - allows for a gene-based test that reflects
the mechanism of transcription and presents advantages over GWAS and other study designs
[48]. Namely, it considerably reduces the multiple-testing burden, obviates causality issues
encountered in differential gene expression studies, provides direction of effect for associated
genes, and may resolve disease-relevant tissues [48]. Moreover, PrediXcan can corroborate
reported disease genes as well as implicate novel genes as was the case for an analysis of type
1 diabetes based on predictors of gene expression in whole blood tissue [48]. In this study,
we applied a recent adaptation of the PrediXcan method - MetaXcan - that inputs summary

GWAS data [9] (Barbeira et al. 2016) to perform a systematic in silico evaluation of gene-
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level associations at T2D loci. We applied MetaXcan using predictive models corresponding
to more than 40 human tissues to summary data from a trans-ethnic GWAS meta-analysis

representing over 100,000 individuals and replicated results in an independent cohort.

3.3 Materials and Methods

3.3.1 Determining SNP predictors of gene expression

DGN whole blood model. SNP predictors of gene expression expression in whole blood
tissue were determined as described in [161] with genome-wide genotype and RNA-seq data
from the Depression Genes and Networks (DGN) cohort study [12] corresponding to 922 un-
related individuals (7 < 0.05) of European ancestry. In brief, imputation of 650K SNPs with
minor allele frequency (MAF) > 0.05 and non-significant departure from Hardy-Weinberg
equilibrium (HWE) were imputed to a 1000 Genomes (Phase 1, version 3) reference panel
[145] with Shapelt2 [28]. The full set of ~1.9 M imputed SNPs with MAF > 0.05 and im-
putation R? > 0.8 were subsetted to SNPs included in HapMap Phase II [77]. HCP (hidden
covariates with prior) normalized gene-level expression data was downloaded from the NIMH

repository [161].

GTEx tissue models. RNA-seq gene expression from 8, 555 tissue samples (representing
53 unique tissue types) from 544 subjects and imputed genotypes (available for 450 subjects
and imputed to a 1000 Genomes reference panel) was obtained from the Genotype Tissue
Expression Project (GTEx) data release on 2014-06-13 [147]. Expression measures from the
top 40 GTEx tissues with the largest available sample sizes [147, 161] and SNPs included in
HapMap Phase II (~ 2.6 M) were carried forward in our model fitting procedure.

In order to delineate a set of informative SNPs for predicting tissue-level gene expres-
sion, we performed penalized regression with the Least Absolute Shrinkage and Selection

Operator (LASSO) procedure [149]. This method leverages a shrinkage parameter that per-
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forms feature selection while solving for the coefficient solutions to the regression of gene
expression on SNP genotypes. Gene expression - as measured by reads per kilobase of tran-
script per million reads mapped (RPKM) - was adjusted for potential batch effects and
unmeasured confounders by regressing out the first 15 PEER factors [141] in R [124]. For
each gene expressed in a tissue, model fitting was performed by regressing PEER-adjusted
gene expression on the set of SNPs located within 1 Mb of the transcription start site (T'SS).
Therefore, subsequent analyses pertain to estimates of genetic components of gene expression
attributable to local regulatory variants. The SNP coefficients from this procedure are used
as weights to estimate the genetic component of gene expression and are publicly available

(http://predictdb.org).

Decomposition of cross-tissue gene expression. As described in Wheeler et al. (2016),
a “cross-tissue” component of gene expression is decomposed from measured gene expression
with a mixed linear model where the expression of a gene for individual 7 in tissue ¢, Y; 4, is
modeled as:

Yie =Y + 2,8 + ¢ (3.1)

where Y;CT is the random subject level intercept, Z; represents covariates (i.e. overall

intercept, gender, and PEER factors), and ¢; ; is the error term [161]. Moreover, YZ-CT and

}/_CT

7

~Y

€ are assumed to be independent of each other and normally distributed where
N (O,U%T) and ¢ ~ N(0,02). Model parameters were estimated with the 1me4 package
[11] in R [124] and the cross-tissue components of gene expression were estimated from the

posterior modes of the subject random intercepts.

3.83.2  Summary data from GWAS on type 2 diabetes

DIAGRAM summary data. Input GWAS summary data used in our MetaXcan-based
association of predicted gene expression and T2D corresponded to the DIAGRAM trans-

ethnic meta-analysis study [125] and was publicly available and downloaded from the DIA-
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GRAM website (http://diagram-consortium.org/). This study involved a meta-analysis
of 26, 488 cases and 83, 964 controls subjects from populations of European, east Asian, south
Asian, and Mexican, and Mexican American ancestry. Although a majority of individuals
were of European ancestry (12,171 cases and 56, 862 controls) [104], the study included East
Asian individuals from the AGEN-T2D Consortium (6,952 cases and 11,865 controls) [20],
south Asian individuals from the SAT2D Consortium (5,561 cases and 14,458 controls) [84],
and individuals of Mexican and Mexican American ancestry (1,804 cases and 779 controls)

[117]. SNPs were lifted to NCBI build GRCh37 (UCSC hgl9 assembly).

GWAS on T2D results from GERA study. Replication analyses were performed using
summary GWAS data from an analysis on the Genetic Epidemiology on Adult Health and
Aging (GERA) cohort (dbGaP phs000674.p1). GERA represents a large, multi-ethnic cohort
of individuals of European, East Asian, African American, and Latino ancestry where each
subgroup was genome-wide genotyped with arrays designed to maximize coverage of common
and low-frequency variants in each constituent population [68, 69]. T2D case status was
determined from ICD-9 codes available from electronic medical health records. SNPs meeting
selection criteria for MAF ( > 1%), HWE departure (p > 1079), and call rate (> 95%) were
pre-phased with SHAPEITv2.5 [28] and imputed to a 1000 Genomes reference panel with
IMPUTEv2.3 [72]. GWAS on T2D was performed on a set of 71,604 unrelated (7 < 0.2)
subjects (9, 747 cases and 61, 857 controls) with SNPTESTv2.5 [96] and adjusted for principal

components (PCs) to correct for population stratification.

3.3.83  Testing for association between predicted gene expression and T2D

with MetaXcan

For this study, we used MetaXcan [9], an extension of the PrediXcan method [48], that takes
as input summary statistics from GWAS. This approach improves computational efficiency

over PrediXcan as it does not require individual-level genotype data to estimate genetic com-
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ponents of gene expression for subsequent trait association testing. Rather, the PrediXcan

Z-statistic (Z4) is approximated by:

A~

Zy~ Z wlyg%L{ (3.2)
leModel,, gse(f)

where w; , represents the prediction model weight for SNP [ on gene g, oy is the standard
deviation for SNP [, o is the standard deviation of predicted expression for gene g, Bl is the

regression coefficient for the regression of expression on the allelic dosage of SNP [.
In our MetaXcan analyses of T2D, we use regression coefficients (Bl) from results from the
DIAGRAM trans-ethnic meta-analysis of GWAS and the GWAS on T2D from the GERA
study. Values for w; , were generated as described above and available from the PredictDB

website (http://predictdb.org). (33 is estimated as:

5‘3 = Var( Z wl,gXl>

I€Model,, (3.3)

Where W, is the vector of w; , for SNPs in the model of g and Var(Xy) is the covariance
matrix of X4, We use SNP information from a 1000 Genome Project reference panel (Eu-
ropean ancestry) to the compute the variances and covariances of the SNPs used to predict

gene expression.

3.3.4  Locus analysis of T2D-associated regions from the DIAGRAM study

We downloaded annotated association results for the top 1,000 most significant SNPs from
the DIAGRAM trans-ethnic meta-analysis study from the Type 2 Diabetes Genetics Por-
tal (http://www.type2diabetesgenetics.org/) (Accessed March 2016). This provided
information for the reported T2D genes implicated by each associated SNP marker - corre-
sponding to 89 unique genes. We then delineated genomic regions for each reported gene by
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taking the set of all significantly-associated SNPs annotated to that gene and demarcating
a window bounded by the SNPs most distal to each other. We then expanded the region by
1 Mb upstream and downstream of the “boundary” SNPs. This ensured that the reported
gene was included within the genomic window corresponding to the T2D-associated locus.
Some windows overlapped as several putative T2D genes are located within 1 Mb of each
other (e.g. KIF11 and IDFE).

We then performed a genome-wide MetaXcan analysis of the DIAGRAM study to test for
association between predicted expression for each gene with prediction R% > 1% in each of
the 42 tissue models described above (including the “cross-tissue” model). When visualizing
the MetaXcan results at each T2D locus we considered three significance thresholds: (1)
significance correcting for multiple tests within each locus; (2) significant correcting for
10,000 tests - a number exceeding the maximum number of tests performed for any given
tissue model; (3) significance correcting for the total number of tests performed across all

available tissue models.

3.3.5 Meta-analysis of association results from the MetaXcan analysis of

DIAGRAM and GERA cohorts

We performed a sample-sized based meta-analysis [165] of the association results from our
MetaXcan analyses of the DIAGRAM and GERA studies where the Z-score (Z) was given

by:
7 2iZivi
> wy

where Z; = ®~1(P;/2) * sign(4;), P; is the p-value for study 4, w; = V(N;), N; refers to

(3.4)

the sample size for study i, A; is the direction of effect in study 7, and the overall P-value is
given by:
P =20(|-Z]|) (3.5)
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3.3.6 Gene set enrichment analysis of MetaXcan-significant gene sets

Gene set enrichment analysis. Gene set enrichment analyses (GSEAs) were performed
by comparing sets of significant genes implicated by our MetaXcan analyses with the com-
plement set of GENCODE v18 [63] genes (~18K) for which we can predict in any tissue
model with prediction R? > 1%. We restricted analyses to test for enrichment of pathways
designated as Gene Ontology Biological Process (GO:BP) [146]. Overrepresented p-values
were obtained from a parametric Fishers exact test using the Wallenius approximation and a
non-central hypergeometric distribution [170]. GSEA was performed with the GOseq package
[170] in R [124] that applies a weighting scheme to control for selection bias introduced by

differences in transcript length.

Text-mining analysis Text-mining for frequently occurring terms among the set of sig-
nificantly enriched GO:BP pathways (p < 0.05) was performed with the tm package [42] in R
[124]. To control for commonly occurring terms among the full set of 20,033 GO:BP path-
ways (i.e. Regulation), we weighted the frequency of each term among the set of enriched
pathways by its overall frequency. Frequently occurring terms among no more than the top
200 significantly enriched GO:BP pathways were visualized in text plots generated with the

wordcloud (http://research.cens.ucla.edu/) package in R [124].

3.3.7 Cross-phenotype comparison of T2D gene enrichment

The full set of annotated single variant results from published GWAS listed on the Na-
tional Human Genome Research Institute / European Bioinformatics Institute (NHGRI-
EBI) online catalogue - corresponding to 1,362 phenotypes - was downloaded from https:
//wuw.ebi.ac.uk/gwas/ (Accessed April 2016). The set of reported genes for each trait was
tested for enrichment of genes significantly associated with T2D in our MetaXcan analyses
through a resampling procedure. An empirical p-value was determined by first taking the

observed count of intersecting genes between reported genes for each trait and MetaXcan-
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significant T2D genes. We then generated a null distribution of counts by randomly sampling
100,000 gene sets from the set of all GENCODE v18 [63] with prediction R? > 1% in at
least one tissue model. Each sample was matched for the number putative genes reported
for each trait and the overlap with the set of MetaXcan-significant genes was recorded. The
enrichment p-value was calculated as the number of instances a sampled count value equaled

or exceeded the observed count between putative trait genes and MetaXcan-significant genes.

3.4 Results

3.4.1 MetaXcan analysis of T2D loci reveals novel gene associations in the

DIAGRAM study

In order to determine if regulatory genetic variation supports reported genes at T2D loci, we
evaluated ~ 2 Mb genomic windows flanking putative T2D genes for MetaXcan associations.
We restricted this analysis to the 89 reported genes corresponding to the top 1,000 SNP asso-
ciations from the DIAGRAM trans-ethnic meta-analysis of T2D GWAS [125]. Moreover, we
performed a MetaXcan analysis for each gene expression prediction model trained on geno-
type and expression data from whole blood tissue from the Depression Genes and Networks
(DGN) study [12] and each of 40 human tissues from the Genotype-Tissue Expression Project
(GTEx) [147]. We also applied a “cross-tissue” model [161] that estimates the genetic com-
ponent of gene expression shared across tissues (see methods). Lastly, we considered results
at three levels of stringency: (1) gene associations that are genome-wide significant correct-
ing for multiple testing across all tissue models; (2) gene associations that are genome-wide
significant in at least one tissue model; (3) gene associations that significant correcting for
multiple testing at the locus.

Among the 89 genomic windows flanking reported T2D genes, 32 windows showed sig-
nificant gene-level associations - at the highest level of stringency - between estimates of the
genetic component of gene expression and T2D (Table 3.1, Supplementary Figure 3.5). Of
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these regions, the reported gene was MetaXcan-significant in 9 loci whereas the reported
gene was not significant in 23 loci. There were 5 loci (~ 16%) where only the reported
gene was significant; F'TO, WFS1, PPARG, HMG20A, and APOC1. In addition to directly
implicating genes by eschewing proximity assumptions used in GWAS, this approach gives
the direction of changes in gene expression that may promote T2D. For example, increased
expression of WFS! in multiple tissue models significantly associated with T2D (Figure.
3.1A). Similarly, increased expression of FTO and HMG20A associated with T2D whereas
decreased expression of PPARG associated with disease status (Figure 3.1B-D).

In addition to corroborating putative disease genes, this analysis implicated genes not
reported as T2D genes per se at T2D loci. There were 4 loci (~ 13%) where multiple genes
were associated in addition to the reported gene; TCF7L2, HHEX, JAZF1, TP53INP1.
Notably, at the TCF7L2 locus, decreased expression of TCF7L2 as well as GPAM, TECTRB,
HABP2, and NHLRC?2 and increased expression of CASP7 and PLEKHS1 significantly
associated with T2D (Figure 3.2A). All of these genes, with the exception of TCF7L2 itself,
have not been reported as a T2D gene from the DIAGRAM study or any published GWAS
listed in the NHGRI-EBI catalogue. Similarly, associations involving increased expression of
CYP26C1 at the HHEX locus, decreased expression of HOXAS5 at the JAZF1 locus, and
decreased expression of CCNE2 at the TP53INP1 locus implicate potentially novel T2D
genes (Figure 3.2B-D).

We expected that a majority of MetaXcan-significant associations would correspond to
previously reported T2D genes. However, we found the opposite to be more often the case
as a single non-reference gene yielded a significant association - at the highest stringency -
at 15 genomic regions spanning T2D genes (~ 47%)(Table 3.1). For example, at the CD-
KALLI locus, decreased expression of an unreported gene - SOX/ - significantly associated
with T2D (Figure 3.3A). Similarly, at a region spanning the IGF2BP2 and ST6GALI loci,
only decreased expression of unreported gene DGKG showed a significant MetaXcan associ-

ation (Figure 3.3B). Moreover, decreased expression of unreported gene GTSF1L yielded a
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Figure 3.1: Putative T2D genes supported by MetaXcan association in the DI-
AGRAM study. We tested for association between predicted gene expression and T2D
at ~ 2 Mb genomic regions encompassing putative T2D genes implicated by the top 1,000
SNPs associated with T2D from the DIAGRAM trans-ethnic meta-analysis of GWAS using
42 tissue-level prediction models. Results are shown for regions where only the putative T2D
gene is associated at the most stringent threshold: (A) WFSI1, (B) PPARG, (C) HMG20A,
and (D) FTO. The gene about which the genomic region is centered is indicated at the
top of each panel. The solid, dashed, and dotted lines denote significance correcting for
the total number of tests performed across all models, genome-wide significance in a single
model (10,000 tests), and locus-wide significance, respectively. Genomic position (Mb) and
significance (—logjg(p-value)) for each predicted gene expression value (from a particular
tissue model) are shown on the z- and y-axes, respectively. Gene labels are shown in the
gray region and are positioned at the transcription start site (TSS). Moreover, the color of
each point corresponds to the magnitude and sign of the Z-score where positive and negative
Z-scores are colored green and red, respectively. Similarly, gene labels are colored according
to the Z-score of the most significant association at a gene if it meets locus-wide (light),
genome-wide significance in at least one model (medium), or significance correcting for the
total number of tests performed across all models (dark).
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Figure 3.2: Regions harboring MetaXcan associations with putative T2D genes
and novel candidate T2D genes. We tested for association between predicted gene
expression and T2D at ~ 2 Mb genomic regions encompassing putative T2D genes implicated
by the top 1,000 SNPs associated with T2D from the DIAGRAM trans-ethnic meta-analysis
of GWAS using 42 tissue-level prediction models. Results are shown for regions where both
the putative T2D gene and unreported T2D genes are associated at the most stringent
threshold: (A) TCF7L2, (B) HHEX, (C) JAZF1, and (D) TP53INP1. The gene about
which the genomic region is centered is indicated at the top of each panel. The solid,
dashed, and dotted lines denote significance correcting for the total number of tests performed
across all models, genome-wide significance in a single model (10,000 tests), and locus-wide
significance, respectively. Genomic position (Mb) and significance (—logyy(p-value)) for
each predicted gene expression value (from a particular tissue model) are shown on the
x- and y-axes, respectively. Gene labels are shown in the gray region and are positioned
at the transcription start site (T'SS). Moreover, the color of each point corresponds to the
magnitude and sign of the Z-score where positive and negative Z-scores are colored green
and red, respectively. Similarly, gene labels are colored according to the Z-score of the most
significant association at a gene if it meets locus-wide (light), genome-wide significance in at
least one model (medium), or significance correcting for the total number of tests performed
across all models (dark).
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gene-level association within a region spanning reported genes HNF4A, RSHDML, FITM?2,
GDAPIL1, and C200rf111 (Fig. 3.3C). Lastly, decreased expression of unreported gene
ZNF710 showed a significant association at the C150rf38-AP3S2 locus (Figure 3.3D). How-
ever, some of these cases where a single non-reference (T2D) gene exhibits an association
and not the reference gene are attributed to proximal T2D genes as was the case for in-
creased expression of HMG20A at the region spanning PEAK1 and LINGO1 (Figure 3.1C),
decreased expression of PPARG at a region spanning TIMP4 and TAMM/1 (Figure 3.1B),
and increased expression of WFSI at the PPP2R2C locus (Figure 3.1A).

There were also 8 loci (~25%) where multiple non-reference genes (reported and novel
alike) yielded significant MetaXcan associations. For example, decreased expression of HHEX
(reported) and increased expression of C'YP26C1 (not previously reported) associated with
T2D at the region spanning the KIF11 and IDE loci (Figure 3.2B). At the CDC123 locus,
increased expression of unreported genes CAMKID and NUDT5 strongly associated with
disease (Figure3.3E). Moreover, at a region spanning the PRC1 and VPS33B loci down-
stream of the AP352 locus , decreased expression of ZNF710 and, notably, increased ex-
pression of RCCCD1 (not previously reported) was consistently and significantly associated
with T2D in multiple tissue models (Figure 3.3F).

Although the reference genes in the previous example do not associate with T2D at the
highest stringency level, both PRC1 and VPS33B yield genome-wide associations in tests
based on a single tissue model. We therefore expanded our set of results to include gene-level
associations that meet genome-wide significance in at least one tissue model to determine
if we could account for more reported T2D genes. Indeed, we observed that the number
of genomic windows spanning putative T2D genes and harboring MetaXcan associations
increased from 32 to 48 (Table 3.1, Supplementary Figure 1). Of these instances, the reported
gene yielded gene-level associations at genome-wide significance in 22 loci, including the
loci corresponding to KCNJ11, KLHL42, CPNE/, and ANK1. However, the majority of

MetaXcan-significant genes are potentially novel genes as 30 out of 52 genes were unreported
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Figure 3.3: Regions where novel T2D genes show strong MetaXcan association
with T2D. Results are shown for regions where unreported T2D genes are associated at
the most stringent threshold: (A) CDKALI, (B) IGF2BP2, (C) HNF4A, (D) C150rf38-
AP3S52, (E) CDC123, and (F) PRC1. The solid, dashed, and dotted lines denote significance
correcting for the total number of tests performed across all models, genome-wide significance
in a single model (10, 000 tests), and locus-wide significance, respectively. Genomic position
(Mb) and significance (—logyg(p-value)) for each predicted gene expression value (from a
particular tissue model) are shown on the z- and y-axes, respectively. Gene labels are shown
in the gray region and are positioned at the transcription start site (TSS). Moreover, the
color of each point corresponds to the magnitude and sign of the Z-score where positive and
negative Z-scores are colored green and red, respectively
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in the DIAGRAM study at this significance level and 14 out of 23 genes were unreported at
the highest stringency level (Table 3.1).

Lastly, we found the disparity between reported and unreported genes to be more pro-
nounced when we considered the set of all gene associations that met locus-wide significance
(i.e. correcting for the number of tests performed at a single locus). Under this criterion,
75 out of the 89 genomic windows harbored significant MetaXcan associations and impli-
cated 109 genes (Supplementary Figure 3.5). Of these genes, however, only 34 (~ 31%)
corresponded to putative T2D genes. Although these results provided additional support
for reported genes such as ABCCS, TSPANS, and MC4R, they further showed that most of
the discovered associations between predicted gene expression and T2D correspond to novel

T2D genes.

3.4.2 Novel T2D genes at putative T2D loci replicate in the GERA-T2D
study

In our MetaXcan analysis of T2D loci in the DIAGRAM study, we observed a total of 102
significant associations between predicted gene expression and T2D that were genome-wide
significant in at least one tissue - implicating a total of 52 genes (Table 3.1). In order to
delineate a more robust set of T2D genes (including potentially novel disease genes), we
performed a separate analysis of these associations in an independent cohort - the Resource
for Genetic Epidemiology Research on Adult Health and Aging (GERA) study. This ge-
netic study (a collaboration between the Kaiser Permanente Research Program on Genes,
Environment, and Health and the UCSF Institute for Human Genetics) represents a multi-
ethnic cohort of 100K individuals from Northern California with available electronic medical
records (EMRs). We performed MetaXcan analyses using summary statistics from a GWAS
of T2D cases and matched controls from the GERA study.

Of the 102 genome-wide significant associations observed in our DIAGRAM analysis, 63

associations (~ 62%) and 25 genes (~48%) replicated in the GERA-T2D analysis (Table
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3.1). Of these 25 genes, 10 were reported T2D genes and 15 were putative novel genes.
The reported T2D genes that replicated in GERA were PPARG, WFS1, JAZF1, TCF7L2,
HHEX, KCNJ11, AP3S2, PEAK1, PRC1, and HMG20A and the putative novel genes were
DGKG, E2F3, SOX), HOXA5, NHLRC?2, GPAM, HABP2, TECTB, PLEKHS1, CAMKI1D,
CYP26C1, CLPB, KLHDC5, RCCDI1, and GTSF1L. Among the set of reported T2D genes,
the direction of association was mostly consistent across all models for which each gene was
significant. The only exception being KCNJI11 where increased expression of KCNJI11 in
the testis and DGN whole blood models associated with T2D whereas decreased expression
of KCNJ11 in the esophagus (mucosa) and skin (sun exposed) models associated with T2D
(Table 3.1). Similarly, the direction of association was consistent across models for which
a putative T2D gene was significantly associated with T2D. Notably, increased expression
of RCCD1 was highly significant across 24 tissue models in both DIAGRAM and GERA
studies. However, KLHDC5 was an exception as increased expression of KLHDCS in the
DGN whole blood study associated with T2D in DIAGRAM whereas decreased expression
associated with T2D in GERA.

We also considered MetaXcan associations that were significant in the DIAGRAM study
in at least one model at a false discovery rate (FDR) < 5% (Supplementary Table 3.2) . This
corresponded to 150 associations (at T2D-associated regions; there were 184 genome-wide
associations) and 76 genes, of which 80 associations and 32 genes replicated at this threshold,
including two additional reported genes (LINGO1 and NCR3LG1) and 5 additional novel
genes (CDKN2C, CYP21A2, NKX6-3, CDKN2A, P2RX/). Lastly, we performed a meta-
analysis of results from our MetaXcan analyses of the DIAGRAM and GERA studies and
observed that 22 of the 25 replicated genes (i.e. Bonferroni-significant in at least one model)
more strongly associated with T2D - the exceptions being E2F3, HABP2, and KLHDC5
(Table 3.1).
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chr | Gene Reported Genes Model DIAGRAM | DIAGRAM | GERA GERA | Meta-analysis | Meta—analysis
within 1Mb Locus Z-score P-value | Z-score P-value Z-score P-value
1 none reported WholeBloodDGN 5 6.3e-07 -0.49 0.62 3.6 0.00038
3 CPNE4 CPNE4 CrossTissue 4.8 1.4e-06 15 0.14 4.3 1.5e-05
3 | oPNE4 CPNE4 Adipose 48 1.86-06 15 013 44 1.30-05
Subcutaneous
Cells
3 PPARG R M R EBV -5 5.26-07 -37 0.00026 -57
transformedlymphocytes
3 PPARG Qe Heart. -5.2 0.14 0.89 -4 6.7e-05
LeftVentricle
Artery
3 UBE2E2 4.6 3.5e-06 1.1 0.26 4.2 3.2e-05
Coronary
3 IGF2BP2,ST6GAL1 Ovary -7.6 -6.3 2.8e-10 -8.8 _
Skin
3 UBEZ2E2 SunExposed 4.8 1.5e-06 1.8 0.072 4.5 8.6e-06
Lowerleg
4 WFS1 WFS1,PPP2R2C CrossTissue 5.3 4.8 1.5e-06 6.3
Brain
4 WFS1 WFS1,PPP2R2C 5.3 4 5.8e-05 6
Cerebellum
Nerve
4 WFS1 WFS1,PPP2R2C Tibial 4.9 9.4e-07 4.6 4.3e-06 5.9
Skin
4 WFS1 WFS1,PPP2R2C NotSunExposed 5.8 46 4.7e-06 6.7
Suprapubic
Skin
4 WFS1 WFS1,PPP2R2C SunExposed 5.4 4.7 2.9e-06 6.3
Lowerleg
4 WFS1 WFS1,PPP2R2C Thyroid 5.4 4.6 3.9e-06 6.5
Brain
6 CDKAL1 -4.6 3.9e-06 22 0.03 -4.5 5.8e-06
Cerebellum
CCHCR1,POU5F1,HLA-C, Heart
4. .6e— 1.2 .2! 4.1 H
6 TCF19 Leftventricle ° 560-06 028 850-05
6 CDKAL1 Muscle 79 49 8.56-07 8.4
Skeletal
6 none reported Pituitary 6.1 -0.77 0.44 4.3 2e-05
6 none reported WholeBloodDGN -5.5 0.3 0.77 -4 5.2e-05
Muscle
7 JAZF1 JAZF1 -6.2 -25 0.014 -6
Skeletal
7 JAZF1 JAZF1 Pancreas -5.6 -29 0.0044 -5.6
o e s Wholsioo
TP53INP1,DPY19L4,INTSS8, Esophagus
8 TP53INP1 NDUFAF6 Muscularis 5.6 0.82 0.41 4.7 2.1e-06
8 TP53INP1 RE3INAL DEVISES INISE) Testis 5.5 0.51 0.61 4.5 7.8e-06
NDUFAF6 - - : : e
TP53INP1,DPY19L4,INTSS8,
8 TP53INP1 NDUFAF6 WholeBloodDGN 5.6 13 0.21 4.9 1.2e-06
TP53INP1,DPY19L4,INTS8, Artery
8 INTS8 NDUFAF6 Tibial -4.7 2.7e-06 NA NA NA NA
TP53INP1,DPY19L4,INTSS8,
8 INTS8 NDUFAF6 WholeBloodDGN -5.1 3.5e-07 -1.7 0.083 -4.7 2.2e-06
Brain
8 NDUFAF6 NDUFAF6 -5 4.7e-07 1 0.32 -33 0.00093
Cerebellum
8 ANK1 ANK1 CrossTissue 5.1 2.8e-07 -0.8 0.42 35 0.00052
I- ANK1 AdrenalGland -5 4.6e-07 -1.9 0.057 -5 5.1e-07

Table 3.1: MetaXcan associations with T2D. Results for genes and corresponding mod-
els that meet genome-wide significance in at least one model from the DIAGRAM analysis
are shown with nearby genes and results from the GERA replication study and meta-analysis
of DIAGRAM and GERA Metaxcan associations. Blue shading denotes genes not implicated
by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis of GWAS. Pink and
red shading denote genome-wide significance in one model and across all models, respec-
tively, for the DIAGRAM and meta-analysis. Replication in the GERA study is denoted by
a pink outline.
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Table 3.1 (Continued)

: MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes DIAGRAM DIAGRAM | GERA | GERA | Meta-analysis | Meta-analysis
Chr | Gene L Model
within 1Mb Locus Z-score P-value | Z-score P-value Z-score P-value
TP53INP1,DPY19L4,INTSS, Cells
8 EBV 5.1 3.3e-07 -0.71 0.48 36 0.00032
NDUFAF6
transformedlymphocytes
8 TPS3INF1,DPY15L4,INTSS, Lung -4.7 2.1e-06 0.1 0.92 3.7 0.00023
NDUFAF6 & : : i ; : .
TP53INP1,DPY19L4,INTSS,
8 ol WholeBloodDGN -5.6 -0.88 0.38 -4.7 3.1e-06
10 | TCF7L2 TCF7L2 Artery -1 92 28e-20 13
Aorta
HHEX,KIF11,IDE, )
10 HHEX CrossTissue -5.6 -0.69 0.49 -46 5e-06
T PTTT HHEX,KIF11,IDE, Breast‘ G oG 0002 o
MammaryTissue
HHEX,KIF11,IDE, Cell
10 | HHEX s 5.1 3.20-07 -39 te-04 59
Transformedfibroblasts
HHEX,KIF11,IDE, )
10 HHEX Testis -5.6 -2.9 0.0034 -5.7
10 HHEX 2GR WholeBloodDGN -7.4 -3.2 0.0015 -7.2
10 TCF7L2 AdrenalGland -5.4 -3.2 0.0013 -6
Art
10 TCF7L2 =1 48 1.46-06 095 034 42
Aorta
Art
10 TCF7L2 Ay 15 10 1.5e-25 ~16
Tibial
Brain
10 TCF7L2 Anteriorcingulatecortex -4.6 3.4e-06 0.12 0.9 -3.6 0.00036
BA24
Muscle
10 TCF7L2 -4.7 2.3e-06 0.79 0.43 -3.2 0.0013
Skeletal
Brain
10 TCF7L2 ) -8 -13 2e-39 -13
CerebellarHemisphere
Brain
10 TCF7L2 Putamen -5.6 -5.2 2.2e-07 -6.9
basalganglia
Esophagus
10 TCF7L2 5 5e-07 6.4 1.1e-10 7.2
Mucosa
Heart
10 | CAMKID cDC123 ) 49 9e-07 3.8 0.00013 57
LeftVentricle
10 | CAMKID cDC123 Lung 6 1.2 0.25 5.1 2.8e-07
10 | CAMKID cDC123 Spleen 5.5 2.4 0.015 54
10 | CAMKID cDC123 WholeBlood 48 1.3e-06 16 0.12 45 7.8e-06
10 | CAMKID cDC123 WholeBloodDGN 5 7e-07 2.7 0.0072 5.1 3.56-07
HHEX,KIF11,IDE,
10 Pancreas 5.6 3.8 0.00013 6.1
10 cDC123 WholeBloodDGN 5.3 15 0.14 4.8 1.8e-06
KCNJ11,ABCC8,NCR3LG1, Esoph
1| kongrr | KOM/TTABCCENCRILG SRS 47 2.26-06 12 022 oy 1.4e-05
Mucosa
KCNJ11,ABCC8,NCR3LG1 Skin
11 KCNJ11 ! ) ! SunExposed -4.9 8e-07 -2.7 0.0073 -5 6.6e-07
Lowerleg
11 Kkongry | KONJTTABCCENCRSLGT, Testis 47 2.4e-06 2 0.044 46 3.6e-06
KCNJ11,ABCC8,NCR3LG1
1 KCNJ11 e WholeBloodDGN 47 3.3e-06 2.1 0.037 46 4.9e-06



Reported Genes DIAGRAM A DIAGRAM | GERA GERA | Meta-analysis | Meta—analysis
Chr | Gene s Model
within 1Mb Locus Z-score P-value | Z-score P-value Z-score P-value
" ARAP1,STARD10,FCHSD2, Artery e e o0 R — a5 -
Coronary
11 KCNQ1 Esophagus 49 1.26-06 14 027 43 1.5e-05
GastroesophagealJunction
12 KLHL42 KLHL42 ’:::I’ a7 2.8e-06 NA NA NA NA
Heart
12 | MPHOSPH9 MPHOSPH9 ) -4.4 8.7e-06 NA NA NA NA
AtrialAppendage
12 MPHOSPH9 Nerve 47 21e-06 NA NA NA NA
Tibial
12 KLHDCS5 KLHL42 WholeBloodDGN 5 5.9e-07 -2.1 0.036 2.8 0.0055
15 AP3S2 C150rf38-AP352,AP352 CrossTissue 47 2.6e-06 32 0.0013 5.1 3.8e-07
15 AP3S2 C150rf38-AP3S2,AP3S2 AdrenalGland 5 5e-07 35 0.00041 59
15 AP3S2 C150rf38-AP352,AP352 Stomach 4.9 1.2e-06 35 0.00045 55
15 LINGO1 LR IR eT Brain 46 5.3e-06 -0.25 0.81 34 0.00072
Cortex
HMG20A,PEAK1,LINGO1,
15 PEAK1 Spleen 4.8 2e-06 32 0.0016 52
15 PRC1 PRC1,VPS338 Pancreas -4.6 4.5¢-06 -33 0.00089 -5.1 3.7e-07
HMG20A,PEAK1,LINGO,
15 HMG20A CE HEELeT Pituitary 55 3.4 0.00065 59
15 VPS338 PRC1,VPS338 Testis -4.9 9.4e-07 -1.1 0.28 -4.3 1.6e-05
15 PRC1,vPS338 Adipose 46 4.9¢-06 29 0.0033 49 9e-07
Subcutaneous
Artery
15 PRC1,VPS338 5.3 3 0.0023 56
Aorta
15 PRC1,VPS338 Artery 49 1.1e-06 25 0012 5 47607
Coronary
A
15 PRC1,VPS336 rtery 5.1 3.3e-07 3 0.0028 5.4
Tibial
Brain
15 PRC1,VPS33B Anteriorcingulatecortex 5.8 3.4 0.00067 6.2
BA24
Brain
15 PRC1,VPS33B Caudate 52 2.3e-07 28 0.0048 5.4
basalganglia
Brain
15 PRC1,VPS338 ) 47 2.5e-06 3.1 0.0017 52 2.3e-07
CerebellarHemisphere
Brain
15 PRC1,VPS338 4.6 3.7e-06 3.1 0.0018 5 5.6e-07
Cerebellum
Brain
15 PRC1,VPS338 4.6 3.7e-06 3.1 0.0018 5.1 3.3e-07
Cortex
Brain
15 PRC1,VPS33B FrontalCortex 5 4.9e-07 3.1 0.002 5.4
BA9
15 PRC1,VPS338 Breast 48 1.4e-06 3 0.003 52
MammaryTissue
15 PRC1,vPS338 Ll 54 35 0.00053 59
! Transformedfibroblasts ’ : ’ ’
15 PRC1,VPS338 (,:°'°", 4.8 1.3e-06 3.1 0.0019 55
Sigmoid
15 PRC1,VPS338 Esophagus ’ 4.9 8e-07 2.8 0.0044 53
GastroesophagealJunction

Table 3.1 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes DIAGRAM | DIAGRAM | GERA GERA | Meta-analysis | Meta-analysis

Chr  Gene . Model
within 1Mb Locus Z-score P-value | Z-score P-value Z-score P-value
Heart
15 | RecD1 PRC1,VPS33B ) 59 4.7e-09 2.8 0.0056 5.9 2.8e-09
LeftVentricle
15 | Rcept PRC1,VPS338 Muscle 5 4.60-07 3.1 0.002 54 8.30-08
Skeletal
Nerve
15 | RecD1 PRC1,VPS33B e 53 9.1e-08 32 0.0013 5.6 2.3e-08
15 RCCD1 PRC1,VPS33B Pancreas 5 4.5e-07 3 0.003 53 1.5e-07
Skin
15 | RccD1 PRC1,VPS33B NotSunExposed 47 3e-06 32 0.0016 5.1 2.7e-07
Suprapubic
Skin
15 | RccD1 PRC1,VPS33B SunExposed 47 2.7¢-06 3 0.0027 49 7.6e-07
Lowerleg

Smallintestine
15 RCCD1 PRC1,VPS33B ) ! 4.5 5.9e-06 3.1 0.0021 5.3 1.3e-07
Terminallleum

15 RCCD1 PRC1,VPS33B Stomach 5.1 3.9e-07 3.1 0.0022 55 4.4e-08
15 RCCD1 PRC1,VPS338 Testis 53 9.5e-08 32 0.0016 5.7 1.4e-08
15 RCCD1 PRC1,VPS33B Thyroid 5.1 3.4e-07 3 0.0027 5.5 4.4e-08
PRC1,VPS33B,C150rf38-AP3S2, Brain
15 | ZNF710 ! A;—"BSZ ! Caudate -5.2 1.7e-07 NA NA NA NA
basalganglia
HMG20A,PEAK1,LINGO1, Brain
15 IDH3A . 4.8 1.4e-06 1.6 0.11 4.6 4.3e-06
Hippocampus
Brain
15 ZFAND6 none reported X 45 7.1e-06 -1.4 0.16 238 0.006
CerebellarHemisphere
Brain
15 FAH none reported 4.5 6.3e-06 -1.2 0.21 2.8 0.0051
Cerebellum
Muscle
16 FTO FTO 5.4 5.8e-08 17 0.085 5 6.3e-07
Skeletal
Esophagus
19 APOC1 APOC1 5.3 1.2e-07 NA NA NA NA
Mucosa
Brain
19 KLC3 APOC1 4.5 6.4e-06 1.9 0.055 4.3 1.5e-05
Cerebellum
Heart
19 CLASRP APOC1 . 4.6 3.8e-06 0.5 0.62 3.8 0.00012
LeftVentricle
Skin

HNF4A,R3HDML,FITM2,
20 | RsHDML NotSunE; i 5o 54 ! 42 -
i GDAP1L1,C200rf111 s & 3.56-07 05 059 3e-05

Suprapubic
HNF4A,R3HDML,FITM2, Artery
20 | SEMG1 46 5.26-06 0.14 0.89 36 0.00032
GDAP1L1,C200rf111 Coronary
20 | GTSFIL G M LA Cells 58 6.96-09 29 0.0034 59 3e-09
GDAP1L1,C200r(111 Transformedfibroblasts - 96 - : e e

Table 3.1 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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3.4.83 Genome-wide MetaXcan analysis reveals novel T2D loci in the

DIAGRAM study

We found significant MetaXcan associations for both reported and novel T2D genes within
genomic regions encompassing the top 89 genes implicated from GWAS in the DIAGRAM
trans-ethnic study. However, we considered that this approach may support genes that
reside in regions that extend beyond the genomic windows evaluated in the T2D locus-based
analyses (i.e. novel T2D loci). We therefore surveyed all genome-wide significant associations
(in at least one tissue) and observed that the majority of gene-level associations mapped
to regions spanning known T2D loci (Figure 3.4). However, there were five associations
that corresponded to genes falling outside putative T2D loci; increased expression of UTS2,
HLA-A, and ZFANDG6 and decreased expression of ZNRD1 and FAH (Table 3.1). With the
exception of ZFANDG, these genes were not reported as putative T2D genes in any published
GWAS study listed in the NHGRI-EBI catalogue [157].

In order to glean insight into relevant biological pathways suggested by our gene sets, we
performed gene set enrichment analyses (GSEAs) with our MetaXcan results. Among the
complete set of genes that met genome-wide significance in our analysis of the DIAGRAM
study, there was a significant enrichment for gene ontology (GO) pathways (i.e. GO: Biolog-
ical Process) pertaining to the endocrine pancreas and metabolism (e.g. negative regulation
of type B pancreatic cell apoptotic process, regulation of insulin secretion, glucose home-
ostasis) (Supplementary Table 3.3). Similar results were observed among significant genes
from the meta-analysis of MetaXcan results from the DIAGRAM and GERA analyses (Sup-
plementary Table 3.4). On the other hand, the GO pathways most enriched from the set of
“unknown” T2D loci genes related to circadian rhythm and kidney function (e.g. positive
regulation of circadian sleep/wake cycle, REM sleep, negative regulation of glomerular filtra-
tion) (Supplementary Table 3.5). Moreover, we text-mined the complete set of significantly
enriched GO pathways - adjusting for baseline frequency (see methods) - for frequently oc-

curring terms. Among pathways enriched from the full set of significantly-associated genes,
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Figure 3.4: Genome-wide MetaXcan analyses shows gene associations constrained
to putative T2D loci. We used MetaXcan to estimate gene expression and test for T2D
association in the DIAGRAM trans-ethnic meta-analysis summary dataset for each of 42 pre-
dictive models (i.e. 42 separate association tests). (A) Manhattan plot showing significance
(—log1o(p-value)) of associations between predicted expression and T2D. Results across all
tissue-level analyses are shown. The solid red line denotes significance threshold corrected
for the total number of individual tests performed across all models and the solid gray line
denotes the suggestive line corresponding to significance in at least one model (i.e. 10,000
tests). (B) QQ-plot showing the expected versus observed distribution of — logyq(p-value)
for each predicted gene expression trait across all 42 association tests. (C) QQ-plot show-
ing the expected versus observed distribution of —logjg(p-value) across all 42 association
tests for all genes within 1 Mb of T2D-associated SNPs. (D) QQ-plot showing the expected
versus observed distribution of —logjg(p-value) across all 42 association tests for all genes
exceeding 1 Mb of T2D-associated SNPs.
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the most frequently occurring terms corresponded WNT-signaling (e.g. beta-catenin-tcf712),
diabetes treatment (i.e. metformin), and sugar metabolism (e.g d-ribose) (Supplementary
Figure 3.6A). Conversely, “wakefulness” was the most frequent term among pathways en-
riched from “unknown” loci genes (Supplementary Figure 3.6B). A similar enrichment profile
was observed among genes that were genome-wide significant from the meta-analysis of DI-
AGRAM and GERA results (Supplementary Figure 3.6C). However, this was not the case
for the “unknown” loci genes as they did not replicate in the GERA study (Table 3.1,

Supplementary Figure 3.6D).

3.4.4 MetaXcan-significant genes support shared genetic etiology across

multiple complex traits

A key aspect of MetaXcan is that genes are implicated based on integrating information
from SNP-level GWAS associations and ability to predict gene expression. This implies
that the strength of GWAS signals is reflected in the significance of gene-level associations.
Therefore, an instance where a reported gene from GWAS corresponds with a significant
MetaXcan association strengthens evidence that the reported gene - via a regulatory process
- is the likely causal gene. We observed that although ~58-61% of MetaXcan-significant
genes mapping to regions encompassing T2D loci in the DIAGRAM study are putative
novel T2D genes, this study provides additional support for ~40% of reported T2D genes.
Indeed, the set of MetaXcan-significant genes from DIAGRAM was highly enriched for T2D
genes reported from all published GWAS on T2D listed in the NHGRI-EBI catalogue (p <
1X10_5) (Supplementary Table 3.6). However, enrichment of reported genes corresponding
to other traits among the set of significant T2D genes implicated in this study may support
shared genetic etiology with T2D. For example, we also observed a significant enrichment
for putative genes related to quantitative traits relevant to T2D; BMI (p = 3.5x10*4),
fasting insulin-related traits (p = 0.0017), glycated hemoglobin levels (p = 0.0024), and

proinsulin levels (p = 0.034) (Supplementary Table 3.6). Moreover, we observed enrichment
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for additional traits related to T2D via glucose homeostasis; two-hour glucose challenge
(p = 0.016) and fasting glucose related traits (p = 0.05) (Supplementary Table 5). An
advantage of this approach is that relationships between T2D and other complex traits
can be corroborated via novel T2D genes not implicated by GWAS. For example, a shared
genetic etiology between T2D and both total cholesterol (p = 0.033 ) and LDL-cholesterol
(p = 0.031) is corroborated by our enrichment analysis. These results are attributable to
the inclusion of putative cholesterol genes APOC1 (also a reported T2D gene) and GPAM
- a potentially novel T2D gene suggested by our MetaXcan results. Moreover, DGKG -
a novel candidate gene replicated in our analyses - has been previously implicated with
weight and body mass index (BMI) through proximity to GWAS associations. Additional
candidate genes that have been implicated with other diseases include SOX/ (bone mineral
density) and HLA-A (IgE levels, vitiligo, and nasopharyngeal carcinoma, among others)

(Supplementary Table 3.6).

3.5 Discussion

We found that 75 out of 89 T2D genes implicated by GWAS are within 1 Mb of a significant
association between predicted gene expression and disease. Moreover, 32 of these genomic
regions harbor MetaXcan associations meeting significance correcting for the number of
genome-wide tests performed across 42 tissue models. Although we provided corroborat-
ing support for established T2D genes (i.e. PPARG, JAZF1, TCF7L2), the majority (~
60%) of genes implicated by our analyses are novel disease genes. Of the 109 genome-wide
significant associations discovered in our analysis of the DIAGRAM dataset, 63 replicated
in an independent cohort from the GERA study. These corresponded to 25 T2D genes -
15 of which are novel candidates. Despite the fact that most of our discoveries were novel,
the set of MetaXcan-significant genes were enriched for pathways directly related to T2D
pathobiology (e.g. glucose metabolism and regulation of insulin secretion).

We also found evidence for genes located in genomic regions greater than 1 Mb away
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from the 89 T2D genes implicated by the the top SNPs associations in the DIAGRAM trans-
ethnic meta-analysis study - four of which had not been previously reported from GWAS.
Moreover, we found this gene set to be enriched for pathways regulating circadian rhythm
- an important hormonal process whose dysregulation has been linked to insulin resistance
in peripheral tissues and increased risk for T2D [17, 29, 36]. We also observed that novel
T2D genes discovered with MetaXcan were shared between our results and putative genes
for related traits such as body mass index (DGKG) and LDL cholesterol (GPAM).

Although we expected most significant associations between predicted gene expression
and T2D to correspond to models trained on tissues directly involved in glucose homeostasis
(i.e. pancreas, liver, skeletal muscle, adipose, hypothalamus), we observed that this was
not the case for many associations meeting genome-wide significance. For example, the
association with decreased expression of TCF7L2 was observed in our MetaXcan analysis
with predictors trained in aortic artery whereas Shu et al. (2009) observed decreased gene
and protein expression of TCF7L2 in pancreatic islets from diabetic db/db mice [135]. On
the other hand, Savic et al. (2011) observed that mice harboring a null TCF7L2 allele
showed improved glucose tolerance and lower insulin levels [132]. While it may be possible
that decreased TCF7L2 expression in aortic artery may indeed increase disease risk per se,
it may be the case that our results are largely attributable to regulatory genetic variation
shared across tissues. Therefore, we may be able to detect gene associations in cases where
we have limited power to predict expression for a particular T2D gene in the tissue most
relevant to disease but are suitably powered to do so in a separate tissue that shares eQQTLs
for that gene.

Despite the fact that significant SNP associations with T2D at the TCF7L2 locus are
non-coding and imply a regulatory mechanism in insulin-responsive peripheral tissues, sig-
nificant eQTLs for TCF7L2 were mapped only in aortic artery by the GTEx Project [147].
Our observed MetaXcan association with T'CF7L2 may therefore reflect the fact that the

aortic artery sample afforded us the greatest power to predict TCF7L2 in any model. More-
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over, similarity in regulatory genetic architecture shared across tissues enabled us to detect a
relationship to T2D. This suggests that although we trained models from tissue samples from
the DGN study and GTEx Project - representing the most comprehensive set of primary
human tissues for eQTL studies to date - more work will need to be done to generate infor-
mative predictive models in order to resolve the most relevant tissues. For example, we could
delineate predictive models from cell-specific data such islet cells from the endocrine pan-
creas or incorporate information from “response” eQTLs that associate with gene expression
in the context of physiological perturbations (i.e. insulin response or hyperglycemia) or at
different development stages. Moreover, additional information on chromatin structure and
epigenetic state from experimental assays (e.g. ATAC-seq [18], Capture-C [74] performed on
cells from metabolic tissues can be incorporated into predictive models of gene expression.

An important caveat of this study is that we used average expression over a gene when
generating predictive models and may therefore miss the consequences of regulatory variants
that impact splicing and the expression of isoforms at T2D loci. Although this would not
diminish our positive findings (i.e. this does not create false positives), this may explain why
we failed to detect genome-wide significant associations at regions encompassing putative
T2D genes.

Additionally, the predictive models employed in this study were trained from local vari-
ants within 1 Mb of each gene. Although most eQTLs mapped in human tissues to date
are local eQTLs, this is influenced by the fact that the greater number of genetic variants,
smaller haplotype structure, and relative smaller sample sizes associated with human stud-
ies considerably reduces power to detect distal eQTLs that regulate target genes through a
non allele-specific mechanism (i.e. trans eQTLs) [2]. However, a few studies indicate that
distal-acting eQTLs mapped in human adipose and skeletal muscle tissue may account for
some of the genetic architecture of T2D [38, 150]. Therefore, we may expand the number of
predicted gene associations to include target genes regulated distal-acting, trans eQTLs by

extending the training set of variants when generating predictive models.
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In our study, we applied MetaXcan to explicitly integrate regulatory genetic information
to improve disease gene mapping and overcome key limitations of GWAS and differential
gene expression studies [48]. This approach, along with similar approaches adopted by Gu-
sev et al.(2015) and Zhu et al.(2016), directly addresses the importance of eQTLs in complex
human traits and advances genetic studies beyond GWAS [59, 174]. Importantly, we provide
information about the direction of gene expression that associates with disease, that was
predominantly consistent across the most significant associations discovered in this study
and replicated in an independent cohort. This immediately suggests potential therapeutic
targets where the increased expression of genes - many of which were not previously re-
ported from GWAS - significantly relates to increased disease risk. Moreover, these results
establish a basis for subsequent experiments (e.g. gene editing) to interrogate the cellular
and physiological consequences of dysregulation of novel candidate genes. Therefore, this
investigation represents an important step forward in elucidating the genetic basis of T2D

and other complex diseases.

3.6 Supplementary Figures and Tables
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Figure 3.5: MetaXcan profiles at T2D-associated loci The solid, dashed, and dotted
lines denote significance correcting for the total number of tests performed across all mod-
els, genome-wide significance in a single model (10,000 tests), and locus-wide significance,
respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each predicted
gene expression value (from a particular tissue model) are shown on the z- and y-axes, re-
spectively. Gene labels are shown in the gray region and are positioned at the transcription
start site (TSS). Moreover, the color of each point corresponds to the magnitude and sign
of the Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.

101



Ea CDKAL1 Eb RREB1

6
16
14 ° 5
12 °
4
104 SO SN U AR |
8 3
—~ 6 Z-score —_ o © e Z-score
R bbbl R LR L LR a8 g2 o 8o0 . 5 5.0
e U PO R SO 4 g o ° s gof Bg o 25
H o
g2 o ° I 0 g ° BBEEEEBQO 00
] ] g 4
8o 3.8 &8 i | L 8 i g 8. BEgl [ T
| . (o) e
MBOAT1
oo ]
19 20 21 22 6 7 9
Position on Chromosome 6 (Mb) Position on Chromosome 6 (Mb)
Ec CCHCR1 Ed CENPW
7 6
s o
°
)
8 ° 2Z-score
" ° ° a5 5.0
° ° °
] r b 25
o o :
A B s § 85 00
Es o d ¢ [
KIAA0408 -5.0
(Ncoa7] (Ceortss)
29 30 31 32 33 125 126 127 128 129
Position on Chromosome 6 (Mb) Position on Chromosome 6 (Mb)
Ee SSR1 Ef POUSF1
6 7
s 6
°
4
........................................................ SO SOOI SURTURION UV
3
— Z-score Z-score
EE . 50 50
5] °
7 o 25 25
&1 o 0.0 0.0
g, g E - -25 - -25
[
50 50
6 7 8 9 29 30 31 32 33
Position on Chromosome 6 (Mb) Position on Chromosome 6 (Mb)

Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logjg(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.5 (Continued): MetaXcan profiles at T2D-associated loci The solid, dashed,
and dotted lines denote significance correcting for the total number of tests performed across
all models, genome-wide significance in a single model (10,000 tests), and locus-wide sig-
nificance, respectively. Genomic position (Mb) and significance (— logo(p-value)) for each
predicted gene expression value (from a particular tissue model) are shown on the z- and
y-axes, respectively. Gene labels are shown in the gray region and are positioned at the
transcription start site (TSS). Moreover, color corresponds to the magnitude and sign of the
Z-score where positive and negative Z-scores are colored green and red, respectively.
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Figure 3.6: Text-mining analysis of frequently occurring terms among enriched
pathways from MetaXcan-significant gene sets. We text-mined the set of Gene On-
tology Biological Process (GO:BP) pathways that were enriched (overrepresented p-value
< 0.05) among sets of genes meeting genome-wide significance in at least on tissue from
our MetaXcan analyses. Wordlcouds show the most frequently occurring terms (larger font
and centrally located) - limited to no more than the top 200 terms. Results are shown for:
(A) all genes meeting genome-wide significance in at least one tissue from the DTAGRAM
analyses; (B) the subset of genes in A that are not located within 1 Mb of T2D-associated
SNPs; (C) genome-wide significant genes from the meta-analysis of MetaXcan results from
the DIAGRAM and GERA analyses; (D) all genes meeting genome-wide significance in at
least one tissue discovered in the DIAGRAM analysis that replicate in the GERA analysis.
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Chr Gene

1 CDKN2C

1 RP11-268J15.5

1 RP11-268J15.5

1 RP11-268J15.5

1 GDAP2
1 SH3D21
1 ursz2
2 NRBP1
3 CPNE4
3 CPNE4
3 PPARG
3 PPARG
3 UBEZE1
3 CRYGS
3 TRA2B
3 DGKG
3 NR1D2
3 ZNF148
3 ATP2B2
3 MUSTN1
3 SFMBT1
4 WFS1
4 WFS1
4 WFS1
4 WFS1
4 WFS1
4 WFS1
4 WFS1
4 TIGD4
5 PCBD2

Table 3.2: MetaXcan associations

Reported Genes
within 1Mb Locus

FAF1

none reported
none reported

none reported

none reported

none reported

none reported
none reported

CPNE4

CPNE4

PPARG, TIMP4, TAMMA41,

PPARG, TIMP4, TAMMA41,

UBEZ2E2

IGF2BP2,ST6GAL1

IGF2BP2
IGF2BP2,ST6GAL1
UBE2E2
none reported
none reported

none reported
none reported

WFS1,PPP2R2C

WFS1,PPP2R2C
WFS1,PPP2R2C

WFS1,PPP2R2C

WFS1,PPP2R2C

WFS1,PPP2R2C

WFS1,PPP2R2C
TMEM154,FBXW7

PCBD2

a pink outline.

DIAGRAM
Model
Z-score
Esophagus g
GastroesophagealJunction :
AdrenalGland 43
Lung 4.1
Stomach 4.3
Brain
-4.2
Cerebellum
Heart
) -4.4
AtrialAppendage
WholeBloodDGN 5
WholeBlood -4.5
CrossTissue 48
Adipose
4.8
Subcutaneous
Cells
EBV -5
transformedlymphocytes
Heart
9 -5.2
LeftVentricle
Arte
Y 46
Coronary
Artery
4.3
Tibial
Brain
Anteriorcingulatecortex -4.2
BA24
Ovary -7.6
Skin
SunExposed 4.8
Lowerleg
Pituitary -4.2
Skin
SunExposed 4.3
Lowerleg
WholeBloodDGN 42
CrossTissue 4.1
CrossTissue 53
Brain
. 4.3
CerebellarHemisphere
Brain
5.3
Cerebellum
Ner
erve 49
Tibial
Skin
NotSunExposed 5.8
Suprapubic
Skin
SunExposed 5.4
Lowerleg
Thyroid 5.4
Brain
. 41
CerebellarHemisphere
Lung -4.1

DIAGRAM | GERA
P-value | Z-score
1.5e-05 3.4
2e-05 22
4.3e-05 2.4
2.1e-05 2.6
3e-05 -13
1.1e-05 -25
6.3e-07 -0.49
7.3e-06 -4.2
1.4e-06 15
1.8e-06 15
5.2e-07 -3.7
1.8e-07 0.14
3.56-06 1.4
26-05 NA
2.9e-05 1.4

2.3e-14 -6.3

1.5e-06 1.8
2.8e-05 -0.65
2e-05 11
3e-05 0.97

4.5e-05 1.4

1.1e-07 4.8

1.4e-05 4.7
9.6e-08 4
9.4e-07 4.6
5.7e-09 4.6
5.7e-08 4.7
7.9e-08 4.6
4.3e-05 -0.66
4.1e-05 -1.3

114

GERA | Meta-analysis = Meta-analysis

P-value
7e-04

0.025
0.016
0.0086

0.19

0.013

0.62
2.9e-05
0.14

0.13

0.00026

0.89

0.26

NA

0.15

2.8e-10

0.072

0.52

0.33
0.16
1.5e-06

2.5e-06

5.8e-05

4.3e-06

4.7e-06

2.9e-06

3.9e-06
0.51

0.19

Z-score

5.1

4.6
4.3
4.6

3.6
-5.5
43

4.4

-4

4.2

NA

-4

4.5

3.7

3.7
3.7
6.3

57

59

6.7

6.3

6.5

28

P-value
4.1e-07

4.7e-06
1.6e-05
3.8e-06

0.00016

3.2e-06

0.00038

1.5e-05

1.3e-05

1.1e-08

6.7e-05
3.2e-05

NA

6.7e-05
8.6e-06
0.00043
0.00022

0.00026
0.00018

2.7e-10

1.4e-08

2.3e-09

3e-09

1.7e-11

3e-10

8e-11

0.0048

0.00015

with T2D. Results for genes and corresponding mod-
els that meet genome-wide significance in at least one model from the DIAGRAM analysis
are shown with nearby genes and results from the GERA replication study and meta-analysis
of DIAGRAM and GERA Metaxcan associations. Blue shading denotes genes not implicated
by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis of GWAS. Pink and
red shading denote genome-wide significance in one model and across all models, respec-
tively, for the DIAGRAM and meta-analysis. Replication in the GERA study is denoted by



Reported Genes DIAGRAM | DIAGRAM | GERA GERA | Meta-analysis | Meta-analysis

Chr | Gene . Model
within 1Mb Locus Z-score | P-value | Z-score | P-value Z-score P-value
5 PCBD2 PCBD2 Pancreas -4.1 4.5e-05 NA NA NA NA
Skin
5 PCBD2 PCBD2 SunExposed -4 6.5e-05 1.4 0.15 -23 0.022
Lowerleg
Brain
6 E2F3 CDKAL1 -4.6 3.9e-06 22 0.03 -4.5 5.8e-06
Cerebellum
CCHCR1,POUS5F1,HLA-C, Heart
6 HeaGar TCF19 LeftVentricle 45 2 028 41
Muscle
6 SOX4 CDKAL1 -79 -4.9 8.5e-07 -8.4
Skeletal
HCR1,Pt F1,HLA- N
6 CYP21A2 CCHCH1,ROUSHY, < ?r‘ve 4.2 2.4 0.018 4.3 1.4e-05
TCF19 Tibial
6 AGER HLA-C CrossTissue 4.2 3.2e-05 1.6 0.12 3.9 0.00011
6 KCNK17 none reported Pancreas 3.9 8.1e-05 0.13 0.9 3 0.0024
6 HLA-A none reported Pituitary 6.1 1.2e-09 -0.77 0.44 4.3 2e-05
6 ZNRD1 none reported WholeBloodDGN -55 3.6e-08 0.3 0.77 -4 5.2e-05
Muscl
7 | Azt JAZF1 usee 6.2 4.4e-10 25 0.014 -6 2.56-09
Skeletal
7 JAZF1 JAZF1 Pancreas -5.6 2e-08 -29 0.0044 -5.6 1.8e-08
7 HOXA5 JAZF1 WholeBlood -5.7 1.2e-08 -6.1 1e-09 -7.4 1.8e-13
Brain
7 NACAD none reported Anteriorcingulatecortex 4.2 2.9e-05 -0.84 0.4 28 0.0044
BA24
Brain
7 2ZNF713 none reported 4 5.4e-05 -0.57 0.57 2.8 0.0057
Cerebellum
Muscle
7 NOoMm1 none reported 4 5.4e-05 1 0.31 3.6 0.00035
Skeletal
7 MAFK none reported WholeBloodDGN 4.3 1.4e-05 -0.25 0.8 3.2 0.0014
TP53INP1,DPY19L4,INTSS, Artery
8 TP53INP1 NDUFAF6 Aorta 4.4 1.1e-05 1.8 0.073 4.3 1.4e-05
8 TP53INP1 UREILAVUAAE L) S 5.6 1.6e-08 0.82 0.41 4.7 2.1e-06
NDUFAF6 Muscularis : : ’ ’ . ’
8 TP53INP1 UREIA AL T Testi 5.5 4.3e-08 0.51 0.61 4.5 7.8e-06
AT estis . . . i g .8e:
8 TPsaiNpy | T ooINPLDPYISLY INTSE, WholeBloodDGN 56 2.6e-08 1.3 0.21 49 1.2e-06
NDUFAF6
TP53INP1,DPY19L4,INTSS, Artery
8 INTS8 - -4.7 2.7e-06 NA NA NA NA
NDUFAF6 Tibial
8 inTss | TPOSINPT.DPYISL4INTSS, Lun 4.4 1.3e-05 1.1 0.25 3.9 9.3e-05
NDUFAF6 d - : : : : i
8 INTS8 URRILAVUAAECEE) WholeBloodDGN 5.1 3.5e-07 N7 0.083 4.7 2.2e-06
NDUFAF6 ) : : : : i
Brain
8 NDUFAF6 NDUFAF6 . -4.2 3.2e-05 -0.78 0.44 -3.6 0.00034
CerebellarHemisphere
Brain
8 NDUFAF6 NDUFAF6 -5 4.7e-07 1 0.32 -3.3 0.00093
Cerebellum
8 ANK1 ANK1 CrossTissue 5.1 2.8e-07 -0.8 0.42 35 0.00052
Skin
8 ANK1 ANK1 SunExposed 4.2 2.3e-05 -0.19 0.85 3.1 0.0021
Lowerleg
8 VDAC3 ANK1 AdrenalGland -5 4.6e-07 -1.9 0.057 -5 5.1e-07
Cells

TP53INP1,DPY19L4,INTS8,
8 CCNE2 EBV 5.1 3.3e-07 -0.71 0.48 3.6 0.00032

NDUFAF6
transformedlymphocytes

Table 3.2 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes Model DIAGRAM | DIAGRAM | GERA GERA | Meta-analysis = Meta-analysis
within 1Mb Locus Z-score | P-value | Z-score P-value Z-score P-value
TP53INP1,DPY19L4,INTSS, Heart

NDUFAF6 Leftventricle -4.1 3.7e-05 -13 0.21 -3.8 0.00012
TP53INP1,DPY19L4,INTSS,
NDUFAF6 Lung -4.7 2.1e-06 -0.1 0.92 -3.7 0.00023
TP53INP1,DPY19L4,INTSS,
WholeBloodDGN -5.6 0. . -4.7 .1
NDUFAF6 oleBloodDG 5. 0.88 0.38 3.1e-06
TP53INP1,DPY19L4,INTSS, Heart 5.50-05 065 052 35 0.00054
NDUFAF6 LeftVentricle : : . : ’
ANK1 Pancreas 7.3e-05 -2 0.041 -4 6.6e-05
Brain
9 CDKN2A CDKN2B . 6.1e-05 -4.5 5.8e-06 -5.3
CerebellarHemisphere
Artery
10 TCF7L2 TCF7L2 -11 -9.2 2.8e-20 -13
Aorta
HHEX,KIF11,IDE, o
10 HHEX CrossTissue -5.6 -0.69 0.49 -4.6
HHEX,KIF11,IDE, B t
10 | HHEX reast 86 36 0.00034 -84
MammaryTissue
HHEX,KIF11,IDE, I
10 HHEX ce s -5.1 3.2e-07 -39 1e-04 -5.9
Transformedfibroblasts
HHEX,KIF11,IDE,
10 HHEX ’ T Testis -5.6 -29 0.0034 -5.7
10 HHEX QHECKAICEE WholeBloodDGN -7.4 -32 0.0015 -7.2
10 TCF7L2 AdrenalGland -5.4 -3.2 0.0013 -6
Artery
10 TCF7L2 4.8 1.4e-06 0.95 0.34 4.2
Aorta
Art
10 TCF7L2 r.e-ry -15 -10 1.5e-25 -16
Tibial
Brain
10 TCF7L2 Anteriorcingulatecortex -4.6 3.4e-06 0.12 0.9 -3.6 0.00036
BA24
Muscl
10 TCF7L2 usce 47 2.36-06 079 0.43 32 0.0013
Skeletal
10 TCF7L2 Brain -8 13 2e-39 13
CerebellarHemisphere
Brain
10 TCF7L2 Putamen -5.6 -5.2 2.2e-07 -6.9
basalganglia
Esophagus
10 TCF7L2 5 5e-07 6.4 1.1e-10 7.2
Mucosa
Heart
10 CAMK1D cDC123 . 4.9 9e-07 3.8 0.00013 5.7
LeftVentricle
10 CAMK1D CDC123 Lung 6 1.2 0.25 5.1 2.8e-07
10 CAMK1D CcDC123 Spleen 5.5 24 0.015 5.4
10 CAMK1D CDC123 WholeBlood 4.8 1.3e-06 1.6 0.12 4.5 7.8e-06
10 CAMK1D cDC123 WholeBloodDGN 5 7e-07 27 0.0072 5.1 3.5e-07
HHEX,KIF11,IDE, Heart
10 . 4.2 2.9e-05 1.1 0.28 3.8 0.00015
LeftVentricle
10 2SS Pancreas 5.6 3.8 0.00013 6.1
10 CDC123 Pituitary -4.1 3.5e-05 =11 0.26 -3.7 2e-04
10 CcDC123 WholeBloodDGN 5.3 15 0.14 4.8 1.8e-06
1 | aBccs | KOM/11.ABCCSNCRILGY, :(: :':X 43 1.60-05 16 0.1 a1 3.5e-05

Table 3.2 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes DIAGRAM | DIAGRAM | GERA GERA | Meta-analysis | Meta-analysis

Chr Gene L Model
within 1Mb Locus Z-score P-value | Z-score | P-value Z-score P-value
KCNJ11,AB NCR3LG1 Esoph:
1 KCNJ11 AR, SEAEE 47 2.20-06 12 022 44 1.46-05
Mucosa
KCNJ11,ABCC8,NCR3LG1 <0
11 KCNJ11 : . ' NotSunExposed -4.3 2e-05 -0.58 0.56 -36 0.00037
Suprapubic
KCNJ11,ABCC8,NCR3LG1, <Ll
1 KCNJ11 ’ ’ ' SunExposed -4.9 8e-07 =27 0.0073 -5 6.6e-07
Lowerleg
KCNJ11,ABCC8,NCR3LG1, .
1 KCNJ11 Testis 4.7 2.4e-06 2 0.044 4.6 3.6e-06
KCNJ11,AB ,NCR3LG1,
11 KCNJ11 c ceefciste WholeBloodDGN 47 3.3e-06 21 0.037 4.6 4.9e-06
1 NCR3LG1 NCR3LG1 CrossTissue -4.3 1.7e-05 -1.9 0.062 -4.1 3.7e-05
Esoph
i NCR3LG1 NCR3LG1 e 44 8.60-06 22 0.029 46 46-06
Mucosa
Nerve
11 NCR3LG1 NCR3LG1 Tibial -4.5 8.1e-06 =21 0.034 -4.4 1.1e-05
ARAP1,STARD10,FCHSD2, Esoph
1 ARAP1 ST -4 5.30-05 -2 005 42 3e-05
Mucosa
Skin
ARAP1,STARD10,FCHSD2,
1 ARAP1 NotSunExposed -4.2 2.5e-05 -1.5 0.12 -4 6.5e-05
Suprapubic
ARAP1,STARD10,FCHSD2, Artery
1 CLPB -47 2.8e-06 -3.8 0.00017 -5.5 3.5e-08
Coronary
Esoph:
11 SYT8 Kena1 S 49 1.26-06 11 027 43 156-05
GastroesophagealJunction
ARAP1,STARD10,FCHSD2,
11 PHOX2A Pancreas -3.9 9.7e-05 S5 0.087 -3.8 0.00016
1 2ZNF195 KCNQ1 Testis -4.1 4e-05 0.39 0.7 -3 0.003
Brain
11 CTD-2210P24.4 none reported Nucleusaccumbens 4.3 1.6e-05 1.5 0.13 4.2 3.1e-05
basalganglia
Muscle
11 TCP11L1 none reported 4.2 2.3e-05 -0.39 0.7 3 0.0024
Skeletal
11 TCP11L1 none reported Pancreas 3.9 0.00011 -0.33 0.74 2.8 0.0058
1 NFRKB none reported Pancreas -4 7.3e-05 -15 0.15 -3.7 0.00021
Artery
12 KLHL42 KLHL42 Tibial -47 2.8e-06 NA NA NA NA
12 MPHOSPH9 MPHOSPH9 CrossTissue -4.3 1.8e-05 NA NA NA NA
Heart
12 MPHOSPH9 MPHOSPH9 ) -4.4 8.7e-06 NA NA NA NA
AtrialAppendage
Nerve
12 C12orf65 MPHOSPH9 Tibial 47 2.1e-06 NA NA NA NA
Skin
12 CDK2AP1 MPHOSPH9 SunExposed 4 6.1e-05 -0.25 0.8 2.9 0.0041
Lowerleg
12 P2RX4 OASL WholeBlood 43 1.5e-05 43 2.1e-05 5.4 6.6e-08
12 ABCB9 MPHOSPH9 WholeBloodDGN -4.4 1.3e-05 0.6 0.55 -3 0.0024
12 OGFOD2 MPHOSPH9 WholeBloodDGN -4.2 3.1e-05 NA NA NA NA
12 KLHDC5 KLHL42 WholeBloodDGN 5 5.9e-07 =21 0.036 2.8 0.0055
Artery
14 SAMD15 none reported -4.1 3.8e-05 1.1 0.28 -27 0.008
Coronary
14 VIPAS39 none reported Breast 43 26-05 ~0.15 0.88 34 0.00078
MammaryTissue
Nerve
14 VIPAS39 none reported Tibial -4.3 1.8e-05 0.15 0.88 -3.2 0.0016

Table 3.2 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes

DIAGRAM ' DIAGRAM | GERA

GERA | Meta-analysis | Meta—-analysis

Chr  Gene e Model
within 1Mb Locus Z-score P-value | Z-score P-value Z-score P-value
14 VIPAS39 none reported WholeBlood -4.4 1.3e-05 -0.35 0.73 -3.5 0.00047
14 NOXRED1 none reported CrossTissue 41 4.4e-05 0.42 0.67 3.3 0.0011
15 AP3S2 C150rf38-AP3S2,AP352 CrossTissue 4.7 2.6e-06 3.2 0.0013 5.1 3.8e-07
15 AP3S2 C150rf38-AP352,AP352 AdrenalGland 5 5e-07 3.5 0.00041 5.9 4.8e-09
Artery
15 AP3S2 C150rf38-AP352,AP352 Aort 4.2 3.1e-05 3.1 0.0019 4.8 1.4e-06
rta
Cells
15 AP3S2 C150rf38-AP3S2,AP352 ) 4.2 3.1e-05 35 0.00039 5 6.4e-07
Transformedfibroblasts
15 AP3S2 C150rf38-AP3S2,AP352 Stomach 4.9 1.2e-06 35 0.00045 55 3.2e-08
HMG20A,PEAK1,LINGO1, Brai
15 | LINGOT SR, e ran 46 5.3e-06 025 0.81 34 0.00072
Cortex
HMG20A,PEAK1,LINGOT1, Heart
15 LINGO1 . 4.4 1.1e-05 2.4 0.016 4.6 3.7e-06
LeftVentricle
HMG20A,PEAK1,LINGO1, Esoph:
15 | PEAKI L, e e 43 1.80-05 32 0.0014 5 5.80-07
Mucosa
HMG20A,PEAK1,LINGOT1,
15 PEAK1 Spleen 4.8 2e-06 3.2 0.0016 5.2 1.9e-07
15 PRC1 PRC1,VPS33B Pancreas -4.6 4.5e-06 -33 0.00089 -5.1 3.7e-07
15 PRC1 PRC1,VPS33B WholeBloodDGN -4.4 1.1e-05 -2.2 0.03 -4.4 1e-05
15 HMG20A EMO20A BEARELAGOE Pituitary 5.5 4.4e-08 3.4 0.00065 5.9 4.5e-09
15 VPS33B PRC1,VPS33B Pituitary 41 4.4e-05 57 0.096 3.9 8.1e-05
15 VPS33B PRC1,VPS33B Testis -4.9 9.4e-07 =11 0.28 -4.3 1.6e-05
15 VPS33B PRC1,VPS33B WholeBloodDGN -4.2 3.3e-05 -17 0.093 -4 6.7e-05
15 RCCD1 PRC1,VPS33B CrossTissue 45 5.4e-06 2.7 0.0071 4.7 2.4e-06
15 | Rccp1 PRC1,VPS338 Adipose 46 4.90-06 29 0.0033 49 9e-07
Subcutaneous
Art
15 | Roco1 PRC1,VPS338 AL?Z 53 3 0.0023 56 1.70-08
15 | Rcep1 PRC1,VPS338 Artery 49 25 0012 5 4.76-07
Coronary
Artery
15 RCCD1 PRC1,VPS33B Tibial 5.1 3.3e-07 3 0.0028 5.4 6.1e-08
Brain
15 RCCD1 PRC1,VPS33B Anteriorcingulatecortex 5.8 6.6e-09 3.4 0.00067 6.2 4.5e-10
BA24
Brain
15 RCCD1 PRC1,VPS33B Caudate 52 2.3e-07 28 0.0048 5.4 8.6e-08
basalganglia
Brain
15 RCCD1 PRC1,VPS33B . 4.7 2.5e-06 3.1 0.0017 5.2 2.3e-07
CerebellarHemisphere
Brain
15 RCCD1 PRC1,VPS33B 4.6 3.7e-06 3.1 0.0018 5 5.6e-07
Cerebellum
Brain
15 RCCD1 PRC1,VPS33B 4.6 3.7e-06 3.1 0.0018 (58] 3.3e-07
Cortex
Brain
15 RCCD1 PRC1,VPS33B FrontalCortex 5 4.9e-07 3.1 0.002 5.4 6.3e-08
BA9
Brain
15 RCCD1 PRC1,VPS33B Nucleusaccumbens 4.4 1.3e-05 3.1 0.002 5 5.5e-07
basalganglia
Breast
15 RCCD1 PRC1,VPS33B . 4.8 1.4e-06 3 0.003 52 2.1e-07
MammaryTissue

Table 3.2 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Reported Genes DIAGRAM | DIAGRAM | GERA | GERA | Met lysis | Met

Chr | Gene o Model ~ ”
within 1Mb Locus Z-score P-value @ Z-score | P-value Z-score P-value
Cells
15 RCCD1 PRC1,VPS33B v 54 35 0.00053 5.9 3.9e-09
Transformedfibroblasts
Colon
15 RCCD1 PRC1,VPS33B N 48 1.3e-06 3.1 0.0019 5.5 4.2e-08
Sigmoid
Esoph:
15 | RCeD1 PRC1,VPS338 SAEgR 49 8e-07 28 0.0044 53 1.46-07
GastroesophagealJunction
Esoph:
15 | RccD1 PRC1,VPS338 LT 42 2.30-05 31 0.002 49 9.40-07
Mucosa
Heart
15 RCCD1 PRC1,VPS33B N 59 28 0.0056 59 2.8e-09
LeftVentricle
Muscl
15 | Rccp1 PRC1,VPS338 uscle 5 4.60-07 a1 0.002 5.4 8.30-08
Skeletal
Nerve
15 RCCD1 PRC1,VPS33B Tibial 53 32 0.0013 5.6 2.3e-08
15 RcCD1 PRC1,VPS33B Pancreas 5 4.5e-07 3 0.003 53 1.5e-07
Skin
15 RCCD1 PRC1,VPS33B NotSunExposed 4.7 3e-06 32 0.0016 5.1 2.7e-07
Suprapubic
Skin
15 RCCD1 PRC1,VPS33B ‘SunExposed 4.7 2.7e-06 3 0.0027 49 7.6e-07
Lowerleg

‘Smallintestir
15 | RCcD1 PRC1,VPS338 mallintestine 45 5.90-06 31 0.0021 53 1.36-07
Terminallleum

15 | Reeot PRC1,VPS338 Stomach 5.1 3.90-07 31 0.0022 55 4.4-08
15 | Aceot PRC1,VPS338 Testis 53 32 0.0016 57 1.40-08
15 RCCD1 PRC1,VPS33B Thyroid 5.1 3.4e-07 3 0.0027 55 4.4e-08
15 | Reeot PRC1,VPS338 WholeBloodDGN 41 46-05 a1 0.0022 46 3.70-06
PRC1,VPS33B,C150r38-AP3S2, Brain
, ), Or 3~ 3
15 | ZNF710 P Caudate 5.2 1.76-07 NA NA NA NA
basalganglia
HMGZ20A, PEAK1,LINGO?, By
15 | IDHsA RIS,  orain 48 1.46-06 16 011 46 430-06
Hippocampus
HMGZ20A, PEAK1,LINGO?,
15 | swep7 R Te, Pancreas 41 41e-05 0.81 0.42 35 0.00048
Brain
15 | ZFAND6 none reported 45 7.16-06 14 0.16 28 0.006

CerebellarHemisphere

B
15 none reported ran 45 6.30-06 -12 021 28 0.0051
Cerebellum
M il
16 FTO FTO uscle 54 17 0.085 5 6.36-07
Skeletal
Brain
17 | RPL23 HNF18 -43 1.76-05 13 021 -39 8.66-05
Cortex
Brain
17 PEMT none reported Anteriorcingulatecortex 4.2 2.9e-05 -1.2 0.25 27 0.0073
BA24
Esoph
17 | SPATA20 none reported sophagus 43 1.46-05 16 01 42 2.76-05
GastroesophagealJunction
17 | swxir none reported Pancreas 39 10-04 0.36 072 31 0.0019
19 | APOC1 APOCT Esophagus 53 NA NA NA NA
Mucosa
Brain
19 | Kes APOCT 45 6.40-06 19 0055 43 1.56-05
Cerebellum
Heart
19 | cLASRP APOCT 46 3.80-06 05 0.62 38 0.00012
Leftventricle
Brain
19 | JuND none reported 4 5.20-05 -0.69 0.49 28 0.0056
CerebellarHemisphere
Brain
19 | ELANE none reported 41 46-05 -0.36 072 33 0.00085
Cortex
Skin
20 | RIHDML e, NotSunExposed 5.1 3.50-07 054 0.59 42 305
nEx 5 —
GDAP1L1,C20011111 LEXpose ©
Suprapubic
20 | SEMG1 e S e 46 5.26-06 0.14 0.89 36 0.00032
GDAP1L1,C200rf111 Coronary : 8 . : :
Cells
HNF4A,RSHDML,FITMZ,
2 EBV 4.4 1.2e 1 1 4.1 4.7e—
0|2 GDAP1L1,C20011111 e-05 s 018 08
transformediymphocytes
HNF4A, RIHDML,FITM2, Cells
20 [GTSFit GDAP1L1,C200rf111 Transformedfibroblasts -8 29 00034 -9

Table 3.2 (Continued): MetaXcan associations with T2D. Results for genes and corre-
sponding models that meet genome-wide significance in at least one model from the DIA-
GRAM analysis are shown with nearby genes and results from the GERA replication study
and meta-analysis of DIAGRAM and GERA Metaxcan associations. Blue shading denotes
genes not implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic meta-analysis
of GWAS. Pink and red shading denote genome-wide significance in one model and across
all models, respectively, for the DIAGRAM and meta-analysis. Replication in the GERA
study is denoted by a pink outline.
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Rank GO:BP Pathway P-value

1 negative regulation of type B pancreatic cell apoptotic process 0.0001

AP-3 adaptor complex 0.0002
3 carbohydrate homeostasis 0.0003
4 glucose homeostasis 0.0003
5 regulation of type B pancreatic cell apoptotic process 0.0004
6 fat cell proliferation 0.0004
7 regulation of fat cell proliferation 0.0004
8 type B pancreatic cell apoptotic process 0.0004
9 monocarboxylic acid binding 0.001
10 core promoter binding 0.001
11 axolemma 0.001
12 multicellular organism growth 0.001
13 thyroid gland development 0.001
14 response to glucose 0.002
15 regulation of receptor biosynthetic process 0.002
16 response to hexose 0.002
17 negative regulation of cellular process 0.002
18 response to monosaccharide 0.002
19 receptor biosynthetic process 0.002
20 core promoter sequence-specific DNA binding 0.002
21 regulation of insulin secretion 0.002
22 response to carbohydrate 0.003
23 regulation of circadian rhythm 0.003
24 pancreas development 0.003
25 response to methyl methanesulfonate 0.003
26 cellular response to methyl methanesulfonate 0.003
27 regulation of N-terminal peptidyl-lysine acetylation 0.003
28 positive regulation of N-terminal peptidyl-lysine acetylation 0.003
29 negative regulation of ATF6-mediated unfolded protein response 0.003
30 response to metformin 0.003
31 negative regulation of pancreatic stellate cell proliferation 0.003
32 fumarylacetoacetase activity 0.003
33 hepatic duct development 0.003
34 hepatoblast differentiation 0.003
35 oxidative DNA demethylase activity 0.003
36 negative regulation of phosphatidylcholine catabolic process 0.003
37 respiratory system process 0.003
38 regulation of oligodendrocyte differentiation 0.003
39 fatty acid binding 0.003
40 epithelial tube branching involved in lung morphogenesis 0.004
41 regulation of collagen biosynthetic process 0.004
42 regulation of protein export from nucleus 0.004
43 regulation of cell proliferation 0.004
44 regulation of peptide hormone secretion 0.004
45 negative regulation of epithelial cell apoptotic process 0.004
46 response to testosterone 0.004
47 regulation of peptide secretion 0.004
48 insulin secretion 0.004
49 regulation of collagen metabolic process 0.005
50 regulation of multicellular organismal metabolic process 0.005

Table 3.3: Biological pathways enriched among genes associated with T2D from
MetaXcan analysis of DIAGRAM dataset. The top 50 Gene Ontology Biological
Process (GO:BP) pathways enriched among the set of MetaXcan-significant genes are shown
with overrepresented p-value.
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Rank GO:BP Pathway P-value

1 regulation of protein export from nucleus 0.0001
2 negative regulation of type B pancreatic cell apoptotic process 0.0001
3 carbohydrate homeostasis 0.0001
4 glucose homeostasis 0.0001
5 regulation of cell proliferation 0.0002
6 regulation of type B pancreatic cell apoptotic process 0.0002
7 fat cell proliferation 0.0002
8 regulation of fat cell proliferation 0.0002
9 type B pancreatic cell apoptotic process 0.0003
10 protein export from nucleus 0.0004
11 cyclin-dependent protein serine/threonine kinase inhibitor activity 0.0005
12 nuclear export 0.0005
13 multicellular organism growth 0.001
14 response to glucose 0.001
15 glial cell differentiation 0.001
16 oligodendrocyte differentiation 0.001
17 response to hexose 0.001
18 small molecule binding 0.001
19 thyroid gland development 0.001
20 response to monosaccharide 0.001
21 regulation of receptor biosynthetic process 0.001
22 regulation of cyclin-dependent protein serine/threonine kinase activity 0.002
23 response to carbohydrate 0.002
24 receptor biosynthetic process 0.002
25 pancreas development 0.002
26 heterocyclic compound binding 0.002
27 cell proliferation 0.002
28 regulation of sequence-specific DNA binding transcription factor activity 0.002
29 gliogenesis 0.002
30 negative regulation of transcription from RNA polymerase II promoter 0.002
31 growth 0.002
32 cyclin-dependent protein serine/threonine kinase regulator activity 0.002
33 organic cyclic compound binding 0.002
34 regulation of oligodendrocyte differentiation 0.002
35 respiratory system process 0.002
36 transcription from RNA polymerase II promoter 0.002
37 epithelial tube branching involved in lung morphogenesis 0.003
38 protein serine/threonine kinase inhibitor activity 0.003
39 viral capsid 0.003
40 regulation of N-terminal peptidyl-lysine acetylation 0.003
41 positive regulation of N-terminal peptidyl-lysine acetylation 0.003
42 negative regulation of ATF6-mediated unfolded protein response 0.003
43 oxidative DNA demethylase activity 0.003
44 hepatic duct development 0.003
45 hepatoblast differentiation 0.003
46 response to metformin 0.003
47 negative regulation of pancreatic stellate cell proliferation 0.003
48 protein stabilization 0.003
49 nucleotide binding 0.003
50 nucleoside phosphate binding 0.003

Table 3.4: Biological pathways enriched among genes associated with T2D from
meta-analysis of results from MetaXcan analyses of DIAGRAM and GERA
datasets. The top 50 Gene Ontology Biological Process (GO:BP) pathways enriched among
the set of MetaXcan-significant genes are shown with overrepresented p-value.
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Rank GO:BP Pathway P-value
1 fumarylacetoacetase activity 0.0003
2 hydrolase activity, acting on acid carbon-carbon bonds 0.001
3 hydrolase activity, acting on acid carbon-carbon bonds, in ketonic substances 0.001
4 positive regulation of circadian sleep/wake cycle, REM sleep 0.001
5 negative regulation of glomerular filtration 0.001
6 negative regulation of urine volume 0.001
7 negative regulation of renal sodium excretion 0.001
8 tyrosine catabolic process 0.001
9 regulation of circadian sleep/wake cycle, wakefulness 0.001
10 positive regulation of circadian sleep/wake cycle, wakefulness 0.001
11 circadian sleep/wake cycle, wakefulness 0.001
12 regulation of circadian sleep/wake cycle, REM sleep 0.001
13 positive regulation of circadian sleep/wake cycle, sleep 0.002
14 positive regulation of synaptic transmission, cholinergic 0.002
15 circadian sleep/wake cycle, REM sleep 0.002
16 arginine catabolic process 0.002
17 negative regulation of heart rate 0.002
18 tyrosine metabolic process 0.002
19 L-phenylalanine catabolic process 0.003
20 erythrose 4-phosphate/phosphoenolpyruvate family amino acid catabolic process 0.003
21 regulation of synaptic transmission, cholinergic 0.003
22 positive regulation of fibroblast migration 0.003
23 regulation of glomerular filtration 0.003
24 L-phenylalanine metabolic process 0.003
25 erythrose 4-phosphate/phosphoenolpyruvate family amino acid metabolic process 0.003
26 glomerular filtration 0.004
27 protein targeting to peroxisome 0.004
28 peroxisomal transport 0.004
29 protein localization to peroxisome 0.004
30 establishment of protein localization to peroxisome 0.004
31 positive regulation of circadian rhythm 0.004
32 renal system process involved in regulation of blood volume 0.004
33 renal filtration 0.004
34 arginine metabolic process 0.004
35 regulation of circadian sleep/wake cycle, sleep 0.004
36 regulation of urine volume 0.005
37 negative regulation of heart contraction 0.005
38 renal sodium excretion 0.005
39 regulation of renal sodium excretion 0.005
40 regulation of circadian sleep/wake cycle 0.005
41 positive regulation of collagen metabolic process 0.005
42 positive regulation of collagen biosynthetic process 0.005
43 positive regulation of multicellular organismal metabolic process 0.005
44 aromatic amino acid family catabolic process 0.005
45 circadian sleep/wake cycle, sleep 0.005
46 positive regulation of heart rate 0.005
47 positive regulation of vasodilation 0.006
48 renal system process involved in regulation of systemic arterial blood pressure 0.006
49 circadian sleep/wake cycle process 0.006
50 glutamine family amino acid catabolic process 0.006

Table 3.5: Biological pathways enriched among “unknown” loci genes associated
with T2D from MetaXcan analysis of DIAGRAM dataset. The top 50 Gene Ontol-
ogy Biological Process (GO:BP) pathways enriched among the set of MetaXcan-significant
genes located beyond 1 Mb of the top 89 putative T2D genes reported from the DIAGRAM

meta-analysis of GWAS are shown with overrepresented p-value.
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Trait P-value Reported T2D Genes Novel Genes
Type 2 diabetes 0.00001 TCF7L2, HHEX, FTO
JAZF1, HMG20A, WFS1
PPARG, TP53INP1, R3HDML
PRCI1, AP352, INTS8
MPHOSPHY, KLHDC5, CAMK1D
KCNJ11, ANK1, AP3S2, ZFANDG
Type 2 diabetes and other traits 0.0002 TCF7L2, WFS1
Body mass index 0.0004 TCF7L2, FTO, KCNJ11 DGKG
PPARG, CPNE
HIV-1 control 0.001 ZNRD1, HLA-A
IgE levels 0.001 HCG27, HLA-A
Fasting insulin-related traits (interaction with BMI) 0.002 TCF7L2, PPARG
Weight 0.002 FTO DGKG
Glycated hemoglobin levels 0.002 TCF7L2, ANK1
Sasang constitutional medicine type (So-Eum) 0.003 FTO
Body mass in chronic obstructive pulmonary disease 0.003 FTO
Drug-induced liver injury (amoxicillin-clavulanate) 0.003 HLA-A
Drug-induced liver injury 0.003 PPARG
Breast cancer 0.005 TCF7L2, FTO, PRC1
Free thyroxine concentration 0.006 JAZF1
Height adjusted BMI 0.006 FTO
Essential tremor 0.006 LINGO1
Metabolic syndrome 0.006 TCF7L2, FTO
Breast Cancer in BRCA1 mutation carriers 0.007 TCF7L2
Change in intraocular pressure in response to 0.009 HLA-A
steroid treatment (triamcinolone acetonide)
Apolipoprotein Levels 0.009 APOC1
Vitiligo 0.012 CASP7, HLA-A
Biomedical quantitative traits 0.012 FTO
Vincristine-induced peripheral neuropathy 0.015 NDUFAFG6
in acute lymphoblastic leukemia
Educational attainment 0.015 MPHOSPH9 C120rf65
Two-hour glucose challenge 0.016 TCF7L2
Beta-2 microglubulin plasma levels 0.021 HLA-A
Triglycerides 0.021 FTO, APOC1
Dietary macronutrient intake 0.021 FTO
Complement C3 and C4 levels 0.022 HLA-A
Adiposity 0.023 FTO
Nasopharyngeal carcinoma 0.025 HLA-A
Bone mineral density 0.026 KLHDCS SOX,
Osteoarthritis 0.026 FTO
Bone mineral density (paediatric, lower limb) 0.027 KLHDCS5
Bipolar disorder (body mass index interaction) 0.027 TCF7L2
Plasminogen activator inhibitor type 1 levels (PAI-1) 0.028 PPARG
Dehydroepiandrosterone sulphate levels 0.028 HHEX
LDL cholesterol 0.030 APOC1 GPAM
Retinopathy in non-diabetics 0.031 KLHDC5
Cholesterol, total 0.034 APOC1 GPAM
QT interval (interaction) 0.034 CAMKID
Proinsulin levels 0.034 TCF7L2
Bone mineral density (paediatric, total body less head) 0.039 KLHDC5
Obesity (extreme) 0.040 FTO
Pulmonary function decline 0.042 ANK1
AIDS progression 0.042 ZNRD1
Alzheimer’s disease (age of onset) 0.046 APOC1
Fasting glucose-related traits 0.050 TCF7L2
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Table 3.6: MetaXcan-significant genes overlap with putative trait genes implicated
by GWAS across multiple complex traits. We performed a sampling study to to test for
enrichment of putative trait genes among the set of T2D genes implicated by our MetaXcan
analysis of the DIAGRAM trans-ethnic study. The enrichment p-value is shown for each
trait that significantly shares putative genes (implicated by GWAS) in common with the
set of MetaXcan-signficant T2D genes. Moreover, the table shows the shared genes for each
trait and indicates whether the gene is a putative T2D gene (i.e. either in the set of 89 genes
implicated by the top 1,000 SNPs from the DIAGRAM trans-ethnic study or reported in
the NHGRI-EBI catalogue for Type 2 diabetes) or is a novel candidate T2D gene implicated
by MetaXcan.



CHAPTER 4
CONCLUSIONS

The work presented in this dissertation builds upon previous research that established a
strong relationship between genetic variation that regulates gene expression (i.e. eQTLs)
and loci associated with complex diseases. Nicolae et al. (2010) showed that eQTLs were
highly enriched among sets of complex trait-associated SNPs and Below et al. (2011) found
that eQTLs mapped in human adipose and skeletal muscle were significantly overrepresented
among SNPs that associated with T2D in the Starr County Mexican American cohort [14,
111]. However, the set of SNPs achieving genome-wide significance from GWAS - though
numerous and greatly expanded over the loci discovered from linkage and candidate gene
studies - explain only a small fraction of the heritability estimated from family studies
[100, 15]. We hypothesized that eQTLs mapped in insulin-responsive peripheral tissues
would disproportionately account for much of the overall genetic component of T2D risk. In
order to address this hypothesis, we partitioned the estimate of phenotypic variance explained

by common SNPs interrogated in GWAS (i.e. h2

Chip) by subsets comprised of eQTLs.

We first estimated h(23hip in GWAS datasets representing populations of European and
Mexican ancestry and found that these estimates not only exceeded the phenotypic variance
accounted for by GWAS-significant SNPs (Figure 2.2), but were also consistent with h?
estimates garnered from family-based studies [81, 4]. Our estimate of h(2:hip in the WTCCC
dataset was also comparable to other estimates of chip heritability in European populations
(140, 104]. Importantly, these results indicated that much of the “missing” heritability in
these datasets can be accounted for by variants in LD with common SNPs represented in
GWAS.

Next, we performed a series of heritability partitioning analyses whereby we jointly esti-
mated the proportions of hghip accounted for by eQTLs mapped in either LCLs or adipose and
skeletal muscle tissue. eQTLs mapped in insulin-responsive peripheral tissues significantly

explained large proportions of chip heritability that exceeded the heritability accounted for
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by eQTLs mapped in LCLs (Figures 2.3-2.4). Moreover, we observed that eQTLs mapped
in two or more tissues (including LCLs) disproportionately accounted for the most chip her-
itability in the WTCCC relatively to the number of SNPs included in the subset (Figure
2.3) - indicating a pronounced contribution from “cross-tissue” eQTLs. Furthermore, we
corroborated the robustness of these relationships through a series of permutation analyses
and analyses adjusting for genetic relatedness, MAF distribution, differences in local LD at
“tagged” SNPs and other factors that may inflate hghip estimates.

eQTLs mapped in adipose tissue significantly explained heritability in the Hispanic cohort
where more than half of the subjects were obese 2.4. We performed BMI-stratified analyses
and found that “cross-tissue” eQTLs yielded the highest h%hip estimates in the non-obese
cohort - similar to the results from the WTCCC study. However, adipose-specific eQTLs
accounted for the most heritability in the obese cohort and provided support for distinct
genetic architectures of T2D. Indeed, this observation is consistent with results from a large-
scale, BMI-stratified GWAS of T2D that discovered T2D risk alleles that were significant in
either a lean cohort or an obese cohort, but not both [120].

Taken together, these results extend the observations of Nicolae et al. (2010) and Below et
al. (2011) to the whole genome whereby metabolic-tissue eQTLs are not only enriched among
GWAS-significant variants but also “concentrate” the overall genetic component of T2D risk.
Moreover, these results are consistent with the findings of Gusev et al. (2014) whereby the
authors partitioned chip heritability for 11 complex traits according to regulatory annotations
from the ENCODE project and found that heritability was predominantly concentrated in
DHS regions [60]. Degner et al. (2012) had previously shown that 55% of eQTLs in Yoruba
LCLs (West African descent) were also associated with chromatin accessibility at DHS [27].
Therefore, this work further demonstrates the importance of inherited variants that regulate
gene expression on T2D and provides avenues for further research.

Although, eQTLs mapped in adipose and skeletal muscle tissues accounted for dispropor-

tionate shares of chip heritability - providing genetic support for the importance of tissues

125



involved in insulin signaling - this does not preclude the influence of eQTLs that regulate
gene expression in pancreatic S-cells. Indeed, variants in the cross-tissue eQTL subsets may
have regulatory effects in (-cells as well as other T2D-relevant tissues (i.e. liver, brain, kid-
neys, GI tract, a-cells, etc.). As maps of the regulatory landscape for primary human tissues
improve with greater sample sizes, researchers can use information gleaned from these efforts
to further delineate parsimonious SNP sets that capture much of the heritability of T2D.
This would inform fine-mapping studies and could be used to elucidate transcripts involved
in genetic mechanisms that promote T2D. Lastly, the contribution of population-specific
eQTLs is yet to be determined. Although, eQTLs mapped in Europeans and African Amer-
icans disproportionately explained phenotypic variance in the Hispanic cohort, this is only
a lower bound as eQTL-mapping studies have largely been directed to populations with less
complex genetic admixture [147].

We also leveraged eQTL information to confront the challenge of mapping disease genes
in light of the fact that the majority of trait-associated SNPs are in non-coding regions of
the genome [67]. We applied the PrediXcan approach to estimate the genetic component
of gene expression and perform an in silico study that directly addressed the mechanism
of transcription [9]. We leveraged 42 prediction models trained on genotype and expression
data from the DGN study and GTEx Project (the most comprehensive resource of such data
from primary human tissues) to predict gene expression from GWAS summary data from the
DIAGRAM trans-ethnic meta-analysis (i.e. the largest such study to date). Through this
extensive set of analyses, we provided support for 109 tissue-level associations and implicated
52 putative T2D genes from regulatory genetic information rather than proximity-based
assumptions. Furthermore, 63 of these associations and 25 genes replicated in an independent
cohort representing a medical community.

The vast majority of gene associations mapped to known T2D loci. However, many of
these associations corresponded to genes that had not been previously implicated by genetic

studies of T2D and therefore represent novel T2D genes. Gene set enrichment analyses
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revealed that sets of significantly-associated genes were overrepresented for processes that
involve the endocrine pancreas and insulin signaling in peripheral tissues. Moreover, genes
mapping to regions outside of loci harboring T2D-associated SNPs were enriched for pro-
cesses involved in kidney function and circadian rhythm - indicating that leveraging eQTL
information can extend the breadth of results gleaned from GWAS.

Importantly, these results inform the regulatory consequences of T2D-associated variants
and may help resolve the relevant disease genes at loci harboring significant single variant
associations. We found evidence at several T2D loci that not only supported the putative
disease gene but also indicates the direction of expression that confers disease risk. For
example, decreased expression of PPARG and increased expression of WFS1 across multiple
tissue models significantly associated with T2D (Figure 3.1). Moreover, several loci contained
multiple significant gene associations in addition to the putative T2D gene. The most salient
example was the TCF7L2 locus where predicted expression of multiple genes exceeded the
most stringent significance threshold (Figure 3.2). Moreover, GPAM - a novel T2D gene
previously implicated as an LDL cholesterol gene from GWAS - exhibited the strongest
gene-level association at the TCF7L2 locus.

Presumably, instances where the predicted expression of multiple genes (including novel
candidate genes) associated with T2D can be attributed to risk alleles having multiple reg-
ulatory effects at a locus. We are currently working to explore the correlation structure
between predicted expression traits and the LD relationships between sets of predictor SNPs
used to estimate the expression of genes that reach genome-wide significance at T2D loci.
Moreover, we will determine the basis for divergent directional associations (e.g. KCNJI11)
and resolve whether there are independent signals (i.e. predictor SNPs with low LD) be-
tween models or if the same SNPs have divergent effects on expression in different tissues.
However, the results from this body of work demonstrate that more insight can be obtained
by incorporating information gleaned from eQTL mapping studies into genetic studies of

T2D.
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