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SUMMARY

This doctoral dissertation is based on nine scientific
papers published in the period 2007-2018. The overall
aim of the present research has been to contribute to
the discovery and characterisation of genetic variation
contributing to the risk of type 2 diabetes (T2D) and
related metabolic traits.

T2D is a disease with involvement of processes in
multiple tissues and organs. Prominent characteristics
are obesity, insulin resistance and insufficient insulin
secretion. Risk factors for development of T2D involve
both lifestyle factors and a genetic predisposition.
Research within the past decade has elucidated a large
number of genomic loci associated with T2D and
obesity primarily found through investigations of the
European  population  through  genome-wide
association studies. These genetic variants are
generally common in the population and individually
inflict modest increases in risk of disease. Evidence
points to a large number of risk variants below genome-
wide statistical significance having an impact on
disease risk, together contributing to the high degree of
genetic heterogeneity of T2D, obesity and complex
traits in general.

The nine papers included in the doctoral dissertation
fall into three overall categories. Papers 1-4 had the
overall common aim to investigate the more detailed
physiological impact of genetic variation associated
with T2D or glycaemia. These papers showed that a
number of genetic variants associated with T2D and
glycaemia have an intermediary effect on the ability of
the pancreas to secrete an appropriate amount of
insulin, a fact which at that point in time was a new
realisation. These studies teach important lessons on
the biology and pathophysiology of T2D and serve as a
starting point for more detailed mechanistic
investigations into specific disease-associated genetic
loci.

Papers 5 and 6 had the common aim to apply large-scale
nucleotide sequencing to discover genetic risk elements
for metabolic traits under the hypothesis that rare and
low-frequency protein-coding genetic variation has an
impact on these phenotypes. In Paper 5, a large-scale
exome sequencing study in T2D was performed, which
through three stages of discovery and replication
analyses detected three loci associated with one or
more of 12 selected metabolic traits. The sequencing

study was performed at a stage where large-scale
sequencing was unproven, which influenced the
conclusions of the study in terms of the effect of rare
variants on disease risk. As such, the study serves as a
forerunner for later studies on an even larger scale. In
paper 6, the data generated in paper 5 were used in
combination with data from DeCode Genetics to
elucidate genetic factors behind the variation in
circulating concentrations of vitamin By, and folate.
Here a number of loci were associated with variation in
these vitamins in the general population highlighting
that the identified genetic factors lie within proteins
with a known role in vitamin B;; and folate metabolism.

Papers 7-9 aimed to investigate the impact of genetic
variation on T2D and obesity in a small and isolated
population. The small and historically isolated
population of Greenland displays specific genomic
characteristics, which make this population an
alternative to the much-studied European population in
the search for genetic risk factors for metabolic disease.
In paper 7, we identified a common nonsense variant in
TBC1D4 with a high impact on
hyperglycaemia, hyperinsulinemia and T2D caused by
post-prandial insulin resistance. Two further loci
associated with T2D under a recessive genetic model
were identified in paper 8. In paper 9, we zoomed in on
putative loss-of-function variation and identified a low-
frequency splice variant in ADCY3, which displayed a
high impact on adiposity and prevalence of T2D.
Together with accompanying papers, these findings
point to novel obesity-related biology. In general,
papers 7-9 have revealed aspects of the genetic
architecture of T2D and obesity in the Greenlandic Inuit
population and displayed important biological and
clinical subtypes of these diseases. Thereby these
studies have shown the potentials of investigating the
genetic contribution to metabolic traits in isolated
populations.

recessive

Genetic studies of Europeans and other populations
have shed light on the genetic architecture of T2D,
obesity and other metabolic diseases and have shown
differences between populations. These findings have
huge implications for the possibility of applying genetic
information in precision medicine of metabolic
diseases. Further expansion of the mechanistic insights
is leading to translation of association signals into
clinical useful knowledge, especially in development of



novel drugs, but this process has proven difficult and
tedious. In the future, studies of mega-size cohorts and
biobanks with deeply phenotyped samples coupled to
clinical information will probably disentangle more
clinically relevant omics-related knowledge with an
impact on future precision medicine in metabolic
disease. Furthermore, an increased focus on
translational and mechanistic research to make sense of

the hundreds of loci associated T2D and obesity will
inevitably reveal biological knowledge of huge
importance for disease understanding and future drug
development.



BACKGROUND AND AIMS

Introduction

The last decade has brought enormous advances in the
understanding of the genetic influence on complex
disease. Genomic discoveries in type 2 diabetes (T2D),
once called “the geneticist's nightmare”, and related
traits have been tremendous leading to hundreds of
genomic loci firmly associated with risk of disease or
inter-individual variation in metabolic phenotypes.
However, these discoveries have also made it evident
that the genetic architectures of complex metabolic
traits are highly complex with a huge level of genetic
heterogeneity. There has been a growing sense that
genomic  technologies and  discoveries  will
revolutionise the practice of clinical medicine and bring
about a paradigm shift in the way we handle health care
for the individual in the modern society. Specifically, it
has been anticipated that these advances will
eventually lead to a new model of health care focussed
on disease prevention and on disease treatments that
are tailored to smaller subsets of patients - so-called
precision medicine.

Type 2 diabetes - a common disease with a
complex aetiology

The prevalence of obesity and T2D are increasing
dramatically on a global scale. About 10% of the global
population already has T2D or is likely to develop it, and
~40% of adults are overweight or obese. In 2013, the
International Diabetes Federation estimated that 382
million adults aged 20-70 years worldwide had T2D,
with 80% of those affected living in low- and middle-
income countries. This number is expected to rise to
592 million by 2035 [10]. China and India are areas
particularly affected by T2D, where the prevalence of
T2D has increased dramatically despite the relatively
low prevalence of obesity [11].

T2D is a disease with a complex pathophysiology
including multiple different organs and processes. T2D
is associated with major disturbances in several
physiological responses: insulin secretion from
pancreatic beta cell is impaired, fasting plasma
glucagon secretion from pancreatic alpha cells is
increased and does not suppress normally after a meal,
basal hepatic glucose production is increased, muscle

and adipose tissue glucose uptake is impaired, fasting
plasma fatty acid levels are increased and there is
resistance to the stimulatory effect of incretion
hormones, glucagon-like peptide 1 (GLP1) and gastric
inhibitory polypeptide, on insulin secretion. Further
pathophysiological characteristics of T2D are related to
increased renal glucose absorption, changes in the
response of the brain to hormones such as insulin and
GLP1 combined with adipose tissue inflammation and
systemic  low-grade inflammation [12, 13].
Hyperglycaemia, determined from plasma glucose or
HbA,(, defines the diagnosis of diabetes and is generally
seen as a consequence of a complex interplay between
insulin sensitivity and insulin secretion, with a failure of
pancreatic beta cells to compensate appropriately for
the increased insulin requirement induced by insulin
resistance [14]. Whether insulin resistance or
insufficient insulin secretion represent the primary
defect in the pathogenesis of T2D has been a matter of
debate [15, 16]. Since glucose tolerance is achieved by
the combination of an appropriate insulin secretion and
sufficient insulin action, increases in glycaemia can
present when one component decreases and there is no
concomitant improvement in the other, illustrating the
fact that in a healthy individual any decrease in insulin
sensitivity is compensated by an increase in insulin
secretion [17-19] (Fig. 1). The fact that many
individuals who are obese and insulin resistant never
develop T2D shows the need for a beta cell defect for
overt hyperglycaemia to manifest. Thus, both
derangements are necessary, but not sufficient to reach
the levels of hyperglycaemia that yield a clinical
diagnosis.

Lifestyle and environmental factors are crucially
important for the development of obesity and T2D.
Important risk factors for obesity are physical
inactivity, excessive energy intake, depression, sleep
disorders and low socio-economic status while major
risk factors for T2D include obesity, especially a visceral
fat deposition, physical inactivity, smoking, male sex,
high age, sleep deprivation, urbanization, low-socio-
economic status and ethnicity [20-23].
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Figure 1. Illustration of the relationship between insulin
sensitivity and insulin response based on data from an
oral glucose tolerance test in 5331 individuals of the
Inter99 cohort. Insulin sensitivity was estimated by the
Matsuda insulin sensitivity index [24] and glucose-stimulated
insulin response by the corrected insulin response [25].
Diabetes status is indicated as normal glucose tolerance
(NGT), impaired fasting glycaemia (IFG), impaired glucose
tolerance (IGT) or type 2 diabetes (T2D).

Multiple lines of evidence support the view that genetic
component plays an important role in the pathogenesis
of T2D and the major T2D risk factor, obesity. Evidence
for the genetic importance for the development of T2D
comes from studies showing familial aggregation [26]
and from twin studies [27-29]. In general, 35-50% of
the risk of T2D is estimated to come from genetic
factors. Also, for T2D-related quantitative phenotypes,
a substantial part of the inter-individual variation is
influenced by genetic factors. This is the case for both
insulin secretion and insulin sensitivity [30-32] and for
body mass index (BMI), for which 50-70% of the
variation is estimated to be driven by genetic
determinants [33-35].
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Aims and hypotheses

The overall aim of the present research has been to
contribute to the discovery and characterization of
genetic variation contributing to the risk of T2D and
related metabolic traits. The doctoral dissertation is
based on nine original papers, which fall in three overall
categories. Papers 1-4 had the overall common aim to
investigate the more detailed physiological impact of
genetic variation associated with T2D or glycaemia.
These studies teach important lessons on the biology
and pathophysiology of T2D. Papers 5-6 had the
common aim to apply large-scale nucleotide sequencing
to discover genetic risk elements for metabolic traits
under the hypothesis that rare and low-frequency
coding variation has an impact on metabolic traits.
Papers 7-9 aimed to investigate the impact of genetic
variation on T2D and obesity in a small and isolated
population showing aspects of the genetic architecture
of T2D and obesity in Greenlandic Inuit and displaying
important biological and clinical subtypes of these
diseases.

In the following, I will review the status of genetic
research in T2D and obesity in light of the
developments during the past decade in relation to the
nine papers. The review falls into five parts and the
topics which will be covered include 1) the current
knowledge of T2D genetic risk factors in the European
population, 2) a discussion of the physiological impact
of T2D-associated genetic variants, 3) the influence of
sequencing-based studies on current knowledge of
genetic landscape of T2D and related traits, 4) the
genetics of T2D in isolated populations and finally 5) an
overall recapitulation of the past decade of genetic
research on the major research objectives of this
research including a discussion of the future
perspectives of this research.



PART 1. GENETIC IMPACT ON TYPE 2 DIABETES AND RELATED TRAITS IN THE EUROPEAN

POPULATION

Opening the human genome

In 2001, the initial sequencing and analysis of the
human genome was published in the Nature journal as
a huge paper based on the collective work of the Human
Genome Project [36] with a companion paper reporting
a map of more than 1 million genetic variants [37].
Furthermore, a parallel private sequencing initiative
was also published [38]. These projects and papers
formed the basis of a revolution in the study of
genomics and of the genetic impact on human diseases
and phenotypes. It was the expectation that the
completion of the Human Genome Project would mark
the beginning of a new era of genomic medicine, in
which new approaches to discovery research, disease
prediction and treatment would develop from an
improved understanding of the genetic risk factors of
human disease. However, the journey towards these
ultimate goals has been longer and filled with more
obstacles than initially expected [39]. The translation
from simple nucleotide sequence and sequence
variation, via the complex time- and cell-dependent
transcriptome and proteome to biological and clinical
disease breakthroughs is enormously complex.

Studying the genomic impact on risk of type
2 diabetes and metabolic traits

Over the years, different approaches have been taken to
the search for genetic determinants of T2D and other
complex diseases. The technological advances in
laboratory and in computer methods have largely
directed the development in this research field, while
also other factors such as lessons learned from early
approaches have formed the basis for the status of this
research field. Before the existence of genome-wide
association studies (GWAS), the investigation of genetic
determinants of the polygenic inheritance of common
metabolic diseases and phenotypes was primarily done
by the candidate gene approach or by genetic mapping
by linkage analysis. These two early approaches were
largely unsuccessful in identifying the genetic
determinants of T2D. The linkage analysis approach
seeks evidence of co-segregation between genomic
markers and as such screens the entire genome for
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genomic susceptibility regions using a limited number
of highly polymorphic microsatelitte markers [40]. This
approach was rather successful in detecting genes
involved in monogenic Mendelian diseases but had low
statistical power in complex diseases dominated by low
penetrance of risk alleles [41]. Yet, the T2D
susceptibility locus, TCF7L2 was discovered by typing
of microsatellite markers in a region previously
identified by linkage [42, 43]. The association between
the TCF7L2 locus and T2D has since been widely
replicated and it remains the strongest common risk

locus in the European population with an odds ratio
(OR) of 1.4 per allele [44-47].

In contrast to the linkage approach, the candidate gene
approach is not agnostic but relies on an a priori
hypothesis that a certain genetic variant, gene or
genomic region is involved in disease pathogenesis.
Overall, the candidate gene approach has not been
successful in finding validated associations between
genetic variants and T2D or related traits; however, a
few positive examples exist. For T2D, two loci have been
found based on this method. Association between the
p.Pro12Ala variant in the PPARG locus and T2D was
demonstrated and has subsequently been replicated in
large-scale GWAS [46, 48-50]. PPARG was initially
investigated as a candidate gene substantiated by being
the receptor of the thiazolidinediones class of
antidiabetic medicine. Furthermore, the common
p.Glu23Lys variant in KCNJ11 has been shown to
increase risk of T2D in association studies [51, 52] and
replicated in GWAS [53]. As anticipated from the
function of the gene product, this variant influence
insulin secretion from the pancreatic beta cell [51, 52].
Despite such examples, the number of negative or false
positive studies are vast and for a number of years they
have contaminated the scientific literature. Several
reasons for the general failure of this approach exist
and while some are related to the method itself, others
are more a reflection of the era of genetic research in
which this approach was widely used, i.e. limitations of
genetic association studies in the early phases of
molecular genetic epidemiology. First, a major
limitation of the candidate gene approach is the
fundamental need to have a detailed knowledge of the
disease of interest to be able to select a reasonable



candidate gene. Second, at the time in which most
candidate gene studies were performed, the rather low
sample sizes applied in genetic association studies
meant that these studies were vastly statistically
underpowered to detect associations of the effect sizes
we now know that common variants infer. While some
of this can be overcome by applying meta-analysis, as
illustrated by the study of the PPARG p.Pro12Ala variant
[49], other biases, such as publication bias, may
influence the outcome of literature-based meta-
analysis. Third, the genomic coverage of especially early
candidate studies was inadequate and mostly gene-
centric; while evidence from GWAS shows that, the

majority of associated variants are found in non-coding
genomic content [47]. Forth, insufficient correction for
multiple testing was a major problem, which has
contributed to false positive and non-replicated
findings. Fifth, genetic association studies performed in
a case-control design including only a single or few
variants cannot be corrected for population
stratification or other sources of inflation increasing the
risk of false positive conclusions. Contrary, this is
adequately corrected for in GWAS design [54, 55]. The
research field investigating T2D genetics needed a
change.

The era of genome-wide association studies

With the development of array-based genotyping
technology, thousands of genetic variants could be
genotyped in a single experiment leading to the design
of GWAS. The design and pursuit of GWAS rely on the
“common disease - common variant” hypothesis which
states that the genetic variation responsible for most of
the disease risk in the population are shared across

members of the population [56-58]. The powerfulness
of the design of GWAS relies on resolution of many of
the shortcomings described above for the candidate
gene approach. As such, GWAS is an agnostic approach
in the sense that no prior hypothesis is put forward for
any specific variant or gene. Furthermore, a genome-
wide significance level of 5x10% has been adopted to
account for the high multiple testing burden [59] and
together with the possibility to correct for population
stratification this has minimized spurious findings.
Meanwhile, sample sizes of genetic association studies
have increased to obtain statistical power to draw firm
conclusions, because of establishment of large human
cohorts, falling prizes of array-based genotyping and
due to increasing willingness to collaborate
internationally in large-scale meta-analyses (Fig. 2).

Genomic coverage of GWAS has increased over the
years due to more dense genotyping arrays and since
studies have started applying genotype imputation.
Large-scale sequencing efforts have been essential for
this development, since genotyping as such can only
measure already known variation. In genotype
imputation, non-genotyped genetic variation is inferred
from reference panels such as HapMap [60], 1000
Genomes Project [61], UK10K [62] or most recently the
Haplotype Reference Consortium (HRC), which
includes whole-genome sequence data from more than
30,000 individuals establishing an unprecedented
depth in genome sequence variation data [63].

Sample sizes
More than 200,000
M 100,000-199,999
m 50,000-99,999
W 10,000-49,999

Cumulative study number
N
o
S

2008 2009 2010 2011 2012

2013

2014

Figure 2. Illustration of the number
of GWAS publications stratified on
sample size during the years 2008-
2016. Source: GWAS catalogue at
https://www.ebi.ac.uk/gwas/.

Modified from ref. [64] with permission.

2015 2016
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Increasingly large and dense sequencing-based
reference panels and improvement in statistical
methods for inference have led to increasing coverage
of variation leading to a situation in which a modern
GWAS evaluates in the order of 10-30 million genetic
variants with minor allele frequency down to 0.5% or
maybe even 0.1% [63] (Fig. 3). For even rarer variants,
genotype imputation is still inaccurate and does not
provide sufficient coverage [63], and in this frequency
space, sequencing is the method of choice.
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Figure 3. Imputation quality measured as R? dependent
on minor allele frequency for different reference panels.
Modified from ref. [63] with permission.

With the advent of large common resources such as the
UK Biobank, which holds ~500,000 participants with
rich phenotype data and genome-wide genotyping [65,
66], modern GWAS are reaching what would previously
have been seen as an extreme sample size approaching
1 million individuals [47, 67, 68]. As described below,
this combination of increased sample size and genomic
coverage is currently leading to a new wave of studies
and discoveries of specific genetic risk variants, which
leads to a description of the genetic architecture of
complex diseases at unprecedented levels of detail and
to large-scale evaluation of the genetic relationship
between different diseases and traits.

By convention, loci are named for the gene closest to the
lead single-nucleotide polymorphism (SNP), which is
not to say that the gene in question is necessarily the
functional gene through which the disease mechanism
is working. Similarly, the identified most strongly
associated variant at a locus, often referred to as the
lead variant, is not necessarily the causal variant, but
may merely be correlated to a measured or
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unmeasured functional variant. For the majority of
disease-associated loci, the causative variant and gene
are unknown.

GWAS discoveries of the genetics of type 2
diabetes, obesity and metabolic traits

During the first years, GWAS was characterised by
relatively low sample size in the discovery data
investigating a relatively low number of genetic
variants. For instance, the first published GWAS of T2D
was performed in ~1400 cases and controls with
information on ~400,000 variants, yet was
nevertheless able to detect novel loci genuinely
associated with T2D [69]. Besides replicating the
previously identified TCF7L2 locus [43], the study
identified risk variants in HHEX and SLC30A8 loci [69].
This study was quickly followed by a number of other
studies [70-74]. The first GWAS based on genotype
imputation and meta-analysis of several studies was
published in 2008 being a landmark paper as the first
step in future developments over the next decade [50].
Here six novel loci were identified, among others JAZF1
[50] and since a number of GWAS of T2D have been
reported finding an increasing number of associations
bringing the number of association signals above 400
[47,50, 53, 69, 73, 75]. This is in striking contrast to the
three loci (PPARG, KCNJ11 and TCF7LZ2), which were
found prior to the introduction of GWAS and it must be
seen as a great methodological success.

Most findings for T2D have been performed within the
Diabetes Genetics Replication and Meta-analysis
Consortium, which has published a number of papers
including an increasing number of individuals and an
increasing genomic coverage [50, 53, 75]. The most
recent and largest GWAS thus far for T2D was published
in 2018 [47]. The data included here were from
~900,000 individuals with genotype data imputed to
the HRC panel testing ~27 million variants, hence being
the most thorough search for T2D risk variants thus far,
representing a ~45,000-fold increase in number of
individual genotypes over the first GWAS from 2007. In
the paper, 243 loci, including 403 distinct signals,
associated with T2D were reported (Fig. 4) and this
seminal paper can be used to describe the genetic
landscape in the European population. These T2D risk
variants are predominantly common with minor allele
frequency >5% (323 of 403 distinct variants), which
impose rather low risk increments with odds ratios up
to 1.37 per allele. Furthermore, a number of low-



frequency and rare variants were identified as
contributors to genetic risk T2D. The topic of low-
frequency and rare variants in common diseases as T2D
will be discussed in more detail in Part 3. Another
characteristic of the identified loci is that at many loci,
more than one distinct association signal exists. At 151
loci, a single signal was identified while two
independent signals were identified at 57 loci and the
remaining 35 loci contained three or more distinct
signals (Fig. 4). This implies that genomic hotspot genes
carry a number of T2D risk variants and may point to
these loci and genes being biologically more important
in T2D pathogenesis. Furthermore, since a number of
the secondary signals at these loci are represented by
low-frequency or rare variants, these loci also form a
bridge between common variants with low impact via
low-frequency or rare variants with intermediary
effects to monogenic diabetes-causing variants
imposing high penetrance in affected families. For
instance, this is observed for the HNF1A locus, which
will be discussed in more detail in Part 5. Finding such
key genes related to several types of diabetes are of
great importance, since it directly implicates the
specific gene in the disease pathogenesis.

Another interesting effort undertaken in many modern
GWAS is to use statistical methods to try to determine
which variant in a given locus may be the causal variant.
This is of great interest both for understanding the
genetic architecture and for further studies into
biological mechanisms from association to an impact on
disease risk. In the most recent T2D GWAS [47],
statistical fine-mapping efforts demonstrated a
posterior probability >80% for the lead variant at 51
loci and at 18 loci the probability for the lead variant
being causal was >99% and the credible set of putative
causal variants contained just the lead variant.
Similarly, for approximately half of the 403 distinct
association signals, the genetic credible sets of variants
include less than 51 variants. Although this is a major

improvement over previous fine-mapping efforts [76],
the majority of loci are still without a clear causal

candidate variant. Hence, a lot of research is still needed
to discover causal genes and mechanisms in the
associated loci. While the number of genomic loci and
variants associated with T2D is substantial, together
they explain around 17.4% of phenotypic variance - a
number that has with the recent study increased
substantially from earlier reports [53, 75, 76].

One of the expectations to the achievements of
elucidating the genetic determinants of diseases such as
T2D were related to the possibility to use genetic
information to predict future disease, which could
enhance early screening for T2D and allow for targeted
prevention. However, studies applying the early
findings from GWAS to predict T2D were of limited
success. For instance, Meigs et al. investigated
prediction from 18 variants in 2377 participants of the
Framingham Offspring Study and showed that the
genotype score only provided a slightly better
prediction of T2D than that of classical risk factors
alone [77]. These findings are in line with other studies
of the same question [78, 79]. It is expected that
identification of more common variants with very low
effect sizes would only increase predictive ability
slightly. With novel methods applying genome-wide
polygenic risk scores on densely imputed data sets, it is
possible to evaluate the overall contribution of genome-
wide variation on disease under the assumption that
heritability can be ascribed to a long tail of variants of
individually very tiny effects. A polygenic risk score is
most commonly calculated as a weighted sum of the
number of risk alleles carried by an individual, where
the risk alleles and their weights are defined by the loci
and their estimated effects as detected by GWAS [80]. In
the most recent GWAS of T2D, genetic prediction was
tested for a polygenic risk score of more than 130,000
variants. Here a maximum prediction with a C-statistic
of 66% was found and individuals at the 2.5% upper
extreme of this score had a 3.4-fold increased risk of
T2D compared to the median and a 9.4-fold increased
risk compared to the lower 2.5% of the score [47].
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These risk estimates translate to estimated absolute
lifetime risks of T2D of 51% and 5.5% for these
extremes, respectively, thus a very sizeable difference.
Along the same lines, a recent paper investigated
polygenic risk scores for several metabolic phenotypes
and defined a polygenic risk score of 6.9 million
variants with non-zero effects on T2D. This score
defined 3.5% of the population being at 3-fold increased
risk compared to the remaining population [81] (Fig. 5).
Of interest, in the tails of the distribution of the
polygenic risk score, the risk estimates deviated from
the allelic additive effect. In essence, it seems as if
applying polygenic risk scores may increase the
predictive ability for T2D, which could be of clinical
relevance especially in defining a smaller subset at
particularly increased risk.
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Figure 5. Polygenic risk score in relation to prevalence
of T2D in the 294,831 UK Biobank participants. From ref.
[81] with permission.

These risk predictions can theoretically be made at an
early time in life, yet it remains to be seen if risk
estimates are of similar magnitude in such a setting. In
addition, a more specific evaluation of the predictive
potential of genome-wide polygenic risk scores
compared to other clinical parameters must be
performed and their preventive and therapeutic
benefits remain unproven [82]. In addition, to put this
into perspective, a prognostic marker with an OR of 3.0
that correctly identifies 80% of persons who will
develop T2D would incorrectly classify 60% of persons
who will not develop T2D [83] and this degree of
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discrimination is by itself not clinically useful [84].
Comparable results have been found for cardiovascular
disease (CVD) [81, 85] potentially opening for clinical
genotyping to detect subsets a particularly high risk
[86].

Besides GWAS of T2D, other sources of identification of
loci of importance for T2D have been through studies of
basic quantitative diabetes-related traits. These efforts
have discovered more than 70 loci associated with
quantitative traits reflecting glucose homeostasis, i.e.
fasting glucose, fasting insulin, 2-hours glucose during
an oral glucose tolerance test (OGTT) and HbA;¢ [87-
89]. Many of these loci do also associate with T2D, yet
the overlap between loci for these traits is not extensive
as illustrated in Figure 6 for the loci discovered until
2014 (Fig. 6). These findings indicate that some gene
variants may impose modifying effects on fasting
glucose levels in the general population while others
have specific thresholds at which the genetic effect sets
in thereby inflicting risk of T2D without modifying
levels of fasting glucose at the population level.

For other complex metabolic traits, many aspects of the
development have been very similar to that of T2D.
Initial studies for of BMI and obesity picked up the
variants with highest effect sizes such as the FTO [90]
and MC4R [91] loci and the FTO variant remains the
common variant with the highest impact on BMI [90,
92]. Since then, a number of rounds of GWAS have
enlightened the genetics of both BMI and body fat
distribution, measured as waist-hip-ratio adjusted for
BMI and identified a high number of associated obesity-
related loci [92-97]. The most recent GWAS combined
the results from studies performed by the GIANT
consortium for BMI [92] and body fat composition [95]
with results of association analyses of participants of
the UK Biobank ending at sample size of more than
700,000 individuals. As is the case for T2D, these
studies have provided unprecedented detail in the
description of the genetic landscape of genetic
disposition to obesity, while they have also revealed a
number of statistical caveats of analysing such a large
set of individuals for instance related to difficulties in
separating the effect of subtle population substructure
and the effect of a high degree of polygenicity [98]. For
BM], the novel analysis increased the number of
associated variants to 716 consisting of 450 primary
associations and 266 secondary associations [98].



Figure 6. Overlap between
genomic loci associated
with T2D, glycaemic traits
and obesity-related traits
discovered until 2014.
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Yet, this set of genome-wide statistically significant
variants still explains a mere 5% of the variance of BMI,
which is far from the expected genetic contribution of
50-70% [33-35]. Applying a more liberal significance
threshold included more variants into the associated
set of variants and increased the explained variance in
BMI to approximately 10% [98]. Yet, a previously
published analysis of BMI estimated an explained
proportion of variance from common (minor allele
frequency (MAF) >1%) genome-wide variants of 27%.
Considering the imperfect tagging of genotype
imputation and the possible overestimation of
heritability from twin- or family-based studies, this
finding makes it likely that genome-wide genotype data
may explain most of the genetic contribution to BMI
[100]. For waist-hip-ratio adjusted for BMI, as an
indicator of body fat distribution, 463 association
signals were detected in 346 loci in almost 700,000
individuals [68]. Despite the high number of variants
associated with waist-hip ratio, these variants
combined only explained ~4% of the variation in the
trait. Fat distribution shows a strong sex-dimorphismin
humans and genetic studies have shown that this is at
least partly genetically determined. Of the 463 variants
associated in the sex-combined dataset, 105 showed
sex-dimorphism - 97 of which had a stronger effect in
women [68]. Analyses of BMI and T2D have not shown
similarly strong sex-dependent effects [92, 98]. Of high
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interest, studies have indicated that variance in BMI is
generally genetically regulated by genes in the brain
[92], while body fat distribution is generally attributed
to genes expressed in the adipose tissue [95], however,
the new studies do not shed further light on this aspect.

Although T2D and obesity are highly interrelated from
both  epidemiological and  pathophysiological
viewpoints, the shared genetic aetiology imposed by
hitherto identified common variants is limited. Figure 6
shows the status as per 2014 and of the 90 loci
associated with T2D and 56 loci associated with
standard measures of adiposity, merely five loci are
shared (FTO, MC4R, ADAMTS9, GRB14/COBLL1 and
GIPR). While some data indicate that a major reason for
this lack of genetic locus overlap may be lack of
statistical power to identify the minute effects inflicted
on T2D by BMlIl-associated variants [99], other
approaches may shed light on this matter. The recent
GWAS discovery analysis of T2D was performed with
and without adjustment for BMI and for most loci there
was only minimal difference in effect size estimates and
significance of T2D-associated variants between these
models (Fig. 7). However, at 41 of 403 distinct T2D
association signals there were BMI-dependent
associations - 26 variants showed attenuation of
association after adjustment for BMI while 15 showed
strengthening of the association after BMI adjustment



(Fig. 7) [47]. Among signals showing an adiposity-
mediated effect on T2D, were FTO, which was actually
initially identified due to this feature [71, 90], and
MCA4R. On the other hand, among variants with stronger
effects in BMI-adjusted analysis were some loci with
effects on insulin secretion, for instance TCF7L2 and
JAZF1[2,101]. These findings indicate that only a rather
small subset of genetic effect on T2D is mediated
through BMI and adiposity. Another line of analysis to
clarify this issue is genetic correlation analysis, which
uses the full set of genome-wide association results to
estimate the shared genetic contribution between two
traits using methods such as linkage disequilibrium
(LD)-score regression [102] often accessed through the
LD hub webpage [103]. In such analyses, genetic
correlation between T2D and a number of cardio-
metabolic traits was seen including positive correlation
with adiposity-related measures, fasting glucose,
fasting insulin and fasting triglyceride [47]. The
magnitude of these genetic correlations (r,) are in the
order of 20-60% indicating a significant proportion of
shared genetic predisposition to these traits when
estimating this based on genome-wide variation [47,
102, 103].
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PART 2. THE PHYSIOLOGICAL IMPACT OF VARIANTS ASSOCIATED WITH TYPE 2 DIABETES AND

GLYCAEMIA

As described above, most T2D risk variants have been
detected by the agnostic GWAS approach and therefore
the knowledge of the underlying biological mechanism
and physiological phenotype leading to T2D or altered
glucose levels is for most loci initially very limited.
Subsequent studies can then be performed with the

objective to unravel the intermediary phenotype of
these loci in order to obtain a more detailed biological
knowledge, initially seeking to break the diabetes-
related phenotype for each locus into the major
components of T2D pathogenesis. Genetic variants can
influence risk of T2D by many different phenotypic
alterations of which obesity, insulin resistance and
decreased pancreatic beta cell function are the main
elements. Elucidation of the intermediary mechanisms,
initially in broad categories and if possible, pinpointing
more distinct defects in human physiology, is important
in order to understand the nature of disease mechanism
but may also help to differentiate T2D in more
homogenous subcategories with specific primary
defects. This may influence both the specific treatment
of the individual patient and potentially facilitate
preventive initiatives based on genetic subgrouping of
patients with T2D. In addition, these investigations will
open for biological functional studies of the identified
loci. Papers 1-4 of this dissertation are all studies of the
endophenotypes of genetic variants found in GWAS of
T2D or fasting glycaemia.

Insulin secretion deficiency as the primary
genetic defect in type 2 diabetes

The project presented in paper 1 took its starting point
in T2D risk variants found in the very first round of
GWAS analysis, which were published in the spring and
summer of 2007 [69-73]. The project investigated four
of the variants initially associated with T2D in relation
to T2D, insulin resistance and insulin secretion. For
three loci (HHEX, CDKNZA/B and IGFZ2BP2), we
replicated the impact on T2D with allelic OR of 1.10-
1.30 per allele, which at this early stage of GWAS was an
important proof for the validity of this novel approach.
Of interest, for the variants in HHEX and CDKN2A/B loci
we found associations with serum insulin levels at 30
minutes during an OGTT and with the insulinogenic
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index and BIGTT-acute insulin response (AIR) indices
of insulin secretion in ~5,700 non-diabetic individuals
of the Inter99 cohort. These findings indicate that these
variants primarily increase risk of T2D due to a
decreased ability of carriers to secrete the sufficient
amounts of insulin in response to increases in plasma
glucose concentrations. This was among the first
reports to show that the GWAS-identified T2D risk
variants primarily affect insulin secretion and was in
agreement with other studies published at that time
[104-107]. This general observation of the
physiological effect of T2D risk variants was further
substantiated in the second paper of the dissertation
[2], which was published in 2008. In this study, we
investigated the impact of six novel T2D loci identified
in the first large-scale GWAS meta-analysis for T2D [50]
on diabetes-related intermediary phenotypes in the
Danish population. Here we found associations with
indices of insulin secretion for index variants at three
T2D loci in JAZF1, CDC123 and TSPANS, suggesting an
impaired pancreatic beta cell function in risk allele
carriers. Yet, the effect sizes were of a smaller scale than
for the initially reported loci [1] and of borderline
statistical significance. Along the same lines, papers 3
and 4 report the diabetes-related intermediary
phenotypes for index variants associated with T2D or
fasting glucose concentrations discovered through
GWAS. Paper 3 deals with a number of variants shown
to associate with fasting glucose in a GWAS of fasting
glucose and fasting insulin [3]. Paper 4 presents the
replication analysis of variants found to be associated
with T2D in a Japanese study and here we find a strong
and highly significant effect of the VPS13C rs7172435
variant on glucose-stimulated insulin secretion (GSIS)
in individuals from the general Danish population [4].

While these findings were published in separate papers
subsequent to the primary identification of the
associated loci, a more general appreciation of the
impact of T2D risk alleles on the two major
intermediary phenotypes, insulin secretion and insulin
sensitivity can be found by illustrating the effect of all
T2D-associated variants on these traits. In 2010, we
published a summary of the effect of the first 36
variants associated with T2D in relation to glucose-
stimulated insulin release and insulin sensitivity in the



Danish Inter99 population [101], showing that the
majority of T2D risk alleles have their major effect on
GSIS. An updated analysis of 355 of the 403 distinct
European T2D risk variants which were published
recently [47] is shown in Figure 8. The figure shows the
effect of the T2D predisposing allele on the Matsuda
insulin sensitivity index [24] and the corrected insulin
response (CIR) [25] based on analyses of 7671 non-
diabetic individuals from the Danish population (Fig. 8).
This analysis confirms the pattern observed in the
earlier reports showing that many more T2D risk alleles
are associated with decreased glucose-stimulated
insulin secretion than there are alleles associated with
decreased insulin sensitivity. In this analysis, 21
variants are associated with decreased GSIS at P<0.001,
yet this sample size is insufficient to detect minor
effects. However, there are some notable exceptions
from this general pattern, since some insulin resistance

variants have been identified. Among those loci are
PPARG, IRS1, GCKR and ADAMTS9 [49, 108, 109].

The published studies of some of the first GWAS-
identified variants associated with T2D or fasting
glucose together with updated analysis of all T2D
variants shown in Figure 8, have taught us that a
substantial part of the inherent genetically induced
susceptibility for T2D relates to the extent to which
pancreatic beta cell function can be maintained [101,
110]. This opposes the longstanding viewpoint that the
majority of T2D genes would inflict a state of insulin

resistance with the beta cell simply failing to respond to
the lifelong state of increased insulin secretion demand
[14]. Given that the T2D risk variants have been
detected by the agnostic GWAS approach, the
knowledge of the underlying phenotype predisposing
to T2D is largely unbiased from biological hypotheses.
Nevertheless, it is possible that T2D risk variants with
impact on the beta cell generally have higher effect
sizes, possibly due to less interaction with
environmental factors, leading to increased statistical
power to detect the beta cell variants both in the GWAS
discovery phase and in the physiological follow-up
studies. However, it is also likely that it is a genuine

overall feature of the genetic predisposition to common
T2D.

Of 355 distinct T2D variants investigated, 332 do not
associate (at P<0.001) with either insulin sensitivity of
insulin secretion in the analysis of 7671 individuals
presented in Figure 8, which indicates that this analysis
is not sufficient to capture the primary physiological
impact of all T2D risk alleles. Reasons for this may be
many including low statistical power in physiological
follow-up studies compared to GWAS discovery studies,
inability of the OGTT-based indices to capture the
physiological impact of specific variants or that they
work through other intermediary phenotypes.
Comparisons of the effect on T2D and the effect on
insulin secretion and sensitivity display that there is
some correlation between these effect sizes (Fig. 9).
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This finding indicates that low statistical power may be
the reason for the apparent lack of effect on
intermediary phenotypes, since variants with a small
impact on T2D are then expected to also have a small
effect on intermediary phenotypes. Yet, other variants
show a relatively high impact on T2D but no effect at all
on insulin secretion or insulin sensitivity, implying that
other intermediary mechanisms are at play in the
connection between the genetic variant and risk of T2D.
Although being at the centre of T2D pathogenesis,
changes in insulin-related biology is only one of the
possible intermediary mechanisms. As such, other
processes related to adipose tissue biology, liver
function, brain function or other biological pathway
might be crucial for specific T2D risk variants [13, 111,
112].

The search for the physiological effects of genetic
variants related to T2D and glycaemic traits has several
limitations. The data used in these studies are a
compromise between obtaining a large sample size and
getting depth in the characterisation of the phenotype.
Most data applied in papers 1-4 were obtained from an
OGTT, based on which estimates of insulin action and
GSIS were constructed. These estimates are
constructed based on correlation with or modelling of
more detailed physiological measures, such as
glucose tolerance test (IVGTT) or
hyperglycaemic clamp for insulin secretion and the

intravenous

hyperinsulinemic-euglycaemic clamp for insulin
sensitivity  [24, 113, 114]. OGTT-based
investigations, it is possible to achieve a relatively high
sample size and retain a high similarity with the
intended physiological parameter. Even higher sample
sizes are possible if estimates of insulin response and
action are based on fasting values instead of OGTT data.

In

Depending of the number of individuals studied, the
correlations between different insulin secretion
estimates from the OGTT and golden-standard clamp or
IVGTT tests are in the range 0.5-0.8 [115, 116] showing
that a great deal of the variation in the gold-standard
index is not explained by the OGTT indices. Still, when
applying OGTT-based estimates to evaluate the impact
of genetic variation it is currently not possible to obtain
sufficient statistical power to detect the minute effects
probably inflictced by many of the T2D-associated
variants. This lack of statistical power is for instance
indicated by the fact that most proven variants with an
impact on beta cell function were among the first
identified by GWAS - the low hanging fruits - because
of their relatively high effect on T2D and intermediary
traits. The simplest indices are solely based on fasting
concentrations of glucose and insulin and hence it is
possible to obtain a higher sample size in cohorts
applying such measures.
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However, while the homeostasis model assessment
(HOMA) of insulin resistance index is a rather good
surrogate for hepatic insulin resistance [117], HOMA-B
is not a very accurate or useful tool for estimating
insulin response or beta cell function.

This limitation in statistical power of OGTT-based
indices is also reflected in the rather limited success in
using more refined measures of insulin secretion or
insulin sensitivity in discovery analyses of genetic
contributions to these phenotypes in the general
population. Such studies aim at defining the genetic
determinants of insulin biology. For insulin sensitivity,
a GWAS applying the Stumvoll insulin sensitivity index
[118, 119] found two loci, BCLZ2 and FAMI19A2,
associated with variation in insulin sensitivity in
individuals without diabetes [120]. This GWAS included
16,753 individuals in the discovery phase with
replication studies in up to 13,354 individuals.
Similarly, a GWAS of direct measures of insulin
sensitivity, such as euglycemic clamp or insulin
suppression test, in up to 5500 individuals without
diabetes discovered a missense variant in NAT2 with an
impact on insulin sensitivity [121]. NAT2 potentially
causes insulin resistance via NAT1-dependent
mitochondrial dysfunction associated with increased
ectopic lipid deposition [122, 123]. In 2009, a GWAS of
GSIS was published finding a single novel associated
variant at the GRB10 locus after discovery analysis of
10,831 individuals [124]. Knock-down of GRBI10 in
human pancreatic islet showed reduced insulin and
glucagon secretion pointing to a potential but complex
mechanism [124]. In addition, a GWAS of the insulin
response to an IVGTT in 5567 individuals has recently
been published [125]. The report evaluated genetic
contributions to both peak insulin levels during an
IVGTT and insulin secretion rate estimated from serum
C-peptide measurements, the latter providing an
estimate of the rate of insulin secretion independent of
hepatic insulin clearance. While this study did not
detect novel associations with GSIS, the data confirmed
that decreased insulin secretion is a key mechanism for
many T2D-associated loci. In addition, the study was
able to compare the effect of T2D-associated variants
on estimates of GSIS coming from IVGTT with that of
GSIS during an OGTT. Such a comparison can point to
possible effects on the incretin system if variants show
a dissociative impact on GSIS after oral and intravenous
stimuli, yet only serves as an indicator of such effects.
For instance, the common variant inflicting the highest
T2D risk in the European population at TCF7L2 has
been shown to cause incretin resistance [126-130].
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Nevertheless, this was not immediately evident from
these results, although the effect on peak insulin levels
during IVGTT seemed to be lower than expected
compared to the effect size on T2D [125]. The rather
meagre findings of novel loci associated with insulin
biology and T2D coming from these studies are most
likely the consequence of the relatively low sample size
and hence statistical power in studies of estimates of
insulin sensitivity and insulin response.

Applying diverse OGTT-based estimates of
beta cell function to refine physiological
knowledge

As described, several different estimates of insulin
secretion and insulin sensitivity exist and to a large
extent the applied method is a trade of between detail
and accuracy of the method and feasibility. For many
purposes, the OGTT provides a reasonable compromise
between these conflicting interests. Applying an OGTT
makes it possible to estimate insulin sensitivity and
insulin secretion by a range of different models. Since,
these models have been derived in different ways they
are not similar and not mutually interchangeable.
Whether differences between indices also describe
different biological mechanisms has not been fully
elucidated. However, it is plausible that for instance an
index modulated after IVGTT data is not reflecting the
same insulin biology as an index modelled after other
insulin response tests or simply being based on the
incremental relative increase in serum insulin in
relation to the increase in plasma glucose during the
first part of an OGTT. Studies of the phenotypic and
genetic correlations of various GSIS indices show that
the level of shared genetic background varies between
surrogate measures of insulin release. Although indices
share genetic determinants to a large degree, a subset
of variation is explained by non-shared genetic factors
[131]. The CIR and insulinogenic index shared the
majority of their genetic backgrounds, with genetic
correlations of 0.80-0.99, while the BIGTT-AIR, which
is modelled after an IVGTT [116], differed slightly more
from the latter with genetic correlations of 0.78-0.87.
Hence, there may be different genetic determinants of
these indices and difference in associations with
various indices for risk variants may point to more
specific processes in insulin release. Figure 10 shows
the normalised effects of T2D risk alleles on the two
different OGTT-based GSIS indices - BIGTT-AIR and CIR
based on the analyses in 7671 individuals.
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It is evident that most T2D risk alleles fall on the
diagonal line as expected in case of an equally strong
impact on the two different insulin secretion estimates.
However, for instance the rs10830963 variant at the
MTNRI1B locus deviates somewhat from the line
displaying a stronger impact on the BIGTT-AIR index.
Along the same lines, this variant showed a stronger
effect on GSIS after an IVGTT than after an OGTT in data
from Wood et al. [125] and it shows a higher than
expected effect on BIGTT-AIR given its effect on T2D
(Fig. 9 & 10) [132]. The MTNRI1B locus was originally
discovered via GWAS of fasting glucose in people
without diabetes and was subsequently shown to be
associated with T2D [133-135] and with GSIS estimated
from OGTT data [133, 136]. Therefore, these studies
have implied that the deleterious effect of the MTNR1B
locus on T2D risk is likely to be due to a dysfunction of
pancreatic islets and beta cells. MTNR1B encodes one of
the two receptors of melatonin, a neurohormone
involved in circadian rhythms. However, a conflict
between the biological mechanism and direction of
effect exists since reports have both shown that rare
loss-of-function variants increase T2D risk [137] and
that the common T2D risk allele of rs10830963, which
is likely the causal variant at the locus [47, 138],
correlates with higher MTNR1B expression in human
pancreatic islets [134] and increased FOXA2-bound
enhancer activity in human islets [138]. Whether
decreased or increased melatonin signalling is the
pathway to increased risk of T2D thus remains to be
clarified and is currently intensely discussed [139, 140].
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A cluster-based view on physiological
impact of type 2 diabetes-associated
variants

An alternative approach to follow-up on T2D variants
with estimates of proinsulin processing, insulin
secretion and insulin sensitivity was published in 2014.
This was one of the largest effort investigating these
traits thus far collecting association results for 37 T2D-
associated variants [75] in up to 17,237 individuals
with dynamic measures and 58,000 participants with
fasting samples [141]. Based on these association
results, variants were clustered into groups with
similar association patterns and hence similar
predicted physiological mechanism. Five major groups
of loci were formed depicting insulin sensitivity loci
(PPARG, KLF14, IRS1 and GCKR), reduced insulin
secretion and fasting hyperglycaemia (MTNR1B and
GCK), defects in insulin processing (CARAP1) and
defects in insulin processing and secretion without a
strong effect on fasting glycaemia (TCF7L2, SLC30A8,
HHEX, CDKAL1 and CDKNZ2A/B). Finally, 20 risk loci
showed no clear grouping or associations [141]. Highly
comparable results were found when analysing
extended sets of T2D-associated variants [76, 142]. In
these analyses, a relatively high fraction of the
associated loci could not be assigned to a specific
cluster. Recently, another study performed soft
clustering of 94 T2D-associated variants with 47 T2D-

related traits and identified five distinct clusters of
variants [143]. These five clusters were 1) beta cell loci,



2) loci with an impact on proinsulin, 3) loci associated
with obesity, 4) loci associated with lipodystrophy-like
insulin resistance and 5) loci associated with liver and
lipids. Of these, clusters 1 and 4 were the largest
containing 30 and 20 loci, respectively [143]. The
finding of a cluster of variants associated with
lipodystrophy-like insulin resistance is supported by
previous reports [144, 145] and supports the notion
that limited storage capacity of peripheral adipose
tissue is an important etiological component in insulin-
resistant cardio-metabolic disease. These studies
provide important information on the major
mechanistic pathways from genetic susceptibility to
T2D.

Refined endophenotypes for type 2 diabetes

Papers 1-4 seek to shed light on a number of loci
primarily found to be associated with T2D or levels of
fasting glucose. Most of these studies were done in
samples with OGTT and therefore primarily evaluated
GSIS based on an oral stimulus. Furthermore, it is clear
that solely analysing the crude insulin response and
insulin action estimates will not bring knowledge on the
more detailed processes involved the relationship
between genetic risk variants and T2D pathogenesis. A
more detailed estimation trying to disentangle
processes related insulin synthesis, secretion and
processing is needed to get closer to the biological
mechanisms. However, studies of these more detailed
phenotypes are generally small in size and therefore
with little statistical power to pinpoint the modest
effects inflicted by common genetic variants in humans.
For instance, a study from 2010 applied a 2-hr
hyperglycaemic clamp and in a subset a test of response
to GLP1 and arginine during an extended clamp. While
the investigations were very thorough, the number of
individuals studied was rather limited ranging from
123 to 336 depending on the test [146]. The study
found associations with diabetes risk alleles at CDC123,
THADA, ADAMTS9, BCL11A and MTNR1B with various
specific aspects of beta cell function; however, the small
sample size deterred any strong associations and hence
weakened the conclusions.

As mentioned, measurement of incretin hormones can
reveal an impaired incretin effect, as shown for the
TCF7L2 risk allele (Table 1). Similarly, measurement of
serum C-peptide levels instead of serum insulin and
establishment of secretion indices based on this can
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possibly delineate effects, which are otherwise hidden
due to the relative instability of the insulin assay and
due to variability in the first-pass effect by the liver.
Another way to investigate the effect of the first-pass
effect by the liver is to estimate insulin clearance. As for
insulin secretion and sensitivity, this can be done by
surrogate measures, mostly the fasting C-peptide to
fasting insulin ratio, based on the assumption that C-
peptide is secreted from the beta cell in equimolar
amounts with insulin, but is not subjected to first-pass
metabolism by the liver. Alternatively, insulin clearance
can be estimated by more refined clamp techniques
[147]. A paper published in 2012 showed that several
T2D-associated loci (CDKAL1, DGKB, JAZF1, GLIS3,
FADS1 and IGF1) have an effect on insulin clearance as
estimated from hyperinsulinaemic-euglycaemic clamp
procedure in a sample of ~1300 individuals [148].
Possibly differences in insulin clearance may
compromise the insulin response estimates obtained
from an OGTT, since hepatic insulin clearance by the
liver removes around 50% of insulin at first pass [149].
At the same time, it is likely that at least some T2D risk
alleles have an impact on insulin clearance as part of the
diabetes susceptibility mechanisms.

Another related measurement is proinsulin, which is a
precursor of mature insulin and C-peptide. Higher
circulating levels of proinsulin are indicative of
impaired beta cell function, beta cell stress or
abnormalities in insulin processing or secretion [150].
A number of large-scale studies have applied proinsulin
measurement to differentiate the genetic impact on
different aspects of insulin biology. A GWAS from 2011
investigated 10,701 individuals without diabetes in the
discovery phase with replication in further 16,378
individuals and found a number of genetic loci
associated with circulating proinsulin levels [151].
Interestingly, some of these were T2D risk loci known
at that time or which have been established since
(TCF7L2, SLC30A8, MADD, ARAP1 and C2CD4A), at
which the T2D risk alleles of all but ARAP1 were
associated with increased proinsulin levels [151].
Together with other studies of the relationship between
T2D risk variants and circulating levels of proinsulin,
this study indicates that carriers of a number of T2D
risk variants have impairments in the distal insulin
processing and secretion pathways.



Table 1. Summary of association with endophenotypes for 108 GWAS-identified variants associated with T2D.
Chr Position

Locus name
MACF1
FAF1
NOTCH2
FAM63A
PROX1
TMEM18
GCKR
THADA
BCL11A
CEP68

RBMS1
GRB14/
COBLL1

IRS1

PPARG
UBEZE2
KIF9
PSMD6
ADAMTS9

ADCY5

IGF2BP2
ST6GAL1
LPP
MAEA
WFS1

FAM13A

TMEM154
ACSL1
ANKH

ARL15

ANKRD55
POC5
ZBED3
PAM
JADE2
RREB1

CDKAL1

MHC
VEGFA
TFAPZB
CENPW
SLC35D3
SLC22A3

DGKB

JAZF1
GCK
KLF14
MNX1
LPL
ANK1
TP53INP1

SLC30A8

GLIS3

CDKN2A/B
TLE4
TLE1

Variant
rs3768321
rs58432198
rs1493694
rs145904381
rs340874
rs62107261
rs1260326
rs80147536
rs243024
rs2249105
rs3772071

rs10195252

rs2972144

rs11709077
rs35352848
rs11926707
rs3774723
rs9860730

rs11708067

rs6780171
rs3887925
rs4686471
rs56337234
rs10937721

rs1903002

rs7669833
rs58730668
rs146886108

rs702634

rs465002
rs2307111
rs4457053
rs115505614
rs329122
rs9379084

rs7756992

rs601945
rs6458354
rs3798519
rs11759026
rs9494624
rs474513

rs10228066

rs1708302

rs878521
rs1562396
rs6459733
rs10096633
rs13262861
rs10097617

rs3802177

rs10974438

rs10811660
rs17791513
rs2796441

1
1
1
1
1
2
2
2
2
2
2
2
2
3
3
3
3
3
3
3
3
3
4
4
4
4
4
5
5
5
5
5
5
5
6
6
6
6
6
6
6
6
7
7
7
7
7
8
8
8
8
9
9
9
9

40035928
51256091
120526982
151017991
214159256
422144
27730940
43698028
60583665
65287896
161135544

165513091

227101411

12336507
23455582
46925539
63962339
64701146

123065778

185503456
186665645
187740899
1784403
6306763

89740894

153513369
185717759
14751305

53271420

55808475
75003678
76424949
102422968
133864599
7231843

20679709

32573415
43814190
50788778
126792095
137300960
160770312

15063569

28198677

44255643
130457914
156930550
19830921
41508577
95961626

118185025

4291928

22134068
81905590
84308948

RAF
0.20
0.88
0.11
0.99
0.56
0.95
0.61
0.90
0.46
0.63
0.71

0.59

0.64

0.88
0.79
0.63
0.84
0.70

0.77

0.31
0.55
0.61
0.50
0.59

0.50

0.70
0.86
0.99

0.69

0.74
0.60
0.30
0.05
0.43
0.89

0.27

0.18
0.29
0.18
0.23
0.29
0.52

0.54

0.51

0.24
0.32
0.67
0.88
0.83
0.48

0.68

0.36

0.83
0.93
0.59

(0)13

1.09
1.07
1.09
1.19
1.07
1.12
1.07
1.13
1.06
1.10
1.05

1.07

1.10

1.14
1.07
1.27
1.07
1.06

1.09

1.14
1.07
1.06
1.06
1.06

1.04

1.06
1.07
1.41

1.05

1.11
1.05
1.06
1.19
1.04
1.11

1.15

1.06
1.05
1.06
1.07
1.04
1.04

1.07

1.10

1.06
1.06
1.06
1.07
1.07
1.04

111

1.05

1.27
1.10
1.07
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Endophenotype

Reduced GSIS during OGTT and IVGTT
Obesity

Insulin resistance

Reduced beta cell function

Lipodystrophy-like insulin resistance

Lipodystrophy-like insulin resistance

Lipodystrophy-like insulin resistance
Reduced GSIS during OGTT

Insulin resistance

Reduced GSIS during IVGTT, beta cell
dysfunction

Reduced GSIS during OGTT and IVGTT

Reduced GSIS during OGTT

Lipodystrophy-like type
resistance

Reduced GSIS during OGTT

Reduced GSIS during OGTT
Lipodystrophy-like insulin resistance,
adiponectin

Lipodystrophy-like insulin resistance

insulin

Reduced GSIS during OGTT

Reduced GSIS during OGTT and IVGTT,
insulin clearance

Reduced GSIS during OGTT, insulin
clearance
Reduced GSIS during OGTT, insulin
clearance

Reduced GSIS during OGTT

Insulin resistance
Lipodystrophy-like insulin resistance
Reduced GSIS during OGTT

Reduced GSIS during OGTT and IVGTT,
insulin processing

Reduced GSIS during OGTT insulin
clearance

Reduced GSIS during OGTT and IVGTT
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Locusname Variant Chr Position RAF OR Endophenotype References

ABO 1505922 9 | 136149229 @ 033 | 1.05 | -
GPSM1 rs28505901 | 9 | 139241030 075 | 1.09 -
CDC123 rs11257655 | 10 | 12307894 | 022 | 1.09 | Reduced GSIS during OGTT 2, 146]
ZMIZ1 15703972 10 80952826 053 107 -
HHEX/IDE | rs10882101 | 10 | 94462427 | 059 | 1.06 Reduced GSIS during OGTT 51411]04' 124,
: [125, 127,

TCF7L2 1s7903146 10 | 114758349 | 030 | 1.37 | Reduced GSIS during OGTT and IVGTT, | 159"30,"141,

incretin dysfunction 151 165]
PLEKHAI | rs2280141 10 | 124193181 052 | 1.05 | -
INS/IGF2 | rs4929965 11 2197286 038 107 -
KCNQ1 12237895 11 | 2857194 | 043 | 1.12 | Reduced GSIS during OGTT and IVGTT 1627? 166,
KCNJ11 rs5213 11 | 17408404 036 107 Reduced GSIS during OGTT [168]

HSD17B12 | rs1061810 11 | 43877934 029 | 1.05 | -
MAP3K11 rs1783541 11 | 65294799 0.20 | 1.06

ARAP1 s77464186 11 | 72460398 084 @ 111 Reduced GSIS during OGTT and IVGTT, | [125, 141,

insulin processing 151, 169]
MTNRIB  rs10830963 11 = 92708710 = 028  1.10 Reduced GSIS during OGTT and IVGTT 51326411515}
CCND2 176895963 | 12 | 4384844 | 098 | 1.62 | Reduced GSIS during OGTT [170, 171]
KLHL42 rs10842994 12 | 27965150 = 0.80 @ 1.08 -
HMGA2 rs2258238 | 12 | 66221060 | 0.10 | 1.10 | -
TSPAN8 1s1796330 12 | 71522953 | 057 @ 1.05 Reduced GSIS during OGTT 2]
WSCD2 rs1426371 12 | 108629780 | 0.74 | 1.05
HNF1A rs56348580 | 12 | 121432117 | 069  1.05 Reduced GSIS during IVGTT [125]
MPHOSPH9 | rs4148856 | 12 | 123450765 | 0.78 | 1.05
RNF6 rs34584161 13 | 26776999 | 0.76 | 1.05
KL 1s576674 13 | 33554302 | 0.7 | 1.05 | -
SPRYZ rs1359790 13 | 80717156 | 072  1.09 | -
NRXN3 rs17836088 | 14 | 79932041 | 022 | 1.06 | -

RASGRP1  rs34715063 15 38873115 012 110 | -
C2CD4A/B | rs8037894 15 | 62394264 | 057 | 1.05 | Reduced GSIS during OGTT and IVGTT, 32'5*'1152{*]'

insulin processing
PTPN9 rs13737 15 | 75932129 076 | 1.05 | -
HMG20A rs1005752 15 | 77818128 0.72 | 1.08 | -
AP3S2 rs4932265 15 | 90423293 027 | 1.07 @ -
PRC1 rs12910825 15 | 91511260 036 | 1.05
FAM234A rs6600191 16 | 295795 082 | 1.06 @ -
FTO rs1421085 16 | 53800954 0.42 | 1.13 | Obesity [90]
NFAT5 rs862320 16 | 69651866 0.58 | 1.04 @ -
BCAR1 1572802342 16 | 75234872 092 | 117 | -
CMIP rs2925979 16 = 81534790 030 | 1.05 @ -
ZZFF1 rs1377807 17 | 4045440 031 | 1.05 | -
GLP2R rs7222481 17 | 9785187 032 | 1.04 -
HNF1B rs10908278 17 | 36099952 048 | 1.08 | -
MLX rs34855406 17 | 40731411 028 | 1.05 | -
TTLL6 rs35895680 17 | 47060322 0.68 | 1.06 | -
BPTF rs61676547 17 | 65892507 019 | 1.06 @ -
LAMA1 rs7240767 18 | 7070642 0.38 | 1.04
MC4R rs523288 18 | 57848369 0.24 | 1.05 | Obesity [91]
BCL2 rs12454712 18 | 60845884 0.61 | 1.05 | Insulin resistance [120]
TM6SF2 rs8107974 19 | 19388500 0.077 | 1.10 | -
PEPD rs10406327 19 | 33890838 0.52 | 1.04 | Lipodystrophy-like insulin resistance [145]
APOE rs429358 19 | 45411941 085 | 1.08 | -
GIPR rs10406431 19 | 46157019 0.56 | 1.05 | Reduced GSIS during OGTT [124]
HNF4A rs1800961 20 | 43042364 0.035 | 1.18 | -
MTMR3 rs6518681 22 | 30609554 091 | 1.09 | -
PNPLA3 rs738408 22 | 44324730 0.23 | 1.05 | Liver function [172,173]
PIM3 rs1801645 22 | 50356850 028 | 1.04 | -

T2D associated variants were obtained from Scott et al. [76]. Effect sizes in OR on T2D and risk allele frequencies (RAF) were obtained
from Mahajan et al. [47].
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Besides biologically mechanisms strictly related to
glucose homeostasis such as described in the above
sections, many other T2D-related pathophysiological
mechanisms could be behind the association of genetic
variants and T2D. Some risk variants increase risk of
T2D by increasing risk of obesity while quite a lot have
unknown intermediary mechanisms (Table 1) and any
other T2D-defining mechanisms could be in play for
these variants. For instance, the T2D-associated
p.lle148Met variant at PNPLA3 is associated with
markedly increased risk of progressing into the entire
spectrum of non-alcoholic fatty liver disease [172]. The
mechanisms underlying this strong effect seem to be
related to direct changes in hepatocyte and hepatic
stellate cells lipid droplet biology [174, 175]. How this
variant leads to an increased risk of T2D is unknown but
it does not seem to be via insulin resistance, however,
the variant paradoxically associates with lower risk of
coronary artery disease [176].

Biology of loci associated with beta cell
dysfunction

The identification of intermediary endophenotypes for
T2D-associated loci represents an important step
forward in the disclosure of the specific nature of the
relationship between genetic variation and the
increased risk of T2D. However, a lot of work remains
to map the biological details in these relationships in
biological terms. For some of the loci I have studied in
papers 1-4, very little progress has been made in this
regard, while for others studies have offered insights
into the more specific mechanisms behind these
associations.

The HHEX/IDE locus on chromosome 10 was one of the
first GWAS findings of variants associated with T2D
[69] and is among the T2D risk alleles with the
strongest impact on GSIS [1, 104, 141]. For this locus,
biological knowledge is relatively limited. It is currently
not known, which of the genes in the region is the causal
gene. The intergenic rs1111875 variant was the initially
identified lead variant, however the latest GWAS of T2D
meta-analysis  pinpointed three  independent
association signals in the region with intergenic
rs10882101 being the primary lead variant [47]. Fine-
mapping analysis to identify the causal variant of this
association signal has led to a rather narrow 22 kb
region likely to house the causal variant. This region
spans HHEX and in the densely imputed data from
Mahajan et al. [47], this region contains only 10 variants
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associated with T2D, however, whether the causal
variant has its effect on HHEX or possibly IDE is
currently unknown. While HHEX is the closest gene, IDE
is a reasonable candidate gene due to its role in insulin
biology. Insulin-degrading enzyme (IDE) is a ubiquitous
peptidase, which was initially discovered as the enzyme
responsible for insulin catabolism. However, it also has
the ability to degrade several other polypeptides, such
as beta-amyloid, amylin, and glucagon [177]. There is
increasing evidence that improper IDE function,
regulation or trafficking might contribute to the
aetiology of metabolic diseases and IDE inhibitors have
been evaluated in animal models for their potential to
treat T2D with some positive indications of this being a
successful future treatment option [178, 179]. A study
of human islets showed that islets carrying the
rs1111875 T2D risk allele had significantly decreased
number of docked insulin granules and a tendency to
reduced insulin exocytosis [180]. Although this is of
interest, the mechanism for the effects on beta cell
biology, GSIS and T2D observed for variants in this
locus remains largely unexplained 10 years after the
initial discovery.

Another interesting locus, which was identified in some
of the first GWAS of T2D, is CDKN2A/B [72]. Here
rs10811660 was associated with increased risk of T2D
and subsequently with decreased GSIS during OGTT
[181] and IVGTT [125]. In the most recent GWAS of
T2D, rs10811660 with a relatively high OR of 1.27, and
five additional distinct signals were found in the locus
[47]. For rs10811660, the 99% credible set only spans
1.5 kb and contains five variants, making it likely that
rs10811660 is causal. Moreover, a variant in the locus
has been shown to associate with coronary artery
disease and myocardial infarction [74, 182, 183],
however, this variant and the T2D-associated
rs10811661 variant are not correlated (r?<0.01). The
CDKN2A and CDKNZB genes encode pl6™K*4 and
p15!NK4B - respectively, which regulate proliferation,
oncogenesis, senescence and ageing [184]. Both
CDKN2A and CDKNZB are expressed in pancreatic beta
cells [185] and are implicated in pancreatic islet
regenerative capacity [186, 187]. Of interest, human
carriers of rare CDKNZ2A loss-of-function mutations,
which are a cause of familial melanoma, displayed
increased insulin secretion, impaired insulin
sensitivity, and reduced hepatic insulin clearance
compared to non-carriers [188], which together with
functional data [186, 188], points to CDKNZA being the
T2D-related effector transcript of the region. Functional
genomics data from the recent GWAS of T2D indicated



that regulatory mechanisms in human islet link the
genetic variation with beta cell function [47].

Of interest, other of the variants and loci investigated in
papers 1-4 also map to regulatory sequence in human
islets indicating similar genomic mechanisms as for
CDKNZ2B. This is the case for the CDC123, IGF2BP2,
JAZF1 and GLIS3 loci [47, 138, 189, 190] indicating that
T2D-risk variants are disproportionately located in
DNA sequences involved in the regulation of islet-gene
transcription, further highlighting the central role of the
regulation of insulin secretion in genetic risk of T2D.

Future directions within this field

It remains an important objective to seek to elucidate
the intermediary pathophysiological processes
influenced by individual T2D risk variants, as this can
be seen as a first but important step in finding the
biological and physiological relationship between
genetic variants and risk of T2D. However, the modest
effect size imposed by most GWAS-identified variants
found in large-scale studies impedes the statistical
power to find intermediary effects since sample sizes
for studies of more detailed phenotypes are generally
much lower than for case-control studies of T2D. Larger
studies — by incorporating more meta-analysis of
cohort data and by establishment of larger sample sets
— are needed to overcome this challenge. However, the
resources needed to build such resources, which are
severely larger than making large biobanks holding
fasting or random samples, will always limit these
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efforts. For instance, UK Biobank is a major current and
future resource for epidemiological and genetic-
epidemiological research and does not include any
OGTT data or other detailed physiological data relevant
for T2D. Theoretically, it may be possible to substitute
quantitative estimates of endophenotypes such as
insulin sensitivity and insulin secretion by surrogate
biomarkers from biomarkers from serum or urine
metabolomics or proteomics data and by this enable
application in a higher number of individuals and large-
scale analysis.

As will be discussed in Part 5, the implementation of
genetic data in the improvement of precision medicine
may be relying on quantitative measures and the
genetic determinants of quantitative T2D-related
measures to ensure success. A reason for this
hypothesis is that risk of T2D-related complications
seems to be inflicted by a graded, linear increase in
physiological variables, and not to be driven by
thresholds arbitrarily defining categorical disease
entities. For instance, this may well be the case for T2D-
related risk of CVD, for which studies have shown a
continuous or U-shaped relationship between fasting
and post-OGTT glucose levels and risk of CVD, which is
apparent below thresholds for diagnosis of diabetes
[191-193]. Therefore, a molecular understanding of
quantitative diabetes-related measures may well prove
to be crucial for finding causes and individualised
preventive approaches for important clinical outcomes.



PART 3. MASSIVE NUCLEOTIDE SEQUENCING IN SEARCH FOR RARE SUSCEPTIBILITY ALLELES

The design of GWAS has inherent limitations. First, by
GWAS, it is only possible to investigate known variation
and at least in the first number of years of GWAS this
was a major limitation. However, after completion of
larger sequenced project, such as the 1000 Genomes
Project [194] rather exhaustive scaffolds for imputation
exist. Second, genome-wide array based genotyping
only covers common variants with MAF above 5%,
although that newer and larger imputation reference
panels have pushed the lower boundary of genotype
imputation to enable coverage of low-frequency
variants with MAF between 0.5% and 5%, and possibly
even to a MAF of 0.1%, depending on the specific
population group, the genotyping array and the
imputation panel chosen [63] (Fig. 3). However, for rare
variants (MAF <0.5%) a simple extension of the GWAS
paradigm is probably not sufficient since genotype
imputation is inaccurate and since single variant tests
are underpowered for the detection of such variants. To
circumvent the lack of statistical power of single marker
tests several collapsing or burden methods that
simultaneously analyse multiple rare variants are
applied [195-198]. Because of the limitations of GWAS,
especially in the early days with relatively sparse
imputation panels available, a number of studies have
aimed to include sequencing data in genetic association
studies to discover novel variants and to include rare
variants with MAF below 0.5% in the evaluation,
although the costs of such studies are markedly higher
than for genotype-based studies.

Rare variants in common disease?

As described, one of the ambitions of performing
sequencing in complex disease is to evaluate the role of
rare variants in common complex disease. While it is
well accepted and empirically proven that common
variants are important in common disease [199], the
role of rare variants has been discussed for years [200].
The rare variant hypothesis suggests that rare alleles
with relatively high penetrance are the primary drivers
of common disease [201, 202], and this hypothesis has
received renewed attention in the last few years. Rare
variants are common in the sense that they severely
outnumber common variants in the human genome
[194, 203, 204]. Furthermore, evolutionary theory
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predicts that disease-causing alleles should be rare
since even a minute reduction in fitness will keep allele
frequencies low due to negative selection [205]. These
variants are predicted to have stronger effects on
disease (allelic OR>2) [198, 206], underlying
arguments for their study as an addition to GWAS [204,
207]. While these arguments have previously been
theoretical, we have in the past decade moved to a stage
where we can empirically and systematically
investigate this hypothesis. Deep whole genome or
exome sequencing in large sample sizes allow for the
interrogation of the full spectrum of genetic variation,
including the many variants, which are too rare to be
accurately studied through current GWAS and
imputation strategies. This has been possible trough
advances in sequencing technologies over the past
decade leading to higher performance and lower costs
[208]. The results are of more than academic interest,
as an understanding of the genetic architecture of a
disease is a crucial and powerfully tool to achieve
knowledge for the application of precision medicine.

Exome-sequencing based discoveries in

metabolic traits

The ultimate sequencing-based design is to apply deep
whole-genome sequencing but it also carries the
highest costs and the biggest bioinformatic workload.
An alternative approach is to perform exome
sequencing [209], which lowers the sequencing burden
to ~1-2% of whole genome sequencing and hence
reduces costs. Exome sequencing would seem as a
logical first conquest, relying on the hypothesis that
functional disease-associated variation resides in the
coding regions of the genome. Strong-effect coding
variants may be molecular guides into the pathological
relevance of a gene and potentially establish a direct
causal link between gene gain- or loss-of-function and
disease risk [142, 210, 211]. This can especially be the
case when there is evidence of multiple independent
variant associations (an “allelic series”) within a gene
[210-212]. Exome sequencing has proven valuable in
the search for mutations responsible for Mendelian
diseases [213, 214].



While both whole-genome and exome sequencing are
now routinely done on a large scale in thousands of
samples, this was not the case when we initiated a
large-scale exome sequencing project in 2008. We
established the Lundbeck Foundation Centre for Applied
Medical Genomics in Personalised Disease Prediction,
Prevention and Care and initiated an exome sequencing
study of 1000 T2D patients and 1000 controls without
T2D at a sequencing depth of 8x with the initial aim to
investigate the role of rare variants with high impact on
risk of T2D. The main results are included as paper 5 of
the dissertation. At the point in time when the project
was initiated, sequencing technology was still not at a
stage in which it was possible to investigate 2000
samples efficiently and the sequencing in the project
took more than 1%z years on Illumina Genome Analyzer
I technology at BGI, Shenzhen, China. In 2000
individuals, we detected 70,182 variants with a
frequency above 1%. Association analyses of metabolic
traits were performed in a three-stage design (Fig. 11).

(1,000 metabolic cases, 1,000 controls)
Identification of 70,182 SNPs with MAF >1% )

N
1) 995 SNPs showing 2) 13,959 SNPs in four 3) 552 SNPs in loci 686 SNPs fulfilling both
nominal association in annotation categories reported to associate criteria 1) and 2)
stage 1 case—control (nonsense, missense, with metabolic traits

study splice site, UTR)
J

Stage 1 - Discovery !
Exome sequencing of 2,000 Danish individuals

N 74

[ Stage 2 - Genotyping and Association 1

lllumina iSelect genotyping of 16,192 SNPs in
15,989 Danish individuals and association
analysis with twelve metabolic traits

J

U

11 SNPs - type 2 diabetes
9 SNPs — obesity
3 SNPs - BMI
1 SNP — waist circumference
7 SNPs - fasting glucose
8 SNPs — fasting insulin
2 SNPs — fasting HDL—cholesterol
1 SNP - fasting triacylglycerol
1 SNP - type 2 diabetes & fasting glucose & waist circumference
2 SNPs - obesity & BMI & waist circumference

U

Stage 3 - Replication
Genotyping of 45 selected coding SNPs in up to
63,896 European individuals, association
analysis and meta-analysis

COBLL1N939D associated with type 2 diabetes
MACF1M2290V associated with type 2 diabetes
CD300LG R82C associated with fasting HDL-cholesterol

Figure 11. Flow chart of the discovery and replication
phases of the LuCamp project. From paper 5.

In stage 1, we performed association analysis in the
exome sequenced individuals, which did not reveal
statistically significant associations. In stage 2, we
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genotyped 16,192 selected coding variants in ~16,000
Danish individuals and performed association testing
with 12 metabolic traits. Based on the association
results, we found 45 SNPs, which we selected for
replication in more than 60,000 independent European
samples. Finally, we found three missense variants in
MACF1 p.Met2290Val, COBLL1 p.Asn939Asp and
CD300LG p.Arg82Cys, which were associated with a
metabolic trait. Two variants were associated with T2D,
while CD300LG p.Arg82Cys was associated with
circulating levels of high-density lipoprotein (HDL)-
cholesterol and triglyceride. Although the strength of
sequencing-based association studies in general would
be to detect low-frequency and rare variants, two of the
three identified variants were common, while CD300LG

p.Arg82Cys had a MAF of 3.5%. All three associations
have since been replicated in independent data [142,
176,197, 215-217].

The association of the CD300LG p. Arg82Cys variant
with decreased levels of serum HDL-cholesterol and
increased serum triglycerides in the general population
represents a true sequencing-based finding of that era
and has since been replicated in studies applying the
exome chip [176, 197, 215] or sequencing-based
imputation of GWAS data [217]. While one of the
promises of exome sequencing has been postulated to
be a greater ability to pinpoint biological mechanism
from association of coding variants, the relationship
between CD300LG p.Arg82Cys and lipid metabolism has
not been elucidated. The protein encoded by CD300LG
belongs to the CD300 family of membrane-bound
molecules, which have broad and diverse
immunological actions, including the ability to
recognise and interact with extracellular lipids [218-
220]. The CD300LG protein is expressed in a broad
range of tissues with highest expression in the placenta,
adipose tissue, and skeletal muscle [5, 221]. The
biological functions of CD300LG in adipose tissue and
skeletal muscle are largely unknown.

Variants in the COBLL1/GRB14 region had already
previously been associated with fasting insulin levels
[87, 88] and the impact on T2D was simultaneously
with our discovery found in a classical GWAS design
[53] and was later also found in South Asians
individuals [222]. Furthermore, variants in the locus
partly correlated with p.Asn939Asp are also associated
with waist-hip ratio [95, 223], HDL-cholesterol and
triglyceride concentrations [224]. Recent papers have
pointed to that this locus is likely to influence T2D risk
through a decreased capacity for fat storage in
peripheral adipose tissue [144, 145]. Subsequently, it



has been discussed what the causal element is in this
locus. GRB14 is an attractive biological candidate gene
for T2D since studies of GrbI14-deficient mice show
improved glucose homeostasis despite lower
circulating insulin levels and enhanced insulin
signalling in liver and skeletal muscle [225]. The latest
statistical evidence, derived from an exome chip-based
analysis of more than 450,000 individuals shows that
the association signal of this locus is likely not driven by
the COBLL1 p.Asn939Asp variant but by non-coding
variants at the locus (Fig. 12, page 31), yet the causal
variant and biological mechanism have not been
determined [142].

The T2D-associated variant in MACF1 is common (MAF
23.4%) and had probably not been detected previously
due to the incomplete genomic coverage of HapMap-
based imputation of GWAS of the time. MACF1 is a very
large gene spanning 400 kb, consisting of a large
number of exons and is expressed in several different
isoforms. Recent studies have shown that additionally
four coding missense variants (p.lle39Val,
p.Lys1625Asn, p.Met1424Val, p.Ala3354Thr) associate
with T2D [142]. All these variants are common and
correlated with each other and thus far, these
association  signals have been  statistically
undistinguishable. The recent paper in which these four
variants were discovered also made an analysis to
estimate the probability that coding variants were
driving the observed association signal as compared to
non-coding variants. For the MACF1 locus, the overall
probability attributed to coding variants for association
with T2D for this locus is compatible with a partial role
for coding variants [142] (Fig. 12). MACF1 encodes a
protein that forms bridges between different
cytoskeletal elements, by stabilising and guiding
microtubule growth along actin filaments. Loss-of-
function studies using knockout mouse models have
shown pivotal roles of MACF1 in embryonic
development, skin integrity maintenance, neural
development and bone formation [226]. As such, there
is no obvious biological connection between MACF1
and T2D.

Sequencing studies of type 2 diabetes and
related phenotypes

The described exome sequencing study published in
paper 5 was an early attempt to implement sequenced-
based association studies but suffered from a number
of shortcomings. First, the sequencing was rather
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shallow at 8x depth leading to problems in accurately
calling rare wvariants in individual samples.
Furthermore, due to immature sequencing technology,
the sequencing process was performed over a long
period and shifts and developments in the assays
introduced bias and difference in sequencing depth
between cases and controls making association analysis
difficult and forcing us to focus on variants with a MAF
above 1% thereby removing the analysis of rare
variants [5]. As such, this study can be seen as an initial
steppingstone on the path to larger and more detailed
studies.

Other early sequencing studies with a focus on rare
variants and the risk of T2D have focussed on single
candidate genes selected based on prior association
between common variants and T2D in GWAS. A study of
MTNR1B - a locus at which common variants in 2009
were found to be associated with fasting glucose and
T2D [133, 135] - performed sequencing of 7632
individuals and demonstrated a burden of rare variants
associated with increased risk of T2D. Performing
functional studies of all variants and grouping them
based on functionality increased the effect on T2D to an
odds ratio of 5.7 [137]. Along the same lines, a study of
SLC30A8, a locus at which the common coding T2D-
associated p.Trp325Arg variant was discovered in
GWAS [69], performed sequencing or genotyping in
150,000 individuals and discovered a burden of
putative loss-of-function variants with a protective
effect on T2D [211]. This study suggests that inhibition
of ZnT8 may be a therapeutic strategy for T2D. As
described in Part 2, the common p.Arg325Trp variantin
SLC30A8 is associated with T2D and with decreased
GSIS [69, 107] and with increased proinsulin to insulin
ratio [227], which is in line with studies of mice [228].
SLC30A8 encodes a zinc transporter, ZnT8, which is
expressed in the endocrine pancreas and has an
emerging role in glucose homeostasis due to the
requirement for zinc in the crystallisation of insulin
within secretory granules. However, a conflict between
the interpretations of the common variant associations
compared to the T2D-protective effect of rare loss-of-
function variants, which also suggests that the effects of
both ZnT8 activators and inhibitors will need to be

examined in suitable models prior to clinical trials in
human [229].

Later attempts to pinpoint T2D risk variants through
whole exome or genome sequencing have been
technically more successful than the study described in
paper 5, yet have not produced a wealth of positive
findings of association between individual rare variants



or a gene-based burden of rare variants with T2D.
While exome sequencing of 2000 samples at a medium
depth was an enormous task in 2008, the development
in sequencing technologies has since been fast and the
amounts of data we produced for paper 5, are now
routinely produced in a fast manner [208]. We repeated
the exome sequencing experiment in the same cases
and controls, but at a higher depth of 56x enabling
evaluation of the contribution of rare variants. We
performed single variant analysis and collapsing test of
gene-based bins of rare variants, however, did not
detect novel variants or gene-based burden of rare
variants associated with T2D [230]. Our study was
underpowered to detect modest genetic effects, but if
much of the heritability of T2D is explained by variants
in a modest number of genes, we should have detected
at least one associated locus at our Bonferroni
significance threshold. Thus, the empirical results,
combined with the statistical power simulations,
suggested that when clustered in fewer than 20 genes,
coding variants of moderate effect do not account for
much of the missing heritability of T2D. These data have
recently been included in collaborative T2D exome
sequencing study to increase sample size.

While exome sequencing remains an important
intermediate, much focus has been oriented towards
whole genome sequencing. In 2014, DeCode Genetics
published the first whole-genome sequencing study of
T2D including whole genome sequencing of 2,630
individuals and imputation into 11,114 patients with
T2D and 267,140 individuals without diabetes. This
study discovered four novel low-frequent or rare
variants associated with the disease [170]. Of interest,
among these findings was the discovery of a protective
variant in CCNDZ2 [170], which follows the identification
of rare protective variants in SLC3048 [211] indicating
that rare variants potentially leading to loss-of-protein
function may not necessarily lead to increased risk of
disease. Furthermore, two low-frequent missense
variants in PAM were identified. We replicated these
findings in Danish samples [170]. In 2016, the GoT2D-
T2DGenes Consortium published the analysis of an
huge amount of data consisting of whole genome
sequencing in 2657 individuals with or without T2D
with imputation into 111,548 samples, which was
supplemented with exome sequencing of 12,940
individuals and exome chip genotyping in ~80,000
individuals [216]. In these massive amounts of sample,
very few novel susceptibility genes were discovered.
The genome analysis replicated most findings
previously done by DeCode Genetics, but did not
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pinpoint novel risk alleles with MAF <5%, while the
exome-sequencing focused analysis found a coding
susceptibility variant in East Asians located in PAX4.
Furthermore, both empirical and simulated data from
this study suggested that low-frequency and rare
variants contribute much less to T2D heritability than
do common variants [216]. Another large-scale
international collaborative sequencing effort was
performed by the UK10K consortium and the main
results of association analyses with metabolic traits
were published in 2015 [62]. The consortium
performed whole genome sequencing of 3781
individuals and in line with studies described above the
findings of novel association signals were relatively
sparse, however, included rare variants in APOC3 and
LDLR associated with serum triglyceride and low-
density lipoprotein (LDL) cholesterol, respectively [62].
The APOC3 variant was simultaneously found in other
efforts [231-233]. In fact, within lipid traits, some very
early sequencing studies were pioneering for targeted
sequencing of a single gene with high prior likelihood of
being involved in disease or sequencing individuals at
the extreme of the lipid phenotype distribution [210,
234, 235]. The rather strong impact of certain coding
variants on circulating lipid levels has also generated
positive findings in studies of whole exomes or
genomes besides the CD300LG variant discovered in
paper 5. Among such studies are the massive UK10K
sequencing study [62] and investigations of the DeCode
Genetics resource [217]. Recently, Dewey et al
published the study of the exome sequence data of
50,726 individuals combined with lipid levels from
electronic health records [236]. The study confirmed
the association of genetic variants in genes that are drug
targets (NPC1L1 and PCSK9) and identified variants or
a gene-based burden of variants associated with plasma
lipids among others at APOC3, LDLR and APOB [236]. As
for other studies [62, 237] this study observed the
expected inverse relationship between allele frequency
and effect size.

These initial massive whole-genome sequencing-based
papers taking the first dive into the landscape of rare
variants in T2D susceptibility have all been
characterised by relatively few novel findings. With
exception of picking of the lowest hanging fruits on the
tree of rare variants, although we cannot exclude the
role of rare variants in T2D susceptibility, the individual
effect sizes of these variants are relatively low.
Therefore, where initial studies were rather small it is
clear that similar or even higher than GWAS-like sample
sizes are needed for the individual detection and



validation of such variants using the best of methods
developed for individual and combinations of rare
variants [198, 238]. Nevertheless, exome sequencing,
and possibly genome sequencing, are important in
future genetics studies of complex diseases but may due
to higher costs currently be best placed to complement
array-based GWAS by producing allelic series of rare
variants, which aids experimental gene
characterisation and points to the effect of modulating
the target by drugs.

From sequencing back to chip-genotyping to
discover the association of coding rare and
low frequency variants

As discussed previously, low-frequency variants and
especially rare alleles are poorly characterised by
GWAS genotyping arrays. Sequencing across the exome
or genome can directly assay low-frequency and rare
variants but such approaches are currently still rather
costly and studies of tens to hundreds of thousands of
individuals are limited. One proposed method for
testing low-frequency and rare variants is to first
sequence the exome to discover the variation and then
to genotype the discovered variants in a larger number
of individuals from the same or similar populations to
test for association with phenotype. The Illumina
Human Exome genotyping array (exome chip) was
designed based on this principle and contains ~200,000
coding sequence variants discovered from sequencing
the exomes of ~12,000 individuals [239].

By applying the cheaper array genotyping technology,
is has been possible to reach higher sample sizes which
has contributed with both discovery of novel variants in
the rare and low frequency areas and with interesting
contributions to evaluation of the importance of coding
variation in complex diseases. Such studies have been
performed for a number of different human diseases
and phenotypes. In the largest study of T2D published
in 2018, we performed exome array genotyping in
81,412 patients with T2D and 370,832 individuals
without diabetes and by this 40 coding variant signals
across 38 loci were discovered, hereof 16 novel and five
driven by a variant with MAF <5% [142]. All had modest
effect sizes with OR below 1.5. To seek to identify the
causal variant responsible for the association signals,
and thereby seek to determine if coding variants are
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causal for the coding lead variants, a credible set of
variants accounting for 99% of the posterior
probability of driving the association was performed.
This approach incorporated an annotation-informed
prior model of causality, which boosts the posterior
probability of driving the association signal that is
attributed to coding variants. Of interest, evidence for a
causal signal coming from a coding variant was
observed in only 16 of 38 loci and in 13 of 38 loci, the
association signal was clearly driven by non-coding
variation (Fig. 12) [142]. Hence, the basic idea that
coding variant signals would directly lead to biological
insight in complex disease is challenged, and great care
is needed to identify causal contribution for such coding
disease-associated variants. However, this may
especially be the case since most coding lead variants
identified thus far are common in the population. While
common variants are typically in LD with a number of
other coding or non-coding alleles, rare variants tend to
be in LD with very few variants and hence the likelihood
that rare coding variants associated with disease are
causal and change the function of the gene in question
is higher.

While this analysis sheds light of the relative
contribution of coding and non-coding variants at
specific loci identified through a coding variant, it is
biased in relation to the relative contribution of coding
and non-coding causal variants to the general genetic
architecture of T2D. The recent large-scale GWAS based
on HRC-imputed data in a large sample size [47]
described earlier may shed some light on the overall
relative contribution of coding and non-coding variants
to inheritance of T2D. Of 51 loci with strong indications
of only a single causal variant, eight of these lead
variants were coding missense variants. This finding
indicates that coding causal variants are actually over-
represented compared to their genomic abundance,
which is somewhat in contrast to the initial findings
from GWAS [240], however this conclusion may be
biased towards coding variants. In essence, the genomic
complexity is huge and there is no certainty that finding
a coding variant association signal thereby also identify
the causal variant and gene - when a coding variant is
lead it may be due to a non-coding causal variant and
the other way around. What is needed is full genomic
coverage in large numbers of individuals to narrow the
possible local causal variant(s) by statistical and
functional means.
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From ref. [142].

What is also evident is that the sample size of studies is
of outmost importance in the attempt to identify
variants with lower frequency. This is illustrated by the
recent GWAS of T2D, which found an unprecedented
number of low-frequency and rare variants associated
with T2D [47]. This effort identified 56 low-frequency
and 24 rare variants in 60 loci, of which 6 were known
T2D loci. Of interest, 14 of these 80 variants had an OR
above 2 and these 80 risk variants explained 1.1% of
phenotypic variance in T2D. These findings are a
tremendous progress in discovery of risk variants with
lower frequency but are still in agreement with the
conclusion that low-frequency and rare variants
contribute much less to T2D heritability than do
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common variants. The obtained progress largely stems
from the large sample size of 900,000 individuals
combined with the dense imputation applying the HRC
reference panel.

Also, for other metabolic traits, data coming from the
exome chip has contributed substantially to the
understanding of coding variants in the genetic
contribution to variation in these phenotypes. A major
study of more than 300,000 individuals found 444
independent variants in 250 loci associated with
circulating lipids (total cholesterol, LDL-cholesterol,
HDL-cholesterol and triglyceride) [176]. The paper
highlighted the different origin of lipid-changing



variants since associated variants show different
pattern of association with related diseases and
phenotypes such as T2D, coronary artery disease, age-
related macular degeneration and liver fat and the
study serves as an important paper to qualify targets for
medical intervention based on genetic information
[176]. The primary analysis of BMI included 526,508
individuals and identified 14 coding variants in 13
genes. Most notably for this analysis, some rare alleles
were identified with large impacts on BMIL The
strongest impact was for a variant with a MAF of 0.01%
in MC4R, which showed an effect of 0.54 SD of BMI per
minor allele equivalent to 7 kg body weight per BMI-
increasing allele [67]. Along the same lines, analyses of
waist-hip ratio (WHR) adjusted for BMI identified 41
independent association signals, hereof a few rare
variants [241]. Thus, the latter obesity-related paper of
WHR identified fewer association signals than the
former paper investigating BMI, which may be due to
lower sample size, lower phenotype precision, sex-
dimorphism, different genetic architecture or other
factors.

While data generated from the exome chip have
contributed quite a lot to understanding the genetic and
biological contribution to metabolic traits, this exact
chip can only be seen as an intermediate step on the
way to higher resolution of rare variants in a high
number of samples. As described, the exome chip is
based on exome sequence data from 12,000 samples
predominantly from Europeans limiting the range of
rare alleles to what has been found in these samples. In
European samples, 81.6% of protein-altering variants
with MAF >0.5% are captured using the Exome Chip,
while this numbers decreases to 25% when considering
all MAFs [216]. These numbers are based on ~4500
European samples and the fractions covered by the
Exome Chip will decrease when comparing with higher
sample sizes and when considering individuals of non-
European origin. It is thus evident that a better capture
of rare alleles still requires exome or genome
sequencing. Furthermore, accurate calling of genotypes
from array-based technologies is challenging the lower
the number of alternative allele carriers possibly
setting a lower boundary for the MAF of variants being
interrogated by this approach.
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Applying genome and exome sequencing to
study a complex phenotype

Paper 6 serves as an example of using and combining
whole genome and exome sequence-based data to
elucidate the genetic architecture of a complex
phenotype. The study was performed in collaboration
with DeCode Genetics in Iceland. At DeCode Genetics, a
major genetic resource has been built applying the
principle of collecting samples from as many as possible
from the Icelandic population. A subset of these
samples has been whole genome sequenced to discover
variation in the Icelandic genome [242]. At the time
when we carried out the project described in paper 6,
1176 individuals had been whole-genome sequenced -
a number which has since increased substantially. The
whole-genome sequence data were subsequently used
to impute into all samples, which had been genotyped
by genome-wide arrays. In the Icelandic population,
genotype imputation is made more accurate through
long-range phasing [243]. Additionally, the Icelandic
genealogical database allowed for further propagation
of the sequence information, applying genealogy-based
imputation, into relatives of the chip-genotyped
individuals [244]. To capitalise on the data generated
previously [5], we used the genotype data set of 16,192
coding variants produced in stage 2 (Fig. 11), to study
the impact of coding variation on the levels of the water-
soluble B vitamins, vitamin By, and folate, in the general
population. Vitamin By, is solely produced by bacteria
and archaea and the only natural source of this vitamin
for humans are through food items of animal origin
[245]. Vitamin B,, and folate are enzyme cofactors or
substrates in one-carbon metabolism, a process
whereby folate transfers one-carbon groups in a range
of biological processes including DNA synthesis [245,
246]. Several epidemiological studies have observed
associations between lower circulating vitamin By,
levels and adverse cardio-metabolic health profiles,
with insulin resistance, adiposity and cardiovascular
disease [247-251].

In the study presented in paper 6, we performed meta-
analyses of results from ~8400 Danish individuals with
the results from a high-coverage GWAS from the
Icelandic population to obtain a sample size above
30,000 individuals. In this analysis, we found 13 genetic
loci, which were associated with variation in the levels
of circulating vitamin Bi; or folate. Of the 11 loci
associated with serum vitamin Bj,, five were novel and
six were previously reported either in populations of
European or East-Asian ancestry [252-255] (Fig. 13).
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cubilin; TCII: transcobalamin II (TCNZ2); TCII-R:
transcobalamin I receptor (CD320); MMACHC:
methylmalonic aciduria (cobalamin deficiency) C
type; MMAA: methylmalonic aciduria; ABDC4: ATP-
binding cassette, sub-family D, member 4; LMBD1:
LMBR1 domain containing 1; FOLR1- 3: folate
receptors 1-3; Ado-B12: adenosyl-cobalamin; Me-
B12: methyl-cobalamin; Me-mal-CoA: methyl-
malonyl-coenzymeaA; Suc-CoA: succinyl-
coenzymeA; MUT: methylmalonyl-CoA mutase; H.
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with permission.

Association analyses with serum folate yielded one
novel locus, FOLR3, and confirmed the reported MTHFR
locus (Fig. 13). As discussed above, the mere finding of
a coding variant associated with the trait or disease
does not necessarily imply that this is the causal variant.
In this study, the meta-analysis was biased towards
finding coding variants, since the Danish data contained
only coding variation discovered in exome sequencing,
thus resulting in higher combined sample size for
coding variants [6]. To evaluate each locus for a
stronger non-coding association signal, we used the
Icelandic whole-genome imputed data. Interestingly,
the strongest signal at 10 of the 11 loci associated with
serum Bj, in the Icelandic genome-wide data
corresponded to a coding variant with only the FUT6
locus having a stronger non-coding signal. Although we
did not perform advanced modelling, as previously
presented for T2D, this is still indicative of the coding
variants as the most likely causal variant at these loci.

Biologically, the identified coding variants fall in genes
encoding proteins known to be involved in the
metabolism and signalling pathway of vitamin B;, and
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folate (Fig. 13). This is a rather unique scenario within
sequencing- or GWAS-based discoveries in complex
traits where findings generally tend to fall in unknown
biological disease mechanisms [99, 256]. The known
biological effects of these genes also further strengthen
the likelihood that the identified coding variants are
causal.

One of the interesting perspectives of finding genetic
variants associated with a phenotype or disease is that
it may enable studies of the causal relation between
phenotypes. Mendelian randomisation is a method
using variation in genes of known function to examine
the causal effect of a modifiable exposure on disease in
observational studies and has become a method of
choice to strengthen causal inference in observational
research. Mendelian randomisation is based on the
realization that a genetic variant associated with an
exposure can be used as an instrumental variable to
estimate the causal effect of the exposure on an
outcome of interest [257, 258]. Such studies have also
been performed to shed light on the causal relationship
between circulating vitamin B, levels and cardio-



metabolic outcome. These studies are based on genetic
findings of paper 6 and other GWAS of vitamin By, and
folate levels [6, 252-255]. Two studies found no
causative effect of vitamin B, levels on BMI [259] or
levels of circulating lipids and blood pressure [260]. In
agreement, a recent study applying a 2-sample
Mendelian randomisation design and thereby reaching
a rather large sample size found no evidence of causal
effects on BMI and other adiposity-related phenotypes,
fasting insulin or lipid levels, yet did observe
indications of a causal effect of vitamin B;, on fasting
glucose levels [261]. In general, these studies do not
support the causal role of vitamin B levels in relation
to cardio-metabolic traits and question the proposed
cardio-protective effect of general vitamin B
supplementation [262, 263].

The future of sequencing
metabolic disease

in complex

The two papers included in this section of the
dissertation [5, 6] both takes their starting point in an
exome sequencing of 2000 Danes. From our study and
from later published and emerging studies, it is clear
that the effect sizes inflicted by most disease-associated
rare and low-frequency variants are rather low
although there are a few exceptions [47, 137, 142, 170,
211, 216, 230]. The consequence of this is clearly that
more samples are needed to pinpoint rare variants in
T2D and other complex diseases [198]. While genome
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imputation from array genotyping has improved by
application of large reference panels, such as Haplotype
Reference Consortium [63] or UK10K [62] or the
coming TOPMed reference panel
(https://www.nhlbiwgs.org/), a lower limit on MAF
still exists. This brings forward the need for sequencing
in large populations to capture the range of range
variants, which continues to be an important task, since
rare susceptibility or protective variants, as exemplified
by the genes mentioned above, point directly to biology,
targets for novel drugs and potentially as tools in
precision medicine.

In the future, collaboration and big resources are
needed to obtain thousands of samples, which are
needed to obtain statistical power. A number of large
projects are generating such data and collaboration
across different projects is increasingly taking place.
Some of these initiatives will be driven by national scale
initiatives. In UK, the “Genomics England” sequencing
initiative has the ambition to perform whole-genome
sequencing of 100,000 individuals. Other initiatives are
driven by the private sector, for instance, Regeneron
aims to whole-exome sequence the entire 500,000
individuals of the UK Biobank. As well as sequencing
large populations of European ancestry, it is also
important to apply sequencing to more diverse
populations. This topic will be discussed in more detail
in Part 5.



PART 4. METABOLIC GENOME RESEARCH IN ISOLATED POPULATIONS

The great majority of genomic research within T2D and
metabolism has been performed in the European
population. As described, major GWAS meta-analyses
have been performed in this population leading to the
identification of hundreds of genomic loci [47, 76].
GWAS have also been performed in other large
populations such as the South Asian and East Asian
population [222, 264, 265]. In general, the genetic
heterogeneity between these populations in relation to
T2D risk is relatively low showing that the effect of lead
SNPs from European GWAS are transferable to other
large populations in spite of allele frequencies being
very different [266]. Nevertheless, other populations
than the European population are important for
studying T2D and metabolic genetic risk factors partly
since differences in LD between populations can help
defining causal variants for each locus across
populations [46]. Furthermore, other populations may
also harbour unique genetic variation, which brings
people at risk of disease. These variations are often rare
or absent in the large European population or only put
people at risk in specific given combination of genetics
and environment. On the other extreme than large,
open populations as the European are isolated
populations. Isolated populations are living in limited
geographical regions separated from other populations
and inhabitants therefore share environment to a much
larger extent than inhabitants in large outbred
populations, such as the European population. At the
same time, diseases as T2D are more likely to have a
specific genetic aetiology in an isolated population
[267]. One such isolated population is the Inuit
population living in Greenland.

Genomic characteristics of isolated
populations - what are the implications for
genetic association studies?

Different isolated populations have many features in
common even though the extent of the implications of
being an isolated population depends on depth of the
genetic bottleneck, length of isolated period, specific
environmental factor and other factors. The current
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description is based on the historically isolated
population of Greenland, which is the basis of papers 7-
9. Due to its inhospitable environment, Greenland was
one of the last areas on Earth to be populated and today
remains one of the least populated countries in the
World with a population of less than 60,000 individuals.
Historically, Artic people have populated Greenland for
thousands of years but the current Inuit population has
lived less than 1000 years in Greenland [268, 269]. The
Inuit people has lived isolated in the Arctic for
thousands of years and migrated to Greenland from the
northern part of Canada [268, 270]. Historically the
Inuit population has been small and living in isolation
and during these many years the Inuit people has
adapted culturally and genetically to the extreme
environmental conditions of the Northern Arctic.
Starting with the arrival of the priest Hans Egede in
1721, Europeans have entered Greenland, which has
led to genetic admixture. Studies of the modern
Greenlander has shown an average proportion of
European ancestry of 25% and that 80% have some
degree of European genetic ancestry [270]. The degree
of European ancestry varies a lot across Greenland and
is by far less in the isolated areas in the north and east
and in the small villages in the south of Greenland [270]
(Fig. 14).

Historically isolated populations, such as the
Greenlandic Inuit population, have several distinct
genomic characteristics, which have implications for
their use in genetic disease mapping. First, LD is
generally much higher in Greenlanders than in the
European population or other large populations,
although the recent European admixture in Greenland
has reduced the LD significantly compared to the
ancestral Inuit population [270]. This feature makes
indirect association mapping, which is the principle of
GWAS, more efficient, since each genotyped marker
tags variation in a larger genomic region. Second, the
Greenlandic individuals have less genetic variability
than found in larger open populations. Especially they
have fewer rare variants than seen in large population
changing the frequency spectrum of this population
towards more common variants [270].
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sampling locations in Greenland. Modified from ref. [270]
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The reasons for this are the founder effect - i.e. loss of
genetic variation that occurs when a new population is
established by a very small number of individuals - and
the increased power of genetic drift caused by a long-
standing isolation and small population size. Hence
disease-causing variants, if not absent in Inuit, will have
a higher probability of being common, which leads to
increased statistical power to be detected by
association mapping. As such, the history of the
Greenlandic population provides several advantages in
genetic association studies, which are to some extent
shared with other isolated populations [271]. Yet, the
strength of these features vary according to local factors
such as the length and degree of isolation, the depth of

the founder effect and the local environmental
circumstances. However, the Inuit population is
different from well-studied founder populations, such
as the Finnish and the Icelandic populations, since it is
not genetically close to any large population. Estimated
by Fs, which is a commonly used measure for
population differentiation, the European population
and the Han Chinese population are genetically closer
than the Greenlandic Inuit population and one of its
genetically closest related large populations, the Han
Chinese population [270]. A major reason for this is that
the Inuit population has been small and isolated in the
Northern Arctic for a much longer period than most
other isolated populations.
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Diabetes and obesity in the Greenlandic
population

Although T2D prevalence is generally high and
increasing worldwide, some specific populations and
ancestry groups have different occurrences of T2D
[272]. The classic example is the Pima Indian
population in Arizona. This population has one of the
highest prevalence of T2D, which has increased during
atransition from a traditional lifestyle with limited food
supply and high physical activity to a modern
Westernised lifestyle. Their diabetes is characterised by
features of the metabolic syndrome, i.e. obesity, insulin
resistance and dyslipidaemia [273, 274]. In the
Greenlandic population, the prevalence of T2D defined
by World Health Organization 1999 criteria [275] has
increased dramatically. In the early 1960-ties, a survey
of the Greenlandic population was performed and
found almost no cases of diabetes [276]. In contrast, the
latest population surveys conducted in 1999-2010 have
shown a prevalence of more than 10% [277, 278]. The
prevalence of T2D is on the same level as in India and
twice as high as in Denmark [10]. Obesity is the most
important risk factor for diabetes and the prevalence of
obesity, mostly abdominal obesity, is high among the
Inuit population of the Arctic region [279] and has been
increasing since the 1960-ties [280, 281]. Several
studies have shown that the obesity-dependent risk of
metabolic disease and complications is lower than in
the European and other populations [279, 282, 283].
Furthermore, a study has indicated that Greenlanders
have more subcutaneous fat tissue than Europeans for
any given waist circumference, possibly partly
explaining the lower cardiovascular risk associated
with obesity in Greenlanders [284]. Importantly, the
rapid societal changes likely play an important role in
changing lifestyle and risk of obesity and T2D. Of
interest, the prevalence of T2D in Greenland has been
found to be higher in rural than in urban areas [285],
which is in contrast to most other populations, where
urbanization is a risk factor for T2D. In addition, the
association between dietary intake and risk of T2D is
also different than expected since a study has found
higher risk in Greenlanders eating a traditional Inuit
diet with a high content of marine mammals and fish
[286]. The traditional way of living in Greenlandic is
physically demanding. However, this has changed with
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the general change in lifestyle towards people being
less physically active both at work and in their way of
transportation. In data measuring physical activity by
movement and heart monitoring, level of physical
activity was not associated with T2D, but with
estimates of peripheral insulin sensitivity, which is a
risk marker of diabetes development [287]. Changes in
traditional lifestyle risk factors therefore do not seem to
explain the high T2D prevalence, although confounding
by admixture may partly have influenced the results of
these studies.

Genetic risk factors may cause some of the high risk of
T2D in the Greenlandic population and may possibly
explain some of the epidemiological findings. The
ambition of the research in the Greenlandic Inuit
historically isolated population included in this
dissertation was to map genetic risk elements related to
T2D and metabolism. The investigations presented in
papers 7-9 were performed in up to 5,000 adults
sampled as part of the two health surveys of the
Greenlandic population, B99 and IHIT and from a
cohort of Greenlanders living in Denmark [277, 278]. In
these population surveys, T2D-related phenotypes
were collected, including data from an OGTT in all
individuals above 30 years of age in the two
investigations performed in Greenland. This sample
represents up to ~10% of the adult Greenlandic
population and was sampled from all parts of Greenland
(Fig. 14).

The TBC1D4 p.Arg684Ter nonsense variant
imposes a high impact on type 2 diabetes
and insulin resistance

In paper 7, we described our initial genetic association
analysis in the Greenlandic population [7]. We
performed a genetic association study of variation on
the MetaboChip [288] in relation to fasting and 2 hr
plasma glucose and serum insulin during an OGTT. Here
we discovered an intronic variant in TBC1D4, which
was associated with plasma glucose and serum insulin
2 hr after an oral glucose load. By exome sequencing in
a small subset of the population, we found a
p-Arg684Ter nonsense variant in TBC1D4.
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This variant was likely to be the causal variant and it
mainly has a recessive genetic effect (Fig. 15).
Approximately 4% of the Greenlanders are
homozygous carriers of p.Arg684Ter. On average, these
individuals had 3.8 mmol/L higher 2-hr plasma glucose,
160 pmol/L higher 2-hr serum insulin during the OGTT,
a 1 SD decreased insulin sensitivity and much higher
risk of T2D (OR 10.3) as compared to the rest of the
population (Fig. 15) and of interest, 88% of the
homozygous carriers above 60 years have T2D. These
effect sizes are 10- to 50-fold higher than reported for
common variants on these traits in the European
populations [46, 47, 87, 89]. Interestingly, homozygous
carriers had the same level of obesity and circulating
lipids as the rest of the population, supporting the very
specific nature of this T2D subtype. The TBC1D4
p.Arg684Ter nonsense variant is located in the long
isoform of TBC1D4, which is not expressed in
homozygous carriers of the variant (Fig. 15).

The findings from paper 7 were subsequently
corroborated in a study of 1141 Inuit from Nunavit,
Canada and Alaska, which were investigated by an
OGTT [289]. Of interest, the TBC1D4 p.Arg684Ter
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variant was present at comparable frequency in these
populations indicating a presence throughout the North
American Arctic Inuit populations.

TBC1D4 encodes a protein that acts as a mediator of
insulin-stimulated cellular glucose uptake through
increasing GLUT4 translocation [290]. Thcld4 -/-
knockout mice have decreased plasma glucose levels,
have lower GLUT4 levels and have decreased insulin-
stimulated glucose uptake in muscle and adipose tissue
compared to wild-type mice [291, 292]. TBC1D4 may
also play a role in the insulin sensitising effects of
exercise [293, 294]. Subsequent research points to that
the effect of TBC1D4 p.Arg684Ter on 2-hr plasma
glucose levels may be modified by the level of physical
activity of the individual such that very physically active
homozygous carriers have a smaller genetic effect on 2-
hr plasma glucose [295]. This finding indicates that
variant carriers would benefit from more specific
intervention with physical activity to avoid T2D. In
addition, these results point to TBC1D4-independent
mechanisms between physical activity and glucose
uptake.
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Taken together, our findings therefore suggest that
TBC1D4 p.Arg684Ter in homozygous carriers imposes
a reduced insulin stimulated translocation of GLUT4 to
the cell membranes of skeletal muscle, which leads to
post-prandial hyperinsulinemia and hyperglycaemia
(Fig. 16). As such, the variant causes isolated peripheral
insulin resistance, which leads to T2D. Constitutive
recycling of GLUT4 causing an elevated level of GLUT4
in the muscle cell membrane in the fasting state is
probably responsible for the decreased fasting levels of
glucose and insulin observed in homozygous carriers.

Common T2D is characterised by pathophysiologic
defects of multiple organs, each contributing to the
overt disease. However, homozygous carriers of the
identified TBC1D4 nonsense variant, have a specific
subtype of T2D with what seems to be a tissue-specific
molecular defect. Homozygous TBC1D4 p.Arg684Ter
carriers are almost exclusively diagnosed with T2D due
to elevated 2-hr plasma glucose levels (Fig. 17)
underlining the specific nature of the inflicted T2D

subtype.

The finding of a genetically induced T2D subtype has
several implications. First, the single molecular defect
in patients with this T2D subtype opens for detailed
studies of biological and physiological mechanisms in
humans. Such studies will shed new light on
mechanisms between a dysfunction of TBC1D4, insulin
resistance and T2D. Second, epidemiological
investigations of the long-term risks associated with
this variant will help to elucidate the risk associated
with isolated postprandial hyperglycaemia. As such, the
TBC1D4 variant will work in a Mendelian
randomisation framework to shed light on the causal
relationship between hyperglycaemia and endpoints
such as T2D complications including cardiovascular
disease. As opposed to most Mendelian randomisation
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studies, studies involving TBC1D4 will have the
advantage that the functional implications of the
TBC1D4 variant are rather clear. For instance, T2D is
known to impose risk of cardiovascular disease and it
has been disputed whether fasting plasma glucose
levels, 2-hr OGTT plasma glucose or HbA;c levels are
better at predicting risk of CVD [297-299]. Yet, although
the variant imposes a strong effect on glycaemia and
T2D, the low number of homozygous carriers with
incident CVD may impede statistical power of such
analyses. Third, defining a subtype of T2D may have
future implications for treatment and prognosis of T2D
in this subgroup, although the specific implications and
evidence is still not available. For instance, it seems
logical that TBC1D4 variant carriers would not benefit
from treatment with exogenous insulin since they have
a high endogenous insulin production.
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Is the high effect size of TBC1D4 due to
genetic drift or positive selection?

The high effect on 2-hr plasma glucose, 2-hr serum
insulin, insulin sensitivity and T2D of the variant in
TBC1D4, calls for considerations on why the variant has
a frequency as high as ~17% in the Greenlandic
population. In fact, the MAF in the ancestral Inuit part is
estimated to be 23% and it is present at comparable
frequency in other populations in the Northern Artic
[289]. In contrast, in ~123,000 individuals in data from
the gnomAD browser, the variant was only found in the
heterozygous form in two European individuals
(http://gnomad.broadinstitute.org/variant/13-
75898521-G-A). Several possible explanations for how
the variant can have reached such high frequency in an
isolated population, which has been through a genetic
bottleneck. First, it is possible that the reason is random
genetic drift, which in small populations like the
Greenlandic Inuit population, has a strong impact on
allele frequencies [300, 301]. Genetic drift is the
random fluctuation of allele frequencies and in large
populations, where detrimental variants are efficiently
removed by selection. However, in small populations,
selection is less effective and harmful variants may
increase in frequency. As described, few variants
segregate at low frequency in this population as
variants are either lost or driven to high frequency due
to the forces of genetic drift [270]. Alternatively, forces
of positive selection favouring the alternative allele may
be the reason behind the high frequency. This could be
interpreted as the TBCID4 p.Arg684Ter variant
previously was associated with a beneficial effect in the
context of the traditional Inuit diet with a low intake
carbohydrate [302]. Even though, in the modern
Greenlandic society, it poses a high risk of T2D, this may
be a relatively new feature. In paper 7, we presented
suggestive evidence that this is actually the case by
showing decreased variability at this locus; however,
future studies of selection and of interaction between
genotype and diet may shed further light on this
interesting question. In fact, a specific combination of
certain circumstances may be needed for such a variant
to impose the effect we measure with the detailed
OGTT-based phenotypes in the current data. These
specific factors, which may all be necessary for
expression of the phenotype, are homozygosity for the
genetic variant, consuming a diet with a certain level of
carbohydrate content and not being extremely
physically active. At least theoretically, if any of these
factors is removed, the phenotype will not manifest
itself.
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Applying a recessive genetic model to
discover additional type 2 diabetes risk
variants

The risk variant identified in TBC1D4 was found by an
additive genetic analysis although it proved to have the
major effect in homozygous variant carriers under a
recessive genetic model. This prompted us to repeat the
genetic association analysis of T2D across all data and
cohorts applying a recessive genetic model. As
described in paper 8, the recessive model has a clearly
improved statistical power over the additive model to
detect a variant, which is genuinely imposing a
recessive effect. The renewed analysis showed three
loci which were associated with T2D at Bonferroni
corrected study-wide significance level. These loci were
the previously identified TBC1D4 and the novel loci
ITGA1 and LARGE1. Of these, the variant in LARGE1 did
not reach genome-wide significance and while we
sought replication in both Yup’ik Inuit individuals and
in Danish samples, we were unable to validate this
association further. This fact illustrates one of the
difficulties, when performing genetic association
studies in isolated populations such as the historically
isolated Greenlandic population namely that the
availability of cohorts and samples for studies and for
replication is limited. This is of course the consequence
of the small population size of the Arctic region and the
absence of the specific genetic variants of interest in
other larger populations.

The most convincing novel locus from this study was
the ITGA1 locus on chromosome 5. Of interest, the
previously described recent GWAS of T2D identified
three independent variants in this locus each with a
distinct impact on risk of T2D [47]. However, none of
these variants were the same as the Greenlandic lead
variant and LD between variants is low in European
population (all r?<0.15). Furthermore, the variants
identified in the GWAS were found applying an additive
genetic model. For both populations, the causal variants
responsible for the association signals have not been
identified making comparisons difficult. This locus
serves as an example on the complexity of some
genomic regions. Future data in the Greenlandic
population with a higher genomic resolution and
recessive genetic analyses of European data may serve
to shed light on the multiple signals of the region.



Characterising homozygous loss-of-function
variants in humans

In studies presented in papers 7 and 8, we studied
variants for which the major impact is inflicted in
homozygous carriers. For the TBC1D4 locus, we were
able to pinpoint a causal variant, which was a variant
leading to a loss-of-function of TBCID4. Such
homozygous loss-of-function variants are of special
interest since they can be shortcuts to study human
biology related to specific proteins. Investigating
homozygous gene knockout model animals has been a
key procedure in understanding the biological role of
specific genes and hence proteins in health and disease
including T2D [303]. This is still a necessary and
important tool, yet differences between mice and men
can interrupt the biological translation, limiting the
translational influence of such models. Hence, there is a
great interest both in academic science and from the
pharmaceutical industry in identifying and
characterising large sets of humans with homozygous
loss-of-function alleles. Naturally occurring human
genetic variants provide “experiments of nature” that
can directly inform on the function of human genes. In
addition to providing novel insight into human biology,
they can aid in the identification and validation of genes
that would be efficient and well-tolerated targets for
therapeutic modification in both rare and common
diseases. In light of this, finding humans with
homozygous loss-of-function variants is very valuable,
because detailed physiological investigations of such
individuals can shed light on gene functions in humans
potentially paving the way for novel drug discoveries
for human diseases [304].

While identification of homozygous loss-of-function
variant carriers is the goal, there are different ways to
get there. Ongoing large-scale whole genome and whole
exome sequencing of European individuals will reveal a
high number of loss-of-function variants, however most
of these possibly disruptive alleles are rare in
Europeans [305], making investigations of homozygous
human loss-of-function mutation carriers particularly
challenging. As an example, 40,000 individuals will
have to be investigated to identify one homozygous
carrier of a loss-of-function allele that is carried by 1%
of the population (MAF ~0.5%) and as the frequency of
the loss-of-function allele drops, the required sample
size to identify homozygous carriers increases
exponentially. Investigation of heterozygous loss-of-
function variants may be of high interest as well, as
shown numerous times for instance in the described
study of rare variation in SLC30A8 in relation to T2D
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[211], however it adds complexity to the biological
interpretation. A number of different initiatives are
pursuing this approach. For instance, the DiscovEHR
study, which is a private collaboration between
Regeneron Genetics Center and Geisinger Health
System, have applied large-scale exome-sequencing to
discover loss-of-function alleles, which could be
potential drug targets in T2D and CVD leading to several
important findings [236, 306, 307]. Furthermore, two
recent studies used data from the UK Biobank to
evaluate the impact of loss-of-function variants across
the genome on complex phenotypes. In these studies of
between 337,000 and 406,000 individuals, a number of
associations between rare or low-frequency loss-of-
function variants in the heterozygous state and complex
phenotypes were found [308, 309]. Examples of these
are an association between rare GPR151 variants and
protection from obesity and T2D and between rare
variants in PDE3B and elevated height, improved body
fat distribution and protection from coronary artery
disease [309]. However, the evaluation of loss-of-
function variants in the homozygous state was mostly
limited to very common variants such as rs601338 at
FUT2.

Alternative ways to address this issue relate to specific
populations with characteristics leading to changes in
the genomic constitution. First, as described it is
possible to use isolated populations, where the founder
effects and genetic drift can make homozygous loss-of-
function carriers more frequent [310]. This means that
under a recessive model, the magnitude of the
bottleneck and the level of isolation will determine the
extent of the increase in homozygous genotypes. A
study of rare homozygous loss-of-function carriers in
the Icelandic population showed that 7.7% of
genotyped individuals from the Icelandic population
are homozygote or compound heterozygote carriers of
loss-of-function variants with a MAF below 2% together
covering more than 1000 genes [311]. In addition,
studies of Finns have shown more homozygous low-
frequency loss-of-function variants than in non-Finnish
Europeans [312]. Given the length and depth of the
genetic bottleneck in the formation of the present-day
Inuit population [313], it is expected that the
frequencies of such variants will be even higher in the
Greenlandic population. Studies of the Greenlandic
Inuit population have shown that this special
population carries fewer deleterious variants but that
these segregate at higher frequency than in other
populations [314]. Furthermore, Greenlandic Inuit have



a higher genetic load compared to other populations
[314].

Another option for studying homozygous loss-of-
function variants to infer human biology and evaluate
potential drug targets, relates to the special features of
populations such as the Pakistani population or specific
populations in the Middle East. Here, the marital
traditions result in a population with a higher rate of
consanguinity, resulting in increased frequencies of
homozygous loss-of-function mutations. A recent paper
used data from a cohort of 10,503 individuals from
Pakistan with a high rate of consanguinity to identify a
number of interesting associations between
homozygosity at specific genes and complex
phenotypes such as an association between NRG4 and
reduced fasting plasma insulin and C-peptide
concentrations. Furthermore, homozygous carriers of
loss-of-function variants in APOC3 were identified
strengthening and validating the association between
APOC3 and levels of triglycerides [315]. These findings
in a relatively low sample size show the power of this
approach.

The ADCY3 locus - revealing novel biology in
obesity pathogenesis

As described, the historically isolated Greenlandic Inuit
population holds increased numbers of loss-of-function
variants, which are not rare. Hence, a logical next step
was to look specifically for loss-of-function variants,
which segregates at sufficiently high frequency to

enable the study of homozygous carriers. In the study
presented in paper 9, we therefore used the exome
sequencing data of 27 individuals generated previously
[7], to detect common putative loss-of-function variants
across the exome. To narrow the search, we intersected
the identified variations with genes at known GWAS
loci, since there is an increased chance that such genes
harbour loss-of-function variants with a stronger
impact on phenotype. The sole variant to emerge from
this investigation was a splice variant in ADCY3, a locus
previously associated with BMI in GWAS [316, 317]. In
paper 9, we describe the relationship between this
variant, c¢.2433-1G> A, which has a MAF of 2.3% in the
Greenlandic cohorts, with metabolic phenotypes in the
Greenlandic samples.

We show that the variant is associated with obesity,
obesity-related phenotypes, glycaemia and T2D with
the largest effect in a recessive genetic model. The seven
homozygous carriers had 7.3 kg/m? higher BMI, 8.1%
higher fat percentage and higher risk of T2D. To show
that this variant actually results in loss of functional
ADCY3, we performed RNA sequencing of blood cells in
17 individuals to display the aberrant splicing patterns
caused by the variant. Here we showed that the variant
results in two additional splicing patterns characterized
by intron retention or skipping of exon 14 (Fig. 18).
Thus, this mutation might impair the function of ADCY3
through shifting the expression of mRNA isoforms.
However, we did not measure protein levels in a
relevant tissue and it is thus unknown whether this
variant modulates the structural conformation of the
ADCY3 protein.

Figure 18. ADCY3 isoforms, observed a
loss-of-function variants and
functional consequences based on
RNA. a, [llustration of ADCY3 displaying
the three relevant transcript isoforms
with  their predicted functional
consequences. b, Normalized ADCY3

expression, stratified according to
ADCY3 c.2433-1G> A variant genotype. 6
¢, ADCY3 transcript isoform fractions
stratified according to ADCY3 c.2433- 5
1G> A variant genotype. From paper 9. 4
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Of interest, our discovery of the splice variant in ADCY3
was published in the same issue of Nature Genetics as
another study finding a relationship between variation
in ADCY3 and obesity [318]. Saeed et al. investigated
severely obese probands from consanguineous families
from Pakistan by exome sequencing and found three
homozygous or compound heterozygous, potential
causative variants in ADCY3 including a frameshift
variant, a splice site variant and a missense variant
[318]. The three variants were functionally
characterised and shown to be loss-of-function variants
that affect the catalytic activity of the encoded protein.
As such, these findings corroborate our findings from
the Greenlandic population and firmly establish ADCY3
as the causative gene of this locus in obesity. At the
same time, the two studies illustrate different
approaches by which to arrive at homozygous loss-of-
function variants associated with extreme phenotypes
(Fig. 19).
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Figure 19. Novel ADCY3 mutations [9, 318] and their
possible functional consequences. Modified from ref.
[319] with permission.

ADCY3 catalyses the synthesis of cyclic AMP (cAMP)
from ATP. Studies of mice have associated loss of ADCY3
function with  impaired insulin sensitivity,
dyslipidaemia, obesity and increased fat mass,
hyperphagia, depression-like  phenotypes and
resistance to leptin [320-323]. Possibly, leptin
resistance occurs through disrupted cAMP signalling in
primary cilia in hypothalamus [322]. Interestingly,
previously described syndromic forms of obesity,
including Bardet-Biedl and Alstrom syndromes, have
been found to be caused by altered function of primary
cilia [324]. Along those lines, a study demonstrating
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that the MC4R-ADCY3 pathway in neuronal primary
cilia is involved in monogenic obesity [325] was
published back to back with the two genetic association
papers [9, 318]. Interestingly, MC4R and ADCY3 were
specifically co-localized in the primary cilia of a subset
of neurons in the paraventricular nucleus of the
hypothalamus. Furthermore, obesity-associated MC4R
mutations impaired ciliary localization and specific
inhibition of ADCY3 activity at primary cilia of MC4R-
expressing neurons was sufficient to cause obesity in
mice. These findings confirm the essential role of MC4R
and ADCY3 at primary neuronal cilia in regulating body
weight [325]. Together, these studies highlight a causal
role of ADCY3 and provide new genetic associations and
mechanistic insights in the aetiology of obesity and
T2D. In conclusion, these recent studies reinforce a
rationale for pursuing ADCY3 as an attractive
therapeutic target for obesity and obesity-associated
disorders.

Future research in the historically isolated
population such as the Greenlandic Inuit

From initial studies of Greenlandic Inuit, it is evident
that this is a fruitful avenue for identification of
important variants and genes with biological impact on
T2D and metabolic disease. Some of the reasons for this
is connected to the specific genomic context of this
population, as described earlier. Especially in the cases
where we have been able to pinpoint causal variants as
shown for TBC1D4 and ADCY3 make biological
translation from association to disease mechanisms
more straightforward than what is the experience from
GWAS of the European population. While studies of
isolated populations, like the Greenlandic Inuit,
evidently have a number of advantages, there are also
some limitations. First, collection of samples from a
small population living spread over a large area in
places hard to reach, is very difficult and with a small
population, the sample size of a cohort will naturally be
limited. Second, replication of findings from
Greenlandic cohorts is difficult as evident by the study
presented in paper 8. Sources of cohorts with similar
characteristics are very limited.

The findings from Greenlandic Inuit presented in the
current dissertation are based on what in a modern age
of genomics seems as rather limited datasets consisting
of MetaboChip [288] data for all individuals and exome
sequencing data in 27 individuals and RNA sequencing
in 17 individuals. More and deeper omics-data will



likely reveal more findings and we are currently
generating extensive genomic data, including genome-
wide array genotyping combined with whole-genome
and RNA sequencing in a subset, in the Greenlandic
population to evaluate the potential in more detail and
to discover additional individuals with functionally
disrupted genes. A putative approach is to re-examine
such individuals and families by recall-by-genotype
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principles and perform physiological evaluation with
statistical confidence, although such an approach poses
practical challenges related to geography. Furthermore,
given the high-impact genetic variants found in
Greenlanders, it is likely that research in this population
will serve as a forerunner for clinically translation of
genetic findings.



PART 5. PERSPECTIVES ON GENOMIC DISCOVERIES IN TYPE 2 DIABETES - WHAT IS MISSING AND

WHAT MAY THE FUTURE HOLD?

The genetic architecture of type 2 diabetes
and complex metabolic phenotypes

The term genetic architecture in human genetics
describes the characteristics of genetic variation that
are responsible for the heritability of certain
phenotypes [326], i.e. the complete understanding of all
genetic contributions to a phenotype or disease and
includes the number, effect size, allele frequency of
variants and the possible interactions between the
variants, or between variants and environmental
factors. Within metabolic complex traits, the shape of
the genetic architecture has been discussed for years.
The last decade of research has shed light on specific
elements in this composition and a more detailed
picture across the allele frequency spectrum of genetic
variation is currently emerging. As described, the
question if the major disease liability is carried by
common genetic variation or by rare variants unique to
specific families or individuals has been debated [202,
204]. With the emergence of large-scale sequencing and
densely imputation-based studies, we are obtaining
growing empirical knowledge of the relative
contribution of these types of variation. The current
picture in large populations, such as the European, is
clearly that the major part of the genetic risk of
metabolic traits as T2D and obesity is explained by
common genetic variants [47, 92, 97, 98, 216, 266].
While specific rare variants have been shown to change
risk in small subsets of the population [137, 211], these
variants do not contribute much to the genetic liability
on the population scale. For instance, in the latest GWAS
of T2D the identified common variants (MAF>5%,
n=323) explained 16.3% of phenotypic variance, while
the identified low frequent and rare variants (MAF<5%,
n=80) only explained 1.1% of variance [47]. Still, rare
alleles contributing to risk of T2D and obesity are being
increasingly revealed with the growing sample sizes in
studies applying sequencing or densely imputed
genotyping [67, 142, 216, 241]. Since rare variants with
higher effect size can provide valuable and rapid
biological and clinical insights, these findings are of
huge interest. Another longstanding debate relates to
the extent of genetic heterogeneity in complex traits
and to the effect sizes imposed by individual variants.
The emerging picture for both T2D and BMI shows an
extremely high degree of genetic heterogeneity with
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hundreds of proven risk variants and indications of the

existence of many more common variants with low
impact [46, 47, 76,92, 95,97, 98, 216, 266].

For risk of T2D and variation in BMI, GWAS have, as
reviewed in Part 1, identified a plethora of associated
genetic variation in the European population. The
relationships between the MAF and effect size inflicted
on risk of T2D or variation in BMI, respectively, for
these variants are illustrated in Figure 20. In the
European population (blue dots), the relationship
between MAF and effect size lies mainly on hyperbolic
curves with increasing effect sizes for lower allele
frequencies. The curves almost co-localise with the
results of statistical power analysis of study samples of
100,000 to 150,000 individuals for BMI and T2D,
respectively (Fig. 20). Above this curve are alleles with
higher effect size than expected from their frequency;
however, relatively few of these seem to exist in large
populations, with the obvious examples being the
TCF7L2 locus for T2D and the FTO locus for BMLI. It is
expected that many more yet undetected variants lie
below the curve; however, limitations in statistical
power currently impede their discovery.

The genetic architecture of common complex traits
such as T2D and BMI emerging over the past decade is
putting empirical data and evidence on years of
discussions on the genetic model involved in the genetic
predisposition but producing results from densely
imputed genotyping and from sequencing-based
studies. These findings point to a genetic model in
which a very high number of risk alleles co-exist in a
complex highly polygenic model (Fig. 20). This is also
illustrated by findings of a whole genome sequencing
study of T2D [216]. Both empirical and simulated data
from this study suggested that low-frequency and rare
variants contribute much less to T2D heritability than
do common variants [47, 216]. The observed polygenic
model is in contrast to earlier theories, which predicted
a limited number of risk alleles including “major genes”
with higher effects. However, a paper proposing an
omnigenic model has recently challenged the polygenic
model. In the omnigenic model, it is proposed that all
variants affecting gene expression in disease-relevant
cells contribute to the genetic susceptibility of a specific
trait implying that a substantial fraction of all genes



contributes to the genetic predisposition to any given
trait [327]. The omnigenic model would help to explain
the high complexity of genetic architecture, which is
currently emerging. Of interest, this model has
resemblance to the infinitesimal model, which has been
discussed for more than 100 years. In the infinitesimal
model, a huge number or potentially all variants, have a
non-zero but small role in phenotypic variation [328-
331]. Again, these theories mirror recent development
in studies of polygenic risk scores, which in some
studies includes more than 6 million variants with non-
zero effects [81]. The omnigenic model distinguishes
between core genes with a biologically interpretable
role in disease and other non-core genes; however, any
gene may be just a few steps from a core gene and hence
have a tiny but non-zero effect on the outcome. The
model points to a thus far unseen complexity in the
genetic architecture of complex traits and opens for

some fundamental questions. One such question relates
to the overall ambition of using the genetic mapping to
gain knowledge on the biology behind specific diseases.
What are we expected to learn about the specific
disease biology if thousands of genes are involved in the
genetic predisposition? Here the ambition may be to
map and characterise the core genes specifically
involved in disease. Since the core genes are expected
to have the largest effects among thousands of genetic
associations, it also implies that at some lower
threshold of effect size, further expansion of sample
sizes to find even smaller effects will not add much to
the biological understanding. However, also tissue- or
cell-specific effects and differences in effects through
different time windows in life will complicate the
simple distinction between core genes and non-core
genes and may lead to new important playing fields for
genetic research.
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The genetic architecture may vary between different
phenotypes [339] (Fig. 20) and it may also be
substantially different in other populations with
specific population history and circumstances such as
an isolated population. This is due the factors, such as
population size and the influence of selection and
genetic drift in an isolated population especially when
living with stronger environmental pressure, as
described in more detail in Part 4. The emerging picture
of the genetic architecture of T2D and BMI in isolated
populations thus appears rather different from in large
open populations. Here rather common variants with
frequencies above 1-2% have much stronger effects
than seen in large populations as the European
population. Among examples of these specific T2D-
associated variants in isolated populations are the
variants in TBC1D4, ITGA1 and LARGE1 [7, 8], but
findings also include a number of variants identified in
other isolated populations than the Greenlandic Inuit
population. In the Mexican population, a number of
studies have identified variants associated with T2D. In
2014, a missense variant in HNFIA (p.Glu508Lys)
associated with T2D with an OR of 5 [332]. This variant
was had a frequency of 2.1% in patients with T2D as
compared to 0.4% in individuals without diabetes. As
discussed in the next section, HNF14 is known for being
the genetic cause of maturity-onset diabetes of the
young (MODY) 3 and in addition, common variants in
this locus are associated with common T2D.
Furthermore, variants in SLC16A11 and IGFZ2 have been
associated with T2D in Mexicans [333, 334]. While
being more common in the Mexican population (MAF
24% and 19%, respectively), these variants also have
more modest effect sizes (OR 1.29 and 1.28,
respectively). Other interesting associations in isolated
populations include a missense variant in ABCC8
(p-Arg1420His) in the Pima Indian population (MAF
3.3%, OR 2.0) [335], a HNFIA missense variant
(p.Gly319Ser) in the Canadian Oji-Cree population
[336] and a nonsense deletion in LIPE associated with
T2D (MAF 5.1%, OR 1.8) in the Older Amish population
[337]. In Iceland, there is a large agreement with
associations in Europeans, yet some rarer potentially
population-specific variants in PDX1, PAM and CCND2
have also been demonstrated [170].

Also, for BMI, some specific associations have been
found in isolated populations; among them, the ADCY3
loss-of-function [9]. Of interest, a common missense
variant in CREBRF (p.Arg457GIn, MAF 26%) was
associated with a 1.4 kg/m? higher BMI in carriers in a
Samoan population [338]. For all these described
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variants associated with T2D or BMI in isolated
populations, it is the case that the identified variant is
absent or segregating at much lower frequency in large
populations such as the European or Asian populations.
Furthermore, for other metabolic traits several findings
have been done in isolated populations in subsets of the
Greek population [340, 341] or in Finns [342].

Bridging the monogenic to the polygenic
genetic landscape of type 2 diabetes in
specific hotspot loci

In general, the relationship between MAF and effect size
for T2D-associated alleles (Fig. 20) shows that in a
European population there is a tight boundary to the
effect size for any given MAF. It also illustrates the
emerging overall continuum of effects from very
common variants via rare alleles segregating in the
population towards the family-specific variation shown
to cause monogenic forms of diabetes. In addition, when
zooming in on specific loci, there are some interesting
findings showing the continuity of effects at certain loci
with allelic series of variants associated with diabetes.

There is a rather large overlap in loci between common
variants associated with T2D and rare variants
associated with monogenic diabetes such as maturity-
onset diabetes of the young (MODY) or permanent
neonatal diabetes mellitus, which goes for the GCK,
HNF1A, HNF1B, HNF4A, PPARG, KCNj11, GLIS3 and
WFS1 loci [50, 75, 343-351]. This is equally true for a
number of loci associated both BMI and with
monogenic subsets of obesity (MC4R, POMC, LEPR,
BDNF, SH2B1, PCSK1 and NTRK2) [91, 92, 316, 352-
357]. Elucidating an allelic series of variants in a locus
associated with different severity and manifestations of
the same phenotype can be important for several
reasons. Finding both rare and common variants
associated with comparable phenotypes in the same
gene leads to a solid causal connection between the
specific gene and disease pathogenesis. Such findings
may also shed light on the pathophysiological
connections between aspects of disease processes
shared by these phenotypes.

A prime example of such a locus is HNF1A. HNF1A
encodes a master transcription factor, which regulates
genes expressed in liver, kidney and pancreas [358,
359]. Rare family-specific variants in this locus have
long been known to cause MODY inflicting an insulin
secretion deficiency [347, 360]. Because of its role in



MODY, this gene was an early candidate gene for
common T2D and a missense variant was in 1999
associated with T2D in the Canadian Oji-Cree
population [336] (Fig. 20). The HNF1A locus has since
been firmly established as an risk locus for common
T2D in Europeans [75] and in the latest GWAS of T2D,
six distinct signals were found in the locus with
p.Gly226Ala (rs56348580) as primary lead variant
[47]. Furthermore, a rare missense variant in HNF1A
has been shown to have a high impact on T2D in the
Mexican population [332]. Several interesting aspects
of possible clinical value stems from these observations.
First, generally it is possible to treat patients with
HNF1A-MODY with sulphonylurea class drugs instead
of administrating exogenous insulin [361]. This makes
it extremely important to genetically identify HNF1A-
MODY patients, since they are often Cclinically
misclassified. It is currently unknown whether the
clinical implications observed in HNF1A-MODY
patients also applies to patients with rare high-impact
but not fully penetrant variants in HNFIA. A recent
study of carriers of the HNF1A p.Glu508Lys variant
found in the Mexican population indicated that clinical
use of sulfonylureas seen in HNF1A-MODY patients
does not translate to carriers of this variant [362]. This
finding indicates that the clinical implications need to
be proven for each specific class of associated variants
or potentially for every specific variant, making the
clinical translation extremely tedious or impossible.
Another implication of such an allelic series of
associations for a specific gene is that it highlights the
importance but also the difficulties in assigning the
proper molecular diagnosis for variants, which have not
been intensively studied previously. As most families
with HNF1A-MODY have family-specific variants, it can
be extremely difficult to call a variant as disease causing
in a suspected MODY patient. Here large-scale and
systematic functional screening of potential mutations
in important genes, such as previously done for the
T2D-associated PPARG gene [363], will improve the
interpretation. However, since functional in vitro
screening is not a perfect tool, the results will need to
be interpreted together with other clinical and
molecular evidence. Building such algorithms for
prediction of causative effects of specific variants is of
high clinical importance [364] and is, together with
increased knowledge on how to clinically care for
patients with high-impact but non-monogenic variants,
a major objective for future translational genetic
research.
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Within obesity, the major example of a gene involved in
both common forms of obesity and monogenic subsets
is MC4R. Here coding variants are a relatively frequent
cause of familiar obesity [365] and common variants
were associated with BMI in one of the early GWAS [91].
Recently, also rare coding missense variants have been
implicated in variation in BMI at the population level
showing higher effect than for the common variant [67]
(Fig. 20).

Precision medicine in type 2 diabetes - a
future prospect or an illusion?

In T2D, there is substantial heterogeneity in the
response to medical treatment. One of the hopes of
shedding light on complex trait genetics has been to be
able to identify subgroups of patients with more similar
disease pathogenesis and to use such subgrouping to
direct specific treatments for groups of patients
achieving higher efficacy and fewer side effects. As such,
knowing the specific genetic risk factors would pave the
way for personalised or stratified medicine such that
prevention, diagnosis, treatment and prognosis would
be informed by the genetic profile of the individual.
Lessons from monogenic metabolic disease suggest that
identification of genetically homogenous groups may
lead to improvements in treatment of the patient [366].
Here genetic diagnosis has changed the clinical care of
many patients with either permanent neonatal diabetes
mellitus or MODY. This has for instance led to
discontinuing of treatment for patients with mutations
in GCK or change of treatment to drugs of the
sulphonylurea class in MODY patients with mutations
in HNFIA and patients with permanent neonatal
diabetes mellitus with mutations in KCNJ11 or ABCC8
[349, 360, 366-368].

A number of mostly smaller studies have been
performed seeking to associate common genetic
variation with specific existing disease treatments in
T2D, mostly metformin and sulphonylurea but also
other classes of T2D medication, either by analysing
validated T2D risk variants or by applying GWAS. As
reviewed in 2014, there is some evidence for
pharmacogenetic effects of the commonly used T2D
treatments on immediate treatment outcome, mostly
evaluated by the HbA;c levels, but studies of sufficient
size are lacking [369]. Of interest, in 2016 a GWAS
investigated genetic variation in relation to response to
metformin, which is the first-line treatment in T2D,
measured by HbA;c levels [370]. Here an intron variant



of SLC2A2, which encodes the glucose transporter,
GLUT2, was associated with a 0.17% greater
metformin-induced reduction in HbA;c in 10,577
European participants [370]. The clinical impact of this
association has not yet been fully investigated, but it is
likely that genotyping results for such a variant in T2D
patients may in the future be included in individualised
treatment choice algorithms. This is especially the case
in a future clinical scenario where full genotype or
sequence data are available for all patients to inform
clinical decision-making so that such variants do not
need to be specifically selected and genotyped. In
general, findings from pharmacogenetic studies have
not been as solid as to offer real clinical value at present.
However, a growing interest for the field of genetics in
the pharmaceutical industry, an increasing tendency to
make clinical trial data available for other researchers
and the advent of large biobanks with register-based
prescription and outcome information may change this
within the coming years. From current findings,
however, it may questionable if such genetic variants
with a validated pharmacogenetic impact may be
sufficiently strong to predict outcome of specific
pharmacological treatment, but may add to prediction
of effect coming from clinical disease-related data.

The emerging genetic landscape of T2D and metabolic
diseases in large populations as the European and in
isolated populations as the Greenlandic have huge
consequences for the future prospects for the utility of
genetic discoveries to improve clinical care of patients.
In the Greenlandic population, the large effect size of
identified genetic variants [7-9], may make a shortcut
to precision medicine as single variants define specific
subgroups of individuals and patients. The most evident
case is for homozygous carriers of the TBC1D4
p.Arg684Ter variant where future studies may well
bring evidence for specific treatment and prognosis
prediction in these individuals.

In large populations such as the European population,
there is no obvious evidence for subgrouping and
precision medicine based on genetic risk factors for the
bulk of T2D patients, but there are several indications
that genetics may be useful for smaller specific subsets
of individuals. Such subsets may be patients with
MODY, which accounts for ~1% of patients with T2D
[371] or potentially individuals with rare variants with
higher impact in genes such as HNFIA or SLC30A8,
which may in due time show to be of clinical
importance. In the individual, the specific pattern of
hundreds or more likely thousands of genetic risk
alleles, acts in concert with environmental exposures to
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determine individual risk of disease. As discussed,
common genetic variants individually unanimously
impose modest changes in the risk of T2D and adiposity.
Although genome-wide evaluation indicates that the
full set of variants in well-imputed genotype data
explain a substantial amount of heritability [47, 100,
199], the high complexity and genetic heterogeneity
makes genetic prediction of T2D or obesity and
genotype-specific interventions extremely difficult.

In the process of determining the specific genetic
vulnerabilities increasing risk of T2D, important
lessons are being learnt about the pathogenic
constitution of the disease. Although subgrouping of
individuals based on major disease aetiologies is an
obvious goal in order to achieve clinical translation, the
genetic risk composition and the complexity seen in
biological disentangling of these genomic loci, display
the complexity and heterogeneity of T2D. The
consequence of this is that it is overly optimistic to
believe that the disease can be broken into a limited
number of disease entities for which specific clinical
management can be installed. Instead, as suggested in a
recent commentary [372], the pathogenesis in T2D can
rather be seen as liabilities and defects on a quantitative
scale related to the major pathophysiological processes
that contribute to diabetes risk and progression. For a
minor subgroup of patients, one or few defects will
dominate the set of liabilities and for such patients
targeted clinical intervention may be possible.
However, for the majority of patients, a number of
parallel liabilities with modest impact on multiple
disease processes are the root of the disease making the
pathogenesis highly heterogenic [372]. Identifying and
specifically targeting the multiple defects and processes
are huge challenges for reaching precision medicine in
the bulk of patients with T2D. Hence, it will be natural
to start the hunt for precision medicine in T2D by
seeking to identify the smaller subsets of patients with
rather uniform disease processes. With the outlook of
genetics, this may be done identifying subsets with high
impact variants as seen in isolated populations [7] or by
identifying patients with a combined load of specific
variants. This combined impact could likely be alleles
with an impact on insulin secretion, a group of patients
which is imaginable to be able to target with other
clinical approaches than the metformin treatment used
as first line standard drug [373]. In addition, novel
developments give some hopes to be able to use GWAS-
based findings to get closer to precision medicine in
T2D. First, the application of polygenic risk scores may,
as described in Part 1, be clinically applicable to



pinpoint subsets at particularly high risk of disease [47,
77,81, 374] and future translational studies may depict
if these individuals will benefit from specific preventive
initiatives or treatment. Here of special interest is the
construction of polygenic risk scores for T2D-related
endophenotypes since individuals at the extreme high
end of such scores may have a more uniform T2D
pathogenesis. Second, recent studies applying
clustering of T2D-associated variants have indicated
that discrete groups of variants can be formed and that
up to 30% of T2D patients are in top 10% of the genetic
risk score based on variants from a single cluster [143].
These findings support the use of genetics to
deconstruct T2D heterogeneity at least in a subset of
patients with a dominant disease process, as discussed
above. These findings indicate that classification of
patients by these genetic pathways may offer a step
toward genetically informed T2D patient management.

The ability to individualise treatment based on genetic
information will likely prove to be a continuum from
monogenic subsets with highly individualised
treatment, over genetic identification of
pathophysiological specific subgroups of patients with
rare but high-impact variants or accumulation of
common risk alleles to a large group of highly
heterogeneous patients in which knowledge of genetic
profile will not add significantly to clinical care. Yet,
with the ever-falling costs of genome genotyping and
sequencing, the future will likely bring a situation
where all patients have their full genome sequenced
thereby opening for large-scale and more accurate real-
life studies of genetic impact on treatment outcome in
different strata of patients.

To get to precision medicine in the future it seems clear
that more than genetic data are needed to be taken into
consideration. A recent study took a step away from the
omics techniques and used six rather basic clinical and
biochemical phenotypes and applied clustering
methods to seek to subgroup newly diagnosed T2D
patients [375]. These analyses identified five distinct
subtypes of T2D, which were characterised by certain
phenotypic features assessed soon after diagnosis and
possibly  representing  broad  disease-related
pathophysiological processes. These included early-
onset severe autoimmune diabetes (6.7% of patients),
severe insulin-deficient diabetes (17.5% of patients),
severe insulin-resistant diabetes (15.3%), mild obesity-
related diabetes (21.6%) and mild age-related diabetes
(39.1%). Rates of diabetes-related complications
differed between the subgroups [375]. While being of
huge interest, one limitation of this approach resides in
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the use of phenotypic criteria for clustering that are
ascertained at disease onset and are not necessarily
generalizable to other stages of disease development.
This is in contrast to a genetically driven strategy. As
such, the clinical translation of these findings remains
unclear; however, the study does provide a
steppingstone on which to build future subgrouping
strategies.

Other emerging sources of data possibly driving future
T2D subgrouping with the potential to change clinical
care come from other types of omics data. Such data, for
instance transcriptomics, proteomics or metabolomics
data sources, typically lie on the biological pathway
between genetic markers and clinical phenotypes and
hence are closer to phenotype. While this may provide
greater precision to predict phenotype, for instance as
seen in a recent paper based on data from the
Framingham study [376], it also leads to more complex
interpretation as results are related to the specific cells,
tissues or organs, to time-dependent and context-
dependent effects and to classical epidemiological
challenges, such as confounding and reverse causation.
Hence, as for the study by Ahlqvist et al. [375], it
remains crucially important that findings represent
reflections of true disease aetiology and are not merely
different stages in disease progression. Yet, if achieved,
the challenges may turn to be opportunities since
offering dynamic tracking of disease progression via
omics data.

Emerging biological translation of genetic
findings

As reviewed, research during the past decade has
revealed a large number of specific genetic variants
associated with obesity or T2D. An obvious next goal is
to aim to shed light on the biological mechanism behind
the associated variants. Here genetics offer the
possibility to test mechanistic relationship between
gene variation and human phenotype directly at the
cellular level. However, in general it has proven very
difficult to elucidate the paths from associated marker
to distal phenotype. A number of obstacles are making
this process extremely cumbersome. First, finding the
causal variant at a locus will be the first step to find the
mechanisms where for some loci more than one
functional variant will exist. However, since most of the
identified signals map to noncoding regions of the
genome, the identity of the genes through which they
operate is often obscure [377]. Even for coding variants,



the translation from associated variant to causal variant
may not be straightforward. Although association of
rare coding variants may point directly to the causal
variant and the causal transcript, yet, as discussed in
Part 3, even for common coding variants it may not be
straightforward to assign the functional variant.
However, for predicted loss-of-function variants, as
identified in papers 7 and 9, the evidence for functional
variants and genes may be much easier to obtain.

Identifying the causal variant and the effector transcript
in a locus is thus a quite huge task. At some loci, an
obvious biological candidate will be present, but for
most loci, this will not be the case. Non-coding disease-
associated variants may affect gene expression through
effects on transcription, splicing, or mRNA stability
[378]. Statistical fine-mapping and genomics
integration with publicly available functional genomics
data, such as ENCODE or Roadmap Epigenomics data
[379, 380], to investigate eQTLs in relevant tissues
[381], chromatin accessibility or transcription factor
binding, may help defining causal variants and
transcripts [382, 383]. Even when a causative gene has
been identified for a locus, there are still issues in
functionally connecting the causal gene with the distal
phenotype. Novel high-throughput techniques, such as
4C, HiC and ATAC-seq that can map chromatin
interactions and accessibility [384], together with
technologies, such as CRISPR-Cas9 genome editing
tools [385] and single-cell RNA sequencing studies of
how RNA expression differs between cells within
tissues  [386], provide drastically changed
opportunities for disentangling the molecular
functional impact of GWAS-identified genes.

Metabolic genetics in drug development

Another perspective of performing research into the
specific genetic contribution to the risk of diseases as
T2D is that these genetic discoveries will shed light on
novel biological targets that can be manipulated to
serve as future drug targets to treat the disease. The
pharmaceutical industry is struggling to keep up
efficiency in discovering and evaluating drug targets
and the average cost of novel compounds is increasing
[387]. Here genetic research can bring a validation of
targets from discovery of previously unknown potential
targets in the disease and by genetic association
evaluate efficacy, pleiotropy and possible side effects.
The identification and validation of novel drug targets
is a major stated objective of genetic studies of T2D and
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obesity. It has been estimated that drug mechanisms
with genetic support can succeed twice as often in the
clinic as those without such support [388]. Increasing
developmental success rates will result in fewer drug
candidate failures for each successful drug and thereby
a more cost-effective drug development pipeline. Even
relatively modest improvements in success rates
achieved through better target and indication selection
based on genetic evidence, could have a substantial
impact on productivity [389].

A number of important proof-of-principles especially
related to development of lipid-lowering drugs have
been achieved through discoveries of PCSK9, APOC3 and
ANGPTL3loci [233, 390] and medicine being developed
based on genetic identification. Especially the PCSK9
locus is a successful example where the identification of
both gain-of-function variants causing familial
hypercholesterolemia [391] and subsequently loss-of-
function alleles associated with decreased LDL-
cholesterol and protection against CVD in the general
population [210, 392]. These findings stimulated the
development of antibody-based inhibitors targeting
PSCK9, which were approved for the market in 2015
[393, 394]. These drugs are a novel class of cholesterol
lowering agents and are used as alternatives or
adjuvants to treatment with statins. Although no such
solid examples exist within T2D or obesity, there are
indications that similar translational examples could
emerge. For instance, as described in Part 2, three T2D
susceptibility variants map to genes encoding drug
targets for existing T2D drugs (PPARG, KCNJ11 and
ABCC8) and genetic studies after drug development
have also provided at least some additional evidence
related to GLP1 receptor agonists [395, 396]. With
excellent examples coming from lipid research, one may
speculate why no such findings and translations have
been achieved in T2D or obesity. One reason for this
may be the higher complexity in the pathogenesis of
T2D and obesity compared to the efforts in treatment of
dyslipidaemia. As such, targeting pancreatic islet,
intestinal cells, adipocytes, skeletal muscle or brain
cells may thus be more complicated than reducing the
levels of lipids in the blood both in terms of achieving
efficacy and to avoid side-effects. However, pending
findings may hold promise for future application of
genetics to inspire and inform drug development and a
future example could be related to SLC30A8 [211].
Variants with protective effect on disease may pose
advantages for the development of drugs. In addition,
identification of an allelic series of both gain-of-function
and loss-of-function variants in relation to the



phenotype strengthens the knowledge being translated
to modification of the target, as also seen for the PCSK9
locus [397]. In addition, findings from studies included
in this dissertation may in the future lead to
development of drugs. For instance, major findings
from the Greenlandic Inuit population [7, 9] may in the
future lead to T2D medication targeting insulin
resistance through TBC1D4 and drugs against obesity
based on biology of ADCY3. In addition, the coding
variant in CD300LG associated with triglyceride and
HDL-cholesterol [5] may in turn into novel lipid
treatments, although the lack of biological knowledge
for this association is a complicating factor.

The future of genetic research in type 2
diabetes and complex disease

With the seemingly ever-falling prizes for sequencing
and genotyping, a huge number of large initiatives are
currently under way generating genetic data at an
unprecedented scale. The UK Biobank is currently the
largest biobank with ~500,000 participants in whom
genome-wide genotyping data are available [66]
combined with rather detailed phenotype
characterisation. Within a few years, these samples will
also be whole exome sequenced to gain insights into
rare coding variants. Other large initiatives include the
Genomics England Project aiming at sequencing
100,000 genomes of which ~70,000 are currently done
[398], the US Million Veterans Program of 400,000
individuals [399] and the Chinese Kadoorie Biobank
with ~500,000 participants [400]. On top of these are a
number of national healthcare-related sequencing
initiatives. The increasing willingness to form
academia-industry partnerships and the increased
tendency for public availability of results and data
sharing, for instance through the Genetics Portals
initiated through the Accelerating Medicines
Partnership, will in the coming years drastically
increase the quantity and depth of data available for
researchers. While is naturally important to increase
sample sizes since genetic effects are modest at best, it
is also important to consider improved clinical and
molecular phenotyping of the individuals. Many cohorts
include at least subsets with rather deep phenotypes
and a lot of them have the opportunity for register-
based outcome analysis at follow-up which can prove to
be a great strength [401]. Ideally, such huge collections
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of biobank samples can, besides register-based
outcome data, also be merged with clinical data from
digital hospital records opening for large-scale clinical
genomics studies. These developments will in time
probably lead to standard generation of detailed
genetic data for every patient to be used when clinically
relevant.

While SNPs have been at the centre of all disease trait
mapping described in this dissertation, a range of other
types of variation also exist. Systematic investigations
of other types of genetic variation, for instance
deletions, insertions and structural variations, remain
relatively sparse and only a few major findings have
been done [402, 403]. Large scale sequencing initiatives
will probably make it possible to directly assess the role
of these types of variation in metabolic disease,
however they also need to be included in future large-
scale imputation panels, which is not the case for the
currently frequently used HRC panel [63]. Another
uncertainty in genetic research is the extent to which
interactions between genetic variation and
environmental factors are important in the disease
pathogenesis. While such interactions may seem logical,
very few interactions have been firmly demonstrated in
metabolic disease [404], with the interaction between
FTO variants and physical activity on BMI being the
most validated in metabolic traits [405, 406]. However,
two recent genome-wide interaction studies of more
than 200,000 individuals did identify novel interactions
between genetic variants and physical activity or
smoking on BMI [407, 408]; indicating that applying
huge sample sizes may start to reveal genuine
interaction effects.

Furthermore, the future will see other kinds of omics
data, such as tissue transcriptomics and single-cell
sequencing, proteomics, metabolomics data, being
increasingly generated on a large epidemiological scale
and integrated with genetic data. In addition, data from
wearable devices that monitor behaviours, exposures
and digital imaging technologies will in the coming
years contribute the collection of big data. All of this has
the potential to substantially improve the prediction,
prevention and treatment of T2D starting with patients
carrying high impact variants or with high polygenic
risk related to specific disease processes. However,
developments in the analytical approaches seem to be
needed the get the full benefit of a more holistic and
integrative system medicines approach taking [409].



CONCLUSIONS

The past decade has elucidated a large number of
genomic loci associated with T2D and obesity. These
loci are generally common and inflict only modest risk
increments on disease. Evidence points to large number
of risk variants below statistical significance, displaying
the high degree of polygenicity of T2D, obesity and
complex traits in general. These features have huge
implications for precision medicine in metabolic
diseases. Further exposures of the mechanistic insights
are leading to translation of association signals into
clinical useful knowledge especially in development of
novel drugs, but this process has proven difficult and
tedious.

Work included in this dissertation has contributed to
this development in several ways. First, identification of
T2D genetic variants associated with intermediary
phenotypes have shown that the major T2D-related
intermediary phenotype is decreased insulin secretion.
Second, sequencing-based studies included in the
dissertation has proved to be a starting point for future
in-depth characterisation of low-frequency and rare
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variants in complex traits. Third, major studies of the
Greenlandic Inuit population have identified a number
of biologically and possibly clinically important
associations of functional variants and thereby shown
the potentials of investigating the genetic contribution
to metabolic traits in such a population.

In the future, studies of mega-size cohorts and biobanks
with deeply phenotyped samples coupled to clinical
information will probably disentangle more clinically
relevant omics-related knowledge with an impact on
future precision medicine. Furthermore, an increased
focus on translational and mechanistic research to
make sense of the hundreds of loci associated T2D and
obesity will inevitably reveal biological knowledge of
huge importance for disease understanding and future
drug development.
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ABBREVIATIONS

Abbreviations

AIR acute insulin response
BMI body mass index

CIR corrected insulin response
CVvD cardiovascular disease

GLP1  glucagon-like peptide 1

GSIS glucose-stimulated insulin response
GWAS genome-wide association study
HDL high-density lipoprotein

HOMA homeostasis-model assessment

hr hour

HRC haplotype reference consortium
IVGTT intravenous glucose tolerance test
LD linkage disequilibrium

LDL low-density lipoprotein

MAF minor allele frequency

MODY maturity-onset diabetes of the young
OGTT  oral glucose tolerance test

RAF risk allele frequency

SNP single-nucleotide polymorphism
T2D type 2 diabetes

WHR

Gene names

ABCC8

ABO

ACSL1

ADAMTS9

ADCY3
ADCY5
ANGPTL3
ANK1
ANKH

ANKRD55
AP352

APOB
APOC3
APOE
ARAP1

ARL15
BCAR1
BCL11A
BCL2
BDNF

waist-hip ratio

ATP binding cassette
member 8

ABO, alpha 1-3-N-
acetylgalactosaminyltransferase and
alpha 1-3-galactosyltransferase
acyl-CoA synthetase long chain family
member 1

ADAM metallopeptidase
thrombospondin type 1 motif 9
adenylate cyclase 3
adenylate cyclase 5
angiopoietin like 3
ankyrin 1

ANKH inorganic
transport regulator
ankyrin repeat domain 55

adaptor related protein complex 3
subunit sigma 2

apolipoprotein B

apolipoprotein C3

apolipoprotein E

ArfGAP with RhoGAP domain, ankyrin
repeat and PH domain 1

ADP ribosylation factor like GTPase 15
BCAR1, Cas family scaffold protein
BCL11A, BAF complex component

BCL2, apoptosis regulator

brain derived neurotrophic factor

subfamily C

with

pyrophosphate
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BPTF
C2CD4A
C2CD4B

CCND2
CD300LG
CDC123
CDKAL1

CDKNZA
CDKNZB
CENPW
CEP68
CMIP
COBLL1
CREBRF
DGKB
FADS1
FAF1
FAM13A

FAM19A2
FAMZ234A

FOLR3
FTO

FUTZ2
FUT6
GCK
GCKR
GIPR
GLIS3
GLPZR
GPR151
GPSM1
GRB10
GRB14
HHEX
HMG20A
HMGA2
HNF1A
HNF1B
HNF4A
HSD17B12

IDE
IGF1
IGF2
IGF2BP2

INS
IRS1
ITGA1
JADE2
JAZF1

bromodomain PHD finger transcription
factor

C2  calcium  dependent domain
containing 4A
C2  calcium dependent domain

containing 4B

cyclin D2

CD300 molecule like family member g
cell division cycle 123

CDK5 regulatory subunit associated
protein 1 like 1

cyclin dependent kinase inhibitor 2A
cyclin dependent kinase inhibitor 2B
centromere protein W

centrosomal protein 68

c-Maf inducing protein

cordon-bleu WH2 repeat protein like 1
CREB3 regulatory factor

diacylglycerol kinase beta

fatty acid desaturase 1

Fas associated factor 1

family with sequence similarity 13
member A

family with sequence similarity 19
member A2, C-C motif chemokine like
family with sequence similarity 234
member A

folate receptor 3

FTO, alpha-ketoglutarate
dioxygenase
fucosyltransferase 2
fucosyltransferase 6
glucokinase

glucokinase regulator
gastric inhibitory polypeptide receptor
GLIS family zinc finger 3

glucagon like peptide 2 receptor

G protein-coupled receptor 151

G protein signaling modulator 1

growth factor receptor bound protein 10
growth factor receptor bound protein 14
hematopoietically expressed homeobox
high mobility group 20A

high mobility group AT-hook 2

HNF1 homeobox A

HNF1 homeobox B

hepatocyte nuclear factor 4 alpha
hydroxysteroid 17-beta dehydrogenase
12

insulin degrading enzyme

insulin like growth factor 1

insulin like growth factor 2

insulin like growth factor 2 mRNA
binding protein 2

insulin

insulin receptor substrate 1

integrin subunit alpha 1

jade family PHD finger 2

JAZF zinc finger 1

dependent



KCNj11
KCNQ1

KIF9

KL
KLF14
KLHL42
LAMA1
LARGE1

LDLR
LEPR
LIPE
LPL
LPP

MACF1
MADD
MAEA
MAP3K11

MC4R
MLX
MNX1
MPHOSPH9
MTHFR
MTMR3
MTNRI1B
NATZ2
NFAT5
NOTCH2
NPCI1L1

NRG4
NRXN3
NTRK2
PAM

PAX4
PCSK1

PCSK9

PDE3B
PDX1
PEPD
PIM3

PLEKHA1
PNPLA3
POC5
POMC
PPARG
PRC1
PROX1
PSMD6
PTPN9

RASGRP1

potassium  voltage-gated channel
subfamily ] member 11
potassium voltage-gated
subfamily Q member 1
kinesin family member 9
klotho

Kruppel like factor 14

kelch like family member 42
laminin subunit alpha 1
LARGE xylosyl- and
glucuronyltransferase 1

low density lipoprotein receptor

leptin receptor

lipase E, hormone sensitive type
lipoprotein lipase

LIM domain containing preferred
translocation partner in lipoma
microtubule-actin crosslinking factor 1
MAP kinase activating death domain
macrophage erythroblast attacher
mitogen-activated protein kinase kinase
kinase 11

melanocortin 4 receptor

MLX, MAX dimerization protein

motor neuron and pancreas homeobox 1
M-phase phosphoprotein 9
methylenetetrahydrofolate reductase
myotubularin related protein 3
melatonin receptor 1B
N-acetyltransferase 2

nuclear factor of activated T cells 5
notch 2
NPC1 like
transporter 1
neuregulin 4
neurexin 3
neurotrophic receptor tyrosine kinase 2
peptidylglycine alpha-amidating
monooxygenase

paired box 4

proprotein convertase subtilisin/kexin
type 1

proprotein convertase subtilisin/kexin
type 9

phosphodiesterase 3B

pancreatic and duodenal homeobox 1
peptidase D

Pim-3 proto-oncogene, serine/threonine
kinase

pleckstrin homology domain containing
Al

channel

intracellular cholesterol

patatin like phospholipase domain
containing 3

POCS5 centriolar protein
proopiomelanocortin

peroxisome  proliferator  activated

receptor gamma

protein regulator of cytokinesis 1
prospero homeobox 1

proteasome 26S subunit, non-ATPase 6
protein tyrosine phosphatase, non-
receptor type 9

RAS guanyl releasing protein 1

RBMS1

RNF6
RREB1

SH2B1
SLC16A11
SLC22A3
SLC2A2
SLC30A8
SLC35D3
SPRY2
ST6GAL1

TBC1D4
TCF7L2
TFAP2B
THADA
TLE1

TLE4

TM6SF2

TMEM154
TMEM18
TP53INP1

TSPAN8
TTLL6
UBE2E2
VEGFA
VPS13C
WFS1

WSCD2
ZBED3
ZMIZ1
ZZEF1
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RNA binding motif single stranded
interacting protein 1

ring finger protein 6

ras responsive element binding protein
1

SH2B adaptor protein 1

solute carrier family 16 member 11
solute carrier family 22 member 3
solute carrier family 2 member 2

solute carrier family 30 member 8
solute carrier family 35 member D3
sprouty RTK signaling antagonist 2

ST6 beta-galactoside alpha-2,6-
sialyltransferase 1

TBC1 domain family member 4
transcription factor 7 like 2
transcription factor AP-2 beta

THADA, armadillo repeat containing
TLE family member 1, transcriptional
corepressor

TLE family member 4, transcriptional
corepressor

transmembrane 6 superfamily member
2

transmembrane protein 154
transmembrane protein 18

tumor protein p53 inducible nuclear
protein 1

tetraspanin 8

tubulin tyrosine ligase like 6

ubiquitin conjugating enzyme E2 E2
vascular endothelial growth factor A
vacuolar protein sorting 13 homolog C
wolframin ER transmembrane
glycoprotein

WSC domain containing 2

zinc finger BED-type containing 3

zinc finger MIZ-type containing 1

zinc finger ZZ-type and EF-hand domain
containing 1



