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Abstract

Recent developments in genetics and genomics are providing a detailed and systematic
characterisation of the genetic underpinnings of common metabolic diseases and traits,
highlighting the inherent complexity within systems for homeostatic control, and the many ways
in which that control can fail. The genetic architecture underlying these common metabolic
phenotypes is complex, with each trait influenced by hundreds of loci spanning a range of allele
frequencies and effect sizes. Here, we review the growing appreciation of this complexity and how
this has fostered the implementation of genome-scale approaches that deliver robust mechanistic
inference, and unveil new strategies for translational exploitation.

Introduction

One of the key objectives of human and medical genetics is to provide insights into disease
aetiology. Early studies focused on establishing the genetic basis of Mendelian disorders, for
which, typically, a single causal mutation can explain the recurrence of disease within each
affected family. However, transfer of the family-based linkage and candidate gene
approaches which had been successful in Mendelian diseases — including many rare
inherited metabolic disorders - to the identification of genetic variants influencing common,
multifactorial diseases proved an unrewarding task generating very few robust findings
(Hani et al. 1998, Altshuler et al. 2000, Hugot et al. 2001, Ogura et al. 2001, Grant et al.
2006). This failure of methods best-suited to the detection of rare, high-impact variants,
indicated a need for approaches tuned to the detection of common variants with more
modest effects. It was only with the advent of genome-wide association studies (GWAS) in
2005 that the fortunes of prospectors of complex genetics improved. The use of genome-
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wide genetic surveys conducted in large samples has now become the workhorse of complex
disease/trait genetics, and the number of discoveries has exploded.

The major challenge nowadays is to extract the biological “gold” from the thousands of
discoveries that have been made. In contrast to Mendelian diseases, most complex trait
associations map to non-coding regions of the genome, and it has proven difficult to define
the genes and pathways through which they operate. This has led some to question the value
of these approaches for aetiological insight (Dickson et al. 2010, McClellan et al. 2010), and
their potential to deliver biological and translational value (Visscher et al. 2012, Visscher et
al. 2017). In recent years, a shift towards the generation of genome-scale functional data has
ensured that major inroads into the biological interpretation of the signals are being made.
These are exposing a more nuanced view of the relationships between genetic variation and
clinical phenotype, transcending simple reductionist notions that each genetic locus would
resolve to a single genetic variant, impacting a single gene in a specific tissue, to influence a
single disease or trait.

In this review we will summarise progress made, and the insights gained from broad
application of GWAS across a range of highly prevalent metabolic diseases (type 2 diabetes,
obesity and cardiovascular disease) and related traits (for example, fat distribution, glycemic
and lipid measurements). We will end by reviewing some of the early translational
applications based on findings from these studies and discussing future developments in the
field.

The genetic architecture of metabolic traits

A multiplicity of loci

A key observation arising from GWAS is that common metabolic phenotypes, whether
binary (e.g. diabetes status) or continuous (e.g. circulating triglycerides), are influenced by a
broad diversity of DNA sequence variants.

At one end of the spectrum are rare (allele frequencies <0.5%), high-impact variants shown
to be causal for monogenic and syndromic forms of metabolic disease, such as maturity
onset diabetes of the young (MODY) or familial hypercholesterolaemia (Defesche et al.
2017, Hattersley et al. 2017). These are typically expressed in early life, with clear familial
segregation. Historically, the causal variants responsible were detected through linkage
analysis within affected pedigrees, but diagnosis and classification now largely proceeds
through whole exome or genome sequencing.

At the other end of the spectrum are the common variants (allele frequencies >5%) which
account for much of the predisposition to more prevalent, later-onset metabolic diseases.
GWAS have provided an increasingly-complete inventory of these variants, revealing that
the inherited contribution to disease risk is influenced by many hundreds (if not thousands)
of such common variants, each with modest impact on disease-risk (Scott et al. 2012, Locke
et al. 2015, Klarin et al. 2018, Mahajan et al. 2018a). Early GWAS were underpowered, and
detected only a few of the larger signals (WTCCC 2007). Furthermore, because the assays
used preferentially captured common variation, early discoveries were similarly restricted.
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These factors contributed to an apparent disparity between estimates of overall heritability
derived from twin and family studies, and the fraction of that heritability attributed to the
discovered risk-variants (Manolio et al. 2009). Various explanations for this “missing
heritability” were offered, with strong advocacy for the contribution of rare variants (Lupski
et al. 2011). However, as GWAS sample sizes increased, and with sequence data now
enabling systematic interrogation of rare variants, it has become clear that genetic
predisposition to prevalent, late-onset metabolic traits is mostly attributable to a long tail of
common, progressively-smaller allele effects (Yang et al. 2015, Fuchsberger et al. 2016).
The latest GWAS for T2D, for example, demonstrated that common variants explain
approximately 20% of overall T2D-risk, which equates to at least half the estimated overall
heritability (Mahajan et al. 2018a). Sequence-based analyses have attributed a far smaller
contribution of lower frequency variants to T2D-risk.

This pattern is consistent with the expectation that the variants underlying late-onset
metabolic diseases will have had limited impact on reproductive fitness during human
prehistory, and some may even have been beneficial (Neel 1962). In such a situation, most
disease-associated variation will occur at sites of common, shared variation. (This does not
preclude evidence for selection at a subset of loci — see below). Though there will also be
many thousands of rare alleles contributing to variation in disease risk, most people are
“wild-type” homozygotes at almost all of them, and their overall contribution to population
risk is limited.

Historically, human genetics has been dominated by two models — monogenic and polygenic
— which mapped onto the approaches used for risk-variant detection (family-based vs
population based). There is however, no biological reason why the variants that influence the
function or expression of a given susceptibility-gene should fall neatly into two extreme
groups (rare, impactful, vs. common, weak). Detailed analyses that expose the full spectrum
of variation increasingly highlight the diversity of coding and non-coding risk-variants in
genes like HNFI1A (Hegele et al. 1999, Flannick et al. 2013, Estrada et al. 2014, Mahajan et
al. 2018a). These represent a subset of the natural variation seen in and around the coding or
regulatory circuitry of each gene, much of it (irrespective of their allele frequency) with zero
impact on disease risk. One common fallacy is to believe that, because most high-impact
alleles are rare, due to their adverse effect on survival, that most rare alleles are likely to
have a deleterious phenotypic effect. In fact, the low frequency of most rare alleles merely
reflects their recent origin, rather than indicating serious clinical impact (Figure 1).

Genetic heterogeneity across ethnic groups

Most metabolic traits of biomedical significance affect diverse ethnic groups, though disease
presentation and population prevalence often vary. Given the multifactorial nature of these
conditions, it is important to understand genetic and non-genetic risk factors underlying this
heterogeneity.

Rare variants, mostly of recent origin, tend to be restricted in their geographic and ethnic
representation. In contrast, common variants are older, often predating the expansion out of
Africa, with cosmopolitan, often global, reach, and many common variant associations with
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metabolic phenotypes have broadly similar effects on disease across a wide range of ethnic
groups (Mahajan et al. 2014).

This does not necessarily mean that all common variants with robust association in one
population are detectable in others, though such disparities usually reflect ethnic differences
in allele frequency. The principal T2D-risk allele at the 7CF7L2locus, for example
(rs7903146), is much less frequent in East Asians (2%) than Europeans (30%) (Grant et al.
2006). Other risk-variants are restricted to African-descent populations, either because they
were absent from early waves of “out-of-Africa” migration, or because of region-specific
selective pressures. An example of the latter involves the G6PD p.G202A variant (associated
with HbA1c) which maintains a high frequency in African-descent individuals due to
relative protection against malaria (Wheeler et al. 2017).

Human population expansion has driven other ethnic-specific association signals, increasing
risk-allele frequency through a combination of chance (“genetic drift”) and positive
selection. T2D provides multiple examples, including the Arg193His variant in PAX4 (East
Asian specific) (Fuchsberger et al. 2016), the E508K in HNFI1A (Latinos) (Estrada et al.
2014) and an interesting variant near SLC16A11, frequent in those of East Asian and Native
American descent and thought to have arisen in the Neanderthal genome (Williams et al.
2014).

Whilst these ethnic-specific risk variants can be highly informative from a biological
perspective and allow the exploration of gene-environment effects (see below), marked
ethnic heterogeneity is relatively uncommon and does not explain observed differences in
disease prevalence or presentation. Some of the rare ethnic-specific variants emerging from
ongoing sequencing efforts may be more relevant in this respect.

Genetic signals for other relevant biomedical phenotypes

Progress in characterising the genetic basis of many clinically-relevant biomedical traits —
such as the complications of diabetes, or response to bariatric surgery - has been far slower
(Dahlstrom et al. 2017). Whilst this may reflect differences in trait heritability, genetic
architecture, and phenotypic precision (all influencing the power to detect robust association
signals), the biggest obstacle has been limited sample size. These disease traits are often
rare, or difficult to diagnose (e.g. diabetic neuropathy), and uncertainties over phenotypic
criteria may have compromised efforts to assemble adequate samples for genetic analysis
(e.g. polycystic ovarian syndrome, diabetic kidney disease).

Different traits may have different “tipping points” in terms of the sample sizes required
before GWAS discoveries accumulate: schizophrenia and hypertension provide examples of
common diseases Where early GWAS results were disappointing, but increasing sample size
has now delivered scores of established loci (Schizophrenia Working Group of the
Psychiatric Genomics 2014, Kraja et al. 2017). Equivalent efforts are likely to prove fruitful
for those metabolic traits that have thus far produced limited numbers of loci. Concomitant
improvements in phenotypic precision are also valuable, as aetiologically homogenous
samples will also bolster discovery power. However, clinical concepts of disease
classification may not map precisely onto molecular aetiology, and in many settings,
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expansion of sample size has proven the more rewarding strategy. GWAS analyses for
declining renal function have proven surprisingly effective despite the wide range of
underlying disease pathologies: most of the strongest effects influence renal function
irrespective of the original cause of the renal insult, and power to detect genetic signals is
maximised when the initiating disease state is ignored (Chasman et al. 2012).

Biological Insights

Most association signals map to regulatory sequence

To gain mechanistic insights from association signals, a typical first step involves
identification of the causal variant (or variants) responsible for the signal. Humans are a
young species, and the consequent local correlation of variants (“linkage disequilibrium”),
though advantageous for association signal discovery, often frustrates efforts to home in on
the specific causal variant(s). Since these correlation patterns often differ between ethnic
groups, trans-ethnic association studies can allow causal variants to be distinguished from
their non-functional neighbours (Mahajan et al. 2014, Wheeler et al. 2017, Mahajan et al.
2018b).

Even within a single ethnic group, the combination of massive sample sizes, and high

quality imputation (which uses sequence data to infer genotypes at untyped variants), can
tease apart local correlation and highlight the most likely causal variant(s) at a non-trivial
proportion of association signals [Figure 2] (Mahajan et al. 2018a, Mahajan et al. 2018b).
Analyses such as these have shown that only 5-10% of the common risk variants influencing
common metabolic phenotypes can be attributed to variation in coding sequence (Mahajan et
al. 2018b). Given that coding sequence accounts for only ~1.5% of genome sequence, this
still represents an enrichment over expectation: nevertheless, it contrasts with the
predominant role played by coding variants in Mendelian disease.

The remaining association signal for common metabolic phenotypes maps to non-coding
sequence. The variants responsible are likely to act by influencing transcription, through
effects on promoter or enhancer function of nearby genes or through disturbing non-coding
RNAs or microRNAs. Incomplete understanding of the “grammar” of the non-coding
genome has complicated efforts to define the mechanisms whereby such variants influence
disease risk [Figure 2].

The closest gene is not always the right answer—Arguably, the most important step
in mechanistic inference at GWAS loci involves the identification of the “effector
transcript”, that is, the gene (or genes) through which associated variant(s) exert their effects
on disease predisposition. Links between the causal variants and the regulatory elements,
and the genes that they regulate can be established by testing the effects of those variants on
the expression of local genes, or by looking for evidence of loops in the DNA sequence that
bring the implicated regulatory elements into contact with nearby gene promoters. The
impact of those candidate effector transcripts on the development of disease can then be
further validated by their manipulation in cellular and animal models.
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At many loci, these studies suggest the nearest gene as the most likely culprit but this is not
always the case [Figure 3]. A prime example involves the F7O locus, where the impact of
intronic £70 variant(s) on obesity is now thought to reflect regulatory effects on distally-
mapped genes [Figure 3]. Early bioinformatic and functional studies at this locus focused on
the FTO gene itself (Gerken et al. 2007). Knockout and overexpression studies in mice
supported the idea that alterations in Fzo expression were causally related to variation in
body weight (Fischer et al. 2009, Church et al. 2010, Tung et al. 2014). However, the human
relevance of these findings was questioned when individuals carrying a homozygous
missense mutation (R316Q), which rendered the FTO enzymatically null, were shown to
have a complex malformation syndrome characterised by childhood mortality but no
particular weight-related phenotype in homozygous or heterozygous carriers (Boissel et al.
2009).

More recently, the region harbouring the BMI-associated variants was shown to act as a long
range enhancer for the /RX3 gene (Smemo et al. 2014). /rx3-null mice were shown to have a
25-30% reduction in body weight, associated with increased basal metabolic rate and
browning of white adipose tissue, through a proposed hypothalamic effect (Smemo et al.
2014). Using a combination of epigenomics, comparative genomics, human genetics and
gene editing approaches, Claussnitzer and colleagues (Claussnitzer et al. 2015) concluded
instead that the #70 BMI-increasing allele (rs1421085) disrupts the AR/D5B repressor,
leading to overexpression of /RX3and /RX5 during early adipocyte differentiation. This
consequently appears to shift energy-dissipating beige adipocytes toward energy-storing
white adipocytes, with a reduction in mitochondrial thermogenesis, and an increase in lipid
storage. Neither of these studies have evaluated all regional variants and in all tissues, so it is
possible, even likely, given the unusually large impact of F70 variants on BMI, that there
are other contributory mechanisms, including hypothalamic impact on central control of
energy expenditure [Figure 3].

One locus, multiple signals/causal variants—Early GWAS follow-up studies
focused on the idea of finding the single “causal” variant that was driving predisposition at
each associated locus. With increased sample size, and higher variant density (including
targeted arrays with dense imputation or sequence data), has come a higher resolution view
of these associations that highlights their complexity. Multiple distinct signals (each driven
by a different causal variant) may occur at a given locus (Mahajan et al. 2015, Wessel et al.
2015), including a mix of coding and non-coding variants, across a range of allele
frequencies and effect sizes.

At some loci, several variants on the same haplotype are likely to be contributing to
functional impact. At others, the alignment of coding and regulatory risk-alleles results in a
more subtle arrangement of effects. For example, at the G6PC2/ABCBI11 locus associated
with fasting glucose, there are multiple distinct G6PCZ2 coding variant signals (p.Val291Leu,
p.His177Tyr, p.Arg283X, P.Ser324Pro and p.Tyr207Ser) (Mahajan et al. 2015, Wessel et al.
2015) in addition to the non-coding GWAS variant (Bouatia-Naji et al. 2008, Chen et al.
2008). Detailed haplotype and functional analysis showed that it was only possible to
reconcile genetic and functional data if one considered the haplotypic phase of the non-
coding and coding variants [Figure 4]. In Europeans, the allele at the common p.Val219Leu
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variant associated /7 vitro with reduced G6PC2 protein expression (which would be
anticipated to reduce glucose levels), appears to have a paradoxical population-level
association with higher glucose. The explanation is that the same glucose-lowering coding
allele is restricted to a haplotype that carries the glucose-raising allele of the regulatory
GWAS variant, thought to upregulate G6PCZ2 expression through an impact on pre-mRNA
splicing, which “masks” the Val219L eu true functional direction of effect.

From associated loci to convergence of biological pathways—With the number
of genetic loci influencing many metabolic phenotypes (such as T2D, HDL-cholesterol
levels, or urate) extending into the hundreds, if not thousands, such complexity raises
questions about their biological interpretation. Is it even worth finding more and more loci
and trying to understand the biological processes they implicate, if it transpires there are
almost as many signals as there are genes? However, such a negative perspective ignores the
subtlety of genetic regulation: even if dysregulation of the same gene is implicated in
multiple diseases, the directions of effect, tissue-specificity, and developmental window may
well differ. The recently-proposed omnigenic model (Boyle et al. 2017) argues that many of
the lesser genetic effects that contribute to the long polygenic tail of association feed into
regulatory modulation of disease-specific core pathways which are the main
pathophysiological drivers (Boyle et al. 2017, Wray et al. 2018).

Growing evidence for a convergence of disease-specific biology within the association
signals supports this notion. For many complex diseases, it is increasingly clear that the
distribution of association signals across the non-coding space is non-uniform, with
substantial signal enrichment within enhancers that show tissue-specific activity, and which
regulate genes central to tissue-specific functions and identity. In T2D, those signals point to
the pancreatic islet, and to a lesser degree to fat and liver (Mahajan et al. 2018a); in
hyperlipidaemia, they point to the liver (Willer et al. 2013).

GWAS signals are also non-random with respect to the genes which map nearby. Even when
specific downstream genes have not been precisely-determined, it is possible to demonstrate
enrichment for disease processes that fit within the scope of known disease biology.
Association signals for hyperlipidaemia, for example, show substantial co-localisation with
genes coding for known components of lipid metabolic pathways, including known targets
for cholesterol-lowering medication (statins and ezetimibe) (Willer et al. 2013, Lange et al.
2014, Stitziel et al. 2014). There are marked differences between the distributions of
association signals influencing overall obesity (as measured by BMI) and fat distribution (as
measured by waist:hip ratio). The former map to regions and genes implicated in central
hypothalamic, hippocampal and limbic processes involved in appetite control and energy
balance (Locke et al. 2015), and the latter show enrichment for peripheral pathways linked
to adipogenesis and insulin signalling (Shungin et al. 2015).

Similar analyses for glycemic traits have revealed enrichment of association signals for
genes involved in multiple expected pathways, including glucose metabolism, insulin
secretion and processing (Morris et al. 2012, Scott et al. 2012), as well as enrichment for
binding sites for transcription factors with a role in pancreatic development (e.g. highlighted
by loci PDX1, FOXA2) (Gaulton et al. 2015). There have been unexpected findings too,
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such as a link between genetic variants influencing circadian rhythm genes (e.g. MTNRI1B,
CRY?2) and fasting glucose (Dupuis et al. 2010) and the role of cell cycle regulation and T2D
risk (Morris et al. 2012).

Genes and Environment

Joint (additive) effects and interaction (multiplicative) effects are not the same
—Metabolic diseases, including obesity, dyslipidaemias and diabetes, as well as variation in
glucose and lipid levels in non-diseased individuals, represent prime examples of the
consequences of the joint effects of genes and environment [Figure 5]. For example, the
phenotypic consequences of a BMI-influencing allele on obesity will be dependent on food
availability. However, joint effects themselves do not provide evidence for a statistical
interaction between genetic and environmental effects [Figure 5]. The presence of a gene-
by-environment (or more accurately, genotype-by-environment; GXE) interaction requires
that the consequences of the risk allele vary between individuals exposed to different
environments [Figure 5]. One could imagine, for example, that a sedentary lifestyle or diet
rich in saturated fats carries a particularly high risk of promoting obesity in individuals
carrying a particular variant allele (or set of such alleles). Knowledge of GXE could prove
helpful in identifying individuals who might be especially likely to benefit from lifestyle
modification, as well as providing new insights into biological pathways underpinning
disease.

Metabolic traits have been the subject of many GXE studies, but most of these have been
limited in scale and scope, featuring small sample sizes, and a limited range of genetic and
environmental exposures. Robust evidence of GXE effects has been scant (Franks et al.
2016): limited power, incomplete adjustment for multiple testing, and weak measures of
exposure have all contributed. Some of the widely-used “environmental” effects, such as
food choice, turn out to be highly genetic (Pallister et al. 2015).

The strongest evidence for GXE effects have emanated from obesity. BMI-influencing
variants near £70 have shown interaction effects with a variety of factors including physical
activity, alcohol consumption, socioeconomic status, diet, smoking and sleep duration
(Sonestedt et al. 2009, Ahmad et al. 2011, Corella et al. 2011, Corella et al. 2012, Phillips et
al. 2012, Richardson et al. 2014, Reddon et al. 2016, Young et al. 2016, Graff et al. 2017,
Rask-Andersen et al. 2017, Moore et al. 2018). Other studies have attempted to bolster the
power to detect interactions by combining genetic evidence from multiple variants into a
genetic risk score (GRS), and GRS composed of obesity- and BMI-increasing alleles have
revealed nominal interactions with a range of environments (Li et al. 2010, Elks et al. 2012,
Ahmad et al. 2013, Johnson et al. 2014). However, the magnitude of these interaction effects
tends to relatively modest, and clinical utility is unclear. Ongoing efforts to provide more
accurate measurement of environmental exposures in larger studies, allied to the application
of more powerful statistical methods should render a much fuller understanding of the
contribution of GXE to trait variance (Moore; et al. 2018, Young et al. 2018).

Selection shapes our genome—Environment can also shape the impact of genetic
variation over many generations, through an impact on selection, be that positive (where the

Cell. Author manuscript; available in PMC 2020 March 21.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Barroso and McCarthy Page 9

derived allele gradually increases in frequency due to beneficial effects on fitness), negative
(where reduced fitness tends to keep allele frequencies low) or balancing (where the derived
allele is maintained due to opposing positive and negative pressures). The “thrifty” genotype
hypothesis (Neel 1962), for example, proposed that the high prevalence of BMI-raising
alleles in contemporary populations could be the consequence of a historical selective
advantage associated with enhanced fat deposition during periods of erratic food availability.

Although the evidence of strong genome-wide selection for cardiometabolic traits is limited
(Ayub et al. 2014, Xue et al. 2018), there are isolated variants where selective pressures do
seem to have been operating. Cold exposure and a diet characterised by high intake of
animal fats and limited access to plant foods may, in populations living in the Arctic, have
led to a selective sweep (where a newly-derived allele replaces the ancestral allele almost
completely) at the CPT1 p.Pro479Leu variant (rs80356779, G>A, [Table 1]). The derived
(A) allele at this variant appears to have arisen 6,000-23,000 years ago (Raghavan et al.
2014, Rasmussen et al. 2014) and then spread through positive selection (Cardona et al.
2014) through Eskimo-Aleutian and Siberian populations reaching a frequency exceeding
40% in current populations (Greenberg et al. 2009, Rajakumar et al. 2009, Collins et al.
2010, Clemente et al. 2014). CPT1A encodes a protein responsible for importing long chain
fatty acids into mitochondria for fatty acid oxidation, helping to maintain energy
homeostasis and normoglycaemia in diets low in carbohydrates. By decreasing CPT1A
activity, this allele may have protected against excess ketone body production in populations
adapted to extreme cold where the diet is rich in marine-based n-3 polyenoic fatty acids
(Greenberg et al. 2009). The same allele is now associated with more adverse effects --
sudden infant death syndrome and hypoketotic hypoglycaemia — possibly reflecting a switch
towards a more carbohydrate-rich diet (Greenberg et al. 2009).

A similar story likely explains the positive selection of alleles around the fatty acid
desaturase gene cluster in Inuit (Fumagalli et al. 2015) [Table 1]. FADSI encodes delta-5,
and FADSZencodes delta-6 desaturase, both rate-limiting enzymes in the conversion of
short-chain linoleic (omega-6) and a-linolenic (omega-3) acids to longer, less-saturated
forms. Selection here favoured increased levels of short-chain forms which may have
provided compensation for the high dietary intake of long-chain eicosapentaenoic acid from
Inuit diet: this region (but different alleles) has been shown to be under positive selection in
other populations undergoing adaptation to diet (Ameur et al. 2012, Mathieson et al. 2015,
Amorim et al. 2017, Buckley et al. 2017). The alleles concerned are associated with
increased glucose and cholesterol levels (but reduced triglycerides), and an increase in
cardiovascular risk, a plausible example of a “thrifty” genotype (Kathiresan et al. 2009,
Dupuis et al. 2010).

Diet may also have been an important selective force for the “A” allele (rs373863828; G>A)
of CREBRF p.Arg457GIn variant, present in about one-half of Samoans (Minster et al.
2016) [Table 1], and associated with increased risk of obesity (but intriguingly a reduced risk
of diabetes). Overexpression of the CREBRF gene in an adipocyte model has been shown to
reduce energy use and increase fat storage (Loos 2016). One explanation is that, by
promoting fat storage, the 457GIn allele enhanced survival during long oceanic journeys and
the settlement of Pacific Islands. The variant has its highest frequency in Samoa, but is also
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seen in other Pacific populations (Naka et al. 2017) (Berry et al. 2018, Ohashi et al. 2018). It
is however, absent from other parts of the world.

A final example of the potential impact of selection involves the 7BC1D4 p.Arg684Ter
variant (c.2050C>T, rs61736969) which has a frequency of 17% in Greenlandic individuals
(Moltke et al. 2014) but is virtually absent in all other populations [Figure 6]. Despite
evidence of positive selection, it is unclear what the selective advantage this variant confers.
Homozygous variant carriers have raised glucose and insulin levels after oral glucose testing,
and a ~10-fold increased risk of T2D. The T2D-risk allele is associated with reduced
expression of the long isoform of TBC1D4 in skeletal muscle, which appears to compromise
insulin—stimulated glucose uptake into muscles leading to hyperglycaemia.

Internal environments—Epidemiological associations between events in early life and
later disease risk (Harder et al. 2007, Risnes et al. 2011, Lawn et al. 2014) are in part
mediated through the joint effects of maternal genotype and nutritional state on intrauterine
environment, acting in concert with offspring genotype (Horikoshi et al. 2016). Two
competing hypotheses prevail: the fetal programming hypothesis (Hales 1994) argues that
exposure in utero to maternal malnutrition could lead to smaller babies through fetal
programming. In contrast, the fetal insulin hypothesis holds that an inherited predisposition
to reduced insulin secretion or action within the fetal genotype can lead to lower birthweight
given insulin’s important influence on fetal growth (Hattersley et al. 1999). Maternal
genotype also contributes directly, since exposure to high glucose concentrations in utero
(for example, in the pregnancies of diabetic mothers) drives higher birth weights through the
consequent increase in fetal insulin secretion. The contributions of both maternal and fetal
genotype were first illustrated in the context of rare alleles implicated in monogenic forms of
diabetes (notably associated with mutations in the glucokinase gene) (Hattersley et al. 1998),
but have since extended to common variants that have joint effects on early growth and later
disease risk. There is, for example, substantial overlap between variants implicated in T2D-
risk and those influencing birthweight, though those relationships are complex. A subset of
common T2D-risk variants (such as at MTNR1B) act predominantly via their impact on
maternal glycaemia and are associated with increased offspring birthweight; others (such as
CDKALI) exert their main effect on fetal insulin secretion and are associated with reduced
birthweight (Beaumont et al. 2018).

The gut microbiome can be considered as another example of an “internal” environmental
exposure, and there is growing evidence of a relationship between gut microflora and
metabolic and anthropometric phenotypes (Ridaura et al. 2013, Bonder et al. 2016, Pedersen
et al. 2016) (SANNA). However, the precise mechanisms involved, and the nature of the
causal relationships remain in doubt. Recent studies have suggested that most diversity in
individual microbiome content reflects environmental influences such as diet and medication
(Rothschild et al. 2018, Weissbrod et al. 2018). An important corollary is that microbiome
alterations aimed at improving clinical outcomes will likely work across different ancestral
groups (Rothschild et al. 2018). Nonetheless, there is growing evidence that variation in host
genotype also modulates microbiome content, although some of these effects may reflect
genotype-diet interaction rather than direct host-microbiome effects, as in the case of
variants in the gene encoding lactase (LC7, rs4988235) (Bonder et al. 2016). Genetic signals
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directly influencing the microbiome can serve as useful instrumental variables, and early
indications from MR analyses support a causal role of microbiome diversity with respect to
T2D and obesity risk (Pedersen et al. 2016) (SANNA NG in press). It has been suggested
that the rapid success of bariatric surgery in restoring metabolic health may be linked to
changes in gut microbiota, though this interpretation has been questioned (Aron-Wisnewsky
et al. 2018, Pucci et al. 2018). Changes in gut hormones, bile acid availability, amongst other
possible mechanisms, may be more important factors (reviewed in (Pucci et al. 2018)).

Translation

Translating genetics: better management of rare monogenic diseases

For those presenting with monogenic forms of metabolic disease (such as neonatal diabetes,
familial hyperlipidaemias, extreme early-onset obesity), it is now standard-of-care to
establish a molecular diagnosis, and to modify management accordingly. Children with
neonatal diabetes due to mutations in the KN/CJ11 gene (encoding part of the pancreatic
beta-cell Karp channel) can usually be managed with oral sulfonylureas rather than insulin
injections (Bowman et al. 2018). A molecular diagnosis of familial hypercholesterolemia
should initiate intensive management of cardiovascular risk and cascade testing of relatives
(Sturm et al. 2018). The lives of children with severe childhood hyperphagia and obesity
attributable to mutations in the leptin gene have been transformed by leptin replacement
treatment (Farooqi et al. 2014). These examples of genetically-driven personalised medicine
demonstrate the benefits of targeted management in those at greatest genetic risk of disease.
However, key to early adoption in these examples has been the combination of extreme,
easily recognisable, clinical phenotypes matched to the presence of rare, high-impact alleles.

Conventional wisdom assumes that rare alleles have almost complete penetrance. However,
growing use of exome and genome sequencing has demonstrated that, for many monogenic
traits, historical estimates of penetrance were inflated by the selective ascertainment of
multiply-affected pedigrees, and that alleles considered “causal” for monogenic disease can
also be compatible with lifelong health (Minikel et al. 2016). For example, HNF1A alleles
which, in some families, drive the segregation of MODY are also present in individuals
resolutely non-diabetic into later life (Flannick et al. 2013).

These observations are consistent with the variable phenotypic expression of monogenic
disease and highlight the role of other genetic and non-genetic modifiers. From a clinical
perspective, incomplete penetrance complicates the task of predicting individual clinical
outcome given a specific genetic result, especially when the individual concerned has not
presented with the classical extreme phenotype.

Several errors have compounded this diagnostic imprecision. There has been a tendency to
overattribute causal roles to any biologically-plausible allele detected through sequencing of
individuals with an extreme phenotype. Some of these genes considered causal for a
monogenic phenotype have subsequently been shown to play no such role (Walsh et al.
2017). Even when there is strong evidence linking some variants in a gene to a causal role in
disease pathogenesis, it is naive to assume that all variants in that gene (particularly novel
alleles detected on sequencing) have equivalent functional and phenotypic impacts.
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Unfortunately, errors such as these, once made, tend to be propagated through the literature
and clinical databases (Steele et al. 2011). The rollout of high-throughput approaches for
capturing the functional impact of all possible coding alleles within a gene should provide a
more accurate basis for attributing variant-level causation (Majithia et al. 2016).

Translating genetics: new targets for common multifactorial diseases

For common, multifactorial metabolic disease, individual predisposition reflects the
combined effects of hundreds of genetic risk loci, and diverse, often pervasive,
environmental exposures and lifestyle decisions. The genetic discoveries of the past decade
are, as described above, gradually being converted into a deeper understanding of the
processes involved in disease pathogenesis.

Once the genes mediating GWAS signals are identified (see above), their protein products
provide novel therapeutic opportunities, their potential as targets endorsed by evidence that
perturbation in humans (rather than preclinical models) is causally related to variation in the
disease phenotype. Many of the known drug targets for type 2 diabetes (KCNJ11
[sulfonylureas]; PPARG [thiazolidinediones], GLPIR[GLP1 receptor agonists]) (Mahajan
et al. 2018a) and hyperlipidemia (HMGCR [statins]; NPCI1L 1 [ezetimibe]) are detected by
these analyses (Willer et al. 2013, Lange et al. 2014, Stitziel et al. 2014), reinforcing the
view that this approach should provide clues to entirely novel future therapies, or support
drug repositioning. The identification of individuals who carry rare loss-of-function alleles
that result in abrogation or abolition of gene activity can be particularly informative in this
regard, and there is major investment (from pharma and academia) in their detection through
sequencing in samples from diverse ancestries (Saleheen et al. 2017). Genetics can also
provide insights that discourage target development: for example, evidence either of non-
efficacy or adverse effects. The most celebrated instance of the former relates to genetic data
indicating that levels of HDL-cholesterol are not causally related to coronary artery disease
risk (Voight et al. 2012). This finding prefigured disappointing results from randomised
cardiovascular clinical trials for CETP inhibitor drugs developed specifically to elevate HDL
levels (Schwartz et al. 2012).

Translating genetics: identifying modifiable non-genetic risk factors

Paradoxically, one of the most powerful translational outcomes from human genetics may be
the characterisation of potentially modifiable, non-genetic factors that influence
predisposition to common complex diseases. The key environmental and lifestyle factors
that drive the exploding prevalence of these conditions lie somewhere in the complex nexus
of global changes in nutrition, activity, and other environmental exposures and behaviours.
Strong interdependencies between these diverse influences have frustrated efforts to
determine whether some exposures are especially pernicious, impeding the promotion of
effective public health measures that could have an impacton disease prevention and
treatment (Franks et al. 2016, Moore et al. 2018).

Human genetic approaches to address these questions use a Mendelian randomisation (MR)
strategy, essentially the genetic analogue of a “randomised control trial” with randomisation
to different risk genotypes occurring at conception (Zheng et al. 2017). There has, for
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example, been a longstanding controversy (as yet not entirely resolved) concerning the
causal contribution of low vitamin D levels to T2D development. The epidemiological
evidence for the relationship is strong, but there are multiple confounders. The genetic
approach “randomizes” individuals according to inferred differences in lifelong exposure to
vitamin D using variants that influence vitamin D metabolism and action, and asks whether
those groups differ in T2D-risk. Most available evidence suggests they do not (Ye et al.
2015), a result consistent with clinical trials of vitamin D supplementation (Moreira-Lucas et
al. 2017). Analogous approaches are being deployed to characterise the causal consequences
of a wider range of exposures including links between early growth and metabolic disease
and between microbiome diversity and obesity (Bonder et al. 2016, Horikoshi et al. 2016).

Translating genetics: towards precision medicine

The preceding examples illustrate how human genetics can provide “generic” mechanistic
insights that offer translational opportunities to all with the disease concerned. The focus is
now turning to the value of genetics (in combination with other genomic and clinical
information) to deliver precision (or personalised) medicine. This could operate across a
range of clinical outcomes: from targeted prevention in those at greatest risk of future
disease, to better ways of detecting those likely to have the poorest prognosis, and more
effective approaches for optimising therapeutic choices. However, in comparison with the
gathering momentum behind precision approaches to manage rare diseases (using germline
sequencing) or cancers (tumour sequencing), precision medicine applications in common
disease are currently limited.

More promising strategies are emerging. Individual variants contributing to common disease
risk may have modest impact, but combined they have profound effects on personal risk.
This information can be converted into polygenic risk scores capable of identifying
individuals with particularly high (or low) genetic risk of disease. For example, in recent
large-scale T2D association analyses, individuals with the highest 2.5% of such scores had
almost ten times the prevalence of T2D as those with the lowest 2.5% (Mahajan et al.
2018a). At the population-level, the number of individuals with extreme polygenic risk of
T2D far exceeds the number with similar lifetime risk from monogenic causes. Similar
gradations in risk have been observed for coronary artery disease using the appropriate risk
score (Khera et al. 2018). The potential for early risk stratification is clear, but, before
deploying risk scores in clinical practice, we need to better understand their applicability
across populations, and the extent to which the risk they capture overlaps with that
enumerated using classical demographic and clinical information, such as family history,
anthropometry and glycaemic measures (McCarthy et al. 2018, Torkamani et al. 2018).

Clinical application of a polygenic risk score for type 1 diabetes (T1D) has gone one step
further. Recent studies have demonstrated that a T1D-risk score can identify individuals with
late-onset diabetes who have type 1, rather than type 2, diabetes: these individuals are likely
to suffer rapid, progressive loss of beta-cell function and require early recourse to insulin
therapy (Thomas et al. 2018).

There are additional opportunities in using genetic risk scores (together with lifestyle and
biomarker information) to capture the clinical and phenotypic heterogeneity evident within
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disease, in ways that support stratification for important clinical outcomes including disease
progression and therapeutic optimisation. The approach involves generating a series of
“partitioned” polygenic risk scores, each representing the subset of disease-risk variants that
act through a given pathophysiological mechanism (Mahajan et al. 2018b, Udler et al. 2018).
In T2D, for example, those risk scores capture the specific contributions of T2D-associated
genetic variation to intermediary processes such as islet development, islet function, insulin
sensitivity, and obesity. Early applications have demonstrated that partitioning of aetiological
heterogeneity in this way exposes differential effects on complication risk (Udler et al.
2018). Similar approaches may also support personalised therapeutic choices based on
predictions of individual efficacy and side effect profile.

Conclusion

Over the past 15 years there has been a massive growth in the discovery of genetic variants
influencing a range of metabolic diseases. These have collectively highlighted the
complexity of human biology: multiple variants, genes, and tissues may be involved in
mediating the phenotypic effects of a single association signal. Pleiotropy is pervasive and
associated variants often influence multiple traits, often in unexpected ways (Dewey et al.
2016). The upscaling of the functional assessment of variants, sequences and genes to the
genome-scale (through projects such as GTEx, ENCODE and the Roadmap Epigenome)
provides increasingly powerful tools for the interrogation of these signals and delivering
mechanistic insights (Mahajan et al. 2018a). High-throughput tools for more precise
interrogation of function are following close behind, with massively parallel reporter assays,
CRISPR screens and deep mutational scans being applied at scale (Majithia et al. 2014,
Findlay et al. 2018, Roman et al. 2018). Novel statistical and inferential frameworks are
required for robust and accurate annotation of variant and gene function and to allow for
seamless navigation from association signals to disease mechanism.

Over the next decade, we can anticipate huge advances in capitalising on the biological
promise of human genetics for complex diseases, delivering causal pathways and
mechanisms for diseases that are still, in many respects, mysterious. These advances will
provide the platform for improvements in disease diagnosis, prevention and management.
However, so that the benefits of precision medicine are available to all, there needs to be a
redoubling of efforts to ensure better representation of diversity in genetic studies and more
equitable access to healthcare.
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Figure 1 - The allelic spectrum of effects contributing to disease risk
The left panel highlights that contributions to variance in a trait of interest may come from

variants across the allele spectrum. Most of the common variants identified by GWAS for
complex multifactorial have modest effects, though there are some exceptions. Rare, high
impact alleles are most relevant to monogenic and syndromic forms of disease but contribute
to some extent to phenotypic variance at the population-level. The right panel illustrates the
range of variants in one gene (HNF1A) with a proven or potential impact on diabetes risk:
this includes rare variants causal for monogenic forms of diabetes (yellow), common and
low-frequency variants of modest effect influencing T2D-risk (green), and additional ethnic-
specific variants with more substantial effects on T2D-risk in selected populations (blue).
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Figure 2 - A schema for generating biological and clinical insights from human genetic findings
Given a set of (largely non-coding) GWAS signals for a phenotype of interest, the aim is

generally to identify the genes through which the effect is likely to be mediated (“positional
candidates™) and the networks and pathways which are implicated. The first step (from
signals to positional candidates) proceeds through a combination of evaluating nearby genes
for their biological relevance to the trait of interest (upper left) and of linking fine-mapped
causal variants to their transcriptional targets (lower left). Once candidates have been
prioritised, experimental validation (through perturbation experiments in cellular and animal
models) is essential, and the information gathered examined for evidence of networks and
pathways causally implicated in disease pathogenesis (or trait variance). Abbreviations: PP,
protein-protein interaction; 3C, Chromosome conformation capture; Hi-C, a derivative of 3C
methods.
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the /RX3and /RX5 genes. The BMI-raising allele (C), is proposed to disrupt the AR/D5B
repressor biding site leading to overexpression of /RX3/5. Consequently, differentiating
adipocytes are directed towards white lipid storing, instead of beige, adipocytes (bottom

panel). In the hypothalamus (right bottom), overexpression of /RX3/5 could lead to

increased food intake and decreased energy expenditure. Adapted from Herman, M. A. and

E. D. Rosen (2015). “Making Biological Sense of GWAS Data: Lessons from the FTO

Locus.” Cell Metab 22(4): 538-539.
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GWAS
Non-coding
variant p.His177Tyr p.Tyr207Ser  p.Val219Leu
: ? ? ? ? :
rs560887 rs138726309 rs2232323 rs492594 Haplotype
C/T C/T A/C G/C frequency
C C A C 45%
T C A G 30%
C C A G 24%
T C C G 0.6%
C A C 0.3%
Individual
J -0.080 1 -0.139 1 -0.207 1 0.019 SNP effects
(B coefficient)
SNP effects
1-0174 1-0.148 J-0.041 considering
GWAS variant

Figure 4 - Coding variants at GGPC2/ABCB11 locus
Schematic representation of GWAS and coding variants mapping along the chromosome

around the locus (top). Common haplotypes formed by the four variants are represented with
their frequency. Coloured letters represent the glucose lowering allele based on in vitro assay
results (black letters refer to the glucose raising allele). Estimating the effect of each SNP
individually (black/coloured letter in each column) ignoring the background haplotype may
lead to incorrect inferences regarding the effect of that variant on glucose levels. This effect
is particularly evident for the p.Val219Leu (MAF=48%) where single SNP analysis
estimates the effect of this variant to increase glucose levels, whereas functional data show it
decreases glucose levels. When the effect of this variant is estimated conditioning on the
effect of the GWAS index variant (i.e. taking account of its effect on glucose levels) it
becomes apparent that Leu219 decreases glucose levels. These results are in agreement with
in vitro results where p.Val219L eu was shown to decrease protein expression levels by 49%,
in comparison to a 99% reduction (p.His177Tyr) and 100% reduction (Tyr207Ser) for the
other two coding variants. This striking difference on protein expression levels is in
agreement with the much more modest effects on fasting glucose for p.Val219Leu compared
to the two other variants.
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Figure 5 - Effects of genes and environment on disease risk

Panel a) shows joint effects of genes and environment, but no GXE interaction. Both

Page 27

genotype and environment are needed to cause disease (above) but the effect of the genotype
is the same across all environments (below- gradient of the lines E1 and E2 is the same),

environment E2 increases the risk across all genotypes by the same amount. Panel b)

illustrates a genotype x environment interaction (GXE) where the effect of the genotype on

disease risk varies between different environments E1, E2, E3 (gradient of the lines is

different).

Cell. Author manuscript; available in PMC 2020 March

21.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Barroso and McCarthy

Page 28

autoimmunity

HbA1c = 6.0%

Age =50
Others? 7
(To be defined) \ D

HbA1c = 8.0%
Age =40
Low

A
A
Diabetes
component o
processes
HbA1c = 6.0%
Age =15
Obesity O B 8
Islet number o O
HbA1c = 4.0%
Age =30
Fat distribution o
Islet function O
Insulin
resistance
(&
Islet

Major defect inislet .
development )
4

High diabetes risk

Healthy profile
Low diabetes risk

J

Increased risk
o across multiple
processes

Increased
diabetes risk

o

Adverse adiposity
o

profile
o

High diabetes risk

High

Lifetime
diabetes
risk

High

Disease
mechanisms

Generic
insights
Novel targets

Causal
inference for
modifiable
risk factors

Precision

Human medicine

genetics

Therapeutic
optimisation

Disease
risk

Progression and
complications

Molecular
diagnostics

Clinical
heterogeneity

Figure 6 - Translational Opportunities

Panel a) Partitioned risk scores and the delivery of precision medicine (using type 2 diabetes

as an example).

For many complex diseases, individual predisposition reflects the aggregation of risk for
multiple intermediary processes that contribute to the phenotype. A subset of those relevant
to T2D risk are shown on the left, with each represented in terms of a base color. Each of
these processes is subject to multifactorial (genetic and non genetic) influences. For any
given individual, loadings for each of these processes may range from low- to high-risk.
Overall risk of T2D will depend on how many are registering as “high risk”, but phenotypic
presentation and clinical course may be more dependent on the patterns of risk across the
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processes. Note that individuals at high risk may have their disease profile dominated by a
single process (such as individual A), or may simply have above average risk loadings across
multiple processes (individuals C and D).

Panel b) The translational value of human genetic data for complex metabolic phenotypes.
Translational opportunities can be broadly divided into those that are related to providing
generic insights into the processes underlying disease predisposition (or trait variance), and
those that can be exploited to deliver information at the level of the individual, and support
precision medicine approaches. Some examples of each are provided.
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