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Abstract

Many biochemical traits are recognised as risk factors, which contribute to or predict the development of disease. Only a few
are in widespread use, usually to assist with treatment decisions and motivate behavioural change. The greatest effort has gone
into evaluation of risk factors for cardiovascular disease and/or diabetes, with substantial overlap as ‘cardiometabolic’ risk. Over
the past few years many genome-wide association studies (GWAS) have sought to account for variation in risk factors, with
the expectation that identifying relevant polymorphisms would improve our understanding or prediction of disease; others have
taken the direct approach of genomic case-control studies for the corresponding diseases. Large GWAS have been published
for coronary heart disease and Type 2 diabetes, and also for associated biomarkers or risk factors including body mass index,
lipids, C-reactive protein, urate, liver function tests, glucose and insulin. Results are not encouraging for personal risk prediction
based on genotyping, mainly because known risk loci only account for a small proportion of risk. Overlap of allelic associations
between disease and marker, as found for low density lipoprotein cholesterol and heart disease, supports a causal association, but
in other cases genetic studies have cast doubt on accepted risk factors. Some loci show unexpected effects on multiple markers or
diseases. An intriguing feature of risk factors is the blurring of categories shown by the correlation between them and the genetic
overlap between diseases previously thought of as distinct. GWAS can provide insight into relationships between risk factors,

biomarkers and diseases, with potential for new approaches to disease classification.

Introduction

Clinical chemistry has developed from an initial focus on
diagnostic tests into a combination of predictive, diagnostic
and monitoring roles. Over time, quantitative biochemical
tests have played an increasing role in epidemiology and some
have been identified as predictors or ‘risk factors’ for disease.
Biomarkers orrisk factors have also been widely used in genetic
research, because the genetics of risk factors should give
insight into the genetics of disease. Both for quantitative risk
factor studies and for case-control comparisons, identification
of genes or loci whose variation is associated with variation
in risk should lead to identification of pathways to disease
and to opportunities for dietary, lifestyle or pharmacological
interventions to reduce the incidence of disease.

This review focuses on polygenic effects on disease risk or
quantitative traits related to risk. The term ‘cardiometabolic’
is intended to cardiovascular and metabolic
disease, including diabetes- and obesity-related traits and
biomarkers known to be associated with risk. Genetic
variants with large effects, such as those producing familial
hypercholesterolaemia, familial combined hyperlipidaemia,

cover

or the monogenic forms of diabetes, are not considered in
detail because relevant information can be found elsewhere.'*

A distinction should be made between causative risk
factors, which contribute to the disease process and for
which interventions which affect the risk factor will change
the incidence of disease, and biomarkers which are not
necessarily causative but usefully reflect current or future
disease. Interventions which change biomarker results may or
may not change the incidence of disease. Genetic studies can
help to clarify the distinction between causative risk factors
and non-causative biomarkers.

One of the earliest and best-known of the studies which
have followed cohorts of subjects recruited from the general
population over time, and assessed outcomes in relation to
initial characteristics, is the Framingham Heart Study. This has
been running for over 60 years and is studying grandchildren
of the original participants. Their objective has been “to
identify the common factors or characteristics that contribute
to cardiovascular disease by following its development over a
long period of time in a large group of participants who had not
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yet developed overt symptoms”.> Success in identifying such
‘common factors’ led to a scoring system and to risk-driven
interventions which have made a substantial contribution to
decreasing cardiovascular mortality. For example, Australian
data show that age-standardised mortality from coronary heart
disease has decreased by over 80% in both men and women
since about 1970. Numerous studies have concluded that
around half the decrease in mortality is due to improvement
in risk factors (see 7, particularly their Figure 2). Therefore,
epidemiological studies can lead not only to understanding or
risk prediction, but to successful policies for intervention and
disease prevention.

Hundreds of characteristics have been implicated as risk
factors by prospective epidemiological studies, and the term
has entered the language. It is intriguing that quantitative
cardiovascular markers have been more successful than
biomarkers or risk factors for other conditions such as cancers,
susceptibility to infectious diseases, or psychiatric diseases.
This may reflect the difference in investment or in the nature
of the disease. Biomarkers have also been useful for defining
risk of Type 2 diabetes. Here the known risk factors are much
more closely linked to the definition of disease because a
high glucose (subject to some caveats) defines diabetes. The
glucose tolerance test, glycated haemoglobin, and measures
of insulin sensitivity are all closer to the core of diabetes than
cholesterol is to coronary heart disease.

Initialrisk factorsrecognised for development of cardiovascular
disease were lipids and blood pressure, and for diabetes
fasting or post-challenge glucose results. Obesity is associated
with increased risk of both. Many of the known quantitative
risk factors for ‘cardiometabolic’ disease are not obviously
associated with atherosclerosis or glucose homeostasis but
they nevertheless predict mortality, cardiovascular disease or
Type 2 diabetes. In particular, common liver function tests
(gamma-glutamyl transferase (GGT),%’ alanine and aspartate
aminotransferases (ALT, AST),'*!? butyrylcholinesterase,'*'
bilirubin'®) predict mortality or onset of disease although they
do not directly cause it. Similarly, triglycerides,!” urate?**!
and homocysteine? are associated with cardiometabolic risk,
although their associations may become non-significant when
other risk factors are included as covariates in data analysis.

The search for novel biomarkers which might add value
to the Framingham score, or increase the number of
epidemiologically proven risk factors, continues,” but
attempts to improve prediction with quantitative tests on
serum have not been effective.* If common diseases are
heritable, then identification of genetic markers would add
to the range of potential biomarkers and might improve our
ability to assess risk.
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Evidence for Genetic Effects on Risk Factors and on
Disease

Most common diseases and their risk factors have been the
subject of twin or family studies that have demonstrated
significant heritability. Exact estimates vary between studies,
with typical findings including 0.61-0.83 (or 61% to 83% of
variance) for low-density lipoprotein cholesterol (LDL-C),
0.62—0.75 for high-density lipoprotein cholesterol (HDL-C),
0.48-0.71 for triglycerides,? 0.52 and 0.49 for GGT,*?7 0.30—
0.61 for C-reactive protein (CRP),?3° 0.73 for urate®' and
0.44-0.63 for homocysteine.*>** The existence of significant
genetic influences on risk factor and biomarker values implies
either that the risk of disease is heritable, or that there is
heritable variation in the risk factor which is not related to
risk of disease.

The former is certainly true; most common diseases have
a genetic component, usually demonstrated by the risk
for siblings of patients being greater than for the general
population. Studies on coronary heart disease have included
analysis of data on first-degree relatives,®® twin pairs,3*
parents and offspring,*® and similarity of offspring to their
natural versus adoptive parents.** Each of these has shown
a genetic component to coronary heart disease risk, with
heritability estimates around 0.4 to 0.6 and greater for disease
occurring at younger ages. For Type 2 diabetes, concordance
rates in monozygotic twin pairs reached 75% after 15 years
observation,* and heritability estimates of around 0.7 have
been reported.**?

The genetic effects on risk factors can of course differ from
those for actual disease, so conclusions based on risk factors
alone must be approached with caution. The possibility that
there is genetic variation affecting only the risk factor (and
not the disease) is also relevant from a laboratory perspective.
Such variation can, if it is substantial enough, be taken into
account by genotype-specific reference ranges.

The heritability estimates vary between studies and have a
degree of uncertainty, both because of limited sample size
and because of variation with age or due to interactions with
unmeasured demographic factors. However, demonstration
of significant heritability in both biomarkers and disease
risk has justified the search for genes or loci where variation
contributes to the overall genetic effect.

Genome-Wide Association Studies (GWAS)

The principles of genetic association studies are well-known
and many reviews or commentaries on this approach are
available.® Very briefly, a sub-set of the known polymorphisms,
in practice of single-nucleotide polymorphisms (SNPs), across
the entire genome is selected for their ability to ‘tag’ regions
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Glossary

Useful definitions related to genetic studies can be found at
http://www.snpedia.com/index.php/Glossary or http://ghr.
nlm.nih.gov/glossary.

Allele: an allele is an alternative within the genome sequence,
such as G or A, C or T, for a single nucleotide polymorphism
(SNP).

Complex (polygenic or multifactorial) diseases and traits are
influenced by a combination of many comparatively small
environmental and genetic effects, usually acting additively.
The disease occurs when the liability from all these sources
exceeds some threshold.

Genotype: for the autosomal chromosomes in a diploid cell,
a SNP will have three possible genotypes because there are
copies on each chromosome, for example AA, AG or GG.
(But on the X chromosome men are hemizygous so only
two genotypes are possible; women may have any of three.
Y-chromosome and mitochondrial inheritance are not usually
considered for complex traits.)

GWAS: agenome-wide association study checks forsignificant
association between SNPs or other polymorphic variation and
either case-control status or a quantitative phenotype across
the entire genome. In practice, some regions of the genome
have been difficult and not all polymorphic variation can be
captured by the use of tagging SNPs. Some studies have only
reported on variation in autosomal chromosomes.

Heritability is the proportion of variance in a phenotype
accounted for by all additive genetic effects. (This is the
narrow-sense heritability, which is most relevant for complex
disease or quantitative traits.) It is usually estimated from
resemblance between pairs of relatives such as parents and
offspring or twin pairs.

Linkage disequilibrium (LD) is defined as “co-occurrence
of a specific DNA marker and a disease at a higher frequency
than would be predicted by random chance” (http://ghr.nlm.
nih.gov/glossary). The term is also applied to co-occurrence
of alleles in genetic markers such as SNPs. LD is important
for GWAS because mutations, or polymorphisms contributing
to disease risk or genetic variation in other phenotypes, are

assumed to originate on an ancestral chromosome with a
haplotype which will be co-inherited across many generations.

Over time, recombination events will break up the haplotype
so that only polymorphisms close to the causative variant will
remain associated with it. This has the practical advantage
that it is not necessary to genotype every SNP in the genome
to do a useful GWAS because a sub-set of SNPs can be
chosen to tag LD blocks and identify loci for more detailed
investigation.

Mutation: mutation means change, and in one sense a
mutation occurs between one generation and the next. For
clarity, a distinction is often made between de-novo mutations
(not inherited from either parent) and inherited mutations
which are less common than polymorphisms. We can also
distinguish between germline mutations, inherited from
parents, and somatic mutations which are inherited across cell
division.

Phenotype: the phenotype is a characteristic which can be
observed or measured, such as presence or absence of a
disease, hair colour, height, or fasting plasma glucose. In most
cases the phenotype will be affected by both genetic and non-
genetic (environmental or random) sources of variation; and
the phenotype may change over time because of measurement
error, biological variation, ageing, or onset of disease.

Polymorphism: a polymorphism is a part of a DNA sequence
which (as the word implies) can take many forms — but in
practice, usually only two. Single-nucleotide polymorphisms
or SNPs comprise variation at a single base pair, whereas indels
are insertion/deletion polymorphisms which have one base-
pair replaced by several. The term polymorphism is usually
reserved for variants where the less common (minor) allele
has a frequency over 1%. SNPs are identified by rs numbers,
for example rs1800562 is the non-synonymous coding variant
(cysteine to tyrosine at amino acid 282, C282Y) in the HFE
gene, which is associated with the most common form of
haemochromatosis.

Wild-type: for mutations or for gene knockout in experimental
animals, the original, common or ancestral allele is often
referred to as wild-type.

of each chromosome which constitute linkage disequilibrium
blocks. These SNPs (initially about 300,000, now up to 5
million) are genotyped for each study participant using allele-
specific probes immobilised on a genotyping chip. As a rough
guide, the cost of genotyping chips was initially around $1000
per sample and is now around $100, depending on the number
of SNPs included. With increasing knowledge of the patterns
of linkage disequilibrium across the genome, and of common
haplotypes, the genotypes of many untyped SNPs can be

imputed and sometimes this results in discovery of loci which
did not show significant results for the set of genotyped SNPs.
Associations between the genotype (or more commonly the
allele count) at each SNP and the phenotype (a quantitative
characteristic of each subject, or their case/control status,
adjusted where necessary for covariates) are computed.
Because a very large number of possibilities for association
are tested, a stringent p-value for significance (usually 5 x
108, the usual p <0.05 divided by a million for the estimated
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number of independent loci) is applied. This means that
substantial numbers of subjects (several thousand) are needed
to give adequate power to detect small effects (such as 1%
of variance for a quantitative phenotype and a relative risk
around 1.2 for a disease).

Because a locus may contain more than one independent
effect, conditional analysis (repeating the association analysis
but including one or many SNPs already known to be
significant as covariates) may reveal more variants. For many
of the conditions or phenotypes discussed, rare gene variants
or mutations with large effects were known before the GWAS
era. GWAS has often detected smaller effects associated with
common variants in the same genes.

GWAS can identify a chromosomal location or a linkage
disequilibrium block, but the block will often cover multiple
genes and it can be difficult to decide which is the relevant
one. If the association is found near an obvious gene, such
as variation at CRP affecting serum C-reactive protein or
variation near TF affecting serum transferrin, there is little
problem. Otherwise, it may be necessary to type more SNPs
across the region to see whether more significant and possibly
more biologically relevant results are achieved, or to test
whether variants affect gene expression by direct experiment
or by searching published data.

Combination of data from multiple studies through meta-
analysis, sometimes including over 100,000 subjects, allows
detection of small effects which would not be found by
any single study. This is illustrated by Figure 1. Because
of the small contributions of individual loci to heritability,
meta-analysis has become an indispensable tool in genetic
association studies. The realisation that individual studies
would have no hope of discovering the range of loci
accessible through combining data has led to a cultural shift
towards collaboration and towards deposition of data for
other researchers to use.

Some technical issues are relevant to an understanding of
GWAS results. Low-frequency SNPs (with minor allele
frequency below about 5%) were not selected for inclusion
in the first generation of GWAS chips, but this is changing.
However the effects associated with low-frequency SNPs
will not be detectable unless either their effect sizes or the
number of subjects are large. Genome-wide-significant SNPs
discovered so far only account for a few percent of variation,
giving rise to a ‘missing heritability’ problem, but there are
strong indications that most uncharacterised genetic variation
is due to multiple SNPs of individually small effect which
studies are under-powered to detect.
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Figure 1. Relationship between study size and number of loci
shown to be genome-wide significant, for coronary artery
disease (CAD), type 2 diabetes (T2D), and their risk factors
body mass index (BMI), LDL cholesterol (LDL-C), fasting
plasma glucose (FPG), glycated haemoglobin (HbAlc) and
diastolic blood pressure (DBP).

Another consideration, particularly relevant for a review, is
that later studies tend to include all data from earlier studies
and it is therefore most relevant to cite and discuss recent
ones. Because of the widespread use of stringent p-values, and
the requirement for replication of novel results in independent
cohorts, later studies nearly always confirm results from
earlier ones and therefore displace them.

The location of GWAS findings, relative to genes, has
attracted some attention. Genome-wide significance is
often found, because of linkage disequilibrium, across
a considerable region but it is the location (and possible
functional significance) of the most significant SNP which is
of interest. Lead SNPs might be concentrated in gene exons
and introns, or in 5’ and 3’ regions close to genes, or away
from any gene. Examples of all these are found, but there
is an enrichment of significant SNP associations in or near
known genes, particularly in the 5’ untranslated region, and
a below-average occurrence in inter-genic regions.* Usually,
each of the lead SNPs only contributes 1 or 2% of the overall
variance but there are several examples of what might be
called ‘oligogenic’ effects. These often occur at a locus coding
for a protein whose plasma concentration is the phenotype
analysed, such as butyrylcholinesterase* and transferrin,*® but
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it may also occur at a rate-limiting step in the metabolism of
the phenotype molecule, such as UGT1A1 variation affecting
bilirubin concentration.*’

The first generation of GWAS for most common diseases
or their risk factors and biomarkers is drawing to a close.
Genotyping of selected SNPs may perhaps be replaced by
whole-genome sequencing, but chip-based SNP genotyping
is robust and cheap and imputation of uncommon variants
continues to improve. Some chips have been designed to
emphasise dense genotyping near genes identified in early
GWAS or candidate genes for groups of related conditions,
while others concentrate on the whole exome. The initial
focus on variants found in people of European descent has
decreased, and many studies on people of African or Asian
descent are being published. Apart from the need to extend any
benefits from GWAS to people of all ancestries, comparison
of results across populations with differing polymorphisms
or differing patterns of linkage disequilibrium can help
to identify relevant genes within a locus and has identified
additional loci as relevant for disease.

A useful compilation of GWAS results can be found at the
website of the National Human Genome Research Institute.*®
This can be searched by SNP, gene or chromosomal location,
or by the disease or trait of interest. A karyogram summarising
all GWAS hits, and hits for selected conditions, is available
and periodically updated.®

Very large amounts of money and time have been invested
in GWAS for many diseases. The expectations were that this
would lead to discovery of novel loci, genes and pathways
which contribute to disease and that prediction of disease
risk could be improved by adding genetic data to existing
risk assessment algorithms. On the whole, the discovery
expectations are being met but risk predictions for common
polygenic disease are not usefully improved by adding genetic
information. One outcome which was not appreciated is the
value of genetic information for addressing the traditional
epidemiological question of distinguishing between
correlation and causation.

Gene-Disease Associations

Coronary Artery Disease

Coronary artery disease was one of seven conditions included
in an early case-control GWAS by the Wellcome Trust Case-
Control Consortium (WTCCC).>® With approximately 2000
cases for each disease and 3000 controls free from any of the
diseases (or 15,000 controls if a disease-specific perspective
is taken), it was powered to have an 80% chance of detecting
loci conferring a relative risk of 1.5 or more. The results for
coronary heart disease showed only one significant locus,

near CDKN2A4 and CDKN2B on chromosome 9. The most
significant SNP, identified as rs1333049, showed p = 1.8x10
4 with odds ratios (relative to homozygotes for the non-risk
allele) of 1.47 for heterozygotes and 1.9 for homozygotes for
the risk-increasing allele. This locus was also associated with
risk of Type 2 diabetes; subsequent reports soon replicated
the coronary heart disease association and showed significant
associations in the same region (but not always for the same
SNPs) for a wide range of diseases including aneurysm, heart
failure, stroke, Type 2 diabetes, melanoma and glioma.

Subsequent findings about this 9p21 region are instructive,
and as the authors of one of the papers addressing its
functional significance say, they “demonstrate the utility of
genome-wide association study findings in directing studies
to novel genomic loci and biological processes important
for disease aetiology”.’! It was not obvious how CDKN24
or CDKNZ2B variation could affect coronary heart disease
or the other diseases for which associations were found in
this region. There is no association between this locus and
known risk factors, and the most significant SNP is about
100 kilobases from CDKNZ2B, the closer of the two genes. It
was subsequently found that the CDKN2A/CDKN2B region
containing the significant SNPs for coronary heart disease
affects expression of both these genes, and also of ANRIL or
CDKN2B-AS1 (which overlaps with CDKN2B and with the
coronary heart disease locus, and codes for a long non-coding
RNA).>* The proposal is that variation in the coronary heart
disease SNPs affects the response of CDKN2B to interferon
signalling and therefore changes the response of endothelial
cells to inflammation,’' though this is still open to question.**

Returning to GWAS for coronary heart disease, combination
of data for large meta-analyses has now identified many more
loci. Analysis of data from around 22,000 cases and 65,000
controls, followed by genotyping of another 56,000 people,
confirmed 10 reported loci and identified 13 new ones.>> A
further increase in meta-analysis size to include 64,000 cases
and 130,000 controls found 15 novel loci,* for a total of
46. Many of these loci contained independent effects from
SNPs which were not strongly associated with each other
(low linkage disequilibrium between them). Despite the
substantial number of significant loci, they only account for a
small proportion of the genetic variation in risk; about 6-10%
depending on criteria used.

The potential for false negative results from GWAS can be
appreciated in the association between variation at the LPA
locus, (coding for lipoprotein (a)) and coronary heart disease.
This locus has long been known to affect the concentration
of Lp(a) in plasma, and several reports of association with
cardiovascular risk have shown that SNPs affecting Lp(a)
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concentration are associated with substantial variation in
coronary heart disease risk.’”** A combination of low minor
allele frequency and poor tagging of the relevant variants by
SNPs included on GWAS chips led to failure to identify this
locus in early genome-wide studies.

Several approaches have been used to extract information from
the accumulated body of information on allelic associations
with coronary heart disease risk (as opposed to examination
of individual loci). These have included comparisons between
the loci for coronary heart disease and those for diabetes or
for known risk factors for coronary heart disease. Another
approach is to examine the list of significant, suggestive, or
possibly true associations (selected using varying thresholds
of statistical significance) for common features related to
gene functions, or association with known pathways or
processes, in the hope of confirming or discovering precursors
of disease. For coronary heart disease, the most recent GWAS
publication®® took both these routes. Genes whose variation
affects coronary heart disease also tend to have reported
associations with lipids and blood pressure, but not with
diabetes or glucose homeostasis. Associating coronary heart
disease-related genes to cellular or biochemical pathways,
using a more relaxed p-value to include more of the potentially
relevant genes, showed positive and biologically plausible
results for lipid metabolism, morphology of atherosclerotic
lesions, immune cell migration or adhesion, and inflammation.

Other Cardiovascular Conditions

Other cardiovascular diseases, which overlap with coronary
heart disease in their conventional risk factor profile,
show only limited genomic overlap. GWAS for ischaemic
stroke®¢! have shown a distinction between sub-types, with
different genes being implicated in large-vessel disease
(HDACY, an intergenic region at chromosome 6p21.1, and
the chromosome 9p21 CDKN2B-AS1 locus discussed above)
and cardioembolic stroke (P/TX2 and ZFHX3, also associated
with atrial fibrillation). Other loci have been reported as
significant but not replicated. Ischaemic stroke provides
an interesting example of sub-classification improving the
outcome of genetic association studies, and conversely of
GWAS reinforcing the existence of subtypes of a disease.

Large studies on hypertension, or on continuous variation in
blood pressure, have now identified 29 independent effects
at 28 loci on either systolic or diastolic blood pressure.®
Compared to other GWAS results, the 29 effects accounted for
a rather small proportion of variation (<1%) in either diastolic
or systolic blood pressure. Most loci (22 out of 28) were not
near genes which might have been expected on the basis of
previous knowledge about their biology. Nearly all loci affect
both systolic and diastolic pressures, although three have
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been shown to affect them in opposite directions.®® Overlap
between loci affecting blood pressure and other conditions
was assessed by computing a genomic risk score from
genotypes at the significant loci for blood pressure, and this
score was significantly associated not only with hypertension
but with left ventricular wall thickness, stroke and coronary
heart disease, though not with kidney disease.®

One study has identified loci affecting incident heart failure
using combined data from four prospective studies,* with
different associations in European-ancestry and African-
ancestry groups. Only the association with USP3 in the
European group reached the standard threshold of p <5 x 108,

Several reports have appeared on abdominal aortic aneurysm,
with four significant loci identified. The 9p21 CDKN2B-
AS1 locus showed significant results for abdominal aortic
aneurysm and (unlike the other loci) suggestive association
with intracranial aneurysm.® Other loci include an LDL-
receptor-associated protein, LRPI; this locus did not show
associations with coronary heart disease or lipids but there
was evidence for a functional role in aortic tissue.®® Another
was in the region of FBNI, which is associated with Marfan’s
syndrome,”” while the fourth within DAB2IP was associated
with coronary heart disease and peripheral arterial disease but
not with conventional coronary heart disease risk factors.®

A number of genes known for effects on other diseases or
biochemical characteristics have been found among those
significant for cardiovascular conditions. For coronary heart
disease, the lipid-related loci are assumed to act through
effects on the classical risk factor LDL, but the presence of
the ABO blood group locus (which has been shown to affect
a surprisingly wide range of characteristics) is unexplained.
For blood pressure, MTHFR and HFE are well-known
for affecting homocysteine- and iron-related phenotypes.
However the MTHFR eftect may well be due to variation in
the nearby gene NPPB, which codes for natriuretic peptide
precursor. The reported SNP for the HFE effect on blood
pressure®? was rs1799945 (H63D), rather than rs1800562
(C282Y) which has larger effects on iron, lipids and coronary
heart disease.

Type 2 Diabetes and Metabolic Syndrome

Type 2 diabetes was one of the conditions covered in the
early (and in retrospect under-powered) WTCCC study.*® It
found significant associations for Type 2 diabetes at only one
location, TCF7L2, although two previously recognised loci
showed supportive results. Since then several rounds of meta-
analyses have expanded the number of Type 2 diabetes loci to
63, estimated to account for about 6% of variance in disease
risk.® Many of these loci (though not necessarily the same
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SNPs) are associated with other metabolic traits, particularly
glucose and insulin but also with adiposity, lipids and CRP.
A meta-analysis focusing on glucose and insulin found or
confirmed 53 loci of which 33 also showed evidence (at a
false discovery rate of 0.05) for affecting Type 2 diabetes.”
The diabetes loci showed a mix of effects on beta-cell
function and insulin resistance, with more of the former.”*”!
Figure 2 summarises the overlap of loci for Type 2 diabetes,
glucose, beta-cell function (HOMA-B) and insulin resistance
(HOMA-IR).
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Figure 2. Type 2 diabetes loci and glycaemic control (from
data in ©). Loci are listed in increasing order of p-values for
Type 2 diabetes). HOMA-IR measures insulin resistance
and HOMA-B measures islet beta-cell function. Filled cells
indicate p < 10 for the most significant SNP for that locus
and phenotype.

Overlap of genetic loci for Type 2 diabetes with those for Type
1 has been sought by a number of studies. On the whole, there
is little overlap of susceptibility loci and SNPs associated
with Type 2 diabetes do not predict development of Type
1.7 Variants near GLIS3 are associated with both, probably
through increased beta-cell apoptosis.’”* On the other hand,
the genes whose variation can cause maturity-onset diabetes
of the young (MODY) are well-represented among the Type
2 diabetes GWAS findings; hepatic nuclear factors (HNF'14,
HNFI1B, HNF4A) and PAX4 contribute to Type 2 diabetes
risk while GCK and PDX1 are associated with fasting plasma

glucose and also (for GCK) with glycated haemoglobin and
metabolic syndrome.

The related condition of metabolic syndrome has been subject
to fewer studies. One difficulty is knowing whether it is best
to define the condition as present or absent according to the
IDF? or earlier criteria, and perform a case-control study, or
to attempt a multivariate assessment based on the underlying
quantitative measures. A moderately large study combining
these approaches’ found no genome-wide significant results
for the syndrome but many loci were significant for pairs of the
underlying traits. Interpretation of such associations when the
pairings are already known from conventional epidemiology,
for example HDL-C and triglycerides, is difficult. A
subsequent study comparing metabolic syndrome (but non-
diabetic) cases with controls found one locus, APOA1/C3/
A4/45, to be significantly associated with the syndrome itself
and with multiple lipid phenotypes.”” Many loci affected one
or two of the metabolic syndrome phenotypes (adiposity,
dyslipidaemia, impaired glycaemic control, blood pressure)
but there was a lack of loci crossing all these domains. The
issues of how far metabolic syndrome overlaps genetically
with Type 2 diabetes, and whether it is a single genetic entity,
remain open.

The issue of genetic factors affecting risk of complications
of diabetes is potentially important but significant results
have only been reported for Type 1 diabetes, perhaps because
such patients are typically at risk for a longer time than those
with Type 2. One case-control study, involving some 11,000
patients with or without end-stage renal disease, found two
significant loci and a number of others whose effects did
not reach significance with the numbers available.”® Such
studies on specific complications of common disease, or on
penetrance of disease in conditions where a monogenic pre-
condition for disease is known, are likely to increase. Very
large numbers of people are monitored for chronic conditions
so the phenotype data are potentially available, and if DNA
can be collected systematically then the cost of genotyping
is small in relation to the costs of diabetes complications and
other chronic conditions.

Biomarker Associations

Results for GWAS or GWAS meta-analyses of the most
relevant risk factors or biomarkers for cardiometabolic
conditions are summarised in Table 1. To some extent,
variation in the number of known significant SNPs and the
proportion of variation explained is due to variation in the
number of people included, which in turn reflects the cost and
perceived importance of assessing the phenotype.
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Some patterns can be seen in the lists of loci. The genes
coding for the protein feature for butyrylcholinesterase, CRP
and GGT, many genes for apolipoproteins, their receptors or
enzymes of lipid metabolism are seen for the lipids; and some
genes show significance for unexpected phenotypes. For
lipids in particular, many of the genes known from studies
on monogenic disease occur (for common SNPs) among the
GWAS findings, and it is notable that two genes which have
already been exploited as drug targets for treatment of high
LDL-C (HMGCR and PCSK9) would have been revealed
as important to cholesterol and lipoprotein metabolism by
GWAS.

The loci identified for lipids account for about 10-12% of
the phenotypic variance, based on data from about 100,000
people. The data for body mass index (BMI) are based on
about 250,000 people but the proportion of variation explained
is low, possibly because variants of large effect have been
selected against. The phenotypes with substantial proportions
of variance explained, bilirubin and butyrylcholinesterase,
each have one variant with a substantial effect (>15%) and
others with much smaller effects.

There are several intriguing aspects to these results. LDL-C
is unexpectedly associated with SNPs at the ABO blood
group locus and at BRCA2, HFE and UGT1A41 (more readily
associated with breast cancer, haemochromatosis and
bilirubin, respectively). The ABO locus has been associated
with a wide range of biomarker and disease phenotypes,
including myocardial infarction and coronary heart
disease,™™ which tends to support the LDL-C association.
The most significant HFE SNP is rs1800562, which codes
for the C282Y variant associated with haemochromatosis and
with variation in iron status in the general population, and the
iron-increasing A allele is associated with decreased LDL-C.%
Other nearby variants within the HLA region are significant
for both LDL-C and triglycerides. The UGT1A1 locus, which
controls conjugation of bilirubin, has a significant effect
on butyrylcholinesterase activity* as well as LDL-C. The
BRCA?2 locus recently reported to be associated with total
and LDL cholesterol®! is known for its association with breast
and ovarian cancer but the variant affecting total and LDL
cholesterol, rs9534275, is intronic, extremely common, and
not likely to affect cancer risk. The way in which it affects
cholesterol is not known. Two of the loci affecting glycated
haemoglobin, HFE and TMPRSS6, are known to affect iron
and erythrocyte measures so the association may be with
erythrocyte characteristics rather than glycaemia.

Genetic Loci
Phenotypes
Phenotypic Correlation Between Biomarkers

Affecting Multiple Risk or Disease

24 Clin Biochem Rev 35 (1) 2014

Cardiometabolic biomarkers not only share the property of
risk prediction for an overlapping cluster of diseases, but they
are correlated in the general population. To some extent the
correlations will be due to common dependence on a known
and measurable characteristic such as BMI, and to some
extent on environmental or genetic variation which affects
all, most or some of them. The phenotypic correlation matrix
from a large Australian dataset® is shown in Table 2; a similar
correlation matrix for some other cardiac biomarkers was
published by Drenos.®* At the phenotypic level there is overlap
between biomarkers associated with coronary heart disease,
Type 2 diabetes, obesity and metabolic syndrome. This could
be due to genetic variation with effects on many of these
markers, or environmental variation with effects on each.
There is evidence for genetic correlation between GGT and
other biomarkers or risk factors, particularly for triglycerides
and apolipoproteins associated with very-low-density
lipoprotein.* Factor analysis directs attention to a number of
groupings containing variables which are correlated and for
which we might expect to find common genetic effects. These
include the liver markers ALT, AST and GGT, together with
ferritin; triglycerides and HDL-C with butyrylcholinesterase,
urate and insulin; alkaline phosphatase, CRP and (inversely)
bilirubin; and glucose and insulin with (inversely) LDL-C.
Either multivariate analysis or GWAS of factor scores may
help to identify loci with multiple effects.

Genetic Overlap between Biomarkers

Overlap of published data across biochemical phenotypes
is summarised in Table 3. Most of these loci affect multiple
lipids such as LDL-C and triglycerides, or else fasting glucose
and glycated haemoglobin, which is to be expected as these
are to some extent measures of the same phenotype. However,
the other loci with multiple effects are less straightforward.

APOE and the nearby APOC genes are well-known for effects
on lipid metabolism and (for APOE) Alzheimer’s disease risk,
although the two SNPs in APOE which determine the £2/e3/e4
haplotype have differential effects on LDL-C and Alzheimer
risk.3* The expected effect found at this locus is for lipids but
there is also an effect on CRP, which is paradoxically in the
opposite direction (alleles at this locus which increase LDL-C
decrease CRP, contrary to the positive association found in the
general population and their common status as risk factors).%

GCKR, which has been associated with albumin, CRP, GGT,
glucose and insulin, platelet count, triglycerides and other
lipids, urate, and also Crohn’s disease and kidney disease,
codes for a protein which acts as a regulator of glucokinase
(hexokinase) activity in the liver and regulates storage
of glucose.® This places it at an important crossroads of
carbohydrate metabolism and it has been reported that SNPs
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within GCKR have opposing effects on triglycerides and
glucose.’” Variation in GCK, which codes for the enzyme
regulated by the GCKR protein, is associated with fasting
plasma glucose and glycated haemoglobin in GWAS and with
MODY Type 2.

Several genes of the hepatocyte nuclear factor (HNF) family
occur in the list of loci with diverse effects. Variation in
HNF14 affects CRP, GGT, LDL-C and urate, encompassing
at least four of the domains (inflammation, liver function,
lipids and purine metabolism) associated with obesity and
cardiometabolic risk. SNPs in HNF4A affect CRP and HDL-C,
and SNPs in HNF4G affect BMI and urate. HNFs regulate
transcription of many genes, mainly but not exclusively in the
liver, and are associated with the MODY forms of diabetes.®
The genes regulated by these proteins include many for
carbohydrate and lipid metabolism, which fits with the diverse
reported effects on cardiometabolic biomarkers.

MILXIPL variation also affects many cardiometabolic
phenotypes; CRP, GGT, HDL-C, triglycerides and urate.
This gene codes for a glucose-responsive transcription factor
(ChREBP) which affects lipogenesis, and a recent report®
reinforces its importance in human obesity and associated
metabolic abnormalities.

RORA, where variation most strongly affects CRP and GGT,
is also a transcription factor and regulates expression of
genes of lipid metabolism in including apolipoproteins. Gene
knockout has implicated RORA in hepatic steatosis,” perhaps
accounting for its effects on GGT.

Overall, the loci which show effects on multiple
cardiometabolic phenotypes are associated with control of
carbohydrate and lipid metabolism, consistent with these
biomarkers’ clinical and epidemiological associations.

Genotypic Overlap between Diseases

A number of examples are known where diseases thought to
be distinct show substantial overlap in their genetic basis. The
best examples come from mental health, where diagnosis and
classification is generally based on symptoms and behaviour
rather than known pathology. One way of demonstrating
overlap, and of showing that it is likely to be genetic, is to
establish increased risk of a comorbid condition in relatives
of patients. Another, which has recently developed, is to show
that a genetic risk score for one disease is associated also
with risk of another. Examples of the genetic classification
diverging from conventional classification of disease are
starting to appear, for example between bipolar disorder
and schizophrenia, extending to other psychiatric conditions
to varying degrees;’! between schizophrenia and coronary

heart disease;” and among autoimmune diseases.” A more
ambitious and complex analysis, covering 161 disorders, has
been put forward;* there may be doubts about its specific
findings but it illustrates the potential of data-mining from
information gathered for other reasons.

Genotypic Overlap between Biomarkers and Disease
Searching for gene variants that affect known risk factors, as
a surrogate for searching for variants which affect disease, has
advantages but is susceptible to both false negative and false
positive results. False negatives result from the existence of
loci which affect disease risk through other mechanisms and
do not affect the risk factor. False positive results arise if a
variant affects the marker (such as LDL-C or glucose) but not
the disease (coronary heart disease or Type 2 diabetes). We
would expect that the effect would be transmitted from the
genetic variation through the risk factor to the disease, but
this is not always the case. Testing whether loci which affect
putative risk factors do in fact affect the disease has become a
useful way of checking for causative relationships.

[N

Figure 3. Overlap of genome-wide-significant loci for
coronary heart disease (CHD), LDL cholesterol (LDL-C) and
type 2 diabetes (T2D). The six significant loci affecting both
CHD and LDL-C are ABO, APOA/APOC, CELSR2/SORTI,
LDLR, LPA and PCSK9Y, that for CHD and Type 2 diabetes
is CDKN2A/B, and for LDL-C and Type 2 diabetes HNFIA.
Data from the National Human Genome Research Institute.*

The development of ever-larger meta-GWAS for coronary
heart disecase and Type 2 diabetes has been paralleled
by meta-analyses on lipids and glycaemic control, and
qualitative comparisons of significant loci have shown
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substantial overlap. The reported associations for coronary
heart disease and LDL-C, summarised in Figure 3, reinforce
the epidemiological, pathological and therapeutic evidence
that LDL-C is a true risk factor. The overlaps between loci
for coronary heart disease and Type 2 diabetes, or between
LDL-C and Type 2 diabetes, are minimal.

Studies on risk factors and disease complement each other,
and recently a number of such comparisons have led to the
conclusion that what was thought to be a primary or causal
risk factor is probably only a marker of risk. The important
implication of such findings is that drugs or other interventions
which change a risk marker (e.g. HDL-C) will not necessarily
change the risk of disease. Examples of analyses where SNPs
or genetic risk scores have been used in this way are discussed
below.

Future Directions for Genetic Association Studies

As information about the human genome has expanded,
particularly from haplotype data generated by sequencing in
the 1000 Genomes project, it has become possible to infer
genotypes at large numbers of SNPs from limited genotyping
data. This has allowed refinement of information at known
loci, and sometimes identified novel loci where uncommon
or ungenotyped variants have significant effects. It was hoped
that uncommon variants with minor allele frequencies in the
range 0.1% to 5%, or family-specific variants of large effect,
would account for some or most of the gap between known
SNP effects and estimated heritabilities. Although there are
uncommon variants with significant effects, it now seems that
the unidentified or ‘missing’ heritability is probably due to
variants with effects which are too small to measure accurately
with feasible sample sizes. If this is so, then full sequencing of
the large number of samples which would be needed to give
adequate power will probably not be productive. This has
recently been undertaken for HDL-C on almost 1000 people®
and results suggest that common variants (with minor allele
frequency >1%) account for almost ten times as much of the
variation as rarer ones.

In relation to biomarker investigations, there are a number
of additional phenotypes which could usefully be the subject
of genome-wide studies. Availability of high-sensitivity
assays capable of measuring cardiac troponins in people
who have not suffered a clinical event, and of predicting
such events,” may allow detection of further coronary heart
disease risk loci. In time, imaging techniques may provide
additional phenotypes for genetic association studies but
the costs are probably too high to be used in purely research
studies; application of genotyping to people who have such
investigations for clinical reasons would be more cost-
effective. Investigation of pharmacogenetic phenotypes (drug

28 Clin Biochem Rev 35 (1) 2014

response or non-response, frequency of side-effects) through
GWAS may be productive, even with moderate sample sizes.
Quite large genetic effects could exist because they would not
have been subject to negative selection.

Applications of GWAS Results

Results from GWAS have three main areas of application;
the understanding of disease and potential discovery of drug
targets; the distinction between causal risk factors and non-
causal biomarkers; and clinical prediction. Out of these,
improved understanding and clinical prediction of disease
were expected but have only partly been realised. The
application which has shown unexpected promise has been
the use of genomic data to answer questions about cause and
effect which have classically been the subject of controlled
trials, either when controlled trials are not possible or to
supplement their results.

Insight into the Biology of Disease

Genetic studies, and specifically GWAS, have improved our
understanding of disease. This is most easily appreciated
in relation to the roles of LDL and inflammation in
atherosclerosis, and the roles of insulin resistance and beta-
cell function in Type 2 diabetes, because these fit with existing
knowledge. Other discoveries will require more work before
an integrated story is available. It will probably take some time
before we can say whether discovery of drug targets has been
successful; several known targets have been rediscovered by
GWAS, which is encouraging. It is too soon to expect clinical
trials of drugs based on GWAS discoveries, although some
existing drugs have found new indications or off-label uses as
a result of genetic discoveries.

Distinction between Causal Risk Factors and Non-Causal
Biomarkers

As mentioned above, SNPs which affect a causal risk factor
for disease should also affect the risk of the disease. This has
led to the use of genetic information to perform a type of
instrumental variable analysis known (rather inaccurately) as
Mendelian Randomisation (MR). The basis of this approach
is to estimate whether the effect of the gene variant on the
disease risk is equal to that expected from the two steps,
gene to risk factor and risk factor to disease, where all the
necessary relationships can be measured and all the effects
of the genetic variation on disease are mediated through the
risk factor. The MR approach is advocated as a substitute
for randomised trials where these are impractical, because
genotype is randomised through the processes of meiosis and
fertilisation. The lifelong genetic status of any subject can
identify or exclude reverse causation, in which for example
CRP is elevated because of pre-disease states rather than
elevated CRP causing the disease.
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One practical difficulty is that the effect of any single SNP
or locus on the risk factor will usually be small, and the
relationship between the risk factor and the disease is usually
weak. Therefore a strong allelic effect and a large number of
subjects are necessary to provide a valid conclusion about
causality. The other common problem is that it can be difficult
to be sure that assumptions about paths from gene to disease
are met. To improve the power of such analyses, several groups
have calculated genetic risk scores incorporating effects of
multiple SNPs, each known to affect the proposed risk factor.
This too has dangers, particularly if the loci included affect
the risk factor through differing pathways of if any of them
affect several risk factors in non-uniform ways (as found for
some effects on LDL-C and CRP).

A good example of the application of genetic information
through MR can be found in the analysis of data on
homocysteine and coronary heart disease.”” This calculated
the effects of SNPs at 13 loci, accounting for around 6% of
variation in homocysteine concentration, on coronary heart
disease risk. Although the genetic score was associated with
substantial variation in homocysteine concentration it was
not associated with disease risk, placing homocysteine in the
category of non-causal risk marker. A similar study, focused
on the C677T variant in MTHFR, found that the allele which
was associated with increased homocysteine was associated
with decreased cardiovascular disease risk, emphasising the
potential for unexpected outcomes from MR.

A similar application to data on HDL-C® tested first one SNP
(in LIPG), and then a 14-SNP genetic risk score, comparing
effects of the SNP or score on HDL-C and the known
relationship between HDL-C and risk of myocardial infarction
against the effects of SNP or genetic score on the prevalence
of myocardial infarction. Results for the single SNP and score
were consistent in showing that HDL-C was non-causal,
while genetic-score analyses for LDL-C (conducted as a
positive control) supported a causal relationship. However,
because many loci affect both LDL-C and triglycerides, or
triglycerides and HDL-C, selection of loci to include in a
genetic score can be difficult.

On the positive side, MR studies using SNPs associated with
blood pressure have confirmed a cause-and-effect relationship
between higher diastolic and systolic blood pressures and
coronary heart disease,”!” and two recent reports suggest that
triglycerides or triglyceride-rich lipoproteins have a causal role
incoronary artery disease.'”"' Similarly the causal relationships
between variation at the LPA locus, plasma Lp(a) concentration
and coronary heart disease have been confirmed through the
abolition of the gene-disease association after adjustment for
the intermediate phenotype (Lp(a) concentration).”

A wide-ranging analysis of the metabolic and disease
consequences of obesity,'” using rs9939609 in FTO, found
that obesity was causally related to Type 2 diabetes, metabolic
syndrome, blood pressure, glucose and insulin, HDL-C,
triglycerides, CRP, GGT and ALT (all of which might have
been expected) and also to heart failure. Two studies on urate
showed the expected causal relationship with gout but found
that the associations with cardiovascular and kidney disease
and their biomarkers were not causal.!*+105

Future studies of this type are likely to expand the range of
SNPs included in calculation of a genetic risk score, including
those which do not reach genome-wide significance. This
should increase the power of MR analyses but carries the
risk that some of the variants included do not meet the
assumptions of the method. Nevertheless, MR will help both
in understanding the clinical relevance of loci associated with
biomarkers and in addressing questions of causality which
cannot practically be resolved by experiments or clinical trials.
So far the biomarkers studied have been well-established and
other types of evidence have been available to support the
conclusions, but the search for novel markers through —omic
technologies will lead to many situations where genomic MR
will help us to understand biomarkers’ characteristics.

Disease Prediction or Risk Stratification

As far as clinical laboratories are concerned, the hope is that
testing for a panel of genetic polymorphisms (most simply,
of SNPs) will produce useable predictions (better than those
available from quantitative risk factors alone). One of the
justifications for genetic association studies was the potential
to predict common polygenic diseases, but there are several
practical limitations. The best possible prediction is limited
by heritability, and we know that concordance within pairs of
monozygotic or ‘identical’ twins is far from complete. Despite
major investments and large studies, the amount of variation
explained by known SNP effects is well below this theoretical
heritability limit and is likely to remain so.

The sensitivity and specificity of conventional predictive
tests is far below that for diagnostic tests because the overlap
between those who progress to disease endpoints and those
who do not is so great, and comparisons based on receiver
operating characteristic (ROC) curves are disappointing.
If we aim for risk stratification rather than prediction of
outcomes then the picture looks better and from a population
treatment perspective (or for identifying high-risk subjects for
epidemiological studies) this stratification can be effective.

Many of the published studies have calculated genetic risk

scores based on the SNPs which have been shown to have
genome-wide-significant effects. The usual approach has
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been to calculate a score for each person by multiplying the
number of risk alleles at each relevant SNP by the beta (effect
size) for continuous variables or by the relative risk for binary
(affected/unaffected) outcomes, and summing the products
across the SNPs. The score is then used as a ‘risk factor’ and
tested for its ability to predict either the quantitative variable
(such as LDL-C) or the outcome (affected/unaffected) in
an independent sample. Because this genetic risk score is a
quantitative and quasi-continuous variable, it can be assessed
and potentially used for clinical risk assessment in the same
way as a measurement of cholesterol or glucose. In general,
genetic risk scores for cardiovascular disease or diabetes have
not shown better performance than conventional risk factors
and they have not added value to the existing approach, but
there are some promising aspects.

An early attempt at prediction of cardiovascular disease
used risk scores based on SNPs known to affect LDL-C or
HDL-C.' Survival analysis based on genetic risk score
categories showed 92% 12-year event-free survival in people
in the worst category, and 98% for people in the best category.
This validates the choice of SNPs to some extent, though LDL
and HDL effects cannot be distinguished. Despite the clear
effect of risk score on outcome, ROC curve analysis showed
no difference in the predictive value between standard
measures and standard measures plus genetic risk score.
This is not surprising because the standard risk assessment
included LDL-C and HDL-C, and the SNP panel did not
include loci affecting cardiovascular disease independent of
these risk factors.

A similar design was used to assess genetic prediction of
Type 2 diabetes.!"” A panel of variants in 11 genes was used to
construct the genetic risk score, which was compared against
several composites of the known predictors (age, sex, family
history, BMI, blood pressure, glucose). Adding the genetic
predictor to the clinical model in ROC analysis produced
statistically significant but very slight improvement in the
area under the curve (0.74 to 0.75). However it appeared that
conventional risk prediction was slightly better over shorter
periods of follow-up and genetic prediction was slightly better
over longer periods. This would be consistent with genetic
score being a marker of lifetime risk and the clinical score
reflecting metabolic changes leading up to the full expression
of the diabetic state.

Since then, many studies of genetic risk scores have been
carried out with increasing numbers of SNPs included. Many
have focused on testing the relationship between markers
and disease, rather than on the predictive value of the score
as a potential screening tool. Of those which have assessed
predictive performance or the degree of reclassification
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achieved by adding genetic risk to the predictor, most have
shown only minimal effects. This was the case for coronary
heart disease'®*!"° and Type 2 diabetes.!""!''3 One interesting
variation was that a diabetes genetic risk score predicted
cardiovascular complications in diabetics, perhaps because of
association with poorer diabetic control.*

The frequency distribution of genetic risk scores leads to the
conclusion that most people are at about average risk, neither
extremely low nor extremely high. This is not surprising, but
it means that for people near the middle of the genetic risk
distribution, genetic testing makes little difference to their
estimated risk (the pre-test and post-test probabilities are
similar). However this is a situation we are familiar with from
existing risk factors, and they are nevertheless widely used
and have contributed to the improvement in cardiovascular
mortality seen over the past thirty to forty years.

Prospects for Improved Prediction - More Data?

Given the limitations of current genetic risk scores for
prediction and risk assessment for complex disease, how might
the situation be improved? Firstly, larger meta-analyses of the
current generation of GWAS data could reveal more SNPs to
be included in the prediction score. However these will almost
certainly have smaller effects than those already discovered
and will therefore provide only marginal improvements for
risk assessment. Secondly, additional and more comprehensive
genotyping of existing cohorts, particularly for less common
variants with minor allele frequencies in the range 0.1% to 5%
but also for variants not well-tagged by the first generation
of genotyping chips, may discover additional variants with
substantial effects. Indeed, if effects of uncommon variants
are to be detected at all using reasonable numbers of subjects
then they must be of comparatively large effect and therefore
have risk implications for the people who carry them. This
does not solve the problem of the majority of people having
average risk, but it would mean that high-risk people would
be more differentiated from the bulk of the population.

Thirdly, there may be interactions between independent
genetic loci or between genetic variants and environmental
effects. Many studies on cardiovascular or metabolic disease
have checked for heterogeneity of SNP effects by sex, some
with positive results,®' or less frequently by some measure of
obesity.!" Interactions with other factors such as smoking,
alcohol intake or exercise patterns have not been well-explored
and may yet produce results with both mechanistic and
predictive value. Interactions between gene loci are certainly
possible but a hypothesis-free approach to interactions
between approximately 10° independent loci is subject to a
massive multiple-testing problem and has not been feasible
so far. A more limited approach, testing only known loci for
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interactions with all other variants, might produce results from
existing data. Fourthly, the calculation of a genetic risk score
can be extended to cover non-genome-wide-significant SNPs
which reach some rather liberal threshold of significance. This
will increase the inclusion of false-positive findings, but there
is empirical evidence that this does not invalidate the scoring
approach. However, the gain in predictive value compared to
a more limited set of SNPs is not likely to be great.

Prospects for Improved Prediction — Lessons from Existing
Prediction Algorithms

We can also attempt to make use of the information we already
have, drawing on experience with quantitative risk factors
for detection of high-risk people and primary prevention.
Just as some people will have an LDL-C result at the upper
end of the population distribution and will probably benefit
for cholesterol-lowering treatment, some people will have
extremely high genetic risk scores and may benefit from
intervention. This could form the basis for use of genetic testing
for risk stratification for common diseases in which high-risk
people would be offered one or more low-risk treatments, but
both simulations and trials of such an approach will be needed
before we know whether it would be cost-effective and free of
unexpected consequences. The limitation is not likely to be the
cost of such genetic testing, which is low in comparison with
many diagnostic procedures and falling fast, but the predictive
validity and the costs and benefits of treatment.

Because the genomic score has inherently high heritability
(100%), cascade screening may be useful. A successful and
cost-effective cascade testing approach has been implemented
for monogenic forms of hypercholesterolacmia, based on
the fact that close relatives of patients are at increased risk.
This approach has been tried in many centres and guidelines
have been published."'® Similarly, relatives of people with a
high polygenic risk score will tend to have a high risk score
themselves (even though the distribution of scores in first-
degree relatives differs from the Mendelian inheritance of
familial hypercholesterolaemia). A program which starts with
affected patients (most obviously for early-onset coronary
heart disease), tests them to produce a genetic risk score, and
cascades the testing outwards from anyone who scores in the
top decile or quintile of genetic risk, might be able to reproduce
the success of testing for familial hypercholesterolaemia (and
would probably not depend on sequencing to define a mutation
in each family). This is for the future, but the prospects for
predictive testing in polygenic or complex diseases are far
from hopeless.

Concentrating interventions on the people in the top 10% or
20% of risk may still be productive if the genetic risk score
identifies high-risk people who would not be identifiable in

existing ways. There is also the theoretical advantage that
high-risk people could be identified early, and benefit from
change extending over decades; change in results for non-
genetic markers over time would provide complementary
information about how far the genetic risk had manifested
itself. In practice, this would require a method for genotyping
a few hundred to a few thousand SNPs at a cost which was
comparable to current risk factor measurements, which
is a manageable challenge. A genetic risk score would be
calculated for each person and this would be applied as an
extension to the currently accepted method of basing the
decision to treat or not to treat on total risk. It might not be
necessary to screen the entire population in this way because
genetic risk is greatest in relatives of affected patients. First-
degree relatives of patients known to have conditions such
as cardiovascular disease or Type 2 diabetes would be tested
with genetic as well as existing methods and a proportion
would warrant treatment.

Although genetic prediction has not yet reached the stage
where trials can be initiated, we should consider the
preconditions which would be necessary. Too many tests have
been adopted prematurely, or used in ‘off-label’ ways, for us
to be sure that inappropriate genetic testing will be avoided.
Any trials or even thought experiments will need to consider
not only prediction but outcomes, and the major issues of data
management, interpretation and communication issues, and
health economics which would need to be addressed.

Conclusions

Much time and effort has been invested in genetic
association studies on common complex diseases and
associated biomarkers. The investment was promoted as
a way of discovering more about disease and leading to
better treatments, of targeting treatment to individuals’
genetic characteristics, and preventing disease in high-risk
people identified through genetic predictors. The improved
understanding has occurred for a wide range of diseases.
Novel drug targets have been identified, but the lead time for
marketable drugs is substantial and although new treatments
are appearing it is hard to point to any which are specifically
due to GWAS. Genetic prediction for cardiovascular disease
and diabetes has not been shown to add to what can be achieved
with existing tests or algorithms. An unexpected benefit of
GWAS discoveries has been the resolution of questions about
causation for several characteristics known to be associated
with disease.
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