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Abstract

In this chapter, we give a short introduction to the genetics of complex diseases emphasizing evolutionary
models for disease genes and the effect of different models on the genetic architecture, and we give a survey
of the state-of-the-art of genome-wide association studies (GWASs).
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1 Introduction

A combination of genes and environment determines our pheno-
type. The degree to which genotype or environment influences our
phenotype—the balance of nature versus nurture—varies from trait
to trait, with some traits independent of genotype and determined
by the environment alone and others determined by the genotype
alone and independent of the environment.

A measure quantifying the importance of genotype compared
to the environment is the so-called heritability. It is the fraction of
the total phenotypic variation in the population explained by varia-
tion in the genotype within the population [1]. A trait of interest,
say a common disease, which exhibits a nontrivial heritability, tells
us that genes are important for understanding this trait and that it is
worthwhile to identify the specific genetic polymorphisms influen-
cing the trait. The first step toward this is association mapping:
searching for genetic polymorphisms that, statistically, associate
with the trait. Polymorphisms associated with a given phenotype
need not influence that phenotype directly, but it is among those
associated genetic polymorphisms that we will find the causal ones.
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Genetic variants are correlated, a phenomenon called linkage
disequilibrium (LD), so by examining the trait association of a few
variants, we learn about the association of many others. Examining
the association between a phenotypic trait and a few hundred
thousand to a million genetic variants suffices to capture how
most of the common variation in the entire genome associates
with the trait [2–4]. When we find a genetic variant associated
with the trait, we have not necessarily located a variant that has
any functional effect on the trait, but we have located a genomic
region containing genetic variation that does. LD is predominantly
a local phenomenon, so correlated genetic variants tend to be
physically near each other on the genome. If we observe an associa-
tion between the phenotype and a variant, and the variant is not
causally affecting the trait but is merely in LD with a causal variant,
the causal variant is likely nearby. Further examination of the region
might reveal which variants affect the trait, and how, but that often
involves functional characterization and is beyond association
mapping. With association mapping, we merely seek to identify
genetic variation that associates with a trait.

2 The Allelic Architecture of Genetic Determinants for Disease

Many complex diseases show a high heritability, typically ranging
between 20% and 80%. Each genetic variant that increases the risk
of disease contributes to the measured heritability of the disease and
thus explains some fraction of the estimated total heritability of the
trait. For most diseases investigated, many variants contribute, and
the fraction of the heritability explained for each is therefore low.
The number of contributing variants, their individual effects on the
disease probability, their selection coefficient, and their dominance
relations can be collectively termed the genetic architecture of a
common disease. Insights into this architecture are slowly emerging
and reveal differences between diseases [5].

Below we first consider two proposed genetic architectures
based on theoretical arguments: the common disease common
variant (CDCV) architecture and the common disease rare variant
(CDRV) architecture. CDCV states that most of the heritability can
be explained by a few high-frequency variants with moderate
effects, while CDRV states that most of the heritability can be
explained by moderate- or low-frequency variants with large effects.
We present population genetic arguments for the two architectures
and the consequences of the two architectures for association
mapping. Later, in Subheading 5.1, we present empirical knowl-
edge we have obtained about the genetic architectures of common
diseases.
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2.1 Theoretical

Models for the Allelic

Architecture of

Common Diseases

Understanding the distribution of the number and frequency of
genetic variants in a population is the purview of population genet-
ics. Using diffusion approximations we can derive the expected
frequency distribution of independent mutations under mutation-
drift-selection balance in a stable population (see, e.g., Wright [6]).
Central parameters are the mutation rate, u, and the selection for or
against an allele, measured by s, scaled with the effective population
size, N. Mutations enter a population with a rate determined by
Nu, and subsequently, their frequencies change in a stochastic
manner. If a mutant allele is not subject to natural selection, for
example, if it does not lead to any change in function, it is selectively
neutral. Its frequency then rises and falls with equal probability. If
the allele is under selection, it has a higher likelihood of increasing
in frequency than decreasing if it is under positive selection (s > 0)
and conversely for negative selection (s < 0).

At very high or very low frequencies, selection has an insignifi-
cant effect on the change in frequency, and the system evolves
essentially entirely stochastic (genetic drift). At moderate frequen-
cies, however, the effect of selection is more pronounced, and given
sufficiently strong selection (of an order Ns � 1), the direction of
changes in the allele frequency is almost deterministically deter-
mined by the direction of selection. An allele subject to a sufficiently
strong selection that happens to reach moderate frequencies either
halts its increase if selection works against it, and drifts back to a low
frequency, or if selection favors it, it rapidly rises to high frequen-
cies, where eventually the stochastic effects again dominate (see
Fig. 1).

The range of frequencies, where drift dominates, or selection
dominates, is determined by the strength of selection (Ns) and the
genotypic characteristics of selection, as, e.g., dominance relations
between alleles. For strong selection or in large populations, the
process is predominantly deterministic for most frequencies, while
for weak selection or a small population, the process is highly
stochastic for most frequencies. The time an allele can spend at
moderate frequencies is also determined by Ns and selection
characteristics.

Pritchard and Cox [7, 8] used diffusion arguments to show that
common diseases are expected to be caused by a large number of
distinct mutations. This implies that genes commonly involved in
susceptibility exert their effect through multiple independent
mutations rather than a single mutation identical by descent in all
carriers (see Fig. 2). Each mutation, if under weak purifying selec-
tion, is unlikely to reach moderate frequencies, and since the popu-
lation will only have few carriers of each disease allele, each can only
explain little of the heritability. The accumulated frequency of
several alleles, each kept to low frequency by selection, can, how-
ever, reach moderate frequencies. So the heritability can be
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explained either by many recurrent mutations or many independent
loci affecting the disease: the CDRV architecture.

Implicitly, this model assumes a population in mutation-
selection equilibrium, and this does not necessarily match human
populations. Humans have recently expanded considerably in num-
bers, and changes in our lifestyle, e.g., from hunter-gatherers to
farmers might have changed the adaptive landscape driving selec-
tion of our genes.

Interval between new mutations determined by Nu

Time in phase:
1/s log(2N) 1/s log(2N)log log 2N

domain

domain

domain

Fig. 1 Mutation, drift, and selection. New mutations enter a population at stochastic intervals, determined by
the mutation rate, u, and the effective population size, N. For low or high frequencies, where the range of such
frequencies is determined by the selection factor, s, and the effective population size, the frequency of a
mutant allele changes stochastically. At medium frequencies, on the other hand, the frequency of the allele
changes up or down, depending on s, in a practically deterministic fashion. If a positively selected allele
reaches moderate frequency, it will quickly be brought to high frequency, at a speed also determined by s and
N
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Fig. 2 Accumulation of several rare frequencies. If selection works against a set of alleles, each will be kept at
a low frequency. Their accumulated frequency, however, can be high in the population
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The frequency range where drift, rather than deterministic
selection, dominates is larger with a smaller population than with
a larger population. We can think of the drift process as a birth–-
death process operating on individual copies of genes, which is
highly stochastic. Only when we consider a large number of these
processes do we get an almost deterministic process. At low allele
frequencies, the process is stochastic because we only have a few
copies of the allele to consider. At higher frequencies, we have many
copies, so we get the deterministic behavior. The same number of
copies, however, constitutes a higher frequency of a small popula-
tion than of a larger population. Consequently, selection is effective
at much lower frequencies in a large population than it is in a small
population; the absolute number of copies of a deleterious allele
might be the same in a small and a large population, but they
constitute a smaller fraction of the large population. In large popu-
lations, we expect to see deleterious mutations to be found at small
frequencies unless, as is the case for most human populations, the
large population size is a consequence of recent dramatic growth
[9]. This effect is illustrated as the “transient period” in Fig. 3,
where common genetic variants may contribute much more to
disease than under stable demographic conditions. Following
expansion, alleles that would otherwise be held at low frequency
by selection may be at moderate frequencies and thus contribute a
larger part of the heritability: the CDCV architecture.

Similarly, a recent change in the adaptive landscape of a popu-
lation might cause an allele that was previously held at low fre-
quency to be under positive selection and now rise in frequency
[10]. In this transition period, an allele may be at a moderate
frequency and therefore contributes significantly to the heritability
of disease susceptibility (see Fig. 4).

Depending on which architecture underlies a given disease,
different strategies are needed to discover the genetic variants

Transition period where allele frequency is higher
than what would be expected from selection

Fig. 3 A population out of equilibrium following an expansion. In a transition period following a population
expansion, the allele frequency patterns are different from the patterns in a stable population
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involved. When genome-wide association mapping was proposed as
a strategy for discovering disease variants, the proposal was based
on the hypothesis that, at least for some common diseases, the
CDCV architecture underlies them. GWAS relies on the CDCV
hypothesis for two practical reasons. The first is that the LD pat-
terns across the genome greatly restrict examination to only a small
fraction of the total possible variation. It is feasible to probe the
common variants of a genome from a small selection of representa-
tive variants, but the association with rare variants is far less detect-
able. Second, statistical analysis of the association between
polymorphism and disease is rather straightforward for moderate-
frequency alleles but has far less power to detect association with
low-frequency alleles.

While the GWAS approach is only practical as an approach for
variant discovery for common alleles, it was necessary to hypothe-
size that the CDCV architecture would be underlying diseases of
interest. The actual genetic architecture behind common diseases
was unknown, but there were no alternative methods aimed at
CDRV, so GWAS was the only show in town.

2.2 The Allelic

Frequency Spectrum in

Humans

The vast majority of human nucleotide variation is very rare because
of our history of population bottlenecks followed by rapid growth.
For instance, in the 2500 individuals of the 1000 genomes study,
64 million SNVs have frequency <0.5%, and 20 million SNVs have
frequency >0.5% [11]. Nevertheless the majority of heterozygous
variants observed within a single individual are not rare [11]. The

Change in the direction
of selection

Fig. 4 A population out of equilibrium following changes in the selective landscape. If the selection of an allele
changes direction, so the positively selected allele becomes negatively selected and vice versa, it will
eventually move through moderate frequencies. Following a change in the selective landscape, it is thus
possible to find alleles at moderate frequencies that would not otherwise be found
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rare variants are most often very recent and therefore specific to
populations, and they are also more often deleterious because
selection has not yet acted on them [12]. This is particularly clear
for loss-of-function variants and other protein-coding variants. A
study of 2636 Icelanders found that the fraction of variants with a
minor allele frequency (MAF) below 0.1% was 62% for protein-
truncating variants, 46% for missense variants, and 38% for synony-
mous variants [13].

The strong recent population expansions have also allowed
variants to increase in frequency by surfing on the population
expansion wave front even if they would be selected against in a
population with stable size. Thus, rare variants with large effects on
disease may exist. The GWAS studies so far have been successful in
identifying a large set of common variants associated with disease,
so common variants contributing to disease do exist. It is likely that
rare variants with large phenotypic effects also contribute to the
heritability of many common diseases, but the extend is likely to be
disease specific.

3 The Basic GWAS

The first GWASs were published around 2006 [14, 15] when
Illumina and Affymetrix first introduced genotyping chips that
made it possible to test hundreds of thousands of SNPs quickly
and inexpensively. The GWASs’ approach to find susceptibility
variants for diseases boils down to testing approximately 0.3–-
2 million SNPs (depending on chip type) for differences in allele
frequencies between cases and controls, adjusting for the high
number of multiple tests. This approach is a wonderfully simple
procedure that requires no complicated statistics or algorithms but
only well-known statistical tests and a minimum of computing
power. Despite the simplicity, some issues remain, such as faulty
genotype data and confounding factors that can result in erroneous
findings if not handled properly. The most important aspects of any
GWAS are, therefore, thorough quality control of the data used and
measures to avoid and reduce the effect of confounding factors.

3.1 Statistical Tests The primary analysis in an association study is usually testing each
variant separately under the assumption of an additive or multipli-
cative model. One way of doing that is by creating a 2 � 2 allelic
contingency table as shown in Table 1 by summing the number of
A and B alleles seen in all case individuals and all control individuals.
Be aware that we are counting alleles and not individuals in this
contingency table, so Ncases will be equal to two times the number
of case individuals because each individual carries two copies of each
variant unless we are looking at non-autosomal DNA. If there is no
association between the variant and the disease in question, we
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would expect the fraction of cases that have a particular allele to
match the fraction of controls that have that allele. In that case, the
expected allele count (EN) would be as shown in Table 2. To test
whether the difference between the observed allele counts
(in Table 1) and the expected allele counts (in Table 2) is signifi-
cant, a Pearson χ2 statistic can be calculated:

X 2 ¼ ΣPhenotypeΣAllele N Phenotype,Allele � ENPhenotype,Allele

� �2
=ENPhenotype,Allele

This statistic approximates a χ2 distribution with 1 degree of
freedom, but if the expected allele counts are very low (<10), the
approximation breaks down. This means that if theMAF is very low
or if the total sample size, N, is small, an exact test, such as the
Fisher’s exact test, should be applied. An alternative to the tests that
use the 2 � 2 allelic contingency table and thereby assumes a
multiplicative model is the Cochran–Armitage trend test that
assumes an additive risk model [16]. This test is preferred by
some since it does not require an assumption of Hardy–Weinberg
equilibrium in cases and controls combined [17].

While a 1 degree of freedom test that assumes an additive or
multiplicative model is usually the first analysis, some studies also
perform a test that would be better at picking up associations
following a dominant or recessive pattern, for instance, by
performing a 2 degrees of freedom test of the null hypothesis of
no association between rows and columns in the 2� 3 contingency
table that counts genotypes instead of alleles.

Table 1
Contingency table for allele counts in case/control data

Allele A Allele B

Case Ncase,A Ncase,B Ncases

Control Ncontrol,A Ncontrol,B Ncontrols

NA NB N

Table 2
Expected allele counts in case/control data

Allele A Allele B

Case (Ncases · NA)/N (Ncases · NB)/N Ncases

Control (Ncontrols · NA)/N (Ncontrols · NB)/N Ncontrols

NA NB N
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3.2 Effect Estimates A commonly used way of measuring the effect size of an association
is the allelic odds ratio (OR), which is the ratio of the odds of being
a case given that you carry n copies of alleles A to the odds of being
a case if you carry n� 1 copies of allele A. Assuming a multiplicative
model, this can be calculated as:

OR ¼ N case,A=N control,A

� �
= N case,B=N control,B

� �

¼ N case,AN control,B=N case,BN control,A

Another measure of effect size that is perhaps more intuitive is
the relative risk (RR), which is the disease risk in carriers divided by
the disease risk in noncarriers. This measure, however, suffers from
the weakness that it is harder to estimate. If our cases and controls
were sampled from the population in an unbiased way, the allelic
RR could be calculated as:

RR ¼ N case,A=NA

� �
= N case,B=NB

� �

but it is very rare to have an unbiased population sample in associa-
tion studies because the studies are generally designed to deliber-
ately oversample the cases to increase the power. This oversampling
affects the RR as calculated by the formula above but not the OR
which is one of the reasons why the OR is usually reported in
association studies instead of the RR.

3.3 Quality Control Data quality problems can be either variant specific or individual
specific, and inspection usually results in the removal of both prob-
lematic individuals and problematic variants from the data set.

Individual-specific problems can be caused by low DNA quality
or contamination by foreign DNA. A sample of low DNA quality
results in a high rate of missing data, where particular variants
cannot be called, and there is a higher risk of miscalling variants.
It is, therefore, recommended that individuals lacking calls in more
than 2–3% of the variants are removed from the analysis. Excess
heterozygosity is an indicator of sample contamination, and indivi-
duals displaying that should also be disregarded. Sex checks and
other kinds of phenotype tests might also be applied to remove
individuals, where the genotype information does not match the
phenotype information due to a sample mix-up [18].

For a given variant, the data from an individual can be suspi-
cious in two ways: it can fail to be called by the genotype-calling
program or it can be miscalled. Typically, a conservative cutoff value
is used in the calling process securing that most problems show up
as missing data rather than miscalls. Most problematic variants,
therefore, reveal a high fraction of missing data, and variants miss-
ing calls above a given threshold (typically, 1–5%) are removed.
Miscalls typically occur when the homozygotes are hard to distin-
guish from the heterozygotes, and some of the heterozygotes are
being misclassified as homozygotes or vice versa. Both biases
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manifest as deviation fromHardy–Weinberg equilibrium, and SNPs
that show large deviations from Hardy–Weinberg equilibrium
within the controls should be removed [19].

3.4 Confounding

Factors

Confounding in GWAS can arise if there are genotyping batch
effects or if there is population or family structure in the sample.
For example, if cases and controls in GWAS are predominantly
collected from geographically distinct areas, association signals
could arise due to genetic differences caused by geographic varia-
tion, and most of such genetic signals are unlikely to be causal. Such
confounding due to population structure typically occurs when
samples have different genetic ancestry, e.g., if the sample contains
individuals of both European and Asian ancestry. Population struc-
ture confounding can also happen when the population structure is
more subtle, especially for large sample sizes. Methods for inferring
population substructure, such as principal components analysis, are
useful for detecting outliers we can remove from the data
[20]. However, this approach is not suitable when dealing with
subtle structure, as a small bias can become significant in a large
enough sample of individuals of similar genetic ancestry.

Confounding in GWAS can be detected as inflation of the test
statistics, beyond what is expected due to truly causal variants. A
useful way of visualizing such inflation of test statistics is the
so-called quantile–quantile (QQ) plot. In this plot, ranked values
of the test statistic are plotted against their expected distribution
under the null hypothesis. In the case of no true positives and no
inflation of the test statistic due to population structure or cryptic
relatedness, the points of the plot lie on the x ¼ y line (see Fig. 5a).
True positives show an increase in values above the line in the right
tail of the distribution but do not affect the rest of the points since
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Fig. 5 QQ plots from a χ2 distribution. (a) A QQ plot, where the observation follows the expected distribution.
(b) A QQ plot, where the majority of observations follow the expected distribution, but where some have
unexpectedly high values, i.e., are statistically significant. (c) A QQ plot, where the observations all seem to be
higher than expected, which is an indication that the observations are not following the expected distribution
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only a small fraction of the SNPs is expected to be true positives
(Fig. 5b). Cryptic relatedness and population stratification lead to a
deviation from the null distribution across the whole distribution
and can, thus, be seen in the QQ plot as a line with a slope larger
than 1 (Fig. 5c).

Several approaches accounting for population structure in
GWAS have been proposed. Devlin and Roeder [21, 22] proposed
genomic control, i.e., to shrink the observed χ2 test statistic to make
the median coincide with the expected value under the null model.
However, studies by Yang et al. [23] and Bulik-Sullivan et al. [24]
pointed out that the median and mean χ2 statistic is expected to be
inflated for polygenic traits, even when there is no population
structure confounding. With that in mind, we recommend adjust-
ing for the confounders in the statistical model instead of
performing genomic control. One such approach is to include
covariates that capture the relevant structure in the model. Price
et al. [25] proposed including the largest principal components as
covariates in the model to adjust for population structure. This
approach has proved to be effective in most cases. However, if the
sample includes related individuals or if it is very large, controlling
for the top PCs may not be able to capture subtle structure. An
alternative approach is to use mixed models [26, 27], where the
expected genetic relatedness between the individuals is included in
the model. Advances in computational efficiency of mixed models
[28] now enable analysis of very large and complex data sets, such
as the UK biobank data set [29].

Besides population structure, family structure or cryptic relat-
edness can also confound the analyses. Here one can identify closely
related individuals by calculating a genetic relatedness matrix and
prune the data so that it does not contain any close relatives. Lastly,
sequencing batch effects due to incomplete randomizations can
lead to structure, unrelated to genetics, which confounds the anal-
ysis. A study on polygenic prediction of longevity by Sebastiani
et al. [30] serves as a warning. The researchers applied two different
kinds of chips and failed to remove several SNPs that exhibited bad
quality on only one of the chips [31]. If the fraction of the two
different kinds of chips had been the same in both cases and con-
trols that would probably not have resulted in false signals, unfor-
tunately, the chip with the bad SNPs was used in twice as many cases
as controls. When this genotyping batch effect was discovered, the
authors had to retract their publication from Science. Type and
frequency of errors that may happen during sample preparation and
SNP calling are likely to vary through time and space, so case and
control samples should be completely randomized as early as possi-
ble in the procedure of genotypic typing. Failure to carefully plan
this aspect of an investigation introduces errors in the data that are
hard, if not impossible, to disclose, and they may reduce interesting
findings to mere artifacts.
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3.5 Meta-analysis

of GWAS

The statistical power to detect association depends directly on the
sample size used, all other things being equal. This fact has driven
researchers to collaborate across institutions and countries in
GWAS consortia, where they combine multiple cohorts in one
large analysis. However, for logistic and legal reasons, it may not
be possible to share individual-level genotypes, which are required
for all of the GWAS approaches covered so far. Meta-analyses of
GWASs performed in each cohort are a solution to this problem.
These require coordination between the researchers, where they
share GWAS summary statistics instead of individual-level geno-
types. These summary statistics are then meta-analyzed using sta-
tistical approaches that either assume a constant effect across
cohorts or not. In recent years many large-scale GWAS meta-
analyses have been published, and the resulting summary statistics
of these are often made public, providing a treasure trove for
understanding genetics of common diseases and traits [32].

3.6 Replication The best way to make sure that a finding is real is to replicate it. If
the same signal is found in an independent set of cases and controls,
it means that the association is unlikely to be the result of a con-
founding factor specific to the original data. Likewise, if the associ-
ation persists after typing the markers using another genotyping
method, it means that it is not a false positive due to some artifact of
the genotyping method used.

When trying to replicate a finding, the best strategy is to try to
replicate it in a population of similar ancestry. A marker that corre-
lates with a true causal variant in one population might not be
correlated with the same variant in a population of different ethnic-
ity, where the LD structure can be different. This is especially
problematic when trying to replicate an association found in a
non-African population in an African population [33]. A marker
might easily have 20 completely correlated markers in a European
population, but no good correlates in an African population. To
replicate a finding in the European population of one of these
variants, it does not suffice to test one of the variants in an African
population; all 20 variants must be tested. This, however, also offers
a way to fine map the signal and possibly find the causative
variant [34].

Before spending time and effort to replicate an association
signal in a foreign cohort, it is a good idea to search for the existing
partial replication of the marker within the data. Usually, a marker is
surrounded by several correlated markers on the genotyping chip,
and if one marker shows a significant association, then the corre-
lated markers should show an association too. If a marker is signifi-
cantly associated with a disease, but no other marker in the region
is, then it should be viewed as suspicious.
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4 Imputation: Squeezing More Information Out of Your Data

The current generation of SNP chip types includes only 0.3–-
2 million of the nine to ten million common SNPs in the human
(i.e., SNPs with a MAF of more than 5%). Because of the correla-
tion between SNPs in LD, however, the SNP chips can still claim to
assay most of the common variants in the genome (in European
populations at least). Although the Illumina HumanHap300 chip
only directly tests about 3% of the ten million common SNPs, it still
covers 77% of the SNPs in HapMap with a squared correlation
coefficient (r2) of at least 0.8 in a population of European ancestry
[35]. The corresponding fraction in a population of African ances-
try is only 33%, however.

These numbers expose two limitations of the basic GWAS
strategy. First, there is a substantial fraction of the common SNPs
that are not well covered by the SNP chips even in European
populations (23% in the case of the HumanHap300 chip). Second,
we rely on tagging to test a large fraction of the common SNPs, and
this diluted signal from correlated SNPs inevitably causes us to
overlook true associations in many instances. An efficient way of
alleviating these limitations is genotype imputation, where geno-
types that are not directly assayed are predicted using information
from a reference data set that contains data from a large number of
variants. Such imputation improves the GWAS in multiple ways: It
boosts the power to detect associations, gives a more precise loca-
tion of an association, and makes it possible to do meta-analyses
between studies that used different SNP chips [36].

4.1 Selection of

Reference Data Set

The two important choices when performing imputation are the
reference data set to use and the software to use. Usually, a publicly
available reference data set, such as the 1000 Genomes Project [11]
or the large Haplotype Reference Consortium [37], is used. Alter-
natively, researchers sequence a part of their study cohort and thus
create their own reference data set. The latter strategy has the
advantage that one can be certain that the ancestry of the reference
data matches the ancestry of the study cohort. It is important that
the reference data be from a population that is similar to the study
population. If the reference population is too distantly related to
the study population, the reliability of the imputed data will be
reduced. The quality and nature of the reference data also limit the
quality of the imputed data in other ways. A reference data set
consisting of only a small number of individuals is not able to
reliably estimate the frequency of rare variants and that in turn
means that the imputation of rare variants lacks in accuracy. This
means that there is a natural limit to how low a frequency a variant
can have and still be reliably imputed.
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The largest publicly available reference data set is the Haplotype
Reference Consortium (HRC) that combines whole-genome
sequence data from 20 studies of predominantly European ancestry
[37]. The first release of this reference panel has data from 32,611
samples at 39,235,157 SNPs. The large sample size means that
variants with minor allele frequencies as low as 0.1% can correctly
be imputed using this data set.

The use of imputation methods does not only offer the possi-
bility of increased SNP coverage, but, given the right reference
data, also eases the analysis of common non-SNP variation, such
as indels and copy number variations (CNVs). So far some refer-
ence panels have, however, only include SNVs and disregarded
indels and structural variants. The increasing quality of whole-
genome sequencing and software for calling structural variants
means that better data sets that include structural variants should
soon become available. Imputation will then make it possible to use
the SNP chips to test many indels and structural variants that are
not being (routinely) tested today [38].

4.2 Imputation

Software

The commonly applied genotype imputation methods, such as
IMPUTE2 [39], BIMBAM [40], MaCH-Admix [41], and mini-
mac3 [42], are all based on hidden Markov models (HMMs).
Comparisons of these software packages have shown that they
produce data of broadly similar quality but that they are superior
to imputation software based on other methodological approaches
[36, 43]. The basic HMMs used in these programs are similar to
earlier HMMs developed to model LD patterns and estimate
recombination rates.

When the sample size is large, imputation using these
HMM-based methods imposes a high computational burden.
One possible way of decreasing this burden is to pre-phase the
samples so that resolved haplotypes are used as input for the impu-
tation software instead of genotypes [44]. But even with
pre-phasing, the computational task is far from trivial, and whole-
genome imputation is not a task that can be performed on a single
computer. This computational problem can be solved by using one
of the two free imputation services that have recently been launched
(https://imputationserver.sph.umich.edu, https://imputation.
sanger.ac.uk). These services allow users to upload their data
through a web interface and choose between a set of reference
panels. The data set will then be imputed on a High Performance
Computing Cluster, and the user will receive an email when the
imputed data is ready for download.

4.3 Testing Imputed

Variants

Since imputation is based on probabilistic models, the output is
merely a probability for each genotype for the unknown variants in
a given individual. That is, instead of reporting the genotype of an
individual as AG, say, the program reports that the probability of
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the genotype being AA is 5%, that of being AG is 93%, and that of
being GG is 2%. This nature of the output data challenges the
GWAS. The simplest way of analyzing the imputed data is to use
the “best guess” genotype, i.e., assume the genotype with the
highest probability and ignore the others. In the example above,
the individual would be given the genotype AG at the SNP in
question, and usually, an individual’s genotype would be consid-
ered as missing if none of the genotypes have a probability larger
than a certain threshold (e.g., 90%). The use of “best guess”
genotype is problematic since it does not take the uncertainty of
the imputed genotypes into account, may introduce a systematic
bias, and lead to false positives and false negatives. A better way is to
report a logistic regression on the expected allele count—in the
example above, the expected allele count for allele A would be 1.03
(2pAA + pAG). This method has proved to be surprisingly robust at
least when the effect of the risk allele is small [45], which is the case
for most of the variants found through GWAS. An even better
solution is to use methods that fully account for the uncertainty
of the imputed genotypes [45–47].

5 Current Status

After the first GWAS saw publication in 2005, it was followed by
many more studies, and today almost 4000 such studies of human
diseases or traits have been published (Fig. 6a). The first GWASs
had moderate sample sizes with hundreds of samples, but over the
years the sample sizes and thereby the power of the studies have
gradually been increasing (Fig. 6b). Imputation and later also next-
generation sequencing have resulted in a rapid increase in the

Fig. 6 GWAS statistics from the NHGRI-EBI GWAS Catalog [63] (accessed June 2017). (a) The cumulative
number of GWASs published since 2005. (b) The initial sample sizes of the GWASs. For dichotomous traits the
combined number of cases and controls is shown. Replication samples are not counted. (c) The number of
tested variants in each study
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number of variants that are tested in a GWAS (Fig. 6c). All these
GWASs published in the last decade have increased our knowledge
about the genetic architecture of common diseases a lot. In this
section, we will go through some of the insights that have been
revealed by these studies.

5.1 Polygenic

Architecture of

Common Diseases

GWASs have consistently shown that most complex traits and dis-
eases have very polygenic architectures with a large number of
causal variants with small effects. The small effect sizes mean that
enormous sample sizes are needed to detect the associated variants
and that each variant only explains a small fraction of the heritabil-
ity. Even though large sample sizes have led to the discovery of
many loci affecting common diseases, the aggregated effect of all
these loci still only explains a small fraction of the heritability.

A good example is type 2 diabetes where researchers by 2012
had identified 63 associated loci that collectively only explained
5.7% of the liability-scale variance [48]. Such results led to much
discussion about the possible source of the remaining “missing
heritability” [49, 50]. A significant contribution to this debate
was when researchers in 2010 started using mixed linear models
to estimate the heritability explained by all common variants not
only those that surpass a conservative significance threshold. These
studies showed that a significant fraction of the so-called missing
heritability was not truly missing from the GWAS data sets but only
hidden due to small effect sizes. This was first illustrated in height
where 180 statistically significant SNPs could only explain 10% of
the heritability, but this fraction increased to 45% when all geno-
typed variants were considered [51].

For common diseases, such analyses have typically shown that
around half of the heritability can be explained by considering all
common variants. Given the small individual contribution of each
of the discovered variants and that the individual contribution of
the yet to be found variants will be even smaller, it is likely that the
actual number of causal variants will be much more than a thousand
for many common diseases. Recent data shows that in many dis-
eases these causal variants are relatively uniformly distributed along
the genome. It has, for instance, been estimated that 71–100% of
1 MB windows in the genome contribute to the heritability of
schizophrenia [52]. Another article recently estimated that most
100 kB windows contribute to the variation of height and that
more than 100,000 markers have an independent effect on height.
This strikingly large number leads the authors to propose a new
“omnigenic” model in which most genes expressed in a cell type
that is relevant for a given disease have a nonzero contribution to
the heritability of that disease [53].

5.2 Pleiotropy The variants that have been discovered by GWASs so far reveal
numerous examples where one genetic locus affects multiple often
seemingly unrelated traits [54, 55]. One explanation for such a
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shared association between a pair of traits is mediation where the
shared locus affects the risk of one of the traits, and that trait is
causal for the other. Another possible explanation is pleiotropy
where the shared locus is independently causal for both traits. It is
possible to distinguish between mediation and true pleiotropy by
adjusting or stratifying for one trait while testing the other. In the
case of mediation, it is also possible to determine the direction of
the causation. In general, it is difficult to make such causal inference
from observational data, but Mendelian randomization, which uses
significantly associated variants as instrumental variables, can in
some circumstances be used to assess a causal relationship between
a potential risk factor and a disease. For instance, Voight and
colleagues used SNPs associated with lipoprotein levels to assess
whether the correlation between different forms of lipoprotein and
myocardial infarction risk was causal [56]. They found that while
low-density lipoprotein (LDL) had a causal effect on disease risk,
high-density lipoprotein (HDL) did not.

The fact that pleiotropy is widespread has several implications.
One is that variants that have already been found to affect one trait
can be prioritized in other studies since they are more likely also to
affect another trait than a random variant is. Another implication is
that we cannot always examine the effect of selection by studying
one trait in isolation. There are multiple examples of antagonistic
pleiotropy where a variant increases the risk of one disease while
decreasing the risk of another.

5.3 Differences

Between Diseases

Because of differences in age of onset and severity, we do not expect
identical allelic architectures in all common diseases. Using the
currently available GWAS data sets, we can now start to identify
these differences in the allelic architectures, but because of the
significant differences in samples sizes and the number of tested
variants, this is not an easy task.

The data available to date show that the degree of polygenicity
differs between diseases with schizophrenia, for example, having
more predicted loci than immune disorders [57] and hypertension
[52]. Results also show that rare variants play a larger role in some
diseases compared to others. Rare variants, for example, have a
greater role in amyotrophic lateral sclerosis than in schizophrenia
[58] and are even less important in lifestyle-dependent diseases
such as type 2 diabetes [59].

6 Perspectives

The price of whole-genome sequencing is still declining, and it is
not unreasonable to expect that at some point in the future, a
majority of people will get their genomes sequenced. At that
point the availability of genetic data will no longer be a limiting
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factor in studies of common human diseases. In order to make the
most of such huge data sets, the genetic information needs to be
combined with high-quality phenotypic and environmental infor-
mation. If that is achieved, we will be able to explain most—if not
all—of the additive genetic variance for the common human dis-
eases. Having large population data sets where genetic data is
combined with extensive phenotypic data including information
about lifestyle, diet and other environmental risk factors will also
enable much better studies of pleiotropy and gene–environment
interactions. A few large population data sets are already available
now with the UK Biobank [29]—a prospective study of 500,000
individuals—being the best example.

While GWASs have found a lot of loci that are associated with
common diseases, the actual causal variant and the functional
mechanism driving the causation are still unknown for a large
fraction of the loci. In order to understand the functional mecha-
nism of a specific locus, it is necessary to combine sequence data
with other types of data. This includes gene expression data (from
the correct tissue) and epigenetic data such as methylation. Such
data sets are fortunately also becoming cheaper to produce and thus
more abundant as a result of falling sequencing costs. Furthermore
large consortium data sets such as GTEx [60], ENCODE [61], and
Roadmap Epigenomics [62] mean that each lab studying these
mechanisms will not have to produce all the data themselves but
can in part rely on these public data sets. It is thus likely that we in
the future not only will find many more GWAS loci for each
common disease but we will also have a much better understanding
of how each of these loci affects the disease.

7 Questions

1. How can you distinguish causal variants from other variants
when all variants have been typed? Is there any statistical way of
distinguishing between correlation and causality just from
genotype data? Could you use functional annotations?

2. Consider a GWAS data set, where in the top ten ranked statis-
tics you have five markers that are close together and the
remaining five scattered across the genome. Would you con-
sider the five close markers more or less likely to be a true
positive? Why? If one of them is a false positive, what would
you think about the others?

3. Why is the RR but not the OR estimate affected by a biased
case/control sample?

4. How would you test for, e.g., dominant or recessive effects in a
contingency table?
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