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Definition
Genome-wide association studies (GWAS) are studies assessing and analyzing either diﬀerences or
variations in DNA sequences across the human genome to detect genetic risk factors of diseases prevalent
within a target population under study.

1. Introduction
It is known that GWAS assess and analyze diﬀerences or variations in DNA sequences across the
human genome to detect genetic risk factors of diseases prevalent in a population under investigation. The
ultimate goal of GWAS is to predict either disease risk or disease progression by utilizing genetic risk
factors to deﬁne the biological basis of disease susceptibility. This also enables the development of
innovative and preventative therapeutic strategies [1]. There are two fundamental concepts underlying
GWAS, including linkage disequilibrium (LD) and a common disease–common variant (CD–CV) hypothesis. A
basic technical workﬂow for a typical GWAS is presented in Figure 1.

Figure 1. A technical ﬂow chart for genome-wide association studies (GWAS). Abbreviation: QC, quality
control.
Therefore, GWAS serve as a tool to identify associations between genetic regions and speciﬁc traits of
interest. A basic GWAS will evaluate the genetic proﬁles of hundreds of patients of a well-deﬁned
phenotype to those of hundreds of control subjects.

2. Fundamental Principles of Genome-Wide Association Studies
As mentioned above, there are two fundamental concepts underlying GWAS. These are linkage
disequilibrium (LD) and the common disease–common variant (CD–CV) hypothesis.
LD is deﬁned as a non-random association of two alleles at two or more loci [2]. In turn, this provides
insights into past genetic conditions and constraints, allowing for the determination of whether selection
was either natural; epigenetic

[3];

or owing to other mechanisms that do not occur in isolation, such as

genetic drift or gene ﬂow. If detected throughout the genome when investigating populations, LD mirrors
population history, breeding system, and geographic subdivision patterns. When investigating genomic
regions, LD reveals history of natural selection, gene conversion, mutation, and other forces that either
contribute to or cause gene-frequency evolution. Therefore, detecting LD does not guarantee either linkage
or lack of equilibrium. Ultimately, it is the local recombination rate that determines how the
aforementioned factors aﬀect LD within a certain genomic region or between paired loci

[2].

As to be

expected, this is related to the concept of chromosomal linkage, which infers that two markers found on a
chromosome will remain physically linked on that chromosome throughout consecutive familial
generations. However, recombination events will separate chromosomal segments within a family from
one generation to another, and this eﬀect is continuously ampliﬁed through several subsequent
generations. Inevitably, recombination events will break apart segments of chromosomes carrying linked
alleles until all alleles within a population are in linkage equilibrium. Simply stated, linkage disequilibrium
involves coupling markers at the population level

[1]

. Furthermore, the rate of LD decay is dependent on

the following factors: population size, number of founding chromosomes within a population, and number
of generations for which the population has existed. Therefore, it comes as no surprise that there are
diﬀerent levels and patterns of LD when comparing diﬀerent human subpopulations. For example, the most
ancestral human population is that of an African-descent population, which, owing to the accumulation of
more recombination events, has smaller regions of LD. Meanwhile, on average, European-descent and
Asian-descent populations have larger regions of LD than African-descent populations. This is attributed to
the fact that European- and Asian-descendant populations have been generated by founding events,
whereby they have split from the African population, thus inherently changing the number of founding
chromosomes, population size, and generational age of the population

[1].

In general, closely linked polymorphic SNPs have strong LD between them. The International HapMap
consortium has demonstrated that the human genome contains haplotype blocks, within which either most
or all are high LD SNPs. Thus, there is a ﬁne-scale pattern of LD present in human populations.
Subsequently, it has been assumed that high LD levels detected among SNPs are for those alleles that
exhibit increased risks of complex inherited diseases

[2]

. Interestingly, this has been in fact observed for

those SNPs signiﬁcantly associated with breast cancer when GWAS have been conducted and large
numbers of SNPs have been surveyed

[4]

. However, it is important to take into consideration that LD in

GWAS can be generated by either undetected or unknown population stratiﬁcation. Moreover, GWAS have
been successful at uncovering associated SNPs, despite the low overall breast cancer risk within a
population, and even in identifying new causative alleles

[2]

. In fact, ﬁve new variants have been found to

be associated with familial breast cancer, but only 3.6% of familial breast cancer can be attributed to these
alleles

[4]

. However, it is important to point out that it is the relatively high frequency of these causative

alleles that allows for their detection by GWAS.
The CD–CV hypothesis [5] has been developed based on the following two principles: common diseases
diﬀer from rare disorders in terms of their underlying genetic architecture, and the discovery of several
susceptibility variants for a common disease is of high minor allele frequency [1]. In other words, this
hypothesis proposes that common diseases are inﬂuenced by genetic variations common within a
population

[5]

. Firstly, this suggests that there has to be a high correlation between allele frequency and

population occurrence. Secondly, if common genetic variants inﬂuence disease, then the eﬀect size or
penetrance for any one variant must be small relative to those exhibited by rare diseases [1]. This further
implies that, if the same SNP causes a small change in gene expression that alters disease risk by a small
proportion, this creates a scenario wherein the frequency of disease incidence and the causal allele are
only lowly-correlated. Thus, common variants cannot yield high eﬀects. Thirdly, disease susceptibility is
inﬂuenced by multiple common alleles based on the condition that common alleles have small genetic
eﬀects, and that common diseases exhibit heritability. Additionally, if an allele of a single SNP slightly
increases disease risk, this implies that such an SNP accounts for a small amount of variance of the total
variation caused by genetic factors. Consequently, multiple genetic factors synergistically account for the
total genetic risk of a common genetic variation

[1]

. However, it is important not to jump to the conclusion

that the entire genetic component of any disease is attributable only to common alleles.

3. Challenges of Genome-Wide Association Studies
While discussing genetic heterogeneity and the potential role of rare genetic variants in complex
human diseases, McClellan and King

[6]

have pointed out some important and interesting criticisms of

GWAS. Despite the fact that some of these criticisms have already been addressed, it is important to go

through them to better understand these issues, and to improve the outcomes of GWAS.
One of these noted issues pertains to the fact that some of the genetic variants lack biological
functions, and thereby their relative importance is highly diminished. In fact, it has been observed that
GWAS are populated by risk variants of no known functions. Thus, the utility and reliability of GWAS have
been questioned as most detected SNPs in GWAS are from intergenic regions

[6].

Furthermore, GWAS

identify approximate locations of loci associated with disease variants rather than attempt to speciﬁcally
identify functional SNPs. This is attributed to widespread LD between segregating sites within a given
human population. In addition, most SNPs in SNP arrays have unknown biological functions, as most SNPs
in HapMaps are located in noncoding regions, and SNP arrays usually do not select for SNPs of known
functions. Moreover, it is also important to emphasize that GWAS variants are not functional variants that
confer risk, also referred to as “risk variants” in the published literature. Thus, 100% of a subpopulation
carrying a risk allele does not truly suggest that all subjects of such a population are predisposed to risk.
This simply indicates that LD patterns at a target locus are diﬀerent than those of another subpopulation.
Although the majority of thousands of “risk variants” that have been identiﬁed from GWAS have no
apparent known biological functions, these are explained by using deduction and rationale, as outlined by
the CD–CV hypothesis. This suggests that most genotyping platforms select for common variants.
Moreover, as evolution has ensured that the most common variants are neutral, it should come as no
surprise that most GWAS ﬁndings are neutral, originating from factors other than associations with disease
risk. On the basis of evolutionary genetics, most alleles are in fact recent, and they are rare

[7][8]

. It is

unclear what is exactly required for a common allele to remain in a population, as mechanisms of evolution
can both facilitate and hinder heritability, particularly as they do not occur in isolation. For example, an
allele can signiﬁcantly increase in frequency without any need for selection when either a population
bottleneck occurs (genetic drift) or when a subpopulation migrates and integrates with another (gene
ﬂow).
In another claim, it has been reported that it is population stratiﬁcation that results in GWAS hits [6].
Although population stratiﬁcation or substructure inﬂates test statistics, this can be readily identiﬁed, and
adjusted for accordingly. In general, populations diﬀer among each other over many loci and not only for
one or two SNPs, which is precisely how whole-genome data are used to identify stratiﬁcation. This is
exempliﬁed by the particularly ﬁne-scale sub-populations in Europe that can be readily separated utilizing
whole-genome data. Most importantly, as population stratiﬁcation is one of the fundamental assumptions
taken into consideration by the CD–CV hypothesis, the GWAS community has established methods to deal
with population stratiﬁcation that are fairly eﬀective for common variants. For example, EigenStrat is a
multi-dimensional scaling approach for addressing stratiﬁcation, and is commonly used as a standard
practice in the case-control GWAS dataset. Additionally, family-based study designs in GWAS have an
advantage in protecting against stratiﬁcation. Lastly, frequency estimates are dependent on sample size,
thus conferring additional variations to such results

[7][8]

.

As with all studies, sample size signiﬁcantly impacts interpretations of data. Single GWAS analyses are
relatively underpowered owing to the fact that they have a limited number of samples, which drastically
increases the probability of false-positive ﬁndings. Given this, implementing meta-analysis of several GWAS
can overcome these small-sample numbers and study-speciﬁc limitations, thus providing a more robust
statistical analysis and reduced false-positive results. To date, there are many published articles describing
the meta-analysis of GWAS

[9][10][11]

. However, each meta-analysis consists of several stages comprised of

analysis set-up, investigating heterogeneity, data storage, and variant selection for any subsequent
analysis. There are several parameters and methods employed for meta-analyses, such as p-values, ﬁxed
eﬀects, random eﬀects, Bayesian statistics, and multivariate analysis

[12]

. Using such meta-analysis

methods, a new collaboration, iGOGS, has discovered 74 new susceptibly loci for hormone-dependent
cancers [13][14][15][16]. However, there are other consortia that have used this method for identifying other
SNPs relevant for each type of disease, such as BCAC

[17]

, ISC

[18]

, and MAGIC [19].

The use of GWAS for cancer research studies has encountered several challenges, including the

following: sample size; high numbers (430) of signiﬁcant SNPs for cancer; association of several SNPs with
multiple cancer localizations; implications of identiﬁed genes in several key signaling pathways involved in
cancer; modulation of some pathways by lifestyle and environment; and, lastly, the fact that most studies
are conducted using European populations, thus limiting extrapolation of these ﬁndings to other
populations

[20]

.
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