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From Genotype to Phenotype
A Primer on the Functional Follow-Up of Genome-Wide
Association Studies in Cardiovascular Disease
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ABSTRACT: Genome-wide association studies have implicated many
human genomic loci in the development of complex traits. The loci
identified by these studies are potentially involved in novel pathways that
contribute to disease pathophysiology. However, eventual therapeutic
targeting of these pathways relies on bridging the gap between genetic
association and function—a task that first requires validation of causal
genetic variants, casual genes, and directionality of effect. Executing this
task requires basic knowledge of interpreting genome-wide association
study results and prioritizing candidates for further study, in addition to
understanding the experimental methods available for evaluating candidate
variants. Here, we review the basic genetic principles of genome-wide
association studies, the computational and experimental tools used for
identifying causal variants and genes, and salient illustrative examples of
how cardiovascular loci have undergone functional investigation.
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GENOME-WIDE ASSOCIATION STUDIES
Most cardiovascular diseases are complex, reflecting both genetic and environmental influences.1–3 Contrasting with classic monogenic diseases, DNA variants at
numerous genomic loci contribute to the development of a complex disease. Typically, each of these variants exerts a small effect on disease pathogenesis and does
not single-handedly determine whether a person will develop disease.4 Instead,
the incidence of disease reflects the combined contributions of the small effects of
numerous DNA variants, which typically do not follow standard Mendelian inheritance patterns within families (autosomal dominant, autosomal recessive, etc) and
thus require a large sample size for detection.5
As such, complex diseases are better addressed with population-based association studies, in which large cohorts of unrelated individuals are assessed for associations between DNA variants and diseases. The most commonly used variants
for this purpose are single-nucleotide polymorphisms (SNPs), although other types,
for example, copy number variants, can also be tested. Genome-wide association
studies (GWASs) use arrays that can directly genotype up to millions of variants
throughout a person’s genome in a single experiment.5
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In addition to requiring careful genotyping and phenotyping of study participants,
GWASs use minor allele frequency and linkage disequilibrium (LD) data to cal-
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culate the association between variant and a disease
or trait. Most SNPs will have 2 different alleles within
a population: a more-common major allele and a lesscommon minor allele. Because minor allele frequencies are calculated by population, they can vary widely
among groups of different ethnicities because of their
contrasting evolutionary histories.6
While leveraging minor allele frequencies for DNA
variants, GWASs take advantage of LD among SNPs
to define genomic loci within which there are variants
that directly contribute to the pathogenesis of a disease.7 LD can be calculated for any pair of SNPs. For
example, if 2 SNPs are on different chromosomes, they
will have no degree of linkage because the chromosomes will segregate independently during the process
of meiosis, effectively making their inheritance independent of one another. If 2 SNPs are far apart on the
same chromosome, they will be separated by numerous
recombination hot spots, where crossover events during meiosis act to eliminate any linkage between the
inherited alleles of the 2 SNPs. Such recombination hot
spots typically lie tens to hundreds of kilobases apart
on a chromosome. If 2 SNPs are close together on the
same chromosome such that there is no recombination
hot spot between them, there will be a high degree of
linkage between the inherited alleles of the 2 SNPs: in
other words, these SNPs exist in a state of LD. If within
a population, the major allele of the first SNP is always
inherited with the major allele of the second SNP, and
the minor allele of the first SNP is always inherited with
the minor allele of the second SNP, they are in a state
of perfect LD.8
All of the SNPs that lie between 2 recombination hot
spots on a chromosome will have some degree of LD.
These SNPs are considered to lie within a single locus
whose boundaries are defined by the hot spots. In the
context of a GWAS, if any one SNP within a locus was
found to be associated with a particular disease, one
would expect that other SNPs in the locus would have
some degree of association with the same disease. In
contrast, SNPs in neighboring loci would not automatically be expected to be associated with the disease.

Basic Principles of GWAS
The overarching goal of a GWAS is to determine which
genomic loci are associated with the disease or trait of
interest. If the disease phenotype is dichotomous (present versus absent), a GWAS asks whether an SNP’s allele frequency differs between a cohort of people with
disease (cases) and a cohort of people without the disease (controls). This query is performed systematically
for all common SNPs across the genome. Although for
the vast majority of SNPs, there will be no difference
in allele frequency, in a successful GWAS, there will be
several SNPs for which the allele frequency differs be-

tween the 2 groups. These differences may be small, reflecting that each individual SNP has only a small effect
on the incidence of disease. Nonetheless, if the GWAS
is adequately powered, which may require study cohorts with up to hundreds of thousands of individuals,
allele frequency differences can be reliably detected at
a robust statistical significance threshold. This threshold
is typically P<5×10−8, which is derived from Bonferroni
correction (0.05/1 000 000) accounting for the fact that
1 million SNPs are being independently tested for disease association in a GWAS. If the disease phenotype
is a continuous quantitative trait, such as blood lipid
levels, the query for any given SNP asks whether there
are statistically significant differences in the phenotype
among the groups of people with the 3 different genotypes at the SNP (major/major, major/minor, and minor/
minor).
Importantly, an SNP found to have a statistically significant association with the disease is not necessarily the causal DNA variant, that is, a variant that has
a direct pathogenic or protective effect. The association only signifies that the SNP’s locus harbors a causal
variant or variants in LD with the SNP identified by the
GWAS. Thus, the original SNP—variously called the
lead SNP, index SNP, or tag SNP—serves as a signpost
defining an interval in the genome for which one must
do follow-up studies to identify the causal variant(s).
A causal variant may be a coding variant that alters
the amino acid sequence of a gene that influences the
disease phenotype. However, more often than not, a
causal variant is noncoding and influences a gene’s
function from a distance via regulation of the gene’s
expression.9,10 Whereas the nature of LD dictates that a
causal variant itself must lie within the locus defined by
flanking recombination hot spots, a causal gene may
lie outside of the locus, as far as hundreds of kilobases
away from a causal variant because of complex chromatin looping, etc.
GWASs have been successful in identifying SNPs in
genomic loci associated with various cardiovascular diseases, in some cases identifying >100 loci for a phenotype. Identifying causal variants and causal genes at
these loci has proven to be an arduous task, and only
in a few cases have they been definitely established. In
the next section, we will discuss the various tools and
methods that are being used by investigators to followup the results of GWASs in the hope of discovering new
disease biology and therapeutic targets.

TOOLS AND METHODS FOR FINDING
CAUSAL VARIANTS AND GENES
Pinpointing the causal variant underlying an association
signal can be challenging because of LD among neighboring SNPs in a GWAS locus, especially if the locus
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harbors hundreds of potential candidates in LD with
the lead SNP. Complicating the issue is the possibility
that within a locus, multiple SNPs in strong LD may all
have functional effects and constitute a set of causal
variants. Identifying the causal genes and understanding the mechanism by which the causal variant(s) affect
disease phenotype through gene function may lend important insights into identifying druggable targets for
therapeutic benefit.

Computational Approaches
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Fine Mapping
In the early days of GWAS investigations, the available
catalogs of human genetic variation, especially common SNPs, were incomplete. On identification of a lead
SNP in a GWAS locus, a necessary next step was to perform fine mapping of the locus. This process first involved extensive resequencing of the locus in hundreds
of individuals from the study population to discover
and annotate all existing common DNA variants in the
locus. All of the common variants, both known and
newly discovered, would then be directly genotyped in
the study population and assessed for association with
the phenotype.
Ideally, fine mapping of a disease-associated locus
would allow investigators to identify the causal variant
as the single SNP with the strongest phenotypic association. In practice, instead of a single SNP, a group of
SNPs in strong LD harbor the strongest degree of association with the phenotype. Often the list of candidate
causal SNPs within the LD block remains a manageable
number, and each SNP can then be individually interrogated by some of the functional methods described
below. In some cases, the list of candidate SNPs remains
too long, and other approaches are needed to hone in
on the causal variant(s).
Presently, efforts such as the 1000 Genomes Project have cataloged variants from enough genomes that
virtually all common SNP variants and LD patterns in
major ethnic populations have been identified, making
fine mapping in the traditional sense no longer necessary in most situations.11 Now it is straightforward to
perform a combination of direct genotyping and imputation of 1000 Genomes data to identify the alleles of
all common SNPs in the human genome simultaneously, followed by association analyses and immediate
narrowing to the most likely causal variants.
Transethnic Fine Mapping
Because of their distinct evolutionary histories, different
ethnic populations can display varied minor allele frequencies for the same SNPs. Furthermore, the locations
of recombination hot spots can vary significantly among
ethnic populations because of naturally occurring genetic variation affecting the proteins that determine the

hot spots.12 For example, loci defined by hot spots tend
to be smaller in the genomes of individuals of African
descent compared with the genomes of individuals of
European descent. In combination, these phenomena
can create distinct, ethnicity-specific patterns of LD
among SNPs in an area of the genome: 2 SNPs that are
in strong LD in 1 ethnic group may be in weak or no
LD in another ethnic group. Although this could theoretically pose challenges in GWAS analyses, distinct LD
patterns among populations can potentially be leveraged to narrow down a list of candidate causal variants in a GWAS locus. For example, fine mapping of a
lead GWAS SNP in 2 different ethnic populations would
yield 2 distinct sets of SNPs based on ethnicity-specific
LD patterns (one with the strongest disease associations
in population A and the other with the strongest disease associations in population B).13 Assuming that the
causal variant underlying a GWAS association in population A is also a causal variant in population B—that is,
affects disease pathogenesis by the same mechanism in
both populations—then in principle, the overlap subset of the 2 SNP sets should include the causal variant.
Data from additional ethnic populations might narrow
the SNP subset even further. Ideally, this would allow
investigators to converge on a single overlap SNP that
represents a prime candidate causal variant.
Epigenomics Data
Whereas a causal SNP in coding DNA, which most likely
alters an amino acid in the downstream protein, is fairly
straightforward to interpret, a causal SNP in noncoding
DNA presents a challenge in determining how it might
be influencing gene function. If it lies within a gene’s
promoter region, 5′ untranslated region, or 3′ untranslated region, it may affect the transcription, translation,
or stability of the mRNA. If it lies near an exon/intron
junction, it could alter splicing of the mRNA.14,15 If it
lies at a distance far away from any coding sequences,
it may alter a noncoding RNA transcript, such as a microRNA or a long noncoding RNA (lncRNA),16 which in
turn modulates the function of coding genes. However,
the most plausible explanation is that the SNP affects
a regulatory element, such as an enhancer or a repressor, on which transcription factors bind and assemble
to modulate the transcription of genes up to hundreds
of kilobases away from the SNP.9,17
In addressing a list with up to hundreds of candidate
causal variants in noncoding DNA, even after fine mapping, 1 approach is to assess whether any of the SNPs
lie in regions with regulatory potential, as implied by
the configuration of chromatin at the regions. A variety
of methods have been developed to identify regions of
open chromatin where transcription factors can access
the DNA: micronuclease sequencing,18 DNase I hypersensitivity sequencing,19 formaldehyde-assisted isolation of regulatory elements and sequencing,20 and assay
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for transposase-accessible chromatin and sequencing.21
More precise determinations of the types of regulatory
activities that occur at these regions can be undertaken with chromatin immunoprecipitation sequencing
experiments with antibodies that can distinguish different types of chromatin modifications. For example,
active enhancers are often marked by H3K27ac (histone H3 acetylated at lysine 27) and H3K4me1 (H3
monomethylated at lysine 4), whereas active promoters
are often marked by H3K27ac and H3K4me3 (H3 trimethylated at lysine 4).22 ChIP sequencing can also be
used to identify regions bound by specific transcription
factors, which can provide clues as to which factors are
involved in the regulatory activity of SNP sites.
All of these types of epigenomic data have been
extensively cataloged in a variety of cell types through
the efforts of consortia, such as ENCODE (Encyclopedia of DNA Elements)23 and the Roadmap Epigenomics
Project,24 both funded by the US National Institutes of
Health. The data are easily accessible to investigators
and can provide useful insights to guide post-GWAS
studies. It should be stressed that epigenomics data
cannot directly establish causality for SNPs, nor does
the lack of data for SNPs necessarily rule out their being
causal; rather, epigenomics data provide a basis on
which to prioritize certain SNPs for further functional
studies.
Expression Quantitative Trait Loci
As previously discussed, transcriptional regulation of
gene expression is thought to underlie the associations of many SNPs with diseases. An association-based
method of assessing whether any particular SNP operates through this mechanism is termed expression
quantitative trait locus (eQTL) mapping.25 The genotype
of the SNP is compared with the transcript levels of
nearby genes (termed cis regulation) or distant genes on
the same chromosome or other chromosomes (termed
trans regulation). A statistically robust association suggests a causal relationship between a variant in strong
LD with the SNP and expression of the gene. Importantly, this does not necessarily signify that an SNP that
is causal for an eQTL vis-à-vis a particular gene is also
causal for a disease phenotype interrogated in GWAS.26
At a minimum, one would expect that the lead GWAS
SNP should be in strong LD with the eQTL SNP. Even
if this is the case, there are implicit assumptions that
(1) the causal variant operates through transcriptional
regulation, rather than some other mechanism and (2)
the eQTL gene is a causal gene for the phenotype in
question. Thus, the existence of a strong eQTL SNP in a
GWAS locus needs further validation, requiring followup functional experimentation to validate the presumed
causal mechanism. Additional conditional analyses and
causal inference testing can help refine the eQTL signals
to prioritize candidates for functional validation.27–29

One can perform global analyses for eQTLs if there
is a combination of genome-wide genotyping data and
genome-wide gene expression data (obtained with a
platform such as RNA sequencing) in a sufficiently powered collection of samples of a tissue of interest.
In principle, eQTLs can be mapped in any tissue type
of interest. As a practical matter, some tissues are more
difficult to collect than others. Although it is straightforward to amass a large collection of blood samples
and perform eQTL studies with peripheral blood cells,
tissues relevant to cardiovascular diseases, such as myocardium, vascular tissues from specific vascular beds,
etc, need to be collected either during surgical procedures or postmortem. It is only ethically permissible for
invasive procedures to be performed if medical indications exist, meaning that patient tissue donors have
medical comorbidities that may confound the eQTL
studies. With postmortem tissues, the collection needs
to occur as soon after death as possible to preserve
their physiological properties. The National Institutes of
Health–funded GTEx project (Genotype-Tissue Expression) is in the process of collecting a large variety of
different tissues from hundreds of postmortem donors,
with the intent of generating a global eQTL database as
a resource for the scientific community.30
An alternative approach is to use induced pluripotent stem cells from a diverse group of individuals
who represent a broad distribution of genotypes. The
National Heart, Lung, and Blood Institute funded an
$80 million effort to generate a variety of cohorts of
induced pluripotent stem cell lines, each numbering
in the dozens to hundreds.31 Several of these cohorts
have been used for differentiation into cell types, such
as cardiomyocytes, vascular endothelial cells, and hepatocytes to perform unbiased eQTL studies.26,32,33 Notably, stem cell-based studies have discovered eQTLs not
identified in the corresponding primary tissue cohorts
of the GTEx project,26 suggesting that the 2 types of
eQTL studies will prove to have complementary value.
Of note, but beyond the scope of this review, induced
pluripotent stem cells have their own set of limitations,
including their relatively immature phenotype that may
affect transcriptional profiles, heterogeneity in differentiation processes, and donor-specific epigenetic signatures that may persist depending on reprogramming
protocols.34–37
Other Types of Studies to Link Variants to Genes
Noncoding variants can act through mechanisms outside of regulating gene transcription. One such mechanism is altering messenger RNA splicing patterns. With
RNA-sequencing data paired with genotype data, it is
feasible to perform splicing quantitative trait locus mapping to assess for associations between SNPs and differential alternative splicing of transcripts from nearby
genes.38 Similarly, the ability to assess for methylation
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status of cytosines in CpG dinucleotide sites throughout the genome (a common form of epigenetic alteration that generally silences gene expression) allows
for methylation quantitative trait locus mapping, that
is, association analyses between SNP genotypes and
methylation of CpG sites within nearby genes.39

Experimental Approaches
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Computational analyses provide important information
on which SNPs within a trait-associated LD block could
be causal variants. However, as mentioned previously,
these analyses do not provide definitive proof of causality but rather bring forward strong candidates to undergo functional validation at the bench. In addition, cellular and in vivo experiments would be needed to prove
that the gene(s) regulated by a causal variant do indeed
lead to disease-relevant phenotypes if perturbed.
Reporter Assays
A mainstay of the study of putative transcriptional
regulatory elements, such as those implicated by eQTL
studies, is the reporter assay. Typically, a DNA region
of interest will be subcloned either upstream or downstream of a promoter reporter gene cassette in a plasmid. The plasmid is then transfected into a cell type of
interest, for example, cultured hepatoma cells if the
putative regulatory element is believed to be active
in hepatocytes. Activity of the protein product of the
reporter gene is then measured either from the cells
themselves or from the media in which the cells have
been grown, depending on whether the protein is intracellular or secreted. Commonly used reporters include luciferase, for which routine and scalable assays
are available, and fluorescent proteins, such as green
fluorescent protein, which allows for measurement by
flow cytometry or imaging-based techniques.
Reporter assays allow for direct comparison of versions of a DNA region that differ only with respect to a
particular SNP or SNPs, thus assaying for a gene expression effect modulated by the SNPs. Although straightforward and relatively quick to perform, reporter assays
do have a substantial limitation when used to interrogate candidate causal variants, in that they test for regulatory activity of DNA sequences removed from their
endogenous genomic and epigenomic contexts. If the
complete regulatory element stretches across kilobases,
subcloning of a few hundred basepairs around an SNP
might not allow for accurate modeling of the SNP’s
effect on regulatory activity. Furthermore, reporter plasmids transfected into cells for short-term experiments
lack the complete chromatin structure of endogenous
genomic DNA. Thus, reporter assays are unable to
capture the effects of short-range or long-range chromatin interactions that can significantly impact gene
expression.

Massively Parallel Reporter Assays
Although traditional individual reporter gene experiments, such as luciferase assays, can be used to test
whether SNPs modulate gene transcription, testing
a large number of SNPs would require a more highthroughput, scalable, and efficient platform. Massively
parallel reporter assays (MPRAs) were developed as a
means to interrogate the regulatory activity of hundreds or even thousands of sequences simultaneously.40,41 Thus, an MPRA can be readily applied to screen a
large number of candidate causal variants identified in
GWASs, assuming that the causal variants act by modulating the expression of nearby genes.26,42,43
The MPRA approach uses an array to synthesize a
large number of oligonucleotides in parallel, followed
by cleavage of the oligonucleotides off of the array to
form a pool in solution. Each oligonucleotide contains
a short genomic DNA sequence of interest coupled to
a unique barcode tag. The oligonucleotides are subcloned into a fixed reporter plasmid backbone with the
genomic DNA sequences placed in a position to influence reporter gene expression, whereas the barcode
tags are positioned to be transcribed with the reporter
gene (eg, in the 3′ untranslated region).41 Once generated, the pool of reporter plasmids is introduced into
cultured cells or into a tissue in vivo in an animal model. After incubation for a sufficient time to allow the
reporters to be fully expressed, high-throughput RNA
sequencing and counting of the barcode tags allows
for the calculation of the relative quantities of reporter transcripts. This facilitates the determination of the
relative regulatory activities of all of the genomic DNA
sequences in a single experiment. Barcode tags that
are enriched in the final RNA transcript pool relative to
the original DNA plasmid pool identify sequences with
enhancer activity, and barcode tags that are depleted
identify sequences with repressor activity.41
To test specific variants, short DNA sequences containing the major and minor alleles of candidate SNPs
would be paired with unique barcode tags and subcloned into a reporter plasmid pool, with the goal of
identifying SNPs in which allelic variation changes regulatory activity, for example, the major allele version of
a sequence has enhancer activity, whereas the minor
allele version has no activity. Ideally, this experiment
would identify 1 or a few SNPs that stand out from the
others. Although this approach would not unequivocally establish causality, it would serve to prioritize SNPs
for further functional testing.
As with individual reporter assay experiments, the
MPRA design has the shortcoming that it tests for regulatory activity of DNA sequences removed from their
endogenous genomic contexts. The new set of technologies collectively known as genome editing provides a
means to test SNPs for regulatory activity directly within
the genome.

Circ Genom Precis Med. 2018;11:e001946. DOI: 10.1161/CIRCGEN.117.001946

February 2018

5

Lin and Musunuru; Primer for Post-GWAS Functional Studies
CRISPR-Cas9 Genome Editing
In recent years, various genome-editing tools have
come into widespread use, including zinc-finger nucleases, transcription activator-like effector nucleases, and
CRISPR-Cas9 (clustered regularly interspaced short palindromic repeat–associated 9).44 CRISPR-Cas9 systems
have become particularly popular because of their efficacy and ease of use compared with other tools. So
here, we will focus on the CRISPR-Cas9 approach.
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Overview of CRISPR-Cas9 Technology
CRISPR-Cas9 systems, which comprise both protein
and RNA components, are based on naturally occurring
bacterial adaptive immune systems that have evolved
to destroy foreign genomic material. As an endonuclease, the Cas9 protein can bind specific DNA and RNA
sequences and catalyze a double-strand break (DSB) in
DNA. In the simplified Streptococcus pyogenes CRISPRCas9 system, the RNA component ≈100 nucleotides
in length is termed the guide RNA. Cas9 binds to this
guide RNA—the first 20 nucleotides of which can hybridize to 1 strand of double-strand DNA. This 20-nucleotide sequence is termed the protospacer. Cas9 also
binds to several adjacent DNA nucleotides (termed the
protospacer-adjacent motif). Thus, a triple complex of
protein, RNA, and DNA is formed. By changing the protospacer sequence in the guide RNA, one can redirect
the protein-RNA complex to bind a different sequence
and thus target a different site in the genome. This feature of CRISPR-Cas9 technology allows for ease of targeting multiple different genomic sequences without
complicated engineering. Once bound, the complex
will generate a DSB in the DNA.
The DSB activates the cell’s natural DNA repair
machinery, which operates in 1 of 2 ways. The default
repair pathway is nonhomologous end joining (NHEJ),
in which the free ends from the DSB are rejoined. NHEJ
is an error-prone process that occasionally results in the
insertion or deletion of base pairs, collectively termed
indels. If the DSB is directed to the coding sequence
of a gene, NHEJ can introduce frameshift mutations,
thereby knocking out the gene. If the DSB occurs within
a noncoding regulatory region, NHEJ can disrupt the
regulatory element with potential functional consequences. Indel sizes resulting from NHEJ of a single
DSB can range from 1 base pair to thousands of base
pairs (although smaller indels are more frequent) and
often are difficult to predict. This can be circumvented
through the introduction of 2 nearby DSBs on the same
chromosome, which will often result in a clean deletion
bordered by the DSBs, lending some measure of control
to NHEJ.
The other method by which the cell can repair a
DSB is homology-directed repair (HDR). Via homologous recombination, a repair template allows the area
of the DSB to be repaired with a high level of accu-

racy. Ordinarily, the cell will use a sister chromatid as
the repair template. If a custom-made DNA template
with homology arms flanking the desired alteration is
introduced into the cells, HDR can use this template
and stably incorporate the alteration into the genome.
HDR operates in proliferating cells, limited to the S and
G2 phases, during which the DNA content of the cell
is double the usual amount because of each chromosome having 2 sets of chromatids as a result of DNA
replication in S phase. An important consequence of
this limitation of HDR is that it occurs less frequently
than NHEJ in proliferating cells and not at all in nonproliferating cells. Because NHEJ occurs in all cells during
all cell cycle phases, it is more feasible to knock out a
gene or regulatory element than it is to cleanly knock in
a specific desired alteration, such as a variant SNP allele,
into the genome.
Application of CRISPR-Cas9 to Validate Variants as
Causal
CRISPR-Cas9 provides ways in which to functionally
test whether a variant is causal for a change in gene
function. The most rigorous approach is to use CRISPRCas9 to knock in alternate SNP alleles into cellular or
animal models, thereby generating wild-type and variant models that are isogenic, that is, of matched genetic background. Because the only difference between
the models is with respect to the SNP, in principle any
phenotypic differences observed between the models
can be attributed to the SNP.45 An important limitation
of this approach is that HDR-mediated knock in of alternate SNP alleles can be inefficient, and so it might
not be straightforward to generate the desired models.
Other potential limitations of CRISPR-Cas9 technology
in introducing variants are reviewed elsewhere.44 In addition, knocking in a human SNP into a nonhuman genetic background may affect study results because of
confounding genetic factors. Nonetheless, if the models can be generated, especially as a complete allelic
series (eg, major/major, major/minor, and minor/minor),
they would constitute the gold standard for testing
whether a variant is causal for a phenotype.
An alternative approach that takes advantage of
the increased efficiency of NHEJ-mediated disruption
compared with HDR is to knock out the SNP site. This
can be done in an imprecise way—introduction of an
indel of semirandom size into the SNP site using a
single guide RNA, which will likely have the effect of
disrupting either gene function (if the variant is coding) or a regulatory element (if the variant is noncoding) regardless of the exact size of the indel.44 This can
also be done in a more precise way—deletion of a small
sequence around the SNP site using 2 guide RNAs that
generate flanking DSBs.26 Either strategy will generate
isogenic models that can be compared for phenotypic
differences. Importantly, any such differences cannot be
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directly attributed to variation of the SNP itself; rather
they can only be attributed to the sequence containing
the SNP allele. In other words, the experiment would
not necessarily prove that SNP variation affects gene
regulatory activity but rather that the sequence containing the SNP site has gene regulatory activity. Nonetheless, a well-designed series of experiments can prove
the former. For example, 2 different cell lines that have
alternate genotypes of an SNP (eg, homozygous major
and homozygous minor) can be engineered with the
same dual-guide-RNA SNP sequence deletions. If the
homozygous major cell line shows a phenotype on SNP
sequence deletion, but the homozygous minor cell line
does not, then it would argue that SNP variation is in
fact causal for the phenotype and that the SNP major
allele-bearing sequence has gene regulatory activity.
Downloaded from http://circgenetics.ahajournals.org/ by guest on February 20, 2018

Application of CRISPR-Cas9 to Validate Genes as
Causal
To prove that a gene implicated for a disease or trait by
GWAS is indeed causal, one must perform functional
studies for that gene. CRISPR-Cas9 technology can be
harnessed to generate knockout cell lines and animal
models through NHEJ-mediated indel formation. In the
context of GWAS functional follow-up, knockout models are useful to establish (1) whether a coding variant
is a loss-of-function or gain-of function mutation and
(2) whether a gene implicated by eQTL analysis is causal
for the human phenotype. For cell lines, CRISPR-Cas9
technology facilitates permanent and efficient knockout of genes of interest, with fewer off-target effects
than knockdown through traditional RNA interference
(eg, siRNA), which tends to be less efficient in reducing
gene expression. For animal models, the CRISPR-Cas9
approach can knock out a gene without the limitations presented by the insertion of an antibiotic resistance cassette into the genome for positive selection,
which includes possible production of aberrant mRNA
and truncated protein products that might exert unanticipated effects. In addition, knockout models can be
produced relatively quickly using CRISPR-Cas9, often
within weeks rather than months to years.
Establishing through experimental evidence whether a candidate gene affects phenotype can accelerate
understanding of the mechanistic underpinnings of
a GWAS trait or disease and identify new druggable
targets. The functional follow-up of a lipid GWAS
candidate variant, discussed in the section Examples
Of Functional Follow-Up For Coronary Artery Disease,
highlights the importance of correctly identifying the
causal gene.

in the DNA) while still forming a protein–RNA–DNA
complex with specifically engineered guide RNAs. This
so-called dCas9 protein can serve as a customizable,
sequence-specific DNA-binding domain to which other functional domains can be attached. For example,
addition of a transcriptional activator domain leads to
increased expression of a target gene when the complex is directed by a guide RNA to bind at regulatory
regions—a phenomenon known as CRISPR activation.46
Addition of a transcriptional repressor domain can suppress gene expression and thus leads to CRISPR interference (CRISPRi), by analogy to RNA interference.47
Typically, CRISPR activation and CRISPRi are transient
because the Cas9 protein does not make permanent
alterations to the genomic target sequence.
CRISPRi can be used to assess whether sequences
containing SNPs have gene regulatory activity.26 The
simple act of positioning dCas9, with or without additional domains, at the site of an SNP can inhibit regulatory activity via steric interference, that is, by competing
with endogenous regulatory factors for binding to the
site. For example, if dCas9 is positioned at the site of an
SNP variant that has enhancer activity, it should reduce
expression of the gene regulated by the enhancer. An
advantage of this approach compared with standard
genome editing is that transient transfection of the
CRISPRi reagents (protein and guide RNA) is sufficient
to produce the interference effect and, potentially, the
desired phenotypic consequence. A CRISPRi experiment
can be completed within a few days (versus the weeks
to months required to generate pure genome-edited
cell lines).
As with SNP sequence deletion, the CRISPRi approach
does not directly interrogate whether SNP variation has
phenotypic consequences; rather, it assesses whether
the sequence bearing the SNP allele has gene regulatory activity. However, testing of CRISPRi in cell lines with
alternate genotypes at the SNP and finding differential
effects of dCas9 on a phenotype can serve as a means
to assess whether a variant is causal without having to
undertake the laborious process of genome editing to
generate an allelic series of isogenic cell lines. Even if
testing of cell lines with alternate genotypes is not practical (eg, it may not be easy to find a cell line that is
homozygous minor for SNPs in a GWAS locus because
by definition, it is the rarest genotype), CRISPRi provides
a means by which one can potentially screen through
a large number of SNPs in a locus to obtain evidence
for regulatory activity at a subset of the SNPs and thus
prioritize those SNPs for further study.

CRISPR Interference and Activation
CRISPR-Cas9 technology can extend beyond genome
editing; recently, it has been adapted to study transcriptional regulation. The Cas9 protein can be altered so
that it is catalytically dead (ie, cannot generate a DSB

Massively Parallel Gene Expression Assays
As described above, an important limitation of standard reporter assays and MPRAs is that they interrogate candidate regulatory DNA sequences taken out
of their native genomic context. CRISPR-Cas9 offers
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alternative methodologies that can test candidate
regulatory DNA sequences throughout a locus of interest, within their endogenous context, in a massively
parallel fashion.48–50 In this approach, it is necessary
to measure the expression or activity of a gene product in a highly quantitative fashion in a large number
of cells at once and then to cleanly separate higherexpressing cells from lower-expressing cells. In some
cases, the nature of the protein product (eg, a protein
with an extracellular domain for which there exists a
sensitive antibody) allows for straightforward quantitative measurement and separation using a standard
technique, such as fluorescence-activated cell sorting.
In other cases, the target gene needs to be endogenously tagged with a reporter, such as a fluorescent
protein, which serves as a proxy for the expression
level of that gene and is amenable to a technique
like fluorescence-activated cell sorting. A reporter can
be inserted into the endogenous locus using CRISPRCas9 genome editing.51
Once a suitable cell line is available, Cas9 along with
a guide RNA library that targets a set of candidate SNP
sequences or regulatory elements is introduced into
the cell line. The intent is that on average, each cell
receives one guide RNA, which potentially disrupts
its individual target sequence in the cell’s genome via
NHEJ. If the target sequence harbors enhancer activity
with respect to the gene of interest, the guide RNA
should reduce the gene’s expression; conversely, if the
target sequence harbors repressor activity, the gene’s
expression will be increased. The entire pool of cells is
subjected to a technique like fluorescence-activated cell
sorting to isolate the highest gene/reporter-expressing
cells and the lowest gene/reporter-expressing cells, and
the guide RNAs within the isolated cells are subjected
to deep sequencing and counted.50 Guide RNAs that
are enriched or depleted in the isolated cells relative to
the original library will directly point to regulatory elements in the genomic DNA. By plotting out the degree
of enrichment or depletion of each guide RNA, one
can map the transcriptional regulatory landscape of the
locus with respect to the gene of interest. In principle,
CRISPRi could be used as an alternative approach to
generate a map of the transcriptional regulatory landscape. Whether genome editing or CRISPRi is used, it
would be important to use cell lines with alternative
SNP genotypes within the locus of interest to comprehensively determine which alleles confer regulatory
activity.
Although the massively parallel gene expression
assay strategy has not yet been applied to a specific
case of screening through a list of candidate causal variants in a GWAS locus, it has been used to perform saturation mutagenesis of entire loci to more broadly define
all of the endogenous regulatory elements within the
loci.40–42,52

Electrophoretic Mobility Shift Assays and ChIP
On validation of a causal DNA variant, particularly those
that appear to be involved in gene regulation, a natural question is which factor (eg, transcription factor)
binds at the site of the variant. Although computational
methods can predict which factors bind to any given
genomic sequence, these methods simply generate
hypotheses that then must be tested by functional experiments. A common approach to assessing whether
a factor binds a sequence is the electrophoretic mobility
shift assay, more colloquially known as gel shift assays,
in which a labeled (whether radioactive or nonradioactive), synthetic version of the sequence is mixed and
incubated with lysate from a relevant cell type. The mix
is then subjected to electrophoresis on a gel, which separates DNA-protein complexes from unbound DNA. To
prove that any observed DNA-protein complex involves
a given candidate protein, a mix of sequence, lysate,
and protein-specific antibody is also subjected to electrophoresis, with the expectation that the DNA-protein
complex will either be inhibited by the antibody or, possibly, supershifted by the antibody (ie, a triple complex
will form and migrate differently on the gel).53
An important limitation of electrophoretic mobility
shift assays is that they are in vitro experiments that may
not faithfully reflect what happens with endogenous
DNA in the nucleus of a cell. ChIP entails cross-linking
of proteins and DNA within the nucleus. This is followed
by isolation of the candidate protein with a specific antibody, retrieval of any DNA sequences cross-linked to the
purified protein, and sequencing of the DNA (either in an
unbiased fashion or with a specific sequence in mind).
To establish that a DNA variant affects the binding of
a candidate factor, one should demonstrate with ChIP
that the factor is preferentially binding to a sequence
with 1 allele compared with the alternate allele.54
A complementary approach to establishing a functional relationship between a regulatory factor and a
DNA sequence harboring a causal variant is to overexpress or knock down the activity of the factor and
demonstrate an effect on the target gene. Even more
compelling is a demonstration that modulation of the
factor affects the target gene differently depending on
which genotype of the causal variant is present in the
cell line tested.

EXAMPLES OF FUNCTIONAL FOLLOWUP FOR CORONARY ARTERY DISEASE
Coronary artery disease (CAD) has the distinction of being one of the first phenotypes to which the GWAS
methodology was applied. Three independent GWASs
for CAD in individuals of European descent were published simultaneously in 2007, and each study reported
the same novel locus on chromosome 9p21 as being by
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far the most strongly associated with the disease.55–57
One of the studies also reported several other novel
loci, including a locus on chromosome 1p13, which
harbors the SORT1 gene.55 In the years since, increasingly large GWAS meta-analyses have been performed
for individuals of European descent, and smaller studies
have been performed in several other ethnic populations. As of the time of this writing, at least 95 loci
with SNPs meeting the statistical significance threshold
of P<5×10–8 for association with CAD have been reported.58 About a quarter of these loci harbor genes
involved in the regulation of blood lipid levels, and
a handful harbor genes involved in the regulation of
blood pressure. For the most part, the remaining loci
do not appear to be linked in any way to traditional risk
factors for CAD, suggesting novel mechanisms contributing to the pathogenesis of the disease.
The SORT1 and chromosome 9p21 loci represent
2 examples for which extensive follow-up functional
genomic studies have been undertaken with varying
degrees of success, so we have chosen to use these
examples to illustrate the application of the various
tools and methods described in the previous section.

SORT1 Locus
SNPs in the SORT1 locus were found not only to be
strongly associated with CAD but also to be strongly associated with low-density lipoprotein cholesterol (LDL-C)
in separate GWASs of blood lipid levels.59–61 Indeed, they
were the most strongly associated with LDL-C out of all
of the tested SNPs in the human genome. Alternative
genotypes of lead SNPs in the locus are associated with
up to a 10% to 15% difference in LDL-C and up to a
30% to 40% change in CAD risk. Because of the broadly
accepted evidence that LDL-C is a causal risk factor for
CAD, it is natural to conclude that the SORT1 locus influences CAD risk through the modulation of blood LDL-C
levels. There are several genes within 100 kb of the lead
SNPs; at the time of the discovery of the locus, there was
little prior evidence to suggest a biological link between
any of the genes and lipoprotein metabolism.
A critical clue to the determination of both the causal variant and the causal gene in the locus was provided
by eQTL studies.10,60,62 Several eQTL studies documented a robust relationship between the genotype of a
lead SNP in the locus and the expression level of 3 of
the genes in the locus—SORT1, PSRC1, and CELSR2—
in human liver. Liver samples from individuals homozygous for the minor allele of the lead SNP displayed
several-fold higher expression of the genes than liver
samples from individuals homozygous for the major
allele. Notably, minimal or no eQTL relationships with
these genes were observed in other tissues, such as adipose and blood, suggesting a liver-specific regulatory
effect of the causal SNP on gene expression.

Fine mapping of the locus in individuals of European
descent narrowed the list of candidate causal variants
to 6 SNPs, which were essentially in perfect LD.10 The 6
SNPs were in close proximity, contained within a noncoding DNA segment ≈6 kb in length. Because it had
been hypothesized that the causal variant altered a
transcriptional regulatory element, the entire 6-kb segment (harboring either the major alleles of 6 candidate
SNPs or the minor alleles of the SNPs) was subcloned in
luciferase reporter constructs, which were transfected
into hepatocyte-like cultured human hepatoma cells.
The minor allele version of the construct expressed
substantially higher luciferase than the major allele version of the construct, consistent with the human liver
eQTL findings. Alteration of the alleles of each of the 6
candidate SNPs one-by-one in the reporters constructs
established that 1 SNP, rs12740374, was responsible
for the difference in luciferase expression. Remarkably,
fine mapping of the locus in black individuals converged on a single SNP having the strongest association
with LDL-C in that population, and that SNP too was
rs12740374. The concordance of the 2 independent
lines of evidence strongly supported rs12740374 as the
single causal variant responsible for the locus’ associations with LDL-C and CAD.10
The mechanism by which rs12740374 influences
gene expression came to light with the recognition that
the rs12740374 minor allele sequence closely matches
the consensus binding sequence of the C/EBP family of
transcription factors, whereas the major allele disrupts
the sequence.10 Electrophoretic mobility shift assay
experiments demonstrate preferential binding of a factor in hepatocyte lysates to the minor allele sequence
compared with the major allele sequence, with supershifting in the presence of C/EBP antibodies. ChIP-PCR
experiments with cells homozygous for the minor allele
documented binding of C/EBP with the endogenous
SNP site. Finally, knockdown of C/EBP activity in hepatoma cells reduced luciferase expression from the minor
allele-bearing reporter construct but not from the major
allele-bearing reporter construct; similarly, knockdown
of C/EBP activity reduced endogenous SORT1 expression in hepatoma cells heterozygous at rs12740374 but
not in hepatoma cells homozygous for the major allele.
The determination of the causal gene in the locus, as
well as the mechanism by which the causal gene affects
blood LDL-C levels and CAD risk, primarily used 2 different model systems: mice and human pluripotent stem
cells. SORT1 stood out as a candidate gene because it
had the strongest eQTL relationship with rs12740374
and because its protein product, sortilin—a transmembrane protein responsible for shuttling other proteins to
different cellular compartments—had biological plausibility. Of note, the promoter of SORT1 lies 120 kb away
from rs12740374. AAV-mediated overexpression of the
murine Sort1 gene in mouse liver decreased blood LDL-
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C levels, whereas siRNA-mediated knockout of endogenous Sort1 expression in mouse liver increased blood
LDL-C levels.10 Modulation of other genes in the locus
in mouse liver did not alter blood lipid levels, suggesting
SORT1 to be the single causal gene. Further experiments
in mice, primary mouse hepatocytes, and cultured hepatoma cells established 2 models by which SORT1 influences lipoprotein metabolism in hepatocytes: (1) sortilin
binds directly to apoB (apolipoprotein B) in nascent verylow-density lipoprotein particles in the Golgi apparatus
and shunts the particles to the endolysosomal compartment for degradation, which reduces the number of
very-low-density lipoprotein particles secreted into the
bloodstream; and (2) sortilin binds to apoB in mature
LDL particles in the bloodstream and facilitates endocytosis of the particles into the cells through a mechanism
independent of the LDL receptor.10,63 Either mechanism
should act to reduce blood LDL-C levels.
Confirming the role of SORT1 in lipoprotein metabolism in human hepatocytes, the gene was knocked out
in human pluripotent stem cells with the use of transcription activator-like effector nucleases, followed
by differentiation into hepatocytes.64 Compared with
wild-type hepatocytes, SORT1 knockout hepatocytes
displayed a substantial reduction in secreted apoB
mass. Lentiviral reconstitution of SORT1 expression in
the knockout hepatocytes restored the secreted apoB
mass to wild-type levels. The experiments were independently performed in 2 human pluripotent stem cell
lines with different genetic backgrounds and had highly
consistent results.
Together, these observations establish an overarching model in which a single-nucleotide change influences clinically important phenotypes: rs12740374 major
alleles result in low baseline hepatic SORT1 expression,
whereas minor alleles enable C/EBP-mediated transactivation of SORT1 expression, decreased hepatocyte verylow-density lipoprotein particle secretion, and increased
LDL particle uptake, and thus decreased blood LDL-C
levels and reduced risk of CAD.

Chromosome 9p21 Locus
Determining the mechanism by which the chromosome
9p21 locus influences CAD has been challenging because the locus is a so-called gene desert. The minimal
locus (as defined by recombination hot spots) is ≈58 kb
in individuals of European descent and harbors no coding
genes, leaving it unclear how the causal DNA variant(s) in
the locus influence disease. Within this locus, an lncRNA
called ANRIL, whose function remains uncertain, is transcribed;65 this lncRNA is not conserved across species. The
nearest coding genes, CDKN2A and CDKN2B, encode
cyclin-dependent kinase inhibitors, which are involved in
cell cycle regulation. These genes lie a long distance away
from the lead GWAS SNPs in the chromosome 9p21 lo-

cus. The lead SNPs are not associated with any of the traditional risk factors for CAD, although they are associated
with a variety of vascular phenotypes, such as abdominal
aortic aneurysm, intracranial aneurysm, peripheral arterial
disease, and platelet reactivity.57,66
Given the strength of association between the lead
9p21 SNPs and CAD, multiple groups have attempted
to elucidate the mechanisms by which 9p21 contributes
to CAD risk. Long-range chromatin capture experiments
have shown that enhancers within the locus interact
with chromatin near CDKN2A and CDKN2B, as well as
MTAP, with possible modulation of transcriptional activity by the interferon family of proteins.67 Although the
role of interferon signaling in transcriptional regulation
of this region remains unclear given conflicting results
from other studies,68,69 linked 9p21 SNPs rs10811656
and rs4977757 were shown through electrophoretic
mobility shift assays and luciferase reporter studies to
disrupt TEAD transcription factor binding, whereas
knockdown of the factors decreased CDKN2A expression in cultured human vascular smooth muscle cells
heterozygous for CAD risk alleles.70 In a separate study,
a different 9p21 SNP, rs1537373, was found to be a
significant cis-eQTL for CDKN2B,71 which further implicates the CDKN2A/B family in 9p21 biology.
Complementing these data, other groups have shown
that CDKN2B is involved in atherogenesis. For example,
Cdnk2b deletion in mice with an Apoe knockout background led to the development of larger necrotic core
lesions in atherosclerotic plaques compared with those
seen in Apoe knockout mice with wild-type Cdnk2b.72
Cdnk2b deletion in mice also disrupts vascular repair
mechanisms,73 with implications for vascular biology
that may extend beyond atherogenesis. However, mice
in which a noncoding region of 70 kb corresponding
to the human 9p21 locus was deleted showed changes
in Cdkn2b and Cdkn2a expression but no difference in
atherosclerosis, suggesting that the causal 9p21 mechanism in humans might not be conserved in mice.74
Based on computational analyses, 9p21 has >1 candidate causal player in disease pathophysiology requiring functional follow-up.65,71,75 For example, outside of
protein-coding genes, the CAD risk association of 9p21
may involve the expression of the lncRNA ANRIL, which
has primate-specific Alu repeats that have been shown
to regulate ANRIL target genes in trans.65 Interestingly,
this lncRNA can exist in linear form and in circular form,
with the circular form expressed in whole blood and
peripheral blood mononuclear cells associated with the
protective 9p21 haplotype.16 When CRISPR-Cas9 was
used to delete the majority of ANRIL exons in cultured
HEK293 cells, decreased apoptosis and increased cellular proliferation were seen; these effects were partially
reversed with reconstitution of the cells with circular
ANRIL, which induces p53 activation by preventing
ribosomal RNA maturation.16 The effects of ANRIL
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were also found to be independent of CDKN2A and
CDKN2B, suggesting that 9p21 modulates CAD risk
through >1 mechanism.
Although the 9p21 locus still requires further work
in terms of identifying all causal players in its CAD
risk association, the work performed to date on the
CDKN2A/B family and ANRIL has provided functional
validation that this complex locus is involved in biological processes relevant to atherogenesis.

CONCLUSIONS

Downloaded from http://circgenetics.ahajournals.org/ by guest on February 20, 2018

In the age of precision medicine, finding the biological link between genotype and disease phenotype will
yield novel insights for the development of novel therapeutics. As more human genetic data become available
and refined through GWASs, exome sequencing studies, and rare variant studies, it will become increasingly
important for investigators to understand these studies and to develop and execute pipelines for validating
which variants and which associated genes are causal
for disease pathophysiology. Harnessing the methods
we discussed above, such work has become feasible
to perform and will elucidate further the genetic and
mechanistic underpinnings of complex human diseases.
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