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TOPICAL REVIEW

Phenome-wide association studies: a new method
for functional genomics in humans

Dan M. Roden

Departments of Medicine, Pharmacology and Biomedical Informatics, Vanderbilt University Medical Center, Nashville, TN, USA

Abstract In experimental physiological research, a common study design for examining the
functional role of a gene or a genetic variant is to introduce that genetic variant into a
model organism (such as yeast or mouse) and then to search for phenotypic consequences.
The development of DNA biobanks linked to dense phenotypic information enables such
an experiment to be applied to human subjects in the form of a phenome-wide association
study (PheWAS). The PheWAS paradigm takes advantage of a curated medical phenome, often
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derived from electronic health records, to search for associations between ‘input functions’
and phenotypes in an unbiased fashion. The most commonly studied input function to
date has been single nucleotide polymorphisms (SNPs), but other inputs, such as sets of
SNPs or a disease or drug exposure, are now being explored to probe the genetic and
phenotypic architecture of human traits. Potential outcomes of these approaches include
defining subsets of complex diseases (that can then be targeted by specific therapies) and drug
repurposing.
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Abstract figure legend The electronic health record (EHR) — a new ‘model organism’ to study human physiology.
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nucleotide polymorphism.

Human studies using forward or reverse genetics

A typical ‘forward genetics’ experiment seeks to identify
the genetic basis of a trait. In human genetics,
examples of traits studied include Mendelian diseases,
common diseases, laboratory values and physiological
characteristics such as hair colour. The methods used
range from linkage analysis in families to studies of
candidate genes (often chosen from an understanding
of underlying physiology) to unbiased approaches such
as genome-wide association study (GWAS). While the
candidate gene approach feels intuitively appealing,
replication of initially positive association results often
fails. The GWAS approach is less subject to the biases
of the candidate-gene approach, but also requires
replication, often in very large datasets. The GWAS
approach examines associations with common genetic
variants and as a result generally generates modest
odds ratios for single nucleotide polymorphisms (SNPs)
associated with phenotypes of interest. There are
exceptions to this general rule, often for diseases with
onset after reproductive age or conditions requiring
a major environmental input, such as variable drug
responses.

In contrast to human genetics, physiological research
commonly uses a ‘reverse genetics’ experimental paradigm
to understand the function of genes or phenotypic
consequences of genetic variation: a conventional reverse
genetics study design is to introduce a genetic variant into
a model organism (such as yeast or mouse) and then to
search for phenotypic consequences. The phenome-wide
association study (PheWAS) is a method that enables
a ‘reverse genetics’ experiment to be applied to human
subjects (Abstract Figure). PheWAS takes advantage of
increasingly large sets of human genetic variation coupled
to dense phenotypic information often from electronic
health records (EHRs) to analyse genotype—phenotype

associations (Bush et al. 2016; Denny et al. 2016; Roden &
Denny, 2016).

Large resources linking human phenotypes
to genotypes

As discussed further below, the key resource that enables
PheWAS is dense phenotypic data coupled to DNA
repositories. Examples of such resources that have been
created around the world and that contain > 200,000
samples include the UK Biobank (Allen et al. 2014), the
Chinese Kadoorie biobank (Chen et al. 2011), Vanderbilt
BioVU (Roden et al. 2008), the Electronic Medical Records
and Genomics Network (eMERGE) (Gottesman et al.
2013; Crawford et al. 2014; Rasmussen-Torvik et al.
2014), deCODE in Iceland (Gulcher & Stefansson, 1998),
Kaiser’s Genes, Environment, and Health Project (Banda
et al. 2015), and the US Veterans Administration Million
Veterans Program (MVP) (Gaziano et al. 2016). All of
these include EHR data as one source of phenotypes;
some, like BioVU and eMERGE (of which BioVU is a
component), rely exclusively on dense EHR data, while
others (e.g. UK Biobank) currently include sparse EHR
data but dense prospectively obtained phenotypic data.
The upcoming US Precision Medicine Initiative (PMI)
Cohort Study (Collins & Varmus, 2015) will recruit at least
1,000,000 participants and use both EHR data and data
prospectively collected by questionnaires, examinations,
and smartphones as sources of phenotypic information.
There are important methodological challenges that
need to be addressed as phenome scanning approaches
become more widely tested and their place in precision
medicine becomes better defined; these include improving
definitions of cases and controls from inherently ‘messy’
EHR data and developing appropriate statistical methods
(Wei & Denny, 2015; Bush et al. 2016).
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Curating the medical phenome

The creation of electronic records, and in particular
the ability to structure information in EHRs to make
it more receptive to research efforts, is enabling for
phenome scanning applications. A GWAS is enabled by
dense genomic information and at each locus the specific
genotype (reference or variant) is known. By contrast,
even in the well curated EHR-based phenome, the ability
to definitively exclude specific conditions or to define them
based simply on billing codes may be limited. EHR data
can also require expert clinical input for appropriate inter-
pretation. A patient with well controlled hypertension
may have consistently normal blood pressure readings
and yet should still carry the diagnosis. On the other
hand, a patient without hypertension who presents with a
broken bone may have severely elevated blood pressure at
the time of that encounter (Teixeira et al. 2016). Current
efforts in EHR-based phenotyping use a combination of
billing codes, laboratory data, medications and natural
language processing of free text (e.g. in clinical notes)
to develop algorithms for establishing case or control
status for a particular trait (Wei et al. 2016). Records
meeting algorithmic definitions are manually reviewed
and a positive predictive value (PPV) established. For
most traits, a positive predictive value greater than 95%
is achievable and experience across eMERGE has shown
that algorithms developed at one site can be exported to
other sites with very good PPVs (Denny et al. 2011).

Initial studies: associations with single SNPs

In the mid-2000s, a number of groups suggested
that increasing the availability of dense phenotypic
information, derived from encounters that patients
had with a healthcare system, coupled to increasingly
inexpensive genotyping could enable the concept of
‘phenome scanning’ to identify phenotypes associated
with specific genetic variants (Jones et al. 2005;
Ghebranious et al. 2007). Initial studies testing this
idea focused on single SNPs, generally identified by
GWAS; however, the genetic architecture of most common
diseases includes contributions by common and rare
variants across multiple genes, some of which influence
other disease susceptibilities. One outcome of the PheWAS
paradigm is to probe such pleiotropic effects and thus to
identify in the universe of patients with common diseases
subsets with genomic (and phenomic) architecture
that predict clinically important variability in disease
susceptibility, disease progression and development of
complications, or response to specific therapies.

The actual term ‘PheWAS’ was coined by Denny and
colleagues in 2010 in the first demonstration that the
concept could, in fact, be executed (Denny et al. 2010).
They developed software based on disease codes to define
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776 sets of cases and controls from EHR data. They
genotyped 6005 European American subjects for SNPs
previously associated by GWAS with seven common
diseases and showed that their PheWAS replicated those
associations in 4/7 cases. The algorithm also identified
previously unreported associations between the target
SNPs and diseases at a nominal P-value < 0.01. The
same group, working with collaborators in the eMERGE
network, then went on to perform a GWAS and PheWAS
using cardiac conduction assessed by QRS duration on the
electrocardiogram as the target phenotype (Ritchie et al.
2013). The GWAS identified SNPs near a group of sodium
channel genes (a biologically plausible candidate locus,
also found by others studying this phenotype; Sotoodehnia
et al. 2010) and the PheWAS of these SNPs indicated
they also increase risk for a common arrhythmia, atrial
fibrillation, ascertained over more than two decades across
EHRs. These findings highlight the potential for PheWAS
to uncover clinically interesting and potentially important
signals for disease susceptibility.

Investigators in the eMERGE network then went on
to apply this approach to validate a network-wide GWAS
that implicated variants near FOXEI as predisposing to
hypothyroidism (Denny et al. 2011). The initial GWAS
result was obtained in 1317 cases and 5053 European
ancestry controls across five EHRs. The algorithms to
identify hypothyroidism were developed at one site and
deployed across the others with positive predictive values
> 90% for both case and control algorithms. The FOXE1
signal was replicated in an independent dataset and
variants near this gene have previously been associated
with thyroid cancer. The eMERGE team went on to
perform a PheWAS in 13,617 individuals to search
for other or additional phenotypes associated with the
FOXEI variants. The strongest association replicated the
hypothyroidism phenotype, with an odds ratio of 0.76
(P = 2.17 x 107'%), nearly identical to the odds ratio
(0.74, P = 4 x 1077) generated by the original GWAS.
The PheWAS also identified signals for some subtypes
of thyroid disease (thyroiditis, nodular and multinodular
goitre, and thyrotoxicosis) but not with others, like Graves’
disease or thyroid cancer. Other interesting associations
that did achieve nominal statistical significance included
atrial flutter (there is a known association between
thyroid disorders and atrial arrhythmias) and pernicious
anaemia, a disease sometimes associated with hypo-
thyroidism. This study highlighted the potential that
PheWAS can identify subsets that carry different prognosis
within a universe of patients with the same clinical
diagnosis.

Validating PheWAS in the GWAS catalogue

This approach was then tested on a large scale (Denny
et al. 2013) across the eMERGE network to examine the
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extent to which PheWAS could replicate the results of pre-
vious GWAS in the catalogue maintained by the National
Human Genome Research Institute (Hindorff et al. 2015).
Some traits in the GWAS catalogue (such as baldness or
the ability to smell asparagus metabolites in urine) are not
captured in the EHR and so could not be studied. Phe WAS
in 13,835 subjects replicated 66% of previously reported
associations from well-powered GWAS. In addition, there
were 63 new associations with P-values < 4.6 x 107°
with specific SNPs studied, further highlighting the
potential that the PheWAS approach can help define
pleiotropic genetic effects. For example, variants in
IRF4, previously associated with hair and eye colour,
were strongly associated with non-melanoma skin cancer
(P=3.8 x 107'7) and with a benign skin disease, actinic
keratosis (P= 4.1 x 107%°). A more recent demonstration
of the potential for PheWAS to identify pleiotropic effects
of individual SNPs was an evaluation of traits associated
with polymorphisms thought to be of Neanderthal origin
in an eMERGE population of approximately 28,000
European ancestry subjects (Simonti et al. 2016). Traits
associated with Neanderthal alleles in both discovery and
replication sets included hypercoagulable state, protein
calorie malnutrition, urinary system symptoms and
tobacco use.

Input functions beyond single SNPs

These initial applications of the PheWAS methodology
focused on associations with single SNPs, generally drawn
from GWASs, and thus have the drawback that they
are often associated with small effect sizes. Therefore,
recent applications of PheWAS have started to move
beyond searching for associations with single SNPs as
input functions to probe the curated medical phenome
(Fig. 1).
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Figure 1. The phenome-wide association study

Once a curated medical phenome is in place, investigators can use a
wide variety of input functions, ranging from single nucleotide
polymorphisms (SNPs) to more complex genetic constructs to
diseases or drug exposures, to probe associated phenotypes.

The Journal of

Physiology

D. M. Roden

J Physiol 595.12

Most GWASs search for associations with a single
phenotype, although recent work also highlights to
potential power of a multivariate GWAS that searches for
associations across multiple related phenotypes (Galesloot
et al. 2014). In one sense, therefore, the PheWAS
approach, by searching across thousands of phenotypes,
represents an extension of this logic although the PheWAS
starting point has been genetic variation whereas the
starting point for a GWAS is single (or multiple)
phenotypes.

One example of a different input function is a set of
SNPs, such as a genetic risk score, a weighted set of
SNPs derived from GWAS data and used to predict a
phenotype in a population (Kathiresan et al. 2008). In
one study, genetic risk scores using thousands of SNPs
derived from GWAS of psychiatric traits were able to
distinguish extremes across phenotypes for ~50 traits in
the ‘behavioral phenome’ in 3152 individuals (Krapohl
etal. 2016), although the effect sizes were still small (< 2%
of total variance). This study also highlights the potential
for extending phenotypic analysis from case—control
studies to examine continuous traits such as psychiatric
phenotypes or laboratory data. Probing the phenotypic
associations with SNPs in genes encoding known drug
targets may reveal new drug indications or potentially
predict on-target adverse drug effects (Rastegar-Mojarad
et al. 2015). Along the same lines, a study in the Kadoorie
biobank demonstrated thatloss of function alleles in PLA2,
encoding a potential drug target, were not associated
with disease risk, providing a reassuring safety signal for
further candidate blocker development (Millwood et al.
2016).

Another potentially interesting approach is to use
predicted gene expression as the ‘input function’ for
PheWAS. Gamazon et al. (2015) have described Pre-
diXcan, a method that couples tissue-specific expression
data with dense genotyping to develop predictors of
tissue-specific gene expression. Using this approach, it
should be feasible to identify human traits associated
with predicted increased or decreased expression of any
gene. An initial evaluation of this hypothesis using the
Wellcome Trust Case Control Consortium dataset and
BioVU replicated autoimmune signals associated with
diseases such as rheumatoid arthritis, ulcerative colitis,
Crohn’s disease and type 1 diabetes.

The focus of PheWAS experiments to date has been
on searching for phenotypic associations with common
SNP, or sets of SNPs, often assayed using dense and
increasingly inexpensive genotyping platforms. The cost
of genome sequencing is also dropping, and the pending
availability of large sets of whole genome sequences
will pose new analytical challenges and opportunities to
the field. One example is developing best methods to
integrate rare and common variation into genetic risk
scores. Another is to develop datasets that are sufficiently

© 2017 The Authors. The Journal of Physiology © 2017 The Physiological Society
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large that associations with rare SNPs can be reliably
identified.

The input function need not be a genetic variant. For
example, Warner & Alterovitz (2012) showed that very
high white cell counts were most often associated with
Clostridium difficile infection or septic shock, a finding
that could eventually guide clinical care. The input can be
a disease and PheWAS can be used to identify mechanistic
subsets (Denny et al 2016): PheWAS of rheumatoid
arthritis cases identified a significant association between
antinuclear antibodies and Sjogren’s syndrome (Liao et al.
2013).

Conclusion

PheWAS has been enabled by accrual of massive healthcare
information in EHRs, development of methods to
extract believable sets of cases and controls, increasingly
inexpensive genotyping, and methods to analyse the
relationship between genetic variation and phenotypes.
The initial results outlined here are highly promising and
in some ways are reminiscent of the ‘early days’ of GWAS,
in which interesting signals were generated in thousands
of subjects and with time have now been validated in
tens or hundreds of thousands of subjects. Analysis of
such very large datasets will help distinguish between
true and false PheWAS signals and increase the validity
of the PheWAS results. One can envision that PheWAS
will become a powerful tool used by both clinicians
and basic scientists. For the clinician the development
of very large collections coupling DNA, other potential
biomarkers, EHRs and sociocultural information will
enable phenome scanning across diverse ancestries and
health conditions and thus help propel the development
of personalized treatments. For the basic physiologist,
PheWAS will complement experimental research and help
validate insight gained from studying genes and gene
variants in model organisms.
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