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Phenotypic and Genotypic Data for Discovery
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Abstract

With the large volume of clinical and epidemiological data being collected, increasingly linked to
extensive genotypic data, coupled with expanding high-performance computational resources,
there are considerable opportunities for comprehensively exploring the networks of connections
that exist between the phenome and the genome. These networks can be identified through
Phenome-Wide Association Studies (PheWAS) where the association between a collection of
genetic variants, or in some cases a particular clinical lab variable, and a wide and diverse range of
phenotypes, diagnoses, traits, and/or outcomes are evaluated. This is a departure from the more
familiar genome-wide association study (GWAS) approach, which has been used to identify single
nucleotide polymorphisms (SNPs) associated with one outcome or a very limited phenotypic
domain. In addition to highlighting novel connections between multiple phenotypes and
elucidating more of the phenotype-genotype landscape, PheWAS can generate new hypotheses for
further exploration, and can also be used to narrow the search space for research using
comprehensive data collections. The complex results of PheWAS also have the potential for
uncovering new mechanistic insights. We review here how the PheWAS approach has been used
with data from epidemiological studies, clinical trials, and de-identified electronic health record
data. We also review methodologies for the analyses underlying PheWAS, and emerging methods
developed for evaluating the comprehensive results of PheWAS including genotype-phenotype
networks. This review also highlights PheWAS as an important tool for identifying new
biomarkers, elucidating the genetic architecture of complex traits, and uncovering pleiotropy.
There are many directions and new methodologies for the future of PheWAS analyses, from the
phenotypic data to the genetic data, and herein we also discuss some of these important future
PheWAS developments.
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Introduction

A dynamic network exists between the genome, gene products, signaling pathways,
intermediate phenotypes, and outcome traits, and this complexity can be leveraged to
develop a clearer picture of the etiology of complex traits. Through exploring the
relationships between genetic variation and a wide range of phenotypic measurements at
multiple levels, we can integrate these complex and comprehensive results to gain a clearer
picture of the genotype-phenotype landscape. There is ample evidence of many genetic
variants being associated with multiple traits, indicating the potential for pleiotropy. The
NHGRI genome-wide association study (GWAS) catalog shows many single nucleotide
polymorphisms (SNPs) associated with more than one phenotype and/or phenotypic domain
[1]. Autoimmune diseases have shown considerable overlap in genetic regions with
evidence of association [2,3], as has metabolic syndrome [4].

To identify dynamic networks of phenotypic and genotypic connections, Phenome-Wide
Association Studies (PheWAS) can be used to evaluate the association between any number
of single nucleotide polymorphisms (SNPs) and a wide range of phenotypic variables in a
high-throughput manner (Figure 1). PheWAS began with investigation of the association
between multiple SNPs and de-identified electronic health record (EHR) data [5], and has
now been used successfully several times with EHR data [6-12]. Since then, PheWAS has
been used with epidemiological study data and clinical trials data [13-15]. PheWAS can be
used for comprehensively investigating the association between genetic variation and a wide
array of outcome traits in any study design with a multitude of phenotypic data such as
epidemiological cohorts, clinical trials and animal breeding research. PheWAS is
complementary to the Genome-Wide Association Study (GWAS) approach, which
investigates the association between genetic variation and one outcome/phenotype, or a
limited phenotypic domain. However, GWAS cannot provide the additional information that
exists when using a wide range of genotypic and phenotypic data assessed concurrently from
the same dataset. If associations are found between a single SNP and multiple phenotypes,
showing potential pleiotropy, there are a range of reasons for these associations that may
uncover important biology. Further, PheWAS has the potential for assisting clinical and
drug discovery through identifying both novel SNP phenotype associations and relationships
between single variants and multiple phenotypes including identifying potential side effects.

PheWAS is not limited to associations between SNPs and phenotypes. PheWAS is now
being extended to explore the relationship between other genetic variation, such as the
relationship between copy-number variation and a wide range of measurements, as well as
the relationship between mitochondrial variation and outcome [16]. PheWAS can be used
with common frequency SNPs, but also can be applied to low-frequency variation as more
and more tools for using low frequency variants are being introduced. The PheWAS
approach has also been extended to explore the association between single laboratory
variables and a wide range of phenotypes [17]. Further, environmental information can be
used in a similar way to PheWAS to evaluate a wide range of environmental exposures for
further study in Environment Wide Association Studies (EWAS) [18,19] and Dietary-wide
Association Studies (DWAS) [20], and these results in turn can be used in PheWAS to
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explore the relationship between environmental exposures and genetic variation with a wide
range of phenotypic outcomes.

Within this review we describe the characteristics and methodology used for PheWAS
studies to date. We include discussion of methods that have been effectively used to set up
various types of PheWAS studies, as well as to evaluate the potential thousands of results
that can arise from PheWAS studies. We also highlight some of the challenges, limitations,
and future directions for phenome-wide association studies.

PheWAS: Context

PheWAS, as a methodology, builds on several disciplines. The use of biological screens has
been an important workhorse in science for a long time, and aspects of PheWAS share
commonality with various kinds of screens for hypothesis generation. For example, inducing
mutations in bacterial strains and then screening those strains for novel traits of interest has
been an important way to identify genes and genetic pathways for further research [21]. In
PheWAS, the individuals have a variety of natural genetic variation, and researchers can
identify in a high-throughput way any indications of modified traits as a result of that
genetic variation. Expression quantitative trait loci (eQTL) experiments that evaluate the
association between SNPs and comprehensive gene expression also share common themes
with PheWAS, when each gene expression variable is considered as a phenotype [22].

The focus on a much wider array of phenotypes, termed phenomics, is also an important part
of the history and rationale behind the PheWAS approach [23-26]. Much of GWAS has
focused solely on disease case-control status, or one or a small set of very highly related
phenotypic variables, such as lipid levels. The field of phenomics has championed the idea
of considering more phenotypic information, defining the human phenome as a
systematically and comprehensive measured set of phenotypes, including qualitative and
quantitative traits that capture clinical, biochemical, and imaging traits. This requires
measuring phenotypes such as disease outcome, i.e. case control status, but also considering
an array of other phenotypic variables, including intermediate phenotypes such as clinical
lab variables. Identifying correlations between comprehensively collected phenotypes
provides important information about the landscape of health and disease, showing
conditions that do and do not co-occur. These data can be leveraged to understand the
dynamic networks underlying health and disease. Another rationale for phenomics is to
better partition groups of individuals into more homogeneous categories for study by also
analyzing other traits they do or do not have. This information can provide increased
precision for genetic study. The genetic etiology of disease outcome may arise from multiple
different pathways, reflected in different sets of phenotypes between individuals with the
same clinically defined outcome. Finally, phenomics can identify common pathways across
multiple diseases, by identifying individuals with shared outcomes, thus developing a
“disease network” of shared or correlated traits [27-29]. Phenomics has contributed to
PheWAS through underscoring the importance of broad collections of phenotypes, and
using that information in a coordinated and unified fashion to develop understanding of the
relationships between phenotypic variables and disease.
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Pleiotropy is another underlying principle that can be explored through PheWAS. There are
multiple definitions for pleiotropy [30]; however, pleiotropy broadly speaking refers to the
effect of genetic variation on more than one trait. It is challenging to identify if genetic
variation that affects one phenotype also independently affects another phenotype, as there
are many biological mechanisms that could underlie the association between genetic
variation and multiple phenotypes [31]. Identifying cross-phenotype (CP) associations still
provides important insights, and can uncover true pleiotropy for some associations. CP
associations provide clues and putative genetic contexts for associations across multiple
traits, helping to focus research. For example, in a CP association, is there something about
the genetic variant affecting a molecular process at the DNA level, or is the genetic variant
affecting a genetic pathway, or is a physiological network being perturbed that is resulting in
a co-occurrence of traits related to a single genetic variant? We can we learn about the
biology of the interrelationships between genetic architecture and outcome if we explore
PheWAS results on a SNP-phenotype, pathway, and network level. Further, if a CP
association shows decreased risk for one phenotype, and increased risk with another
phenotype, important insights can be gained. For example, if a drug is developed for a
specific gene where a SNP is present that increases risk of one phenotype, are there CP
associations identified through PheWAS that show decreased risk for other phenotypes?
Would this change the priority of this gene in drug development, would treatment result in
unintended side effects or consequences due to the potentially pleiotropic behavior of this
loci? Or would insights from PheWAS result in a clinician having knowledge to prescribe a
second drug to counter effect potential problems? As previously mentioned, there is
considerable evidence of many CP associations existing within human genetic architecture,
when comparing the results of multiple GWAS and thus far with PheWAS, and identifying
CP associations is an important starting point for discovery, data exploration, and hypothesis
generation. Further, results are often justified as more plausible for one phenotype if a
variant is known to associate with another phenotype.

Electronic Health Record Based PheWAS

The first PheWAS were performed with de-identified EHR data linked to genotypic data.
PheWAS are still described alternately as a phenome-scan, linking genetic data to
comprehensive phenotypic data for association testing [32]. Expanding on the idea of a
phenome-scan, before the term PheWAS was coined, a clinical phenome-scan was discussed
[33]. The idea was to use comprehensive electronic medal records to generate a clinical
phenome-scan for each subject, to ask the question “which gene is associated with a given
disease”, instead of “which disease is associated with a given gene?” The clinical phenome-
scan became a reality with the introduction of de-identified EHR data linked to DNA
samples, such as through BioVU, the Vanderbilt DNA databank [34]. Clinical Electronic
Health Records (EHR) contain a wide array of information about each patient, from billing
codes, to free text entered by the clinician about a patients health, to clinical lab
measurement values collected across multiple visits, and can include potential imaging data
[35,36]. Thus, EHR provide an incredible resource of phenotypic data.

The first EHR PheWAS was performed using International Classification of Disease Codes
(ICD) codes in BioVU, showing the feasibility of using ICD codes in a high-throughput way
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for evaluating genotype-phenotype associations [5]. ICD are used for billing purposes, and
provide a way to document disease, symptoms, causes of injury and diseases, and
procedures for patients. Using ICD-9 codes (the 9t revision of the ICD codes), this proof-
of-principle study by Denny et al. in 2010, used five SNPs and defined 776 case/control
phenotypes based on the presence/absence of each ICD-9 code for each individual in the
study. If an individual had an ICD-9 code they were considered a “case”, and other
individuals were considered a “control” if they did not have that specific ICD-9 code or any
other ICD-9 codes that had been considered exclusionary for that specific ICD-9 code. The
five SNPs were chosen for their previously reported disease associations, such as atrial
fibrillation and coronary artery diseases. Four of seven expected SNP-disease associations
replicated previously reported associations in the literature, and the authors also identified
19 previously unknown associations with p < 0.01.

Since the original ICD-9 code based PheWAS there have been several other PheWAS using
de-identified electronic medical record data. Thus far, all of these studies have used a
moderate number of SNPs chosen for specific reasons, and the majority of these studies
have focused on data from European Americans. For example, Denny et al. first identified
SNPs associated with hypothyroidism case/control status via GWAS, then used significantly
associated SNPs from the GWAS to perform a PheWAS, using ICD-9 codes [6]. This study
showed the efficacy of defining an algorithm for identifying cases and controls for
hypothyroidism that used medication information, ICD-9 codes, and clinical lab data from
the EHR of 5 different clinics in the Electronic Medical Records and Genomics (EMERGE)
network. Then the study showed the utility of exploring comprehensive ICD-9 based
PheWAS associations with four SNPs identified from the preliminary GWAS to identify
novel and related phenotypic associations in addition to hypothyroidism. In a similar study,
GWAS was used to identify variants influencing circulating platelet numbers and mean
platelet volume, and then the PheWAS approach used significantly associated SNPs from
the GWAS with ICD-9 code based case/control status identifying potentially pleiotropic
associations with myocardial infarction, autoimmune, and hematalogic diagnoses [9].
Hebbring et al. used the PheWAS approach with data from the Marshfield Clinic’s
Personalized Medicine Research Project (PMRP) de-identified biorepository [7]. In this
study, authors investigated the association between a single SNP within the human
leukocyte antigen gene HLA-DRBL1, and both ICD-9 and relevant “V”" codes to define case/
control status. V codes are another type of billing code possible within EHR data
representing a group of supplementary factors influencing health status and contact with
health services, such as V86 “estrogen receptor status”. The authors found this SNP
replicated a known relationship with multiple sclerosis, but also identified alcohol-induced
cirrhosis of the liver as well as erythematous conditions. Another PheWAS was performed
using 3,144 SNPs from the NHGRI GWAS catalog [1] and 1,358 EMR-derived phenotypes.
This study replicated known associations, while identifying potentially novel associations
suggestive of pleiotropy [10].

All of these aforementioned studies either applied some form of multiple-hypothesis testing
correction, or provided information about some of the most significant potentially novel
results, in addition to replicating known associations. However, with the multiple hypothesis
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testing burden incurred in PheWAS, another approach being used to help discern results that
are less likely to be by chance alone, is through seeking replication of PheWAS results
across more than one dataset. Using the replication approach across multiple studies,
approximately ~100,000 SNPs relevant to autoimmunity and the immune system have been
investigated for association with ICD-9 codes in European Americans from two sites:
BioVU and Geisinger. The authors again replicated known associations, but also identified a
series of potential associations for immune and autoimmune relevant SNPs [11].

Recently two studies have been conducted by picking SNPs that are much more likely to
have functional consequences on the protein encoded by a gene. Using public repositories of
evidence for SNP functionality can provide a way to focus on SNPs more likely to impact
phenotype. One PheWAS within the Marshfield PMRP used 105 presumed functional stop-
gain and stop-loss variants, and identified a nonsense variant in ARMS2 associated with age-
related macular degeneration [12]. In another PheWAS from the eMERGE network, Verma
et al.[37], used multiple sources of information to identify 25 SNPs known or highly likely
to be stop-gain inducing variants. This stop-gain PheWAS was undertaken in part to
investigate using functional information about SNPs as the pre-filter for SNPs for PheWAS,
as well as identifying clinically relevant associations to guide further development of
phenotypic algorithms for validation. Unlike the aforementioned studies, this eMERGE
based functional stop-gain variant study used both the full dataset using principle
components to adjust for global ancestry of individuals, as well as analyses stratified by
observer reported European American and African American ancestry. Within this study the
comprehensive phenotypic algorithms developed by the eMERGE network were used in
addition to ICD-9 based phenotypes. The authors identified a total of 84 associations
replicating across the two datasets evaluated a p < 0.01, with the same 3 digit ICD-9 code
and same direction of effect; 16 SNPs also showed evidence of pleiotropy [Verma et al. in
preparation].

Epidemiological Study Based PheWAS

The PheWAS approach can also be used within large population based epidemiological
studies linked to genotypic data [38]. For example, the first PheWAS using epidemiological
study data was through the Population Architecture Using Genomics and Epidemiology
(PAGE) network [13]. The phenotypic and genotypic data for this study came from five
different sites within PAGE. Unlike the majority of ICD-9 code based PheWAS focused on
European Americans, this study had data across four major racial/ethnic groups: European
Americans, African Americans, Hispanics/Mexican-Americans, and Asian/Pacific Islanders.
In a departure from case/control PheWAS based solely on ICD-9 codes, there were 4,706
comprehensive measurements for multiple traits, laboratory measures, and intermediate
biomarkers. Thus, some of the phenotypic data was dichotomous in nature, while other
phenotypes were quantitative in nature such as lipid measurements. A total of 83 SNPs,
previously known to associate with specific traits, were used if genotyped at two or more
PAGE study sites.

In contrast to ICD-9 based PheWAS the PAGE study faced multiple unique challenges. First
was the use of the quantitative phenotypic data in a high-throughput way. Depending on the
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regression method chosen for associations, there can be assumptions of normality for the
variables. The authors used standard regression (linear and logistic) and thus ran all
associations with quantitative variables on both un-transformed and natural-log-transformed
variables. Some of the variables were categorical with more than two states, so authors
chose to create dichotomous variables in high-throughput fashion by turning any of these
variables into dichotomous variables. The data was collected across race/ethnicity and thus
was stratified by race/ethnicity before all associations were calculated. Another challenge
was how to seek replication for results across studies, when phenotypes might be related
(e.g. diabetes status) but were not determined identically across sites. It was not possible to
harmonize all phenotypes, thus phenotype “binning” was used to assign phenotypes across
studies into categories. In this way total of 111 PheWAS results were identified that had
significant associations for two or more PAGE study sites with consistent direction of effect
and a significance threshold of p<0.01 for the same racial/ethnic group, SNP, and
phenotype-class.

In a similar fashion, a PheWAS was performed utilizing the diverse genotypic and
phenotypic data existing across multiple populations in the National Health and Nutrition
Examination Surveys (NHANES), conducted by the Centers for Disease Control and
Prevention (CDC), and accessed by the Epidemiological Architecture for Genes Linked to
Environment (EAGLE) study [14]. Comprehensive tests of association in Genetic NHANES
used 80 SNPs and 1,008 phenotypes (grouped into 196 phenotype classes), stratified by
race-ethnicity for non-Hispanic whites, non-Hispanic blacks, and Mexican Americans were
calculated. Genetic NHANES contains two datasets: NHANES I11 collected between 1991—
1994 and Continuous NHANES collected between 1999-2002. The authors identified 69
PheWAS associations that replicated across the two datasets for the same SNP, phenotype-
class, direction of effect, and race-ethnicity at p < 0.01, allele frequency > 0.01, and sample
size > 200. This study was the first to investigate PheWAS results in the context of
networks, linking SNPs to genes, and then linking genes to pathways such as Kyoto
Encyclopedia of Genes (KEGG) [39], and visualizing these networks using Cytoscape [40].

Clinical Trial based PheWAS

Clinical trials collect a wide range of clinical laboratory measurements, and also often
include questionnaire/survey based variables. With coupled genotypic information, there is
an opportunity for PheWAS to identify novel pharmacogenomic associations. The first
PheWAS using clinical trials data has now been performed; this was also the first PheWAS
to use genome-wide genotypic data. This study used data from the AIDS Clinical Trials
Group (ACTG) human, using immunodeficiency virus (HIV) clinical trials datasets. As
proof-of-concept, the authors focused on 27 laboratory tests from antiretroviral therapy-
naive individuals. To test for replication, data from four trials were divided into two equally
proportioned datasets for discovery/replication. Final analyses involved 2,547 individuals
and 5,954,294 genotyped and imputed polymorphisms. A total of 11,156 (0.18%) single
nucleotide polymorphisms (SNPs) had associations of p-value < 0.01 in both datasets with
same direction of association. Twenty SNPs replicated associations with identical or related
phenotypes reported in the NHGRI GWAS Catalog [1], including several previously
reported only in HIV-negative cohorts, as well as potentially novel associations [15].
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Moving Beyond SNPs

The PheWAS approach is not limited to evaluating the association between nuclear DNA
based SNPs and a range of phenotypic data. For instance there was one study using
PheWAS in African Americans, linked to de-identified EHR data and mitochondrial
SNPs[16]. Further, clinical laboratory variables can be used in high-throughput association
with an array of diagnoses to identify important clinically relevant biomarkers. For example,
one study investigated the association between autoantibodies as well as risk alleles for
autoimmune disease and clinical diagnoses in rheumatoid arthritis cases and controls[8]. By
exploring other clinical diagnoses related to biomarkers and SNPs, more insight can be
developed about the bigger picture of the relationship between measureable clinical
laboratory variables, genetic architecture, and the interrelationships between diseases and
diagnoses. Similarly, a study was done to investigate the association between thiopurine S-
methyltransferase (TPMT) activity in patients on thiopurine drugs and a series of ICD-9/
ICD-10 codes [17].

Challenges and Promise for Complex Comprehensive Phenotypic Data

Phenotypic Data

One of the most important aspects of PheWAS, and one of the greatest challenges, is
obtaining and using comprehensive data in the most high-throughput way possible. In EHR
data, the majority of PheWAS has been performed using ICD-9 codes; the dichotomous
nature of such variables make high-throughput translation of these data to association testing
relatively straight forward. Much more challenging is taking continuous variables and using
these in PheWAS. Hurdles faced with continuous variables include assessing phenotypic
variables in a high-throughput manner for unusual or suspect data points such as extreme
outliers, as well as agreement in measurement units. For example, there may be phenotypic
measurements that are not possible for a specific clinical lab variable that could cause
problems with further analyses, or variability in measurement units for a specific variable
when multiple sites are collecting data. If the regression approach used for the particular
PheWAS relies on an assumption of normality of quantitative phenotypic data, high
throughput evaluation of normality and/or transformation of those variables may be
necessary. As mentioned, in a PheWAS from the PAGE network[13], because linear
regression was used, all associations for quantitative variables were run with the data
untransformed and natural log transformed as natural log transformation is one of the most
common ways to adjust phenotypic for normality. In the case of the AIDS clinical trials
PheWAS, where linear regression was also used, a more limited number of clinical
measurements were used such that the phenotypes could be carefully evaluated for
normality, transformed as necessary, outliers could identified, and other issues such as
different measurement units for the same clinical laboratory variable could be explicitly
addressed [15]. In the future, other regression approaches such as robust regression could be
used to reduce the impact of assumptions of normality on association testing in PheWAS.
Seeking replication across more than one dataset for a large number of phenotypic variables
without carefully harmonizing phenotypes across datasets can also be a challenge for
PheWAS. Some phenotypes are easier to compare across datasets than others, such as lipid
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Networks

level measurements when compared to a possible variety of metrics of diabetes status. Key
for PheWAS has been the use of relational databases to assist with the process of organizing
phenotypic data, using queries to pull summary information about phenotypic data,
migrating data into a form supporting high-throughput visualization of summary information
of phenotypic data, as well as shifting these data via queries into formats appropriate for
association testing.

For both epidemiological and EHR/clinical data, development of additional methods for
automatic and high-throughput phenotype extraction and evaluation will be critical moving
forward. For example, there are clinical measurements collected longitudinally for patients,
and if these phenotypes were “mined” in a high-throughput way, they would add an
incredible wealth of data to PheWAS analyses. Continuous variables can provide more
power for association testing, when compared to dichotomous variables, and may highlight
important associations yet been discovered within EHR data. These data are promising, but
also challenging, as these variables often change with age, health status, and drug use,
making interpretation difficult.

While PheWAS can be run with a variety of different types of data sets, improving
phenotype harmony across studies can assist with PheWAS association testing. For example,
PhenX (https://www.phenxtoolkit.org/) is a toolkit providing standard measures for
phenotypic traits and environmental exposures [41]. This kit, if used across studies, can
provide critical guidance to researchers in collection and standardization of high quality
phenotypic data for use in PheWAS. This would also make comparing PheWAS results
across studies much easier. Automatic term identification may also become an important
tool for identifying phenotypes across datasets that have similar, but different, identifiers for
further phenotype binning or harmonization [42].

More methods can be used with PheWAS that combine information from multiple
phenotypes before association testing. As these methods emerge, more of these may prove
useful in leveraging the rich phenotypic data of PheWAS, while also reducing the number of
statistical tests and type-1 error rate. Principle components for example, are one approach for
transforming a group of phenotypic variables into a smaller number of variables. Matthew
Stephens has introduced a method for working with multiple related phenotypes, using
Bayesian methods [43]. Graph-guided fused lasso (GFlasso) has also been introduced as a
method for working with a large number of correlated phenotypes [44] . The CAPE method
has been developed to analyze pleiotropy in addition to gene-gene epistatic interactions
[45,46]. Other approaches beyond PheWAS include a study assessing the results of multiple
studies, taking correlation between a range of metabolic traits and inflammatory markers
into account [4].

While single SNP-phenotype and CP associations can be investigated in PheWAS, an
additional powerful feature of PheWAS is the ability to explore the networks of connections
that exist in the results. PheWAS uncovers links between SNPs, gene regions, and
phenotypes that can define, these connections. Because genes are in pathways, SNP, gene,
and phenotypic results can also be connected to pathway information. These networks can
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be visualized with software such as Cytoscape[40] and Gephi[47]. Using networks, shifts
the understanding of genetic architecture from individual results to a higher level of complex
interrelationships between traits and genetic variation [48,49].

Multiple Hypothesis Testing

PheWAS can incur a substantial multiple hypothesis testing burden, and thus increased
type-1 error, due to the number of association tests. The Bonferroni correction is the p-value
adjustment primarily used with GWAS to correct for multiple testing where a p-value
(usually 0.05 or 0.01) is divided by the number of tests of association to determine an
adjusted p-value cutoff. Correcting for multiple hypothesis testing using a Bonferroni
correction within GWAS is problematic for multiple reasons. These include the assumption
of independence of tests even though in reality there are correlated SNPs in GWAS,
adequately balancing both the risk of false positive findings and false negative findings, and
the importance of disease or outcome context and how that will impact association testing
[50,51]. For PheWAS, both phenotypes and genotypes can be correlated. Power from one
result to another can vary in part due to variations in sample size for the specific phenotype,
as well as the effect size of different genetic variants. In addition, phenotype-class binning
of results can result in different numbers of sub-phenotypes in each bin for potential
replication. Some PheWAS studies have sought replication to partially control for type-1
error, however choosing the right p-value cutoff for comparing results across studies
remains a challenge.

An important tool for PheWAS may be permutation testing. With permutation testing the
connection between genotypic data and phenotypic data can be shuffled, resulting in the
correlations between SNPs being maintained and correlations between phenotypes for each
individual being maintained. The link between the genotypic data and phenotypic data is the
only information shuffled. The p-values across the PheWAS within the null data can be
evaluated and compared with the p-values of the non-permuted data, providing empirical
support of the significance of results.

Environmental Data

Environmental data will be important to incorporate into PheWAS. Already the PheWAS
approach has been applied using environmental variables, EWAS[18,19] and dietary
variables (DWAS) [20]. The EWAS and DWAS approach can be used to identify important
environmental variables for further study, and then PheWAS can be used that includes
relevant environmental exposures as interaction terms.

Conclusions

PheWAS are a purposely high-throughput approach, for exploration and hypothesis
generation. With PheWAS the complex interrelationships between genetic architecture and
multiple outcomes can be explored. PheWAS can be used with a variety of data types.
Within this review we have covered the methods of PheWAS to date, as well as important
considerations and future directions. The PheWAS approach is quickly becoming an
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important tool for using more of rich data collections, providing a way to highlight
important directions for new discovery.
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Figure 1. Overview of PheWAS
PheWAS can be used to evaluate the association between a comprehensive set of

phenotypes and genetic variation. A relational database is useful for organizing and working
with the phenotypic data. The phenotypic data can be collected through multiple types of
studies, including epidemiological studies, de-identified electronic health records, clinical
trials data, and animal breeding research. Genetic variation can be single nucleotide
polymorphisms (SNPs), but any genetic variation that can be evaluated for association with
phenotypic variation can be used. The association testing results can be evaluated multiple
ways, and while not shown, a relational database can assist with analyses of results. Novel
discoveries can be identified along with cross-phenotype associations. Networks of
connections between SNPs, genes, phenotypes, can be explored. These results can provide
more information about the genetic architecture of complex traits, highlight biologically
important pleiotropy, and can support drug discovery.
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