
I N V I T E D R E V I E W

Pharmacogenomics and big genomic data: from lab to

clinic and back again
Adam Lavertu1, Greg McInnes1, Roxana Daneshjou2, Michelle Whirl-Carrillo3,
Teri E. Klein3 and Russ B. Altman2,4,*
1Biomedical Informatics Training Program, 2Department of Genetics, 3Department of Biomedical Data Science
and 4Department of Bioengineering, Stanford University, Stanford, CA 94305, USA

*To whom correspondence should be addressed. Tel: 650-725-0659; Fax: 650-725-0659; Email: rbaltman@stanford.edu

Abstract
The field of pharmacogenomics is an area of great potential for near-term human health impacts from the big genomic data
revolution. Pharmacogenomics research momentum is building with numerous hypotheses currently being investigated
through the integration of molecular profiles of different cell lines and large genomic data sets containing information on cel-
lular and human responses to therapies. Additionally, the results of previous pharmacogenetic research efforts have been
formulated into clinical guidelines that are beginning to impact how healthcare is conducted on the level of the individual
patient. This trend will only continue with the recent release of new datasets containing linked genotype and electronic med-
ical record data. This review discusses key resources available for pharmacogenomics and pharmacogenetics research and
highlights recent work within the field.

Introduction
The field of pharmacogenomics (PGx1) seeks to elucidate the
interactions between genetic variation and the metabolism/
mechanism of pharmaceutical compounds. In the United
States, greater than 70% of visits to clinics and hospitals involv-
ing drug therapy (1), leading to approximately 59% of adults
having at least one drug prescription and 39% of adults aged 65
or older using five or more prescription drugs (2). The preva-
lence of prescription drugs highlights the need for a better
understanding of drug response, especially with regards to
drug–gene, drug–drug, and drug–drug–gene interactions.

The goal of PGx research is to further the understanding
of these interactions. Within the PGx field, the pathways of
drug response are divided into two categories: pharmacoki-
netics (PK) and pharmacodynamics (PD). PK focuses primarily

on the absorption, distribution, metabolism and excretion
(ADME) of drugs, the movement and lifecycle of a drug within
the body. The actions and interactions (i.e. binding, activa-
tion, deactivation, upregulation, downregulation) of a drug
with biological molecules in order to alter the physiology of
disease or symptoms toward normalcy is the focus of PD. At
the center of the interaction between drugs and genes are
pharmacogenes. Pharmacogenes are genes that have been
found to play a role in the PD, PK or both aspects of drug
response. PGx research is primarily conducted through
in vitro and in vivo studies that aim to quantify the effects of a
drug at the molecular, cellular and whole organism level.
Currently within the PGx field, most big genomic datasets
have been derived from cell line data or have been the reutili-
zation of data sets created without regard to PGx specifically
(Fig. 1, left). Thus far, these data sets have facilitated discov-
eries regarding drug PK and PD, as well as drug positioning
and repurposing efforts.

Received: February 2, 2018. Revised: March 27, 2018. Accepted: March 28, 2018

VC The Author(s) 2018. Published by Oxford University Press. All rights reserved.
For Permissions, please email: journals.permissions@oup.com

1 PGx is used interchangeably for pharmacogenetics and phar-
macogenomics throughout this publication.
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There are ongoing efforts to translate these laboratory find-
ings to the clinic through the annotation, aggregation and inte-
gration of PGx information and the creation of reviewed clinical
PGx guidelines (Fig. 1, top arrow). The widespread adoption of
electronic medical records (EMR) systems within the United
States over the last decade creates a large repository of informa-
tion of phenotypes of potential interest to PGx researchers, such
as clinical notes regarding drug efficacy and adverse drug
events (ADE). Recent efforts undertaken to sequence large num-
bers of individuals with EMR data will enable large amounts of
genomic data to flow from the clinic to the lab (Fig. 1, bottom
arrow).

The field of PGx research has a long-standing tradition of
laboratory and clinical collaboration (3), and the development of
large genomic data sets will only further connect these two
areas of research. This review covers recent PGx research efforts
that have utilized large genomic data in the laboratory, the facil-
itation of those findings for clinical use and the future potential
of PGx research with the recent integrations of clinical and
genomic data.

PGx Research Efforts in the Laboratory
Initially, PGx discoveries were primarily the result of clinical
observations of variation in drug response between patients (3).
These clinical observations of systematic differences, often
between patients of different ethnicities, were then investigated
through in vitro laboratory to identify the genetic or environ-
mental mechanisms behind the observed differences. Notable
examples of early PGx discoveries are the role of G6PD in
primaquine metabolism (15,16), differences in isoniazid
response (17–19) later shown to be the result of NAT2 mutations
(20), and the effect of TMPT alleles on the ability to metabolize
6-mercaptopurine (21–23). These early PGx discoveries were not
the result of large systematic scientific efforts, but rather
observant clinicians and small laboratory experiments.

As sequencing costs declined disease consortiums started to
generate large cohorts of genotyped and/or sequenced individu-
als (24–26). The advantage of these large cohort studies is their
ability to systematize genomic discovery via sufficient statisti-
cal power to detect real genetic differences associated with the
phenotype of interest. PGx-related research has lagged behind

these efforts as no similar resource currently exists. Genomic
profiling of drug response has been conducted by other means,
such as through cell lines, which have long been a mainstay of
laboratory research. In vitro studies have several advantages
over human studies, as cells can be easily cultured in large
numbers, there are fewer ethical dilemmas surrounding the
experimental use of cells, and cells have proven useful for
studying many aspects of fundamental biology. The promi-
nence of cell lines within biological research has led to the crea-
tion of resources with detailed information on their molecular
profiles (6–8). These resources characterize cells at the genomic,
transcriptomic and occasionally proteomic level. In aggregate,
these profiled cell lines represent a big genomic data set for PGx
discovery.

The relative ease of conducting cell line experiments has led
to large studies that focus on the cellular response to chemical
perturbations. Many studies have been conducted within the
differential gene expression framework (4,5,8,27), notable
among them are the Connectivity Map (CMap) (4) and the larger
follow-up study the Library of Integrated Cellular Signatures
(LINCS) (5) conducted by the National Institute of Health (NIH).
The LINCS Consortium recently released 1.3 million new molec-
ular profiles of compounds. These profiles capture changes in
cellular gene expression in response to 19 811 different com-
pounds in 3–77 different cell lines. Previous drug molecular pro-
files have been used to perform a variety of pharmacogenomic
outcome predictions (28–31). The utility of cell line data has led
to the development of resources that support access to and
aggregation from the many different cell line data resources
(32–35).

A study by Iorio et al. (28) investigated the ability to map
tumor-level phenotypes for drug response onto human cancer
cell lines using somatic mutations, copy number alterations,
DNA methylation and gene expression data. They matched
11 289 tumors from 29 different tissues in the Cancer Genome
Atlas (TCGA) (9) to 1001 profiled cancer cell lines from the
Genomics of Drug Sensitivity in Cancer resource (6) based on
the tissue of origin and ‘cancer functional events’ (CFEs). The
CFEs, key molecular aberrations, were identified from the tumor
and somatic data from COSMIC (36) and TCGA. Drug response
information from cell lines with similar CFEs to the tumor of
interest were used to predict the tumor’s response to a given

Figure 1. General overview of the various resources that contain or utilize genomic data within pharmacogenomics (PGx), with arrows representing information flow.

Much initial PGx discovery is carried out in the laboratory setting, through cell-line resources such as ConnectivityMap (4), LINCS (5), Genomics of Drug Sensitivity in

Cancer (GDSC) (6), the Cancer Cell Line Encyclopedia (CCLE) (7) and Cancer Therapeutics Response Portal (CTRP) (8). The Cancer Genome Atlas (TCGA) (9) and the

Genotype-Tissue Expression (GTEx) project (10) were not created for PGx research but have been used by PGx investigators. Additionally, the PGRN has sought to bring

U.S. PGx research efforts together and has conducted numerous PGx studies. Published PGx findings are reviewed and aggregated by PharmGKB (11) in the form of var-

iant and clinical annotations. The Clinical Pharmacogenetics Implementation Consortium (CPIC) brings together clinical and basic research scientists to evaluate the

evidence and develop consensus for dosing guidelines in the clinical setting. Recent efforts, such as eMERGE-PGx (12), Implementing Genomics in Practice (IGNITE) (13)

and the UKB (14), have sought to generate genomic data for individuals within clinical electronic health record systems and make that data available to PGx research-

ers for further discovery.

R73Human Molecular Genetics, 2018, Vol. 27, No. R1 |

Deleted Text: ADR
Deleted Text: long 
Deleted Text: ,
Deleted Text: PGx 
Deleted Text: in 
Deleted Text: ,
Deleted Text: , 
Deleted Text:  to 
Deleted Text: tumor 
Deleted Text: ,
Deleted Text: , 
Deleted Text: , 
Deleted Text: ``
Deleted Text: ''


drug therapy. Driver mutations and copy number alterations
were the most predictive of drug response in specific tissue
types, with methylation data incrementally improving the pre-
diction models. Gene expression was most informative for pan-
cancer predictions, while contributing little to tissue-specific
models. Using their models, it could be possible to use cell line-
derived data to prioritize treatment regimens for cancer
patients based on their tumor profiles.

Another effort predicted drug–response for TCGA patients
using a regression model trained on cell line gene expression
and drug response data. The imputed drug–response was then
used to investigate associations between the imputed drug
response and somatic mutations in the TCGA patients (29). The
authors replicated findings of known somatic biomarkers for a
few drugs currently in use and report more than 140 novel
gene–drug associations. They attribute the large number of
novel associations to the increased statistical power of their
TCGA-based approach compared with previous association
studies. Imputation of drug–response may be one possible path
for PGx researchers to fully utilize existing genomic data sets
that lack drug–response information.

The above studies used gene expression data derived
from array-based platforms, which has limited resolution
for identifying transcriptional isoforms. An effort by the
Pharmacogenomics Research Network (PGRN) used RNA-Seq to
analyze the transcriptome profiles of 389 pharmacogenes across
liver, kidney, heart and adipose tissues (37). Subsets of pharma-
cogenes that shared similar expression patterns across the tis-
sue types were discovered, as well as pharmacogenes that were
expressed across all tissues at similar rates. Novel splice events
and high levels of person to person variability in expression for
a subset of pharmacogenes were found.

To understand how different human populations might
respond to different compounds and how useful existing PGx
markers might be for a given population, efforts have sought to
characterize global PGx variation. These studies focused on
actionable PGx variants, as the unit of analysis, drawing from
existing PGx knowledge resources at the Food and Drug
Administration (FDA), the European Medicines Agency (EMA)
and the Pharmacogenomics Knowledgebase (PharmGKB) (11).
Wright et al. focused on 1000 Genomes Phase 3 (38) data and 120
pharmacogenes, for which they assessed the level of variation
within these genes across 26 global populations (39). A median
of three variants from PharmGKB with level 1 A/B evidence
were found per individual, with most (97%) of individuals hav-
ing at least one of these variants. Most of the variation (>90% of
variants) within the pharmacogenes were rare with allele fre-
quencies less than 0.5%. The work of Wright et al. demonstrates
the potential impact of rare variants on the function of pharma-
cogenes on the individual basis, as well as the efficacy of
sequencing data for assessing PGx variation. Further character-
ization of the impact of rare variants on drug–response is
needed, as little is currently known. Rare variants present a
unique challenge in that their low levels of prevalence require
very large cohorts for there to be sufficient statistical power to
distinguish their effects.

Mizzi et al. (40) conducted a similar study using genotype
data and focused only on European populations and FDA/EMA-
approved clinical PGx variants. Their findings showed signifi-
cant differences in prevalence of seven PGx variants among
ethnic groups within Europe. Differences in population preva-
lence identified in these studies could be used to help prioritize
individuals for PGx testing based on their ethnic background.

Cell line and population level studies, among other studies
conducted in the laboratory setting, aim to characterize the
response of different genomic profiles to various therapeutics.
Ideally, the knowledge created in the laboratory can be utilized
in the clinical setting to inform prescribing practices and to
improve patient outcomes.

Translation of Laboratory PGx Findings to the
Clinic
In the hospitalized setting, studies have shown up to 6.7% of
patients experience a serious ADE (41). The translation of phar-
macogenomic discoveries in the laboratory to the clinic aims to
tackle this problem by aiding clinicians in drug selection and
drug dosing (42). The translation process requires that research
findings be aggregated, reviewed and formed into clinical guide-
lines. Healthcare systems can then incorporate these guidelines
into the workflows of their physicians, as long as they have
genetic information about their patients.

PGx findings can be implemented in the clinic through the
use of the Clinical Pharmacogenetic Implementation Consortium
(CPIC) guideline recommendations and high level clinical annota-
tions found on PharmGKB. In addition to CPIC, there are other
efforts such as the Dutch Pharmacogenetics Work Group (DPWG)
(43,44) to develop clinical dosing guidelines.

In order to implement these guidelines, it is necessary to first
have patient genotype, haplotype and diplotype information in
hand. The Pharmacogenomics Clinical Annotation Tool
(PharmCAT) is a tool designed to aid researchers and clinicians in
the translation of patient DNA sequence, exomes and SNP-chip
genotypes into patient-based drug-prescribing recommendations
from CPIC (and other dosing guidelines) using PharmGKB annota-
tions and PGx gene haplotype definitions. These resources and
their relationships are described below (Fig. 2).

PharmGKB is an online knowledge resource for pharmacoge-
nomics (11). It focuses on the annotation, aggregation, integra-
tion and dissemination of pharmacogenomics peer-reviewed
literature, drug labels with pharmacogenomics content and
drug-prescribing guidelines based on patient genotypes. Staff
scientists manually curate gene–drug–phenotype and variant–
drug–phenotype relationships from these sources using stand-
ardized vocabularies and structured web forms.

The variant–drug–phenotype relationships from the litera-
ture are referred to as variant annotations, which are aggre-
gated to create clinical annotations—summaries of all of the
variant annotations of PGx literature found in PharmGKB. These
clinical annotations are assigned a ‘level of evidence’ (LOE)
based on the number and content from the aggregated annota-
tions. LOE range from (1A) PGx associations known to be imple-
mented in the clinic; (1B) individually replicated associations
with high odds ratios, preferably in large populations; (2A) repli-
cated associations for variants in known pharmacogenes; (2B)
other individually replicated; (3) associations with little or con-
flicting evidence; (4) associations with weak evidence, including
only in vitro evidence or case studies. The LOE for a clinical
annotation can change, moving higher as more published stud-
ies regarding an association are annotated or moving lower if
conflicting or contradictory published studies are annotated.

CPIC is focused on publishing that are evidence-based and
genotype-dependent drug-dosing guidelines (45). These guide-
lines provide specific guidance to clinicians who have patient
genotypes in hand and want to leverage it when prescribing
medication, essentially implementing PGx. Each guideline is
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authored by a group of clinician and research experts in that
field who conduct a comprehensive literature search and evi-
dence review in combination with their own expertise to pro-
vide recommendations. Each recommendation is given a
‘strength’ based on the amount and quality of evidence found
to support it. It is important to note that CPIC does not provide
recommendations on who or when to test. Outside of the CPIC
and PharmGKB ecosystem, other aggregations of PGx informa-
tion exist. Among them, PharmacoGenomic Mutation Database
is the most comprehensive, with a variety of data on more than
1300 approved drugs (46).

Given the effort that has been put in to create clinical PGx
guidelines, several recent studies have focused on the logistics
of translation to the clinic. The aim of these studies was under-
standing how pharmacogenetics can integrate into the clinical
setting on a large scale. A study conducted at Vanderbilt
through the Pharmacogenomics Resource for Enhanced
Decisions in Care and Treatment (PREDICT) program has
seen>10 000 patients undergo preemptive pharmacogenetic
testing (47). The Vanderbilt effort focused on five drug–genome
interactions and found 91% of the genotyped patients to have at
least one actionable variant. Notably, they found the preemp-
tive approach lowered the required number of genetic tests
when compared to a reactive prescription-triggered approach.
Another pilot project performed by the Right Drug, Right Dose,
Right Time–Using Genomic Data to Individualize Treatment
Protocol (RIGHT) genotyped over 1000 individuals across five
major pharmacogenes—SLCO1B1, CYP2C19, CYP2C9, VKORC1
and CYP2D6 (48). The patients’ genotypes are integrated into
their EMR and a decision support tool alerts clinicians of rele-
vant genetic information when ordering drugs through the
EMR. The RIGHT pilot project found that 99% of patients geno-
typed had a potentially actionable variant that could affect
future drug prescribing. Similarly, the NIH Undiagnosed Disease
Network has been genotyping important pharmacogenetic var-
iants in their cohort. In a recent study, the NIH Undiagnosed
Disease Network found 9 of their 359 patients with available
medication records and pharmacogenetic genotyping were cur-
rently on a medication with altered efficacy based on
PharmGKB pharmacogenetic guidelines (49). This study’s anec-
dotal cases highlight the potential impact of pharmacogenetics,
– for example one patient whose genotype indicated decreased
morphine efficacy had clinically reported better pain control
with ibuprofen than with morphine, which is considered a
more potent pain medication.

There are many different models for delivering pharmacoge-
nomic information to providers and patients. Some healthcare
systems are experimenting with preemptive genotyping of a
large fraction of their population so that the information is in
the medical record at the time of prescribing (e.g. Vanderbilt, U.
Florida) (50,51). Others set up outpatient consultative clinics
where experts review the results of genotyping and provide
advice to primary care physicians about potential changes in
medication use or dose (e.g. Stanford, U. Chicago) (52). Others
are considering point-of-care testing in the inpatient setting for
critical decisions when the genotyping can be done quickly
enough to inform prescribing in real time.

There is a growing industry of companies that will check for
common variation and provide reports for providers. The most
comprehensive resource for finding PGx testing is the NCBI
Genetic Testing Registry that ask companies to providing PGx
testing or reporting to submit their data. Additionally, CPIC pro-
vides a list of implementers at https://cpicpgx.org/implementa
tion/. In general, these companies rely on published data, such
as CPIC guidelines to genotype common variants whose effects
are well understood, at least in the populations in which they
were discovered.

These genome–drug interactions must be viewed in the con-
text of drug–drug interactions, and so the triad of drug–drug–
genome can sometimes illuminate interactions that are more
likely in a particular patient because of the genomic background
associated with that drug–drug interaction. Although there are
many research projects attempting to understand the effects of
rare variants on drug response (particularly in genes that are
known to be important for drug response based on their com-
mon variants, such as CYP2D6 and others), there is not yet rou-
tine use of exome or full genome sequencing in clinical settings.

In addition to trials investigating the effect of wide-scale
preemptive pharmacogenetic testing, there are also clinical tri-
als examining the impact of implementing individual drug–
gene interactions. For example, a randomized control trial of
warfarin pharmacogenetics found that using genotype-guided
warfarin dosing compared to clinically guided dosing reduced
the risk of adverse events in an older population initiating war-
farin after elective knee or hip surgery (53).

The addition of PGx guidelines to patients’ EMRs adds an
additional layer of information to the vast amount of data
already being captured within the EMR. Further leveraging of
EMR data could enable novel PGx discoveries if genomic infor-
mation was also available.

Figure 2. Relationships between different pharmacogenomics (PGx) variant resources. PharmGKB manually curates PGx literature and acts as a repository of informa-

tion about PGx variants. CPIC uses PharmGKB literature and drug label annotations to help rank gene–drug pairs for genotype-based drug prescribing guideline devel-

opment, and incorporates PhamGKB annotations with independent literature reviews to create the guideline recommendations, that can then be used to support

clinical decision making. PharmCAT facilitates genome annotation with actionable PGx information, starting with CPIC guideline recommendations.
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Clinical Data to Big Genomic Data
Recent efforts to sequence large cohorts of individuals present
numerous pharmacogenomic opportunities. Biobanks, such as
the UK Biobank (UKB) (14) and others offer genetic data linked to
a vast amount of phenotypic data including drug prescription
information and clinical notes. Other initiatives such as
eMERGE-PGX (12) have performed targeted sequencing of
known pharmacogenetic genes and collected drug response
phenotypes. These resources, though relatively new, present
rich opportunity for discovery.

The UKB has made genetic and phenotypic data for �500 000
individuals available to researchers worldwide and presents
opportunities to identify novel drug targets and pharmaco-
genes. Currently, the UKB provides clinical data in the form of
ICD-10 coding and self-reported diagnoses. The only drug-
related phenotypes currently available are the prescriptions
each subject was taking at the time of enrollment with limited
dosage information. This minimal drug data presents a chal-
lenge for conducting meaningful pharmacogenomic research,
but the UKB has announced that clinical notes for each subject
will be released in 2018. Clinical notes provide the opportunity
for text mining to ascertain the specifics of a drug regimen and
adverse event occurrences (54,55), which could then be used to
build or refine a PGx cohort.

Additionally, an EMR-linked cohort at the scale of the UKB
enables the use of phenome-wide association studies, termed
pheWAS, for drug target discovery. The now famous example of
protein-truncating variants (PTVs) in PCSK9 (56,57) that led to
the development of LDL cholesterol lowering drugs exemplifies
methods that can now be applied across the genome and across
many phenotypes. By looking at the effect of PTVs, novel drug
targets have been suggested for diseases such as asthma and
hyperthyroidism, among other diseases (58).

A large-scale sequencing study, eMERGE-PGx, focused on
pharmacogenomic variation has recently been made sequenc-
ing data publically available through dbGAP. eMERGE-PGx pub-
lished targeted pharmacogenomic sequencing on 82 genes in
9010 individuals linked with and plans to release drug response
phenotypes as well (59). These data will no doubt lead to the
generation of new PGx hypotheses and clinical guidelines.

Conclusion
The broad use of pharmaceuticals in the healthcare setting
speaks to the potential value of using PGx guidelines to enable
safer and more efficacious drug-prescribing practices. Thus, PGx
may be a primary way in which genomics can have a nearer
term impact on patient care worldwide. The global recognition
of the value of PGx information is exemplified by the fact that
various agencies around the world already annotate drug labels
with PGx information. Additionally, CPIC guidelines that take
into account differences in risk due to population level differen-
ces in allele frequencies aid global efforts for PGx guideline
adoption and implementation. Indeed, some countries have
already adopted PGx into routine clinical care practices, such as
the pharmacogenetic ID card system in Thailand and Taiwan
(60).

Unfortunately, in the United States, there are challenges in
getting PGx testing reimbursed, which may represent the big-
gest barrier to widespread use in the United States. A recent
draft of national coverage determination for next-generation
sequencing (NGS) diagnostic tests by the Centers for Medicare &
Medicaid Services (CMS), the agency that regulates government

funded healthcare programs, offered the possibility of CMS cov-
erage/reimbursement for NGS cancer tests (61). A ruling from
the CMS in favor of reimbursement for PGx clinical testing
would be a major incentive for researchers in both academia
and industry to pursue PGx test development in the United
States.

Overall, PGx dosing guidelines have had positive results
when evaluated for accuracy and efficacy (62), but there is still
limited understanding of how other types of individual variabil-
ity (e.g. rare variants, epigenetics, microbiome, etc.) impact drug
response. Pursuing this opportunity will require the creation of
new genomic data sets and creative us of existing resources.
Hopefully, future studies will be of sufficient size and genetic
resolution to measure the effects of rare variants on phenotypes
of interest. Additionally, for them to have maximum impact on
PGx research, they will need to be annotated with rich drug
response phenotypes, such as the prescribed dosages of medi-
cations, occurrence of adverse drug reactions and the sequence
in which medications were prescribed. This review highlighted
some of the ways in which big genomic data has already made
an impact on the field of pharmacogenomics, but the new
efforts to link genetic information with large EMR repositories
represents a potentially unprecedented opportunity for phar-
macogenomic research.
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