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Pharmacogenetics (PGx) association studies are used to discover, replicate, and validate the association between
an inherited genotype and a treatment outcome. The objective of this tutorial is to provide trainees and novice
PGx researchers with an overview of the major decisions that need to be made when designing and conducting

a PGx association study. The first critical decision is to determine whether the objective of the study is discovery,
replication, or validation. Next, the researcher must identify a patient cohort that has all of the data necessary to
conduct the intended analysis. Then, the investigator must select and define the treatment outcome, or phenotype,
that will be analyzed. Next, the investigator must determine what genotyping approach and genetic data will

be included in the analysis. Finally, the association between the genotype and phenotype is tested using some
statistical analysis methodology. This tutorial is divided into five sections; each section describes commonly

used approaches and provides suggestions and resources for desighing and conducting a PGx association study.
Successful PGx association studies are necessary to discover and validate associations between inherited genetic
variation and treatment outcomes, which enable clinical translation to improve efficacy and reduce toxicity of

treatment.

INTRODUCTION TO PHARMACOGENETICS

The field of pharmacogenetics (PGx) investigates the influence
of inherited variants in the patient’s germline genome with phar-
macotherapeutic outcomes. PGx studies are conducted along the
translational research spectrum, from initial discovery of an associ-
ation between a genetic variant and an outcome to implementation
studies determining how best to integrate PGx testing into clinical
care. We will refer to the initial steps of discovering and validating
the association between a genotype and outcome as "PGx associa-
tion studies.” These studies are commonly conducted by individ-
uals without formal training in PGx methods, who would benefit
from basic guidelines describing the general principles of PGx as-
sociation studies.

The objective of this tutorial is to introduce trainees and nov-
ice investigators to the general process of PGx association studies.
This process is divided into the five main considerations when de-
signing a PGx association study: study objective, patient cohort,
phenotype, genotype, and statistical testing (Figure 1). We de-
scribe and provide helpful recommendations for each of these five
major steps. Although we introduce some basic concepts in clini-
cal study design that are not specific to PGx, individuals who are
unfamiliar with these fundamental topics should first consult an
introductory review." This tutorial is intended for individuals with

an understanding of basic clinical research who are relatively new
to PGx; it is not intended to provide a comprehensive review of
all strategies for PGx association studies, and topics that are most
relevant to advanced PGx researchers may not be discussed or are
mentioned only briefly.

STUDY OBJECTIVE

The first determination that needs to be made for any research
study, including a PGx analysis, is the study objective. As men-
tioned earlier, PGx studies span the translational research spec-
trum from discovery through implementation. PGx research
begins with the discovery of a putative association between an
inherited genetic variant (genotype) and a clinical outcome (phe-
notype), which should then be replicated and validated in inde-
pendent patient cohorts. Confirmation of a PGx association is
referred to as “clinical validity,”* which is necessary but not suf
ficient for translating PGx into clinical practice. Clinical transla-
tion usually requires demonstration of “clinical utility,” meaning
that genctics-informed treatment improves clinical outcomes.
Clinical wtility is typically demonstrated in prospective clinical
trials comparing genotype-directed care with standard-of-care
treatment. Clinical translation and implementation will not be
discussed in this tutorial but have been reviewed elsewhere.>*

1Department of Clinical Pharmacy, University of Michigan College of Pharmacy, Ann Arbor, Michigan, USA; ’Tabula Rasa HealthCare, Precision
Pharmacotherapy Research and Development Institute, Orlando, Florida, USA; 3Department of Life Sciences, University of Trieste, Trieste, Italy;
“Takeda California, San Diego, California, USA; 5Department of Pharmacy Practice and Science, University of Arizona College of Pharmacy, Tucson,
Arizona, USA; 6Department of Biomedical Informatics, Vanderbilt University Medical Center, Nashville, Tennessee, USA; "Divisions of Clinical
Pharmacology & Research in Patient Services, Department of Pediatrics, Cincinnati Children’s Hospital Medical Center, University of Cincinnati College
of Medicine, Cincinnati, Ohio, USA. *Correspondence: Daniel L. Hertz (DLHertz@med.umich.edu)


mailto:﻿
https://orcid.org/0000-0003-0501-1035
https://orcid.org/0000-0003-3117-7450
https://orcid.org/0000-0003-0964-5879
https://orcid.org/0000-0002-9376-9649
https://orcid.org/0000-0001-5001-3334
https://orcid.org/0000-0001-6417-3961
mailto:DLHertz@med.umich.edu

@ Study objective

Discovery
Testing many
SNP-phenotype
associations

Replication

Retesting several
SNP-phenotype associations
in a separate population

Validation
Retesting single
SNP-phenotype associations

Translation
Prospectively
testing PGx-guided

Implementation

Using PGx to inform " |
treatment decisions |

0% B ‘}S}i |nasepﬁﬁulat|on trea-tfnt<
Study cohort
2 Diverse

X " T4
§i’i‘m Homogenous 1\1\1’“\
Phenotype

T Exposure
Adverse Reaction
Response
Survival

' Genotype
Single SNP

‘ Candidate gene

— .

Targeted panel
g g GWAS

BUE B B RN ]

Analysis

, Quality Control
a

Statistical tests
Multiple testing correction. |

Figure 1 An overview of important considerations when planning and conducting a pharmacogenetic association study. GWAS, genome-wide
association study; PGx, pharmacogenetic(s); SNP, single-nucleotide polymorphism.

This tutorial will focus on PGx analyses to discover, replicate,
or validate associations. It is necessary to determine which of these
is your study objective to guide selection of an appropriate cohort,
phenotype, genotype, and statistical analysis, as discussed within
cach section of this tutorial. The objective of a PGx discovery study
is to identify a novel PGx association for future replication and val-
idation. For that reason, discovery studies seck to maximize the
likelihood of detecting associations. To achieve this goal, discovery
studies often test many potential genetic associations with liberal
statistical procedures, leading to many discovery-phase associations
that are possibly false positives.”™” It is rarely, if ever, appropriate
to take a discovery-phase association and attempt to translate it
into clinical practice. Instead, discovery-phase PGx associations
must be successfully replicated with similar direction of effect in
several independent patient cohorts. These replication studies also
often test several previously discovered associations without strict
statistical analysis procedures. The objective of replication studies

is to determine whether the PGx discoveries can be replicated (i.c.,
are they likely to be true associations) and how robust the associ-
ation is when tested in slightly different cohorts with slightly dif-
ferent phenotypes. The final phase is validation of the association
between the genotype and phenotype. Validation can be accom-
plished through consistent, successful replication in multiple in-
dependent cohorts or via a single well-conducted validation study
using a single prespecified genetic predictor, phenotype definition,
and statistical analysis plan. Upon clinical validation, a PGx associ-
ation is likely ready for prospective testing to demonstrate clinical
utility and justify clinical implementation.

PATIENT COHORT

Ethics and regulatory oversight

Conducting PGx association studies requires access to genetic and
clinical data, which may involve collection and analysis of DNA
and personal health information.® Data and sample collection and



analyses must be performed following the general ethical princi-
ples for human subjects research, as described in the Declaration
of Helsinki.” These principles require that human subjects are
aware of and consent to experiments in which they are a partici-
pant and require experimenters to take necessary precautions to
protect participants’ safety and confidentiality. Although PGx as-
sociation studies have limited direct risks for participants, the per-
manence of genetic information and possibility that it can be used
to predict medical outcomes leaves it vulnerable to being used for
discriminatory purposes. In the United States, regulations such
as the Genetic Information Nondiscrimination Act have limited
the potential negative impact of collecting patients’ genetic data.’®
However, care should always be taken to protect patient samples
and information, such as anonymization or deidentification."!

Prior to collecting any samples or data for a PGx analysis, it is
critical that the study be reviewed by an Institutional Review Board
(IRB) and/or Ethics Board. These committees evaluate the sound-
ness, relevance, and appropriateness of the scientific question,
study design, and procedures to obtain, collect, store, and analyze
patient information. The necessary approval will depend on the
institution and study design. PGx association studies are often
classified as having no more than minimal risk to patients and may
be approved by expedited review. Alternatively, IRB approval may
not be necessary if it is determined that the study satisfies criteria
for an exemption to do human subjects research. This is often the
case when using linked genetic and health information that was
previously collected within an IRB-approved research study,'
which satisfies the criteria for secondary use of existing data and
samples.13

Retrospective and prospective cohorts

Pharmacogenetics association studies can be conducted using
patient data that were initially collected retrospectively or pro-
spectively. In a retrospectively collected cohort, the patients have
already received treatment and the outcome of interest has already
occurred at the time the study is initiated.'* Data are typically ab-
stracted from the patients’ medical record or an existing database,
which is much less time consuming and costly than prospective
data collection. However, this real-world data is likely collected
for a purpose other than clinical research, and there may be a lot
of important data that is missing, sporadically collected, or inac-
curate.” Collecting unstructured data from abstracting clinical
notes from the electronic medical record is particularly challeng-
ing and time consuming, but is often the only feasible strategy to
collect the necessary data. Thus, it is typically necessary to per-
form data preprocessing, in addition to manually cleaning the
data, to ensure that only relevant and informative patients are in-
cluded in the analysis and outcomes are accurately characterized,
as described in later sections of this tutorial.

In prospective cohorts the outcome has not occurred at the
time the study is initiated and data are collected in real time.'
Advantages of this strategy include the ability to dictate which pa-
tients, treatments, outcomes, and other clinical data are collected.
However, prospective data collection is much more time and re-
source intensive, particularly for infrequent conditions or out-
comes. Prospective cohorts can be collected within interventional

clinical trials or observational studies, which are differentiated
based on whether the protocol dictates the patient’s treatment
or not, respectively.16 Clinical trials often enroll relatively large
cohorts of homogeneous patients receiving strictly defined treat-
ments from whom outcomes are systematically collected, making
these ideal for PGx association testing.17 Observational studies in-
clude registries that are linked to available genetic samples or data
collected at the institutional'® or national'® level, providing large
patient cohorts that are relatively heterogenous in terms of disease
and treatment. Large registries are also well suited for PGx discov-
ery or testing whether previously discovered associations are suffi-
ciently robust to be replicated in cohorts of patients that are not as
strictly defined and characterized.

Inclusion and exclusion criteria
The next important consideration is to determine which potential
patients should be included in your analysis.”” To be considered
for inclusion in a PGx association study, a patient usually must
have been exposed to the drug of interest, assessed for the outcome
of interest, and have provided a biospecimen for genetic analysis.
It is sometimes advisable to exclude patients who were treated with
an insufficient number of doses, either due to discontinuation or
lack of adherence,?® but determination of an appropriate thresh-
old will require clinical judgement. The second critical inclusion
criterion is assessment of the outcome of interest, or phenotype.
Phenotype collection and definition are discussed at length in the
Phenotype section of this tutorial. An important point is that pa-
tients should be excluded if they were lost to follow-up before the
outcome of interest could have occurred or if, for any other reason,
the available data do not allow you to determine whether or not
the patient experienced the outcome.” If the outcome is unclear
for an individual patient, it is typically better to exclude them from
the analysis than to include them and risk misclassifying them in
the analysis. The final necessary inclusion criterion is the avail-
ability of a DNA sample for genetic analysis or existing genetic
data. Germline DNA is typically isolated from the white blood
cells (buffy coat layer of processed peripheral blood). However,
DNA can be extracted from many other biospecimens that could
have been collected for any number of clinical or research pur-
poses.”* Prospective studies often collect peripheral blood at study
entry for future PGx analysis. Retrospective studies are sometimes
conducted using available samples, genetic data from biobanks, or
from a patient’s medical record. An alternative approach is to con-
tact potential participants and collect a blood or saliva sample for
genetic analysis; however, this approach can be resource intensive.
Besides these critical inclusion criteria, there are certain vari-
ables that should be collected to enable exclusion of potential
participants from the PGx analysis. These are often based on clin-
ical knowledge, such as excluding patients receiving concomitant
medications that may modify the effect of genetics on treatment or
excluding patients with comorbid conditions that may modify the
effect of treatment on the outcome. Depending on the number of
patients who have this confounding variable, it may be possible to
adjust for the variable within the PGx analysis instead of excluding
the patient.” For that reason, and when in doubt, we recommend
including the patient and the variable within the data collection



and discussing with the study team, including clinical and biosta-
tistical experts, whether to adjust for the variable or exclude the
patients.

PHENOTYPES

Introduction

Phenotype is a general term encompassing pharmacological treat-
ment outcomes, such as treatment efficacy or toxicity, or pharma—
cological characteristics underlying those clinical effects, such as
systemic drug concentration. In PGx, phenotype is also used to
describe the activity of enzymes and transporters of a patient, as
described in the Genetics Section. In this tutorial, phenotype re-
fers to any treatmentrelated end point that is used as a dependent
variable in a PGx association study. Phenotype selection and defi-
nition is perhaps the most important and challenging decision in
PGx association studies. This section will describe the sources and
types of data that can be used as a phenotype, discuss the types of
phenotypes that can be used as dependent variables, and provide
some recommendations for selecting and defining a phenotype for
a PGx association study.

Sources and types of data

Within clinical care and research, data are collected in a variety
of ways, including objective measurement and subjective assess-
ment. Objective measurements include counts, volumes, masses,
concentrations, and durations. Treatment outcomes that are not
amenable to measurement fall under subjective assessment and
can be assessed by a clinician or the patient.24 Clinician assess-
ment, either based on clinical notes or documentation within
clinical studies, has historically been the primary source of phe-
notypic data for PGx studies.”> However, collection of treatment
outcomes via patient assessment is increasingly being integrated
into clinical care, particularly for subjective toxicities.

These data sources provide a variety of data types, each with their
own benefits and drawbacks (Table 1). Measurements collected
as continuous data can be highly precise and are often most sensi-
tive to the genetic effect, and therefore increase the likelihood of
detecting a PGx association.”” For those reasons, continuous data
are often used in discovery-phase PGx research. However, changes
in continuous measurements are often not clinically meaningful,
so continuous data are commonly translated into ordinal (i.e.,
improved, no change, or worsened) or dichotomous (i.c., change
<X% vs. 2X%) data prior to analysis. Clinician and patient assess-
ments are commonly collected as ordinal (i.e., none, mild, mod-
erate, or severe) data, but can also be translated into dichotomous
data to enhance clinical relevance, particularly in validation stud-
ies. Finally, for end points that are highly dependent on cumulative
time or dose, using the time-at-occurrence or dose-at-occurrence as
the phenotype will enhance the likelihood of identifying a genetic

P 28,29
association,

though these cumulative risk models can be some-
what more challenging to translate into clinical practice and may
be more relevant to advanced researchers.

As previously described in the Cohort section, phenotypes for
PGx association studies are often based on existing data that may
have limited availability and accuracy.”” When accruing a pro-

spective cohort that will be used for PGx analyses, it is critically

Table 1 Data types and attributes for phenotypes

Ideal PGx study

types

Examples

Drawbacks

Benefits

Description

Data type

Discovery and

+ Drug concentration

Sensitive to nongenetic effects

Often multifactorial
+ Least clinically useful

- Most sensitive to genetic variation

+ Highest analytical power

Values

Continuous

replication

- Change in blood pressure

Established statistical methods
- Precise estimate of genetic effect

Replication

Severity (none, mild, moderate)

+ Grade (0, 1, 2, 3)

Statistical methods not as well

established
+ Not easily clinically translated

- Somewhat sensitive to genetic variation

- Maintains useful ordering
- Sometimes clinically relevant

>3 ordered groups

Ordinal

+ Continuous data with >2 cut points

Validation

- Yes/No event occurred

- Least sensitive for analysis
+ Least genetically dependent

+ Most clinically relevant

Two groups

Dichotomous

+ Case/control classification

+ Most often used (case/control)

- Continuous data with 1 cut point
+ Ordinal data with 1 cut point

Established statistical methods
+ Most clinically translatable

Any

Survival time
- Cumulative dose at toxicity

Similar drawbacks as

dichotomous

Similar benefits as dichotomous

Accounts for time or dose
- Censor patients who drop out

Dichotomous, but

Time-to

accounts for time

event (or

Clinical translation is difficult

(or dose)

dose-to-event)

PGx, pharmacogenetics.



important to collect accurate phenotypic data, ideally using stan-
dardized assessments at prespecified timepoints.30 Regardless of
the data source, abstraction and cleaning of phenotypic data should
be conducted while blinded to the genotype data to prevent bias.”

Types of phenotypes

Similar to the types of data, there tends to be a balance between
phenotypes that are more sensitive and analytically powerful and
others that are more clinically relevant. Highly sensitive pheno-
types that are less clinically relevant include surrogate outcomes
or quantitative intermediate phenotypes, referred to as endophe-
notypes. Endophenotypes are often more strongly associated with
genetic characteristics since the effect of environmental factors
and the number of genes involved is relatively limited.?* It is there-
fore sometimes easier to demonstrate the direct genetic effect on
an endophenotype. This can be done in smaller discovery-phase
studies, followed by determining if genetics are associated with
downstream, clinically relevant treatment outcomes in larger val-
idation studies (Figure 2). Alternatively, PGx associations with
clinical outcomes are often reported first, and endophenotypes
can be used to validate the mechanism through which the PGx
association is acting.

Pharmacokinetics (PK) is the quintessential PGx endopheno-
type because it is highly sensitive to genetic variability, specifically
in drug-metabolizing enzymes and transporters.” For drugs with
established therapeutic target concentrations, such as tacrolimus,’ 4
PK can be a clinically relevant surrogate outcome, but for other
drugs it is not. Nearly any PK metric can be used as the phenotype
in a PGx study, including concentration at a single, clinically rel-
evant timepoint such as a concentration maximum (C_ ), mini-
in)» OF steady-state average (Css‘avg)
blood samples allows estimation of the full exposure profile by

max-
. Collection of serial

mum (C
arca under the curve or clearance, which are particularly relevant
for PGx analyses of enzyme and/or transporter activity.35 Another
PK endophenotype that is sometimes used as an indicator of enzy-
matic activity is the metabolic ratio, which is the ratio of the con-
centration of the metabolite to the parent compound.®®

Pharmacodynamic (PD) endophenotypes can also be used
within PGx discovery studies.”’” PD endophenotypes include
changes in the measurement of a biochemical or physiological
marker that are sensitive indicators of treatment response. Changes
in international normalized ratio during warfarin treatment™ is
an example of an efficacy PD biomarker, whereas changes in liver
function tests> to indicate hepatotoxicity is an example of a toxic-
ity PD biomarker. If available, a measurement taken immediately
prior to treatment should be used to isolate changes that are attrib-
utable to treatment response.

Analyses of PK or PD endophenotypes are useful to establish
the direct effect of the genetic variant, but it is typically neces-
sary to confirm the effect on the downstream clinical outcome
to justify clinical translation. Relevant clinical outcomes include
occurrences of toxicity, particularly severe toxicities that cause per-
manent morbidity or mortality. On the efficacy side, reductions
in discase-related events, such as exacerbations or hospitalizations
(or length of stay) and improvements in survival, are clinically rel-
evant outcomes. PGx predictors of these meaningful treatment

outcomes are likely to be clinically useful, though it can be very
challenging to validate a PGx association since these outcomes are
often multifactorial *°

Clinical outcome selection and phenotype definition
Although any outcome can be used as a phenotype, PGx stud-
ies are most likely to yield clinically relevant findings if the phe-
notype is strongly determined by a single or small set of genes.
Clinical outcomes that are strongly PK-dependent are excellent
phenotypes because of our relatively robust understanding of the
substantial genetic effect on PK.*? This includes drugs with a nar-
row therapeutic window and those that require therapeutic drug
monitoring. There has also been substantial success identifying
useful PGx associations for prodrugs, which require metabolic
activation. ™! Alternatively, clinical outcomes that are completely
independent of PK, such as drug-induced hypersensitivity,* can
be highly dependent on a single genetic variant or gene, leading
to profound PGx associations.*> Other indications that a clini-
cal outcome may have an inherited genetic determinant include
those that are non-normally distributed in the population,42 have
large differences in occurrence across races/ethnicities,** and have
treatment outcomes that are similar to an inherited condition.”
Conversely, multifactorial clinical outcomes that are partially de-
termined by PK and non-PK factors are more challenging for use
as phenotypes for PGx discovery and translation, though there
are some successful examples, such as combining CYP2C9 and
VKORCI to explain variability in warfarin efficacy.%

After selecting a clinical outcome that is potentially genetically
determined, the phenotype must be explicitly defined. The phe-
notype selection and definition should be guided by the putative
mechanistic model connecting genetics to the clinical outcome
and the objective of the PGx study (Figure 2). One potentially
useful strategy is to conduct analyses in order of the putative model
to confirm each step of the mechanistic pathway. For example,
demonstrating that genotype affects PK and that PK determines
the clinical outcome strongly suggests that genotype will predict
the clinical outcome in a sufficiently large validation study.””
However, if PK does not affect the clinical outcome, then genetic
predictors of PK are unlikely to be clinically useful.** In addition
to considering the mechanistic pathway, phenotype selection and
definition should be consistent with the study objective. Discovery-
phase studies may want to use the most sensitive, mechanistically
proximal phenotype available, which is often a PK or PD endophe-
notype. Phenotypes could then get progressively more clinically
relevant as the objective moves to replication. Finally, validation
studies should select a single, a priori defined, clinically relevant
end point to confirm the genetic association,® in preparation for
prospective studies and clinical translation.

GENOTYPES

PGx nomenclature

Understanding the concepts and nomenclature of genetics is
vital for PGx investigators. An allele is the genetic base at a given
locus, which can be cither the more common wild type allele or
a less common variant allele. In most cases, humans inherit one
allele from each parent and the combination of those two alleles
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Figure 2 Mechanistic chain of pharmacogenetics associations. It may be easiest to identify a pharmacogenetic (PGx) effect on a proximal
surrogate, such as the effect of pharmacokinetic pharmacogenetics (PK PGx) on a PK surrogate of drug concentrations. A similar process can
be used to test for pharmacodynamic pharmacogenetics (PD PGx) on a PD surrogate of biochemical response. If genetics affects one of these
surrogate endophenotypes, it can then be tested for an effect on a clinically relevant treatment outcome in validation studies in preparation

for potential clinical translation.

is referred to as their diplotype (Figure 3). Allele frequency is the
proportion of thatallele in the population and is often described in
terms of the frequency of the less common allele, or “minor allele
frequency” (MAF). Common variants with MAF greater than 5%
(or 1%) in the population are referred to as single-nucleotide poly-
morphisms (SNPs) or single-nucleotide variants (SNV). Many
millions of SNPs are cataloged in the NCBI (National Center
for Biotechnology Information) dbSNP Database (hetps://www.

ncbi.nlm.nih.gov/snp/),49

which includes helpful information
such as the SNP’s genomic position and MAF in different ethnic
groups (Table 2).

Alleles are not independently inherited; instead alleles that are
nearby are often co-inherited and are said to be in linkage disequi-
librium (LD).>* LD exists between nearby SNPs that are inherited
in blocks ranging from a few to several hundred kilobases, creating
haplotypes of co-occurring SNPs. In addition to SNPs and hap-
lotypes, genetic variations can exist as insertions or deletions of
one or more bases, as well as copy number variations, where large
portions of the genome, including entire genes, are duplicated or

deleted.
Candidate gene/SNP studies

Candidate gene selection. Conventionally, “pharmacogenetics”
refers to the investigation of single gene/SNP association with a
drug response phenotype, whereas “pharmacogenomics” refers
to a genome-wide investigation, described later in this section.”!
The terms are used interchangeably and our use of PGx refers to

cither. In the candidate gene strategy, researchers evaluate variants

within genes with plausible or known biological mechanisms
related to the drug or outcome. Most candidate gene/SNP
studies have conventionally focused on genes that are involved
in drug PK, especially the enzymes and transporters involved in
drug metabolism and disposition. Another common candidate
gene is the drug target, which may affect drug response. For
instance, CYP2C9 and VKORCI are well-known candidate genes
impacting warfarin dosing, as CYP2C9 metabolizes warfarin and
VKORCI1 is the drug target (Figure 3).4¢

Recurrent variants with potential functional consequence in
pharmacogenes are assigned * alleles (pronounced “star alleles”).
The *1 designation is usually reserved for the more common wild-
type allele (i.e., CYP2D6*1) and is assigned by default when none
of the tested variants are detected. Numerical * allele designations
(e, CYP2D6*4) can be defined by a variety of genetic variations
including a SNP, haplotype, or a complete gene deletion (e.g.,
CYP2D6*5). To ensure consistency, standardized terminology has
been developed to describe the activity of alleles and a patient’s
predicted activity phenotype for drug-metabolizing enzymes and
transporters (Table 3). For some genes, an activity value is assigned
to each allele, ranging from 0 to 1, and the patient’s overall activity
score (AS) is assigned by adding the two activity value and translat-
ing that sum into a phenotype (i.c., poor (PM), intermediate (IM),
normal (NM), rapid (RM), or ultrarapid (UM) metabolizer).
These drug metabolizer and transport activity phenotypes are dis-
tinct from, and not to be confused with, the phenotype that is the
end point or dependent variable in the PGx analysis, discussed pre-
viously in the Phenotype section. Of note, this phenotype termi-
nology was not always used and some publications use alternative
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Figure 3 Genotype translation and selection. (a) Inheritance pattern of alleles to create haplotypes. A pedigree chart is drawn in the middle
with metabolizer status indicated inside the shape (NM, normal metabolizer; IM, intermediate metabolizer). Each person’s alleles for the
CYP2D6 gene are shown under their picture, boxes indicate exons, darker boxes indicate coding exons with a variant, X indicates splicing
variant. The CYP2D6*4 allele has a splice site variant and an activity value (AV) of 0. The CYP2D6+*10 allele contains two variants, in exons

1 and 9, conferring an AV of 0.25. The mother’s diplotype is *1/*4, with a combined activity score (AS) of 1, which corresponds with an IM
phenotype. The father’s diplotype is *1/*10, with an AS of 1.25, which corresponds with an NM phenotype. The baby’s diplotype is *1/*10,
with an AS of 1.25, which corresponds with an NM phenotype. The boy’s diplotype is *4/*10, with an AS of 0.25, which corresponds with

an IM phenotype. (b) Selection of candidate single-nucleotide polymorphisms (SNPs) for warfarin dose phenotype and illustration of the
differences between variants captured from sequencing, genome-wide association study (GWAS), and candidate SNP genotyping for functional
SNPs. PD, pharmacodynamics; PK, pharmacokinetics.



Table 2 Helpful resources for PGx investigators

Resource Web link

Features/attributes

Pharmacogene Variation
Consortium

https://www.pharmvar.org/

Catalogues allelic variation of genes including the SNP or
SNPs in the haplotype and their resulting functional activity

Clinical Pharmacogenetics
Implementation Consortium (CPIC)

WWW.Cpicpgx.org

Reports variant frequencies in many ethnic cohorts. Also
provides expert consensus recommendations for genotype-
to-phenotype translation and publishes clinical practice
guidelines for validated gene/drug pairs that are indexed in
PubMed

The Pharmacogenomics
Knowledgebase (PharmGKB)

www.pharmgkb.org

Leading worldwide resource for PGx knowledge, allowing
searches by drug, gene, or SNP, ultimately directing the
end user to freely accessible, evidence-graded primary PGx

literature
Findbase https://findbase.org/#/ Online resource cataloguing frequencies of clinically relevant
pharmacogenomic biomarkers in various populations
ClinGen https://www.clinicalgenome.org/ Repository for clinically relevant genes and variants including

pharmacogenomic variants

NCBI dbSNP Database

https://www.ncbi.nlm.nih.gov/snp/

Public database of known SNPs including genomic position
and minor allele frequency across cohorts

PGx, pharmacogenetics; SNP, single-nucleotide polymorphism.

terms such as extensive metabolizer (EM), which was replaced by
the more intuitive normal metabolizer.

It is critical that the process for translating a patient’s raw genotype
calls to activity phenotypes follows the current best practices, to ensure
the validity and interpretability of the study findings. This process is
different for each gene and evolves as our understanding of genetics
expands, so researchers should review curated information such as that
from the Clinical Pharmacogenetics Implementation Consortium
(CPIC) or The Pharmacogenomics Knowledge Base (PharmGKB)
(Table 2) when translating genotypes into phenotypes.”*>* More ad-
vanced investigators may want to use translation software to automate
the translation from genotype to phenoytpe.”* Ultimately, investiga-
tors must decide whether to analyze the PGx association for a single
SNP, the combination of variants comprising a predicted activity phe-
notype, or to conduct more extensive genotyping or sequencing to
analyze many or all variants within the gene of interest.

Candidate gene genotyping. Whenever possible, PGx studies
should use high-quality germline DNA that can be ecasily
isolated from whole blood and many healthy tissue types. In
some instances, banked samples have been used to isolate DNA
that may have been modified due to disease or sample processing
and storage, and this could introduce artifacts that interfere with

genotyping accuracy.ss‘56

Table 3 Standardized terms for allelic and phenotypic activity96

There are some specific instances in which blood genotype does
not reflect the activity in the tissue of interest. Patients who have
had bone marrow transplants will have blood cells from the donor,
so the genotypes will not be representative of the subject’s other tis-
sues. If patients with bone marrow transplants are included in the
study, the germline DNA sample needs to have been collected prior
to transplant. Relatedly, patients who have had liver transplants
likely have different drug-metabolizing enzyme phenotypes than
that indicated by blood genotyping. If liver transplant patients are
included in studies, donor DNA should be genotyped in addition
to the recipient’s DNA. Novice investigators should be particularly
careful when conducting studies within transplant patients.

A comprehensive review of the many available technologies for
genotyping is beyond the scope of this tutorial.”” The primary con-
sideration when selecting a genotyping technology is the number
of variants to genotype. Candidate SNP studies often use single
SNP, low throughput genotyping techniques such as TagMan
or Pyrosequencing. Studies that investigate a group of candidate
genes will frequently use genotyping chips or panels. Options in-
clude creating a customized panel with the investigator’s candidate
genes/SNPs (e.g., Assays-by-SEQUENOM (SEQUENOM, San
Diego, CA)) or utilizing an existing multigene panel. One common
approach when conducting a PGx analysis of drug PK is to use a
targeted panel array of relevant pharmacogenes such as the DMET

Activity Allele function (all genes) Drug-metabolizing enzyme phenotypes Transporter phenotypes
Highest Increased function Ultrarapid metabolizer (UM) Increased function
LO\Evoest Increased function Rapid metabolizer (RM) Increased function
Normal function Normal metabolizer (NM) Normal function
Decreased function Intermediate metabolizer (IM) Decreased function
No function Poor metabolizer (PM) Poor function
Unknown Unknown/uncertain function
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Table 4 Considerations for selecting candidate or genome-wide pharmacogenetic study

Candidate SNP/gene study

Genome-wide association study

Study objective Best for replication and validation Best for discovery
Approximate Cohort Size 100s 1,000s
Number of genetic variants 1-1,000s 1,000,000+

Gene selection

Genes related to plausible mechanisms such as enzymes
and transporters for pharmacokinetic associations, or prior
associations

Selection not required (all genes analyzed
simultaneously)

Variant selection

Known functionally consequential variants or prior
associations

tagSNPs that are informative of nearby
variants within haplotype blocks

Typical genetic model

Selected based on prior knowledge or reported association

Additive

Visualization of association

Phenotype stratified by genotype using bar, box, or survival
plots

P value of association for each variant using
Manhattan Plot

Critical advantage

Less statistical correction to detect associations

Identify associations outside of candidate
genes, efficiency.

Critical limitation

Only detect associations for variants selected as

Requires large cohorts, statistical

candidates

correction, and is costly

SNPs, single-nucleotide polymorphisms.

(Drug Metabolism Enzymes and Transporters), (Affymetrix, Santa
Clara, CA),>® PharmacoScan ( Thermo Fisher Scientific, Waltham,
MA), and VeriDose Core Panel (Agena Bioscience, San Diego,
CA).” These off-the-shelf arrays can be highly efficient, though
rescarchers should be careful to select a panel that has adequate
coverage of the genes relevant to their drug of interest and variants
that are common in the ethnic groups represented within their pa-
tient cohort.*

Genome-wide association studies and sequencing

An alternative to a candidate gene/SNP approach, typically re-
served for more advanced PGx researchers, is to conduct a genome-
wide association study (GWAS) (Table 4). Genome-wide panels
genotype hundreds of thousands of SNPs throughout the genome
for simultaneous association testing with treatment outcomes.®”
¢! There has been a rapid increase in GWASs for identifying ge-
netic determinants of a variety of treatment outcomes includin
efficacy, toxicity, metabolism, and drug-target interactions.” % *
GWAS leverages the co-inheritance of SNPs in LD,* which en-
ables a single SNP to be used as a marker or “tag” for other SNPs
in that haplotype block. By directly genotyping tagSNDPs, inves-
tigators can identify genomic regions that harbor causative vari-
ants (Figure 3). A bioinformatics process known as imputation
uses LD to infer the genotypes of SNPs in that region to assist in
identifying the likely causative variants.***” Due to differences in
LD between ethnic groups, and the predominance of European
American ethnicity in genetics reference panels, imputation is less
precise for non-European study participants.

GWAS can identify PGx associations for variants and genes that
would not have been selected as candidates, which can lead to an
improved understanding of the underlying biology of the outcome
and/or pharmacology of the drug (e.g. a liver transporter affect-
ing the clearance of a drug that is primarily renally climinated).®®
However, due to the huge number of association tests conducted,
GWASs require significant statistical correction for multiple
comparisons, necessitating much larger sample sizes to achieve

adequately powered analyses, as described in the statistical meth-
ods section.

With continued technological progress, next-gencration se-
quencing technologies have resulted in the development of panels
for sequencing target genes, the exons of all genes in the genome
(whole exome), or whole genomes. Sequencing approaches result
in each nucleotide of the genome being sequenced and, therefore,
detect every variant in the sequenced region. The cost of sequenc-
ing and complexity of data analysis have been barriers to using
sequencing to replace GWAS. Further details and discussion of
GWAS and sequencing are beyond the scope of this manuscript,
but sequencing may be a useful tool for discovery of rare variants
with large cffects and for follow-up of findings from GWAS.”
Translating sequencing data to * allele nomenclature is a challenge,
particularly given the complexity of properly phasing alleles into
haplotypes, but there are tools available to assist advanced PGx re-
scarchers with this task.*”

Genetic models

Often, the final step in defining the genetic data for PGx analysis
is to select a genetic model based on the expected mode of inher-
itance (i.c., dominant, recessive, or additive). The patient’s diplo-
type is expressed by a combination of two alleles A (major) and a
(minor), with possible diplotypes AA (major allele homozygote,
i.e., wild type), Aa (heterozygote) and aa (minor allele homozy-
gote). A dominant model would test whether carrying at least
one minor (a) allele is associated with the phenotype (i.c., AA vs.
(Aa+aa)), whereas a recessive model tests whether the phenotype
is associated with carrying two minor alleles (i.c., (A A+Aa) vs. aa).
Perhaps the most commonly used genetic model is the additive,
or gene-dose, model, which assumes a linear increase in the phe-
notype with cach additional minor a allele (i.c., AA > Aa > aa or
AA < Aa < aa). For candidate gene/SNP studics, wherein exten-
sive knowledge of the gene or SNP and its inheritance is known,
researchers may be able to make an informed selection of the ap-
propriate genetic model. On the other hand, studies without this



existing knowledge or those testing many SNPs simultaneously
typically assume an additive genetic model as it is flexible and has
the most power to detect associations, as discussed in the next

QUALITY CONTROL AND STATISTICAL ANALYSIS

Quality control

As genotyping technologies have improved, the analytical validity
of genotype calls (i.c., the accuracy of genotype results) has also
improved. Nevertheless, inaccurate genotyping can occur due to
assay issues or technical error. In this section, we review several
standard approaches to ensuring the quality of genotype data for a
PGx study. These approaches are not comprehensive, and a plan to
ensure genotyping quality control should be developed based on
study-specific considerations.

SNP and sample call rate

One of the simplest quality checks for genotype data is using the
proportion of SNPs or samples that were successfully genotyped,
referred to as “call rate.” Studies often remove poor performing
SNPs or samples based on inadequate call rates.”>”* The removal
is based on the assumption that assays or samples with missing
genotype calls are also likely to have incorrect genotype calls. The
SNP call rate is the number of samples successfully genotyped di-
vided by the total number of samples for which genotyping was
attempted. There is no universal SNP call rate cutoff, but stud-
ies commonly use a cutoff of 95-99%, below which, SNPs are
removed from the analysis. Similarly, the sample call rate is the
number of SNPs successfully genotyped in that sample divided by
the total number of SNPs for which genotyping was attempted.
Removing low-quality SNPs and samples based on call rates im-
proves the genotype data quality and minimizes the potential ef
fect of genotyping errors on the study results.

Hardy Weinberg equilibrium

Hardy Weinberg Equilibrium (HWE) is a mathematical ex-
pression of the expected distribution of alleles and genotypes in
a population under certain conditions, such as a lack of natural
selection and lack of genetic drift. Similar to its use in population
genetics, investigators can use this equation to test for evidence
of genotyping error. 74 If genotypes for a SNP do not follow the
expected HWE distribution, a possible explanation is that the
SNPs have been genotyped incorrectly. HWE testing can iden-
tify excess heterozygosity, a term used for when there is an excess
number of individuals with the Aa genotype. This can result from
a SNP assay that cannot effectively distinguish between alleles
(i.e., A vs. a) or from inadvertent mixture of two different DNA
samples. HWE can be tested by comparing the actual distribu-
tion of alleles with the distribution expected based on the known
MAF, or the actual MAF within the sample, using x* or Fisher’s
exact test. The P value threshold below which HWE deviation is
considered unacceptable is often corrected for multiple compari-
sons. SNPs observed to be below the threshold are removed from
the final analysis under the assumption that genotyping error was
observed. However, another common explanation for HWE de-
parture is racial admixture, since genotype frequencies can vary

substantially based on ancestry.”” Therefore, in diverse cohorts,
HWE should be tested within each racial/ethnic group. Another
important consideration for HWE testing is that patients with a
specific disease may be enriched for certain SNPs, causing depar-
ture from HWE. Removal of these SNPs may actually remove the
SNPs with the most relevant effects on the phenotype of interest.
The test for HWE in case control studies is often conducted in
controls alone rather than in the whole population, based on the
assumption that enrichment for SNPs is less likely to occur in the
control population. In any event, testing for HWE can be an ef-
fective tool to ensure genotyping quality, but should be thought-
tully applied to studies with particular consideration for cohort
selection.

Considerations for statistical analysis

As with any biomedical study, statistical approaches for PGx asso-
ciation testing will be guided by the study design with particular
consideration for the nature of the phenotypic data (i.e., continu-
ous, ordinal, or dichotomous, normal or non-normal distribution;
paired vs. unpaired) and whether there is a need to account for
confounding variables (Figure 4). Although a comprehensive re-
view of statistical approaches is beyond the scope of this tutorial,
this section focuses on statistical considerations that are partic-
ularly relevant to PGx association testing, with a major focus on
minimization of false positive and negative findings, as appropri-
ate for the study objective.

Multiple comparisons adjustment
PGx studies often include more than one SNP of interest, which
increases the likelihood of a false positive result due to multi-
ple comparisons.” Assuming a standard alpha (&) = 0.05 (i.c.,
P <0.05), on average one out of every 20 tested associations will be
statistically significant by chance alone. False positive results can
be minimized by using a more stringent alpha. The most common
correction for multiple comparisons is the Bonferroni correction,
which divides the alpha by the number of independent association
tests conducted. This becomes particularly important in studies
with large numbers of SNPs, such as GWASs.”>™ A GWAS in-
cluding a million SNPs would on average detect 50,000 signifi-
cant SNP associations by chance using a = 0.05. Regardless of the
number of SNPs in the GWAS, genome-wide significance is typ-
ically setat ¢ =5 x 10~* (& = 0.05/1,000,000),”® as illustrated by
the horizontal line in the standard visualization of GWAS results
usinga Manhattan Plot in Figure 4. This threshold may be overly
conservative, since SNPs are in LD and their associations are not
completely independent, and alternative thresholds could be con-
sidered prior to analysis.77’78 One commonly used less-conservative
alternative approach is the false discovery rate adjustment.”
Testing associations for one SNP with multiple phenotypes, or
with one phenotype using multiple genetic models (i.c., dominant,
recessive, and additive), also increases the number of association
tests and risk of false positives if proper statistical correction is not
applied. As the number of association tests increases, the corrected
a decreases and statistical significance becomes more difficult to
achieve, increasing risk of false negatives. For this reason, it is ad-
vised to limit the number of association tests conducted. As in other
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scientific fields, researchers will often specify a primary hypothesis
that includes a single genotype and phenotype of primary interest
and conduct that analysis with an uncorrected a = 0.05. All other

Figure 4 Examples of visual representations for different types of
data acquired during a PGx association study. Continuous phenotype
data such as for drug clearance are often summarized in box plots by
patient genotype. Ordinal and dichotomous phenotype data are often
represented by proportions of patients by genotype in histograms.
Time-to-event data are plotted by genotype in Kaplan-Meier plots
which summarize the proportions of patients at risk for an event at

a given timepoint after study enrollment. Genome-wide association
study data are generally represented in a Manhattan plot, which
plots the chromosomal location of SNP variation along the x-axis and
the —log(P value) for each SNP along the y-axis. GWAS, genome-wide
association study; PGx, pharmacogenetics; SNP, single-nucleotide
polymorphism.

analyses are then considered exploratory, also conducted using an
uncorrected & = 0.05, and reported as hypothesis-generating.

Statistical power

Power is the ability of the study to observe a true PGx association,
thus avoiding false negatives. As discussed above, multiple com-
parisons correction decreases o and makes significance more dif-
ficult to achieve, thus reducing study power and increasing false
negative risk. Analytical power is determined during study design
and influenced by the statistical test, sample size, phenotype vari-
ability, and the magnitude of genetic effect on the phenotype.80
Power increases with larger cohorts and with more patients within
each genotype group. As such, association tests get more powerful
as the SNP MAF increases, meaning that studies of rare SNPs are
often underpowered, even with large cohorts. Publicly available
MAF estimates®! can be used to conduct power determinations
prior to initiating a project. Another determinant of the size of
genotype groups is the selected genetic model, described in the
prior section.®? Studies with potential power concerns should
avoid recessive genetic models (A A+Aa vs. aa), unless there is com-
pelling prior knowledge to justify their use, since the homozygous
variant (aa) group is the smallest and these analyses have limited
power. In terms of phenotypic variability, power increases with
higher variability of continuous end points and with higher event
rate of dichotomous end points. Finally, power increases substan-
tially as the magnitude of the effect of the genotype on the phe-
notype, which is referred to as the effect size, increases.?>% Effect
size can be expressed as a difference between means of a continu-
ous end point or differences in event rates of a dichotomous end
point. Detailed instructions for how to conduct a sample size de-
termination is beyond the scope of this article and should typically
be the responsibility of the study biostatistician, though relatively

simple sample size calculators are freely available online.®>%¢

Population stratification

Admixture of groups with different ethnic background, termed
population stratification, was previously mentioned as a poten-
tial cause of HWE departure. Population stratification can also
result in false positive PGx associations due to confounding of the
risk of toxicity and uneven genotype distribution across ethnic
groups.B’74 For example, because individuals from Southeast Asia
have a higher rate of carbamazepine-induced Stevens-Johnson
syndrome (SJS), a GWAS of this phenotype would identify sig-
nificant associations for any SNP that is differentially carried in

1"



Asians vs. non-Asian patients, regardless of whether these SNPs
actually cause SJS.*” These false associations can be avoided by
conducting analyses within a single race/ethnicity group or adjust-
ing for self-reported race/ethnicity or genetically defined ancestry.
In GWAS, it is standard practice for advanced researchers to de-
rive principal components that mathematically describe the racial
contribution to genetic variation and adjust for these components
in the statistical analyses to reduce the potential for population
stratification.

Replication and validation

Similar to other branches of science, many reported SNP associ-
ations cannot be successfully reproduced.é’7 These false positive
findings are typically from discovery studies that test many po-
tential associations without proper statistical correction for mul-
tiple comparisons. False positives must be differentiated from
actual, robust associations that may be useful in clinical practice.5
Researchers can try to assess the robustness of the associations de-
tected in their study by conducting sensitivity analyses, in which
slight changes are made to the patient inclusion/exclusion, genetic
model, or phenotype definition. Genetic association for which
these minor adjustments dramatically affect the effect size and
P value may be false positives or may be insufficiently robust for
clinical translation.

While sensitivity analyses can be informative, replication and
validation are the optimal methods for differentiating valid PGx as-
sociations from false positives, as described in the Study Objective
section.”>888 Replication and validation of a clinical PGx associ-
ation is often challenging due to the relative infrequency of having
access to large patient cohorts who have been exposed to a specific
drug, meet study eligibility criteria, and have available phenotypic
data. In cases where no such cohort exists, researchers often turn
to cohorts that are as similar as possible, such as cohorts of pa-
tients treated with a drug in the same class and/or having similar
phenotypic data. Another possible approach to collect data sup-
porting a clinical PGx association is to perform preclinical (i.c., in
cells, tissues, or animals) validation experiments or to use publicly
available data sets, such as Genotype-Tissue Expression (GTEx)
and Haploreg, to generate further evidence of a SNP’s influence on
gene function and expression.%‘91 While not a formal replication,
results from these data sets can bolster the evidence that the SNP
has a causal effect on the phenotype.

Prediction accuracy

The accuracy of the genotype to predict the phenotype is a crit-
ical determinant of the potential clinical utility of a PGx associ-
ation.”” For dichotomous outcomes, multiple statistical tools are
available to assess the predictive power of a PGx variant, includ-
ing the area under the receiver operating characteristic curve and
the calculation of specificity, sensitivity, positive predictive value
(PPV), and negative predictive value. Working with the prior ex-
ample of carbamazepine-induced SJS, HL A-B*15:02 is predictive
of this adverse drug reaction.”” In the Han Chinese population,
HLA-B*15:02 testing has estimated sensitivity = 98% and spec-
ificity = 97%.> This means that a positive HLA-B*15:02 test
detects 98% of individuals that will have carbamazepine-induced

SJS and a negative test detects 97% of individuals that will not
have carbamazepine-induced SJS. Similarly, the estimated PPV
is 7.7% and the negative predictive value is 100%, meaning that
only 7.7% of those with a positive HLA-B*15:02 test will have
carbamazepine-induced SJS, but 100% of those with a negative
HLA-B*15:02 test will not have carbamazepine-induced SJS.
These results have important implications for the clinical utility
of the test. For instance, the low PPV means that many patients
who test positive, and do not receive carbamazepine, would not
have developed SJS if given carbamazepine. However, given the
availability of similarly effective alternative antiepileptic agents,
pharmacogenetic-based antiepileptic treatment may still be clin-
ically useful.

Conclusion

This tutorial has described critical considerations when perform-
inga PGx association study, starting with determining the research
objective, selecting the cohort, defining a phenotype that is con-
sistent with the objective, genotyping via candidate or genome-
wide approaches, and planning an appropriate statistical analysis.
Thinking through these major decisions when developing a PGx
association study will maximize the chances of success for novice
investigators. Although beyond the scope of this tutorial, com-
prehensive reporting of the methods and results of PGx associa-
tion studies in peer-reviewed manuscripts is critical. We strongly
recommend that novice researchers review prior publications de-
scribing best practices for reporting PGx studies,”t including the
recently published STROPS (Strengthening the Reporting Of
Pharmacogenetic Studies) guidelines.95 PGxassociation studies can
be powerful tools for discovery, replication, or validation of associa-
tions between inherited genetic variation and treatment outcomes,
providing the evidence necessary for future clinical translation to
improve efficacy and reduce toxicity of pharmacotherapy.
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