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Abstract——Personalized medicine tailors therapies,
disease prevention, and health maintenance to the indi-
vidual, with pharmacogenomics serving as a key tool to
improve outcomes and prevent adverse effects. Advances

in genomics have transformed pharmacogenetics, tradi-
tionally focused on single gene-drug pairs, into pharmaco-
genomics, encompassing all “-omics” fields (e.g., proteomics,
transcriptomics, metabolomics, and metagenomics). This
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review summarizes basic genomics principles relevant to
translation into therapies, assessing pharmacogenomics’
central role in converging diverse elements of personal-
ized medicine. We discuss genetic variations in pharma-
cogenes (drug-metabolizing enzymes, drug transporters,
and receptors), their clinical relevance as biomarkers,
and the legacy of decades of research in pharmacoge-
netics. All types of therapies, including proteins, nucleic
acids, viruses, cells, genes, and irradiation, can benefit
from genomics, expanding the role of pharmacogenom-
ics across medicine. Food and Drug Administration ap-
provals of personalized therapeutics involving biomarkers
increase rapidly, demonstrating the growing impact of
pharmacogenomics. A beacon for all therapeutic ap-
proaches, molecularly targeted cancer therapies high-
light trends in drug discovery and clinical applications.
To account for human complexity, multicomponent bio-
marker panels encompassing genetic, personal, and envi-
ronmental factors can guide diagnosis and therapies,
increasingly involving artificial intelligence to cope with
extreme data complexities. However, clinical application
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encounters substantial hurdles, such as unknown valid-
ity across ethnic groups, underlying bias in health care,
and real-world validation. This review address the
underlying science and technologies germane to phar-
macogenomics and personalized medicine, integrated
with economic, ethical, and regulatory issues, provid-
ing insights into the current status and future direction
of health care.

Significance Statement——Personalized medicine
aims to optimize health care for the individual pa-
tients with use of predictive biomarkers to improve out-
comes and prevent adverse effects. Pharmacogenomics
drives biomarker discovery and guides the develop-
ment of targeted therapeutics. This review addresses
basic principles and current trends in pharmacoge-
nomics, with large-scale data repositories accelerating
medical advances. The impact of pharmacogenomics
is discussed, along with hurdles impeding broad clini-
cal implementation, in the context of clinical care,
ethics, economics, and regulatory affairs.

I. Introduction

A. Personalized Medicine

Successful treatment and prevention of disease is
guided by personal characteristics, including age, sex,
disease status, body weight, socioeconomic status, and
common diagnostic parameters such as cholesterol and
glucose levels. Recent scientific and technological advan-
ces, including genomics, have drastically enhanced our
ability to optimize therapies tailored to well-defined
patient subgroups or even uniquely to individual
patients, resulting in a new understanding of personal-
ized medicine. Addressing confusion about the defini-
tion of personalized medicine, Simmons et al. (2012)
state on p.85: “personalized healthcare is an approach
to care that utilizes personalized medicine tools to
deliver patient-centered, predictive care within the
context of coordinated service delivery.” The terms
“personalized medicine” and “personalized health care”
are often used interchangeably; however, “health care”
applies more broadly to include maintenance of optimal
health, focusing on resilience rather than disease risk
factors, requiring conceptually distinct approaches.

Genomic medicine has become an important aspect of
personalized medicine, with some promoting the term
“precision medicine” targeting uniquely an individual
patient. Yet translating genomics into clinical practice
has met substantial hurdles, due to complex relationships

between genetic factors and phenotypes and obstacles to
practical implementation. Today, genomics encompasses
many -omics areas including proteomics, metabolomics,
and more, each yielding biomarkers useful as therapeu-
tic guides. Applied to drug therapies, pharmacogenom-
ics has emerged as a driver of personalized medicine
with numerous personalized therapies moving into clin-
ical use; yet similar hurdles need to be overcome. This
review broadly addresses the promise and limitations of
pharmacogenomics.

B. Brief History of Pharmacogenetics

In 1909, Archibald Garrod proposed that inborn errors
in metabolism provide a genetic basis of some diseases
and predicted that “every active drug is a poison, when
taken in large enough doses, and in some subjects, a
dose which is innocuous to the majority of people has
toxic effects, whereas others show exceptional toler-
ance to the drug.” Demonstration of genetic factors
in response to xenobiotics came from the observation
by Arthur L. Fox in 1932 that some individuals are
unable to sense the bitter taste of phenylthiocarba-
mide, present in broccoli, and identified it as an inher-
ited trait, subsequently associated with polymorphisms
in the bitter-taste receptor TAS2R38, implicated in
food acceptance (Keller and Adise, 2016). Friedrich
Vogel coined the term “pharmacogenetics” in 1959, after
discoveries of genetic defects in N-acetyl transferase
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(which metabolizes niacin), glucose-6-phosphate dehydro-
genase deficiency (primaquine hemolysis), and plasma
cholinesterase deficiency (prolonged apnea caused by
succinylcholine), followed by CYP2D6 deficiency causing
severe adverse effects to debrisoquin and sparteine
(reviewed in Ma and Lu, 2011; Mueller et al., 2019).
This series of discoveries triggered an intensive search
for genetic factors in drug response, cloning the responsi-
ble genes, and identifying the causative genetic variants.
Subsequent studies discovered numerous drug metabo-
lizing enzymes and drug transporters, followed by molec-
ular cloning of the genes and uncovering the mutations
affecting the encoded protein’s functions, with potential
clinical relevance. For example, a CYP2D6 mutation was
found to abrogate debrisoquine metabolism, leading to
severe adverse effects (Skoda et al., 1988). Expanding
knowledge of underlying genetic causes led to genetic bio-
markers predicting drug exposure and response, the goal
of pharmacogenetics. However, as we discuss, numerous
factors determine drug exposure and response; therefore,
any such biomarker needs to be embedded into a broad
decision framework to optimize personal therapeutics.

Drug levels in the blood can serve as an intermediate
phenotype that integrates genetic factors with all other
factors, including enzyme induction and inhibition, re-
nal functions, and more. Already in use for decades,
therapeutic drug monitoring as a measure of drug expo-
sure requires pharmacokinetic modeling often with
sparse temporal data (Derendorf et al., 2000). Novel
drug-level assays and data analytics render drug-level
monitoring still relevant today, as valuable biomarkers
in several areas including cancer (Knezevic and Clarke,
2020), inflammatory diseases (Shmais et al., 2021), and
depression (Papamichael and Cheifetz, 2019).

A similar historical path led to the discovery of recep-
tors mediating drug response. Among these, a large
group of genes encoding G protein-coupled receptors,
remains the dominant target of currently used drugs
(Hauser et al., 2017). Drug effects are assessed with
pharmacodynamics, designed to optimize drug response
across diverse groups of patients (Derendorf et al.,
2000). However, the expectation that genetic variants in
drug-receptor genes would be equally applicable to opti-
mizing therapy is confounded by the multifactorial na-
ture of complex biologic response pathways. Complexity
is enhanced by receptor proteins aggregating into large
complexes with multiple functions, for example, hetero-
complex formation between dopamine and N-methyl-D-
aspartate receptors (Tevzadze et al., 2022). Neverthe-
less, clinically useful biomarkers have been developed,
for example genetic variants in f1l-adrenergic receptors
in therapy of heart failure (Thomas and Johnson, 2020).
The genetics of G protein-coupled receptors remains a
promising area of research and clinical utility. Pharmaco-
genomics of cancer has evolved rapidly, with both germ-
line mutations and tumor-driving somatic mutations
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guiding targeted therapies, a signature topic discussed
separately further later.

Pharmacogenomic biomarkers applied to improve
therapeutic efficacy and avoid adverse drug reactions
(ADRs) are listed in Table 1. While drug efficacy is of-
ten polygenic, serious ADRs tend to be less frequent
and more likely to arise from specific genetic factors.
ADRs are considered a major cause of hospitalizations
and death, defined by the World Health Organization
to arise from standard accepted therapy, excluding
overdoses and errors. To reduce the incidence of ADRs,
countless studies continue in search of causative genetic
variants that affect susceptibility to ADRs (Phillips
et al., 2001; Cacabelos et al., 2019), defined as type A
reactions (for example to warfarin and thiopurines) and
type B reactions, the latter involving immune reactions
of skin, liver, and heart (idiosyncratic drug reactions)
(Osanlou et al., 2018). Overlaying the literature of ADRs
with known pharmacogenetic variants provided early ev-
idence that genetics play a significant role in ADRs, and
their prospective use could help avoid ADRs (Phillips
et al., 2001). This approach revealed variants in genes
encoding drug-metabolizing enzymes displaying signifi-
cant associations with ADRs of type A, their level of ac-
tivity being directly related to drug levels in the body
(Table 1).

Over time, numerous highly penetrant pathogenic
variants have been discovered in different pharmaco-
gene classes. Drug-induced QT prolongation increases
the risk of torsade de pointes, with potentially lethal
ventricular arrhythmias (Roden, 2016), with many
drug classes involved, including antibiotics, cardio-
vascular drugs, antipsychotics, and anticancer drugs.
All new drugs are tested for QT prolongation before
Food and Drug Administration (FDA) approval is at-
tained. However, these ADRs can be rare when asso-
ciated with rare mutations in cardiac ion channels, a
main cause of removal from clinical use after FDA ap-
proval. Several genetic variants have been identified
to enhance the risk of drug-induced long QT, includ-
ing KCNE1-D85N and KCNEZ2-T8A (Lopez-Medina
et al., 2022).

Among the type B ADRs, human leukocyte antigens
(HLAs) have shown highly significant associations
with severe ADRs (see Table 1 for examples), such as
drug-induced skin injury and drug-induced liver in-
jury (Yip et al., 2015). For example, carriers of the
HLA-B*15:02 are highly susceptible to carbamazepine
hypersensitivity reactions leading to Stevens-Johnson
syndrome. As such ADRs are relatively rare, depend-
ing on ethnicity, prospective genotyping is not univer-
sally performed or only in select ethnic groups with
increased allele frequency (HLA-B*15:02 in Asians),
even though clinical outcomes can be severe.

Pharmacogenetics historically focuses on single drug—
single gene interactions that can affect therapeutic
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TABLE 1

Pharmacogenetic biomarkers with guidelines for clinical use from at least one of the pharmacogenomics societies in different countries (CPIC,

DPWG, RNPGx, CPNDS, SEFF/SEOM, AusNZ)

Data are from Pharmacogenomics Knowledge Base (https:/www.pharmgkb.org/guidelineAnnotations). Only common variants are listed.

Gene Alleles tested Molecular Mechanisms Related Medications
ABCG2 rs2231142 (c.421 G>T) Missense Allopurinol, rosuvastatin
CACNA1S rs772226819 (C520C>T), Missense Enflurane, desflurane, isoflurane,
rs1800559 (c.3257G>A) methoxyflurane, sevoflurane,
succinylcholine, halothane
CFTR 38 rare variants Missense Ivacaftor
CYP2B6 rs3745274 and rs2279343 Disrupt intronic splicing site Efavirenz
containing alleles, rare variants (rs2279343), missense (rs3745274)
CYP2C19 rs12769205(*2), rs4986893(*3), Splicing defect (*2), create stop Amitriptyline, citalopram, clomipramine,
rs28399504 (*4), rs12248560(*17), codon (*3), delete start codon (*4), clopidogrel, dexlansoprazole, doxepin,
rare variants promoter transcription (*17) escitalopram, imipramine, lansoprazole,
omeprazole, pantoprazole, sertraline,
trimipramine, voriconazole
CYP2C9 rs1799853 (*2), rs1057910 (*3), Missense Acenocoumarol, celecoxib, fluindione,
rs28371686 (*5), rs7900194 (*8), flurbiprofen, Fluvastatin, fosphenytoin,
rs28371685 (*11), rare variants ibuprofen, lornoxicam, meloxicam,
phenytoin, piroxicam, siponimod,
tenoxicam, warfarin
CYP2D6 rs35742686 (*3), rs3892097 (*4), Indels (*3, *6), splicing defect Amitriptyline, aripiprazole, atomoxetine,
rs5030655 (*6), rs5030656 (*9), (*4), missense (*9, *10, *17, *29), brexpiprazole, clomipramine, codeine,
rs1065852 (*10), rs28371706 gene expression (*41) desipramine, doxepin, eliglustat,
(*17), rs59421388 (*29), flecainide, fluvoxamine, haloperidol,
rs28371725 (*41), structure and hydrocodone, imipramine, metopolol,
copy number variants nortriptyline, ondansetron, paroxetine,
pimozide, propafenone, risperidone,
tamoxifen, tramadol, trimipramine,
venlafaxine, zuclopenthixol
CYP3A4 1s35599367 (*22) Aberrant splicing (*22) Atorvastatin, quetiapine, many drugs
CYP3A5 18776746 (*3), rs10264272 (*6), Aberrant splicing (*3), splicing Tacrolimus
rs41303343 (*7) defect (6), indel (*7)
CYP4F2 rs2108622 Missense Warfarin
DPYD 90 rare variants Splicing defect (*2A), indels (*3, Capecitabine, flucytosine, fluorouracil,
*7), missense tegafur
F5 rs6025 Missense Hormonal contraceptives for systemic use
G6PD >150 rare variants Missense, indels Rasburicase
HLA-A HLA-A*31.01 Missense Carbamazepine
HLA-B HLA-B*15.01 Missense Abacavir, flu-+cloxacillin
HLA-B HLA-B*15.02 Missense Carbamazepine, fosphenytoin,
lamotrigine, oxcarbazepine, phenytoin
HLA-B HLAB*57-01 Missense Abacavir, flucloxacillin
HLA-B HLAB*58-01 Missense Allopurinol
IFNL3 rs12979860, rs8099917 Noncoding, regulatory Peginterferon alfa-2a, peginterferon
alfa-2b, ribavirin
MT-RNR1 m.1095T>C, m.1494C>T, Affecting mitochondrial 12S rRNA Amikacin, gentamicin, kanamycin,
m.155A>G function paromomycin, plazomicin, streptomycin,
tobramycin
NUDTI15 rs746071566(*2, *6), Missense (*3, *5), indels (*2, *6) Azathioprine, mercaptopurine,
rs116855232(*3) rs186364861(*5) thioguanine
RARG 182229774 Missense Daunorubicin, doxorubicin
RYR1 50 rare variants Missense Desflurane, enflurane, halothane,
isoflurane, methoxyflurane
SLC28A3 rs7853758 Missense Daunorubicin, doxorubicin
SLCOI1B1 rs4149056 and rs59502379 Missense Atorvastatin, fluvastatin, lovastatin,
containing alleles pitavastatin, pravastatin, rosuvastatin,
simvastatin
TPMT rs1800462(*2), rs1142345(*3), Missense (most), splicing Azathioprine, cisplatin, mercaptopurine,
rs1800584(*4), rs75543815(*6), defect (*4) thioguanine
rs72552736(*7), rs56161402(*8)
UGTI1A1 rs3064744 (*28, *36, *37), Promoter variants, gene Atazanavir, itinotecan
rs4148323(*6), rs887829(*80) expression (*28, *36, *37, *80),
missense (*6)
UGT1A6 rs17863783 (*4) Missense Daunorubicin, doxorubicin
VKORC1 rs9923231 Promoter variant, gene expression Acenocoumarol, fluindione, warfarin

DPWG, Royal Dutch Association for the Advancement of Pharmacy-Pharmacogenetics working Group; CPNDS, Canadian Pharmacogenomics Network for Drug
Safety; indel, insertions/deletions; RNPGx, French National Network of Pharmacogenetics; SEFF/SEOM, Spanish Pharmacogenetics and Pharmacogenomics Society/
Spanish Society of Medical Oncology; AusNZ, Australian and New Zealand consensus guideline.

decisions, with few examples of two or more gene inter-
actions (Dalle Fratte et al., 2023) rapidly increasing com-
plexity of biomarker assays. Clearly, human physiology
and response to therapies involves countless factors

beyond genetics. Integration of these elements, each of
high complexity in itself, has emerged as a compelling
trend, in part driven by advances in genomics, reflect-
ing the entire genome rather than individual genes.
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C. Survey of Drug-Metabolizing Enzymes and
Transporters

Pharmacogenetics has traditionally focused on genes
encoding proteins directly interacting with small molec-
ular weight drugs, specifically metabolizing enzymes,
transporters, and receptors, already extensively reviewed
(Weinshilboum and Wang, 2017; Roden et al., 2019;
Cecchin and Stocco, 2020). Therefore, this review in-
cludes only a few concepts relevant to understanding the
potential impact of genetic variants on drug absorption,
distribution, metabolism, and excretion. Physicochemical
properties such as polarity and molecular weight deter-
mine whether a drug can readily penetrate cell mem-
branes composed of lipid bilayers that represent robust
barriers to polar compound such as amino acids, nucleo-
sides, sugars, and quaternary ammonium ions. To bring
essential nutrients into the cell, several hundred genes
encode transmembrane transporters that recognize nu-
trients and ions, and molecules including drugs with
similar structure, by facilitating diffusion across the
membrane or by an active mechanism via cotransport
of ions such as Na® (Jetter and Kullak-Ublick, 2020).
On the other hand, primary active transporters driven
by ATP typically act as extrusion pumps, for example
ABCB1, also known as multidrug resistance protein 1
(MDR1). Absent any substantive interaction with trans-
porters, polar drugs do not distribute extensively into tis-
sues and are largely excreted into the urine, as shown
for digoxin, which is slowly metabolized and relies mostly
on renal function for elimination from the body. As such,
renal function can guide drug dosing. On the other
hand, lipophilic drugs distribute extensively into tissues,
are only minimally excreted into the urine unchanged,
and depend on metabolism for functional elimination.

Numerous enzymes contribute to the metabolism of
xenobiotics by oxidation, reduction, hydrolysis, and more.
In this “phase I metabolism” of lipophilic drugs, func-
tional groups such as -OH are introduced that enable
conjugation with polar substituents such as glucuronide,
sulfate, phosphate, and amino acids. This “phase II
metabolism” enables excretion into the urine or feces via
biliary processing. Most prominent among phase I en-
zymes, cytochrome P450 oxygenases (CYPs) are encoded
by the large CYP family of genes and metabolize a ma-
jority of clinically used drugs, with the following CYPs
listed in order of the number of clinically used drug sub-
strates: 3A4(5) > 2D6 > 2C9 > 1A2 > 2C19 = 2B6 >
2C8 > 2A6 = 2E1 = 2J2 (Zhao et al., 2021). Many drugs
are inactivated by metabolism, but both phase I and II
metabolism can also lead to active metabolites, activate
an administered inactive drug (e.g., codeine to mor-
phine), or lead to toxic metabolites or intermediates,
such as aryl epoxides. To assess the potential impact of
genetic variants in enhancing or reducing enzyme activ-
ity, one needs to consider whether the metabolic steps
are drug activating or inactivating. Therefore, a detailed
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assessment of the activity of the parent drug and all its
metabolites is essential. For example, the anticancer
drug irinotecan, inactive per se, is activated by an ester-
ase to the active SN38, which subsequently is inacti-
vated by the glucuronidation enzyme UGT1A1, encoded
by a gene carrying a frequent promoter repeat that
reduces activity and can lead to unwanted drug toxic-
ity (alleles UGT1A1*6 and *28) (Campbell et al., 2017).
Multiple factors determine whether UGT1A1 genetic
biomarkers can improve treatment outcomes with irinote-
can, including frequency and penetrance of the variants,
additional metabolic pathways that can bypass UGT1A1
dependency, therapeutic means to reduce the severity of
ADRs, and issues involving access to testing and cost
(Campbell et al., 2017). These factors must be addressed
with each pharmacogenetic biomarker test.

Multiple elements, in addition to genetic variants,
can contribute to variable drug metabolizing activity.
Diverse substances and conditions can cause CYP450
induction or inhibition, including exposure to cigarette
smoke, pathophysiological conditions, age, and sex. Drug-
induced enzyme inhibition leads to ‘phenoconversion,”
resulting in a mismatch between genetically predicted
and observed enzyme activity and drug-drug-gene-gene
interactions with potentially severe clinical impact
(reviewed by Klomp et al., 2020). For each enzyme, the
relative impact of genetic and other factors needs to be
assessed in interpreting biomarker results.

D. Transition to Pharmacogenomics

Sequencing the human genome in 2001 has led to
rapid advances in genomic sciences, focusing our atten-
tion not just on single genes but on the ensemble of
all genes and genomic functions. This broader view
has led to the term “pharmacogenomics,” defined by
the National Human Genome Research Institute as
“Pharmacogenomics is a branch of pharmacology con-
cerned with using DNA and amino acid sequence data
to inform drug development and testing.” Multiple
reviews cover pharmacogenomics but often still embrace
mainly pharmacogenetics concepts, reflecting the in-
fluence of one or only a few genes on drug response
(Weinshilboum and Wang, 2017; Roden et al., 2019;
Patrinos and Shuldiner, 2022). Reviews also have ad-
dressed the pharmacogenomics of select complex diseases,
including cardiovascular disorders (Duarte and Cavallari,
2021), diabetes (Venkatachalapathy et al., 2021), psychi-
atric diseases (Hoehe and Morris-Rosendahl, 2018), and
cancer (Morganti et al., 2019). Targeted cancer therapies
mainly rely on somatic mutations in oncogenes, but when
the therapeutic window is narrow, germline mutations in
drug-metabolizing enzymes and transporters also play a
key role in drug response (Miteva-Marcheva et al., 2020).
Next-generation sequencing (NGS) and other massively
parallel methods have opened the door to interrogate
the entire genome, protein coding exome, transcriptome
[RNA sequencing (seq), single-cell RNA-seq], methylome,
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and epigenome (ChIP-seq, ATAC-seq) to predict disease
risk and therapy response (Rabbani et al., 2016). Yet
such large-scale data generate a complex landscape
that poses hurdles in defining robust genome-phenome
relationships and obstacles to clinical implementation
(Ji et al., 2018). The potential of genomics in clinical
applications is often highlighted, but few examples
go beyond the influence of one or only a few genes on
treatments. In this review, we analyze challenges
and advances that can overcome hurdles in clinical
implementation.

New treatment modalities beyond traditional drugs
further expand the field of pharmacogenomics (Brown
and Wobst, 2021). Novel therapies include RNA and
DNA molecules, gene therapy, gene editing, proteins,
live cells, tissues, bacteria, and viruses, supplemented
with radiation therapy, diet, and exercise. Treatment
strategies then are adjusted to personal characteris-
tics (e.g., age, sex, ethnicity, health status, socioeco-
nomic status, culture, and more), illustrating the highly
complex therapeutic landscape. RNA pharmaceuticals
(messenger RNAs, antisense RNAs, RNAs addressing
splicing defects, microRNAs) promise effective means for
vaccination and therapies for infections, inherited disor-
ders, cancer, and cardiovascular disease, made feasible
by genomics insights with biomarkers (Servick, 2020).
In addition, the National Institutes of Health (NIH) pro-
motes “precision nutrition”—including the microbiome
as a target—as an alternative or complement to medical
therapies (Kaiser, 2021). The role of microbiota in cancer
and immune response has become evident (Mager et al.,
2020; Woelk and Snyder, 2021). Combined, these features
coalesce in the field of personalized medicine, requiring
the integration of diverse datasets to arrive at optimal
personalized therapies and prevention strategies.

II. Principles of Genetics and Genomics

A. Complexity of Genes and the Genome—Integration
of Diverse Large Datasets

Pharmacogenetics first focused on genetic variants
that change the protein sequence, for example, non-
synonymous single nucleotide polymorphism (nsSNPs),
generating predictive biomarker panels of drug response.
nsSNPs are changes in the DNA coding sequence readily
detectable by whole exome sequencing (Silgado-Guzman
et al., 2022). However, genome-wide association studies
(GWAS) have revealed that most variants associated
with clinical phenotypes reside in untranscribed domains,
in noncoding RNAs and noncoding regions of protein
genes, or are synonymous single nucleotide polymor-
phism (SNPs) in coding regions that do not alter the
protein sequence (e.g., rs3435 in ABCBI, encoding
MDRI1, destabilizing the RNA) (Wang et al., 2005).
Any variant in a transcribed region can affect RNA func-
tions, such as processing, splicing, stability, intracellular
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sequestration, and translation (Sadee et al., 2011;
Mascarenhas et al., 2015). These variants are presumed
to have regulatory functions affecting the expression of
the encoded proteins or alter the folding and function of
noncoding RNA transcripts (Collins et al., 2022). Tens
of thousands of long noncoding RNAs (IncRNAs) have
been identified [e.g., IncRNA networks affecting CYP3A
expression (Huang et al., 2022)], but their functions
remain mostly unknown. RNA processing further gives
rise to short RNAs, for example, the conversion of long
microRNA precursors to short microRNAs that regulate
the expression of numerous pharmacogenes, including
CYP enzymes (Manikandan and Nagini, 2018). Some
microRNA precursors can have functions per se (Morelli
et al., 2023), illustrating functional complexity. Also, sev-
eral thousand open reading frames previously thought
to be noncoding are now suspected of encoding short
proteins mostly with as yet poorly defined functions
(Schlesinger and Elsasser, 2022), implying we are still
far from a comprehensive understanding of the human
genome. Issues with GWAS data arising with the analy-
sis of highly polygenic traits, such as body weight, across
ethnic populations include varying allele frequencies and
linkage disequilibrium (LD), discussed by (Hui et al.,
2022). GWAS combined with massively parallel reporter
assays has served to identify countless noncoding regula-
tory variants and derived gene networks, with the poten-
tial to account for Alzheimer’s disease as an example
(Cooper et al.,, 2022). Generating functional networks
strengthens associations of multiple individual regulatory
variants, revealing pathways underlying pathophysiology.

The genomic architecture of single genes also displays
high complexity, a steep hurdle for use of clinical bio-
markers. First, enhancer and suppressor elements are
distributed over large genomic regions—sometimes 0.1
to >1 million base pairs distant from the transcription
initiation site, interacting with the proximate promoter
via DNA looping [e.g., CYP2D6 (Wang et al., 2014; Ray
et al.,, 2019)]. Second, structurally homologous genes
generated by gene duplication often reside in contiguous
multigene clusters (e.g., CHNR5, CHNR3, CHNB2)
(Lee et al., 2018). The CYP3A multigene locus similarly
contains interacting regulatory elements that harbor
genetic variants (Collins and Wang, 2020; Collins et al.,
2022). Genetic factors are thought to account for a sub-
stantial portion of intersubject variability in functional
expression, for example, approximately 60% estimated
for CYP3A4; however, known variants still account for
only a fraction of overall heritability (reviewed by Zhai
et al., 2022). Multigene clusters also express noncoding
and antisense RNAs as potential regulatory factors
(Hartmann et al., 2022). Genetic variation includes
not only SNPs and structural variants (large and small
deletions and duplications) but also transversions from
adjacent pseudogenes (Gallou et al., 2001), leading to
complex genome-phenotype relationships.
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Genetic variants of the germline reside in and are in-
herited as genomic regions that can be disrupted by gen-
erational crossing over. Any variants in such regions are
in some degree of LD; that is, they tend to reside on the
same chromosome. As a result, multiple GWAS SNPs
are often significantly associated with a given trait, and
the degree of significance correlates with the degree of
LD with the causative variant (Hartmann et al., 2022).
If two null variants (abrogating function of the encoded
protein) reside in a given gene locus, it becomes impera-
tive to understand the LD between them and determine
the phasing—whether both null variants detected in an
individual are on the same or opposite strands, forming
functionally distinct haplotypes and diplotypes (combina-
tion of two haplotypes in autosomal genes and in females
with two X chromosomes). In the former case, one allele
can be fully functional, whereas in the latter both alleles
are nonfunctional. In the case of CYP2D6 (discussed in
more detail later), haplotype structures between variants
of different causalities can be deduced statistically from
large-scale population sequence data, reflecting distinct
LD patterns between ethnic groups, or by long-range
single-molecular sequencing (Hernandez et al.,, 2014;
Budd et al., 2016).

To translate genetic variants into valid biomarkers for
drug response, one must further consider the complexity
of pharmacokinetic and pharmacodynamic networks, in-
volving multiple genes. The pharmacokinetic-pharmaco-
dynamic network of thiopurines, comprising anticancer
and immunosuppressant drugs, illustrates the multifac-
torial nature of drug response (Fig. 1). Each key gene
must be studied for relevant functional variants, in par-
ticular for the “very important pharmacogene” TPMT,
and the subsequently added NUDT15 (Moriyama et al.,
2016), each with complex genetics. Any errors in assign-
ing correct LD structures across the entire gene locus
reduce clinical biomarker utility and even can cause
harm.

Genetic variants and mutations in the X-chromosome
result in pronounced differences between males and
females. Whereas either X chromosome is epigeneti-
cally and randomly inactivated in females, chromatin
states can vary between females (Allis and Muir, 2011),
up to the point that only one of the two X-chromosomes
is largely active throughout all cells (approaching pres-
ence of a single X-chromosome in males without a
Y chromosome)—a point typically neglected as to clini-
cal relevance in X-linked traits. In addition, some
X regions escape silencing in females, for example, the
MAOA region with clinically relevant regulatory variants
(Pinsonneault et al., 2006), a confounding factor in the
interpretation of biomarkers. In general, sex differences
arise from multiple factors and need to be included in
preclinical and clinical research (Becker et al., 2005).

Variants in the maternally inherited mitochondrial ge-
nome can also affect disease risk and response to drugs.
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Fig. 1. Combined pharmacokinetic-pharmacodynamic network of thio-
purines (thioguanine, mercaptopurine, azathioprine) displayed in the
PharmGKB (https://www.pharmgkb.org/pathway/PA2040). Marked with
red arrows are two key genes labeled as “very important pharmacogene”
are TPMT (thiopurine methyl transferase), inactivating thiopurines, and
NUDT15 (nucleoside diphosphate linked moiety X-type motif 15), mediat-
ing dephosphorylation of thioguanine phosphates. When deficient, both
genes can cause severe toxicity. Clinical biomarker testing is recom-
mended but not yet broadly implemented. PharmGKB grants use of its
data and contents under the Creative Commons Attribution-ShareAlike
4.0 International License. PharmGKB, Pharmacogenomics Knowledge
Base.

For example, gentamicin ototoxicity can occur at normal
therapeutic blood levels in carriers of a mutation in the
mitochondrial gene MT-RTNR1, leading to clinical guide-
lines for the use of aminoglycosides (McDermott et al.,
2022). An overview of the role of mitochondrial DNA
in drug response includes antiviral drugs, anticancer
agents, and antimicrobials but cautions that the results
thus far are sporadic and more research is required
(Jones et al., 2021).

B. Role of Evolution in Shaping Genomic Architecture

Medical genetics has traditionally emphasized deleteri-
ous variants identified as disease risk factors, often with
low allele frequency if under negative purifying selection,
including mutations implicated in approximately 7,000
monogenic disorders. On the other hand, variants under
positive selection can accumulate rapidly and reside in
long unbroken LD blocks—a feature of positive selection.
Drug target genes are likely candidates for hub genes in
networks critical to cell physiology and thus also likely to
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be under evolutionary selection pressure. In addition,
genes encoding drug metabolism enzymes rapidly evolve
to protect against external toxins, resulting in vary-
ing drug responses across ethnogeographic popula-
tions (Ramamoorthy et al., 2022). Studying the
evolutionary landscape of CYPP450 enzymes has re-
vealed extensive selection pressures that differ between
ethnogeographic groups, often affecting regulatory var-
iants of gene expression (A. Richard-St-Hilaire et al.,
2023, preprint, DOI: 10.1101/2023.02.23.529697). To
detect regulatory variants under selection pressure, we
developed precise assays to measure allelic expression
RNA imbalance (AEI, the RNA allele ratio deviates
from the genomic DNA ratio), including genome-wide
analysis (Smith et al., 2013), a powerful method detect-
ing cis-acting regulatory variants even over long distan-
ces in heterozygous carriers. This approach revealed
frequent variants regulating transcription, RNA process-
ing and function, and translation in a majority of genes
analyzed, including drug-metabolizing enzymes (e.g.,
CYP3A4, CYP2D6, NAT1), transporters (ABCB1, DAT,
SERT) and receptors (e.g., DRD2, 5HT2A, VKORC1)
(reviewed in Sadee et al., 2014). Variants associated
with RNA transcript and protein abundance are termed
expression quantitative trait loci and protein quantita-
tive trait loci, respectively. Many of these regulatory
variants reside in long LD blocks suggestive of positive
evolutionary selection. Long overlapping LD blocks with
hundreds of SNPs reveal a genomic domain regulat-
ing the CHRNA5/CHNAS3/CHNB4 multigene locus
(Fig. 2) (Barrie et al., 2017), including nonlinear epi-
static interactions (Lee et al., 2018). SNPs representing
each LD block reveal significant associations with smok-
ing behavior; yet these associations alone are insufficient
as clinical biomarkers because of the complexity of this
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polygenic trait. Similar findings apply to other substance
use disorders (Peng et al., 2021), presenting barriers to
guiding personalized therapies.

Genomic regions under shared regulatory control—
characterized by extensive DNA looping and promoter/
enhancer/suppressor interactions—are termed topologi-
cally associated domains (Gong et al., 2022), character-
ized by epigenetic markers with regulatory variants that
alter epigenetic marks and transcription of one or more
target genes. In pharmacogenomics, topologically associ-
ated domains have been assessed for influence on the re-
sponse to valproic acid therapy in brain injury (Higgins
et al., 2017), but clinically valid biomarkers have yet to
be developed. Coevolution and coregulation of the gene
clusters CYP3A and CYP4F exemplify the concept that
regulatory variants exert effect over large genomic
regions with several genes and can be revealed with
use of evolutionary methods (A. Richard-St-Hilaire
et al., 2023, preprint, DOI: 10.1101/2023.02.23.529697).

Positive evolutionary selection often arises initially
from reproductive advantages occurring in heterozy-
gous carriers, then continuing to a complete sweep of
the variant. If, however, homozygosity is deleterious,
such variants will rise to intermediate stable frequency.
This process is referred to as balancing selection,
documented for the CYP4F gene cluster (A. Richard-
St-Hilaire et al., 2023, preprint, DOI: 10.1101/2023.
02.23.529697). In addition, new variants counteract-
ing deleterious effects can emerge, for example in
CYP2D6 discussed further later. As another example,
the hepatic enzyme CYP7A1 catalyzes a main pathway
for removal of cholesterol (protect against cardiovascular
diseases) to generate deoxycholic acid (risk of diabetes)
(Zaborska et al., 2018). A frequent variant in the proxi-
mate promoter rs3808607 robustly reduces CYP7A1
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Fig. 2. CHRNA5, CHNA3, CHNB4 gene cluster. This screenshot of the GTEx IGV Browser displays the alignment of the three nicotinic receptors,
with GWAS hits (green bars) and RNA eQTLs (red dots: CHRNADS, gray dots: mostly CHRNB4, some for the noncoding RP11-160C18.2). Top CHRNA5
eQTLS are highly significant (p<e-22), and together with GWAS hits line up over 400,000 bps in several very long overlapping LD blocks. The LD
blocks each carry one or more functional variants, including the functionally relevant nsSNP rs16969968. The data used for the analyses described in
this manuscript were obtained from the GTEx Portal on January 20, 2023 (https://www.gtexportal.org/home/browseEqtls?location=CHRNA5) (GTEx
Consortium, 2020). eQTLs, expression quantitative expression loci; GTEx, Genotype-Tissue Expression.
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transcription but failed to reveal significant association
with coronary artery disease or diabetes. Scanning the
gene locus revealed a second frequent variant, rs9297794
approximately 10kb downstream of CYP7AI, in an en-
hancer domain interacting with the promoter via long-
range DNA looping (Wang et al., 2018). This variant ro-
bustly reduces CYP7A1 transcription but resides mostly
in a long LD block in strong LD with the promoter
SNP, masking effects on clinical phenotypes. Testing
their combined effect in a two-SNP model in electronic
clinical databases revealed significant associations with
risk of coronary artery disease and diabetes, in opposite
directions as expected (Wang et al., 2018). This example
demonstrates how GWAS analyses can be buttressed
by functional studies to reveal hidden causative rela-
tionships that can vary between different ethnic groups
(Patel et al., 2022).

C. Molecular Genetics |/ Genomics of Pharmacogenes

Frequent variants in at least 26 pharmacogenes serve
as biomarkers for therapy with more than 90 medica-
tions (Table 1). Knowledge of genetic mechanisms, inter-
actions between more than one variant per gene locus,
and ethnogeographic differences in frequencies support
clinical utility. Numerous additional variants can contrib-
ute to the overall genetic effect and are assessed with
polygenic SNP panels, mostly using surrogate markers
for unknown causative variants (Zhou and Lauschke,
2022). Most current clinically applicable variants are
located in transcribed regions (exons and exon-intron
boundary), including SNPs, small insertions/deletions,
gene copy number variation, and structure variations,
affecting the function of encoded proteins through chang-
ing the amino acid sequence (e.g., nsSNPs), disrupting
splicing, shifting open reading frames, and changing the
translation start or stop codons. However, GWAS reveal
that nearly 90% of trait- or disease-associated SNPs are
noncoding variants (Hindorff et al., 2009), with regula-
tion of gene expression a main mechanism.

Genetic variants in CYP genes can alter metabolism
of >60% of clinically used drugs (Ingelman-Sundberg,
2022), cataloged in PharmVar (https:/www.pharmvar.
org/). Exon sequencing and GWAS have led to discovery
of additional rare coding variants (Amin et al., 2012;
Holzinger et al., 2012; Krumsiek et al., 2012; Perera
et al., 2013; Loukola et al., 2015). In addition, whole ge-
nome sequencing documents numerous variants outside
transcribed regions associated with CYP activity (Zhou
and Lauschke, 2022). Many of the GWAS implicated
variants are still under study and could account in part
for the “missing heritability” (Johnson et al., 2008;
Sadee et al., 2011). Arguably the most important drug
metabolizing enzyme, CYP3A4 displays large interindi-
vidual differences in expression, with substantial heredi-
tary influence, but the known CYP3A4 variants account
for only a small portion of variance across a population.
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Nevertheless, new drugs are often designed to be metab-
olized by CYP3A4.

Regulatory variants can affect transcription or RNA
processing (Sadee et al., 2011), such as splicing, RNA
protein interactions, and translation as reported for the
w opioid receptor (Mascarenhas et al., 2015). Genetic
variants can also act indirectly via IncRNAs, for example
regulating CYP3A4 activity (Collins and Wang, 2022).
In CYP3A4, an intronic SNP (CYP3A4*22, rs35599367,
MAF 2%—6%) affects alternative splicing, reducing
CYP3A4 hepatic expression and statin dose require-
ments (Wang et al., 2011). CYP3A4*22 has emerged as
a clinically relevant variant in CYP3A4 (Elens et al.,,
2013; Zanger and Schwab, 2013; Werk and Cascorbi,
2014). However, CYP3A4*22 accounts for only portion
of CYP3A4 variance across populations, due to its rela-
tively low allele frequency.

SNPs regulating transcription, a mechanism for nearly
50% of GWAS hits (GTEx Consortium, 2020), can serve
as biomarkers, for example promoter SNPs in VCORK1
(Wang et al., 2008) and UGT'1A1 (Campbell et al., 2017).
However, transcriptional regulation remains only par-
tially characterized for most pharmacogenes including
CYPs. Gene transcription is controlled by a core pro-
moter and proximal or distal enhancers and suppres-
sors. The core promoter and proximal enhancer (<4kb
from transcription start sites) are extensively studied
for most CYP genes (Kuehl et al., 2001; Lin et al., 2002;
Wang et al., 2011), but distal regulatory elements and
their interactions are less well explored. Reporter gene
assays have identified several putative distal enhancers
(5-10kb) upstream of CYP3A4 (Goodwin et al., 1999;
Matsumura et al., 2004; Martinez-Jiménez et al., 2007;
Tegude et al., 2007). However, subsequent studies failed
to detect any in vivo effect (Wang et al., 2011), indicat-
ing reporter gene assays alone cannot reliably identify
regulatory regions, lacking interacting regulatory ele-
ments (Bu and Gelman, 2007; Kato et al., 2007; Wang
et al.,, 2008). A substantial portion of transcriptional
genetics remains uncertain.

Emerging functional genomics technologies facilitate
discovery of distal regulatory elements. Publicly acces-
sible genomic databases, including the Encyclopedia of
DNA Elements, reveal that proximity is not the rule
for enhancer-promoter communication. Many distal en-
hancers interact over 100kb to 1Mb (Maas and Fallon,
2005; Sanyal et al., 2012) targeting gene promoters via
long-range DNA looping (Sanyal et al., 2012; Zhang
et al., 2013; Heidari et al., 2014). Chromatin conforma-
tion capture technologies allow rapid identification of
interacting chromatin regions (Dekker et al., 2002;
Tolhuis et al., 2002), revealing complex connectivity
maps of the human genome, with numerous interactions
between promoters and distal enhancers (Sanyal et al.,
2012; Zhang et al., 2013; Heidari et al., 2014). Moreover,
clustered regularly interspaced short palindromic repeat
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technologies (Hsu et al., 2014) allow alteration of the ge-
nome in live cells, assessing enhancer function and in-
teractions in native chromatin context.

Applying these genomic technologies to pharmaco-
genes, we identified a distant enhancer region, located
115kb downstream of the CYP2D6 promoter, critical for
CYP2D6 transcription. This region carries a frequent
SNP (rs5758550) that further increases CYP2D6 tran-
scription at least twofold (Wang et al., 2014, 2015).
rs5758550 is in high LD over a span of >100 kb with
the even more frequent rs16947 (core SNP designating
CYP2D6*2 allele), shown to reduce CYP2D6 expression
(Wang et al., 2014). Such a long-distance LD block sug-
gests positive evolutionary selection pressure. Together,
rs16947 and rs5758550 form haplotypes with varying
frequencies in different populations, accounting for vari-
able CYP2D6 expression levels predicted by CYP2D6*2
containing haplotypes (Ray et al., 2019). However, addi-
tional unrecognized regulatory variants confound this
interpretation (unpublished observation).

Transcriptional regulation of CYP3A4 involves a mul-
tigene CYP3A cluster (CYP3A4, CYP3A5, CYP3A7, and
CYP3A43) of complex genomic architecture with shared
regulatory domains, interdependent domain-domain in-
teractions, and regulatory variants (Fig. 3) (Collins and
Wang, 2020). Several SNPs in distal enhancers regulate
CYP3A expression and interact with each other: SNP
rs62471956 upstream of CYP3A4 exhibits opposite ef-
fects on CYP3A43 and CYP3A4 expression, possibly
via competitive interactions (Collins and Wang, 2020).
rs62471956 is in complete LD with CYP3A4*22 (Wang
et al., 2011) and is associated with ticagrelor plasma
levels in a GWAS (Varenhorst et al., 2015), potentially
contributing to reduced expression of CYP3A4*22. Two
SNPs (rs115025140 and rs776744) in a shared enhancer
region approximately 90kb downstream of CYP3A4 asso-
ciate with increased expression of CYP3A4 and CYP3A5,
respectively (Collins et al., 2022). rs115025140 is unique
to African populations with an allele frequency of ap-
proximately 8%, the most frequent functional CYP3A4
variant compared with low frequency of CYP3A4*22

Chr7:99641624—99886585, hg38
R1 or DRR

CYP3AS
H3K27ac
H3K4Mel

CYP3A7-CYP3A51p CYP3A7
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(<1%). Both CYP2D6 and CYP3A4 highlight genomic
complexity under evolutionary selection pressures, likely
caused by environmental exposure.

In addition to CYP enzymes and nicotinic receptors
(Figs. 2 and 3), countless genes reside in clusters with
homologous genes, pseudogenes, and various noncoding
genes, regulated by enhancer networks and epistasis con-
ferring functional robustness (Lin et al., 2022). Dissecting
the regulatory elements and genetic variants, epistasis,
and epigenetic chromatin modifications is challenging
but can reveal the composite genetic and epigenetic influ-
ences. Accounting for such complexity could fill in the miss-
ing heritability encountered with polygenic risk scores and
improve clinical utility of pharmacogenetic biomarkers.

III1. Integration of Diverse Large Datasets,
Large-Scale Data Analytics

Large-scale repositories of genomic and health care
data have evolved into essential research tools readily
accessible to all without the need for deep informatics
expertise. Such datasets of large cohorts with genome-
wide sequencing and deep phenotyping serve to address
questions about specific genes or gene-drug interactions.
Large cohorts are needed to detect functional variants
affecting common polygenic disorders when individual
variants have only modest effects and to integrate mul-
tiple factors with diverse phenotypes. Biobanks such as
the UK Biobank (https://www.ukbiobank.ac.uk/) rede-
fined “large-scale” with nearly half a million participants,
all with genomic sequencing and deep phenotyping
(Sudlow et al., 2015; Backman et al., 2021). Intimate
connections between biobanks and electronic health
records, as in All of Us (https://allofus.nih.gov/), blur
the lines between data gathered for clinical care ver-
sus research, with an infrastructure that facilitates
integration of clinical practice with research (Ramirez
et al., 2022). These large-scale cohorts are just beginning
to be explored within pharmacogenomics, with initial
studies detecting known and new associations between
200 drugs and 9 genes while quantifying the prevalence
of allele and phenotype frequencies at a population level

Y
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Fig. 3. Chromatin interactions and histone marks within the CYP3A locus in hepatic tissue or cells. Arrows indicate the orientation of each gene. Blue
arced lines represent contact interactions and gray ovals regulatory regions identified in Collins and Wang (2020) and Collins et al. (2022). Gray bars

represent histone mark intervals from public databases.
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(McInnes and Altman, 2021). Cross-ancestry GWAS
studies can reveal genetic associations more accu-
rately than studies with limited ethnic diversity, for
example validation of the CYP2D6 locus as principal
genetic determinant of endoxifen, the main active me-
tabolite of tamoxifen (Khor et al., 2023). Yet genetics
accounts for only a portion of interperson variability,
which can be addressed with drug-level monitoring
(Buijs et al., 2023).

Large cohorts have also emerged by harmonizing
data from smaller studies, a paradigm that has be-
come possible with ongoing cultural shifts in data
sharing. The NIH, other funding agencies, and jour-
nals have long promoted data sharing, with more re-
cent NIH policies requiring investigators to develop
plans for data sharing. With such mandates, the NIH
has developed substantial infrastructure to support
these initiatives, such as the Database of Genotypes
and Phenotypes (dbGaP) (https:/www.ncbi.nlm.nih.
gov/gap/). dbGaP provides a mechanism by which
studies can be uploaded, stored, and downloaded with
additional protections when controlled access is re-
quired (i.e., data requiring institutional review board
approval or additional protections). dbGaP also pro-
vides a standardized approach to facilitating data in-
teroperability and exchange. The platform now hosts
more than 2,000 studies with close to 1 billion individ-
ual-level values with phenotype variables to molecu-
lar data, medical imaging, research protocols, and
questionnaires (Sayers et al., 2023). These initiatives
have rendered massive data analytics accessible in
the public domain.

Technological revolutions in sequencing and data
storage have evolved in tandem. Sequencing cost has
dropped significantly, falling from $300 million for
sequencing of the first human genome in 2003 to approx-
imately $100 per genome (Pennisi, 2022). As whole-
genome sequencing can be completed within 8 hours,
inclusion into clinical workflow has become feasible
(Gorzynski et al., 2022). Embedding cloud-based compu-
tational tools into large datasets such as All of Us has
enabled access to vast computing resources (Alvarez
et al., 2021), increasingly accessible to all researchers.
As a result, large-scale data analytics, including machine
learning techniques, are beginning to reveal novel rela-
tionships (Mooney, 2015).

Data sharing enables meta-analyses using individual-
level data and testing questions not accessible to the pri-
mary investigators. Data sharing can be viewed as an
ethical imperative as participants have taken on risks by
participating in research (Bauchner et al., 2016), expect-
ing optimal use to benefit health care broadly. Yet a
number of challenges remain: 1) Protecting patient pri-
vacy remains a priority and becomes more challenging
with increased large-scale data sharing. Protecting pa-
tient data and privacy is imperative (Jagadeesh et al.,
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2017). 2) Previous studies had targeted predominately
European populations, limiting interpretation of findings
for non-European ancestry individuals and assessment
of traits with low allele frequencies in European popula-
tions. Current initiatives such as All of Us make a con-
certed effort to recruit patients from diverse backgrounds
to address this gap. 3) Reproducibility remains an impor-
tant question, requiring robust methods to harmonize
data across studies, representing real-world data acquired
through electronic health records, and replicate findings
by sharing original datasets. To realize the promise of
large-scale data mining in personalized medicine, interna-
tional legal reforms will be needed to overcome a patch-
work of copyright laws and restrictions across jurisdiction
limits (Fiil-Flynn et al., 2022).

In addition to the wealth of patient data in the pub-
lic domain, molecular data from tissue samples, cell
lines, and animal models has increased exponentially.
For example, the Encyclopedia of DNA Elements
(https://www.encodeproject.org/) functionally character-
izes the genome using information about transcription
factor binding, chromatin structure, and histone markers
(ENCODE Project Consortium, 2012). Both raw and
summary-level data from genome-wide experiments in a
variety of cell lines are available in the public domain
and easily viewed using the UCSC Genome Browser
(https://genome.ucsc.edu/). The Genotype and Tissue
Expression Project (https:/gtexportal.org/home/) (GTEx
Consortium, 2020) captures tissue-specific differences in
RNA expression paired with DNA sequencing to gener-
ate tissue-specific expression quantitative trait loci (Bat-
tle et al., 2017). The most recent version of the Genotype
and Tissue Expression Project includes >17,000 RNA-seq
experiments from approximately 1,000 individuals and
additional analysis such as allele-specific RNA expres-
sion, protein quantification, and single-cell sequencing.

These resources allow researchers ready access to
diverse data that had previously required deep tech-
nical expertise, predicting functional variants, tran-
scription factor binding, and more (Jayaram et al,,
2016; Yazar and Ozbek, 2021), much of which is avail-
able in user-friendly browsers. Availability of these re-
sources in the public domain has profoundly changed
how researchers pursue scientific questions, generating
preliminary data and initial hypotheses with little or
no cost to address previously unimaginable questions—
highly relevant to pharmacogenomics but still underused.

IV. Clinical Translation

A. Clinical Utility of Pharmacogenomic Biomarkers

Numerous reviews address clinical relevance of ge-
netic biomarkers in drug therapy (Relling and Evans,
2015; Garcia-Gonzalez et al., 2016), replacing in part
therapeutic drug-level monitoring (Salman and Al-
Khabori, 2021; Haidar et al., 2022), while combining
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genetic biomarkers and drug levels could further guide
optimal dosing, for example, for warfarin. A causative re-
lationship between drug response and variants in genes
encoding drug-metabolizing enzymes, membrane trans-
porters, and receptors is intuitively assumed. For drug
receptors, signaling pathways involve multiple compo-
nents, each with the potential to introduce variance in
drug response, diluting the effect of drug receptor var-
iants alone. On the other hand, if a drug is eliminated
from the body primarily by a single drug-metabolizing
enzyme such as CYP2D6 and an individual carries two
null alleles (no enzymatic function), the exposure to a
common drug dosage, for example doxepin, can be multi-
plied (measured by the area under the blood level time
course) (Kirchheiner et al., 2005). Drastically increased
exposure increases risk of adverse reactions. Poor
CYP2D6 metabolizer status is prevalent in Caucasian
populations (approximately 7%) and has been linked to
substantially increased hospitalization costs and treat-
ment outcomes across the board, supporting a pervasive
role of CYP2D6 in outcomes (Phillips et al., 2001). How-
ever, each gene carries multiple functional variants that
affect the encoded protein’s function, and not all variants
have been characterized, or the LD between null muta-
tions could be uncertain in compound heterozygotes, in-
troducing error in genetically predicted outcomes. As a
result, drug blood levels predicted by genetic biomarkers
can vary over a broad range (e.g., doxepin) (Kirchheiner
et al., 2005), reducing clinical utility of genetic biomarkers.
In addition, enzyme induction and drug-drug interactions
(DDI) introduce additional variables. Whereas enzyme in-
duction is thought to play a minor role in determining
CYP2D6 activity, it serves as a major confounding factor
for CYP3A4. Because only a few relatively infrequent
nsSNPs (<2% allele frequency) had been identified for
CYP3A4, new drug discovery tends to favor drugs metabo-
lized by CYP3A4, even though intersubject variability is
large—in part defeating the purpose of this drug design
paradigm.

Biomarker panels of CYP2D6 are widely used. As
codeine needs to be converted by CYP2D6 to mor-
phine to be active, codeine has little or no analgesic
effect in CYP2D6 poor metabolizers (Carranza-Leon
et al., 2021). Similarly, the platelet inhibitor clopidogrel
is activated by CYP2C19, with poor metabolizer status
most prevalent in Asian populations (Sun et al., 2020).
Proactive CYP2C19 genotyping to avoid treating coro-
nary stent patients having CYP2C19 poor metabolizer
status with clopidogrel significantly reduces the inci-
dence of restenosis and is mandatory in some countries.
On the other hand, prasugrel is not metabolized by
CYP2C19 and can be substituted for clopidogrel, as well
as other platelet inhibitors with different mechanisms of
action (Norgard and Abu-Fadel, 2009). Therapeutic deci-
sions must judiciously balance efficacy with and without
genetic testing, efficacy for the intended clinical use, cost,
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and feasibility of genetic testing, a task often left to ther-
apy committees in each hospital setting, with variable
outcomes.

Transporters can deliver the drug or prevent access
to the site of action. SCLO1B1 delivers certain statins
(e.g., simvastatin) into hepatocytes, inhibiting HMG-CoA
reductase to lower cholesterol biosynthesis. Genetic var-
iants of SLCOIB1 conveying reduced transport activity
require higher simvastatin doses to reach the cholesterol-
lowering goal, leading to increased risk of myelotoxicity of
simvastatin at higher doses because elevated drug levels in
the circulation are needed to reach cholesterol reduction
targets (Turongkaravee et al.,, 2021). The transporter
MDR1 (encoded by ABCBI) recognizes a large number of
drugs (Huang et al., 2004) reducing access to intracellular
drug targets, one cause of drug resistance in cancer chemo-
therapy, while also excluding drug access through the
blood-brain barrier to the central nervous system. As the
opioid agonist loperamide is a strong substrate of MDRI,
its action is limited peripherally as an antidiarrhea medica-
tion. While functional genetic variants of ABCB1 have only
limited effects, upregulation of MDR1 in cancer tissues can
thwart chemotherapy (Huang et al., 2004).

Discussed earlier, occurrence of ADRs has been as-
sociated with polymorphic drug-metabolizing enzymes
(Phillips et al., 2001). Numerous companies develop-
ing pharmacogenetic biomarkers offer biomarker pan-
els affecting drug metabolism. However, many drugs
are metabolized by more than one enzyme, leading to
the development multigene biomarker panels. While suc-
cessful in some applications, for example in improving
outcomes with antidepressants (Corponi et al., 2019; For-
ester et al., 2021), integrating the effect of multiple genes
does not necessarily improve personalized therapies, due
to the complexity of each gene locus. Nevertheless, at-
tempts have been made to assess combined effects of
drug metabolizing enzymes and transporters, for exam-
ple to guide diabetes therapy with nateglinide (Naushad
et al., 2022), and predict pharmacokinetics of rosuvasta-
tin with three transporter genes (Lehtisalo et al., 2023).
Without full knowledge of the genetic variation of each
gene across ethnic groups, errors can be compounded,
leading to incorrect assessment of the combined genetic
influence in any given patient.

The primary goals of pharmacogenomic biomarkers
are selection of the suitable treatment modality or op-
timal drug and drug-dosage regimen. Drugs that are
mainly metabolized by a single enzyme should be
avoided in poor metabolizers (null alleles), while par-
tially reduced or enhanced activity can be used to
adjust dosages. However, biomarker predictions of
graded enzyme activity often display large variance
even when reflecting the latest genomics insights, re-
ducing clinical utility—for example CYP2D6 variants.
Again, treatment decisions must include multiple per-
sonal factors, including issues related to compliance,
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which can be a significant factor, for example with
antipsychotics.

One can assume that inclusion of pharmacogenomic
biomarkers has the potential to result in fewer ADRs
and improve outcomes. Yet variants in transporters and
receptors, as well as gene networks affecting disease sta-
tus, introduce confounding factors that are difficult to
resolve, limiting clinical utility to specific conditions.
Whether the benefit of introducing a biomarker out-
weighs the additional effort and cost of using a bio-
marker is the critical question to be addressed. Inclusion
of pharmacogenomics data in electronic health records
coupled with clinical decision support will be essential to
expand personalized therapy (Hicks et al., 2016). Access
to genetic information is most effective if available when
prescribing the drug; therefore, prospective genotyping of
most pharmacogenetic variants, or eventually general
whole-genome sequencing, is being implemented but
meets logistical concerns, such as reimbursement, report-
ing preemptive results over an individual’s lifetime, data
portability, and privacy (Haidar et al., 2022). Clinically
actionable genotypes for at least one “pharmacogene” are
estimated to be present in 90% to 95% of individuals,
while implementation remains relatively low (Haidar
et al., 2022). A recent survey in Florida reports that 27%
of responding physicians apply pharmacogenomics infor-
mation; absence of guidelines or protocols is cited as a
main barrier to broad implementation (Ho et al., 2022),
even when national and international consortia guide-
lines for implementation of pharmacogenomics are
widely accessible (Nicholson et al., 2021).

Preemptive pharmacogenomic testing for in-patient
care with point of care decision support is still largely
unavailable. An ongoing study using a genotyping panel
for all “actionable” pharmacogenes, “Implementation of
Point-of-Care Pharmacogenomic Decision Support Ac-
counting for Minority Disparities” (Chen et al., 2023),
provides insights for implementation in general medi-
cine, in particular for African American populations, and
guidelines for workflow in a hospital setting.

B. Multicomponent Biomarkers in Clinical Medicine

Diverse genetic and nongenetic factors influence
maintenance of health, disease risk and progression,
and therapy response. While genetic variation repre-
sents the fundamental basis of pharmacogenomics, other
-omics disciplines are also relevant: transcriptomics, pro-
teomics, metabolomics, methylomics, epigenomics, phe-
nomics, and metagenomics, each providing intermediate
phenotypes more proximal to therapeutic outcomes. In
turn, RNAs, proteins, and metabolites are established bio-
markers per se. For example, blood cholesterol levels
serve to titrate statin therapy, as an indicator of drug
response and risk of cardiovascular disease.

Each genetic variant must be assessed in the con-
text of the genomic background of an individual that
can mask or enhance the variant’s effect (epistasis)
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(Bakerlee et al., 2022). Medical genetics mostly ori-
ents itself to risk factors of disease or ADRs. However,
genetic variants conveying resilience likely differ from
those carrying risk, typically with opposing evolutionary
positive or purifying selection. In contrast to Mendelian
monogenic disorders, common complex diseases includ-
ing cardiovascular, metabolic, neurologic, and psychiat-
ric, disorders and cancer, are associated with multiple
genes, mostly involving noncoding regulatory variants
(Sadee et al., 2014) that interact with each other and en-
vironmental factors. GWAS results suggest the involve-
ment of countless genes in schizophrenia, diabetes,
autoimmune disorders, and more. Targeted NGS can de-
tect variants in select genes involved in pathogenesis
and drug resistance (e.g., cisplatin) (Hattinger et al.,
2022), but combining variants associated with pheno-
types into a clinical diagnostic panel remains a formida-
ble hurdle.

To detect associations between any given variant in
GWAS, very large patient-control cohorts are needed to
reach genome-wide significance in multigenic traits,
since single SNPs gleaned from GWAS account for only
a small portion of the expected heritability (e.g., deter-
mined from twin studies). Searching for epistatic interac-
tions between two variants or factors (gene-gene and
gene-environment interactions) in GWAS imposes formi-
dable additional statistical obstacles. Wang et al. (2021)
have identified gene pairs displaying epistasis, proposing
that an epistasis risk score can identify individuals at
risk of early-onset Alzheimer’s disease. Multifactorial
risk estimates have been generated to capture the sum
of small contributions, for example the use of RNA pro-
files in MammaPrint and Oncotype Dx for predicting
outcome and aiding adjunct therapy decision-making in
patients with ER-positive, HER2-negative breast cancers
(Nicolini et al., 2018). This approach has been successful
in accounting for a portion of outcome results but suffers
from several confounding factors, with RNA panels rep-
resenting complex expression networks with uncertain
causal links to outcomes. Most polygenic GWAS scores
represent SNPs in noncoding regions that are not the
causative variants but rather in LD with them. Applying
multigenic biomarker panels to distinct ethnic popula-
tions is confounded by distinct LD patterns between the
GWAS hit and causative variant. Also, the contributions
of rare versus common functional variants remains to be
resolved, a question that can be addressed only with use
of very large subject cohorts. For CYP genes, rare alleles
appear to contribute 1.5% to 15% to the overall geneti-
cally encoded functional variability (Zhou and Lauschke,
2022), but clinical utility remains to be determined. On
the other hand, rare variants may contribute substan-
tially to narrow sense heritability, for example of smok-
ing behaviors (Jang et al., 2022). Further confounding
factors include epistatic interactions, for example in the
CHRNA5/A3/B4 cluster (Lee et al.,, 2018). Difficulties
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arise from exponential growth not only of the signal but
also the noise in overall association estimates with the
addition of each new factor, confounded by limited under-
standing of the causative factors.

A majority of patients receive multiple drugs; there-
fore, we must consider DDIs as another critical factor
in drug response. DDIs can occur through inhibition
of drug-metabolizing enzymes or transporters, or en-
zyme induction, as detailed for drugs approved by the
FDA in 2020 (Yu et al., 2022), most frequently involv-
ing interactions with CYP3A enzymes—a preferred
drug target. Interactions between a genetic deficiency
and drug-induced inhibition of two CYPs—such as
CYP2D6 and CYP2C19—can cause profound response
changes in drugs that are eliminated by these two en-
zymes, a result of drug-drug-gene interactions (Bahar
et al., 2017; Malki and Pearson, 2020). A survey of
drug-drug, drug-gene, and drug-gene-gene interac-
tions finds up to 30% of cases with clinically relevant
outcomes (Ashcraft et al., 2022). Therefore, inclusion
of DDIs in predictive therapeutic decision tools is es-
sential. On the other hand, a directed DDI can serve
to enhance drug response, for example the inclusion
of ritonavir (an inhibitor of several CYP enzymes, in-
cluding CYP3A4) in anti-HIV and anti-SARS-CoV-2
medications. For the latter, Plaxlovid (nirmatrelvir +
ritonavir) has proven effective in reducing severe
COVID symptoms (Najjar-Debbiny et al., 2023). How-
ever, inclusion of ritonavir affects the metabolism of
numerous other drugs, such as atorvastatin, which is
metabolized by CYP3A4 and requires therapeutic
adjustments.

The rich landscape of genetic, clinical, and environ-
mental markers and phenotypes, including personal
variables (sex, age, ancestry, socioeconomic status, socio-
determinants of health, weight, nutritional status) will
require large-scale integration with use of artificial in-
telligence (AI) to generate clinically valid overall guid-
ance of personalized medicine. Figure 4 illustrates
diverse applications of biomarkers in clinical medicine.
While single biomarkers such as genetic variants in
drug-metabolizing enzymes can assist in optimizing
therapies, only a portion of response variance can be
covered. Broadening the use of diverse markers suffers
from uncertain interactions, leading to black-box thera-
peutic recommendations, lacking complete understand-
ing of the decision process. This challenge presents a
hurdle for clinical implementation and must be over-
come in the future of personalized medicine.

C. Clinical Guidelines

Translation of pharmacogenenetic/genomic biomarkers
into clinical practice depends on multiple factors and en-
counters robust hurdles. Above all, any biomarker pre-
dicts only a portion of disease risk or treatment outcome,
with substantial variability between patients. Thus, over-
all impact such as genetic penetrance and intersubject
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variance, together with cost, are the main criteria that
define cost/benefit ratios and determine clinical feasibil-
ity. The FDA table of Pharmacogenomic Biomarkers in
Drug Labels (https://www.fda.gov/drugs/science-and-
research-drugs/table-pharmacogenomic-biomarkers-
drug-labeling) lists drugs that are associated with genetic
biomarkers, with links to complete public drug label
information, including type of genetic variant and allele
frequencies between ethnic groups (reviewed in Mehta
et al., 2020). The number of drugs with FDA-declared bio-
markers has grown dramatically over the past 20 years;
examples are shown in Table 2. As a function of a bio-
marker’s clinical impact, drug-biomarker pairs are either
provided on advice only, for consideration by therapists, or
further highlighted with a boxed warning when ADRs
can be severe. For example, tamoxifen for treating breast
cancer largely depends on CYP2D6 for activation to the
main active metabolite endoxifen; therefore, CYP2D6 poor
metabolizers are less likely to respond and may need
other therapies (Chan et al., 2020). However, variability
in response derives from involvement of several metaboliz-
ing enzymes, dietary factors, and patients’ compliance.
Further research is needed to optimize clinical utility for
CYP2D6-guided therapy (Chan et al., 2020).

Lastly, the biomarker test can be classified as man-
datory without which the drug cannot be prescribed
(examples in Table 2). Mandatory testing is indicated
when the drug is efficacious in severe or life-threatening
disease when a positive response depends on a genetic
variant [e.g., trastuzumab (Herceptin)] or severe toxic-
ity can occur (Jacobs et al., 2022). The FDA table does
not specify whether and how a biomarker should be
applied, even when clinical evidence supports the no-
tion that biomarker use can be beneficial with an ac-
ceptable cost-benefit ratio. When clear evidence links a
genetic variant to a potentially severe ADR, the FDA
drug label includes a “boxed warning,” for example for
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Fig. 4. Use of biomarkers in personalized medicine. Panels include phe-
notypic and genomic markers. Note that germline mutations can be de-
tected at any time, whereas other markers, including somatic mutations,
vary with disease state, age, drug treatment, and other factors.
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FDA CDER: Abbreviated Table of Pharmacogenomic Biomarkers in Drug Labeling
For each of the 517 gene-drug pairs in the FDA (2022) table, the drug labels include clinically actionable pharmacogenomics information. Some of
these combinations are mandatory: the test must be taken before the drug can be dispensed (or reimbursed by the insurer); however, the FDA table
does not specify how the biomarkers are to be applied. Drugs are marked with stars to indicate how stringent test requirements are; absence of a *
marker indicates that testing may be considered on case-by-case basis. (https:/www.fda.gov/drugs/science-and-research-drugs/
table-pharmacogenomic-biomarkers-drug-labeling).

Label Sections with

Drug Link Pharmacogenomic
in Drugs@FDA Therapeutic Area Biomarker Information
Abacavir** Antivirals HLA-B*5701 Boxed Warning, Contraindications
Warnings and Precautions
Patient Counseling
Atezoliozumab* Oncology PD-L1, gene signature, GFR, Indications and Usage, Dosage and Administration,
ALK, BRAF Adverse Reactions
Carbamazepine** Neurology HLA-B*1502 Boxed Warning, Warnings, Precautions
Cetuximab* Oncology EGFR Indications and Usage
KRAS Warnings and Precautions
Indications and Usage
Clopidogrel Cardiology CYP2C19 Boxed Warning, Warnings and Precautions
Clozapine Psychiatry CYP2D6 Dosage and Administration, Use in Specific
Populations, Clinical Pharmacology
Codeine Anesthesiology CYP2D6 Boxed Warning, Warnings and Precautions, Use in
Specific Populations, Patient Counseling Information
Dasatinib* Oncology Ph Chromosome Indications and Usage
Doxepin Psychiatry CYP2D6 Precautions
Elosulfase* Inborn Errors of Metabolism GALNS Indications and Usage, Warnings and Precautions,
Use in Specific Populations
Imatinib* Oncology C-KIT, PH Chrom., PDGFR, Indications and Usage, Adverse Reactions, Use in
FIP1L1-PDGFRa Specific Populations
Ivacaftor* Pulmonary CFTR Indications and Usage, Adverse Reactions, Use in
Specific Populations
Maraviroc* Antivirals CCR5 Warnings and Precautions
Nitrofurantoin Infectious Diseases G6PD Warnings, Adverse Reactions
Tamoxifen Oncology ESR, F5, F2, CYP2D6 Indications and Usage
Thioguanine Oncology TPMT, NUDT15 Dosage and Administration, Warnings, Precautions,
Clinical Pharmacology
Trastuzumab** ** Oncology ERB2 (HER2) Indications and Usage, Dosage and Administration

CDER, Center for Drug Evaluation and Research.

*biomarker testing required; ** biomarker testing strongly advised; ***Herceptin.

Abacavir (Fig. 5). This type of idiosyncratic ADR has
been linked to HLA variants, involved in immune re-
sponse multiple dugs and disease risk (Jaruthamso-
phon et al., 2022; Moyer and Gandhi, 2022). Between
2000 and 2020, pharmacogenetic information in drug
labels has increased from 10% to 28% for newly ap-
proved drugs (Kim et al., 2021). The Personalized Med-
icine Coalition has termed such therapies defined by a
biomarker as “personalized medicine” benefitting select
patients (as may be the case in rare genetic disor-
ders) or well-defined subgroups of patients with com-
mon disorders.

To provide guidance on pharmacogenetic biomarker
use, several organizations have developed databases, cri-
teria for assessing clinical utility, and directives for drug
selection and dosing strategies. The Pharmacogenomics
Knowledge Base is a comprehensive database providing
information for numerous drugs, developed out of the
Pharmacogenomics Research Network (Whirl-Carrillo
et al., 2012). Building on the Pharmacogenomics Knowl-
edge Base database, members of the Clinical Pharmaco-
genomics Implementation Consortium (CPIC; https:/
cpicpgx.org/) have developed standardized methods and
terms to write reports for those drug treatments that can
benefit from biomarker guidance (Caudle et al., 2017).

These recommendations are supported by exhaustive
literature reviews of clinical trials, metanalyses, under-
lying mechanism of action, and more. Published re-
ports highlight the complexity of certain genes such as
CYP2D6, addressing mostly single gene-drug interac-
tions. Complexity of the algorithms leading to recom-
mended dosing regimens is greatly increased if two genes
are contributing substantially to outcomes, for example
dosing tables for the anticoagulant warfarin as a function
of genetic variants in both CYP2C9 and VKORCI,
however, the algorithms have been optimized predomi-
nantly for Caucasian and Asian populations (Asiimwe
et al., 2021).

Published CPIC reports serve as implementation tools
for biotech companies and clinical laboratories to translate
the biomarker test results into therapeutic recommenda-
tions. CPIC members have developed a Pharmacogenom-
ics Clinical Annotation Tool, providing automatic reports
of patient genetic data, extracted from recommendations
by CPIC and Dutch Pharmacogenetics Working Group
(Li et al., 2022). In a growing number of cases, multi-
gene pharmacogenomics panels are performed, providing
a wealth of information for immediate use and for future
therapies, but also require careful interpretation to avoid
errors (Ho et al., 2022).
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Abacavir
WARNINGS (1998): Hypersensitivity Reaction: Fatal hypersensitivity reactions
have been associated with therapy with ZIAGEN.
Boxed Warning 2008:

WARNING: HYPERSENSITIVITY REACTIONS
See full prescribing information for complete boxed warning.

e  Serious and sometimes fatal hypersensitivity reactions have
occurred with ZIAGEN (abacavir). (5.1)

. Hypersensitivity to ZIAGEN is a multi-organ clinical syndrome.
(5.1)

. Patients who carry the HLA-B*5701 allele are at a higher risk of
experiencing a hypersensitivity reaction to abacavir. (5.1)

o  ZIAGEN is contraindicated in patients with a prior hypersensitivity
reaction to abacavir and in HLA-B*5701-positive patients. (4)

. Discontinue ZIAGEN as soon as a hypersensitivity reaction is
suspected. Regardless of HLA-B*5701 status, permanently
discontinue ZIAGEN if hypersensitivity cannot be ruled out, even
when other diagnoses are possible. (5.1)

. Following a hypersensitivity reaction to ZIAGEN, NEVER restart
ZIAGEN or any other abacavir-containing product. (5.1)

Fig. 5. Boxed warning in the FDA drug label for Abacavir. HLA-B*-
5701carriers are at high risk of fatal hypersensitivity reactions. Drug la-
bel boxed warning established in 1998, text box copied from the
11.24.2020 label. (https:/www.accessdata.fda.gov/scripts/cder/daf/index.
cfm?event=overview.process&varApplNo=020977).

If an acceptable cost benefit has been demonstrated
in clinical trials, the test can be accepted by insurance
carriers, Medicare, and others for reimbursement.
However, prospective polygene biomarker panels—
even if cost-effective over time—are mostly not or
only partially covered by insurance carriers unless
the combined panel assessment is proven superior in
a specific application, for example treatment of major
depression (Forester et al., 2021).

V. Applications in Cancer Therapy—A Beacon
for Common Complex Disorders

A. Early Molecular Markers

Traditional cancer treatments including surgery
and aggressive cytotoxic chemotherapies are encum-
bered with prominent adverse effects. The hunt for
molecularly targeted therapies has come into focus
since the 1980s, defined as treatments guided by mo-
lecular genetic markers and biologic consequences
such as pathway activation or protein overexpression.
Tamoxifen is considered the first targeted cancer ther-
apy, adopted in the 1990s as an adjuvant therapy in
women with ER-positive breast cancer (Jordan, 2021),
decades after its efficacy against ER-positive breast
cancer was proposed in 1971 (Cole et al., 1971;
Jordan, 2021). The discovery rate of drug-biomarker
pairs has increased exponentially since then, with
hundreds of targeted therapies approved for nearly
every cancer type (Aleksakhina and Imyanitov, 2021;
Jacobs et al., 2022).

Among the first molecular cancer biomarkers, pro-
teins or genes showing amplification, translocation,
or overexpression were assayed in tumors using
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immunohistochemistry, fluorescent in situ hybridization,
or karyotyping. These genes and proteins mostly pro-
mote tumor growth or aggressive behavior through aber-
rant protein activation or increased activity. A classic
example from the late 1980s is the finding in a subset of
breast tumors that amplification of the HER2 gene re-
sulting in increased protein expression correlates with
worse outcomes (Slamon et al., 1987; Hudziak et al.,
1989). In 1998, the antibody against the HER2/neu pro-
tein trastuzumab (Herceptin) was approved by the FDA
for treating specifically HER2/neu-positive breast tu-
mors because of the enhanced efficacy when linked to
the biomarker test (Jacobs et al., 2022).

B. Next-Generation Sequencing and Proteomics

Widespread adoption of NGS has led to standard-of-
care targeted sequencing panels, detecting overex-
pressed genes, germline and somatic variants, or re-
sponse markers such as tumor mutational burden
(TMB) and microsatellite instability (MSI) (Freedman
et al., 2018; Luchini et al., 2019; Mosele et al., 2020).
Genetic/genomic biomarkers include gene amplifica-
tion, translocation, activating mutations in oncogenes,
mutational signatures, and TMB. With decreasing
NGS costs, more patients receive tumor testing with
tissue-agnostic cancer gene panels (Aleksakhina and
Imyanitov, 2021). While many tumors carrying a so-
matic mutation lack treatment options, targeted ther-
apies have shown clinical efficacy in both solid and
hematologic cancers. Targets include the oncogenes
EGFR, ALK, BRAF, MET, KIT, lacking traditional drug
binding pockets and most recently KRAS (p.Gly12Cys)
(Lee and Pant, 2021; Ji et al., 2022; Turpin et al., 2022),
encoding a protein previously deemed not amenable
to drug inhibition. Inactivating germline mutations in
tumor-suppressor genes are found mostly in heterozy-
gous carriers and promote cancer upon somatic loss of
the wild-type allele (Aaltonen et al., 1993; Gilson et al.,
2021).

Large-scale protein sequencing has emerged to inte-
grate genomic sequence data with mass spectrometry-
based proteomics (Subbannayya et al.,, 2021; Mani
et al., 2022). Proteogenomics detects protein fusions,
novel splice forms, and neo-antigens, promising bio-
markers as molecular targets or of response to ther-
apy (Fu et al., 2017; Subbannayya et al., 2021).

C. Molecular Signatures and Pathways

Genetic and genomic variation can result in molec-
ular signatures of perturbed cancer pathways as po-
tential biomarkers (Gilson et al., 2021). One such
biomarker is MSI. Tumors with deficient mismatch
repair have random insertions or deletions at repeti-
tive regions of DNA, such as homopolymers or micro-
satellite repeats, leading to somatic mutations of key
cancer-related genes and a genomic MSI signature.
MSI was first recognized in endometrial and colorectal
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tumors arising in individuals with Lynch syndrome, a
hereditary cancer syndrome caused by germline patho-
genic variants in mismatch repair genes (Aaltonen et al.,
1993). Recent studies suggest that MSI is a promising
biomarker for response to immune-based checkpoint in-
hibitors (Le et al., 2015; Ludford et al., 2021; Cercek
et al., 2022).

Tumors arising in individuals with germline BRCA1
or BRCA2 pathogenic alleles typically show loss of ho-
mology-directed repair (HDR) proficiency, important in
double-strand break repair, upon somatic loss of the
wild-type allele. Poly-adenosine diphosphate-ribose poly-
merase (PARP) inhibitors (PARPi) were developed as a
synthetic lethality approach to exploit reliance of BRCA-
deficient tumors on base excision and single-strand break
repair, which is mediated through PARPs. Failure to re-
pair single-strand breaks in tumors treated with PARPi
leads to irreparable double-strand breaks in BRCA-
deficient tumors and cell death (Chen, 2011). The first
clinical trials for PARPi were for advanced BRCA-deficient
ovarian cancers with germline or somatic mutations in
BRCA1 or BRCA2 leading to FDA approval in 2014
(Ledermann et al., 2012), followed by BRCA-deficient
metastatic breast (2018), pancreatic (2019), and prostate
(2020) tumors (Sigorski et al., 2020). Current research
seeks to expand the PARPi approach to additional
HDR genes, such as RAD51C/D, CHEKI1, ATR, and
PALB2(Stover et al., 2020). To broaden use of PARP-
inhibitor therapies, assessing “BRCAness” phenotypes
and HDR genomic scoring methods have been devel-
oped, including differential gene expression profiling,
DNA copy-number alterations, chromosomal rearrange-
ments, genomic instability scores, and mutational signa-
tures (Watkins et al., 2014; Stover et al., 2020; Beinse
et al., 2022). Studies are underway to test PARPi in tu-
mors with somatic mutations in any DNA damage repair
gene (Zhang et al., 2022).

Mutational signatures also serve as biomarkers of
resistance to therapies. A common mutational signature is
caused by dysregulated activity of apolipoprotein b mRNA-
editing enzyme, catalytic polypeptide-like (APOBEC)
(Mertz et al., 2022). Causing deamination of cytidines at
specific sequence motifs, APOBEC dysregulated tumors
display a characteristic mutational pattern associated
with therapeutic resistance (Venkatesan et al., 2018).
For example, APOBEC mutational signatures occur fre-
quently in receptor-tyrosine kinase driven lung cancer
and in tumors treated with osimertinib, which targets
EGFR-mutant lung cancers (Selenica et al., 2022).

D. Emerging Role of “Basket Trials”

Molecularly targeted therapies were originally tested
against tissue-specific cancers, but insufficient patient
numbers carrying a target mutation impeded design of
clinical trials. As molecular targets can occur in multi-
ple tumor types, “basket trials” have been implemented
for tissue-agnostic therapy of tumors that share the
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molecular biomarker (FDA 2022: https://www.fda.gov/
media/120721/download), assuming that drug efficacy
depends primarily on the tumor driver mutation. One
of the first basket trials evaluated imatinib to treat
tumors with high expression or activating mutations
of receptor tyrosine kinases such as KIT, PDGFRA, or
PDGFRB (Heinrich et al., 2008). Of over 40 tumor
types tested, 6 malignancies showed evidence of clinical
responses. Subsequent studies revealed that some thera-
pies (such as PARPi) are effective against a broad range
of tumor types (Domchek et al., 2020), whereas others
(BRAF inhibitors) work better for melanoma and non—
small cell lung cancer than for colorectal cancer, because
of pathway-escape mechanisms (Planchard et al., 2016;
Corcoran et al., 2018; Robert et al., 2019).

E. Molecular Biomarkers for Response to Onco-Immune
Therapy

The immune system plays a key role in keeping
cancers in check (Mellman et al., 2011) by recognizing
foreign tumor-specific antigens and proteins not nor-
mally made by adult cells. This immunosurveillance
can lead to elimination of tumor cells by cytotoxic im-
mune cells (Dunn et al., 2004). In turn, cancer cells
can escape death by upregulating immune checkpoint
proteins such as PD-1 and PD-L1 or CTLA-4, which
competes for binding of T-cells to B7 molecules. Anti-
bodies against these immune checkpoint proteins
(singly or in combination) have shown promise for
treating melanoma and non—small cell lung cancer by
blocking inhibitory tumor tissue interaction with
T-cells and enabling recognition and elimination of tumors
cells (Overman et al., 2018; Qin et al., 2019). Immune
checkpoint-based antibody therapies work only in a frac-
tion of patients that overexpress these proteins (Lantue-
joul et al., 2020). The hunt is on for molecular biomarkers
that predict response and effective combination therapies.
Tumors with a high mutational burden (TMB) tend to re-
spond best to checkpoint inhibitors, likely because more
neoantigens are created. However, TMB has shown less
than robust predictive value (Sholl et al., 2020; Marcus
et al., 2021; Mino-Kenudson et al., 2022). Ongoing studies
to improve biomarkers for immune checkpoint inhibitor
response are assessing immune gene signatures, selective
polyadenylation signals, somatic copy number alterations
in CD274 (the gene encoding PD-L.1), and polymorphisms
in CD274 and PDCD1 (the gene encoding PD-1) (Yoshida
et al., 2021; Chen et al., 2022; Murugesan et al., 2022; Wu
et al., 2022), promising enhanced prediction of responses
to onco-immune therapies.

F. Acquired Resistance to Targeted Therapy and
Counterstrategies

1. Somatic Mutations in Parallel Pathway Genes.
Targeted cancer therapies can result in initial dramatic
responses, but tumors tend to develop resistance. For ex-
ample, vismodegib inhibits the Hedgehog pathway and
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was originally approved for individuals with metastatic
or locally advanced basal cell carcinoma with PTCHI
mutations. Early trial results showed dramatic elimina-
tion of both metastatic lesions and primary basal cell car-
cinomas (Von Hoff et al., 2009) over 6 to 12 months of
treatments (Dessinioti et al., 2019). Yet tumors in about
20% of patients came back at about a year’s time (Chang
and Oro, 2012). In addition, a large subset of patients
suffers from considerable side effects (Leavitt et al.,
2019). New mutations in other parts of the Hedgehog
pathway enable tumors to escape inhibition, such as acti-
vating mutations in SMO or amplification of GLI genes
(Yauch et al., 2009; Buonamici et al., 2010; Chang and
Oro, 2012). Secondary mutations in other pathway genes
are common mechanisms of resistance to targeted thera-
pies. Multiple other examples of secondary mutations
leading to therapeutic resistance include activating mu-
tations in ESRI1 in estrogen receptor positive breast
tumors treated with aromatase inhibitors or estrogen re-
ceptor ligands such as tamoxifen (Brett et al., 2021).
ESR1 mutations are rare in treatment-naive tumors
suggesting that their emergence is primarily due to se-
lective pressure from the therapy. Tumor resistance to
targeted therapies has led to a call for clinical trials eval-
uating intermittent dosing or combination therapies that
may reduce side effects as well as decrease resistance
(Leavitt et al., 2019).

2. Reversion Mutations. Resistance to therapies
can be due to reversion mutations that correct the ini-
tial defect as observed for breast tumors in individu-
als with germline pathogenic variants in BRCAI or
BRCAZ2 treated with PARPi (Pettitt et al., 2020; Zong
et al., 2022). Although rare, tumors have been identi-
fied with secondary mutations that “correct” the origi-
nal germline variant by, for example, restoring the
reading frame of the gene. Reversion mutations in
BRCAI and BRCA2 are more common in platinum-
resistant or PARPi refractory tumors by repairing the
drug-induced DNA damage (Weigelt et al., 2017; Pettitt
et al., 2020; Vidula et al., 2020).

3. Tumor Heterogeneity. Tumor heterogeneity arises
from both genetic (e.g., mutations) and nongenetic fac-
tors (epigenetic, immune, and stromal cell type diversity)
and is associated with worse overall outcomes and higher
frequency of treatment resistance (Biswas and De, 2021).
NGS technology applied to intratumoral heterogeneity
has revealed subclones in untreated tumors that contain
secondary mutations fostering resistance (Shah et al.,
2009; Gerlinger et al., 2012). Single-cell NGS has re-
vealed rapid tumor evolution in response to therapy, in
part due to tumor heterogeneity (Kuipers et al., 2017;
Maynard et al., 2020). Tumors with high heterogeneity
and high neoantigen diversity may also be less respon-
sive to immune checkpoint therapies (Craig et al., 2022).

Cancer treatment strategies are moving from reli-
ance on primary molecular targets to combination
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therapies to account for predicted routes of tumor re-
sistance. Combination therapies target both the main
driver event and driver genes in subclones to increase
the likelihood of durable response (Plana et al., 2022).
This strategy with molecularly targeted and immune-
checkpoint therapies has been successfully applied to
multiple cancers (Golay and Andrea, 2020; Varayathu
et al., 2021).

Real-time evaluation of tumor changes can be assessed
through liquid biopsies—a noninvasive means of moni-
toring tumors (Nikanjam et al., 2022)—to identify resis-
tance before clinical presentation. Most commonly, blood
is monitored for circulating tumor cells, cell-free DNA, or
circulating tumor DNA (ctDNA), while urine, ascites
fluid, breast milk, and pleural fluid are also clinically
used. Tumor DNA is released into the circulation from
tumor cells undergoing apoptosis. Circulating DNA (cell-
free DNA) can be interrogated using NGS to detect
clonal tumor diversity, targetable mutations, response to
therapies, minimal residual disease after surgery, and
new mutations that may confer treatment resistance
(Siravegna et al., 2019). These technologies could replace
tumor-imaging technologies especially for tumors with
high ctDNA levels. ctDNA monitoring has been FDA ap-
proved, showing efficacy in guiding clinical trials for
lung and colorectal cancers (Chabon et al., 2016; Malla
et al., 2022) and to identify reversion mutations in tu-
mors being treated with PARPi (Goodall et al., 2017;
Kondrashova et al., 2017; Quigley et al., 2017). Detecting
how tumors are evading therapies in near real time
can provide critical information on guiding therapeutic
strategies.

G. The Future of Molecular Targets to Guide Therapy
for Cancer and Other Diseases

Cancer therapy guided by molecular biomarkers
has served as a paradigm of personalized therapeu-
tics. Combinatorial strategies are emerging that target a
main molecular driver and additional molecular events
causing treatment failure. Multiomics approaches com-
bining proteomics, genomics, methylomics, metabolomics,
and metatranscriptomics need to be merged with individ-
ual characteristics (age, sex, ancestry, immune status, so-
ciodeterminants of health) to refine personalized cancer
treatments (Ye et al., 2021; Mani et al., 2022). Surveil-
lance of treatment response and early tumor detection
using liquid biopsies may improve therapy outcomes. As
molecular detection of cancer cells and risk factors im-
prove, therapy will focus on targeting preclinical tumors.

While somatic tumor mutations have served as mo-
lecular targets for more than 30 years, expansion of
somatic mutations in noncancerous tissues are now
recognized risk factors for numerous other diseases,
often associated with aging, for example in Alzheimer’s
disease (Downey et al., 2022). Clonal expansion of non-
cancerous blood cells driven by genetic variants in
DNMT3A, TET2, JAK2, and ASXLI1 have been linked
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to age-related cardiovascular risk and inflammation and
may also lead to molecularly guided treatments (Haring
et al., 2022).

VI. Pharmacogenomics in Drug Discovery and
Development

Genomics has become an integral part of drug dis-
covery and development, shepherding new drugs into
clinical use. Detection of valid drug targets benefits
from integration of genomic sequence, transcriptomes
in affected tissues, and the proteome and metabolome
(Plenge, 2019). For example, genetics had revealed
PCSK9 deficiency as protective of cardiovascular dis-
eases by reducing cholesterol load, leading to effective
therapies using antibodies to or RNA blockers of
PCSK9 (White, 2018). As discussed, targeted antican-
cer drug discovery focuses on oncogenic mutations.
On the other hand, most common disorders, such as
diabetes and cardiovascular and psychiatric diseases,
have a polygenic origin. In principle, these common
disorders each could be classified into subtypes on the
basis of distinct pathophysiology and genetics, but
progress has been slow because of gene network com-
plexity. Nevertheless, biomarkers can serve to iden-
tify patient subgroups benefitting most from a given
treatment or being at increased risk of ADRs.

Defining subgroups of patients affected with a com-
mon disorder who are more likely to respond has
proven effective in curtailing cost of bringing a drug
to clinical use—currently estimated to reach into the
billion-dollar range. While an attractive approach to
personalized medicine, the additional burden of develop-
ing the biomarker test and validating its clinical utility
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had previously impeded successful implementation. How-
ever, advances in genomics, clinical sciences, and regula-
tory measures have led to a surge of such “theranostics.”
An increasing number of drugs are now in clinical
use that can be prescribed only in conjunction with
an obligatory biomarker, required to assure sufficient
efficacy or prevent serious harm. Without use of a bio-
marker, Herceptin would not have been approved
(Jacobs et al., 2022). Theranostics have proliferated
in cancer therapy, accounting for 75% of all biomarker
drug pairs with required pharmacogenomic testing
(Kim et al., 2021). Use of radiolabeled pharmaceuti-
cals that bind to a specific molecular target enables
imaging of the distribution of disease with one type of
radiopharmaceutical and treatment with another,
higher energy molecule. For example, prostate specific
membrane antigen can be imaged with gallium-68-labeled
prostate-specific membrane antigen positron emission to-
mography scans and treated with Lutetium-177 (177Lu)-
PSMA-617 (Sartor et al., 2021). If indeed required by regu-
latory agencies (e.g., the FDA), the biomarker assumes the
same value as the drug itself. Table 3 lists examples of re-
cent personalized medications. For yearly overviews of
“personalized therapeutics” approved by the FDA, the Per-
sonalized Medicine Coalition publishes comprehensive re-
ports that mirror the broad scope of such medicines,
accounting for approximately 30% of all new drug appro-
vals (Personalized Medicine at the FDA, Scope and Signifi-
cance of Progress in 2021; www.PersonalizedMedicine.org).
Drug discovery in the pharmaceutical industry tra-
ditionally aimed at developing therapies for common
disorders, with large economic return. However, suc-
cessfully bringing such drugs into the clinic under the

TABLE 3
U.S. FDA Novel Orphan Drug Approvals in 2020-2021
Only those drugs considered first-in-class are shown: 26 of 50 (52%). Some 21 of those drugs (81%) reflected first-in-class approvals, an indication of
the strong innovation. 2020: CDER approved 53 novel drugs, 31 orphan drugs (58%) (Source: FDA; taken from https:/globalgenes.org/raredaily/
a-group-of-innovative-orphan-drugs-win-fda-approval-in-2021/?gclid=CjwKCAiAyfybBhBKEiwAgtB7fm CXF8VAW0aHnwGHogVoFWwiRqkm
GXkSPD-dZLylaB6QXdFwwrw-FBoCMVcQAvD_BwE).

Proprietary Name Active Ingredient

Indication

Besremi Ropeginterferon alfa-2b-njft
Bylvay Odevixibat
Cytalux Pafolacianine
Empaveli Pegcetacoplan
Evkeeza Evinacumab-dgnb
Livtencity Maribavir
Lumakras Sotorasib
Nulibry Fosdenopterin
Rezurock Belumosudil
Tavneos Avacopan
Voxzogo Vosoritide
Vyvgart Efgartigimod alfa-fcab
Welireg Belzutifan

Zynlonta Loncastuximab tesirine-Ipyl

To treat polycythemia vera
To treat pruritus in progressive familial
intrahepatic cholestasis
To use for ovarian cancer imaging
To treat paroxysmal nocturnal hemoglobinuria
To treat homozygous familial hypercholesterolemia
To treat cytomegalovirus infection
To treat types of non—small cell lung cancer
To reduce the risk of mortality in molybdenum cofactor
deficiency type A
To treat chronic graft-versus-host disease after failure of at
least two prior lines of systemic therapy
To treat severe active antineutrophil cytoplasmic
autoantibody-associated vasculitis in combination with
standard therapy, including glucocorticoids
To improve growth in children 5 years
of age and older with achondroplasia and open epiphyses

To treat generalized myasthenia gravis

To treat von Hippel-Lindau disease
To treat types of relapsed or refractory large B-cell lymphoma
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motto “one drug fits all” has become increasingly diffi-
cult, requiring huge investments. To incentivize the
development of therapies against less common dis-
eases, the U.S. Congress passed the Orphan Drug Act
in 1983. Orphan drug regulations followed in Japan
(1993), Australia (1998), the European Union, and
many more countries (Haffner, 2016). The act pro-
vides substantial benefits to industry, such as tax
credits, fee waivers, and 7 years market exclusivity,
to encourage targeting of diseases affecting a patient
population limited to <200,000 in the United States.
After a slow start, driven largely by genomics and
novel drug discovery tools and supporting novel treat-
ment modalities (including gene therapy), the act has
led to a spectacular rise in approved orphan drugs
(Mueller et al., 2019; Brown and Wobst, 2021). Many
of these drugs require a biomarker test to select eligi-
ble patients (so-called precision drugs). Until 2019,
44% of orphan drugs targeted cancer, accounting for
88% of all precision drugs (Mueller et al., 2019).
While cancer is a common disease, biomarkers can
identify distinct subgroups of cancer patients with
shared mutations, recognizing that cancer is uniquely in-
dividual and requires personalized therapies, thereby
qualifying for orphan drug status. Orphan drug status,
combined with required pharmacogenetic testing, is also
advancing in other diseases, mostly relatively rare mono-
genic disorders. For example, cystic fibrosis is caused by
multiple mutations in encoding cystic fibrosis transmem-
brane conductance regulator (CFTR), affecting proper
protein folding, channel function, and transport to the
plasma membrane. As each CFTR mutation has varying
effects on CFTR function, different drugs may optimally
overcome the defect. A three-drug combination of tezacaftor
(folding corrector), ivacaftor (channel potentiator), and elax-
acaftor (dual function modulator) synergistically and fully
rescues A508 CFTR function (Fiedorczuk and Chen, 2022)
and is potentially effective for other CFTR mutations as well.

One might predict that for common polygenic diseases
other than cancer, defining smaller subpopulations with
defined genotypes might also open opportunities for
novel orphan drugs, but this goal is difficult to achieve
because of their polygenic nature. To assure return on in-
vestment with small patient populations, orphan drugs
tend to be costly, adding a substantial burden to the
health care system. Given strident advances in developing
drug-biomarker combinations, with potentially substantial
cost reduction feasible, the Orphan Drug Act provisions
may need revision in the era of personalized medicine.

VII. Convergence of Technological and
Scientific Advances

A. Drivers of Fundamental Changes in Health
Sciences, Medicine, and Health Care

NGS ranks among the top disruptive technologies
changing our understanding of biology, moving from
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analysis of single genes to assessment of the functions
embedded in the entire genome—encompassing geno-
mics and transcriptomics. Parallel developments have
enabled complete analysis of the proteome, metabo-
lome, and metagenome (including intestinal bacteria
and viruses). A compelling extension of this trend lies
in the use of all clinical and pharmacological pheno-
types—referred to as the phenome—taking advantage
of large-scale clinical electronic databases (Liu and
Crawford, 2022). These clinical datasets can be com-
pared between diseases to reveal overlapping causal-
ity. In combination with GWAS data, each clinical
trait can be linked to variants in one or more genes or
gene networks as a guide for therapies. Drug treat-
ment outcomes and adverse effects can be classified
by symptoms as biomarkers, while genetic variants
can be tested for impact on phenotypic biomarkers
such as metabolites. Adding more complexity, envi-
ronmental factors impinge on biologic systems and
modify genetic influence. Discerning patterns across
large-scale diverse interrelated datasets requires in-
creasing computational power, combined with Al and
related technologies such as machine learning (Abdel-
halim et al., 2022). Applied to complex diseases such as
psychiatric disorders (Hoehe and Morris-Rosendahl,
2018), genomic and medical data can be merged to
guide therapy, but the Al approach still encounters mul-
tiple hurdles as outcome predictions lack a cohesive
causative foundation and cannot be readily validated in
the clinic.

Further technology advances such as nanomaterials,
organoid cultures, and gene editing are expanding
emerging novel therapies. Taken together, convergence
of technologies and integration of large-scale compre-
hensive datasets lead to new concepts in biomedical re-
search and drug discovery, exemplified in the fields of
systems biology and systems pharmacology (Plenge,
2019). In this context, pharmacogenomics serves as an
integrative science for the purpose of translation into
clinical use, encompassing a broad spectrum of disci-
plines. Those engaged in pharmacogenomics must also
recognize the relevance of economic, ethical, and legal
issues—critical elements for successful translation in
health care.

B. Implementation of Pharmacogenomics: Regulatory
Hurdles, Economics, and Ethics

Countless pharmacogenomics biomarker tests con-
tinue to emerge, but approval by regulatory agencies
and acceptance by health insurance companies and
institutions require valid evidence of clinical utility.
The FDA has developed guidelines that must be met
for approval, often relying on clinical trials to test effi-
cacy in the targeted population compared with an
equivalent biomarker-negative control. Considering
the cost of such trials, potentially matching that of tra-
ditional drug trials, cost-benefit analyses are essential,
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showing that the biomarker-drug combination is supe-
rior, or the drug per se would not meet criteria for FDA
approval in the general patient population, as demon-
strated with trastuzumab in the treatment of breast
cancer (Jacobs et al., 2022).

Pharmacoeconomics assesses the cost-benefit ratios
for therapeutic inventions, including application of
pharmacogenomics compared with health care as
usual. The application of NGS to guide therapeutic
decisions raises additional issues such as incidental
findings of pathogenic variants (Deverka et al., 2020).
Ultimately, it is important to consider alternative
strategies in reaching a clinical decision that might
be more cost-effective than pharmacogenomics. For
example, in the case of simvastatin and genetic var-
iants of SLCO1B1 when high-dose simvastatin is re-
quired to lower cholesterol levels, causing potential
toxicity, prescribing alternative statins obviates the
need for SLCOIB1 genetic data. Real-life data are
still sparse and will require standardized real-world
evidence design. Thus far, few studies address evi-
dence review standards, payer engagement in real-
world evidence study design, and education of payers
and providers concerning the use of NGS (Deverka
et al., 2020).

Use of genetic data invokes sensitive issues regarding
confidentiality, misuse by third parties, and questions
with relevance to the patient’s family if deleterious mu-
tations are discovered. Concerns about misuse of ge-
netic information and discrimination had been allayed
in the United States with passage in 2008 of the Ge-
netic Information Nondiscrimination Act, ensuring that
genetic information not be used in health insurance and
employment decisions. This critical civil right bill has
paved the way for genetic information to gain traction
in health care. For patients, the right to know or to be
shielded from findings of deleterious variants must be
clarified by signed informed consent in clinical trials.

The main ethical principle in medicine is to do no
harm and to adhere to the main guiding principles:
beneficence, justice, equality. Substantial discrepan-
cies in health care access exist between various popu-
lations in the United States. Despite scientific
advances in the medical sciences, life expectancy has
been declining for a number of years, only in part ac-
counted for by the COVID pandemic, with Black and
U.S. indigenous populations disproportionally af-
fected. Social exclusion of minority populations in
health care remains a pernicious problem. Bracic
et al. (2022) argue that attempts to overcome such dis-
parities in the context of dominant-group and minori-
tized-group social behaviors tend to reinforce “exclusion
cycles.” Expanding use of big data and Al-based systems
in medicine to solve these issues carry a danger of rein-
forcing such cycles when founded on biased information
(Bracic et al., 2022). Nevertheless, personalized medicine
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inevitably progresses toward convergence and integra-
tion of all medical, genomics, personal, cultural, and so-
cioeconomic factors, using widely accessible personal
electronic health care records (Hicks et al., 2016). To
what extent this approach can supplant the intuitive
judgments of experienced health care providers remains
an open question, but observing beneficence, justice, and
equality is imperative.

Despite medical advances, death rates for the two
leading causes, heart disease and cancer, have re-
mained at a high rate (approximately 600,000 per
year), and life expectancy has declined in the United
States over the past several years. Genomics medicine
promises improved outcomes but still has to be judi-
ciously integrated into common clinical practice to be-
come fully effective.

To summarize, progress in personalized health care
requires convergence of multiple disciplines and tech-
nologies to reveal connections between diverse ele-
ments that are entangled and influence each other.
Understanding such complexities may emerge from
artificial intelligence and machine learning in the fu-
ture. As pharmacogenomics serves as an important
link, basic genomics research must strive to integrate
key aspects of personalized medicine to enhance clini-
cal translation. Yet, as stated by impressionist painter
Vincent van Gough: “We are far from the time when
we can understand the peculiar relationships between
one or the other fragment of nature which however
complement and reinforce each other.”
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