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CHAPTER 1

General introduction






General introduction

Pharmacogenomics

Personalized medicine is slowly becoming the new standard in healthcare and winning
terrain over the one size fits all approach. One of the corner stones of personalized medicine
is pharmacogenomics (PGx), which studies the influence of genetics biomarkers on drug
response [1-3].

Studies regarding the link between drug response and genetics were published as
early as the first half of the 20" century [4]. At that point PGx was described as the concept
of “chemical individuality”. From the 1950s onwards, PGx started to develop as its own
distinct discipline. Many studies investigating PGx followed, resulting in an abundance
of evidence for gene-drug interactions [4,5], many of which are still relevant today. Since
then, the field has advanced significantly both in regards to technological developments

as well as clinical implementation.

Technologies for pharmacogenomics

The application of PGx in clinical practice requires identification of genetic variants in the
pharmacogenes of interest. The wide range of available technologies for genotyping can
be roughly divided into four major categories: single nucleotide variant (SNV)-panels or
arrays, first generation sequencing (e.g. Sanger sequencing), next generation sequencing
(NGS) (e.g. Illumina short-read sequencing) and third generation or long-read sequencing
(e.g. Pacific Bioscience Single molecule real time sequencing). In the field of clinical PGx,
SNV panels are most commonly used [6-8]. These panels have been developed to identify
a predefined list of variants. Sequencing approaches, on the other hand, in general allow
for the characterization of all SNVs and small indels in the covered region. This includes
rare variants as well. Sequencing can be divided into short-read sequencing (up to ~200bp)
and long-read sequencing (>10kbp). While for PGx the SNV panels are still the golden
standard, the sequencing based approaches might show valuable in the future [9]. A more

detailed overview of available technologies and their application is presented in chapter 2.

Clinical pharmacogenomics

The variants identified in the pharmacogenes are translated into haplotypes and predicted
phenotypes in order to use them in clinical practice, Figure 1.1. In 2000, Ingelman-
Sundberg et al. proposed the *-nomenclature in anticipation of the abundance of variants
which was expected to be discovered [10]. Within this system *-haplotypes are assigned

to combinations of variants which are seen in a gene, Figure 1.1. The two *-haplotypes
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(one per allele) are combined into a diplotype which is subsequently translated into a
predicted phenotype (Figure 1.1). For most metabolic enzymes, four predicted phenotype
categories are recognized: Poor Metabolizer (PM), Intermediate Metabolizers (IM), Normal
Metabolizers (NM) (previously called extensive metabolizers (EM)) and ultra-rapid
metabolizers (UM). These phenotypes are used in the dosing guidelines of the Dutch
Pharmacogenetics Working Group (DPWG) and the American Clinical Pharmacogenetics
Implementation Consortium (CPIC) [11-13]. These guidelines help clinicians to adjust a
patients’ therapy based on the patients’ genetic profile. Currently, the DPWG and CPIC
combined have developed guidelines containing clinically actionable advice for over 50
drugs and 12 different genes [14,15].

. . Predicted
Variants Haplotype Diplotype
phenotype
Allele 1 Gene Enzyme

Allelel " 94780653G>A CYP2C19*3

94842866A>G
Alle Allele 2 CYP2C19*3/*17 CYP2C19 IM

94761900C>T CYP2C19%17

94842866A>G

Figure 1.1: Pharmacogenomic genotype and phenotype assignment using the CYP2C79 gene as an
example

Variants per allele are assigned a haplotype according to the star(*)-allele nomenclature. The two haplotypes
together form the diplotype which is subsequently translated into a predicted phenotype. IM: intermediate
metabolizer.

The *-haplotype system has many benefits. It allows for standardization of the inter-
pretation of common PGx variants and the *-haplotypes are relatively easy to understand
and recognize for clinicians who have to work with PGx but are not specialized in genetics.
However, the limitations are becoming more apparent as the field advances. The activity
attributed to a specific *-allele is dependent on the gene. For example, a CYP2D6*2 allele
is considered to have a normal function while a CYP2C9*2 allele is predicted to result in a
non-functional enzyme. Moreover, variants which are not (yet) a part of the *-nomenclature
cannot be taken into account in phenotype predictions [16-18]. With the adoption of
sequencing for PGx, the promise of a ‘SNP explosion’ as stated by Ingelman-Sundberg et
al. is becoming reality [10]. The scale on which sequencing is currently performed causes
a substantial rise in newly identified variants. For example, in 2019 an overview of the
number of alleles in the PharmVar database was published. At that point there were 122
*-haplotypes (*1-*122) recognized for CYP2D6. Currently, 2021, there are already 23

additional *-haplotypes (*1-*145) for the same gene. The same type of increase is observed

12



General introduction

for other genes [19,20]. Similar trends are observed for the number of variants reported,
with 324 million human reference SNPs in 2017 to 730 million in 2020 [21,22]. This vast
increase of variant and haplotype information forced a shift towards approaches that are

better capable at processing these large amounts of genetic data.

Missing heritability of drug response

Most clinical applications of PGx focus on the analysis of a small panel of 50-100 well-
known variants and haplotypes to predict the phenotypes. These approaches are projected
to result in less adverse drug reactions (ADRs), better efficacy and overall lower health costs
[23,24]. For a limited number of drug-gene interactions, gold-standard evidence proving
the clinical benefit of PGx is available [25]. For other genes, lower levels of evidence are
available and used in the clinical guidelines [15,26]. Nonetheless, not all genetic variability
can be explained with current clinical PGx. A phenomenon known as the missing
heritability [27-29]. For example, for metoprolol, monozygotic twin studies have shown
that approximately 90% of its pharmacokinetics is hereditary. Nonetheless, current clinical
PGx is only able to explain 41% of the variation of its metabolism, indicating that a large
amount of the genetic variability is yet unexplained [27]. Metoprolol is predominantly
metabolized by CYP2D6, leading to the hypothesis that not all genetic variability in
CYP2DE6 is currently used in clinical practice. The same effect is observed for CYP3A4,
with a missing heritability of approximately 80%; Up till 90% is genetic but only ~10% can
be explained with current CYP3A4 PGx [28,30]. Many potential causes for this missing
heritability have been suggested.

Firstly, rare variants might play a crucial role (Figure 1.2A). Individual rare variants are
by definition uncommon (minor allele frequency (MAF) <1%), however, in total they make
up the largest group of variants in pharmacogenes [18]. Moreover, rare variants are expected
to be highly deleterious. Due to their low frequency it is difficult to assess their impact.

Secondly, the majority of pharmacogenes is at least partially complex and several are
extremely complex (Figure 1.2B) [31]. With complex defined as regions that overlap with
(low copy) repeats. These complexities can be small repeats, such as the UGT1A1*28 TATA-
box they can indicate complete gene duplications or deletions. Another category of complex
variants are the pseudogenes. Several pharmacogenes have a (neighboring) pseudogene,
which is highly similar in regard to genetic make-up but often unfunctional [32,33]. These
pseudogenes often share a significant amount of their sequence with the pharmacogene,
complicating the characterization of the pharmacogene. This sequence homology can be
as high as 95% [32,34,35]. Moreover, pseudogenes can form hybrid structures with their

neighboring pharmacogene resulting in an non-functional hybrid formation [32,34].
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Besides being highly similar to pseudogenes, pharmacogenes can also have high sequence
homology with each other. The genes in the CYP3A locus (CYP3A4, CYP3A5 and CYP3A7)
share as much as 80% of their sequence [28,36]. An inability to accurately characterize

these complex variants can lead to miss-classification of a phenotype.
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Figure 1.2: Rare variants and genetic complexity of pharmacogenes

Genes included are the genes with a clinically actionable guideline in either the Dutch Pharmacogenetic
Working Group guidelines or in the guidelines from the Clinical Pharmacogenetics Implementation
Consortium. Not for of the all variants within these genes it is known what their functional effect is, the
variants used in the clinical guidelines represent only a small portion of all variants. These figures include
all variants within the pharmacogenes, independent of their effect. A: percentage of variants within the
pharmacogene which is classified as rare (a minor allele frequency <1% in an aggregated population). Data
is extracted from Gnomad (GRCh38). B: Part of the locus defined as complex, this is the percentage of the
locus defined as a (low copy) repeat on the UCSC browser (University of California Santa Cruz).

Thirdly, enzyme function is not a categorical and is not a matter of ‘on’ or ‘oft’.
Nonetheless, variants are grouped into *-haplotypes and predicted phenotype. This leads
to the clustering of a wide range of variants into only 4 categories, Figure 1.3. This approach
uses a 0%, 50% or 100% activity for *-haplotypes and a doubling of this activity in the case
of a gene duplication. This artificial clustering is likely to lead to a loss in information and

detail in phenotype predictions.
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Figure 1.3: Phenotype prediction models

A: Conventional methods to assign haplotypes and phenotypes result in four categories. B: A continuous
scale might better reflect differences in drug response. PM: poor metabolizer, IM: intermediate metabolizer,
NM: normal metabolizer, UM: ultra-rapid metabolizer.

Finally, not every substrate is affected in the same way by a specific *-haplotype,
indicating the effect of substrate specific interactions. The clinical guidelines provide advice
for gene-drug interactions assuming similar effect of a gene on every substrate [37,38].

All these factors might play a role in the missing heritability. Accounting for these

factors in phenotype predictions might help improve the explained variability in PGx.

Aim and outline of this thesis

The general aim of this thesis is to investigate the missing heritability in PGx with the use
of novel technologies.

In chapter 2, we provide an overview of different genetic technologies which can
be used in PGx. The technologies discussed range from SNV (single nucleotide variant)
panels to short- and long-read sequencing. For each technology a short description will
be provide as well as examples of the use of the technologies for PGx. In the following
chapters we apply several of these technologies for PGx problems. Chapter 3 merges the
fields of human genetics and PGx by extracting a clinically meaningful PGx profile from
existing diagnostic whole exome sequencing (WES) data. For many individuals, genetic
data is readily available as it has previously been obtained for diagnostic purposes. By

extracting data based on the Ubiquitous pharmacogenomics variant panel, we ensure that
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the results are clinically useful for the patients [6]. Moreover, the clinical data obtained is
based on child-parents trio sequencing. This allows us to phase variants to the paternal
and maternal allele and to investigate the added value of haplotype phasing in clinical
PGx. However, WES cannot cover all important regions and is limited in characterizing
the more complex pharmacogenes [31,39]. In chapter 4 we, therefore, use long-read
whole genome data of one well characterized individual to determine the added value of
long-read sequencing in regards to solving the complexities of pharmacogenetic regions.
In this proof of concept study it is shown that with long-read sequencing one is capable
to resolve the majority of complex pharmacogenes. Moreover, long-read sequencing
allows us to phase variants to their alleles of origin without the need for trio sequencing
or for computational phasing. Next, in chapter 5 we combine long-read sequencing with
haplotype independent phenotype predictions. Here, we use long-read Pacific Bioscience
(PacBio) technology to sequence the entire CYP2D6 locus in one fully phased read. We
then combine the sequencing data with pharmacokinetic data of individuals who have used
tamoxifen. The combination of sequencing data and kinetic data allows us to develop a
neural network to predict the CYP2D6 metabolism directly from the variant information,
thereby omitting the commonly used (inadequate) phenotype summarization. The neural
network is validated in two independent clinical cohorts and with in vitro data.

In the final chapters, we zoom in on the variability in the activity of the CYP2D6
enzyme. In CYP2D6 gene-drug interactions, the phenotype assignments are generalized
for the entire enzyme. However, variant can affect different substrates to a different extend,
thereby causing substrate specific effects [37,38]. In chapter 6, we explore these substrate
specific effects by systematically looking at in vitro results found in literature. While in
vitro data is routinely used to assign or confirm the effect of a specific haplotype, the data
is highly variable and cannot easily be generalized to the in vivo situation and to other in
vitro studies. Indications for substrate specific effects were found which can be explained
by alterations in the substrate binding pocket. Nonetheless, the number of substrates
investigated in regards to substrate specificity is limited and conclusion can only be
drawn for a small number of substrates. In chapter 7 we are taking a step towards clinical
practice and focus on variability within clinically used CYP2D6 phenotype categories. We
compare the variance in different metabolic groups to assess which group contains the
most variability and therefore the most potentially miss-classified phenotypes. Moreover,
we compare the observed activity of different gene activity score groups to find the source
of the variability in the phenotype groups.

This thesis concludes with a general discussion including future perspectives

(chapter 8) followed by English and Dutch summaries (chapter 9).
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