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Abstract

Due to development in genomic data collection, the cost of sequencing a genome is
decreasing every year [I], this means that efficient ways of analysing this data are
more valuable than ever. In this project, the feasibility of pharmacogenomic data
analysis is explored. This is done by using data from 67 samples collected for the
Canadian Personal Genome Project. These contain valuable information regarding
genomic variants of the individuals. These files are analysed according to a workflow
designed and described in this project, this is done to annotate these variants and link
them with regard to known gene-drug interactions, and thus assist in the creating of
personalised medicine for individuals. This information can be used by clinicians in
an healthcare organisation to assist in medical decision making. Furthermore, a clean
way of presenting the results from this workflow is designed, as well as the possibility

for further statistical analysis of variants found using this workflow.
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1 Introduction & background

In this project the feasibility of pharmacogenomic data analysis is explored.
This is done by looking at the data available, and ways to analyse it. Due
to cost of genomic sequence analysis getting lower every year [I], there is an
abundance of genomic data. This data can provide valuable information that
can be used in healthcare organisations. Due to the fact that this genomic
data will be getting more abundant, we have to prepare for a future where
every individual’s genome is sequenced. And we have to prepare for large scale
pharmacogenomic data analysis, so that we can use this data and not let it go
unused. This project also aims to analyse some of this data that is available
online. What this project does not take into account is the ethical side of this
discussion, should we want that all of our genomic data is available for clinicians
and hospitals. Also the security pitfalls, how to store and encrypt the data, are
not answered. This project only asks the question; what is the feasibility of
pharmacogenomic data analysis, something we can expect to do in the near
future. The data used in this project is all found in already existing online
databases. For the clinical application of this project, it often would be the
case that the end user is also the supplier of the data, being the health care

organisation.

1.1 Genomic Variant Calling

The human genome consists
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variation is called a Single Nucleotide Variant (SNV). These variations are called
against a reference genome, see Figure[Il This reference genome is a collection
and does not represent an individual but rather an organism as a whole [4]. This
means that every individual has a unique genome, which differs from the refer-
ence genome. These genomic variants may have a wide scale of effects. Most
variants have no consequence at all, but some may be indicative of suscepti-
bility to disease or insensitivity or over-sensitivity to certain drug treatments.
This is because certain genes in the human body code for enzymes that play
a role in the metabolism of drugs [5]. Due to the aforementioned variations
that can occur in the human genome, it is possible for certain individuals with
a certain variant, to be prone to disease or drug treatment. FExploring varia-
tions in genes and their effect on drug response is called pharmacogenomics. So

pharmacogenomics can assist in creating personalised medicine for individuals.

1.2 Variant Call Format (VCF)

Variations of an individual are stored in a .vcf file [6]. This file-type is designed
to contain information such as the reference genome the variations are called
against, the positions of the variants and the nucleotide in the reference genome
and the nucleotide of the individual for a specific position. So a .vcf file only
contains variants of an individual, not the whole genome. But with help of the
reference genome, the variants are the only information you need to construct

the whole genome of that specific individual.

##fileformat=VCFv4.2

##fileDate=20090805

##source=myImputationProgramV3.1

##treference=file:///seq/references/1000GenomesPilot-NCBI36.fasta

##contig=<ID=20, length=62435964 , assembly=B36 ,nd5=f 126cdf8a6e0c7L379d618fF66beb2da, species="Homo sapiens",taxonomy=x>
##phasing=partial

##INFO=<ID=NS,Number=1, Type=Integer,Description="Number of Samples With Data">

##INFO=<ID=DP,Number=1, Type=Integer,Description="Total Depth">

##INFO=<ID=AF ,Number=A, Type=Float,Description="Allele Frequency">

##INFO=<ID=AA,Number=1, Type=String,Description="Ancestral Allele">
##INFO=<ID=DB, Number=0, Type=Flag,Description="dbSNP membership, build 129">
##INFO=<ID=H2, Number=0, Type=Flag,Description="HapMap2 membership">

##FILTER=<ID=q10,Description="Quality below 10">

##FILTER=<ID=550,Description="Less than 50% of samples have data">

#H#FORMAT=<ID=CT , Number=1, Type=String, Description="Cenotype">
##FORMAT=<ID=GQ, Number=1, Type=Integer , Description="Genotype Quality">
##FORMAT=<ID=DP , Number=1, Type=Integer ,Description="Read Depth">

##FORMAT=<ID=HQ, Number=2, Type=Integer ,Deseription="Haplotype Quality">

#CHROM POS ID REF ALT QUAL FILTER INFO FORMAT NAOOOOL NAOO002 NAOODO3
20 14370  rs6054257 G A 29 PASS  NS=3;DP=14;AF=0.5;DB;H2 GT:GQ:DP:HQ 0]0:48:1:51,51 1]0:

20 17330 . T A 3 ql0  NS=3;DP=11;AF=0.017 GT:GQ:DP:HQ 0]0:49:3:58,50 0|1: 5,3 0/0:41:3
20 1110696 rs6040355 A G, T 67 PASS  NS=2;DP=10;AF=0.333,0.667;AA=T;DB GT:GQ:DP:HQ 1/2:21:6:23,27 2|1:2:0:18,2  2/2:35:4
20 1230237 . T . 47 PASS  NS=3;DP=13;AA=T GT:GQ:DP:HQ 010:54:7:56,60 0/0:48:4:51,51 0/0:61:2
20 1234567 microsatl GIC  G,GTCT 50 PASS  NS=3;DP=9;AA=G GT:GQ:DP  0/1:35:4 0/2:17:2 1/1:40:3

Fig. 2: Example vcf file [7]

Important to note is that the example vcf file shown in Figure [2|is showing

entries for chromosome 20 only. A vcf file often contains variations of a specific

:8:51,51 1/1:43:5: .
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chromosome, or variations of the whole genome.
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Other fixed fields are:

e POS - position: The reference position.

e ID - identifier: Identifier reference to the dbSNP database [g]

e REF - reference: Reference base. Nucleotide string, in case of insertion or
deletion, REF and ALT include nucleotide string before the event.

e ALT - alternate: Alternate, non-reference bases.

e QUAL - quality: Quality score for assertion made in ALT.

e FILTER - filter status: PASS means the position passed all filters. Oth-
erwise failed filters are shown, e.g. 7q10” meaning that the QUAL score
is below 10.

o INFO - additional information: Additional information can be shown.

The file format was first developed for the 1000 genomes project [9], and
has been the community accepted standard for representing variation data ever
since. This .vcf format is the backbone of the workflow explored in this project,
because it is a relative easy and compact way of storing a lot of valuable infor-
mation. Also the well-defined formatting and information contained by a .vcf

file makes analysing it a well explored area.

1.3 Cytochrome P450

Cytochrome P450 (CYP) is an enzyme family that contains enzymes who play a
role in drug metabolisms in individuals. This means that genes encoding these
enzymes are of vital importance to pharmacogenomics. As a result, variations in
certain genes (mainly CYP2C9, CYP2C19, CYP2D6, and CYP3A5, see Figure
3) may have an effect on drug uptake, and thus greatly alter the response to

certain drug treatments [5].
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Enzyme/ Significance of Genetic

Gene Chromoseme Variability Examples of Substrates

CYPIA2 15q24.1 + Agomelatine, caffeine, clozapine, lidocaine, melatonin, tacrine, theophylline, tizanidine

CYP2A6L 19q13.2 + Cotinine, coumarin, letrozole, nicotine, tegafur

CYP2Ba 19q13.2 + Bupropion, efavirenz, cyclophosphammde

CYP2CS 10923.33 + Amodiaquine, cerivastatin, dasabuvir, imatinib, loperamide, montelukast, pioglitazone,
pachtaxel, repaghnide, rosightazone

CYP2C9 10923.33 ++ Acenocoumarol, diclofenac, fluvastatin, glimepiride, glipizide, ibuprofen, losartan,
phenytoin, S-warfarin

CYP2C19  10g23.33 ++ Amitriptyline (and other tertiary amine tricyclic antidepressants), clopidogrel,
(es)citalopram, omeprazole, pantoprazole, sertraline, voriconazole

CYP2Do 22q13.2 ++ Amitriptyline (and other tricyclic antidepressants), aripiprazole, atomoxetine,
codeine, dextromethorphan, flavoxamine, metoprolol, muansenne, MDMA,
ondansetron, paroxetine, propafenone, risperidone, tamoxifen, thioridazine,
timolol, tramadol, tropisetron, venlafaxine

CYP2EI 10926.3 + Ethanol, halothane, paracetamol

CYP2J2 1p32.1 + Amiodarone, arachidonic acid, astenmzole, cyclosporine

CYP3A4 7922.1 + Alfentanil, alprazolam, atorvastatin, budesonide, buspirone, cyclosporine,
dexamethasone, ervthromyein, felodipine, gefirnib, ibrutinib, lovastatin, midazolam,
nifedipine, quetiapine, saquinavir, sildenafil, simvastatin, tacrolimus, testosterone,
triazolam, verapamil, vincrisine

CYP3A5 7q22.1 ++ Saquinavir, tacrolimus, verapamil, substrates overlap with CYP3A4

£, Minor or no clinical significance.

+, Moderate clinical significance.

++, Major clinical significance

Substrates with an asociated Chnical Pharmacogenencs Implementation (CPIC) gudeline are mven in bold.

Fig. 3: CYP genes and their drug interactions [5]

CYP2D6 plays a role in the metabolism of 25% of all drugs in clinical use.
This means that an alteration of this gene and a different metabolism than
expected can have an effect on one quarter of the drugs used. Differences in the
metabolism of pharmacogenomic genes are expressed by using an activity score,
this activity score determines which type of metabolizer an individual is for this
gene. See Table [I] for the scores and their phenotype. This score is based on
genetic variations in alleles and their phenotypic consequences. Variations can
be homozygous meaning that the same variation occurs in both of the alleles, or
hetrozygous, when variations occur only in one of the alleles. Specific variations
have a specific acitivity score, these are all described by PharmGKB in their
gene-specific information table [10].

Thus, this project aims to analyse these variations to try and present valu-
able information about metaboliser phenotypes of a specific individual. This
information then can be used to construct a recommendation of personalised
medicine dosage. 17 of the 35 genes described by CPIC guidelines [I1] are
genes related to the Cytochrome P450 enzyme family. Guidelines constructed
by CPIC aim to assist in specifying dosages of certain drugs with regards to

the phenotype of individuals. Meaning that your phenotype for a certain gene
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influences the recommended dosage, of usage as a whole, of a certain drug. For
instance, the CPIC guideline regarding the dosage of Tricyclic Antidepressants
[12] gives an overview of which dosage is recommended for individuals with a
specific CYP2D6 phenotype.

1.4 Large scale genomic data analysis

Due to the fact that genomic data availability is rapidly expanding, a lot of tools
and workflows have been designed to analyse this data. One of the most well
known projects is the 1000 genomes project [9], which aimed to map the genetic
variation of individuals across the world. Other projects developed programs
to assist in this analysis, most of these programs aim to visualise or perform
statistical studies on large data-sets. The tool used in this project, PharmCAT
aims to annotate genomic variants. Projects like glow [13] aim to facilitate large
scale genomic data analysis based on cloud computing. Or VIVA [I4], which
can be used to visualise .vcf files. Projects like PGen [I5] have shown similar
objectives, only focused on plant based genomics. And also, papers have been
written to give an overview on managing large scale human genome data [16].
Other studies have taken a look at the flip side of the genomic data explosion
and describe a way to make sure that, while sharing large amounts of personal

genomic data, privacy is still being mandated [I7].

1.4.1 Pharmacogenomics tools

There are a various number of pharmacogenomic tools available online. Most
of these tools assist in annotating variants such as ANNOVAR [I8] or Pharm-
CAT [19]. Annotation of variants is the process of linking input variants to
certain guideline so that a consequence of the specific variation may be noted.
PharmCAT 0.8.0 also comes with a VCF_preprocessing.py-tool, which can
prepare .vct files to be analysed with PharmCAT. Other interesting resources
may include PharmGKB [10], an online resource which curates pharmacogenetic
knowledge. And, CPIC [20] which manages and curates gene/drug pathways.
PharmCAT is linked to CPIC, so that information about gene-drug interactions
is retrieved from the CPIC guidelines. Currently 442 gene-drug interactions are
being, of have been researched by CPIC. With 218 interactions having enough

evidence for a prescribing action.
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1.5 Summary

Thus, in short, pharmacogenomic data is analysed in this project to help con-
structing a personalised medicine recommendation for individuals. This will
be done by designing a workflow to analyse pharmacogenomic data, and con-
structing a program to present the results of this workflow in such a way that

recommendations of certain dosages of drugs are clear to clinicans.
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2 Materials & Methods

2.1 Materials
2.1.1 PharmCAT

To analyse the data, a program had to be found which took this data as an
input and produced a suitable output to present in a clear way. Due to the fact
that the focus of this research is more aimed at exploring the whole pipeline
of data analysis, it was necessary to use already existing software. The most
developed pharmacogenomic tool available was PharmCAT, this was the reason
to investigate PharmCAT further.

PharmCAT [19] is a clinical annotation tool. Variants of an individual stored in
a .vcft file, are linked to genes with known drug and/or treatment interactions.
These interactions are taken from the Clinical Pharmacogenetics Implementa-
tion Consortium (CPIC) [II] guideline. It should be noted that PharmCAT
only takes the interactions defined by CPIC into account. When new interac-
tions are discovered, and they are not (yet) added to the CPIC guideline, then
PharmCAT will not take them into account. This is most important with re-

spect to the robustness of the pipeline.

2.1.2 Example input and output

The PharmCAT output consists of an report.html and (if specified in the com-
mand line) an report.json. The report.html output details all the possible
variations of interest, and all the variations found for the specific sample. Of-
ten this much information is not needed and a clinician is only interested in
the actual consequences of the variations of an individual. Therefore, an ad-
ditional output_table.html is generated, displaying this information. Input
can be both untrimmed, meaning all the variations of an individuals genome
or untrimmed, meaning that the input only contains pharmacogenomic regions
of interest that PharmCAT takes into consideration, as long as the reference
genome is correct. Trimmed input is often smaller in size, and analysing will
take less time than untrimmed input. Please consult the GitHub repository for

the collection of data used in this project. [21]
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2.1.3 Versions of PharmCAT

At the start of this research, the then-latest version of PharmCAT was used,
version 0.7.1. During this project a newer version of PharmCAT was released,
version 0.8.0. In the later stages this version was used. Version 0.8.0 was an
improvement over 0.7.1 in several ways. Most importantly, the vcf-preprocessing

tool.

2.1.4 Data used

VCF data from three different sources has been used for this project. See them
listed below.

e PGP-Canada Data [22]: genomes of 67 individuals from the personal
genome project Canada. Lifted over to correct reference genome. These
are the files that were used in this project in the end. Output generated
using these input files can be found on the GitHub page [21] and the results
section. No other data from the previous two sources will be presented in
this project, or on the GitHub page.

o PGP-UK Data [23]: 11 samples lifted over to the correct reference genome
by Nienke Biesot. To get back on track, Nienke Biesot was kind to provide
11 .vcf files she herself had prepared for her project. These files were lifted
over to the correct reference genome, and suitable results were generated.
Because the data-set of 11 was quite small, an alternative source had to
be found.

e EVA/EBI Data [24]: Data from EVA/EBI was explored but turned out
not to be suitable for PharmCAT to analyse.
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Also, these files are used in one or more steps of the workflow.

e PharmCAT 0.8.0 [25]

e hgl9tohg38.over.chain [26] liftover chain needed to lift the Personal
Genome Project Canada files over from reference genome hgl9 to reference
genome hg38. PharmCAT requires input files to be aligned to reference
genome hg38.

e hg38.fa [27] .fasta file of the whole reference genome hg38, needed to
lift the personal genome project Canada files over to the correct reference

genome so that it can be used as input for PharmCAT.

All code is written in Python 3.8.10 [28] and BASH [29]. Packages used
within Python are:

e JSON encoder and decoder [30]

e Miscellaneous operating system interfaces [31]
e System-specific parameters and functions [32]
e Pandas [33]

e Beautiful Soup [34]

e Codecs [35]

e Matplotlib [36]

e Numpy [37]

For a collection of the code and all the output files, please see the GitHub
page. [21]

2.1.5 VCF preprocessing

This tool is provided by the developers of PharmCAT and can be used to trim
vci-files to only contain pharmacogenomic variant positions that PharmCAT
takes into consideration, and normalise vcf files. The positions PharmCAT
takes into account are the positions annotated by CPIC, they can be found in
pharmcat_positions.0.8.0.vcf on the GitHub releases page of PharmCAT
[25]. For the PGP-UK files prepared by Nienke Biesot, pre-processing was
necessary because of a prefix ’chr’ missing in the CHROM field of the .vcf
file (this is also the case for the example .vcf file as can be seen in Figure [2)).
Running the preprocessing tool added this prefix as well as trimming the data
set.

The vef pre-processing tool trimmed this data and provided some necessary



2 Materials & Methods 11

syntax for PharmCAT to be able to process these results into output .html
files.

This was the case for the PGP-UK data, preprocessed by Nienke Biesot.
Due to the formatting of the .vcf file, PharmCAT could only analyse the files
after they were preprocessed with the tool provided by PharmCAT. The PGP-
Canada files were (with the exception of the reference genome) in the correct
format to be analysed by PharmCAT. This means that the preprocessing tool
is not strictly necessary, it will only delete variant positions which PharmCAT
does not take into consideration. Trimming these files will just speed up the
PharmCAT analytics process. The time saved by trimming these files will be

discussed in the technical feasibility section of the results.

2.1.6 ENA / EVA

Also needed is suitable data to analyse. Because PharmCAT is used, this data
had to meet certain requirements. The first and most important requirement
was that this data had to be in .vcf format. As talked about, this is the for-
mat used for (almost) all variant data. Another requirement was the reference
genome. This had to be GRCh38.13 [4]. This last requirement is the main
reason why not all data can be used. As will be discussed, it is possible to
perform a ’lift-over’ to change reference genome of VCF data. But this process
can be tedious, so for easy of use, only data with the correct reference genome
is searched for.

There are a couple of databases containing variation data. The European Vari-
ation Archive (EVA) is a database maintained by the European Bioinformatics
Institute (EBI) [38]. The EVA is a database containing variation data of a wide
scale of studies. For this project, the short genetic variants of the homo sapiens
are used. Specifically whole genomic sequencing data. When using these filters,
dozens of studies (and their data) are presented. Sadly it was not possible to

filter on reference genome, so a lot of these studies where not considered.
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2.2 Methods
2.2.1 Introduction

As can be seen in Figure[d we start the process with a database containing raw
VCF data. In this case the Canadian Personal Genome Project [22]. If this data
is in the incorrect format, which is the case for this data, a liftover has to be
performed. This is done using a shell script which performs liftover on all the
.vcf files. See 1lift_rh.sh. This liftover-data then can be trimmed using the
preprocessing tool provided by PharmCAT. In this case, the syntax of the input
files are correct, so trimming is not necessary. The output of this preprocessing
tool can be analysed through PharmCAT, which then produces two output-files
of interest. A .json and .html file. This .html file can be used as raw output.
But due to the abundance of information in this report, a separate program
(scores.py) is written to process this report into a cleaner overview. Needed
for this action is the .html and . json file, as well as an gene-specific information
table from PharmGKB [39] to clean-up the CYP2DG6 results. The output of this
python program is a simple and easy to digest table containing all the relevant
information regarding phenotypes for an individual as a result of variations in
their genome. Also generated are two .txt files, containing all the CYP2D6
activity scores for individuals with variations in this gene, and all the CYP2D6
variations found in individuals. These two .txt files can be used as input in
another small python script, graph.py. This will produce a histogram showing
the distribution of activity scores, and will display some variation information

in the terminal, such as occurrences of star allele variations.
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raw .vcf
data
Liftover, if
necessary v
Trimming .vcf
data
Pharmcat
analytics
raw .html
output
PharmGKI? _| scores.py _ [ clean .html
gene-specific | result cleanup -/ output
information
tables

—
—

graph.py

terminal
statistics

Fig. 4: Workflow diagram detailing the process with data-flows



2 Materials & Methods 14

2.2.2 Trimming

During this project, it became clear that most of the .vcf files that were anal-
ysed contained much more information than PharmCAT actually takes into
consideration. This means that a lot of the initial .vcf file content is not used
in any way, thus is redundant. It is important to note that when the CPIC
guidelines are updated, certain positions that were considered redundant in the
past, may be interesting now. This means that it is important to still store
the most comprehensive .vcf file, with all the positions regardless of valuable
information. However, it may be time saving to trim the files before analysing
them using PharmCAT. This because a smaller file results in quicker and lighter
analytic process. At first a trimming script was written in python, this resulted
in longer time trimming than the time saved when analysing a trimmed file in
comparison to the original file. In PharmCAT version 0.8.0 a vcf-preprocessing
tool had been made available. This tool, among many other things, will filter
the original .vcf file to an output containing only relevant positions. This tool

was used to generate small and quick-to-analyse .vcf files.

2.2.3 Liftover

When using .vcf files that are aligned to a reference genome other than hg38,
the reference genome PharmCAT requires, a liftover can be performed. This
means that all the variant positions in the .vcf file will be translated from one
reference genome to another. Tools used that are available for this action is
CrossMap [40]. This requires a chain file (specific for your current reference
genome and target reference genome), used in the project is the hg19tohg38
chain file [26]. The fasta file from the target reference genome is also required,
in this case the fasta file from hg38 [27]. A shell-script is written to automate
this process, see the GitHub page [21].

2.2.4 Generating results

As mentioned before, the .vcf files were prepared using the preprocessing tool
made available by PharmCAT. The results of this preprocessing are input-ready
.vcf files for PharmCAT. A shell-script is written to easily and quickly anal-
yse all the files in a specific folder. All the .vcf files are analysed using one
command. The .html files are collected as output. These .html files contain

information regarding the pharmacogenomic consequences of the variants of an
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individual. However, these output .html files are fairly cluttered with informa-

tion, so additional processing is needed for a clear overview of results.

2.2.5 Processing results

PharmCAT produced . json and .html files. These are both used in producing
an additional result-table. To produce this table, a python program is written,
see scores.py. This program uses an allele reference table provided by Phar-
mGKB [39] to simplify the result table given in the output .html file. The
current version of score.py will translate the given CYP2D6 variations into
the corresponding activity score. Currently only CYP2D6 is supported, but by
providing a different allele reference table and changing the variation input of
scores.py, any gene with variations currently listed in the report.html can
be translated into activity scores. The focus for this project is to translate
the CYP2D6 variations because individuals often have multiple variations in
these genes, with as a result that the phenotype is not clear from the standard
report.html. scores.py calculates all the activity scores for variations that a
certain individual has. Then it presents the highest calculated activity score for
an individual as the final activity score, and connects this to the metabolizer
table (see Table (1))

Enzyme function Activity score
Poor metabolizer (PM) 0
Intermediate metabolizer (IM) | 0.5

Extensive metabolizer (EM) 1.0-2.0
Ultra-rapid metabolizer (UM) | >2.0

Tab. 1: Enzyme function and activity scores for CYP2D6 [41]

Also, multiple variations resulting in the same phenotype are combined into
one phenotype. See image [0}

Also written is a small script, graph.py which is able to plot all the activity
scores (provided an individual has any variation for a given gene). In this case
all the scores of individuals with an activity score for CYP2D6 are plotted. See
Figure |p| for a graph. This script will also display some small statistics in the
terminal, using scores.txt and var.txt, two text files which contain all the

activity scores for samples with CYP2D6 variations and all the specific CYP2D6
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variations respectively. Besides a histogram, graph.py will print in the terminal
the percentages of activity scores (see Table [2) and a descending list of total

variation occurrences (see Table
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3 Results

For this project, I analysed 67 genomes from the Personal Genome Canada
Project. All these 67 files were analysed using the workflow that was developed
in this project, see image [l Below, in Figure [§] you can see the distribution
of activity scores for variations in the CYP2D6 gene. Note that this graph
displays the activity score all the samples. 29 samples had a variation in the
CYP2D6 gene that can alter the activity score, if an individual has no known
pharmacogenomic variations, their activity score is set at 1.0 (fully functional).
Table [2| shows the percentages of samples that have a specific activity score.
This table shows that almost 80% of the individuals are extensive metabolisers.
With around 3% being poor or ultra-rapid metabolisers. Table [3| displays the
total occurrences of a certain star allele in the 29 samples with variations in the
CYP2D6 gene. A total of 301 variations were found, and all star alleles which

occurred 4 times or more in total are shown.

Also shown is a comparison of the raw and trimmed .html output files. Fig-
ure [6] and Figure [7] show a snippet of both output files. Respectively the results
of combining multiple phenotypes into one, and calculating the phenotype of
CYP2D6 variations is shown. This is done so that the trimmed output file is
less cluttered and it is easier for clinicians to spot anomalies within an indi-
viduals pharmacogenomic phenotype, so that the consequences for personalised

medicine are easier to see.

All these results are generated with scores.py and graph.py as can be seen

in the workflow diagram in Figure [

3.1 Technical Feasibility

Each genome of each sample from the Personal Genome Project Canada can be
downloaded in the .gz-zipped format. For the purpose of comparing sizes and
speed, two samples are compared. The genome of individual 1 and the genome
of individual 84. These zipped files range from sizes 100MB for individual 1
to 200MB for individual 84. Unzipped, these pharmacogenomic variants range
from sizes 460MB for individual 1 to 1.3GB for individual 84. Processing these
files with the tool provided by PharmCAT can reduce the size of these files to
20MB and 55MB respectively. This takes around 10 seconds per file, assuming
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the necessary files are provided. When analysing the files in PharmCAT, the
preprocessed files from individual 1 and 84 take 16 and 19 seconds respectively.
Analysing the raw files, it takes 3 minutes and 29 seconds and 4 minutes and
29 seconds respectively. So using the PharmCAT preprocessing tool, around 3

to 4 minutes can be saved per sample analysed.

Distribution of activity scores

& (3

Amount of samples
%]
(=
1

10

0.0 0.5 1.0 1.5 2.0 2:5
CYP2D6 activity score

Fig. 5: Histogram showing the distribution of activity scores for CYP2D6 among
all individuals in this data-set. Individuals with no known pharmacogenomic
variants for CYP2D6 have their activity score set at 1.0 (fully functional)
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Activity Score Percent of total (N=67)

0.0 3%
0.5 3%
1.0 79.1%
1.5 11.9%
2.0 3%

Tab. 2: Distribution of CYP2D6 activity scores in percent against the total
amount of samples

Variation (star allele) Occurrence (Total variations = 301)
*1/%4 10
*1/%132
*1/%69
“1/*/119
*1/%123
1*/*138
*1/%32
*1/*41
*1/%91
*4/*132
*4/%69

o> R e

Tab. 3: CYP2D6 Star Alleles and their occurrences in the 29 individuals with
known pharmacogenomic variations in the CYP2D6 gene
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Genotype Summary

Genotypes called: 6 / 16

Drugs

desflurane
enflurane
halothane
isoflurane
methoxyflurane
sevoflurane
succinylcholine

ivacaftor

efavirenz

Gene

CACNA1S

CYP2B6

Genotype Summary

Genotypes called: 6 / 16

Drugs

desflurane
enflurane
halothane
isoflurane
methoxyflurane
sevoflurane
succinylcholine

ivacaftor

efavirenz

Genotype

not called

not called

"6

T

*r9

"3
9
*1r'20
*1'26
34
*1I'36
37
*1138

CACNA1S

CFTR

CYP2B6

(b) Sample 36 trimmed output

Allele Functionality2

N/A

N/A

One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one no function allele

One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one decreased function allele
One normal function allele and one no function allele

One normal function allele and one no function allele

(a) Sample 36 raw output

Phenotype2

N/A

N/A

Intermediate Metabolizer

Phenotype?

N/A

N/A

Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer

Missing Variant Input2

Missing
Variant
Input?

Fig. 6: Sample number 36, with (a) being the raw PharmCAT output, and (b)
being the score.py output.
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amitriptyline
atomoxetine
clomipramine
codeine
desipramine
doxepin
fluvoxamine
hydrocodone
imipramine
nortriptyline
ondansetron
paroxetine
tamoxifen
tramadol
trimipramine
tropisetron

amitriptyline
atomoxetine
clomipramine
codeine
desipramine
doxepin
fluvoxamine
hydrocodone

nortriptyline
ondansetron
paroxetine
tamoxifen
tramadol
trimipramine
tropisetron

187
*1r94
195
*1/*09
*1/100
101
1114
1132
*1"142
a4
410
"4/*36
437
41447
*4/49
452
4754
*4/*56
457
464
*4/*65
4169
472
4187
4194
*4/*95
*4/*99
*4/*100
*4*101
4114
41132
“4/142
*10/"56
*36/°56
*37"56

CYP2D6*

One normal function allele and one uncertain function allele
One normal function allele and one uncertain function allele
One normal function allele and one uncertain function allele
One normal function allele and one no function allele

One normal function allele and one no function allele

One normal function allele and one no function allele

One normal function allele and one no function allele

One normal function allele and one unknown function allele
N/A

Two no function alleles

One no function allele and one decreased function allele
Two no function alleles

One no function allele and one uncertain function allele
Two no function alleles

One no function allele and one decreased function allele
One no function allele and one uncertain function allele
One no function allele and one decreased function allele
Two no function alleles

Two no function alleles

One no function allele and one uncertain function allele
One no function allele and one uncertain function allele
Two no function alleles

One no function allele and one uncertain function allele
One no function allele and one uncertain function allele
One no function allele and one uncertain function allele
One no function allele and one uncertain function allele
Two no function alleles

Two no function alleles

Two no function alleles

Two no function alleles

One no function allele and one unknown function allele
N/A

One decreased function allele and one no function allele
Two no function alleles

One uncertain function allele and one no function allele

(a) Sample 36 - CYP2D6 raw output

CYP2D6T

Extensive metabolizer (Activity score: 1.5)

(b) Sample 36 - CYP2D6 trimmed output

Indeterminate
Indeterminate
Indeterminate
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Intermediate Metabolizer
Indeterminate

N/A

Poor Metabolizer
Intermediate Metabolizer
Poor Metabolizer
Indeterminate

Poor Metabolizer
Intermediate Metabolizer
Indeterminate
Intermediate Metabolizer
Poor Metabolizer

Poor Metabolizer
Indeterminate
Indeterminate

Poor Metabolizer
Indeterminate
Indeterminate
Indeterminate
Indeterminate

Poor Metabolizer

Poor Metabolizer

Poor Metabolizer

Poor Metabolizer
Indeterminate

N/A

Intermediate Metabolizer
Poor Metabolizer
Indeterminate

N/A

Fig. 7: Sample number 36, with (a) being the raw PharmCAT output, and
(b) being the score.py output. Note that in image (a) the list is longer than

displayed.

N/A
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4 Conclusion & Discussion

This project aimed to explore the feasibility of pharmacogenomic data analysis
for personalised drug prescription. The project succeeded in analysing this data
set and thus one can say that large scale genomic data analysis is feasible within
the area that this project covered. Around 9 % of the individuals analysed in this
project had a different activity score than a 'normal’ metaboliser, meaning that
they could benefit from applications in personalised medicine for specific drug
doses. However, as shown in this project, it’s not easy to streamline the process
of analysing genomic variation data. There are tools available online, such as
PharmCAT, which can be used to be of assistance in this process. However,
when using these tools in a setting where you are both the provider and user of
data, these tools can be a valuable asset in the analytics pipeline. In this case it
is important that the data that is generated is in precisely the correct format.
Following the constructed workflow provided in this project. It is possible to
analyse large amount of data, provided that time and store is sufficient. For
smaller data sets it is unnecessary to trim this data, but for larger data sets the
time saved will become significant. It is also important to note that the size of
files plays a role when dealing with large data sets. For the Canadian Personal
Genome Project, each unzipped file was around 400 megabytes large. One can
imagine the amount of storage needed when dealing with data sets containing
1000 files or more.

As can be seen in the results section, there are ways to visualise results
generated using the scores.py program, so that a quick overview can be made.
This may be useful in later stages when performing at population wide variation

studies.

4.1 Discussion

It is important to note that due to the fact that PharmCAT is used in this
project. Only variants that PharmCAT takes into account are annotated. This
means that if a source other than CPIC (the guideline PharmCAT uses) decides
to include a variation into their guideline, PharmCAT will not consider this,
unless CPIC annotates this.

The pitfalls in this project emphasise the necessity for a standardised data
format. Currently this has been realised by using the .vcf file format. But it

is important to make sure that data that will be produced in the future can
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and will be freely exchanged between sources, for instance health care organi-
sations. When different organisations use different data-standards, conducting

population wide variation analysis will become more difficult than necessary.

4.2 Future Research

This project gives an introductory overview into large scale pharmacogenomic
data analysis. There are plenty of areas worth expanding research on. For in-
stance, it would be interesting to take a look at bigger data sets from a popula-
tion, and compare the results for specific genes to other populations. Or specific
dosage recommendations could be added to the output table PharmCAT pro-
vides. Also more in-depth statistical analysis of specific variation occurrences

could be looked into.
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