Analysis and functional validation of
candidate variants arising from

human whole genome sequencing

Lukas Lange

Supervisors: Prof Jenny Taylor
Prof Sir John Bell

Dr David Sims

Wellcome Centre Human Genetics, Nuffield Department of Medicine

University of Oxford

This dissertation is submitted for the degree of

Doctor of Philosophy
Magdalen College July 2022






Abstract

Analysis and functional validation of candidate variants arising from human

whole genome sequencing

Lukas Lange, Magdalen College, Michaelmas term 2020. Submitted as part of the

requirements for the degree of Doctor of Philosophy

Whole genome sequencing (WGS) is increasingly used to diagnose rare genetic
diseases (RGD). WGS data contains approximately 5,000,000 variants per patient, out
of which often one variant causes disease. Variant prioritisation algorithms (VPA)
help identify disease-causing variants and functional studies can provide evidence to
confirm a variant’s effect on a gene or gene product. In this thesis, I test and develop
VPA on simulated and real patient data and conduct a functional study to contribute to

the validation of HDLBP as a novel disease gene for Fine-Lubinsky syndrome (FLS).

Two established analysis frameworks, Exomiser and VAAST+Phevor, contain VPA
that only use genotypic data (GA) and VPA that use genotypic and phenotypic data
(GPA). The GA and GPA performance is benchmarked on eleven real WGS patient
cases for which disease-causing variants were previously identified in known and novel
genes. The GPA performed better than the GA, ranking more benchmark variants
first (Exomiser: 4 vs. 5; VAAST+Phevor: 1 vs. 8), whilst reducing the percentage of
variants requiring further analysis (Exomiser: from 32.3% to 2.2%; VAAST+Phevor:

from 25.4% to 11.2%).
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Identifying disease-causing variants in genes that are novel for a specific phenotype
is challenging for GPA. A VPA called GPET is developed for disease-causing vari-
ant identification in novel genes based on genotypic, phenotypic, and tissue-specific
expression data. GPET is benchmarked against Exomiser on a simulated dataset of
disease-causing and non-disease-causing variants with imperfect phenotypic annota-
tions, achieving an Area Under the Curve of 0.95, compared to 0.91 for Exomiser.
GPET performs worse than Exomiser on the eleven RGD cases for known disease

genes and better for all novel disease genes without phenotypic annotations.

Patients for one of the RGD cases are affected by FLS and carry a candidate
variant in HDLBP. The variant is suspected to cause FLS by decreasing the RNA-
binding activity of vigilin, the protein encoded by HDLBP. A functional study based
on oligo(dT) capture is conducted, confirming reduced RNA-binding activity of vigilin

due to the candidate variant.

The investigations in this thesis demonstrate that phenotypic and tissue-specific
expression data can improve VPA performance for novel disease genes and provide

evidence to support HDLBP as a disease gene for FLS.
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Chapter 1

Introduction

Afia, like her sister and three of her cousins, was born with dysmorphic facial fea-
tures, skeletal abnormalities, severe developmental delay, brain abnormalities and
large cornea. Afia, as well as her sister and cousins, has Fine-Lubinsky syndrome
(FLS, OMIM:601353), a rare disease. While rare diseases are, as the name suggests,
individually rare, Afia is not alone: globally, rare genetic diseases affect 400 million
people, or approximately 5% of the population [1], making rare diseases a significant
public health challenge. Fortunately, Afia and her relatives were referred to a clinician
that had treated FLS cases before and recognised Afia’s condition. Despite the gravity
of her condition, Afia was lucky to receive a diagnosis at birth: the average rare disease
patient in the UK waits approximately six years between the manifestation of first
symptoms and an eventual diagnosis [2], a period so long that clinicians have coined

the phrase ‘diagnostic odyssey’ for it.

While the clinician was quick to conclude that the collection of Afia’s symptoms,
or ‘phenotypic features’, suggested she was a FLS patient, this did not explain what
caused the disease. FLS is a severe genetic condition and, as for 95% of all rare
genetic diseases [3], no known cure exists. Yet, finding the genetic cause of the

disease is crucially important for patients and their families. Questions like ‘Did we
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do something wrong?’, ‘If we had another child, would it also be affected?’, ‘Are
there other patients like me out there?’, ‘How will my disease develop?’ and ‘Who is
researching what I have?’ plague affected individuals and their relatives and can be

answered by identifying the genetic cause of the disease.

Some tests for single genes or even multi-gene panels are already part of clinical
practice, e.g. FBNI and TGFBRI for Marfan syndrome [4], but they do not always
provide the molecular diagnosis. There are more than 7,000 rare genetic diseases and
molecular root causes for approximately 4,000, or 60% of them have been identified

[5]. The genetic cause of FLS is not known.

Genetic testing methods have evolved over the past few decades to accomplish

three things:

1. To give patients a diagnosis that carry variants in genes known for the patient’s

phenotype

2. To identify additional genes for diseases with already existing molecular charac-

terisations

3. To identify new disease-causing genes for diseases with no existing molecular

characterisations

The following literature review will elucidate how DNA sequencing (see Sec-
tion 1.1) and bioinformatics have evolved to accomplish those goals, with a focus on
variant prioritisation algorithms (VPA) (see Section 1.2) based on genotype (see Sec-
tion 1.2.1), genotype and phenotype (see Section 1.2.2) and genotype, phenotype and
expression data (see Section 1.2.3). Thereafter, I discuss the importance of functional
validation of results from whole genome sequencing analysis using the example of

FLS (see Section 1.3). Finally, an overview of the thesis is provided (see Section 1.4).
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1.1 DNA sequencing for human disease

Genetic diseases can be caused by different types of genetic variants, and different
methods are used to detect specific variants. In this section, I first describe the
different types of genetic variants (see Section 1.1.1). Thereafter, I give an overview
of technologies used to detect specific types of variants, from Sanger sequencing (see
Section 1.1.2) to Next Generation Sequencing (NGS) (see Section 1.1.3), including
targeted sequencing approaches (see Section 1.1.3.2) and whole genome sequencing

(see Section 1.1.3.3).

1.1.1 Types of genetic variation

The Human Genome Variation Society (HGVS) maintains the Sequence Variant
Nomenclature [6], a resource used to standardise how genetic variants are described.

The Sequence Variant Nomenclature classifies variants into the following categories:

Substitution: a variant where one nucleotide is replaced by one other nucleotide,

compared to a reference sequence.

Deletion: a variant where one or more nucleotides are not present, compared to a

reference sequence.

Duplication: a variant where a copy of one or more nucleotides is inserted directly

at the 3’ end of the original sequence copy, compared to a reference sequence.

Insertion: a variant where one or more nucleotides are inserted at a specific
position if the inserted sequence is not a direct copy of the sequence 5’ of the insertion

site, compared to a reference sequence.

Inversion: a variant where a sequence of multiple nucleotides replacing the origi-
nal sequence is the exact reverse complement of the replaced sequence, compared to a

reference sequence.
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Conversion: a variant where a nucleotide sequence at one position of the genome
is replaced by a nucleotide sequence from another position in the genome, compared

to a reference sequence.

Deletion-insertion: a variant where one or more nucleotides are replaced by one
or more nucleotides if the variation is not a substitution, inversion, or conversion,

compared to a reference sequence.

Repeated sequences: a variant where a section of one or more nucleotides, the

repeat unit, is repeated multiple times, compared to a reference sequence.
Complex: variants that cannot be described by the other listed variant types.

Other commonly used terms exist to describe variants, including single nucleotide
variants (SNV) and copy number variants (CNV). SNV are substitutions, deletions,
duplications, or insertions that only affect one nucleotide. CNV are larger variants
that change the number of copies of a specific sequence present in a sample, including

deletions and duplications.

Numerous technologies were developed to detect various types of genetic variants,

as explained in the following section.

1.1.2 Sanger sequencing, linkage analysis, and comparative ge-

nomic hybridisation

The introduction of Sanger sequencing in the 1970s [7, 8] made possible high accuracy
readings of defined regions of the genome. Sanger sequencing is primarily used to

detect SNV and other smaller substitutions, deletions, duplications, and insertions.

Without prior knowledge of regions in the genome that likely harbour disease-
causing variants however, Sanger sequencing is ineffective for the identification of

novel disease genes. Technologies such as linkage analysis and comparative genomic
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hybridisation (CGH) can be used to identify regions that might harbour disease-causing

variants for Sanger sequencing.

Linkage analysis is used to identify the chromosomal location of disease genes.
Linkage analysis relies on the observation that genes that are located close to each other
on the chromosome remain linked together during meiosis. For families with affected
family members, scientists can read out a few positions of the genome for each family
member and determine the likelihood that a given chromosomal location is shared
across affected individuals, but not unaffected family members. The chromosomal
region that is shared between affected individuals likely harbours the disease-causing
gene. Once that chromosomal region is identified, Sanger sequencing can be used to
sequence every gene in the region and identify the gene, or genes, that carry disease-

causing variants [9].

CGH is a tool used to identify CNV, where larger DNA segments are inserted
or deleted at specific positions in the genome. To identify novel disease-causing
genes with CGH, CNV are identified in patient cohorts affected by the same disease.
Disease-causing genes are expected to exist at loci where inserted or deleted regions

overlap for several patients.

CGH uses two different samples, a test and a control, that are labeled with fluo-
rophores of different colours and hybridised to metaphase chromosomes, where the
labeled samples will bind at their origin loci. The intensity of the fluorescent signal of
each labeled sample is compared to each other along the length of the chromosome. A
higher intensity of the test sample’s signal indicates a gain of test sample DNA at that
locus, whereas a higher intensity of the control sample’s signal indicates a loss of test

DNA in that region [10]. CGH can resolve regions of 5 - 10 million nucleotides.

A newer version of CGH, so-called array comparative genomic hybridisation
(aCGH) uses microarrays instead of metaphase chromosomes. Microarrays are slides

covered with an array of smaller DNA fragments from specific loci in the genome that
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the test and the control sample hybridise to. The DNA fragments can be as small as 25
- 85 nucleotides, resulting in a significantly higher resolution of aCGH compared to
CGH. The CHD7 gene, for example, variants in which cause CHARGE syndrome,

was identified using a combination of aCGH and Sanger sequencing [11].

1.1.3 Next generation sequencing

The combination of linkage analysis, CGH, or aCGH with Sanger sequencing is labour-
intensive. Next generation sequencing (NGS) made the efficient sequencing of large
numbers of genes and even the entire genome possible. In this section, I describe a
method called sequencing by synthesis (SBS), which is used to produce over 90% of
all NGS data [12] (see Section 1.1.3.1). Furthermore, I explain how SBS can be used
to either sequence targeted regions of the genome (see Section 1.1.3.2), or the whole

genome (see Section 1.1.3.3).

1.1.3.1 Sequencing by synthesis

SBS is conducted in four steps: library preparation, cluster generation, sequencing,

and data analysis [13].

During library preparation, the DNA sample is randomly fragmented and adapters

are ligated to the ends of each fragment.

Next, the library is loaded into small fluidic channels on a glass slide, also called a
‘flow cell’, where the DNA fragments are hybridised to surface-bound oligos that are
complimentary to the library adapters. A compliment of the hybridised fragment is
created by a polymerase, the double-stranded molecule is denatured, and the original
template is washed off. Each fragment is amplified into distinct clonal clusters through

a process called bridge amplification.
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Once the clusters are generated, sequencing is initiated. A primer molecule sits
at the end of each hybridised DNA fragment in the cluster. The sequencing relies on
the incorporation of fluorescently labeled deoxyribonucleotide triphosphates (ANTPs)
into the DNA strand that is synthesised as a compliment to each immobilised DNA
fragment. Only one dNTP molecule is incorporated at each position based on the
sequence of the template. After the addition of each nucleotide, a light source is used
to excite the cluster, leading to the emission of a fluorescent signal for each cluster
that is characteristic for each of the four DNA bases. Thus, each signal read-out for
a cluster represents one base in the DNA fragment strand. The number of times that
reaction is repeated determines the length of the read. For a given cluster, all identical
strands are read simultaneously. Millions of clusters are analysed in parallel, producing

millions of reads per sample. Reads are captured in a so-called FASTQ file.

FASTQ files contain one entry per read, represented as a string of nucleotides.
Since SBS produces millions of reads in parallel based on fragmented DNA, algorithms
like the Burrows-Wheeler Alignment tool (BWA) [14] or Stampy [15] have to be used
to determine where in the genome each read stems from. These algorithms ‘map’
(align) each read to a position in a reference genome such as the human reference
genome. This process, called ‘alignment’ or ‘mapping’, converts FASTQ files into

so-called BAM files.

To ensure sequencing errors are caught, each nucleotide can be covered by multiple

reads. The number of reads covering an individual nucleotide is called the ‘coverage’.

By analysing where aligned reads differ from the reference genome, variants can
be identified. The process of variant identification is called ‘variant calling’. Examples
of variant calling algorithms include the Genome Analysis Toolkit’s (GATK) variant
caller [16] and Platypus [13], which convert BAM files into so-called ‘variant call

format’ (VCEF) files.
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Each variant in a VCF is annotated with additional information, such as the
gene containing the variant, the impact of a variant on the resulting amino acid and
subsequently the protein, and the frequency of the variant in specific populations
[17-21], often referred to as the minor allele frequency (MAF). A variety of annotation
algorithms exist, including ANNOVAR [18] and the Ensembl Variant Effect Predictor
[19]. Annotated VCFs are then analysed to determine which variant might cause

disease in the patient (see Section 1.2).

1.1.3.2 Targeted sequencing for gene panels and whole exome sequencing

Depending on the library preparation, SBS can be used to sequence either specific

targeted regions of the genome, or the entire genome.

To only sequence targeted regions of the genome instead of the entire genome,
library preparation techniques like target enrichment or amplicon generation are used.
Target enrichment captures specific regions of interest that are isolated from the rest of
the sample, while amplicon generation amplifies and purifies regions of interest for

sequencing [12].

Targeted sequencing can be used to sequence a list of genes of interest for a spe-
cific phenotype, a so-called ‘gene panel’. Gene panels are widely used in medical
practice and represent the first-line diagnostic for many suspected genetic diseases,
for example to screen newborns for Phenylketonuria, Sickle cell anemia, and Mu-
copolysaccharidosis Type 1 [22], or to test patients with familial hypercholesterolemia
for disease-causing variants in APOB and LDLR [23]. Yet, the clinical scope of targeted
gene panels for diagnosis is limited, with a diagnostic yield of often <50% [24, 25].
Particularly for cases such as Afia, with a disease like FLS for which no disease-
causing genes have been published, more comprehensive sequencing approaches are

needed.
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Targeted sequencing can also be used to sequence all protein-coding regions of
the genome, an approach called ‘whole exome sequencing’ (WES). WES successfully
detects SNV and some CNV. Large-scale studies such as the UK BioBank [26], encom-
passing 500,000 healthy participants [27], deploy WES to improve our understanding
of the genetic causes of common diseases. Similarly, focused rare genetic disease
programs like the Deciphering Developmental Disorders (DDD) study use WES to
diagnose rare disease patients. As of 2018, a sub-cohort of the DDD study first pub-
lished in 2014 has achieved a diagnostic yield of 40% using WES [28]. Furthermore,
numerous disease-causing genes were discovered using WES, including DEPDCS as

a common cause of familial focal epilepsies [29].

However, the exome only represents 2% of the human genome and ignores

noncoding regions relevant for disease [30, 31].

While improvements are being made for the detection of CNV from WES data,

existing methods still fall short of the performance of techniques like aCGH [32].

Additionally, approaches for the detection of variants causing so-called repeat
expansion disorders from WES data are improving, but are yet to replace more reliable
methods such as polymerase chain reaction (PCR)-based assays. Repeat expansion
disorders are caused by variants that expand regions of the genome in which short
nucleotide sequences, usually consisting of two to six nucleotides, are repeated several
times. Known repeat expansion disorders include Friedreich ataxia, Huntington disease

and fragile X syndrome [33].

WES is also limited in its capacity to detect insertions, translocations, inversions,

and variants in complex regions of the genome [34].

Finally, the coverage of WES drops significantly towards the edges of the protein-
coding regions of genes, also called exons. Lower coverage at the edges of exons

poses a risk to miss as much as 15% of disease-causing variants [35], for example
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so-called splice-site variants. The analysis of Afia’s genome presented in Section 1.3
uncovered a deleterious splice-site variant at the edge of an exon, hypothesised to be

linked to FLS. With WES, this variant could have gone unnoticed.

Fortunately, most of the limitations of WES can be overcome with WGS, as

described in the following section.

1.1.3.3 'Whole genome sequencing

Instead of isolating a subset of genes or regions using targeted sequencing, SBS can
be used to sequence the whole genome. Whole genome sequencing (WGS) overcomes
many shortcomings of WES and has the potential to detect all classes of genetic
variation, including SNV, CNV, translocations, inversions, and variants in noncoding

regions and thus improve upon the diagnostic yield of WES [36-38].

As described in Section 1.1.3.2, WES coverage drops at exon borders, leading to
disease-causing variants potentially not being detected [35]. Since WGS consistently

covers exon borders, variants missed by WES can now be identified.

Furthermore, WGS includes noncoding regions of the genome, while WES only
covers exons. WGS has already led to the discovery of disease-causing variants in
noncoding regions that were missed by WES, such as variants in the 5’ untranslated

region of GLS causing glutaminase deficiency [34].

CNV can be called more reliably from WGS data than WES data, in part due to the
consistent sequencing depth of WGS throughout the genome, and the fact that WGS

also covers noncoding regions [39].

Methods for the detection of repeat expansions, however, are still improving. The
previously mentioned variants causing glutaminase deficiency are trinucleotide repeat
expansions that were detected with WGS [34]. Similar to repeat expansion detection

via WES, however, the gold standard remain PCR-based assays [33].
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A whole genome can now be sequenced for $1,000 [12], enabling large cohort
studies such as WGSS500, an early study of 500 genomes which evaluated the clinical
utility of WGS [35]. All cases that were recruited into WGS500 had previously been
screened with single gene Sanger sequencing or multi-gene panels of known genes
relevant for the patient’s phenotype, failing to deliver a diagnosis. The WGS500 study
identified disease-causing variants in 21% of previously unsuccessfully genetically
screened inherited cases overall [35], rising to 57% if the patient and their parents
were sequenced, thereby demonstrating the importance of WGS for clinical settings.
WGSS500 paved the way for “Health Innovation Challenge Fund (HICF2)” funding
to establish a clinical genome sequencing facility in Oxford, from which all of the
WGS data analysed in this thesis stem, and for national genomics programmes such as
the ‘100,000 Genomes Project’ [40]. Participants of the 100,000 Genomes Project are
allocated to disease-specific domains. The Rare Diseases Pilot study of the 100,000
Genomes Project achieved diagnostic yields ranging from 1.6 to 53.8%, depending on

the disease domain [41].

Moreover, countries like Iceland run national sequencing projects producing
population-scale genetic insights [42]. In addition to public projects, private companies
such as Human Longevity are building up large WGS databases, selling tests both
directly to consumers and to healthcare systems [43]. These developments are driven
by the steep continued drop in sequencing costs, outpacing the computer industry’s
‘Moore’s law’ [44]. In light of this trend, it is no surprise that the computing resources
needed to store and process genomic data are now rivalling the computing challenges

of the traditional ‘big data’ producers YouTube and Twitter [45].

Given the demonstrated clinical value of WGS and the pace at which the amount
of available data is increasing, the rate-limiting step for delivering valuable patient
diagnoses is no longer sequencing, it is the fast and reliable interpretation of WGS

data.
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Despite the aforementioned advances, producing a molecular diagnosis for patients
like Afia is challenging. It is becoming increasingly difficult to solve remaining
rare genetic disease cases. Moreover, existing methods for WGS analysis are time-
intensive and require expert analysts, adding complexity to the translation of these
approaches into healthcare systems. Additionally, to make a definitive diagnosis for a
patient, a potentially disease-causing variant has to be validated, either by identifying
unrelated patients with a pathogenic variant in the same gene and the same phenotype,
or functionally by definitively demonstrating the molecular impact of a variant in
vitro or in vivo. To address these challenges, the goal of my thesis is to identify the
limitations of a subset of existing bioinformatic WGS analysis approaches (see
Chapter 3), improve upon them (see Chapters 4 and 5), and functionally validate

results for the patients in Afia’s family (see Chapter 6).

1.2 Analysis of rare disease whole genome sequencing

data with variant prioritisation algorithms

The advent of WGS and the translation of this technology into clinical settings is a
catalyst for developing fast and accurate bioinformatics tools to analyse WGS data.
The goal is to identify disease-causing variants among the approximately 5 million
candidates called in human genomes. Filtering strategies can be used to reduce the
number of variants that have to be manually analysed [46—48] and leverage different
types of information annotated to variants in the VCEF file after variant calling (see
Section 1.1.3.1). Information used for filtering includes certain quality metrics, the
MAF of specific variants [49-52], the likelihood of a variant to be disease-causing as
predicted by specific algorithms, also called the ‘pathogenicity’, the inheritance mode,

and evidence from literature on genes that have been linked to specific diseases.
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While filtering approaches offer full transparency and flexibility in variant classifi-
cation, the interpretation is time-consuming and bears a risk of false negatives [53].
VPA! are an alternative to filtering, aiming to rank likely disease-causing variants at
the top of a list of potentially pathogenic variants, which can save time during inter-
pretation [54] and reduces the number of false negatives excluded by filtering. In this
section, I explain the basic concepts of three types of VPA: VPA based on genotypic
information (see Section 1.2.1), VPA based on genotypic and phenotypic information
(see Section 1.2.2), and VPA based on genotypic and phenotypic information, as well

as expression data (see Section 1.2.3).

1.2.1 Variant prioritisation algorithms based on genotype

A number of VPA primarily use genotype-based information to rank variants. These
genotype-based VPA are hereafter referred to as ‘GA’. In this section, I highlight
key concepts for pathogenicity prediction (see Section 1.2.1.1), describe reference
databases used as a basis for GA (see Section 1.2.1.2), and explain how widely used

GA work (see Section 1.2.1.3).

1.2.1.1 Key concepts for pathogenicity prediction

Algorithms like VAAST use different aspects of genotypic information to rank variants

[20, 21, 55-58].

Most algorithms use the MAF as an indicator of pathogenicity. In theory, the rarer
an allele is, the more likely it is to be damaging because it is under negative selection
pressure. To estimate the MAF, population variant databases (see Section 1.2.1.2) are
used, which the scientific community is encouraged to contribute to with every paper

being published.

Involving no or limited filtering steps, e.g. for MAF
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Another input factor for VPA is the evolutionary conservation of specific protein
sequences across species. If an amino acid is highly conserved across many different
species, an amino acid change at that position is predicted to be damaging for the

protein function.

Furthermore, the type of genetic variation plays an important role and algorithms
differentiate between SNV, CNV, and other variants for pathogenicity prediction (see

Section 1.1.1 for a list of the different types of genetic variation).

Genetic variations can either be synonymous, when a change in the nucleic acid
sequence does not result in an amino acid change, or non-synonymous. The impact of
synonymous and non-synonymous variants on protein function varies. Synonymous
SNV do not lead to an amino acid change and were once thought to not have a
functional impact [59]. More recently, synonymous SNV were however shown to affect
gene function by impacting several processes, including the regulation of splicing [60]
and transcription factors [61], protein synthesis [62], microRNA binding and mRNA
folding [63]. Today, synonymous SNV are known to be associated to over 400 human
diseases [64]. A non-synonymous SNV resulting in an amino acid change is called a
missense variant. The severity of the SNV for protein function depends on the produced
amino acid change. If the SNV results in the removal or introduction of a splice-site or
the premature introduction or removal of a stop codon, the impact on protein function
will be more severe than other amino acid changes. Similarly, the effect of insertions
and deletions varies. Depending on the size of the insertion of deletion, the reading
frame can be changed, substantially changing the protein sequence. Algorithms handle
different types of variants that impact the protein differently, but will usually assign a
severity metric to variants that increases from missense variants through to frame-shift

variants [65].

Some algorithms also take into account if the suspected inheritance pattern of a

patient’s disease matches the zygosity of candidate variants [66].
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VPA are used to predict pathogenicity of variants, but predictions vary depend-
ing on the algorithm used. To standardise the way the clinical genetics community
classifies variants, the American College of Medical Genetics and Genomics (ACMG)
published a set of guidelines for the interpretation of sequence variants. The guide-
lines rely on commonly available types of variant information, including population
frequency data, computational predictions, functional information, and segregation
data, to assign variants to one of five categories: ‘pathogenic’, ‘likely pathogenic’,
‘uncertain significance’, ‘likely benign’, and ‘benign’ [67]. The ACMG framework
has since been integrated into a number of analysis tools and has become the variant

classification standard for many laboratories [68].

1.2.1.2 Variant databases for genotype-based pathogenicity prediction

A number of databases exist that serve as resources to estimate allele population
frequencies, check if variants have previously been identified in patients, and verify if
variants of interest are known to be linked to a specific phenotype. The most widely
used SNV databases include the Single Nucleotide Polymorphism database (dbSNP)
[52], ClinVar [69], the Human Gene Mutation Database (HGMD) [70], SwissVar [71],
the 1,000 Genomes Project database [49], and the Genome Aggregation Database
(gnomAD) [72]. In its first release, gnomAD was known as the Exome Aggregation
Consortium (ExAC) and contained exclusively exome data [73]. EXAC data can now
be accessed through gnomAD. dbSNP contains small-scale variations and is a public
resource. Similarly, ClinVar is a freely available database linking genetic variations to
phenotypes, making ClinVar a useful resource for classification algorithms that need
to be trained. HGMD aims to collate published gene lesions known to cause human
inherited disease. An older version of HGMD is available free of charge to academic
users, while a license can be purchased from QIAGEN for the latest release. SwissVar

is a freely accessible portal to search variant entries in the UniProt Knowledgebase
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(UniProtKB). EXAC aggregates WES data on over 60,000 unrelated individuals from
various disease-specific studies and makes their variant database searchable free of

charge.

Criticism has been voiced regarding the quality and independence of the afore-
mentioned databases. Quality issues with variant databases arise due to discrepancies
in variant classification practices of different laboratories [74—76], which manifest
in public variant databases. A range of publications have questioned the pathogenic
classification of variants in ClinVar [77-79]. To improve the quality of variant clas-
sifications, ClinVar has introduced a star system, indicating the reliability of each
variant’s classification [80]. The more accredited experts review a variant submission,
the higher the star rating. The correct classification of variants is particularly important
to create training datasets for variant classification algorithms. If merely the result of
another classification algorithm is used by a submitter to ClinVar to determine if a
variant is pathogenic, newly trained algorithms will never be able to outperform the

limitations of the algorithm used for the original classification.

In addition to issues with variant classification, a lack of independent databases
can pose a challenge for variant classification algorithms. To test if an algorithm
performs well across a range of different datasets, the availability of datasets that
are completely independent from the training dataset is crucial. For example, a
classification algorithm could be trained on a ClinVar dataset of benign and pathogenic
variants and subsequently tested on an HGMD dataset. If, however, a variant discovered
by one clinical laboratory is catalogued in both ClinVar and HGMD, the two databases
are now concordant and no longer independent. Since ClinVar is driven by variant
submissions of research groups which also include variants found in publications, while
HGMD is manually curated from those publications, these overlaps are inevitable.

The publication of new, completely independent population variant databases that will
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likely emerge from studies such as the 100,000 Genomes Project and the UK BioBank

is crucial.

1.2.1.3 Existing variant prioritisation algorithms based on genotype

1.2.1.3.1 Established pathogenicity scores Based on the above-mentioned con-
cepts (see Section 1.2.1.1) and databases (see Section 1.2.1.2), a range of algorithms
were developed to predict the pathogenicity of variants in patient genomes. Hereafter,
some of the most widely used algorithms for WES and WGS variant prioritisation will

be explained.

An early algorithm to determine conserved elements in vertebrate genomes is
PhastCons [81]. PhastCons is based on a two-state phylogenetic hidden Markov
model, which is fitted to multiple alignments from several species by maximum
likelihood. Based on this model, conserved elements are predicted. Output from
PhastCons has become the basis for a number of VPA, including VAAST, which is

discussed below.

The ‘Sorting Intolerant From Tolerant’ (SIFT) algorithm predicts if a single amino
acid substitution (AAS) caused by a non-synonymous SNV (nsSNV) will affect
protein function [21]. SIFT predicts the effect of all possible AASs based on sequence
conservation (see Section 1.2.1.1). For a given protein sequence, SIFT builds a
homologous reference dataset of functionally related proteins. For each position in
the alignment, SIFT calculates the probabilities for all 20 possible amino acids. By
scaling these probabilities by the probability of the most frequently observed amino
acid at that position, the SIFT score is computed as the scaled probability of the AAS
found in the patient genome. The lower the probability of the AAS, the higher the

SIFT score [21].
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The ‘Polymorphism Phenotyping v2’ (PolyPhen-2) algorithm is another method
[82] for predicting the impact of SNV and resulting AASs on protein function.
PolyPhen-2 uses a range of features generated from sequence annotations, multi-
ple sequence alignments and 3-D protein structures, where available. The sequence
annotations are used to determine if a variant lies in a transmembrane region, in which
case the PHAT trans-membrane specific matrix score [83] is used. Similar to SIFT,
multiple sequence alignments serve as an input to calculate a conservation-based score.
PolyPhen-2 computes the likelihood of an amino acid occurring at a particular position
relative to any position. The logarithm ratio of those likelihoods is calculated to
produce a profile score. To generate a conservation score, PolyPhen-2 then calculates
the difference of the profile scores for the alleles involved in the substitution. A large
difference hence indicates a severe impact on the protein [82]. Lastly, PolyPhen-2
triggers the protein structure database [84] to determine if an AAS likely disrupts
important structural components of the protein, for example the hydrophobic protein
core. The more severe the impact on protein structure is, the more damaging a variant
is assumed to be. The PolyPhen-2 score is generated with a Naive Bayes classifier
trained in a supervised learning model on the feature categories mentioned above. The
algorithm is made available with two different models, one optimised for the identi-
fication of variants causing Mendelian diseases called ‘HumVar’, as well as another
model called ‘HumDiv’, trained for the assessment of rare alleles at loci involved in

complex phenotypes, where even mildly deleterious variants need to be detected [82].

It is important to note that conservation-based approaches suffer from two system-
atic limitations. First, while almost all human proteins are partially conserved across
vertebrates, most also contain poorly-conserved regions. Many disease-causing alleles
are located in those regions, but conservation-based approaches struggle to detect them.

Second, conservation-based algorithms cannot accurately score the impact of stop
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codons and frame-shifts, since these are not represented in the multiple alignments of

homologous protein sequences from other species used as the basis of scoring [85].

Another example of a conservation-based GA is MutationTaster [57]. In addition
to evolutionary conservation, the algorithm exploits splice-site changes, loss of protein
features and potential changes in the amount of messenger RNA (mRNA) produced to
predict pathogenicity. MutationTaster uses a naive Bayes classifier and is distributed
with three different prediction models, one for synonymous or intronic alterations, one
for single AAS and one for complex changes in the amino acid sequence. Mutation-
Taster2 is an expansion of MutationTaster to also rank short insertions and deletions
and variants spanning exon-intron borders [86]. Furthermore, the algorithm can score
regulatory features. Similar to MutationTaster, MutationTaster2 uses a naive Bayes
classifier to generate pathogenicity predictions. Since different tests are necessary
to estimate the effect of alterations with different impacts on the protein sequence,
MutationTaster2 incorporates individual classification models, one trained for each

type of alteration.

The ‘Combined Annotation-Dependent Depletion’ (CADD) algorithm’s pathogenic-
ity prediction is based on the comparison of annotations of fixed or nearly fixed alleles
in humans with those of simulated variants. Fixed or nearly fixed alleles in humans
are variants with an allele frequency of >95%, whereas simulated variants are de
novo variants that Kircher et al. [87] simulated using an empirical model. Pathogenic
variants are depleted in fixed variants in humans due to natural selection, but the same
does not apply for simulated variants. Using these two types of variants, the authors
generated a training dataset of 29.4 million variants. Those variants were annotated
with conservation-based scores, including PhastCons and PhyloP, regulatory features
such as regions binding transcription factors and protein-level scores, including SIFT
and PolyPhen, resulting in 63 annotations. Those annotations were used to generate

features, on which a support vector machine with a linear kernel was trained to produce
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a total of ten models, the average of which produces CADD’s output ‘C score’. The C
score is genome-wide and has become a standard metric used in variant classification

in many clinical genetics labs .

The rare exome variant ensemble learner (REVEL) [88] is another method devel-
oped to predict the pathogenicity of missense variants. REVEL was trained using a
random forest classifier on a dataset of pathogenic and rare neutral variants that were
annotated with the pathogenicity prediction scores of other existing tools: MutPred,
FATHMM, VEST, Poly-Phen, SIFT, PROVEAN, MutationAssessor, MutationTaster,
LRT, GERP, SiPhy, phyloP, and phastCons. In a benchmark analysis, REVEL outper-

formed the individual scores it was trained on.

1.2.1.3.2 WES and WGS analysis tools based on genotype The previously men-
tioned scores (see Section 1.2.1.3.1) significantly accelerate the process of analysing
WES and WGS data for Mendelian disease patients. However, even when filtering
a patient genome for variants that are predicted to be pathogenic, too many variants
remain for geneticists to analyse manually. For that reason, pathogenicity scores are

implemented in larger analysis pipelines to enable rapid WES and WGS data analysis.

One additional concept exploited in these pipelines are inheritance patterns. In rare
genetic disease WES and WGS analysis, the inheritance pattern gives analysts mean-
ingful clues about how to best conduct the analysis. If possible, not only the proband is
sequenced, but also the parents, given that the difference between the parental genomes
and the patient’s contains valuable information to analyse the disease. For example,
if the proband is affected but the parents are not, analysts will focus their energy on
analysing de novo variants, which the parents do not carry, homozygous, or compound
heterozygous variants. Additionally, maternally inherited heterozygous variants on the

X chromosome will be investigated for male patients if the suspected inheritance pat-
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Fig. 1.1 Overview of the Exomiser framework. The combined Exomiser score is
calculated via a logistic regression combination of a variant score and a phenotype
score. The variant score is the multiplication of a variant’s pathogenicity score and
the variant’s MAF score. The pathogenicity score of missense variants is calculated
as the maximum of a variant’s MutationTaster, Polyphen-2 and SIFT score, scaled
from O to 1. For non-missense variants, the creators of Exomiser assigned fixed
pathogenicity scores (see Table 1.1). The MAF score is a variant’s MAF transformed
from a percentage, where a lower percentage indicates a lower MAF, to a score from
0 to 1, where 0 equals ‘benign’ and 1 equals ‘pathogenic’. A variant’s MAF is the
maximum MAF reported either in dbSNP or in the Exome Variant Server. If no MAF
is reported, the MAF score is set to 1 [89].

tern is X-linked recessive. This filtering approach based on the suspected inheritance

is efficient for reducing the number of variants that require closer investigation.

1.2.1.3.2.1 Exomiser Cases in which only the patient genome is available are
called ‘singletons’, as opposed to cases in which patient and parental genomes can
be analysed, so-called ‘trios’. To facilitate singleton and trio WES or WGS analysis,
several frameworks have been developed, including Exomiser [89]. Exomiser calcu-
lates a combined score based on a logistic regression combination of a ‘variant score’,
detailed in the next paragraph, and a ‘phenotype score’, explained in Section 1.2.2.3.

Figure 1.1 shows a high-level overview of the Exomiser framework.
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The variant score is a multiplication of a MAF score and a pathogenicity score
[65]. For missense variants, the pathogenicity score d is taken as the maximum of a

variant’s MutationTaster, PolyPhen-2 or SIFT score, scaled from O to 1:

d = max(MutationTaster |o.1,PolyPhen—2 |o..1,1 —SIFT |o..1) (1.1)

If no annotation is available from either one of the three scores, Exomiser assigns
a value of 0.6. For non-missense variants, fixed pathogenicity scores were assigned by
the authors depending on the variant effect type. The authors differentiate between
frameshift, nonsense, splice site, nonframeshift indel, stoploss, and synonymous

variants (see Table 1.1).

Class Frameshift Nonsense Splice site Nonframeshift indel Stoploss Synonymous
Score 0.95 0.95 0.90 0.85 0.70 0.10

Table 1.1 Pathogenicity scores assigned by Exomiser for non-missense variants. For
autosomal recessive inheritance with compound heterozygous variants, the variant
score is computed as the average of the two highest scoring variants (adapted from
[65]).

The MAF score is a variant’s MAF transformed from a percentage value, where a
lower percentage indicates increasing rarity, to a score ranging from ‘O = benign’ to ‘1

= pathogenic’:

f=max(0, 1—0.13533 ¢! 0OMAF) 6 MAF < 2% (1.2)

The MAF of each variant is the maximum MAF reported by a series of input
databases. As of January 2021, the following databases can be used by Exomiser
[90]: the 1,000 Genomes Project [49], the Exome Sequencing Project [91], EXAC
[73], gnomAD [72], the TOPMed database [92], and the UK10K project [93]. If no
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frequency data is available for a variant, the frequency score is set to 1. Exomiser is

freely available [90].

Exomiser’s variant score v is thus computed as follows:

v=dXxf (1.3)

1.2.1.3.2.2 VAAST Another framework for WES and WGS trio analysis for
rare genetic diseases is the ‘Variant Annotation, Analysis, and Search Tool 2.0’
(VAAST 2.0) [55]. VAAST 2.0 predicts the likelihood that a variant is disease-
causing based on allele frequency, amino acid substitution (AAS) and phylogenetic

conservation.
VAAST 2.0 is based on a conservation-controlled AAS matrix (CASM).

For each type of AAS, VAAST 2.0 calculates a severity parameter based on the
conservation measure PhastCons and the relative frequency of the respective AAS in a

disease and a non-damaging variant database.

Importantly, VAAST 2.0 produces a p-value-based score, making it possible to
filter results based on statistical significance. This stands in contrast to Exomiser (see

Section 1.2.1.3.2.1), which produces a score ranging from 0 to 1

VAAST 1.0 [94] calculates a variant severity parameter (a;/h;) as the ratio between
the likelihood that an AAS does not contribute to disease (4;) and the likelihood that
it does (a;). h; is approximated with the frequency of the type of AAS in question in
the 1,000 Genomes Project, whereas q; is the frequency of the type of AAS among
all disease-causing variants in HGMD. VAAST 2.0 extends the VAAST 1.0 approach
by also factoring in phylogenetic conservation [55]. VAAST 2.0 first calculates a;/h;
for each type of amino acid with a PhastCons score of 0 and 1. For any type of AAS

i (i=1,2,...,m), there are n; variants contained in the HGMD disease-causing variant
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database. Each variant j (j = 1,2,...,n;) has a PhastCons score P;;. Since FP;; is a
proxy for the likelihood that a variant exists in a conserved region, the likelihood that

a variant is disease-causing for variants with a PhastCons score of 1 is estimated as

noop
ai| = % (1.4)

and for for variants with a PhastCons score of O as

(1.5)

with Cp as the total number of disease-causing variants in OMIM. To estimate #;,

the equation for variants with a PhastCons score of 1 is consequently

Y P
hi| = ZjziBi) JCzlv g) (1.6)
and
1P,
hio = (ch—NJ) (1.7)

for variants with a PhastCons score of 0. Cy is the total number of non-disease-

causing variants in the 1,000 Genomes Project database.

The severity parameter for AAS type i with a PhastCons score of 1 is hence ;1 /h;
and a;o/hio for a PhastCons score of 0. For variants with a different PhastCons score
x (0 <x < 1), the ratio is calculated as follows:

Aix 40

a;
— = — x(1—x)+—xx (1.8)
hix  hio ( ) hi1
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aix/hiy are the entries in the CASM, thus providing an estimate for the likelihood

ratio of an AAS being pathogenic or benign.

The biggest drawback of these methods is that, for the approximately five million
variants found in a human genome, the score distribution of the algorithms is close to
bimodal, making it challenging to identify a single most pathogenic variant, as would
be required to successfully find the disease-causing variant in a Mendelian disease.
Additional information sources are required to overcome this challenge, as described

in the following section.

1.2.2 Variant prioritisation algorithms based on genotype and phe-

notype

Reliance on genotypic information alone is challenging since human genomes contain
100 loss-of-function (LoF) variants, inactivating ~20 genes [95]. That means that,
even if the algorithms described in Section 1.2.1.3 worked perfectly and down-ranked
all of the variants which do not lead to a LoF, there would still be ~100 variants with
significant pathogenicity left for an analyst to screen manually. For this reason, a new
class of algorithms has emerged, combining phenotypic and genotypic information to
improve VPA. Hereafter, these methods will be described as genotype-and-phenotype-

based VPA (GPA).

1.2.2.1 The Human Phenotype Ontology

To establish links between phenotype and genotype, GPA rely on frameworks like
the “Human Phenotype Ontology (HPO)” [96-99], a standardised vocabulary aiming
to capture all phenotypic abnormalities encountered in human disease’. The HPO

is an ontology representing phenotypic terms (ontology nodes) and their inherent

213,000 HPO terms and over 156,000 hereditary disease annotations as of August 2018 [100]
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hierarchy (“is_a” connections, ontology edges). Each node can be annotated with
biological data like genes and diseases that have been associated with a phenotypic
term (see Figure 1.2). Algorithms such as Exomiser and Phevor use this additional
layer of information, connecting potentially disease-causing genes with phenotypic
information, in variant prioritisation frameworks to improve the ranking mechanism

(see Section 1.2.2.3).

In addition to VPA, a range of other applications have been developed based on
the HPO to support rare genetic disease diagnostics. For example, computer vision
algorithms that can identify phenotypic traits in photos of a patient’s face, map those
phenotypic traits to HPO terms and based on that infer which disease a patient might be
affected by [101]. FDNA, a genetic disease diagnostic company, has even integrated
one of these algorithms into a smartphone app called ‘Face2Gene’ [102]. Other
algorithms, such as Phenomizer [66], use the collection of a patient’s HPO terms to

directly infer the disease a patient might be affected by.

Furthermore, platforms are emerging that try to identify patients that are similar to
each other based on HPO terms. One such platform is PhenomeCentral [103], a portal
for matching rare genetic disease patients with similar phenotypes and genotypes. In
addition to patient matching functionality, PhenomeCentral includes an online version
of Phenotips [104], an electronic medical record system for rare genetic disease
patients. While PhenomeCentral matches patients on both or either of genotype and
phenotype, other platforms exist that are purely focused on genetic matches, such as
GeneMatcher [105]. GeneMatcher matches patients with each other that carry variants
of uncertain significance in the same gene. Importantly, all of the above-mentioned
matching platforms are used by clinicians, not patients, to protect patient privacy and

ensure compliance with data sharing regulations.
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Abnorm. of the skeletal
system general

Abnorm. of Abnorm. of
the pelvis the joints

Abnorm. of Disloca- Abnorm. of
the hips tions the hip joints

Hip
Dislocation

Congenital hip Linked to Ehlers-Danlos
dislocation syndrome, type VI
(OMIM:130060), which is

linked to mutations in
Congenital COL1A1 and COL1A2

is_a bilateral hip o
n ) B dislocation specific

Fig. 1.2 The Human Phenotype Ontology. The HPO serves as a structured phenotype
vocabulary. Nodes (blue boxes) represent phenotypic terms, edges (gray arrows)
illustrate “is_a” connections. That way, highly specific phenotypic descriptions are
linked to increasingly general descriptors. In this illustration, “congenital bilateral
hip dislocation” is_a “congenital hip dislocation” is_a (...) is_a “abnormality of the
skeletal system”. The HPO is annotated with additional biological information. The
term “congenital bilateral hip dislocation”, for example, is associated with Ehlers-
Danlos syndrome type 1 (OMIM:130060), which is linked to variants in COLIA 1 and
COLIA2 [96, 106].

1.2.2.2 Alternative ontologies

The HPO is only one of several established ontologies for tracking phenotypic infor-
mation. The ‘Unified Medical Language System’ (UMLS) [107], distributed by the
NIH, integrates several healthcare coding standards, which were built for different
applications. While the HPO was designed as a tool to support biomedical research,
the ‘International Classification of Diseases and Related Health Problems, 11th Re-
vision’ (ICD-11) [108] and SNOMED [109] are vocabularies built primarily for the
processing of medical billing information in healthcare systems. With the advent of
large scale genomics projects that draw in patient information from various resources,

the importance of ICD-11 and SNOMED for genomic analyses has increased.
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Aside from ontologies built to capture phenotypic information, systems such as the
‘Disease Ontology’ (DO) and the ‘Gene Ontology’ (GO) were designed to describe
relationships between diseases and genes and their affiliated biological products. The
GO can for example be used to map protein-protein-interaction (PPI) networks, which

provide additional insights for VPA [110].

Furthermore, ontologies can be exploited to draw connections between humans
and other species. For example, the most widely-used ontology for linking human

with mouse and rat phenotypes is the Mammalian Phenotype Ontology (MPO) [111].

Bioinformatics groups spend significant time on creating mappings between these

resources to take advantage of all the available information for variant ranking [112].

1.2.2.3 Existing variant prioritisation algorithms based on genotype and phe-

notype

GPAs use the HPO to calculate how similar a patient’s phenotype is to phenotypic
terms linked to a candidate gene to inform ranking. For example, Phevor uses the
ranked output of GA like VAAST to rank variants based on genotype and then re-
ranks likely candidates based on phenotype, gene function and disease information
[55, 58, 113, 94]. Exomiser is another example of a GPA. Exomiser filters out variants
outside of the exonic target and variants with a too high MAF and then calculates a
similarity score based on the patient’s phenotype and phenotype data annotated to
candidate genes. This score is combined with a genotype-based score to rank variants

[89, 65]. These approaches have been shown to improve diagnostic workflows [53, 58].

GPAs combine ontologies such as the HPO with input from other tools, as described
in (see Section 1.2.1.3), to better distinguish pathogenic from benign variants in patient

genomes.
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1.2.2.3.1 Exomiser’s hiPHIVE One example, hiPHIVE, distributed as part of the
Exomiser framework [89], calculates a combined score based on a variant score,
described in Section 1.2.1.3.2.1, and a phenotype score, on a scale from 0 (benign) to

1 (pathogenic).

hiPHIVE’s phenotype score is based on a similarity score, comparing the patient’s
phenotypic profile, described by HPO terms, with the phenotypic annotations of each
candidate gene. Each gene receives three phenotype scores, one per species for which
the phenotypic annotations were used: human via the disease-gene annotations in
OMIM and Orphanet [114], mouse via the MPO and zebfrafish via zebrafish-specific
phenotype databases [89]. If no phenotypic annotations are available for all three
species, hiPHIVE instead uses a PPI to score how close the gene of interest is to
genes with strong phenotypic similarity to the patient using a random walk algorithm
[89, 115]. The resulting Exomiser phenotype score is the maximum of the species-

specific phenotype scores and the PPI score.

The similarity score is calculated with a three-step process [116]. First, the ontology
concepts are aligned and a significance score is computed. The significance score
indicates how similar two terms are to each other. Two different algorithms, the Jaccard
Index (simy) and the Information Content (/C), are used to estimate the significance

score via a pairwise similarity comparison of each phenotypic feature.

simy scores similarity between an individual HPO term associated to the patient
and an individual phenotypic term (HPO, MPO or Zebrafish) associated to the gene in
question [117]. This results in a score between 0 (not similar) and 1 (identical). If a”
are the terms associated with the patient’s HPO term p and a# are the terms annotated

to the gene’s phenotypic term g, then

. a’Nad
simy(p; &) = —:apUag: (1.9)
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The IC of each term is calculated as follows:

annot
IC(p,g) = —logy (—’ ,,g\> (1.10)

|annot |

where annot), is the number of genes annotated with the least common subsumen
phenotype of the patient’s phenotypic term and the gene’s annotated phenotypic term.
annot 18 the total number of terms in the HPO. In essence, that ratio describes the
likelihood of a gene or patient profile being annotated with that particular phenotypic
term. The resulting significance score s for each pairing of terms is calculated as the

geometric mean of simy and IC:

sps = VIC(p,g) sim;(p,g) (1.11)

Second, overall phenotypic similarity scores are calculated between the patient’s
HPO profile and each gene’s phenotypic profile. For this, the pairwise comparisons be-
tween each concept are considered, only using the best scoring matches of patient HPO
term and gene phenotypic concept. The raw overall similarity of the patient’s HPO
profile and the gene’s phenotypic annotations can be computed as either the maximum

of the individual score matches (maxScore) or as their mean average (avgScore).

If i = 1...m are the phenotypic terms for the patient’s HPO profile p and j =1...n

are the phenotypic terms for the gene g, then

maxScore(p,g) = max(s(i, j)), i=1..m, j=1...n (1.12)

and
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iy max(s(i, j)) j=1..n + Xy max(s(i, j))i=1..m
m-—+n

avgScore(p,g) = (1.13)

Third, since these phenotypic scores are not scaled between 0 and 1, making it
difficult to compare results with each other, the phenotypic similarity scores are nor-
malised. For each HPO term in the patient’s profile, the optimal theoretical phenotypic
term match is calculated. To scale the raw scores of the pairwise comparisons, the raw

score is divided by the optimal theoretical score:

maxScore(p, g)

P tageS =100 x 1.14
maxbercentageScore(p,g) maxScore(p, optimal match for p) (119
and

avgScore(p,g)
avgPercentageScore(p,g) = 100 x (1.15)

avgScore(p,optimalmatchforp)

The phenotype score ¢ assigned by hiPHIVE for the similarity of a patient’s HPO

profile and a gene’s phenotypic annotations is then calculated as:

¢ = avg(maxPercentageScore(p,g),avgPercentageScore(p,g)) (1.16)

A logistic regression classifier was trained based on 10,000 disease-causing variants

from HGMD and 10,000 benign variants from the 1000 Genomes Project to calculate
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the combined Exomiser score E based on the variant score v (see Equation 1.3) and

phenotype score ¢ [118]:

1
T 1+ e (C13.96+1161(p+v))

(1.17)

Cipriani et al. [119] evaluated Exomiser’s hiPHIVE on a cohort of 134 WES
datasets from patients with confirmed molecular diagnoses for rare retinal diseases.
Exomiser ranked 74% of the disease-causing variants as the top candidate and 94% in
the top 5. Not using the HPO profiles of patients and only relying on genotype-based
variant prioritisation reduced the performance, ranking 3% of candidate variants first

and 27% in the top 5.

1.2.2.3.2 Phevor Another example of a GPA framework, Phevor [113], uses the
output from algorithms like VAAST 2.0 and reranks it based on a phenotype score.
Information about the patient is supplied in the HPO format or, alternatively, terms
from the DO, MPO, GO or OMIM can be supplied. Based on the supplied terms,
Phevor generates a candidate gene list using each ontology’s annotations. This gene
list can then be used to relate different ontologies to each other. Figure 1.3 shows how
two generic ontologies A and B are connected with each other based on a hypothetical

candidate gene list consisting of Gene X, Gene Y, and Gene Z.

The genes contained in the list are then used as starting points to propagate across
each ontology to assign a phenotypic relevance score to each term in the ontology, as
illustrated in Figure 1.4. Each ontology node i linked directly to a gene from the list
receives a node score S; of 1. From those starting nodes, the propagation moves to the
children of each node. Each time an edge is crossed, the current value of the previous
node is divided by two. If a node has two children, the starting node’s value is divided

by two twice, once for every child. Following the same procedure, the original seed
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Ontology A Ontology B

Fig. 1.3 Combining ontologies with Phevor. Phevor connects different ontologies
with each other based on their gene annotations. Examples of ontologies used in this
way include the DO, MPO, GO or OMIM. Shown here are two example ontologies A
and B which are connected via three genes, Gene X, Gene Y, and Gene Z, represented
by green lines. This cross-linking of ontologies allows Phevor to use annotations
from different ontologies for the gene prioritisation process, for example phenotypic
information from the HPO, and information about gene function from the GO. Red
nodes represent the starting points for the propagation process described in Figure 1.4.
This figure was adapted from Singleton et al. [113].
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scores are also propagated to parent terms, until the root of the ontology is reached.
Once propagation is completed, the node values are normalised to a score between 0

and 1 by dividing each value by the sum of all node scores in the ontology.

Next, each gene g annotated to the ontology is assigned an ontology-specific gene
score Gg onrology €qual to the maximum score of any node in the ontology which the
gene is annotated to. Each gene receives a score for every ontology it is annotated to,
resulting in multiple scores per gene. Those scores are subsequently summed up and

renormalised to produce a final gene score G, between 0 and 1:

Gg1po+Gg o+ Ggupo+ ...
Yh—1Gn

G = (1.18)

where Gy, is the gene score of gene 4 and 7 is the total number of gene scores.

Importantly, genes which have no annotations in any ontology can receive sig-
nificant scores in the propagation process, since they can be located at intersections
connecting multiple highly-annotated nodes. The propagation process enables Phevor

to also score novel genes that lack ontology annotations.

Subsequently, genes are ranked by their gene sum scores and percentile ranks are

calculated. Phevor then calculates a disease association score D, for every gene:

Dy = (1—Vg) X N, (1.19)

where Ny is the percentile rank of the renormalised gene score G, for gene g and
Vi is the gene’s percentile rank as received from the VPA used as input, for example

SIFT, except for VAAST, for which the p-value can be used directly.

Next, Phevor also calculates a score H, for each gene, indicating the likelihood

that a gene is not associated with disease:
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Hy = Vg x (1= Np). (1.20)

The Phevor score S, is ultimately calculated as

SgZZOglng/Hg. (1.21)

With tools like Exomiser and the combination of VAAST and Phevor, which pri-
marily focus on coding variants, the diagnostic yield in WGS studies is approximately
25-40% [120] for rare disease patients that did not receive a diagnosis from single
gene or multi-gene panel testing. Comparisons of the algorithms have produced mixed
results, with Exomiser achieving better results than VAAST combined with Phevor in
some papers and vice versa in other publications [58, 113]. The goal of Chapter 3
is therefore to compare the performance of the two combinations of algorithms

with each other based on a number of patient cases from the HICF2 study.

1.2.3 Variant prioritisation algorithms based on genotype, pheno-

type, and expression data

As mentioned previously (see Section 1.2.2), significant performance improvements in
prioritising disease-causing variants in patient genomes were achieved by adding addi-
tional data sources that are independent from the original inputs used in the first wave
of ranking algorithms. Yet, it remains challenging to quickly and accurately identify
variants that are highly pathogenic but reside in genes which haven not previously been
annotated with phenotypic information, despite approaches like Exomiser’s usage of
additional ontologies and PPI networks and Phevor’s propagation of multiple ontolo-
gies. Therefore, analysing cases with novel genes is hard and further improvements

are needed. Afia and her relatives are one such case, with a likely disease-causing
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Fig. 1.4 Ontological propagation with Phevor. The tree-like structure illustrates
an ontology used for the phenotype score calculation, for example the HPO. Each
node represents a term from the ontology. Panel A shows an ontology with two user-
provided terms (nodes) shown in red. Here, Gene A has previously been annotated
to both of these terms. At the start of the propagation, the two red-highlighted nodes
receive a score of 1. Subsequently, the propagation to children and parent nodes starts,
as illustrated in panel B. Every time an edge is crossed to reach a neighbouring node,
the score of the previous node is divided by two. In panel C, the final result of the
propagation is shown. The node colors represent the magnitude of the propagation
scores, with dark red nodes receiving the highest scores and white nodes receiving the
lowest scores. In this example, propagation has identified two new gene candidates,
Gene B and Gene C, which are not associated with the original seed node, but are
annotated to nodes that received high propagation scores. Gene D and Gene E represent
examples of genes annotated to nodes that did not receive high scores. This figure was
reproduced from Singleton et al. [113].
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variant in HDLBP, a gene without HPO term annotations. To support variant ranking
for genes without phenotypic annotations, expression data can be a useful additional

source of evidence.

1.2.3.1 Gene expression databases

The proliferation of high-throughput RNA sequencing technologies has enabled the
construction of large tissue-specific gene expression databases, providing data to

delineate the effect of genetic variation on gene expression in human tissues [121].

One of the most-widely used tissue-specific gene expression databases was gener-
ated by the Broad Institute’s Genotype-Tissue Expression (GTEx) project [121]. In
August 2018, GTEx contained RNA-seq data on 53 tissues from 11,688 samples [122]
collected post-mortem. Donor eligibility is broad and not limited to specific disease or

conditions. GTEX is freely available for academic users.

Another widely used database is the EMBL-EBI’s Human Protein Atlas: compara-
ble to GTEX, but smaller in size, the Human Protein Atlas, based on samples from 122
human donors, holds RNA-seq data on 37 tissue types and protein expression data on

44 tissue types [123].

The Genomics Institute of the Novartis Research Foundation (GNF) Gene Atlas
is an earlier version of a gene expression database [124]. The GNF Gene Atlas
contains expression data on 17,761 human genes and 79 human tissues, generated via

microarray chips from a small number of donors.

Other gene expression databases include the Gene Expression Atlas [125], the
RNA-Seq Expression Atlas [126], the ArrayExpress database [127] and the Gene

Expression Omnibus [128].
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1.2.3.2 Established links between gene expression and disease-associated genes

Various studies suggest that elevated expression of genes in specific healthy tissues
implies an increased relevance of those genes for the function of those tissues. This
indicates that pathogenic germline variants are more likely to affect tissues where the
variant-carrying genes are more highly expressed. Oellrich et al. [129] demonstrated
that 72-76% of phenotypes in knock-out mice are associated with disruption of genes
expressed in the affected tissue. The authors subsequently used their gene expression-
phenotype map to add an additional information layer to their disease gene ranking
tool ‘Phenotype comparisons for Disease Genes and Models’ (PhenoDigm) [116].
PhenoDigm was originally designed to rank potential disease gene candidates based
on their annotations with various model organism phenotypes. The combination of
PhenoDigm with gene expression data showed improved performance compared to
the original version of the algorithm. The authors do, however, note that a significant
number of phenotype-tissue associations are spatially separated, for example the
phenotype ‘total body fat’, which is correlated with genes expressed in various brain
tissues. In a different study, Barshir ez al. [130] demonstrated that, out of a set of 233
disease-associated genes with pathogenic germline variants, a majority had elevated
expression levels in the affected tissues, as well as increased numbers of tissue-specific

protein-protein interactions.

Furthermore, it has been shown that de novo disease candidate variants in patients
with congenital heart disease can be successfully distinguished from controls based on
gene expression in heart tissue [131]. In addition to the above-mentioned examples,
there is a large literature corpus on examples of genes that are associated with specific
diseases and exclusively expressed in the affected tissues. Examples include MYH6,
MYH?7 and TNNI3, which are linked to a number of cardiac diseases and have highly
elevated expression in the heart, compared to other tissues [132, 133]. Similarly,

the Parkinson’s disease- and dementia-associated genes SNCA and SNCB are highly
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expressed in several brain regions and nervous tissue [132]. At the same time, related
effects have been observed for conditions affecting multiple tissues, such as cystic
fibrosis (CF). CF is a multi-system disease affecting several tissues, including the
pancreas, lungs and sinus, all of which the primary CF gene CFTR is highly expressed
in [132].

Mosley et al. [134] showed correlations between genotype, gene expression in the
form of protein levels and phenotype. Instead of analysing associations between the
measured expression levels of variant-harbouring genes in tissues linked to a specific
phenotype, the group simulated a ‘virtual proteome’ by linking genotype and expected
protein levels. With a study of over 40,000 individuals, they were able to demonstrate

correlations between 55 simulated proteins and 89 distinct disease phenotypes.

However, a large number of genes are highly expressed in a number of tissues, not
just disease-associated tissues. Approaches exclusively focusing on relative expression
of single genes across different tissues may therefore be limited in their ability to
identify genes associated with disease based on their tissue-specific expression [130,
135, 136]. Additionally, the expression profiles of known disease-associated genes can
also be counter-intuitive, with lower expression in tissues relevant for the phenotype.
One such example is SIK1, which is associated with severe developmental epilepsy, but
is lowest expressed in brain and highest in skin, without a known skin phenotype [137].
Certain studies suggest that, instead of looking at individual genes, the focus should
be on protein complexes, which collectively are elevated in affected tissues, while this
is not necessarily the case for individual genes [138]. There is additional evidence
suggesting that tissue-specific co-expression networks can further help decipher the

genetic signature of diseases [135].
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1.2.3.3 Disease-gene prioritisation algorithms based on expression data

To test the power of gene expression data for ranking candidate genes arising from

WES and WGS data, several groups have implemented prioritisation algorithms.

1.2.3.3.1 CANDID Hutz et al. [139] developed CANDID, a gene prioritisation
algorithm that ranks genes according to their importance for complex human traits. For
the ranking, the algorithm uses up to eight different criteria: cross-species conservation,
PPI, information from publications, protein domain descriptions, linkage analysis
results, association analysis results, custom data and gene expression profiles [139].
For each criterion, CANDID assigns a score. Criterion-specific scores are normalised
and weighted according to user-specific weighting settings, producing a final ranking

of all candidate genes.

NCBI’s HomoloGene database is used to score genes according to cross-species
conservation. HomoloGene annotates each gene with a label indicating the organism
harbouring the most distant homolog. Human-specific genes receive a score of 0,
whereas genes labeled ‘Eukaryota’ receive the highest score of 1. Scores for other

used species are distributed evenly.

PPI is factored in by CANDID through the NCBI Gene database, which contains
information on PPI. A gene’s PPI score is simply the sum of the publication and
protein domain scores of all of the gene’s interacting partners. That way, genes that

receive a O for all other scores can still achieve a high PPI score.

To score genes according to information from publications, users supply CANDID
with a list of keywords that would typically be used in a literature search for the
complex human trait of interest. CANDID then searches PubMed with those keywords
and ranks genes according to their association with PubMed search results. CANDID

was developed before wide-spread adoption of the HPO.
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To utilise protein domain information, users supply a list of keywords related to
the trait of interest, which are used to search the National Center for Biotechnology
Information (NCBI) Conserved Domain Database (CDD). The CDD search produces
a list of protein domains and genes containing those domains. Every gene that is at
least contained in one search result output receives a score of 1, all other genes get a

score of 0.

Furthermore, CANDID utilises linkage data by assigning a linkage score to each

gene based on the LOD score of the gene’s location.

SNV association data can be factored in by supplying CANDID with a list con-
taining SNV and their associated p-values. Each gene is assigned an association score

based on the SNV with the lowest p-value in that gene.

CANDID also accepts custom scores for genes with higher user interest, which

result in a custom data score for genes.

To factor gene expression into the analysis, CANDID queries the GNF Gene Atlas.
CANDID compares each gene’s expression across the 79 human tissues covered in
the GNF Gene Atlas. Genes receive a score of 1 for the tissue they are most highly
expressed in and relative scores, according to their relative expression compared to
the tissue with the highest expression, for all other tissues. That way, genes receive
a high score for the tissue they are highest expressed in and low scores for all other
tissues. Importantly, house keeping genes, which are generally equally highly or
lowly expressed across tissues, receive roughly the same score across tissues. Users
must supply tissue code(s) corresponding to the tissue(s) of interest. A gene’s overall
expression score then corresponds to the normalised sum of all scores in the tissues

indicated by the user.
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The final CANDID score is calculated by multiplying each of the individual scores
with the user’s score-specific weighting and summing the result up. Genes are ranked

in order of their final CANDID scores.

1.2.3.3.2 The Gene Tissue Expression Ranker (GeneTIER) Another algorithm
utilising gene expression data, GeneTIER, was developed by Antanaviciute et al. [140].
While CANDID draws on knowledge-based inference as well as gene expression data,
GeneTIER is purely built on experimental gene expression data. GeneTIER draws
on expression data from the Gene Expression Atlas, RNA-Seq Expression Atlas,

ArrayExpress, and Gene Expression Omnibus.

GeneTIER calculates an expression score for genes based on three factors: expres-
sion levels in affected tissues, variance of expression across tissues, and differences
in expression levels between affected and unaffected tissues. The algorithm individ-
ually calculates scores for all genes in the databases from human RNA sequencing,
human microarrays, mouse RNA sequencing and mouse microarrays respectively. The
dataset- and species-specific scores are then combined to produce the final GeneTIER
score. Users can adjust the relative contribution of human vs mouse data to the final
result. Users supply GeneTIER with a list of affected tissues and a list of candidate
disease genes. GeneTIER then uses its algorithms to rank the genes according to their

likelihood of causing the disease that is affecting the supplied tissues.

To test the algorithm, the authors generated a benchmark dataset using the HPO.
Via the HPO, the authors identified a list of 1,000 gene-disease associations for testing.
HPO terms annotated to the selected diseases were mapped to tissues they likely
affect. In the benchmark assessment, GeneTIER achieved an area under the curve
(AUC) of 0.78-0.83, depending on the specific testing methods, thus not only providing

validation for GeneTIER’s ranking algorithm, but also indirectly demonstrating that
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the HPO implicitly contains information about expression levels of genes in specific

tissues.

1.2.3.3.3 Endeavour A third example is Endeavour by Tranchevent et al. [141].
To prioritise candidate genes, users first supply the algorithm with a process of interest.
This can either be a list of genes that are known to be associated with the process of
interest, or an OMIM disease. Next, the user supplies a list of candidate genes of yet
unknown significance for the process of interest. Subsequently, Endeavour ranks the

candidate genes according to their relevance for the process of interest.

Based on the process of interest, Endeavour builds a model of the likely characteris-
tics of genes that are relevant to the process. Endeavour uses 75 different data sources
and one sub-model is created and trained for each data source. The data sources
represent a range of input factors, including PPI, chemical data, gene and protein
function, sequence-based features, phenotypic information, and expression data. For
example, the GO is one such data source. For the genes associated to the process
of interest, Endeavour determines which features from the GO are overrepresented,
thus giving an indication for which features are important for that process. Endeavour
then ranks the candidate genes based on how closely they comply with the trained
sub-model, i.e. the overrepresented features in the case of the GO. Once a ranking is
determined for each individual data source, the scores for each gene are combined into

one overall score, resulting in the final gene ranking.

The authors validated the algorithm based on a number of gold standard gene
datasets, consisting of genes which are already known to be associated with the
process of interest. For genes derived from the HPO, Endeavour achieves an AUC
of 0.8834, both validating the algorithm’s performance and, similar to GeneTIER,

suggesting a significant link between gene expression levels and the HPO.
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While there is room for improvement for algorithms such as GeneTIER and
Endeavour, the demonstrated results indicate that gene expression data can be used for

disease gene prioritisation.

1.2.3.3.4 The GeneNetwork Assisted Diagnostic Optimization (GADO) algo-
rithm Deelen et al. [142] published the GADO algorithm. GADO ranks candidate

genes based on a patient’s HPO terms.

GADQO'’s predictions are based on observed co-regulation of genes annotated to a
specific HPO term with other genes. By exploting co-regulation, GADO can also rank

genes that are not annotated with HPO terms.

The authors analysed co-regulation patterns of genes based on RNA-seq data from
31,499 samples in the European Nucleotide Archive [143], resulting in a prioritisation
score for each gene for each HPO term. Since every gene is annotated with a priori-
tisation score for every HPO term, GADO works for genes with known HPO term

annotations, as well as genes without an established link to a phenotype.

Co-regulation patterns are established with a principal component analysis (PCA)
of all genes in their sample. Using this approach, the authors identified 1,588 principal
components, each of which describes co-regulation between genes. Each gene in
the dataset has a coefficient assigned for each principal component, describing the

relevance of the principal component for that gene.

Next, the authors calculated the relevance of each principal component for each
HPO term. In the HPO, each term is annotated with a list of genes known to cause the
specific phenotype. For example, dilated cardiomyopathy (HPO term HP:0001644)
is annotated with 142 different genes3, including ACTC1, COX1, and ABCC9. The

authors then calculated how relevant each principal component is for the set of genes

3as of October 2020
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annotated to dilated cardiomyopathy, resulting in a relevance coefficient for each HPO

term and each principal component.

Once a relevance coefficient was computed for each gene-prinicipal component
relationship and each HPO term-principal component relationship, the authors were
able to calculate the relevance of each gene for each HPO term. Similarly, when
supplied with a list of HPO terms, GADO can calculate the combined relevance of
each gene for the HPO profile. Thus, when supplied with a patient’s HPO terms,
GADO produces a list of genes ranked according to their relevance for the patient’s

phenotypic profile.

The authors benchmarked GADO against Exomiser on a WES cohort of 83 patients
with confirmed genetic diagnoses. While GADO achieves a lower median rank for the
causative variant than Exomiser (12.5 compared to 21), Exomiser ranks more variants
in the top three (28 compared to 14). Furthermore, the authors applied GADO to a
cohort of 61 patients that did not previously receive a diagnosis via WES, yielding

causative gene candidates for ten cases.

1.2.3.4 Links between the Human Phenotype Ontology and tissue-specific dis-

ease gene expression

GADO does not differentiate between tissues in its analysis of expression data. While
the analyses conducted for the development of GeneTIER and Endeavour implicitly
suggest that the HPO contains meaningful information on tissue-specific gene ex-
pression levels, Feiglin ef al. [132] conducted a study explicitly investigating this

relationship.

The authors analysed the correlation between the HPO terms annotated to disease
genes from OMIM and the expression level of those genes in tissues assumed to be

affected based on the disease’s HPO terms. For this purpose, they created a mapping
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between 25 high-level HPO terms and GTEXx tissues. For example, the HPO term
‘Abnormality of the adrenal glands’ (HP:0000834) is linked to the tissue ‘adrenal
gland’. Hence, genes annotated with that HPO term (and all of their children) are
assumed to have increased expression in the adrenal glands [132]. To approximate
‘elevated expression levels’, Feiglin et al. [132] introduced two relative metrics: the
expression of a gene in question in a phenotype-implicated tissue relative to all other
tissues (referred to as the ‘cross-tissue’ expression level), and the expression of a gene
in question in a phenotype-implicated tissue relative to all other genes in that same
tissue (hereafter referred to as the ‘cross-gene’ expression level). Using the mentioned
mapping as well as cross-tissue and cross-gene scores, the authors demonstrated that
genes linked to OMIM rare genetic diseases generally are more highly expressed in
tissues implicated by HPO terms linked to the disease than they are in tissues not

implicated by the phenotype.

Overall, these results hold up for each individual expression metric (cross-tissue
and cross-gene) as well as for their combination. Results vary, however, depending on
the tissue. The cross-gene score for Nerve tissue achieves the highest AUC (=0.70),

compared to the lowest AUC for vagina tissue’s cross-gene score (x~0.45).

1.2.3.5 A novel algorithm using genotypic, phenotypic, and tissue-specific gene

expression data for variant prioritisation

Prioritisation of variants in genes with no known phenotypic annotations remains a

challenge.

GPAs like Exomiser and Phevor predict the disease-causing variant to be pathogenic
and thus assign a high rank relative to other variants. The phenotype-based scoring
stage (see Sections 1.2.2.3.1 and 1.2.2.3.2) however will downgrade the candidate vari-

ant, due to a lack of phenotypic annotations. Exomiser relies on phenotypic matches
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with model organisms as well as PPI data for novel gene discovery, while Phevor

builds on its ontology propagation approach.

Deelen et al. [142] demonstrated with their GADO algorithm that gene expression
data can be a valuable resource to prioritise genes based on gene co-regulation (see
Section 1.2.3.3.4). While Deelen et al. used gene expression data regardless of the
tissue of origin, Feiglin er al. [132] showed that variants confirmed to be disease-
causing are on average more highly expressed in tissues that are likely affected based
on the disease’s HPO terms (see Section 1.2.3.4). Gene expression data in tissues
indicated by HPO terms could thus be an informative input for variant prioritisation,

particularly for genes lacking phenotypic annotations.

In addition to GADO, other approaches linking genotypic, phenotypic, and ex-
pression data exist, but with limited scope. Tools such as QueryOR are using GTEx
expression data to annotate genes to have additional information for the result inter-
pretation step, but they lack a link to HPO terms and do not use the data to calculate
a ranking score to facilitate analysis [144]. MendelScan by Koboldt et al. [145]
integrates segregation data, MAF, predicted protein effect and gene expression data,
but expression data has to be individually supplied for the disease of interest, which

limits its scope to diseases primarily affecting one tissue.

The goal of Chapter 4 is therefore to develop an algorithm that successfully
combines genotypic, phenotypic and tissue-specific expression data for rare ge-
netic disease WGS variant prioritisation. The goal of Chapter S is to validate

this novel algorithm on real patient cases.
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1.3 Functional validation of variants arising from whole

genome sequencing data

VPA are useful to surface potentially disease-causing candidate variants. To determine
if a candidate variant should be reported back to the patient, many clinical geneticists
adhere to the ACMG guidelines published in 2015 [67], as previously mentioned
(see Section 1.2.1.1). The classification of candidate variants in genes that are novel
for the observed phenotype, such as Afia with FLS, can require additional evidence
from functional studies. In this section, I describe how data from in vitro or in vivo
functional studies affects the classification of candidate variants (see Section 1.3.1) and
provide details on FLS (see Section 1.3.2) and the disease’s link to a novel candidate

gene, HDLBP (see Section 1.3.3).

1.3.1 Impact of in vitro and in vivo functional studies on variant

classification

The ACMG guidelines allocate variants to one of five categories: ‘pathogenic’, ‘likely
pathogenic’, ‘uncertain significance’, ‘likely benign’, and ‘benign’ [67]. The categories
are assigned using a set of rules that determine how evidence of pathogenicity and

evidence of a benign impact should be evaluated.

Evidence for pathogenicity is classified into four criteria: ‘very strong’, ‘strong’,
‘moderate’, and ‘supporting’. Evidence for a benign impact is classified into three
criteria: ‘stand-alone’, ‘strong’, and ‘supporting’. Each criterion is further divided
into several categories. For example, a variant leading to a frameshift in a gene
where LoF is a known mechanism of disease is considered ‘very strong’ evidence for

pathogenicity.
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In vitro or in vivo functional studies supportive of a damaging effect on the gene
or gene product, referred to as ‘PS3’ level evidence in the ACMG guidelines, are
classified as ‘strong’ evidence of pathogenicity. One PS3 criterion on its own is not
sufficient to classify a variant as pathogenic or likely pathogenic. Instead, at least
an additional two ‘supporting’ or one to two ‘moderate’ pathogenicity criteria are

required to classify a variant as likely pathogenic.

Initiatives such as Solve-RD, funded by the European Commission, are building
up processes to systematically functionally validate candidate variants in newly dis-
covered disease genes [146]. Functional studies examine the link between the disease
phenotype (see Section 1.3.2) and the effect of the candidate variant on the suspected

disease gene (see Section 1.3.3).

1.3.2 Fine-Lubinsky syndrome

FLS is a very rare genetic disease [147]. While FLS cases have previously been
reported, no molecular diagnoses have been made. The phenotype includes plagio-
cephaly, megalocornea, cleft palate, digital abnormalities, dysmorphic facial features,
moderate developmental delay and body asymmetry [148, 147]. Structural brain
abnormalities, deafness and shallow orbits have also been reported (see Figure 1.5).
Aside from two affected siblings, most reported cases have been sporadic [147]. Here,

I study a consanguineous family with five affected relatives, one of which is Afia.

1.3.3 HDLBP and its potential links to FLS

The protein expressed by HDLBP, commonly referred to as ‘vigilin’ and the lead-
candidate for our FLS case, is the largest RNA-binding protein (RBP) in the KH

domain-containing family and one of the largest known RBPs [149]. Vigilin has
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Phenotype Features

« Cleft palate: oral clefting

« Plagiocephaly: “Flat head syndrome”
« Megalocornea: Enlarged cornea @
METRIC | 2

« Digital abnormalities, incl.:

« Dysmorphic facial features:

Moderate developmental delay
Structural brain abnormalities
Shallow orbits: “shallow eye sockets”
Deafness

Camptodactyly: fixed flexion deformity of the
proximal interphalangeal joints causing the
finger to be permanently bent
Brachydactyly: digits disproportionately short
compared to hand/foot

Syndactyly: webbed fingers or toes
Clinodactyly: Curvature of digit

High/wide forehead
Narrow mouth
Short chin

Short nose
Low-set ears

Fig. 1.5 The Fine-Lubinsky syndrome phenotype. The FLS phenotype includes
plagiocephaly, megalocornea, a cleft palate, and a range of digital abnormalities,
including camptodactyly, brachydactyly, syndactyly, and clinodactyly. Furthermore,
dysmorphic facial features including a high or wide forehead, a narrow mouth, a short
chin, a short nose, and low-set ears are observed. Affected patients additionally display
moderate developmental delay, structural brain abnormalities, shallow orbits, and
deafness.
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been shown to bind over 700 mRNAs [149], including Apolipoprotein-B, Serpin-Al,

Fetuin-A, and Clusterin in mouse primary hepatocytes.

Vigilin has a total of 14 KH domains. The KH13 and KH14 domains represent
HDLBP’s main mRNA-binding interface [149]. As will be discussed in Chapter 6,
there is evidence that the candidate splice site variant found in our patient* causes
in-frame skipping of exon 14, which makes up approximately 55% (41/75 amino
acids) of the RNA-binding KH6 domain of the encoded protein vigilin. RBPs play an
important role in gene expression and consequently in human disease [150-153]. The
variant is hypothesised to affect vigilin’s ability to bind RNA, which could be related

to the phenotype.

HDLBP has not previously been linked to FLS. However, several reports have
described patients affected by ‘2q37-deletion syndrome’ (OMIM:600430) [154] with

deletions of the 2q37 locus, which HDLBP is located in.

While some phenotypic features associated with 2q37-deletion syndrome overlap
with the phenotype of our patients, including brachydactyly, facial dysmorphism, low-
set ears and intellectual deficiency, other features were absent in our patients, including
seizures, obesity and short stature. Furthermore, patients in our family displayed
phenotypic features distinct from reported symptoms of 2q37-deletion syndrome,
including plagiocephaly and camptodactyly. Leroy ef al. [155] describe a cohort of
14 patients with 2q37 deletions, in 13 of which HDLBP is one of the deleted genes.
In the cohort of 14, morphological dysmorphisms, including brachydactyly type E
and facial features were among the most easily recognisable phenotypic features.
Only one patient, whose deletion did not include HDLBP, did not present with facial

dysmorphism.

Furthermore, Felder er al. [156] showed that HDLBP was considerably down-

regulated in lymphoblastoid cell lines of a 2q37-deletion syndrome patient with autism

4¢.1731+1G>A, NM_203346.4, segregates in two branches of same family
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and brachymetaphalangy [156]. The authors note that vigilin is structurally similar to
the protein encoded by (FMRI), LoF variants in which cause Fragile-X syndrome, a
mental retardation condition. Similar to vigilin, FMR1 contains KH domains, which

serve in RNA binding and transport from the nucleus to the cytoplasm.

Vigilin is found in two distinct but similar protein complexes in the cytoplasm
and nucleus, called the nuclear and cytoplasmic vigilin-containing complexes (VCCn
and VCCc) [149]. Both complexes contain tRNA and tRNA-binding is mediated
by vigilin. Furthermore, the two complexes bind exclusively to tRNA, not to other
RNA species. Vigilin itself is hypothesised to be involved in tRNA nuclear export
[149] and their subsequent delivery to the translation machinery. Cheng et al. [149]
hypothesise that vigilin could be instrumental for the translation of mRNAs encoding
membrane-associated and secreted proteins. Additionally, HDLBP is highly expressed
in bone and cartilage [156], tissues relevant for the FLS phenotype. Furthermore, as a
key regulator in proliferating cells, HDLBP plays an important role during embryonic
development, suggesting that even moderate down-regulation of expression could have

a severe impact.

In addition to that, knock-down mice studies have linked vigilin to cholesterol
metabolism and HDLBP is linked to obesity in 2q37-deletion syndrome patients

[157, 155].

Vigilin also regulates gene expression of the insulin-like growth factor-2 gene
(IGF2). Vigilin interacts with CCCTC binding factor (CTCF') to maintain the imprint-
ing of IGF2, under mediation by long noncoding RNA (IncRNA) [158]. In particular,
the authors show that KH1-7 domains, i.e. including the KH6 domain, which is
spliced out in our patient, functionally interact with zinc-finger domains of CTCF.
Furthermore, they demonstrate that IncRNA is involved in interaction between vigilin

and CTCF.
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The combined existing literature suggests a potential association of HDLBP with
FLS due to an impact on the protein’s RNA-binding activity. Therefore, the goal of
Chapter 6 is to functionally investigate the potential link between the candidate
variant in HDLBP in Afia and her relatives with FLS by examining vigilin’s RNA -
binding activity. HDLBP has not previously been investigated as a potentially

disease-causing variant in a large human pedigree.

1.4 Thesis objectives

While the increasing number of rare genetic diseases for which a molecular diagnosis
exists makes it possible to shorten the diagnostic odyssey of more and more patients, it
is becoming increasingly difficult to decipher the underlying causes of the remaining,
yet to be fully characterised conditions. Broadly, the aim of this thesis is therefore to
examine and improve upon the status quo in the analysis and functional validation of

rare genetic disease variants arising from WGS data.

The main objectives are as follows:

1. To analyse and compare the performance of the GPA Exomiser and Phevor on

rare genetic disease cases from the HICF2 study in Chapter 3

2. To develop an algorithm that successfully combines genotypic, phenotypic, and
tissue-specific expression data for the identification of candidate variants in

novel disease-causing genes in Chapter 4

3. To validate the performance of the newly developed algorithm on the patient

cases analysed for objective 1 in Chapter 5

4. To assess the impact of a splice-site variant on the RNA-binding activity of
vigilin, the protein encoded by HDLBP, in order to functionally characterise the

gene as a potential candidate for FLS in Chapter 6






Chapter 2

Materials and methods

In this chapter, I describe materials and methods used throughout the thesis. The
chapter is split into a description of the HICF2 project (see Section 2.1), cases from
which are used for analyses in Chapters 3, 5, and 6, methods and materials relevant
for VPA-based analyses in Chapters 3, 4, and 5 (see Section 2.2), and methods and
materials for a functional validation study in Chapter 6 (see Section 2.3). Chapter-
specific adaptations and use cases for the methods and materials are described in the

respective chapters (see Sections 3.2, 4.2, 5.2, and 6.2).

2.1 The Health Innovation Challenge Fund 2 project

Rare genetic disease patient cases described in Chapters 3, 4, and 5 of this thesis
were part of a whole genome sequencing project funded by the Health Innovation
Challenge Fund 2 (HICF2) situated at the University of Oxford. In this section, I
describe the HICF2 project setup (see Section 2.1.1), the materials and methods used
for sequencing (see Section 2.1.2), the HICF2 variant interpretation pipeline (see
Section 2.1.3), and the collection of HPO terms for HICF2 cases (see Section 2.1.4).

Details on individual patient cases can be found in Chapters 3 and 5 (see Sections 3.2
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and 5.2). All work described in Section 2.1, with the exception of the collection of
HPO terms described in Section 2.1.4, was conducted prior to my analyses by members

of the HICF2 consortium.

2.1.1 The HICF2 project setup

The HICF2 project was governed by a Genomic Medicine Multi-Disciplinary Team
(GM-MDT) that verified the eligibility of patients for WGS, approved patients for par-
ticipation in the HICF2 project, and reviewed case findings. The GM-MDT consisted
of members representing different specialties and roles, including clinical scientists,

genetic counsellors, non-clinical researchers, physician-scientists, and physicians.

To enrol a patient in the HICF2 study, referring clinicians had to submit an ap-
plication form summarising clinical information on the patient, including a detailed
description of the patient’s disease diagnosis and phenotype, as well as a family

pedigree.

Once approved for the HICF2 study, patient samples were submitted for whole
genome sequencing (see Section 2.1.2 for details) and analysis through the HICF2

consortium (see Section 2.1.3 for details).

All cases presented in this thesis were analysed by senior post-doctoral geneticists
in the research group of Professor Jenny Taylor. Candidate variants and supporting
evidence identified by the analysts were assessed with the referring clinician and
subsequently reviewed by the GM-MDT prior to reporting results back to the patient

or their caretakers.
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2.1.2 Whole genome sequencing

For whole genome sequencing, 3 pg patient DNA were extracted from whole blood
and used to prepare DNA libraries using an [llumina TruSeq DNA PCR-free library
preparation kit. The Illumina HiSeq 2500 and HiSeq 4000 systems were used with a
100 bp paired-end read protocol to perform whole genome sequencing to an average

depth of 30x.

2.1.3 The HICF2 bioinformatics research pipeline

WGS data from all cases described in this thesis were analysed by senior post-doctoral
geneticists using a bioinformatics research pipeline developed for the HICF2 study as

described in this section (see Figure 2.1).

WGS FASTQ files were downloaded from Illumina BaseSpace. Reads were
merged and mapped to the human reference genome (GRCh37/hs37d5) using the
Burrows-Wheeler Alignment tool (BWA, version 0.7.10-r789) [14] and Stampy [15].

PCR duplicates were removed with Picard Tools [159].

B-allele frequencies (BAF) were computed from the aligned BAM files via ngCGH
[160] and Nexus Copy Number Software [161] was used for the investigation of CNV
and regions of loss of heterozygosity. Shared genomic regions were identified via

CODOC [162].

Platypus (version 0.8.1) [13] was used for variant calling (settings see Table 2.1).
Singletons were run as single samples on Platypus, while sibling pairs and trios were
run as multi-sample files. Two separate tools were used in parallel to identify candidate
variants analysed further in Chapters 3 and 5: an annotation and filtering tool called
VARAN developed in-house by Dr Niko Popitsch, and the commercial product IVA by

Ingenuity [46]. VARAN used the Variant Effect Predictor (VEP, version 69) [19] to
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annotate variants. VCFs analysed with IVA were annotated in IVA. After annotation,
VCFs were filtered. Variants with a MAF < 1% in reference databases including
dbSNP, ExAC, and the 1,000 Genomes Project that were consistent with the suspected
inheritance pattern for the particular case were included in the analysis. Remaining
variants were interpreted based on the variant’s pathogenicity as predicted by several
scores, including SIFT [21], CADD, and Polyphen-2 [82], biological pathways, as well
as relevant literature and the patient’s phenotype. The quality of all candidate variant
calls was evaluated with the Integrative Genome Viewer (IGV) version 2.3.32 [163].
Short lists of candidate variants were discussed with the referring physician to either
confirm one or more candidate variants as disease-causing based on existing evidence
for inclusion in a research report, or to discuss next steps for further assessment of
candidate variants, including functional validation. All candidate variants determined

to be disease-causing were further validated by Sanger sequencing.
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Fig. 2.1 HICF2 bioinformatics research pipeline. Benchmark variants for all cases described in this thesis were identified using the
bioinformatics pipeline described in this figure. FASTQ files were downloaded from Illumina BaseSpace to merge and map reads with bwa
and stampy. PCR duplicates were removed with Picard tools and variants were called using Platypus. BAF were computed from aligned
BAM files via ngCGH, and CNV and regions of loss of heterozygosity were investigated using Nexus Copy Number Software. Variants
were called using Platypus and VCFs were analysed with the in-house tool VARAN, as well as Ingenuity’s IVA. Variants were filtered based
on a MAF < 1% in reference databases and each case’s suspected inheritance pattern. Variants were subsequently interpreted based on
pathogenicity scores such as SIFT, CADD, and Polyphen-2, as well as biological pathway information, relevant literature, and the patient’s
phenotype. Call qualities were evaluated using IGV. Candidate variants identified by the HICF2 analysts were discussed with the referring
physician for reporting to the patient, or to initiate further functional validation. Variant calls were validated by Sanger sequencing (Figure
provided by HICF2 consortium member and senior post-doctoral researcher Dr Niko Popitsch).

109lo1d Z punq 93u9[[ey) uoneAouu] YBH YL [T

6S



60 Materials and methods

Option Setting
assemblyRegionSize 1500
trimReadFlank 0
assembleBadReads 1
minVarDist 9
trimSoftClipped 1
minReads 2
qualBinSize 1
maxHaplotypes 50
filterVarsByCoverage 1
maxSize 1500
originalMaxHaplotypes 50
skipDifficultWindows 0
parseNCBI 0
skipRegionsFile None
noCycles 0
trimAdapter 1
minPosterior 5
assembleAll 1
trimOverlapping 1
filterDuplicates 1
abThreshold 0.001
minFlank 0
bufferSize 1000000
fileCaching 0
useEMLikelihoods 0
coverageSamplingLevel 30
calculateFlankScore 0
nCPU 8
filterReadsWithUnmappedMates 1
qdThreshold 10
max Variants 8
scThreshold 0.95
filterReadsWithDistantMates 1
maxReads 5000000
badReadsWindow 11
genlndels 1
largeWindows 0
minMapQual 20
maxVarDist 15
maxGOF 30
rlen 150
minGoodQualBases 20
refCallBlockSize 1000
countOnlyExactIndelMatches 0
longHaps 0
HLATYyping 0
filterReadPairsWithSmalllnserts 1
minBaseQual 20
getVariantsFromBAMs 1
genSNPs 1
assemble 0
assemblerKmerSize 15
minVarFreq 0.05
verbosity 2
compressReads 0
rmsmqThreshold 40
filteredReadsFrac 0.7
outputRefCalls 0
badReadsThreshold 15
hapScoreThreshold 4
regions None
sbThreshold 0.001
assembleBrokenPairs 0
mergeClustered Variants 1
maxGenotypes 1275
nind 3

Table 2.1 Platypus settings. This table shows all settings used to run Platypus for
variant calling on WGS data in this thesis.
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2.1.4 HPO term collection

HPO terms for every case discussed in this thesis were collected using the software
Phenotips (version 1.2.3) [104]. For each case, I generated an initial list of HPO terms
based on the clinical information submitted by the referring clinician through the
HICF?2 application form (see Section 2.1.1). The HPO profiles were refined by the

referring clinician in in-person case review meetings.

2.2 Variant prioritisation algorithms

In Chapters 3, 4, and 5, VPA are used to evaluate candidate variants previously
identified as part of the HICF2 project. In this section, settings for VPA used across
chapters are described. For details on the chapter-specific utilisation of each method,

see Sections 3.2, 4.2, and 5.2).

Exomiser version 7.2.1 and version 11.0.0 were used for different analyses. De-
pending on the version, Exomiser draws allele frequencies from different databases.
For Exomiser version 11.0.0, the following allele frequency databases were used:
the 1,000 Genomes Project [49], the Exome Sequencing Project [91], EXAC [73],
gnomAD [72], the TOPMed database [92], and the UK10K project [93]. For Exomiser
version 7.2.1, the 1,000 Genomes Project, the Exome Sequencing Project, and ExXAC
were used. Variants were filtered to have a call quality of >5.0 and a maximum MAF
of <1%. Exomiser’s phenotype score was calculated with Exomiser’s hiPHIVE algo-
rithm setting. Pedigree (PED) files were used to pass pedigree information to Exomiser.
Table 2.2 shows the structure of a PED file. Exomiser’s inheritance filter was used
to filter variants based on the suspected inheritance pattern of each case. Exomiser
7.2.1 differentiates between ‘autosomal_dominant’, which filters for heterozygous

variants and thus produces a list of variants following autosomal dominant or de novo
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inheritance, ‘autosomal_recessive’, which includes autosomal recessive and compound
heterozygous inheritance, and ‘X_recessive’ for X-linked recessive inheritance. The
inheritance pattern filter of Exomiser 11.0.0 is more granular, also differentiating
between ‘autosomal_recessive_hom_alt’ inheritance for autosomal recessive homozy-
gous variants, ‘autosomal_recessive_comp_het’ for compound heterozygous variants,
‘x_dominant’, ‘x_recessive_hom_alt’, and ‘x_recessive_comp_het’ for X-linked dom-
inant, recessive homozygous, and compound heterozygous inheritance respectively.
Settings were passed to Exomiser using yml files. Table 2.3 and Table 2.4 show the

yml file settings for all analyses using Exomiser version 11.0.0 and 7.2.1 respectively.

Family ID Individual ID Paternal ID Maternal ID Sex Phenotype
F1 proband_1 proband_1_father proband_1_mother 1 2
F1 proband_1_father 0 0 1 1
F1 proband_1_mother 0 0 2 1

Table 2.2 PED file structure. This table shows the structure of an example PED file
(F1.ped) used as input for Exomiser’s inheritance pattern filter. PED files consist of
the following six columns: family ID, individual ID, paternal ID, maternal ID, sex,
and phenotype. Members of the same family are assigned the same family ID, in this
case F1. Each individual is assigned an individual ID referring to the sample columns
used in the input multisample VCEF. In this example, three members of the same family
are analysed: the proband (proband_1), the proband’s father (proband_1_father), and
the proband’s mother (proband_1_mother). Each individual is represented by a line
entry in the PED file. The family relationship is indicated by providing the ID of each
individual’s father and mother in the paternal and maternal ID columns (O=unknown).
The individual’s sex is supplied in the sex column (1=male, 2=female, 0=unknown)
and the affected status is provided in the phenotype column (1=unaffected, 2=affected)
(adapted from [89]).



Option Setting

vef path to input vcf file

ped path to ped file

modeOfInheritance depending on the suspected inheritance pattern of each case: AUTOSOMAL_DOMINANT, AUTOSOMAL_RECESSIVE, or
X_RECESSIVE

analysisMode PASS_ONLY

geneScoreMode RAW_SCORE

hpolds comma-separated list of the proband’s HPO terms

frequencySources THOUSAND_GENOMES, ESP_AFRICAN_AMERICAN, ESP_EUROPEAN_AMERICAN, ESP_ALL,
EXAC_AFRICAN_INC_AFRICAN_AMERICAN, EXAC_AMERICAN, EXAC_SOUTH_ASIAN, EXAC_EAST_ASIAN,
EXAC_FINNISH, EXAC_NON_FINNISH_EUROPEAN, EXAC_OTHER

pathogenicitySources POLYPHEN, MUTATION_TASTER, SIFT

qualityFilter minQuality: 5.0

variantEffectFilter remove: UPSTREAM_GENE_VARIANT, INTERGENIC_VARIANT, REGULATORY_REGION_VARIANT,
CODING_TRANSCRIPT_INTRON_VARIANT, NON_CODING_TRANSCRIPT_INTRON_VARIANT, DOWN-
STREAM_GENE_VARIANT

frequencyFilter maxFrequency: 1.0

pathogenicityFilter keepNonPathogenic: true

inheritanceFilter
hiPhivePrioritiser

outputPass VariantsOnly

numGenes
outputPrefix
outputFormats

{
{

false

0

prefix for output file

TSV-GENE, TSV-VARIANT, VCF, HTML

Table 2.3 Exomiser version 7.2.1 yml settings. This table shows all settings used to run Exomiser version 7.2.1 via a yml input file.
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Option Setting

genomeAssembly hgl9

vef path to input vcf file

ped path to ped file

proband name of proband’s ID used in the vef

hpolds comma-separated list of the proband’s HPO terms

inheritanceModes depending on the suspected inheritance pattern of each case: AUTOSOMAL_DOMINANT: 1.0, AUTOSOMAL_RECESSIVE_HOM_ALT: 1.0,

analysisMode
frequencySources

pathogenicitySources
qualityFilter
variantEffectFilter

frequencyFilter
pathogenicityFilter
inheritanceFilter
hiPhivePrioritiser
outputContributing VariantsOnly
numGenes

outputPrefix

outputFormats

AUTOSOMAL_RECESSIVE_COMP_HET: 1.0, X_DOMINANT: 1.0, X_RECESSIVE_HOM_ALT: 1.0, X_RECESSIVE_COMP_HET: 1.0
PASS_ONLY

THOUSAND_GENOMES, @ TOPMED, UKIOK, ESP_AFRICAN_AMERICAN, ESP_EUROPEAN_AMERICAN, ESP_ALL,
EXAC_AFRICAN_INC_AFRICAN_AMERICAN, EXAC_AMERICAN, EXAC_SOUTH_ASIAN, EXAC_EAST_ASIAN, EXAC_FINNISH,
EXAC_NON_FINNISH_EUROPEAN, EXAC_OTHER, GNOMAD_E_AFR, GNOMAD_E_AMR, GNOMAD_E_EAS, GNOMAD_E_FIN,
GNOMAD_E_NFE, GNOMAD_E_OTH, GNOMAD_E_SAS, GNOMAD_G_AFR, GNOMAD_G_AMR, GNOMAD_G_EAS, GNOMAD_G_FIN,
GNOMAD_G_NFE, GNOMAD_G_OTH, GNOMAD_G_SAS

POLYPHEN, MUTATION_TASTER, SIFT

minQuality: 5.0

FIVE_PRIME_UTR_EXON_VARIANT, FIVE_PRIME_UTR_INTRON_VARIANT, THREE_PRIME_UTR_EXON_VARIANT,
THREE_PRIME_UTR_INTRON_VARIANT, NON_CODING_TRANSCRIPT_EXON_VARIANT, UPSTREAM_GENE_VARIANT,
INTERGENIC_VARIANT, REGULATORY_REGION_VARIANT, CODING_TRANSCRIPT_INTRON_VARIANT,

NON_CODING_TRANSCRIPT_INTRON_VARIANT, DOWNSTREAM_GENE_VARIANT
maxFrequency: 1.0

keepNonPathogenic: true

{}

{

false

0

prefix for output file

HTML, JSON, TSV_GENE, TSV_VARIANT, VCF

Table 2.4 Exomiser version 11.0.0 yml settings. This table shows all settings used to run Exomiser version 11.0.0 via a yml input file.

¥9

SPOYISUI pUE STRLISBIA



2.3 Functional validation 65

VAAST 2.0 and Phevor were executed using Omicia Opal version 4.24.0 [164].

For a detailed description of VAAST 2.0 and Phevor settings, see Chapter 3.

2.3 Functional validation

In this section, materials and methods used to functionally characterise HDLBP as
a candidate gene for FLS are described (see Chapter 6). An analysis of one of the
rare disease cases described in Chapter 3 identified a splice-site variant in HDLBP
as a potential cause of FLS. The splice-site variant causes in-frame skipping of exon
14, which is part of the RNA-binding KH6 domain of the encoded protein vigilin.
Reduced RNA-binding activity due to exon skipping was assessed as a potential cause

of FLS.

Stable cell lines were established to compare the effect of the variant to the
wildtype, subsequently referred to as ‘HDLBP mutant’ and ‘HDLBP wildtype’ (see
Section 2.3.1) in various assays described hereafter. Quality controls were conducted
to assess if the stable cell lines were established successfully (see Section 2.3.2).
Western Blots of vigilin were performed to examine protein instability as a cause of
the phenotype (see Section 2.3.3) and time-dependant protein decay was analysed
(see Section 2.3.4). Potential differences in intra-cellular protein localisation between
wildtype and mutant as a cause of the phenotype were assessed via fluorescence
microscopy (see Section 2.3.5). The tertiary structure of vigilin’s KH6 domain was
simulated to assess the potential impact of the splice-site variant on RNA binding (see
Section 2.3.6). Finally, the RNA-binding activity of wildtype and mutant vigilin was

assessed using an Oligo(DT) capture method (see Section 2.3.7).
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2.3.1 Establishment of stable cell lines for the HDLBP wildtype

and mutant

Stable cell lines for the HDLBP wildtype and mutant had to be established to assess
the impact of the HDLBP candidate variant on the RNA-binding activity of vigilin.
cDNA fragments for HDLBP wildtype and HDLBP mutant (see Figure 6.5 for details,
the full sequences are included in the Appendix) were ordered from ThermoFisher
GeneArt [165] and were delivered lyophilised in a pMK-RQ vector backbone. The fol-
lowing steps were conducted in parallel for HDLBP wildtype and mutant. Lyophilised
plasmids were resuspended in distilled water at 100 ng/l. For plasmid amplification, 1
ul of plasmid was mixed with 10 ul of KCM buffer (500 mM KCI, 150 mM CaCl,,
250 mM MgCl,) in a 50 ul reaction and incubated with 50 ul chemically competent
DHS5a E. coli cells (Invitrogen, Cat. No. 12297-016) for 20 min on ice, followed by 10
min at room temperature. Bacteria were then cultured in 900 ul of super optimal broth
with catabolite repression medium (Sigma-Aldrich, Cat. No. S1797) at 37°C for one
hour and plated in corresponding antibiotic-enriched LB-agar plates (ThermoFisher,
Cat. No. 22700041) for overnight incubation at 37°C. Single colonies were grown
overnight in LB medium (ThermoFisher, Cat. No. 10855001). Plasmids were then
purified using the QIAprep Spin Miniprep Kit (Qiagen, Cat. No. 27106). Subse-
quently, 1 ug of plasmid was digested with Xhol (New England Biolabs, Cat. No.
R0O146M) and Kpnl (New England Biolabs, Cat. No. R0142M) to excise the HDLBP
gene insert. Digested products were run on a 1% agarose gel and the HDLBP gene
insert was isolated using the QIAquick Gel Extraction Kit (Qiagen, Cat. No. 28706)
following the manufacturer’s instructions. In parallel, 1 ug of the expression plasmid,
pcDNAS-FRT-TO-precision-linker-eGFP (see Figure 6.6 and Figure 6.7 for detailed
plasmid maps), was digested with Xhol and Kpnl and gel-purified as above. 25 ng
HDLBP gene insert were cloned into 25 ng of the digested expression plasmid using

Quick-Stick Ligase (Bioline, Cat. No. BIO-27028) and following manufacturer’s
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instructions. HDLBP gene insert-containing expression vectors were amplified by
transforming 2 ul into chemically competent DHS5 cells as described above. The
HDLBP-containing plasmids were extracted using the Qiagen Plasmid Midi Kit (Qi-
agen, Cat. No. 12143) following the provided protocol. All constructs were then
verified by Sanger sequencing (GATC Biotech services) and restriction digestion with
the enzymes Xhol and Kpnl. The following primers (Eurofins Genomics [166]) were

used for sequencing:

* Primers for HDLBP wildtype:

— Primer 1: 5’-CCACGCTGTTTTGACCTCCA-3’
— Primer 2: 5’-GTATAATAGACTGGTTGGCG-3’
— Primer 3: 5’-AGCGTACCAAGGATCTAATC-3’
— Primer 4: 5’-ATCACCATCATTGGAAAGGA-3’

— Primer 5: 5°-GCTACAGGCCGAGCAGGAGG-3’
¢ Primers for HDLBP mutant:

— Primer 1: 5’-CCACGCTGTTTTGACCTCCA-3’
— Primer 2: 5’-GTATAATAGACTGGTTGGCG-3’
— Primer 3: 5’-AGCGTACCAAGGATCTAATC-3’
— Primer 4: 5’-CACCGCCACTTCGTCATCCG-3’

— Primer 5: 5’-CCGGTTGGAGCATGACGTGA-3’

The cDNA-containing plasmids were transfected into HeLLa and HEK293 cells
using X-tremeGENE 9 Transfection Reagent (Sigma-Aldrich, Cat. No. 06365779001)
with the provided protocol. Transfected cells were cultured in T150 flasks (Sigma-
Aldrich, Cat. No. CLS430825) in DMEM medium (Gibco, Cat. No. 11995-065)
containing Hygromycin B (TOKU-E, Cat. No. 31282-04-9), 10% Fetile Bovine

Serum, and 1% PenStrep for one week.
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2.3.2 Polymerase chain reaction

Transfected, confluent HEK293 cells were harvested using trypsin (Sigma- Aldrich,
Cat. No. T3924) and the HDLBP mutant and wildtype cDNA-containing plasmids
were extracted using the Qiagen Plasmid Midi Kit (Qiagen, Cat. No. 12143) using
the provided protocol. All PCR work was done by Dr Pamela Kaisaki, a senior post-
doctoral geneticist in the Taylor Group. PCR of mutant and wildtype HDLBP was
performed with the FastStart Taqg DNA polymerase kit (Roche, Cat. No. 12 032
902 001) using custom primers ordered from Eurofins Genomics (Eurofins Genomics

[166]) that amplify from exon twelve to exon 16. The following primers were used:

e Primer 1, HDLBP-12 forward: 5’ -AATTTGATCCGCATCGAGGG-3’

* Primer 2, HDLBP-16 reverse: 5’-TGCTGGAAGGTCGATTTTGG-3’

PCR was performed using a 96X Universal peqSTAR thermal cycler (VWR, Cat.
No. 732-2887), starting with a denaturation step at 95°C for two minutes, followed by
35 amplification cycles of 30 seconds at 95°C, 30 seconds at 55°C, and 30 seconds at

72°C, followed by six minutes at 72°C.

2.3.3 Western blot

Transfected, confluent HeLa and HEK293 cells were harvested using trypsin (Sigma-
Aldrich, Cat. No. T3924), expression was induced with 1 pg/mol doxycycline and
the cells were grown in petri dishes overnight. Next, the cells were harvested and
resuspended in RIPA lysis buffer (50 mM Tris ph 7.5, 150mM NaCl, 1% (vol/vol)
Triton-X100, 0.1% SDS, 0.5% Na (wt/vol) deoxychol, 1IXAEBSEF, MilliQ) and spun
down. 5 mmol DTT and loading buffer (NuPage Invitrogen, Cat. No. 1771478) were
added to the supernatant and the solution was boiled [five minutes, 95°C]. Next, the

samples were run on a gel [50 minutes, 180V ] with Precision Plus Protein Standards
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dual color (250kD) (Bio-Rad, Cat. No. 161-0394) and ColorPlus Prestained Protein
Ladder, Broad Range (230kD) (New England BioLabs, Cat. No. P7711S). Thereafter,
the traces were transferred onto a nitrocellulose membrane and developed in two steps,
with Rat monoclonal [3H9] to GFP (Chromotek) as the primary and IRDye 800CW

Goat Anti-Rat as the secondary antibody. Images were acquired on an Odyssey Li-Cor.

2.3.4 Protein decay

To assess if protein decay over time differs between the vigilin wild type and mutant,
the respective transfected HEK293 cell lines were grown to 50% confluence in T75
flasks (Sigma-Aldrich, Cat. No. CLS3290). Six repeats were created for the vigilin
wildtpye, five for the mutant. The cells were harvested using 2 ml trypsin and 8 ml
DMEM media per flask. For each repeat, 200 u/ of each solution were added to a
well in a black 96 well plate with a transparent bottom (Bio-Rad, Cat. No. HSP9666).
Expression was induced with 0.4 pg/mol doxycycline per well overnight. The next
morning, all media was removed, the cells were washed once with PBS, 200 t/ media
were added, and the GFP measurement was started in a plate reader using 475 nm
and 509 nm as the excitation and emission wavelengths for GFP. Measurements were
taken every 15 minutes over 48h for a total of 192 time points. The time-dependant
decay of wild type and mutant vigilin is inferred by measuring the intensity of GFP

linked to the vigilin wild type and mutant in the vigilin-GFP fusion proteins over time.

2.3.5 Fluorescence microscopy for intra-cellular protein localisa-
tion
Transfected HeLa cells were grown on High Precision Coverslips (Marienfeld, Cat.

No. 0107052) and expression was induced with 1 pg/mol doxycycline overnight

for coverslips used for fluorescence analysis, while expression was not induced for
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controls. The cells were fixed in PBS +4% formaldehyde and permeabilised in PBS +
0.1% TX100. After several PBST washing steps, the cells were blocked in PBST+2%
BSA and incubated with the secondary antibody in PBST + 2% BSA in the dark. The
coverslips were washed in PBST + 2% BSA and incubated with DAPI in PBS1X. After
a few washing steps, they were treated with Vectashield medium (Vector Laboratories,
Cat. No. H-1000), dried and the borders were sealed with nail polish. Next, the images
were acquired using an API DeltaVision Elite widefield fluorescence microscope with
an Olympus PlanApo 100x/1.40 IX70 oil objective (1.60 auxiliary magnification) and
deconvolved with the Resolve3D module of softWoRx-Acquire version 4.1.2, release
1 (GE Healthcare; image properties: XY dimensions: 512 x 512, ZWT dimensions
(expected): 11 x 2 x 1, pixel size: 0.09669 0.09669 0.150, binning: 1x1, flat-field

calibration: off).

2.3.6 Tertiary structure simulation of vigilin

The tertiary structure of vigilin’s KH6 domain was simulated by Dr Matteo Ferla, a
senior post-doctoral bioinformatician in the Taylor Group, to assess the impact of a
splice-site variant causing skipping of exon 14 on the RNA-binding KH6 domain. To
visualise vigilin’s KH6 domain, the pregenerated threaded model protein structure
of human vigilin’s KH6 domain was downloaded from SWISS-Model [167]. The
initial RNA position was inferred based on the third KH domain of KH-type splicing
regulatory protein (PDB:4B8T) [168] and further refined by finding the lowest energy
conformation with Rosetta Relax [169]. The figure was generated with the software
package PyMOL (version 2.0, student licence) [170]. The default settings of the

software were modified with ‘set ray_trace_mode, 3’ and ‘bg_color white’.
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2.3.7 Oligo(dT) capture

The polyadenylated RNA-binding activity of the vigilin-GFP fusion protein was
measured using the protocol described below. The following solutions are referenced

throughout the protocol:

* Lysis buffer: 20 mM Tris-HCI (pH 7.5) (Sigma-Aldrich, CAS Number 1185-53-
1), 500 mM LiCl (Sigma-Aldrich, CAS Number 7447-41-8), 0.5% LiDS (wt/vol,
stock 10%) (Sigma-Aldrich, CAS Number 2044-56-6), 1 mM EDTA (Sigma-
Aldrich, CAS Number 60-00-4), 0.1% IGEPAL (NP40) (Sigma-Aldrich, CAS
Number 9002-93-1), and 5 mM DTT (Sigma-Aldrich, CAS Number 3483-12-3).

e Buffer 1: 20 mM Tris-HCl (pH 7.5), 500 mM LiCl, 0.1% LiDS (wt/vol), 1 mM
EDTA, 0.1% IGEPAL (NP40), and 5 mM DTT.

e Buffer 2: 20 mM Tris-HCI (pH 7.5), 500 mM LiCl, 1 mM EDTA, 0.1% IGEPAL
(NP40), and 5 mM DTT.

e Buffer 3: 20 mM Tris-HCI (pH 7.5), 200 mM LiCl, 1 mM EDTA, and 5 mM
DTT.

* Elution buffer: 20 mM Tris-HCI (pH 7.5) and 1 mM EDTA.

The following cell lines were used:

* Cell lines to be assessed: HEK293 cells with the eGFP-tagged HDLBP mutant

and wildtype, respectively

* Positive control: a HEK293 cell line transfected with a plasmid containing
eGFP-tagged Heterogeneous Nuclear Ribonucleoprotein Q (hnRNPQ), a known
RNA-binding protein
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* Negative control: a HEK293 cell line transfected with a GFP-containing plas-

mid, which does not bind RNA

The cell lines, established as described in Section 2.3.1, were cultured in two 15
cm dishes per cell line to reach 50% confluence. eGFP expression was induced by

adding 1 ug/mol doxycycline and the cells were incubated overnight.

The media was removed from the 15 cm dishes, cells were washed with 10 ml of

PBS and the PBS was subsequently discarded.

The dishes were set on ice, the lids were removed, and UV light at 254 nm and
0.15 Jem™?2 was applied to cross-link the polyadenylated mRNA with the eGFP-tagged
fusion protein for all conditions. 0.9 ml lysis buffer, kept at 37°C, were applied per
dish. The cellular material was collected with a rubber scraper in a 1.5 ml Eppendorf
tube per condition. The viscous mixture was homogenised by passing it through a 5

ml syringe with a 27G needle three times.

300 u! lysate for each condition, hereafter referred to as the ‘input’, were stored
on ice to be used for normalisation during the fluorescence measurement at the end of

the protocol.

Per condition, 300 !/ of the homogenised lysate solution were added to a tube and
300 u! oligo(dT),5 magnetic beads (New England Biolabs, Cat. No. S1419S), washed
previously in lysis buffer, were added to the lysate. The mixture was incubated for 1h

in a cold room whilst gently rotating the tubes.

The tubes were put on ice and a magnet was used to separate the beads, now linked
to the polyadenylated mRNA and therefore the eGFP-tagged protein, and the lysate.

The lysate was kept on ice to be used afterwards.

1.8 ml of lysis buffer were added to the tubes containing the beads and the mixture
was incubated on ice for five minutes, inverting the tube every minute. The beads were

collected with the magnet and the supernatant was discarded.
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1.8 ml of buffer 1 was added to the beads and the solution was incubated on ice
for five minutes, inverting the tubes every minute. The beads were collected and the

supernatant was discarded.

1.8 ml of buffer 2 was added, the tubes were inverted 10 times, the beads were

collected using the magnet, and the supernatant was discarded.

Next, 1.8 ml of buffer 3 were added, the tubes were inverted 10 times, the beads

were collected using the magnet, and the supernatant was discarded.

200 w! of the elution buffer were added to the beads, and the mixture was incubated
for three minutes at 55°C. The beads were separated from the supernatant using a
magnet and the supernatant (later referred to as eluate #1) was stored on ice. RNA

concentrations of the supernatant were measured using a nanodrop (Thermo Scientific

- NanoDrop 1000).

The beads were recycled using 400 u/ of 0.1M NaOH and subsequently incubated
at 55°C for five minutes. Next, the beads were removed from the NaOH using the

magnet.

Thereafter, the beads were washed three times in lysis buffer. After removing the
lysis buffer, the beads were resuspended in the lysate supernatant that was previously

kept on ice. The mixture was rotated for 1h.

All steps described above were repeated one more time and the resulting eluate #2
was pooled with eluate #1, reaching a total volume of 800 ul. For storage longer than

one day, samples are stored in a -80°C freezer.

Fluorescence measurement Fluorescence was measured in a microplate reader
with a black 96 well plate with a transparent bottom (Bio-Rad, Cat. No. HSP9666),

using 475 nm and 509 nm as the excitation and emission wavelengths for eGFP.

Measurements were conducted for the three proteins in question: HDLBP wildtype

and mutant, as well as the GFP control. The measured eGFP intensity serves as a
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proxy for the respective protein’s RNA binding activity. For each protein p, the RNA

binding activity relative to GFP bgy4(p) was determined as follows:

Iipyetuate,i
100y | 72

i=1 1(p)input“,i

brna(p) = 2.1

nIGFP,eluate

n is the number of replicates, I( p)eluate,i and I( p)input,i represent the measured
GFP intensity of the eluate and input respectively for repeat i, and Igrp ejuare 15 the
measured GFP intensity of the GFP control’s eluate. In total, two biological and
three technical replicates each were created. The higher bgy4(p) is, the better the

RNA-binding activity of the respective protein.



Chapter 3

Prioritisation of variants from whole
genome sequencing data using
genotypic and phenotypic information

— a comparison

3.1 Introduction

VPA are an increasingly widely used approach for clinical WGS analysis of rare disease
patients. VPA based on allele frequency, phylogenetic conservation, protein impact
and variant type, such as SIFT, CADD, MutationTaster, PolyPhen and VAAST (see
Section 1.2.1.3.1) are widely used to facilitate variant analyses. However, given the
approximately 100 biologically relevant LoF alleles in an average human genome [95],
identifying the one disease-causing variant for a monogenic rare disease is challenging.
For that reason, methods extending the mentioned approaches were introduced by
including phenotypic information in the ranking process. Two of the most widely

used VPA using allele frequency, conservation and phenotypic information are the
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Exomiser and VAAST+Phevor frameworks (see Chapter 1, Section 1.2.2.3 for an
in-depth algorithm description). Both algorithms were used by teams analysing rare
genetic disease data from the 100,000 Genomes Project, the largest WGS RD cohort
that exists to date [171, 99]. Exomiser and Phevor each rely on two sets of scores, one
based on allele frequency and conservation and one based on phenotypic information,
which are combined to produce a final ranking score. The individual scores of each of
the two algorithms, however, are calculated differently. Exomiser’s hiPHIVE algorithm
combines a minor-allele frequency score and a pathogenicity score into the Exomiser
variant score, which in turn is combined with the Exomiser phenotype score, based on
human, mouse, zebra fish and PPI data, through a logistic regression, producing the
Exomiser combined score for each variant. Phevor, on the other hand, reranks input
from tools such as VAAST, by using phenotypic information with a cross propagation

approach that links data from multiple ontologies through candidate genes.

Deciding which algorithm to use is challenging for molecular genetics diagnostic
laboratories and academic research groups. Molecular diagnoses only exist for ap-
proximately half of the more than 7,000 rare diseases [172]. Thus, analysts require
tools to identify disease-causing variants in both known and novel genes. To determine
which algorithms are best suited for this challenge, algorithm comparisons using both

in silico and real patient WGS data have been conducted.

Pengelly et al. [173] conducted a comparison of four algorithms based on 21
RD cases: eXtasy, the Online Variant Analysis (OVA) tool [174], Exomiser with
CADD, Exomiser and PhenIX. Benchmark variants, all of which lie in known genes
for the disease phenotype, were identified by clinical genetics experts prior to their
benchmark analysis. In their analysis, the PhenIX algorithm performed best, with
Exomiser’s hiPHIVE as a close second. PhenlX is part of the Exomiser framework
and based on an algorithm similar to hiPHIVE, but PhenIX uses a different approach

to calculate the phenotype score. In contrast to hiPHIVE, PhenIX only uses human
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phenotypic data and not mouse or zebra fish phenotypes or PPI data, since it is
optimised for the identification of disease-causing variants in genes known for the
human phenotype. hiPHIVE, also drawing on mouse and zebrafish phenotypic data, as
well as PPI networks, is designed for known and novel disease gene discovery. In this
benchmark analysis, PhenIX outperformed hiPHIVE, perhaps unsurprisingly, since
the gene candidates in all 21 cases are known, not novel. The authors state that they

also included Phevor in the comparison, but no results for Phevor are presented.

Requena et al. [175] analysed the concordance of the results produced by their
in-house-developed Pathogenic Variant (PAVAR) score, VAAST, VAAST combined
with Phevor, Exomiser version 2, CADD, and FATHMM. The authors do not specify
which of the PhenIX, PHIVE and hiPHIVE algorithms in the Exomiser framework
were used, making a comparison of their results with existing literature challenging.
For the concordance analysis, they used four trios and one case consisting of the
proband and only one parent with familial Meniere’s disease (FMD). The usefulness
of concordance as a metric to evaluate algorithm performance, however, is limited.
Concordance is not directly related to the accuracy of each algorithm, but instead
merely highlights how similar the results of each algorithm are to each other, regardless
of whether or not they are correct. Furthermore, the five cases presented by the authors
all carry variants in known FMD genes, thus not providing insight into the comparative

performance of the used algorithms for novel gene discovery.

In 2014, Javed et al. [176] published Phen-Gen, a variant prioritisation algorithm
similar to Exomiser and VAAST+Phevor, which uses sequencing data and phenotypic
data as inputs. Included in the publication is a benchmark analysis comparing Phen-
Gen with eXtasy, VAAST and Phevor on simulated patient data, in which Phen-Gen
outperforms the other algorithms. The Exomiser framework, however, is not included

in the analysis.
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Furthermore, Smedley et al. [58], the creators of Exomiser, and Singleton et
al. [113], the creators of VAAST+Phevor, conducted their own comparisons. In the
Smedley et al. paper, Exomiser’s hiPHIVE algorithm outperforms PhenIX, Phevor,
Phen-Gen and eXtasy, while VAAST+Phevor achieves better results than Exomiser’s
hiPHIVE in Singleton et al.’s study. Phen-Gen and PhenIX had not yet been published

at the time of Singleton ef al.’s study and eXtasy was not included in the analysis.

To provide an independent point of view of the performance of the two main
analysis frameworks originally used by the 100,000 Genomes Project, Exomiser’s
hipHIVE and VAAST+Phevor, for known and novel disease gene discovery alike, I
conducted an in-depth comparison of the algorithms. The performance of the algo-
rithms is showcased using eleven rare genetic disease patient cases from the HICF2
cohort. Furthermore, the analysis serves to assess the advantages of GPAs compared
to GAs. The goal of this chapter is thus to compare Exomiser’s hiPHIVE and
VAAST+Phevor with each other to produce a novel independent source validat-

ing their performance, whilst also examining the usefulness of GPAs compared

to GAs.

3.2 Materials and Methods

3.2.1 Patient cases

Eleven patient cases from the HICF2 study were included in the analysis. The cases
were selected to include different pedigree structures (singletons and trios), different
inheritance patterns (autosomal/de novo dominant, autosomal recessive and X-linked
recessive) and likely disease-causing variants in known and, at the time of analysis,
novel gene candidates for the specific diseases. Phenotypic data was described using

the HPO and collected as discussed in Chapter 2. Candidate variants, identified
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manually by senior post-doctoral geneticists with our clinical analysis pipeline (see
Section 2.1.3), were used as benchmarks to test the algorithms’ effectiveness in
prioritising likely disease-causing variants from WGS data. Table 3.1 shows an
overview of all patient cases. At the time of the analysis, data from the 100,000
Genomes Project was not yet available, which could have otherwise been used for the

benchmark comparison.



Diagnosis Gene Variant # samples Inheritance HPO terms Known/novel

1 Distal arthrogryposis TNNI2 ¢.466C>T [NM_001145829.1], p.Argl156* Singleton AD or de novo Micrognathia, downslanted palpebral fissures, high palate, malar known
flattening, limited shoulder movement, hip dislocation, ulnar devi-
ation of finger, distal arthrogryposis, tapered finger, flexion con-
tracture of finger, abnormality of the hand, talipes

2 Bilateral hippocampal sclerosis CACNAIE ¢.5702G>A [NM_001205293.1], p.Arg1901His Singleton AD or de novo  Seizures, dysgenesis of the hippocampus known

3 Severe epileptic encephalopathy WWox ¢.705dupG [NM_016373.2], p.His236AlafsTer34 Singleton AR Coarse facial features, deep palmar crease, atrial septal defect, known
hypertonia, profound global developmental delay, epileptic en-
cephalopathy, hypsarrhythmia, infantile spasms, abnormal hand
morphology

4 Dilated cardiomyopathy ACTCI c.664G>A [NM_005159.4], p.Ala222Thr Trio de novo Weight for age (decreased body weight (<-2SD)), endocardial known
fibroelastosis, dilated cardiomyopathy, cardiomegaly, respiratory
tract infection

5 Majeed syndrome PSTPIPI  c.748G>A [NM_003978.4], p.Glu250Lys Trio de novo Recurrent skin infections, bone marrow hypocellularity, episodic  known
fever, splenomegaly, recurrent infections
6 Undefined immunodysregulatory disorder SAMD9L  ¢.3353A>G [NM_152703.2], p.Tyr1118Cys Trio de novo Nystagmus, psoriasis, respiratory tract infection, arthropathy, coli- known

tis, abnormality of the intestine, clumsiness, increased CSF protein,
abnormality of the cerebral white matter, gait ataxia, cerebellar
atrophy, thrombocytopenia, decreased antibody level in blood

7  Fine-Lubinsky syndrome POR ¢.1493G>C [NM_000941.2], p.Arg498Pro Trio AR Cleft palate, Narrow mouth, micrognathia, short chin, shallow known”
orbits, agenesis of permanent teeth, plagiocephaly, megalocornea,
preauricular skin tag, cupped ear, arthrogryposis multiplex con-
genita, hypospadias, renal agenesis, moderate global developmen-
tal delay, talipes

8 Congenital erythrocytosis SLC30A10 ¢.823T>A [NM_018713.2], p.Trp275Arg Trio AR Abnormality of the cardiovascular system, cerebral hemorrhage, known
hypotension, hemangioma, varicose veins, stroke, abnormality of
blood and blood-forming tissues, increased hemoglobin, peripheral
thrombosis, increased hematocrit, increased red blood cell mass,
abnormality of the nervous system, headache, abnormality of the
integument, plethora, neoplasm, constitutional symptom

9 Atypical Klippel-Trenaunay syndrome RBPJ ¢.535T>G [NM_005349], p.Leul79Val Trio de novo Localised skin lesion, hemangioma, juvenile onset, large heman- novel
gioendothelioma involving right buttock, right thigh since the age
of 6, splenomegaly, abnormal thrombosis

10  Fatal acute encephalitis DOCKI11 ¢.1679C>T [NM_144658.3], p.Ser560Leu Trio X Encephalitis, abnormality of the spleen, abnormality of bone mar- novel
row cell morphology, lymphadenopathy
11 Fine-Lubinsky syndrome HDLBP c.1731+1G>A [NM_203346.4], p.Val540_Leu577del Two cousins AR Uplifted earlobe, short nose, short chin, shallow orbits, severe novel

global developmental delay, plagiocephaly, narrow mouth, low-set,
posteriorly rotated ears, hypertelorism, contracture of the proximal
interphalangeal joint of the 5th finger, brain atrophy, bilateral
camptodactyly, abnormal cornea morphology

Table 3.1 Characteristics of the HICF2 patient cases used in this thesis. This table summarises the diagnoses, candidate genes, specific
variants, number of samples used per analysis, and suspected inheritance patterns (AD = Autosomal dominant, AR = Autosomal recessive,
X = X-linked recessive) for each HICF2 patient case analysed in this thesis. Furthermore, each patient’s phenotype, described in HPO terms,
is listed. Finally, it is indicated whether or not a candidate gene was known or novel for the patient’s phenotype. (*) POR is a known gene
for Antley-Bixler syndrome, a disease with a closely overlapping phenotype with FLS.
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3.2.2 Whole genome sequencing and variant identification

WGS was conducted for probands and, where available, parents. WGS data was
analysed and benchmark variants for each case were identified by senior post-doctoral
geneticists using the HICF2 rare disease research bioinformatics pipeline (see Chap-

ter 2 for a detailed description).

3.2.3 Algorithm settings for algorithm comparison

Prior to variant ranking, VCF files were filtered to only include variants in coding
regions as well as 25 base pairs reaching into intronic regions from the start and end
of exons. For coding region filtering, a corresponding BED file was downloaded from
UCSC [177]. The bedtools algorithm was used for filtering [178]. For case 11 with
FLS and a candidate variant in HDLBP, two affected cousins were sequenced (see
Figure 6.1 in Chapter 6 for a detailed pedigree diagram). Since FLS is suspected
to be autosomal recessive and the disease-causing variant must segregate in both
branches of the pedigree, the VCF was further filtered to only include variants that
were homozygous in both sequenced cousins. Subsequently, the filtered VCFs were

processed by Exomiser and VAAST/VAAST+Phevor for the algorithm comparison.

Two different versions of Exomiser were used for two different types of analysis.
Exomiser version 11.0.0 was used for a comparison with VAAST+Phevor. Exomiser
versions 11.0.0 and 7.2.1 were used to analyse differences in performance of the

framework for versions released approximately two-and-a-half years apart.

All variants were annotated using Exomiser’s built-in version of Jannovar and the
filtering tool included in the pipeline [89]. For a detailed description of the Exomiser

settings used for the case analyses, see Chapter 2.
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To test VAAST+Phevor, the Opal platform [54] (pipeline version b37:6.0.6, see
Table 3.2 for details on database versions) by Fabric Genomics (formerly Omicia)
was used, which included release 3.0.4.2 of VAAST and version 2.1 of Phevor. First,
variants were filtered based on a minimum variant call quality of >5, and a MAF of
<1% in the 1,000 Genomes project, the Exome Variant Server (EVS) and EXAC, as
well as based on the suspected inheritance pattern. Importantly, Opal’s inheritance
pattern filter is more granular than Exomiser’s. Opal differentiates between autosomal
dominant, de novo, autosomal recessive and X-linked. Therefore, rankings produced
using Exomiser’s ‘AD’ or ‘AR’ filter generally contain more variants than Opal’s
output, where the ‘AD’ setting is split into autosomal dominant and de novo. After
filtering in Opal, VAAST, which is included in the Opal platform, was used to rank

variants. Finally, ranked output variants from VAAST were re-ranked with Phevor.

Name Full Name Release

1000 Genomes Project 1000 Genomes Project Phase 3 Version 5 (2013-05-02)
CADD Combined Annotation Dependent Depletion v1.0

ClinVar ClinVar 2016-09-12

COSMIC Catalogue Of Somatic Mutations In Cancer v78 (2016-09)
dbSNP Single Nucleotide Polymorphism Database v147

dbVar dbVar May 2016 Release
DGV Database of Genomic Variants 2016-05-15

Ensembl Ensembl v83

EVS6500 Exome Variant Server v.0.0.30 (2014-11-03)
ExAC Exome Aggregation Consortium v0.3

GeneSplicer GeneSplicer Splice Site Prediction 2003-02-19

GERP++ Genome Evolutionary Rate Profiling 2010 release

GRCh Genome Reference Consortium Human Genome Build  v37

Table 3.2 Databases and database versions used for the analyses conducted with
Fabric Genomics’ Opal platform, build b37:6.0.6. This table lists all external
databases and version numbers utilised in Fabric Genomics’ Opal platform that were
used for the analysis of all HICF2 patient cases in this thesis.

3.2.4 Evaluation of ranking results

Manhattan plots were created to compare the individual algorithms’ ranking perfor-
mance based on the eleven RD benchmark cases. The quality of high ranking candidate

variants was evaluated with the Integrative Genome Viewer (IGV) version 2.3.32 [163].
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VAAST+Phevor assign a score and a unique rank to each variant in the VCF
file. Two variants cannot have the same rank. The versions of Exomiser used for my
analyses, however, do not assign ranks to variants and can assign the same score to
multiple variants in the same VCF. For example, two different variants found in one
patient could both be assigned an Exomiser variant score of 1.0. In order to be able to
compare the two algorithm frameworks based on the rank assigned to the benchmark
variants of interest, I assigned ranks to each variant in Exomiser’s output VCEF, starting
with the first variant with the highest score in the output file receiving the first rank and
ending with the last variant with the lowest score receiving the last rank. Importantly,
no two variants received the same rank, even if they received the same Exomiser

variant, phenotype, or combined score.

3.2.5 Determination of number of variants for further investiga-

tion

To analyse if the GPAs reduced the number of potentially disease-causing variants that
require further analysis by a bioinformatician, I determined significance cut-offs for
each algorithm. For VAAST, a p-value p < 0.05 was chosen. The Phevor score is a
combination of the VAAST p-value < 0.05 and a prior on the correlation between a
gene and the patient’s phenotype. A prior < 0.5 would mean the gene is negatively
correlated with the proband’s phenotype. Hence, to calculate the Phevor cut-off, a
prior g > 0.5 was chosen. The Phevor cut-off F is calculated as follows [113]:

_ log(Gt)

log(10) =23 3.1

For each of the three Exomiser scores, I computed the average score of all bench-

mark variants as a significance cut-off. Based on the determined significance cut-offs,
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I calculated the percentage of ranked variants that would be regarded as significant

and would thus require further analysis.

3.3 Results

The performance of all algorithms was analysed both on a summary (see Section 3.3.1)

and individual case result level (see Section 3.3.2).

3.3.1 Summary results

To gain an in-depth understanding of the overall performance of the individual al-
gorithms, I analysed the ability of the VPA to rank benchmark variants high, for
known and novel disease gene candidates (see Section 3.3.1.1), and their ability to
reduce the number of likely non-disease-causing variants that receive a high rank (see

Section 3.3.1.2).

3.3.1.1 Ranking performance

To assess the ranking performance of the algorithms, I conducted two different types of
analyses. First, I compared the, at the time of analysis, most up-to-date versions of Ex-
omiser using the hiPHIVE algorithm and VAAST+Phevor with each other (Exomiser
v11.0.0, VAAST release 3.0.4.2 and version 2.1 of Phevor, see Section 3.3.1.1.1). The
goal of this analysis is to compare the performance of the two main analysis frame-
works initially used by the world’s largest RD study, the 100KG project. Thereafter,
I compared two versions of Exomiser with each other that were released approxi-
mately two-and-a-half years apart (v7.2.1, released on January 5th, 2016, and v11.0.0,

released on September 21st, 2018). This analysis was conducted to examine perfor-
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mance differences based on database versions and minor algorithm modifications (see

Section 3.3.1.1.2).

3.3.1.1.1 Ranking performance of the latest version of Exomiser compared with
VAAST+Phevor The overall performance of all five VPA was compared based on
eleven HICF2 patient cases. The heights of the bars in Figures 3.1, 3.2, 3.3, and 3.4
summarise the number of benchmark variants that were ranked first, in the top 5, 10,

or 20.

GAs vs GPAs: Overall, the two GPAs - Exomiser’s combined score and VAAST
+ Phevor - outperform their respective GAs in the ‘ranked first’, ‘top 5’ and ‘top 10’
analyses. Exomiser’s combined score ranks five variants first, in comparison to four
variants for Exomiser’s variant score and one variant for Exomiser’s phenotype score.
Similarly, VAAST+Phevor ranks eight variants first, improving upon VAAST’s one
first ranked variant. As the frame of analysis is expanded from first ranked to top
5 and top 10, that trend is continued, with the GPAs outperforming their respective
GAs. Finally, Exomiser’s combined score ranks a total of nine variants in the top 20,
compared to Exomiser’s phenotype score with seven and Exomiser’s variant score
with four variants. In contrast to that, VAAST catches up with VAAST+Phevor and

both algorithms rank a total of nine variants in the top 20.

GPA vs GPA: VAAST+Phevor ranks more benchmark variants first than Ex-
omiser’s combined score (eight compared to five). As the analysis frame is expanded
to the top 5, 10 and 20, Exomiser’s combined score eventually catches up and both

algorithms rank nine of the eleven benchmark variants in the top 20.

GA vs GA: Exomiser’s variant score ranks four benchmark variants first, compared
to one for VAAST. However, VAAST outperforms Exomiser’s variant score in the
remaining analyses, eventually catching up to the GPAs with a total of nine benchmark

variants ranked in the top 20.
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Performance for novel genes: Both analysis frameworks manage to capture all
three novel gene candidate variants in the top 20 of their rankings. VAAST+Phevor
even ranks all three novel gene candidate variants first, with Exomiser’s combined
score only ranking the candidate variant in HDLBP first due to its high predicted
pathogenicity, but closing up in the top 20. Importantly, VAAST on its own also ranks
one novel gene candidate variant - again, HDLBP - first and performs on par with
the two GPAs for novel gene discovery, already ranking all three novel gene variant
candidates in the top 5. Section 3.3.2.2.3 contains a detailed analysis of the candidate

variant in HDLBP and its likely contribution to the FL.S phenotype.

Variants not captured in top 20: Each of the two ranking frameworks only
captures a total of nine out of eleven benchmark variants in the top 20. Both frameworks
fail to rank the candidate variant in CACNA/E high, with Exomiser assigning a rank
of 364 compared to VAAST+Phevor with 109 (see Figure 3.11). While the variant’s
predicted pathogenicity is high, CACNAIE does not carry any annotations in the HPO,
which explains part of the low phenotype rank. Section 3.3.2.1.2 contains a more
detailed description. Furthermore, VAAST+Phevor do not rank the candidate variant
in WWOX due to an error in their annotation pipeline. The Opal platform, on which
VAAST+Phevor are run, wrongly assigns the WWOX candidate variant to transcript
ENSTO00000566780, where the variant falls into an intron and the algorithms thus do
not rank it. The variant should, however, be mapped to transcript ENST00000355860,
where it is correctly classified as a coding-region variant and thus receives a score.
Lastly, the candidate variant in POR is only ranked 27th by Exomiser’s combined
score, just missing the top 20 cut-off. The reason for this is the large number of
pathogenic candidate variants in the POR genome due to a loss of heterozygosity in

that region caused by consanguinity (see Section 3.3.2.1.7 for details).
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Benchmark variants ranked first
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Fig. 3.1 Number of cases for which benchmark variants were ranked first for all
Exomiser scores, VAAST, and VAAST+Phevor, differentiated by whether a gene was
known (blue) or novel (orange) for the phenotype.

Benchmark variants ranked in top 5
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Fig. 3.2 Number of cases for which benchmark variants were ranked in top 5 for all
Exomiser scores, VAAST, and VAAST+Phevor, differentiated by whether a gene was
known (blue) or novel (orange) for the phenotype.
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Benchmark variants ranked in top 10
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Fig. 3.3 Number of cases for which benchmark variants were ranked in top 10 for all
Exomiser scores, VAAST, and VAAST+Phevor, differentiated by whether a gene was
known (blue) or novel (orange) for the phenotype.

Benchmark variants ranked in top 20
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Fig. 3.4 Number of cases for which benchmark variants were ranked in top 20 for all
Exomiser scores, VAAST, and VAAST+Phevor, differentiated by whether a gene was
known (blue) or novel (orange) for the phenotype.
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3.3.1.1.2 Ranking performance of different versions of Exomiser The field of
rare genetic disease diagnostics is rapidly advancing, leading to genetics databases
and VPA being updated frequently. Therefore, it is important to continuously re-
analyse patient data to uncover likely disease-causing variants that were missed in
prior analyses. To test the impact of running analyses at different time points on
the aforementioned HICF2 cohorts, I analysed the eleven patient cases with two
different versions of the Exomiser framework that were published over two-and-a-
half years apart from each other (v7.2.1, released on January 5th, 2016, and v11.0.0,
released on September 21st, 2018). VAAST+Phevor were only accessible through
Fabric Genomics’ Opal platform, which did not allow for a comparative assessment of

different algorithm and database versions.

Figures 3.5, 3.6, 3.7 and 3.8 show the ranking performance of the two different
algorithm versions for the number of benchmark variants ranked first, in the top five,

ten and 20 respectively.

GPA new vs GPA old: The new version of Exomiser’s combined score overall
ranks more variants first than the old version (five compared to four), with that gap
narrowing when the analysis window is widened to the top 20. Furthermore, the
new version ranks all three novel gene candidates in the top 20, as opposed to the
old version, which misses the candidate variant in HDLBP. Details on the HDLBP
analysis can be found in Section 3.3.2.2.3. Both versions, however, rank one novel
gene benchmark variant first. While the new version of Exomiser ranks more novel
candidate genes in the top 20, the old version ranks one more known candidate variant
in the top 20 than the new version. The gene that does not make it into the top 20
anymore in the new version of Exomiser is POR, which receives a lower rank in the
new version than in the old version in all three scores. The respective patient case
stems from a consanguineous marriage, which results in a loss of heterozygosity. Thus,

the patient’s genome harbours numerous homozygous variants that are predicted to be
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pathogenic, which Exomiser’s variant score cannot effectively discern from each other.
Simultaneously, since the release of the old version of Exomiser, more genes have
been associated with the patient’s phenotype, resulting in the candidate gene receiving
a comparatively lower phenotype score ranking. Those two effects combined result in

the benchmark variant receiving a lower ranking.

GPAs (old and new) vs GAs (old and new): Irrespective of the release date,
Exomiser’s combined score always outperforms its respective Exomiser variant score

for all four analyses.

GA new vs GA old: The new version of Exomiser’s variant score outperforms
the old version for the first-ranked and top 5-ranked variants, but succumbs to the old

version for the top 10 and 20 analyses.

Phenotype score new vs phenotype score old: Counterintuitively, the phenotype
score comparison follows a different pattern. With the exception of the top 20 analysis,
the new version performs less well than the old version. One possible explanation is
that, as studied cohorts grow and more genes are associated with phenotypic terms,
the signal of purely phenotype-based scores for the ranking of known genes weakens.
The fact that the average number of annotations per term has risen from ~5.3 in 2010
(9,500 terms and 50,000 annotations [97]) to 12 in 2019 (13,000 terms and 156,000
annotations [179]) supports that hypothesis. As the HPO grows, additional features to
weight the importance of individual term annotations for genes and diseases, such as
the expected frequency of a phenotypic term for a specific disease, will likely become

more relevant.

Irrespective of the varying performance of the phenotype score between versions,
the overall GPA performs best in its latest version. The cases in this chapter thus were
analysed using Exomiser v11.0.0. The patient cases in chapter five however were

analysed at a different time point with Exomiser v7.2.1 (see Chapter 5).
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Benchmark variants ranked first
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Fig. 3.5 Number of cases for which benchmark variants were ranked first for two
different versions of Exomiser: v7.2.1, signified as ‘old’, and v11.0.0, signified as
‘new’. Categories are further differentiated by whether a gene was known (turquoise
and blue) or novel (yellow and orange) for the phenotype.
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Fig. 3.6 Number of cases for which benchmark variants were ranked in the top 5 for
two different versions of Exomiser: v7.2.1, signified as ‘old’, and v11.0.0, signified as
‘new’. Categories are further differentiated by whether a gene was known (turquoise
and blue) or novel (yellow and orange) for the phenotype.
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Benchmark variants ranked in top 10
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Fig. 3.7 Number of cases for which benchmark variants were ranked in the top 10 for
two different versions of Exomiser: v7.2.1, signified as ‘old’, and v11.0.0, signified as
‘new’. Categories are further differentiated by whether a gene was known (turquoise
and blue) or novel (yellow and orange) for the phenotype.

Benchmark variants ranked in top 20
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Fig. 3.8 Number of cases for which benchmark variants were ranked in the top 20 for
two different versions of Exomiser: v7.2.1, signified as ‘old’, and v11.0.0, signified as
‘new’. Categories are further differentiated by whether a gene was known (turquoise
and blue) or novel (yellow and orange) for the phenotype.
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3.3.1.2 Variant distribution

In addition to the ranking of the benchmark variants, I investigated the percentage of
all ranked variants that receive a significant score by each algorithm and thus require

further investigation by analysts.

It is important to note that the two frameworks used for benchmarking, Exomiser
and VAAST+Phevor, rank different numbers of variants due to differences in their fil-
tering approaches. When combining the variants of all eleven cases used for the bench-
mark analysis, Exomiser ranks 23,031 variants, in contrast to 1,254 for VAAST+Phevor
(see Figure 3.9). The difference stems from different inheritance model settings and
allele frequency databases used. For details on the individual filtering pipelines, see

Section 3.2.3.

Thus, my analysis focuses on the relative reduction of the percentage of ‘significant’
candidate variants between the GA and the GPA in each pipeline, rather than the

absolute score.

VAAST produces a p-value, providing a natural statistical cut-off of p < 0.05
that analysts can use for filtering lists of candidate variants. Based on VAAST’s
significance cut-off, the corresponding threshold for Phevor is 2.3 (see Section 3.2.5
for details). Figure 3.9, panel 4 shows a histogram for all variants ranked by VAAST
for all eleven cases combined. The number of variants is plotted over 1 — VAAST . For
a cut-off of VAAST < 0.05 (or 1 — VAAST > 0.95), 25.4% of the ranked variants are
considered to be significant candidates. That percentage is reduced considerably by
applying Phevor to the VAAST output, resulting in 11.2% of variants with a significant

ranking result (> 2.3).

In contrast to VAAST+Phevor, Exomiser’s combined score is produced with
a logistic regression. This generates a likelihood that a variant is disease-causing

with output values ranging from O to 1, but no statistical significance cut-off exists.
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I therefore used the average score achieved by all of my benchmark variants in
Exomiser’s variant, phenotype and combined scores respectively to estimate the
number of variants that receive a significant score and thus require further investigation.
The average Exomiser variant score achieved by the benchmark variants is 1.0 (see
Figure 3.9, panel 1), since all benchmark variants are predicted to be highly pathogenic,
resulting in 32.3% of variants to be considered significant, as well as a score of 0.62
and 2.6% for Exomiser’s phenotype score (see Figure 3.9, panel 2). The average
significance cut-off for Exomiser’s combined score is 0.88. A score of > (.88 is

achieved by 2.2% of all ranked variants.

While the percentage of variants with a significant score for Exomiser’s pheno-
type score is lower than Exomiser’s combined score, the benchmark performance
data discussed in Section 3.3.1.1 shows that the overall best performance for variant

prioritisation is achieved by Exomiser’s combined score.

In summary, both GPAs reduce the percentage of ranked variants with a significant
score that require further investigation compared to their GA counterparts, whilst also

achieving better ranking performance metrics.

In addition to an analysis of the relative reduction of variants, I examined the output
further. Different algorithms produce different distribution shapes. The Exomiser-
specific algorithms largely cluster, with Exomiser’s variant score almost exhibiting
binary behaviour, resulting in a large number of variants with a very high or very low
score, and few variants in between (see Figure 3.9, panel 1). Exomiser’s phenotype
score leads to two distinct clusters, one at 0.0 and one at 0.5 (see Figure 3.9, panel
2). Variants that are not annotated in any of the databases used to produce Exomiser’s
phenotype score, including the HPO, MPO, zebrafish-specific phenotype databases
or the PPI network, receive a score of 0.0. The peak at 0.5 is a result of the PPI
algorithm. The PPI scores range between 0.5 and 1.0. Thus, if a variant receives a

score <0.5 from the species-specific phenotype algorithms and is annotated in the
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PPI network, the variant will automatically score 0.5 or higher. In the histogram,
~14,300 variants are plotted in the 0.5 bin, making up ~62% of all variants plotted,
which indicates that a significant number of variants are not annotated in any of the
phenotype-specific databases. Exomiser’s combined score behaves similarly to the
variant and phenotype scores, where the 0.5 cluster observed for Exomiser’s phenotype
score migrated to a cluster at ~0.75 (see Figure 3.9, panel 3). This is easily explained
using Equation 1.3 (see Section 1.2.2.3.1). For a variant with an Exomiser variant
score of 1.0 and an Exomiser phenotype score of (.5, the Exomiser combined score is
~0.75, corresponding to the large peak at the significance cut-off in Figure 3.9, panel

3.

VAAST produced a smoother distribution than Exomiser’s variant score with
~26.0% of all ranked variants receiving a score of ~1.0 (see Figure 3.9, panel 4).
VAAST’s result distribution alone would make it difficult to discern disease-causing
variants from variants that are merely predicted to be pathogenic. Phevor, however, re-
ranks the variants, producing a close-to-Gaussian distribution that results in a smaller

number of variants receiving significant scores (see Figure 3.9, panel 5).

While Exomiser, in absolute terms, assigns a significant score to a smaller percent-
age of all ranked variants, VAAST+Phevor’s score distribution is more conducive to
differentiating disease-causing variants from variants that are merely predicted to be
pathogenic. One caveat, of course, is the determination of what makes a ‘significant’
score. While VAAST+Phevor’s statistical framework can easily be analysed using the
produced p-values, I had to determine a significance cut-off for Exomiser by averaging

the scores of the benchmark variants.

The presented result summary demonstrates the advantages of GPAs over GAs
for WGS analysis of RD patients, whilst also highlighting still existing shortcomings.
The following in-depth analysis of the eleven patient cases will further elucidate the

performance of the assessed algorithms for different analysis settings.
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3.3.2 Case results

In addition to the summary-level analyses conducted to compare the variant ranking
performance of Exomiser’s hiPHIVE and VAAST+Phevor, I compare results for indi-
vidual RD patient genome analyses. The following sections show the benchmarking
results for cases with variants in both known (see Section 3.3.2.1) and novel genes

(see Section 3.3.2.2) for the respective phenotype.

3.3.2.1 Known genes

3.3.2.1.1 Case 1: Distal arthrogryposis linked to stop-gain variant in TNNI2

3.3.2.1.1.1 Phenotype Case 1 is a patient with distal arthrogryposis. The distal
arthrogryposis phenotype includes clenched fists, overlapping fingers, camptodactyly,
ulnar deviation and positional foot deformities. The patient presented with all of those

features.

3.3.2.1.1.2 Candidate gene The benchmark variant is a heterozygous stop-
gain variant in the Troponin I2, Fast Skeletal Type (TNNI2) gene'. Variants in TNNI2
affect the fast skeletal muscle through the alteration of Ca>* concentrations and have
previously been identified in patients with distal arthrogryposis with autosomal domi-
nant inheritance [180]. The variant is predicted to be pathogenic by MutationTaster and
is a known pathogenic variant for distal arthrogryposis in ClinVar (RCV000013249.18).
Since the patient’s benchmark variant is heterozygous, the suspected inheritance pat-
tern is autosomal dominant or de novo. Parental genomes were not available and
only the patient was sequenced. Thus, the inheritance pattern could not be further
delineated. This case was selected to test the algorithms on a singleton with dominant

or de novo inheritance of a pathogenic variant in a known gene. It is generally more

1¢.466C>T [NM_001145829.1], p.Arg156%



Prioritisation of variants from whole genome sequencing data using genotypic and
98 phenotypic information — a comparison

challenging to identify disease-causing variants with a dominant or de novo inheritance
pattern in patient genomes if no parental genomes are available to filter out non-disease

causing variants.

3.3.2.1.1.3 Analysis VAAST achieved the worst performance of the VPA for
TNNI2, ranking the benchmark variant at rank 14. The remaining algorithms ranked
TNNI2 first. Exomiser’s variant score did so at the expense of clustering at 1.0, in
contrast to Exomiser’s combined score and VAAST+Phevor. In addition to successfully
assigning the highest rank to the benchmark variant, Exomiser’s combined score and
VAAST+Phevor significantly reduced the number of variants that require further
attention by the analyst by reducing the number of variants achieving a high score.

Both GPAs resulted in a better ranking resolution than the GAs (see Figure 3.10).
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Fig. 3.10 Manhattan plots for case 1 (singleton, AD or de novo): distal arthrogryposis
with stop-gain variant in TNNI2. Genomic coordinates on x-axes, ‘importance’ of
variants on y-axes (variant score and combined score for Exomiser, 1 — p_value
for VAAST and the Phevor score for VAAST+Phevor). The benchmark variant is
highlighted orange. (1) Exomiser’s variant score ranks the TNNI2 variant first. (2)
Exomiser’s phenotype score ranks the 7NNI2 variant first too, supported by existing
HPO annotations to the gene for the patient’s distal arthrogryposis phenotype. (3)
Combining the results from Exomiser’s component scores, the combined score ranks
the TNNI2 variant first with few close, but lower-ranked candidates. (4) VAAST ranks
numerous variants high, including the TNNI2 variant on rank 14. (5§) VAAST+Phevor
clearly identifies the TNNI2 variant as the most likely candidate.
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3.3.2.1.2 Case 2: Bilateral hippocampal sclerosis with missense variant in CACNAIE

3.3.2.1.2.1 Phenotype The proband in case 2 is affected by bilateral hippocam-
pal sclerosis, a severe congenital neurological condition presenting with febrile con-
vulsions, status epilepticus, cognitive difficulties and psychiatric comorbidities [181].

The patient’s phenotype includes seizures and hippocampal dysgenesis.

3.3.2.1.2.2 Candidate gene Only a sample for the proband was available and
sequenced. Prior analysis identified a heterozygous missense variant in the calcium
voltage-gated channel subunit alphal E (CACNAIE) gene’. The CACNAIE gene
encodes the voltage-dependent R-type calcium channel subunit alpha-1E protein.
Voltage-dependent calcium channels mediate the entry of calcium ions into excitable
cells [182]. Heterozygous de novo variants in CACNAIE are known to cause epileptic
encephalopathy [183]. This variant is predicted to be pathogenic by MutationTaster
(score: 1.0), SIFT (score: 0.0009), and Polyphen2 (score: 0.994) and was rare in
gnomAD (0.012% in non-Finnish Europeans). Since the patient’s benchmark variant
is heterozygous and no parental samples were available for sequencing, the suspected

inheritance pattern is autosomal dominant or de novo.

3.3.2.1.2.3 Analysis The benchmark variant is deleterious and thus ranked
highly by Exomiser’s variant score and VAAST. However, a large number of variants
passed the filtering stages, in part because filtering based on inheritance was limited
due to the unavailability of parental samples. Thus, the benchmark variant’s score
is not significant compared to the many other highly ranking variants. Despite the
phenotype-based algorithms, Exomiser’s phenotype score and Phevor, non-disease-
causing variants are not sufficiently down-graded to create a clear picture. At the

time of the analysis, CACNAIE was a known disease-causing gene for epileptic

2¢.5702G>A [NM_001205293.1], p.Arg1901His
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encephalopathy, but the gene had not yet been annotated with the disease and the
respective phenotypic terms in the HPO. Hence, the algorithms were not able to rank

the benchmark variant in CACNAE in the top 20 or higher (see Figure 3.11).
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Fig. 3.11 Manhattan plots for case 2 (singleton, AD or de novo): bilateral hippocam-
pal sclerosis with missense variant in CACNAIE. Genomic coordinates on x-axes,
‘importance’ of variants on y-axes (variant score and combined score for Exomiser,
1 — p_value for VAAST and the Phevor score for VAAST+Phevor). The benchmark
variant is highlighted orange. (1) Exomiser’s variant score ranks CACNAE in position
3401. (2) Exomiser’s phenotype score ranks CACNA I E in 402nd place. (3) Exomiser’s
combined score ranks CACNA 1 E 364th, far from the top of the list. (4) VAAST ranks
numerous variants high, including CACNAIE on rank 126. (5) VAAST+Phevor ranks

CACNAIE 109th.
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3.3.2.1.3 Case 3: Severe epileptic encephalopathy with frameshift variant in
WWOoX

3.3.2.1.3.1 Phenotype This case is a patient with severe early-onset epilepsy
with epileptic encephalopathy. In a comprehensive study, Piard ef al. [184] de-
scribe a condition affecting patients with pathogenic germline variants in the WW
Domain-Containing Oxidoreductase (WWOX) gene, called WWOX-related epileptic
encephalopathy (WOREE) syndrome. The WOREE phenotype involves dysmorphic
features, including a round face with full cheeks, scoliosis or kyphosis, feeding and
respiratory problems, severe developmental delay, hypertonia, early-onset epilepsy
with drug-resistant daily seizures, as well as hypsarrhythmia in several cases, infantile
spasms and visual impairment. The phenotype of the patient described here is largely

consistent with WOREE (see Table 3.1).

3.3.2.1.3.2 Candidate gene The parents of the patient are unaffected and their
genomes were not sequenced. The preceding HICF2 analysis identified a heterozygous
frameshift insertion in WWOX?> that was called homozygous on account of an exonic
deletion. WWOX is a signalling protein involved in protein-protein interactions, the
interruption of which has been named as a reason for the susceptibility of affected
patients to seizures [185]. As described by Piard et al. [184] and others [186, 187],
variants in WWOX have previously been associated with a range of early-onset epileptic
encephalopathy types with autosomal recessive variants and is thus considered a known
gene for the phenotype. The benchmark variant is rare and was not listed in gnoMAD,

ExAC, or TOPDMED at the time of the analysis.

3.3.2.1.3.3 Analysis Similar to case one, Exomiser’s variant score ranked the

benchmark variant first, accompanied by a large number of variants predicted to

3¢.705dupG [NM_016373.2], p.His236AlafsTer34
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be pathogenic that cluster around a score of 1.0 (see Figure 3.12). In Exomiser’s
phenotype score, WWOX is rivalled by a handful of other genes with related phenotypic
annotations. The variants in those genes, however, are not predicted to be pathogenic by
Exomiser’s variant score. Therefore, the WWOX variant achieves the highest Exomiser
combined score. The phenotype score was thus helpful to discern the disease-causing
variant from a large number of other predicted-to-be-pathogenic variants. In the latest
version of the Opal platform, used in this analysis to run VAAST and VAAST+Phevor,
the ENST00000566780 transcript is used for WWOX, in which the benchmark variant
lies in an intronic region. This is a platform-internal error which should be avoided,
since most bioinformatics pipelines generally use the gene transcript corresponding
to the most severe consequence for the protein. Hence, the variant is not scored by

VAAST and VAAST+Phevor.
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Fig. 3.12 Manhattan plots for case 3 (singleton, AR): severe epileptic encephalopa-
thy for candidate frameshift insertion in WWOX. Genomic coordinates on x-axes,
‘importance’ of variants on y-axes (variant score and combined score for Exomiser,
1 — p_value for VAAST and the Phevor score for VAAST+Phevor). The benchmark
variant is highlighted orange. (1) Exomiser’s variant score ranks benchmark variant
first, but as part of a large cluster of variants. (2) Exomiser’s phenotype score ranks
the benchmark variant on rank six, only behind five other genes with relevant HPO
annotations. (3) Exomiser’s combined score ranks the benchmark variant first, as
a result of a high predicted pathogenicity and phenotypic relevance. (4+5) VAAST
and VAAST+Phevor do not rank the benchmark variant in WWOX due to a different

transcript, in which the variant is intronic.
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3.3.2.1.4 Case 4: Dilated cardiomyopathy (DCM) in childhood with missense
variant in ACTC1

3.3.2.1.4.1 Phenotype This case involves DCM in childhood, a severe con-
dition causing a dilated left ventricle and systolic dysfunction [188]. The proband
presented with decreased weight for his age (<-2SD), endocardial fibroelastosis, dilated

cardiomyopathy, and cardiomegaly.

3.3.2.14.2 Candidate gene The proband’s parents were unaffected and their
genomes were sequenced. The identified benchmark variant is a de novo missense
variant in the Actin, Alpha, Cardiac Muscle 1 (ACTCI) gene*. The encoded protein
has been shown to be essential for normal structure and function of cardiac myocytes
and variants in ACTC/ are known to cause DCM [189, 188]. The benchmark variant
is predicted to be pathogenic by Polyphen2 (score: 0.968) and MutationTaster (score:

1.0) and was not listed in gnomAD or TOPMed at the time of analysis.

3.3.2.1.4.3 Analysis Exomiser’s variant score for the benchmark variant is 1.0,
ranking it at the top of the distribution in position 38, jointly with ~40 other variants.
ACTClI is a known gene for DCM and thus carries HPO annotations related to the
patient’s phenotype, which enable Exomiser’s phenotype score to assign a score of

~(.7 to the benchmark variant.

Only one gene carrying false positive variants, as determined in IGV, supersedes
the ACTC1 variant’s Exomiser combined score. In comparison to Exomiser’s variant
score, the use of existing phenotypic annotations for ACTC1 enables Exomiser to
downgrade other variants with high pathogenicity scores that are not relevant for the

DCM phenotype (see Figure 3.13).

4¢.664G>A [NM_005159.4], p.Ala222Thr
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Fig. 3.13 Manbhattan plots for case 4 (trio, de novo): DCM in childhood with can-
didate heterozygous missense variant in ACTCI. Genomic coordinates on Xx-axes,
‘importance’ of variants on y-axes (variant score and combined score for Exomiser,
1 — p_value for VAAST and the Phevor score for VAAST+Phevor). The benchmark
variant is highlighted orange. (1) Exomiser’s variant score ranks ACTC/ highly, in
38th place among a cluster of likely pathogenic variants. (2) Exomiser’s phenotype
score ranks ACTC1 in 8th place due to existing HPO annotations for the known gene.
(3) Exomiser’s combined score ranks ACTC1 6th overall, close to the top of the list.
(4) VAAST ranks the benchmark variant second, out of just three candidate variants
due to effective filtering. (5) Similar to VAAST, VAAST+Phevor ranks ACTC! in

second place.
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3.3.2.1.5 Case 5: Majeed syndrome with missense variant in PSTPIP1

3.3.2.1.5.1 Phenotype This case involves Majeed syndrome, an auto-inflammatory
condition with neutrophilic dermatosis, chronic recurrent multifocal osteomyelitis,
and congenital dyserythropoietic anemia [190]. The patient presented with a largely
overlapping phenotype with Majeed syndrome, including recurrent skin infections,

bone marrow hypocellularity, episodic fever and splenomegaly.

3.3.2.1.5.2 Candidate gene The proband’s parents were unaffected and their
genomes were sequenced. The identified benchmark variant is a de novo missense
variant in the proline-serine-threonine phosphatase interacting protein 1 (PSTPIP1)
gene’. Pathogenic variants in PSTPIPI have previously been reported as causative
for pyogenic sterile arthritis, pyoderma gangrenosum, and acne (PAPA) syndrome
[191], a condition that’s closely related to Majeed syndrome [192]. Candidate variants
in PSTPIPI produce a hyper-phosphorilated PSTPIPI protein, altering its role in
interleukin-1 (IL-1p) production [191]. The benchmark variant is predicted to be
pathogenic by Polyphen2 (score: 1.0), MutationTaster (score: 1.0), and SIFT (score:
0.002) and was not reported in gnoMAD or TOPMed at the time of analysis and has
since been submitted to ClinVar (VCV000097810.6) multiple times as pathogenic for

PAPA.

3.3.2.1.5.3 Analysis The benchmark variant is highly deleterious and thus
ranked highly by Exomiser’s variant score, jointly with ~350 other variants. In
comparison to Exomiser’s variant score, the use of existing phenotypic annotations
for PSTPIP1 enables Exomiser’s combined score to downgrade other variants with
high deleteriousness scores that are not relevant for the Majeed syndrome phenotype

significantly, bringing the benchmark variant to rank 13 for Exomiser’s stand-alone

3¢.748G>A [NM_003978.4], p.Glu250Lys
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phenotype score and rank 9 for the combined score. VAAST already ranks the bench-
mark variant in second place, while the re-ranking with Phevor brings the benchmark

variant to rank number 1 by leveraging phenotypic information (see Figure 3.14).
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Fig. 3.14 Manhattan plots for case 5 (trio, de novo): Majeed syndrome for candidate
missense variant in PSTPIP1. Genomic coordinates on x-axes, ‘importance’ of variants
on y-axes (variant score and combined score for Exomiser, 1 — p_value for VAAST
and the Phevor score for VAAST+Phevor). The benchmark variant is highlighted
orange. (1) Exomiser’s variant score ranks PSTPIP1 in 349th place among a cluster of
likely pathogenic variants. (2) Exomiser’s phenotype score ranks PSTPIP] in 13th
place due to existing HPO annotations for the known gene. (3) Exomiser’s combined
score ranks PSTPIP1 9th overall, close to the top of the list. (4) VAAST ranks the
benchmark variant second, out of just seven candidate variants due to effective filtering.
(5) VAAST+Phevor successfully ranks PSTPIP] in first place.
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3.3.2.1.6 Case 6: Undefined immunodysregulatory disorder with missense vari-

ant in SAMD9YL or DCXR

3.3.2.1.6.1 Phenotype The patient in this case suffers from an undefined im-
munodysregulatory disorder with hypogammaglobulinaemia, enteropathy, seronega-
tive arthropathy, psoriatic skin disease, cerebellar atrophy, and white and grey matter

changes.

3.3.2.1.6.2 Candidate gene Samples from the unaffected parents were in-
cluded in the analysis. Prior analysis identified two lead candidate genes. The first
candidate gene is the Sterile Alpha Motif Domain Containing 9 Like (SAMD9YL) gene,
which carries two non-synonymous de novo missense variants®, both of which lie on a
common paternal haplotype, as confirmed via long-read single-molecule sequencing
with an Oxford Nanopore Technologies (ONT) MinlON [193]. Although further
functional validation is required, there is evidence to suggest that the p.Tyr1118Cys
allele is more likely to be disease-causing. p.Tyr1118Cys is a novel variant, in contrast
to p.Arg359GIn, which is present in gnomAD at an allele frequency of 2/245,750.
p.Tyr1118Cys further scores slightly higher in pathogenicity prediction algorithms
(PolyPhen?2 value: 0.701, SIFT value: 0.001) than p.Arg359GIn (PolyPhen2 value:
0.620, SIFT value: 0.028). Additionally, now-published disease-causing variants in
SAMDOYL are associated with Ataxia-Pancytopenia Syndrome, a condition present-
ing with cerebellar ataxia, predisposition to marrow failure, myeloid leukemia, and
variable hematologic cytopenias, and thus an overlapping phenotype with our patient.
Those disease-causing variants are almost exclusively located at the protein C terminal

[194-198].

6(1) ¢.3353A>G [NM_152703.2], p.Tyr1118Cys (2) c.1076G>A [NM_NM;,52703], p.Arg359GIn
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The second candidate was the Dicarbonyl And L-Xylulose Reductase (DCXR)
gene, carrying a mosaic de novo missense variant’. When this analysis was conducted
in 2016, both genes had not been described in connection to this phenotype. Due to
the patient’s severe phenotype, which dictates an impactful variant, and the fact that
the DCXR variant was mosaic, which is generally associated with less pronounced
phenotypes, analysts considered SAMDOYL to be the lead candidate. SAMD9IL was
subsequently connected to Ataxia-Pancytopenia Syndrome, a condition with a high
phenotypic overlap with our patient, thus confirming the gene as a candidate [194],
whereas to date, there is no evidence supporting DCXR as a causative gene. The case
is included in the analysis as an additional example to test the algorithm performance

for, at the time, novel gene candidates with de novo inheritance in a trio.

3.3.2.1.6.3 Analysis The analysis results are shown in Figure 3.15. SAMDYL
outranks DCXR for all of Exomiser’s scores, as well as VAAST+Phevor. VAAST ranks
the benchmark variants in both genes equally high. Phenotypic evidence captured by
Exomiser and Phevor respectively suggests a stronger link of SAMDOL to the patient’s
phenotype, ranking SAMDOYL significantly higher than DCXR (Exomiser: combined
score of >0.95 for SAMDOYL vs. ~0.2 for DCXR, VAAST+Phevor: >5.0 for SAMD9IL

vs. ~2.0 for DCXR, missing the significance cut-off at 2.3).

7¢.643G>A [NM_016286.3], p.Val215Met
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Fig. 3.15 Manhattan plots for case 6 (trio, de novo): undefined immunodysregulatory
disorder for de novo missense candidate variants in SAMD9L. Genomic coordinates
on x-axes, ‘importance’ of variants on y-axes (variant score and combined score for
Exomiser, 1 — p_value for VAAST and the Phevor score for VAAST+Phevor). The
benchmark variant is highlighted orange. (1) Exomiser’s variant score ranks SAMD9L
in 31st place among a cluster of likely pathogenic variants. (2) Exomiser’s phenotype
score ranks SAMDOYL in 12th place due to existing HPO annotations for the known
gene. (3) Exomiser’s combined score ranks SAMDYL 1st. (4) VAAST ranks the
benchmark variant third, out of just seven candidate variants due to effective filtering.
(5) VAAST+Phevor successfully ranks SAMDOL in first place.
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3.3.2.1.7 Case 7: Fine-Lubinsky syndrome with missense variant in POR

3.3.2.1.7.1 Phenotype This patient was diagnosed with FLS by Dr Usha Kini,
a consultant in Clinical Genetics at the Oxford University Hospitals, an autosomal
recessive disorder with a phenotype including nonsynostotic plagiocephaly, megalo-
cornea, cleft palate, digital abnormalities, including camptodactyly, brachydactyly,
syndactyly and clinodactyly, as well as dysmorphic facial features. Presenting with
a cleft palate, narrow mouth, micrognathia, short chin, shallow orbits, agenesis of
permanent teeth, plagiocephaly, megalocornea, preauricular skin tag, cupped ears,
arthrogryposis multiplex congenita, hypospadias, renal agenesis, moderate global

developmental delay, and talipes, the patient’s phenotype largely overlaps with FLS.

3.3.2.1.7.2 Candidate gene The proband is the only affected individual in
a consanguineous family, of which both parents were sequenced. A homozygous
missense variant in the Cytochrome P450 Oxidoreductase (POR) gene? is the lead
candidate. POR is a known gene for Antley-Bixler syndrome [199], a condition with a
high, but incomplete phenotypic overlap’ with FLS [200]. The benchmark variant is
predicted to be pathogenic by MutationTaster (score: 0.93) and SIFT (score: 0.006) and
was not listed in gnomAD and TOPMed at the time of analysis. Analysing recessive
conditions in consanguineous pedigrees is challenging due to the high number of

homozygous variants that are difficult to distinguish from the benchmark variant [201].

3.3.2.1.7.3 Analysis The results in Figure 3.16 demonstrate the advantages
of GPAs. Exomiser’s variant score cannot distinguish between the benchmark and
numerous homozygous variants. VAAST ranks the benchmark variant second, but

clusters it with other homozygous but likely non-disease-causing variants. Ranked first

8¢.1493G>C [NM_000941.2], p.Arg498Pro
%including craniosynostosis, brachycephaly and midface hypoplasia
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by VAAST+Phevor, the benchmark variant is easily identifiable when using the GPA.
Exomiser’s combined score only brings the variant up to rank 27, which nonetheless
represents a significant improvement compared to rank 426 with Exomiser’s stand-
alone variant score. This case demonstrates that GPAs can help to both improve the

accuracy of WGS data analysis and save time for clinicians.
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Fig. 3.16 Manhattan plots for case 7 (trio, AR): FLS for candidate homozygous
missense variant in POR. Genomic coordinates on x-axes, ‘importance’ of variants
on y-axes (variant score and combined score for Exomiser, 1 — p_value for VAAST
and the Phevor score for VAAST+Phevor). The benchmark variant is highlighted
orange. (1) Exomiser’s variant score ranks POR in 426th place among a cluster of
likely pathogenic variants. (2) Exomiser’s phenotype score ranks POR in 67th place.
(3) Exomiser’s combined score ranks POR 27th. (4) VAAST ranks the benchmark
variant second. (5) VAAST+Phevor successfully ranks POR in first place.
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3.3.2.1.8 Case 8: Congenital erythrocytosis with missense variant in SLC30A10

3.3.2.1.8.1 Phenotype Congenital erythrocytosis, the disease affecting this pa-
tient, is a condition where the red cell mass is greater than 125% than predicted given
the patient’s sex and body mass, usually correlated with elevated hemoglobin and/or
hematocrit [202]. Affected by cerebral hemorrhage, hypotension, hemangioma, vari-
cose veins, stroke, increased hemoglobin, peripheral thrombosis, increased hematocrit,
increased red blood cell mass, stroke, headache, an abnormal integument, plethora,

neoplasm, and hemangioma, the proband was diagnosed at age 4.

3.3.2.1.8.2 Candidate gene The proband and her parents were sequenced.
Prior analysis identified a homozygous variant in the solute carrier family 30 member
10 (SLC30A10) gene'®. SLC30A10 is a well-established disease gene for hyperman-
ganesemia with dystonia-1, an autosomal recessive metabolic disorder with motor
neurodegeneration with extrapyramidal features, increased serum manganese, poly-
cythemia and hepatic dysfunction, which can sometimes lead to cirrhosis with usually
preserved intellectual function [203, 204]. In these patients, manganese excretion is
severely impaired due the loss of function of SLC30A 10, which leads to its accumu-
lation in liver, brain and peripheral tissues. Hypermanganesemia is known to have a
hypoxia-related effect on erythropoietin gene expression, causing polycythemia [205].
Following the genetic analysis, manganese levels in the patient’s blood were tested
and shown to be elevated. The benchmark variant was predicted to be pathogenic by
SIFT (score: 0.001), Polyphen2 (score: 1.0), and MutationTaster (score: 1.0) and was

not listed in gnomAD and TOPMed.

3.3.2.1.8.3 Analysis Both Exomiser’s variant score and VAAST rank the dele-

terious benchmark variant in SLC30A 10 high, on rank 1 and 3 respectively. While

10¢.823T>A [NM_018713.2], p.Trp275Arg
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both algorithms produce large clusters of predicted-to-be-pathogenic variants at the
top of the distribution, the use of phenotypic information with Exomiser’s combined
score and VAAST+Phevor significantly down-grades variants that are not related to
the patient’s phenotype. Exomiser’s combined score and VAAST+Phevor both rank

the benchmark variant first (see Figure 3.17).
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Fig. 3.17 Manhattan plots for case 8 (trio, AR): Congenital erythrocytosis for candi-
date homozygous missense variant in SLC30A10. Genomic coordinates on x-axes,
‘importance’ of variants on y-axes (variant score and combined score for Exomiser,
1 — p_value for VAAST and the Phevor score for VAAST+Phevor). The bench-
mark variant is highlighted orange. (1) Exomiser’s variant score successfully ranks
SLC30A10 in 1st place. (2) Exomiser’s phenotype score ranks SLC30A10 in 16th
place, given holistic phenotypic annotation of the known gene. (3) Exomiser’s com-
bined score ranks SLC30A10 1st. (4) VAAST ranks the benchmark variant third. (5)
VAAST+Phevor successfully ranks SLC30A 10 in first place.
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3.3.2.2 Novel genes

3.3.2.2.1 Case 9: Atypical Klippel-Trenaunay syndrome with missense variant

in RBPJ

3.3.2.2.1.1 Phenotype This patient has an atypical form of Klippel-Trenaunay
syndrome (KTS). KTS is a vascular disease with combined vascular malformations
of the capillary, venous, and lymphatic types, unusually distributed varicosities and
limb enlargement [206]. The patient’s phenotype is considered to be atypical due
to superficial skin lesions that do not match those reported for KTS. The patient’s
phenotype further includes juvenile onset hemangioma, large hemagioendothelioma
on the right buttock and right thing since the age of six, as well as splenomegaly and

abnormal thrombosis.

3.3.2.2.1.2 Candidate gene The preceding analysis identified three lead can-
didates: a de novo splice site missense variant in the Recombination Signal Binding
Protein For Immunoglobulin Kappa J Region (RBPJ) gene'!, a de novo missense vari-
ant in the TRNA Methyltransferase 1 (TRMT1) gene'?, and a compound heterozygous
missense variant in the Patched 1 (PTCHI) gene'3. RBPJ, a novel gene candidate,
is involved in regulation of Notch signalling [207], which plays an important role
in vascular development [208], and was considered to be the most likely candidate
by the HICF2 analysts at the time this analysis was conducted, but had not been
definitively confirmed as disease-causing. The benchmark variant in RBP/J is predicted
to be pathogenic by MutationTaster (score: 1.0) and SIFT (score: 0.063) and was not

reported in gnomAD and TOPMed.

11¢.535T>G [NM_005349], p.Leul79Val
12¢.1149G>C [NM_001142554], p.Glu383Asp
13¢.1405G>A [NM_000264.3], p.Val469Met and c.404G>A [NM_000264.3], p.Arg135GIn
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3.3.2.2.1.3 Analysis Splice site variants, by nature, are highly deleterious and
therefore receive high scores in pathogenicity-based algorithms. Thus, Exomiser’s
variant score ranks the RBPJ variant high, with a score of 1.0, among ~60 other
predicted-to-be-pathogenic variants. VAAST ranks the RBPJ third, behind TRMT].
Once phenotypic information is taken into account, however, both GPAs effectively
distinguish the RBPJ variant from the rest of the variants. RBPJ is proximate to
DTXI in Exomiser’s PPI and DTX] is annotated with ‘spleen hyperplasia’ in the
MPO (MP:0000693), a phenotypic match for the patient’s splenomegaly, resulting in
a phenotype score of 0.5 for RBPJ. Consequently, Exomiser’s combined score ranks
RBPJ 13th, while VAAST+Phevor assigns the first rank to the candidate gene. Despite
the lack of direct human phenotypic annotations for RBPJ as a novel gene candidate,
the GPAs are able to distinguish between the RBPJ variant and other variants (see

Figure 3.18).
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Fig. 3.18 Manhattan plots for case 9 (trio, de novo): Atypical KTS for de novo missense
candidate variant in RBPJ. Genomic coordinates on x-axes, ‘importance’ of variants on
y-axes (variant score and combined score for Exomiser, 1 — p_value for VAAST and
the Phevor score for VAAST+Phevor). The benchmark variant is highlighted orange.
(1) Exomiser’s variant score ranks RBPJ in 65th place. (2) Exomiser’s phenotype
score ranks RBPJ in 61st place, defaulting to a score of 0.5 via the PPI due to missing
HPO and MPO annotations. (3) Exomiser’s combined score ranks RBPJ 13th. (4)
VAAST ranks the benchmark variant third out of just four candidate variants. (5)
VAAST+Phevor successfully ranks RBPJ in first place.
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3.3.2.2.2 Case 10: Fatal acute encephalitis with X-linked missense variant in

DOCKI11

3.3.2.2.2.1 Phenotype This patient suffered from fatal acute encephalitis, an
inflammation of the brain thought to be rooted in an immunodeficiency due to the
patient’s medical history. The phenotype includes encephalitis, lymphadenopathy, and
abnormalities of the spleen as well as the bone marrow cell morphology. The proband

and both parents were sequenced.

3.3.2.2.2.2 Candidate gene The lead candidate is a hemizygous X-linked mis-
sense variant in the Dedicator Of Cytokinesis 11 (DOCKI11)'* gene, which is a novel
candidate for this phenotype hypothesised to play a role in the immune system due
to its high expression in peripheral blood leukocytes [209]. The benchmark variant
was predicted to be pathogenic by Polyphen2 (score: 0.999), SIFT (score: 0.005),
and MutationTaster (score: 1.0) and was rare in gnomAD (0.0094%) and TOPMed
(0.0048%). At the time of the analysis, the variant had not been definitively con-
firmed as disease-causing. To test the performance of the algorithms on a novel gene
combined with the X-linked recessive inheritance mode, this case was selected (see

Figure 3.19).

3.3.2.2.2.3 Analysis Exomiser’s variant score ranks DOCK]/ in 13th place
with a fairly high pathogenicity score, while the benchmark variant ranks third for
VAAST. Exomiser’s phenotype score shows clustering at 0.5, suggesting that no
HPO annotations were available for most variants on the X chromosome that passed
filtering for this patient (see Section 3.3.1.2 for a discussion of Exomiser’s phenotype
score’s clustering at 0.5). However, despite the clustering of the phenotype score,

the information gained through the HPO helps with the identification of the disease-

14¢.1679C>T [NM_144658.3], p.Ser560Leu
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causing variant. ATM, which is proximate to DOCK11 in Exomiser’s PPI, is annotated
with ‘small lymph nodes’ (MP:0002217) and ‘small spleen’ (MP:0000692) in the
MPO, which are matches for the patient’s phenotypic terms ‘lymphadenopathy’ and
‘abnormality of the spleen’. Furthermore, ATM is annotated with Mantle cell lymphoma
in the HPO, a condition with a partial phenotypic overlap with fatal acute encephalitis.
The phenotype of Mantle cell lymphoma includes ‘lymphadenopathy’, ‘splenomegaly’,
and ‘abnormality of bone marrow cell morphology’, which partially match the patient’s
phenotypic terms ‘lymphadenopathy’, ‘abnormality of the spleen’, and ‘abnormality of
bone marrow cell morphology’. The proximity to ATM in the PPI results in a phenotype
score of 0.5 for DOCK11 by Exomiser. Consequently, Exomiser’s combined score
ranks the DOCK] 1 variant second. VAAST+Phevor benefits from a similar effect,

ranking the benchmark variant first.
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Fig. 3.19 Manhattan plots for case 10 (trio, X-linked): Fatal acute encephalitis for X-
linked heterozygous variant in DOCK1 1. Genomic coordinates on x-axes, ‘importance’
of variants on y-axes (variant score and combined score for Exomiser, 1 — p_value
for VAAST and the Phevor score for VAAST+Phevor). The benchmark variant is
highlighted orange. (1) Exomiser’s variant score ranks DOCK]I I in 13th place. (2)
Exomiser’s phenotype score ranks DOCK]1 I in 18th place, defaulting to a score of 0.5
via the PPI due to missing HPO and MPO annotations. (3) Exomiser’s combined score
ranks DOCK]11 2nd. (4) VAAST ranks the benchmark variant third out of just five
candidate variants. (5) VAAST+Phevor successfully ranks DOCK] 1 in first place, just
ahead of TEX11, a gene with a poor functional fit associated with infertility in men

[210-212].
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3.3.2.2.3 Case 11: FLS with splice-site LoF variant in HDLBP

3.3.2.2.3.1 Phenotype The patientsin case 11 were diagnosed by Dr Usha Kini,
a consultant in Clinical Genetics at the Oxford University Hospitals, with FLS, a rare
dysmorphic condition previously described in Section 3.3.2.1.7. The family described
here consists of five affected first degree cousins from two different branches of the
same consanguineous family, two of which were sequenced. The two described patients
are phenotypically similar to the described POR case, with some additional phenotypic
features. In addition to having a narrow mouth and abnormally shaped - or in this
case, posteriorly rotated - ears, as well as global developmental delay, an abnormal
cornea morphology, a short chin, shallow orbits, plagiocephaly, they also presented
with bilateral camptodactyly and a contracture of the proximal interphalangeal joint of

the 5th finger.

FLS is very rare. On October 26, 2018, there were only three cases contained in the
100,000 Genomes Project with homozygous variants in HDLBP. Two cases presented
with intellectual disability, while the third case presented with epilepsy. None of the
cases had any dismorphic or abnormal skeletal features. Thus, the GEL database did
not contain other matches for this case. Equally, the GEL database was searched for
the most defining phenotypic features of FLS. The search did not produce any matches

for our case.

3.3.2.2.3.2 Candidate gene All five affected patients were genotyped using
cytoSNP12 arrays, which identified a single 5 Mb region on 2q37.3 shared in all
five subjects. The previously mentioned cousin pair was subsequently whole genome
sequenced and two candidate pathogenic variants were identified in the LOH region
on chromosome two. The first candidate is a missense variant in Histone Deacetylase

4 (HDAC4)". HDACH4 is a known candidate gene for 2q37 deletion syndrome, a

15p.E374K
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condition with a phenotype that partially, but incompletely, overlaps with FLS. A
second candidate - a loss-of-function variant - was identified in HDLBP'®. The bench-
mark variant is predicted to be pathogenic by MutationTaster (score: 1.0) and was
not reported in gnomAD and TOPMed. The identified splice site variant leads to
skipping of exon 14, which is part of the RNA-binding KH6 domain. Previous studies
have showed that HDLBP lies in regions that are deleted in several patients affected
by brachydactyly mental retardation syndrome [156]. Chapter 6 contains a detailed
analysis of this case. At the time this benchmark study was conducted, HDLBP was

considered as a novel candidate for FLS.

3.3.2.2.3.3 Analysis Inaddition to the standard filtering stages (see Section 3.2),
the VCF was filtered to only include variants present in the genomes of both affected
cousins. Due to that stringent filtering protocol, the final VCF only contains seven
variants for Exomiser and five variants for VAAST+Phevor to rank. Since the bench-
mark variant causes skipping of exon 14, both Exomiser’s variant score and VAAST
predict the variant to be highly pathogenic and rank the variant first (see Figure 3.20).
At the time of analysis, HDLBP had not been described in the context of a human
phenotype and thus was not annotated in the HPO. In the absence of HPO annotations,
Exomiser’s phenotype score defaults to the PPI, in which HDLBP is connected with
PLOD3 via the interactome. Due to the PPI proximity, Exomiser’s phenotype VPA
assigns a score of 0.5 to the benchmark variant. PLOD?3 is annotated with lysyl hy-
droxylase 3 deficiency [202]. The condition’s phenotype partially overlaps with the
patients’ phenotype. Importantly, patients affected by lysyl hydroxylase 3 deficiency
have cataracts, while our patients presented with megalocornea, as well as low-set ears,
similar to our patients. Patients described with deleterious variants in HDAC4 do not
share those features. Additionally, the patient’s phenotypic terms ‘uplifted earlobe’,

‘short nose’, ‘shallow orbits’, ‘severe global developmental delay’, ‘hypertelorism’,

166 1731+1G>A [NM_203346.4]



Prioritisation of variants from whole genome sequencing data using genotypic and
128 phenotypic information — a comparison

‘contracture of the proximal interphalangeal joint of the 5th finger’, and ‘bilateral
camptodactyly’ are matched with the terms ‘abnormality of the pinna’, ‘short nose’,
‘shallow orbits’, ‘global developmental delay’, and ‘elbow flexion contracture’ for
lysyl hydroxylase 3 deficiency. As a result of the two component scores, Exomiser’s

combined score ranks HDLBP first, ahead of HDACH4.

Similar to Exomiser’s phenotype score, Phevor leverages additional ontologies to
compensate for the lack of HPO annotations. The final VAAST+Phevor output ranks
HDLBP first. The high phenotype-related ranking stems from HDLBP’s annotations

in the gene ontology.

Importantly, HDLBP was not ranked high in a previous analysis of the case
conducted with an older version of Exomiser (version 7.2.1, released on January 5Sth,
2016). Since the first analysis of this case, allele frequency databases were updated,
resulting in only seven variants having to be ranked by Exomiser, as opposed to 77
previously. Additionally, the interactome link between HDLBP and PLOD3 had not
been established yet, which is why HDLBP was assigned a phenotype score of 0. This
case thus highlights the importance of continuously re-analysing rare genetic disease
patient cohorts, even in the absence of new findings related to the human phenotype in

question.
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Fig. 3.20 Manhattan plots for case 11 (cousins, AR): FLS with homozygous LoF
variant in HDLBP. Genomic coordinates on x-axes, ‘importance’ of variants on y-axes
(variant score and combined score for Exomiser, 1 — p_value for VAAST and the
Phevor score for VAAST+Phevor). The benchmark variant is highlighted orange.
(1) Exomiser’s variant score ranks HDLBP in 1st place. (2) Exomiser’s phenotype
score ranks HDLBP in 2nd place, defaulting to a score of 0.5 via the PPI due to
missing HPO and MPO annotations. (3) Exomiser’s combined score ranks HDLBP
Ist. (4) VAAST ranks the benchmark variant first out of just five candidate variants.

Chromosome

Chromosome

(5) VAAST+Phevor successfully ranks HDLBP in first place.
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3.4 Discussion

In this chapter, I analysed the performance of algorithms used to prioritise variants from
whole genome sequencing data using genotypic and phenotypic information. The two
VPA frameworks initially used by the 100,000 Genomes Project for their case analyses,
Exomiser and VAAST+Phevor, were selected for the analysis. Both frameworks,
at a high level, rely on genotypic and phenotypic data for their prioritisation. The
goal of the analysis was two-fold: comparing the performance of Exomiser with
VAAST+Phevor and comparing the performance of algorithms not using phenotypic
data with algorithms that use phenotypic data. To that end, several analyses were
conducted based on eleven rare genetic disease patient cases from the HICF2 study
for which the disease-causing variant had previously been identified. For eight of
the patient cases, the confirmed disease-causing variant lies in a gene known for the
patient’s phenotype and those genes were thus annotated in the HPO. The remaining
three genes are novel candidates for the observed phenotypes. As such, this analysis
not only provides an important independent benchmark analysis of two of the main
analysis frameworks in the field for known gene candidates, it also assesses the

frameworks’ performance for novel gene discovery on non-simulated data.

3.4.1 Discussion of summary results

First, a summary analysis of all eleven cases was conducted to assess the ability of
each algorithm to (1) rank the disease-causing benchmark variant at the top of a list of
all variants and (2) decrease the number of non-disease-causing variants that receive a

high score.
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3.4.1.1 Ranking performance

All analysed algorithms successfully ranked a significant number of variants at the top

of their respective distributions. Overall, the GPAs outperformed the GAs.

Exomiser’s combined score ranked five variants first (=45%) and six in the top
five (=45%), compared to four variants ranked first (=36%) and four in the top five
(=36%) for Exomiser’s variant score and one ranked first (=9%) and two in the top five
(=~18%) for Exomiser’s phenotype score. This analysis falls short of other evaluations
of Exomiser on real patient cohorts, including the 74% of candidate variants ranked
first and 94% of variants ranked in the top five observed by Cipriani et al. [119],
or the 80% top five-ranked variants seen by Koehler ef al. [99], but is still aligned
with findings of other groups showing that the best ranking performance is achieved
by algorithms using genotypic and phenotypic information in their ranking process

[173,58, 113].

A similar trend is observed with VAAST and VAAST+Phevor. VAAST ranks
one variant first (~9%) and eight variants in the top five (=73%), as compared to
VAAST+Phevor with eight variants ranked first (=<73%) and nine in the top five

(~=82%).

Overall, VAAST+Phevor ranks three more variants first and three more in the top
five than Exomiser’s combined score, but a larger sample size would be required to
make definitive statements about how their ability to rank disease-causing variants at

the top of a prioritised list differs.

In addition to comparing the most recent releases of Exomiser and VAAST+Phevor,
I conducted a time series analysis of two different versions of Exomiser to contrast how
algorithm performance changed over time. The newer version of Exomiser was able
to rank more benchmark variants first, in the top five, and top ten and the older version

of Exomiser only matched the total number of benchmark variants ranked in the top
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20. Importantly, the older version of Exomiser successfully prioritised a known gene,
POR in the top 20 that was missed by the newer version. Simultaneously, the newer
release of Exomiser ranked a benchmark variant in HDLBP, a novel candidate gene
for FLS, first that was still missed by the older version of the algorithm. Both of these
effects are driven by the fact that databases drawn upon by the analysis frameworks
are growing. POR was not ranked in the top 20 anymore because the specificity of its
phenotypic annotations relative to other ranked candidate genes was less pronounced.
This is also evident in the fact that, counterintuitively, the older version of Exomiser’s
phenotype score successfully ranks more benchmark variants first, in the top five
and the top ten than the newer version of the same algorithm. The more genes are
annotated with HPO terms, the more gene candidates will likely look relevant for
certain phenotypes. Between the two versions of Exomiser used for this analysis, the
number of annotations per term in the HPO has risen from ~5.3 in 2010 (9,500 terms
and 50,000 annotations [97]) to 12 in 2019 (13,000 terms and 156,000 annotations
[179]). While an increasing number of annotations for each term means a more holistic
phenotypic representation, it also presents new challenges for distinguishing signal
from noise. At the same time, the expansion of the PPI used by Exomiser led to
HDLBP being successfully ranked in Exomiser’s latest release, in contrast to the older

version.

Continuous reanalysis of RGD cohorts is thus highly important to surface new
disease insights for patients, such as demonstrated here for the FLS case, as has been
confirmed by several studies [213, 214]. In particular, large scale academic population
studies, such as the 100,000 Genomes Project, that are funded by finite governmental
and academic research grants, should plan for the continuous reanalysis of their data
to ensure patients participating in trials benefit in the long run. WGS studies of RGDs
still only accomplish diagnostic yields of up to 40% [38, 215] and thus, while not all

of the remaining 60% of patients will get diagnostic results over time, some might.
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3.4.1.2 Variant distribution

While GAs successfully rank a significant number of benchmark variants high, they
do so for a large number of variants, making analyses time-consuming and difficult.
To illustrate this effect, I analysed the percentage of variants ranked by Exomiser and
VAAST+Phevor respectively that receive a significant score by the algorithms, thus
necessitating further investigation by analysts. Both GPA frameworks meaningfully
decrease the number of variants receiving a significant score, from 32.3% to 2.2% and
from 25.4% to 11.2% for Exomiser and VAAST+Phevor respectively. Algorithms
using phenotypic information are thus not only useful for ranking disease-causing
variants at the top of a sorted variant list, they also meaningfully downgrade variants
that are predicted to be pathogenic based on their genotype, but carry no relevance
for the patient’s phenotype. In practice, this is highly relevant as analysts spend the
majority of their time closely evaluating all significantly highly ranked variants, first
in silico with additional tools and literature research and later via in vitro or in vivo
studies. Therefore, minimising the number of candidate variants is critical in time-
sensitive clinical settings. It is worth noting that determining significance is easier
for p-value based algorithms like VAAST and Bayesian approaches like Phevor than
for Exomiser without a natural cut-off value. To my knowledge, this is the first study

highlighting this effect.

3.4.2 Future directions

As demonstrated in this chapter, GPAs have become an increasingly powerful tool
for the identification of disease-causing variants from whole genome sequencing data
for rare genetic disease cases. Beyond academic research cohorts, these algorithms
are already successfully being used in care settings where rapid, accurate analyses

are crucial, as demonstrated by Clark et al. [216] in a study illustrating the use of
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VAAST+Phevor to deliver molecular diagnoses for seriously ill children with genetic
diseases based on WGS data and HPO terms in neonatal and pediatric intensive
care units within just ~20 hours. The increased adoption of GPAs in academic
and non-academic settings will also drive the adoption of methods for the large-
scale collection of deep phenotypic data, for example natural language processing
approaches, as highlighted by Clark et al [216]. In addition to rapid variant ranking,
GPAs also make result interpretation easier, as HPO annotations facilitate faster
literature research by linking to relevant publications. Furthermore, the HPO enables
automated differential diagnoses by prioritising phenotypically-relevant variants that

would have gone unnoticed with GAs.

Despite the rapid improvement of GPAs and the growth of associated databases, the
diagnostic yield for rare genetic diseases remains approximately 40%. Furthermore,
as discussed in Section 3.4.1.1, the increasing number of genes being annotated with
HPO terms poses a challenge for algorithms leveraging the HPO for gene prioritisation.
This challenge will likely become more pronounced with the increase in scientific

knowledge through projects like the 100,000 Genomes Project.

To continuously improve the diagnostic yield for rare genetic diseases, several

developments will likely be observed in the future.

Resources like the HPO will have to be leveraged more effectively. Phenotypes in
the HPO will be annotated with term-specific frequencies to illustrate the percentage
of patients with a certain disease that present with a specific phenotype known for that
disease. The Orphanet consortium has started to collect such data [114]. Consequently,
GPAs will adapt to make use of phenotype frequencies. Moreover, phenotypic data
collection tools such as Phenotips provide an option for analysts to indicate that a
specific phenotype was not observed in a patient, but frameworks that make use of this
information yet have to be developed. In addition to that, annotations in the HPO might

become more granular than the gene-level. Instead, one could annotate specific exons
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or functional blocks of a gene with phenotypic terms that are observed in patients with

variants in those sections of the gene.

Separately from HPO-related developments, GPAs will evolve to better account
for disease-causing intronic variation. While all eleven benchmark variants in this
study lie in coding regions, novel GPAs to extend analyses to the non-coding genome
have recently been published, the clinical validation of which remains difficult due to

the lack of a patient “truth dataset” [120, 217].

In addition to better ways of leveraging the HPO and improved algorithms, GPAs
will evolve to incorporate more independent data sources that can increase the accuracy
of VPA. Exomiser and VAAST+Phevor already make use of the MPO, PPI, the GO
and other databases, which proved particularly useful for novel gene discovery, as
demonstrated for the case of HDLBP. Large-scale experimental databases, such as
tissue-specific gene expression databases, present an opportunity to improve VPA, as

illustrated in the following chapter.






Chapter 4

Value of tissue-specific gene
expression data for variant

prioritisation — a novel algorithm

4.1 Introduction

VPA are widely used for the analysis of WGS data from RD patients. Established
analysis frameworks used by studies like the 100,000 Genomes Project combine ge-
nomic data and phenotypic terms in the HPO format to rank variants. One widely
used framework, Exomiser, relies on an algorithm called hiPHIVE for variant pri-
oritisation [119]. hiPHIVE calculates a combined score for each candidate variant
based on a variant score and a phenotype score. The variant score is a multiplication
of a minor allele frequency score and a pathogenicity score. For missense variants,
the pathogenicity score is calculated as the maximum of a variant’s MutationTaster
[57], Polyphen-2 [82] or SIFT score [21], scaled from O to 1. For other classes of
variants, fixed pathogenicity scores were assigned by the authors. The phenotype

score, scaled from O to 1, is a combination of the information content of a patient’s
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phenotypic profile and the semantic similarity of the patient’s phenotypic profile and
each candidate gene’s phenotypic annotations. The gene’s annotations are based on
human, mouse and zebrafish phenotypic data, or the phenotypic annotations of genes
closely related to the candidate gene in the protein interactome. A logistic regression
classifier was trained to calculate the combined hiPHIVE score based on the variant

and pathogenicity score. For a detailed description of hiPHIVE, see Section 1.2.2.3.1.

While frameworks like Exomiser are effective for the prioritisation of genes that
are known for the patient’s phenotype, the algorithms perform less well for the identi-
fication of candidate variants in genes that are novel for the phenotype in question (see
Section 3.3.1.1.1). As demonstrated in Chapter 3, when the databases hiPHIVE relies
on for information on novel disease genes do not contain any annotations for the correct

candidate gene, candidate variant prioritisation is challenging for the algorithms.

Other data sources exist that can be used for variant prioritisation when genotype-
and phenotype-based annotations do not contain sufficient information to prioritise the
correct variant. Expression data has previously been shown to be valuable for disease

gene prioritisation [139-141] (see Section 1.2.3 for details).

In particular, Deelen et al. [142] showed with the GADO algorithm that gene
expression data can be used to prioritise genes based on gene co-regulation. The
authors compared GADO with Exomiser on a WES cohort of 83 patients with con-
firmed diagnoses. GADO achieved a lower median rank for the candidate variants than
Exomiser (12.5 compared to 21), but Exomiser ranked more candidate variants in the
top three (28 compared to 14). For a WES cohort of 61 patients without established
molecular diagnoses, GADO yielded a potentially disease-causing candidate variant
for ten cases (see Section 1.2.3.3.4 for a detailed description of GADO). GADO was

published after the work described in this chapter was concluded.

While Deelen er al. [142] used gene expression data irrespective of the tissue of

origin, Feiglin et al. [132] showed that genes carrying disease-causing variants are on



4.2 Materials and methods 139

average more highly expressed in tissues that are likely affected based on the disease’s
HPO annotations (see Section 1.2.3.4). Feiglin et al.’s [132] findings suggest that
gene expression data in tissues indicated as affected based on HPO terms could be an
informative input for variant prioritisation, including for candidate variants in genes

lacking HPO annotations.

The goal of this chapter is thus to assess the value of tissue-specific expres-
sion data combined with HPO terms for the ranking of likely disease-causing
variants. Furthermore, I propose a novel machine learning VPA based on geno-
type, phenotype, expression, and tissue data (GPET). HPO terms are used to
identify tissues that are likely affected by disease. Information on likely affected
tissues is then used in conjunction with genomic, phenotypic and tissue-specific

gene expression data to inform variant classification.

4.2 Materials and methods

In this section, I describe the GPET algorithm’s concept (see Section 4.2.1), provide
details about the construction of the training dataset (see Section 4.2.2), illustrate the
underlying machine learning methods (see Section 4.2.3), and characterise different

scenarios modelled for testing (see Section 4.2.4),

4.2.1 Concept of the algorithm

The algorithm presented here combines the two component features of the Exomiser
hiPHIVE framework - the Exomiser variant score and the Exomiser phenotype score
- with a set of tissue-specific expression features. Each feature class represents an
independent type of information used for variant ranking: genoytpic information,

phenotype, and tissue-specific expression. The individual features are combined into
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one final output score for variant ranking using a machine learning classifier called a

‘Random Forest’. Figure 4.1 illustrates that concept.

Exomiser variant
score

Exomiser
phenotype score

Expression
features

Fig. 4.1 The GPET algorithm framework. GPET uses genotypic, phenotypic, and
expression data to prioritise variants from WGS data. Genotypic data is represented
by Exomiser’s variant score (grey), phenotypic data by Exomiser’s phenotype score
(pink), and expression data by a set of expression features (green) described in detail
in Section 4.2.2.3. The algorithm employs a random forest classifier to combine the
individual feature classes into one final output score.

4.2.2 Training dataset

To create the above described algorithm, I first created a labeled training dataset con-
sisting of disease-causing and non-disease-causing variants annotated with Exomiser’s
two scores and a new concept I introduce here called ‘tissue-specific expression fea-
tures’. Section 4.2.2.1 describes how the disease-causing and non-disease-causing
variants were curated. Section 4.2.2.2 explains how Exomiser’s variant and phenotype
scores were calculated for each variant in the dataset. In Section 4.2.2.3, the concept
of tissue-specific expression features is introduced and the overall dataset architecture

that reflects the framework shown in Figure 4.1 is described.

4.2.2.1 Curation of a large variant database

As a basis for the training dataset, a large number of variants that are known to be
disease-causing as well as a large number of likely non-disease-causing variants were
needed. To create the dataset, the SWISSProt database was used [218, 219], curated by

Rogers et al. [220] for their FATHMM algorithm. The original SWISSProt database
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only contained gene names, Swiss-Prot AC codes, FTIds, amino acid changes, a label
for the type of variant, dbSNP IDs and OMIM IDs. VEP version 90 was used to
annotate variants with variant coordinates. HPO terms were extracted from OMIM
for each OMIM:ID. The database originally consisted of 24,646 variants labeled as
disease-causing, 37,931 polymorphisms not classified as disease-causing, and 6,564
unclassified variants. In the SWISSProt database, variants that had previously been
reported in OMIM as disease-causing for specific patient cases were labeled as disease-
causing. Rogers et al. [220] selected variants from the 1,000 Genomes Project
that were predicted to be benign as non-disease causing variants. After filtering out
unclassified variants, variants without an associated OMIM:ID and variants that could
not be annotated by VEP, 50,514 variants remained in the final dataset. Of those

variants, 14,929 are labeled as disease-causing and 35,585 as non-disease-causing (see

Figure 4.2).
Number of variants Number of genes
#
35 585 11 011
14 929
2 056
Pathogenic Benign Pathogenic Benign

Fig. 4.2 Overview of the curated list of variants used to create the training dataset.
The dataset used for training and testing of the machine learning algorithm consists of
50,514 variants, 14,929 of which are labeled as disease-causing according to OMIM
and 35,585 of which are considered benign as drawn from the 1,000 Genomes project.
The disease-causing variants are distributed across 2,056 different genes, while the
benign variants sit in 11,011 different genes.
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4.2.2.2 Calculation of Exomiser’s hiPHIVE scores for variants in training dataset

To calculate Exomiser’s hiPHIVE variant score and phenotype score for each variant
in the dataset, 14,929 individual VCEF files were created. Each VCF file contained one
disease-causing variant and 3-4 randomly sampled non-disease-causing variants from
the SWISSProt dataset. 5,727 VCF files contained four non-disease-causing variants
and 9,202 VCF files contained three non-disease-causing variants. The number of non-
disease-causing variants per VCF varied since the SWISSProt dataset contained 3-4
times more non-disease-causing variants than disease-causing variants (see Figure 4.2).
Exomiser takes a VCF for a patient as well as the associated HPO terms for the patient
as input. Thus, each simulated VCF was treated like a pseudo-patient, where the HPO
terms associated with the contained disease-causing variant were used for the overall
VCE, in order to be able to also assign a phenotype score to non-disease-causing
variants, which otherwise would not have HPO terms associated with them and thus no
phenotype score could be calculated. Exomiser’s hiPHIVE (v7.2.1) was run on each
VCEF. The inheritance mode was set to autosomal dominant (AD). A similar approach
was used by Bone et al. [118] to train Exomiser. After Exomiser was run, the variants

from each individual VCF were combined into a large dataset used for further analysis.

4.2.2.3 Tissue-specific expression features

Next, expression features were created for each variant in the dataset. As described
in Section 4.2.2.2, each variant was assigned HPO terms based on the VCF file the
variant was allocated to. Those HPO terms are used here to calculate expression scores
for every variant. The expression features consist of two different feature classes
as illustrated in the framework in Figure 4.3, which was developed by Feiglin et al.
[132]. The first expression feature class contains binary information on whether or not

a tissue is predicted to be affected by the disease in question based on the supplied
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phenotype profile in HPO format. Hereafter, those features are referred to as ‘Binary
Tissue Labels’ (BTLs). For example, the term ‘Abnormality of brain morphology’
(HP:0012443) maps to the tissue ‘Brain’. Thus, the BTL’s value for the gene in
question and for the tissue ‘Brain’ is ‘1°. If no terms map to ‘Brain’, the value ‘0’ is
assigned. Table 4.1 shows a mapping of 33 high-level HPO categories to 25 broad

tissues created by Feiglin et al. [132].

Patient's Map to Affected tissues
Gene HPO Heart | Blood | I Lung | Brain |
profile 71 72 724 125

1. Abnorm. of heart
Map to
2. Abnorm. of blood P
3. Abnorm. of brain v
- Blood | | Lung | Brain |
&I GTEX 71 72 724 725
Expression-based scores for 25 tissues (T1-T25): For affected tissues,
! extract cross-tissue and
1. Cross-tissue: expr. of gene in TX rel. to other tissues cross-gene score
2. Cross-gene: expr. of gene in TX rel. to other genes in TX Expression
features
D affected elevated
[ unaffected not elevated

Fig. 4.3 Mapping of tissues and HPO terms to expression values. Affected tissues
are inferred via HPO terms annotated to each gene in the dataset. For example, if
a gene is annotated with the HPO term ‘Abnormality of the heart’” (HP:0001627),
this suggests that the heart tissue is affected by that gene. Information on whether
or not a tissue is affected by a gene is stored in one feature per tissue containing a
binary tissue label (BTL) for each gene. In the figure, affected tissues are highlighted
in light-blue and are assigned the value ‘1’, whereas unaffected tissues are coloured
white and carry the value ‘0’. Simultaneously, tissue-specific expression scores (later
referred to as [Rawexpression]) are calculated for each tissue and gene using the GTEx
database [132]. In this figure, elevated gene expression is indicated by a red highlight,
whereas lower gene expression is indicated by a white background. Tissue-specific
gene expression is captured in three different scores: a ‘cross-gene’ score, which
represents the expression of a gene in a tissue relative to all other in genes in that
tissue, as well as two distinct calculation methods to compute a ‘cross-tissue’ score,
which indicates the relative expression of a gene in one specific tissue relative to that
gene’s expression in all other tissues. Collectively, this framework is used to generate
a total of 100 expression features, highlighted in green in the figure: a total of four
expression features per tissue (BTL, one cross-gene score and two cross-tissue scores)
for each of 25 tissues. This figure is adapted from Feiglin et al. [132].
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Broad tissue

HPO Term

Adipose Tissue
Adrenal Gland
Blood

Blood Vessel (artery)

Brain
Brain
Breast
Colon
Esophagus
Heart
Heart
Heart
Heart
Heart
Heart
Heart
Liver
Lung
Nerve
Ovary
Pancreas
Pituitary gland
Prostate
Muscle
Muscle
Skin
Small Intestine
Spleen
Stomach
Testis
Thyroid
Uterus
Vagina

Abnormality of adipose tissue
Abnormality of the adrenal glands
Abnormality of blood and blood-forming tissues
Abnormality of the systemic arterial tree
Abnormality of brain morphology
Abnormality of nervous system physiology
Abnormality of the breast
Abnormality of the large intestine
Abnormality of the esophagus
Abnormal heart morphology
Congestive heart failure
Arrhythmia

Heart murmur

Cardiac shunt

Abnormal EKG

Cardiogenic shock

Abnormality of the liver
Abnormality of the lung
Abnormality of peripheral nerves
Abnormality of the ovary
Abnormality of the pancreas
Abnormality of the pituitary gland
Abnormality of the prostate
Abnormality of muscle morphology
Abnormality of muscle physiology
Abnormality of the skin
Abnormality of the small intestine
Abnormality of the spleen
Abnormality of the stomach
Abnormality of the testis
Abnormality of the thyroid gland
Abnormality of the uterus
Abnormality of the vagina

Table 4.1 Mapping of broad tissue categories to high-level HPO term categories
25 broad tissue categories were mapped to 33 high-level HPO term categories. The
mapping is used to create a new set of features called ‘binary tissue labels’, which
indicate whether or not a specific tissue is suspected to be affected by a patient’s
disease based on the patient’s HPO terms. The mapping was adapted from Feiglin et

al. [132].
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If a phenotypic term is not directly contained in the mapping showed in Table 4.1,
the algorithm traverses up the branches of the Human Phenotype Ontology to the
term’s root in the HPO and maps it to the respective tissue. Feiglin ef al.’s [132]
mapping does not include all phenotype categories in the latest HPO release. Thus,
terms from HPO branches that do not map to a broad tissue category receive BTLs of

0 for every tissue.

The second expression feature class contains information on the relative expression
level of each gene in each tissue. To represent relative expression levels, the GPET
algorithm uses two different scores calculated by Feiglin er al. [132] based on the
GTEXx database (v6). The first score represents the expression of a candidate gene in
the tissue in question relative to the expression of that gene in all other tissues. The
metric is called the ‘cross-tissue’ score. The second score represents the expression
level of a candidate gene in a tissue in question relative to all other genes in that same

tissue. The metric is called the ‘cross-gene score’.

To calculate the cross-gene and cross-tissue scores, Feiglin et al. [132] used gene
level reads per kilobase per million mapped (RPKM) data collected by the GTEx
consortium using RNA sequencing. Feiglin e al. used version 6 files' containing
data on 8,555 GTEx samples. RPKM values are indicative of gene expression. The
analysts included a total of 7,051 samples in the analysis, which were also included in
the expression Quantitative Trait Loci (¢QTL) analysis> by the GTEx consortium. The
files can be dowloaded from www.gtexportal.org. Feiglin et al. [132] further filtered

out cell line samples, resulting in 6,665 samples across 51 specific tissue types.

The analysis was limited to 19,644 genes defined as protein coding in a patched

version of GENCODE v193. For each gene and tissue, Feiglin et al. [132] calcu-

Lile: GTEx_Analysis_v6_RNA-seq_RNA-SeQCv1.1.8_gene_rpkm.gct
’file: GTEx_Analysis_V6_eQTLInputFiles_ geneLevelNormalizedExpressionMatrices.tar.gz
3file: gencode.v19.genes.patched_contigs.gtf.gz


www.gtexportal.org
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lated the mean expression level of all samples available for that specific gene-tissue

combination.

For the analysis, the authors transformed mean RPKM values, ¢, to a log scale as

follows:

t = logio(RPKM +1) .1

The analysts subsequently performed quantile normalisation for each tissue using

the R package preprocessCore.

The cross-gene score for a gene in a specific tissue is thus simply #:

Scq(gene) =t 4.2)

To calculate the cross-tissue score, for each gene Feiglin et al. [132] compared
that gene’s expression from a single tissue with all other tissues using the Wilcoxon
rank sum test from the standard stats package in R. This process was repeated once for
each tissue. To determine the direction of the difference, the analysts set the alternative
hypothesis to ‘greater’ for upregulation and ‘less’ for downregulation. The negative

log10 p-values from the test were used as the measure of cross-tissue expression.

To test the robustness of the Wilcoxon rank sum test, the authors also computed
limma-voom p-values using the ‘voom’ function of the R ‘limma’ package and ex-
tracted the p-values. P-values of genes with negative fold changes were set to 1 since
upregulation is being investigated. The GTEx raw counts matrix was used as input for

the limma-voom calculation®.

For my analysis, I used three separate output files I received from Feiglin et al.

containing the final output results for all three scores: the cross-gene score ('median’,

“file: (GTEx_Analysis_v6p_RNA-seq_RNA-SeQCv1.1.8_gene_reads.gct
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file: gtex.ts.median.csv), the cross-tissue score according to the Wilcoxon rank sum
test Cwilcoxp’, file: gtex.ts.wilcoxp.csv) and the cross-tissue score according to the

limma-voom calculation (’limma’, file: gtex.ts.limma.csv).

The raw expression scores received from Feiglin er al. [132] contain scores for
a total of 51 specific GTEx tissues. In their study however, the authors provide a
manually curated mapping from HPO terms to only 25 broad tissue categories. Thus,
the 51 specific GTEXx tissues have to be mapped to 25 ‘broad’ tissue categories. I used
a mapping provided by the authors shown in Table 4.2, which leaves out the specific
GTEX tissues ‘Bladder’, ‘Brain - Amygdala’, ‘Brain - Spinal cord (cervical c-1)’,
‘Brain - Substantia nigra’, ‘Cervix - Ectocervix’, ‘Cervix - Endocervix’, ‘Fallopian

Tube’, and ‘Minor Salivary Gland’.
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Broad tissue Specific GTEx tissue

Adipose Tissue Adipose - Subcutaneous
Adipose Tissue Adipose - Visceral (Omentum)
Adrenal Gland  Adrenal Gland

Blood Vessel Artery - Aorta

Blood Vessel Artery - Coronary

Blood Vessel Artery - Tibial

Brain Brain - Anterior cingulate cortex (BA24)
Brain Brain - Caudate (basal ganglia)
Brain Brain - Cerebellar Hemisphere
Brain Brain - Cerebellum

Brain Brain - Cortex

Brain Brain - Frontal Cortex (BA9)
Brain Brain - Hippocampus

Brain Brain - Hypothalamus

Brain Brain - Nucleus accumbens (basal ganglia)
Brain Brain - Putamen (basal ganglia)
Breast Breast - Mammary Tissue
Colon Colon - Sigmoid

Colon Colon - Transverse

Esophagus Esophagus - Gastroesophageal Junction
Esophagus Esophagus - Mucosa

Esophagus Esophagus - Muscularis

Heart Heart - Atrial Appendage

Heart Heart - Left Ventricle

Liver Liver

Lung Lung

Muscle Muscle - Skeletal

Nerve Nerve - Tibial

Ovary Ovary

Pancreas Pancreas

Pituitary Pituitary

Prostate Prostate

Skin Skin - Not Sun Exposed (Suprapubic)
Skin Skin - Sun Exposed (Lower leg)
Small Intestine  Small Intestine - Terminal Ileum
Spleen Spleen

Stomach Stomach

Testis Testis

Thyroid Thyroid

Uterus Uterus

Vagina Vagina

Blood Whole Blood

Table 4.2 Mapping of specific GTEX tissues to broader tissue categories. Version
6 of the GTEx expression database, which was used to train this algorithm, provides
expression data for 51 specific tissue categories. In order to create the previously
introduced tissue-specific expression features, these 51 specific tissue categories had
to be mapped to a smaller number of 25 broader tissue categories. The broader tissue
categories could in turn be mapped to HPO terms, as described in Table 4.1. This table
shows the mapping of 51 specific GTEXx tissue categories to 25 broad tissue categories
by Feiglin et al. [132].
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To generate the cross-gene or cross-tissue scores for a gene in a broad tissue, |
calculated the mean of all specific tissue scores for that respective gene and tissue.
For example, the broad tissue score for each gene expressed in ‘Adipose Tissue’ is
calculated as the mean of the expression scores for the specific tissues ‘Adipose -

Subcutaneous’ and ‘Adipose - Visceral (Omentum)’.

Thus, I created four new features for each tissue encapsulating information on
tissue-specific gene expression based on the HPO: a BTL, the cross-gene score and
two versions of the cross-tissue score (wilcoxp and limma). In total, 25 tissues
are contained in the mapping and therefore a total of 100 new features are created.
Combined with the two Exomiser scores and a label indicating if a variant is disease-
causing or not, each variant thus is assigned 103 features. Figure 4.4 shows the overall

dataset architecture.

Blood Brain
Exomiser
Binary Cross- Cross- Binary Cross- Cross- Disegse-
var.  |variant scorel | Pheno. score label tissue gene label tissue gene causing?
1 0 0 1
2 0 1 0
3 1 1 0
a b c d c d
50,512 0 1 0
50,513 . —k 1 1
1 = annotated HPO term(s) map to this tissue, 1 = yes,
50,514 0 = annotated HPO term(s) don't map to this tissue 0 0=no [0
. I 103 features } >

Fig. 4.4 Overview of the dataset architecture used for training and testing of
GPET. The dataset used for training and testing consisted of 50,514 variants (ap-
proximately 30% disease-causing from OMIM with HPO terms, and roughly 70%
benign from 1,000 Genomes project) with tissue-specific expression data from GTEx
used for training. Each variant is annotated with a total of 103 features: two features
for Exomiser’s variant and phenotype scores, four expression-specific features (BTL,
cross-gene score, and two cross-tissue scores) for 25 tissues respectively, and one
feature to label each variant as disease-causing or benign.
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4.2.3 Machine learning

The machine learning method was programmed in Python 3.6.4. The scikit-learn

library (0.19.1) [221] was used for all machine learning functions. Table 4.3 contains

a complete list of all programming libraries used in my python implementation.

Library (1/4) Version (1/4) Library (2/4) Version (2/4)  Library (3/4)  Version (3/4) Library (4/4) Version (4/4)
alabaster 0.7.10 html5lib 1.0.1 ncurses 6 qtconsole 43.1
alembic 0.9.7 icu 582 networkx 2.1 qtpy 1.3.1
asnlcrypto 0.24.0 idna 2.6 nodejs 6.12.2 readline 7
astroid 1.6.0 imagesize 0.7.1 numcodecs 052 requests 2.18.4
babel 253 intel-openmp 2018.0.0 numexpr 2.6.4 rope 0.10.7
backports 1.0 ipykernel 4.7.0 numpy 1.12.1 scikit-allel 1.1.9
backports.functools;rucache 1.4 ipython 6.2.1 numpydoc 0.7.0 scikit-learn 0.19.1
beolz 1.1.2 ipythongenutils 0.2.0 obonet 022 scipy 1.0.0
beautifulsoup4 4.6.0 isort 4.2.15 openssl 1.0.2n seaborn 0.8.1
bleach 212 jedi 0.11.1 pamela 0.3.0 setuptools 38.4.0
bokeh 0.12.13 jinja2 2.1 pandas 0.22.0 simplegeneric 0.8.1
bottleneck 12.1 jpeg 9b pandoc 1.19.2.1 sip 4.18
bzip2 1.0.6 jsonschema 2.6.0 pandocfilters 142 six 1.11.0
ca-certificates 2017.08.26 jupyter.lient 521 parso 0.1.1 snowballstemmer 1.2.1
certifi 2017.11.5 jupytercore 4.4.0 partd 0.3.8 sortedcontainers 1.5.7
cffi 1.11.4 jupyterhub 0.8.1 patsy 0.5.0 sphinx 1.6.6
chardet 3.04 lazy-object-proxy 1.3.1 pere 8.39 sphinxcontrib 1.0
click 6.7 libedit 3.1 pexpect 43.1 sphinxcontrib-websupport 1.0.1
cloudpickle 052 libffi 3.2.1 pickleshare 0.7.4 spyder 3.2.6
configurable-http-proxy 3.1.0 libgce 72.0 pip 9.0.1 sqlalchemy 1.2.1
cryptography 2.14 libgce-ng 7.2.0 prompt;oolkit 1.0.15 sqlite 3.20.1
cycler 0.10.0 libgfortran 3.0.0 psutil 54.0 statsmodels 0.8.0
dask 0.16.1 libgfortran-ng 7.2.0 ptyprocess 0.5.2 tblib 132
dask-core 0.16.1 libiconv 1.15 pycodestyle 23.1 testpath 0.3.1
dbus 1.10.22 libpng 1.6.34 pycparser 2.18 tk 8.6.7
decorator 421 libsodium 1.0.15 pyflakes 1.6.0 toolz 0.8.2
decorator 4.2.1 libstdexx-ng 7.2.0 pygments 220 tornado 453
distributed 1.20.2 libxcb 1.12 pylint 1.8.1 traitlets 432
docutils 0.14 libxml2 29.7 pyopenssl 17.5.0 typing 3.6.2
entrypoints 023 locket 0.2.0 pyparsing 22.0 urllib3 1.22
expat 225 1zo 2.1 pyqt 5.6.0 wewidth 0.1.7
fasteners 0.14.1 mako 1.0.7 pysocks 1.6.7 webencodings 0.5.1
fontconfig 2.12.6 markupsafe 1.0 pytables 342 wheel 0.30.0
freetype 2.8.1 matplotlib 2.12 python 3.64 wrapt 1.10.11
gettext 0.19.7 matplotlib-venn 0.11.5 python-dateutil 2.6.1 xorg-libxau 1.0.8
glib 2.55.0 mccabe 0.6.1 python-editor 1.0.3 xorg-libxdmep 1.1.2
gmp 6.1.2 mistune 0.8.3 python-oauth2 1.0.1 Xz 523
gst-plugins-base 1.8.0 mkl 2018.0.1 pytz 2017.3 yaml 0.1.6
gstreamer 1.8.0 monotonic 1.3 pyyaml 3.12 zarr 2.14
hSpy 271 msgpack-python 04.8 pyzmq 16.0.3 zeromq 422
hdf5 1.10.1 nbconvert 53.1 qt 5.6.2 zict 0.1.3
heapdict 1.0.0 nbformat 4.4.0 qtawesome 04.4 zlib 1.2.11

Table 4.3 Programming libraries used in Python. This table contains a list of all
programming libraries and their version numbers used in my Python implementation.

4.2.3.1 Choice of the ExtraTreesClassifier

The proposed algorithm is a classification algorithm. Given that the training dataset
consists of both binary (BTLs) and continuous features of different magnitudes, I
chose a classifier called ExtraTreesClassifier, supplied by scikit-learn, that is known to

perform well for this type of classification task.
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The ExtraTrees method is a variation of the random forest algorithm, which is
based on decision trees. In this case, the goal of the random forest algorithm is to
classify different data points into categories. The algorithm needs to differentiate
disease-causing from non-disease-causing variants. To do that, the random forest
algorithm asks a series of questions of the dataset based on the dataset’s features to
determine how to best classify variants. For example, it could ask if the Exomiser
variant score for a specific variant is greater than or equal to a certain cut-off, called a
split point. If the answer is yes, there is a high chance the variant is disease-causing.
In turn, if the answer was no, there is a high chance the variant is not disease-causing.
Merely asking that question gives the model a powerful tool to split the dataset into

likely disease-causing and likely non-disease-causing variants.

However, classification purely based on predicted pathogenicity is not sufficiently
accurate, since a large number of non-disease-causing variants still receive a high

Exomiser variant score, as demonstrated in Chapter 3.

To further distinguish variants from each other, the random forest model asks
another question of the already split dataset. For example, the next question could
be if the variant has an Exomiser phenotype score greater than or equal to 0.6. If the
answer is yes, the likelihood of the variant being disease-causing is slightly higher. A
next question could ask if the cross-tissue score in a specific tissue is greater than or

equal to a certain value, and so on.

The random forest algorithm first creates a question with a split point defined based
on the distribution of data points for each feature. The split point is set as the value
with the highest accuracy for distinguishing disease-causing from non-disease causing
variants. To add another split point, the algorithm asks another question of the split
subsets of data based on another feature. Each question thus becomes a yes/no node in

a decision tree.
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Each decision tree uses a defined number of features and only gets access to a
subset of the available data to build the tree. The features and subset of the data

selected for each tree are chosen at random, hence the name ‘random forest’.

The final classification prediction of the random forest for a new datapoint is the

average of the predictions of all individual trees.

The ExtraTrees classifier is based on the random forest algorithm but reduces
the variance of the model. The variance is the average of the squared differences
from the mean of a distribution. As such, it represents how far a set of data points is
spread out from their mean. In machine learning, a high variance means an algorithm
is modelling the random noise in a training dataset, rather than the intended result.
This phenomenon is called overfitting. Overfitting is to be avoided so that a machine
learning algorithm works well on all datasets it has to process, not just the one it was

trained on.

The ExtraTrees classifier reduces variance through two steps. First, the algorithm
samples data points from the training dataset without replacement. Sampling without
replacement means that a datapoint used in one random subset of the data used to train
one tree cannot also be used in a second subset of the training data for a second tree.
Second, splits for nodes are chosen at random among a random subset of features, and
not as the most optimal split point for each node. The ExtraTrees classifier was chosen

to reduce overfitting.

4.2.3.2 Training of the algorithm and tuning of hyperparameters to prevent

overfitting

I used the scikitlearn ‘auto’ setting for the ExtraTreesClassifier and only varied the
number of trees used in the model for testing [222]. For the auto setting, the Extra-

TreesClassifier uses the entire available dataset to train each tree, and not a random
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subset. Furthermore, the number of randomly sampled features used per tree is

determined as the square root of the number of available features.

The model is trained on a dataset of disease-causing and non-disease-causing
variants in order to be able to distinguish the variants based on a number of differ-
ent characteristics. In this case, those characteristics are the features described in
Section 4.2.2.1. Once the algorithm is trained, given a variant it previously has not
seen, it is supposed to be able to classify that new variant as either disease-causing or
non-disease-causing based on the features of that new variant. In order to ensure the

algorithm is trained properly, several steps are necessary.

First, features are scaled. While Exomiser’s output scores range from O to 1, the
cross-tissue and cross-gene scores display a wide distribution of values. To train
machine learning models, it is important that all features in a training dataset display
values in the same order of magnitude. Therefore, the training dataset’s features were

scaled using the scitkit-learn preprocessing imputer.

Thereafter, so-called ‘overfitting’ has to be prevented. Overfitting means that an
algorithm works well on the dataset it is trained on, but will perform poorly on any
other dataset. A good algorithm should work on any given dataset. In other words, the
algorithm is not only supposed to classify variants from the SWISSProt database well,

but has to be able to classify any variant.

Overfitting is controlled for through a mechanism called stratified n-fold cross
validation [223]. The idea behind cross validation is to split the dataset into n equally
sized portions and then train the algorithm on a subset of those portions, while testing
its performance on the remaining portions that the algorithm was not trained on. In
this case, I split the dataset into ten separate portions. The algorithm is trained on the
combination of nine random portions and tested on the remaining tenth portion. That
process is repeated n times on continuously randomly differing splits of the dataset.

Once the process is completed, the average outcome from the n iterations is calculated
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to determine how well the model performs for the classification task. The key measure
to determine a model’s performance for a classification task is the so-called area under
the curve (AUC) in a receiver-operator characteristic (ROC) plot. In an ROC diagram,
the sensitivity of a classification algorithm is plotted as a function of the algorithm’s
specificity. The AUC is a measure for the algorithm’s accuracy. The higher the AUC,
the more accurate the algorithm. Thus, the measure for how well a specific algorithm

works for the classification task is the average AUC of the n folds.

One variable to control the performance of a classification algorithm are its hyper-
parameters. In the case of the ExtraTreesClassifier, the hyperparameter to control is the
number of decision trees allowed in the model. To create the best possible algorithm, I

tested the algorithm for 10, 50, 100 and 500 trees.

To control for overfitting, the model trained and tested as described above is run
on yet another portion of the training dataset that the model previously has not seen.
The mean model created via the n-fold process should perform the same way on the
previously unseen dataset as it did on data it was trained for (see Section 4.3.2 for

results).

4.2.4 Modeling of different scenarios

To test if tissue-specific expression features improve variant classification performance,
I benchmarked GPET against Exomiser. To compare the algorithms under fair condi-
tions, Exomiser was retrained on my training dataset. Thereafter, the retrained version

of Exomiser was compared to GPET under two different scenarios.

In the first scenario, the training and testing data are perfectly annotated with HPO
terms to simulate an ideal situation for variant classification. In the second scenario, to
demonstrate the usefulness of tissue-specific expression features, the percentage of

variants in my dataset for which Exomiser’s phenotype score performs well is varied
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to illustrate how the algorithms perform on real-life patient cases, where the diagnostic
yield of WGS studies still suggests that no diagnostic answer is found for ~60% of

cases.

4.2.4.1 Retraining of Exomiser and benchmarking on a perfectly annotated

dataset

To fairly compare GPET with Exomiser, Exomiser was retrained on my dataset using
the same hyperparameters as GPET. Retraining is done to avoid unfair biases in
algorithm comparisons. Exomiser’s hiPHIVE algorithm was originally trained on
a different dataset and is therefore optimised for a different classification task. To
retrain Exomiser, I trained and tested the same ExtraTreesClassifier as described in
Section 4.2.3.1 on the training dataset described in Section 4.2.2, but only using the

Exomiser variant score and phenotype score as features.

Separately, I also trained a third model on the dataset, which uses Exomiser’s
scores, as well as the cross-gene and cross-tissue scores, but omitting the BTLs. That
way, the performance of the retrained Exomiser hiPHIVE algorithm could be compared
with the performance of GPET using just Exomiser’s features with cross-gene and
cross-tissue scores, as well as GPET using all features (i.e. Exomiser’s scores, the
cross-gene and cross-tissue scores, as well as the BTLs). The results were plotted in a

ROC diagramme.

4.2.4.2 Benchmarking on an imperfectly annotated dataset

In the previous comparison, the three models (Exomiser_retrained, Exomiser+Expression
Scores and Exomiser+Expression Scores+BTLs) were trained and tested on a dataset
with a perfectly performing phenotype score. The results in Section 3.3.2.2 how-

ever underscored that a significant portion of disease genes are yet to be discovered
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and therefore are not annotated with HPO terms. The motivation behind using tissue-
specific expression data and BTLs as an additional data source was to supply additional
evidence that can be used for variant prioritisation and is independent of genotype and
phenotype data. Therefore, I tested how the three models perform when the phenotype
score does not perform perfectly, thus simulating scenarios in which a portion of the
variants to be classified are not perfectly annotated with HPO terms. To do this, I

created three different scenarios.

In the first scenario, the Exomiser phenotype scores for all variants in the training
dataset were not changed, but the Exomiser phenotype score of an increasing percent-
age of the variants in the testing dataset was set to zero. I chose to set the phenotype
score to zero to simulate scenarios in which all three stages of the hiPHIVE algorithm
(human phenotype, mouse phenotype and PPI) do not contain annotations for the

candidate gene and thus produce an output phenotype score of zero.

In the second scenario, the Exomiser phenotype score is set to zero for the same

percentage of variants in both the training and the testing dataset.

The third scenario reflects the status quo of the HPO’s annotations most closely.
The Exomiser phenotype score for 50% of the variants in the training dataset was set
to zero and the model was tested on a dataset with an increasing percentage of the

Exomiser phenotype scores of variants set to zero.

For all three tests, the resulting AUC of the ROC was plotted as a function of
the percentage of variants in the training and/or test dataset for which the Exomiser
phenotype score was set to zero. For the model trained and tested on datasets with

50% of the variants’ Exomiser phenotype scores set to 0, an ROC was plotted.
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4.3 Results

In this section, I present results from the validation of GPET, including a training
dataset characterisation (see Section 4.3.1), data from the hyperparameter tuning of
the machine learning model (see Section 4.3.2), and a benchmark study comparing

GPET with Exomiser for various scenarios (see Section 4.3.3).

4.3.1 Characterisation of the training dataset

All variants in the dataset were mapped to tissues they are suspected to affect based on
their HPO annotations as described in Section 4.2.2.3. Figure 4.5 shows the number
of variants mapped to each tissue category. Variants were mapped to more than one
tissue if their HPO terms matched more than one tissue category. If no HPO terms
annotated to a gene in question could be mapped to one of the 25 tissues, the variants

were not annotated with a tissue.

The largest number of variants is mapped to brain tissue (/11,000 variants),
followed by muscle, skin, heart, blood and liver. Approximately 3,800 variants could

not be mapped to a tissue.

Furthermore, I assessed how well each feature of the dataset helps distinguish
non-disease-causing from disease-causing variants. If a feature is powerful for a
binary classification task, for example distinguishing disease-causing from non-disease-
causing variants, a bimodal result distribution is expected. In this case, the majority of
disease-causing variants would be expected to cluster at one end of the distribution for
the respective feature, while the vast majority of non-disease-causing variants should
cluster at the other end of the distribution. Figure 4.6 shows box plots for the following
metrics: Exomiser’s variant, phenotype, and combined scores, as well as the mean
cross-gene and cross-tissue scores (for both Wilcoxonp and limma) across all tissues

for each variant.
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All six plots show that each respective feature is sufficiently powerful to distinguish
disease-causing from non-disease-causing variants. Exomiser’s variant score shows a
clear separation between the two categories, with minimal overlap between the two
categories. Exomiser’s phenotype score achieves a less pronounced, but still visible
separation of the values. These results are in line with the observations from Chapter 3.
The histogram in Chapter 3 plotting all variants scored by Exomiser’s variant and
phenotype scores for the HICF2 patients showed that the two scores produce a largely

binary distribution (see Figure 3.9).

The cross-gene and two cross-tissue scores distinguish between non-disease-
causing and disease-causing variants from the dataset. This is a unique finding that,
to my knowledge, has not been shown before. The values plotted for each variant
are the mean of the variant’s scores for all tissues. Thus, for all three scores plotted,
disease-causing variants are generally more highly expressed than non-disease-causing
variants. Importantly, that effect is true for both the cross-gene comparison, as well as
the cross-tissue analyses. These results suggest that tissue-specific expression holds

predictive power for distinguishing disease-causing from non-disease-causing variants.
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Number of variants per tissue category in dataset
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Fig. 4.5 Overview of tissue distribution of variants in the GPET dataset. A total
of 50,514 variants were mapped to 25 broad tissue categories. This plot shows the
number of variants mapped to each tissue category. The largest number of variants,
roughly 11,000, were mapped to ‘Brain’ tissue. One variant can be mapped to multiple
tissue categories depending on the term-to-tissue mapping of the associated HPO
terms.



Value of tissue-specific gene expression data for variant prioritisation — a novel

160 algorithm
&
g 3 L] o
woqg o & 20
Q ] EI
A o' 2 Z 15
|
' 05 Z ©
= T =
= & 5 10
4 ! ]
< 00 4 o
= & Y 0s
=4 (L] bl
uwl 0 o
T i e' 00
2 - :
= = v
W = M R - .
0 1 0 1 & 0 1
Disease=1_Polymorphism=0 Disease=1_Polymorphism=0 Disease=1_Polymorphism=0
10 L] 4
3
B N 3
2 —
= 6 2
= @ =
o' 4 (] -t 1
E : - .

0 1 0 1
Disease=1_Polymorphism=0 Disease=1_Polymorphism=0

0 1
Disease=1_Polymorphism=0

Fig. 4.6 Distribution of variants for different GPET features. Distribution of
disease-causing and non-disease-causing variants for Exomiser’s variant score, Ex-
omiser’s phenotype score, Exomiser’s combined score, the cross-gene score ("'med_av’)
and the cross-tissue scores ('lim_av’ for the limma and ‘wil_av’ for the Wilcoxonp
method). The rectangle in each box plot captures the second and third quartile, with the
horizontal line in the rectangle indicating the median. The upper and lower quartiles
are shown as horizontal lines above and below the rectangle. The data for disease-
causing variants is shown in orange and the data for non-disease-causing variants in
blue. Each score separates disease-causing from non-disease-causing variants, with
the Exomiser combined score showing the best performance
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4.3.2 Optimisation of the machine learning model

To find the best-suited settings for the machine learning algorithm, the number of
trees used for the chosen ExtraTreesClassifier had to be optimised. The 10-fold-cross-
validation was run for 10, 50, 100, 500, and 1000 trees. The AUC of the mean model
for 500 trees reached its maximum at 0.98 +/- 0.01. Using 1000 trees did not improve
the performance further. Thus, 500 trees were chosen as the standard setting for all
subsequent analyses. Figure 4.7 shows data of the 10-fold cross-validation for 10, 50,

100, and 500 trees.

n_trees = 10 n_trees = 50
Receiver operating characteristic Receiver operating characteristic
10 10
0.8 0.8
H ,--Fold 1 (AUC =0.98) ] _~Fold 1 (AuC=0.99)
=06 " Fold 2 (AUC =0.94) =06 -~ Fold 2 (AUC=0.97)
£ L Fold 3 (AUC =0.95) Z Fold 3 (AUC=0.97)
K P Fold 4 (AUC =0.95) 8 Fold 4 (AUC=0.98)
o 0 Fold 5 (AUC =0.96) ] Fold 5 (AUC=0.98)
c 0.4 - 204
= L Fold 6 (AUC =0.95) = L Fold 6 (AUC=0.97)
- Fold 7 (AUC =0.97) ’," Fold 7 (AUC = 0.98)
Fold 8 (AUC =0.95) Fold B (AUC =0.97)
0.2 Fold 9 (AUC =0.95) 02 Fold 9 (AUC = 0.96)
Fold 10 (AUC = 0.94) L Fold 10 (AUC = 0.97)
—— Mean (AUC =0.95 +0.01) o —— Mean (AUC=0.97 +0.01)
N xlo ,-" *lo
0.0 # 0.0 %"
0.0 02 0.4 06 0.8 10 0.0 02 04 06 0.8 10
False Positive Rate False Positive Rate
n_trees = 100 n_trees = 500
Receiver operating characteristic Receiver operating characteristic
10 10
0.8 Lo 0.8
2 L-~Fold 1 (AUC =0.99) 2 _-Fold 1 (AUC=0.99)
<06 =" Fold 2 (AUC =0.98) <06 L~ Fold 2 (AUC =0.98)
2 L Fold 3 (AUC =0.97) 2 Fold 3 (AUC =0.98)
8 e Fold 4 (AUC =0.98) 8 Fold 4 (AUC =0.98)
@ g Fold 5 (AUC =0.98) o Fold 5 (AUC=0.98)
2 0.4 _ 204 _
£ Fold 6 (AUC =0.97) 3 P Fold 6 (AUC =0.97)
Fold 7 (AUC =0.98) Fold 7 (AUC = 0.98)
- Fold 8 (AUC =0.97) Fold B (AUC =0.98)
0.2 o Fold 9 (AUC=0.97) 02 L Fold 9 (AUC =0.97)
’ Fold 10 (AUC = 0.97) L Fold 10 (AUC = 0.97)
—— Mean (AUC =0.97 £0.01) i —— Mean (AUC = 0.98 +0.01)
+1o +1o
0.0k 0.0 ¥
0.0 02 04 06 08 10 0.0 02 04 06 08 10
False Positive Rate False Positive Rate

Fig. 4.7 Hyperparameter tuning for GPET via 10-fold cross-validation. To im-
prove the accuracy of GPET and achieve the highest AUC, the machine learning model
had to be optimised. For that purpose, the number of trees, a specific hyperparameter
of random forest models, was varied (10, 50, 100, and 500) in a process called 10-fold
cross-validation (see Section 4.2.3.2 for details) and the number of trees for which the
highest AUC is achieved was determined. n_trees = 500 was found to have the best
performance at AUC = 0.98 +/- 0.01
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4.3.3 Benchmarking of the novel algorithm against Exomiser

To assess GPET’s classification performance, I benchmarked the algorithm against a
retrained version of Exomiser (see Section 4.2.4) under two different scenarios: perfect
phenotypic annotations (see Section 4.3.3.1) and real-world phenotypic annotations

(see Section 4.3.3.2).

4.3.3.1 Scenario 1: perfect annotations

First, the algorithms were trained and tested on a perfectly annotated dataset as
described in Section 4.2.4. As shown in the ROC curve in Figure 4.8, GPET using
all available features achieves an AUC of 0.99, only marginally outperforming the

retrained version of Exomiser with an AUC of 0.98.
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Fig. 4.8 Benchmarking of GPET against Exomiser with perfect annotations.
GPET was benchmarked against Exomiser’s performance on a perfectly annotated
dataset. In the figure, the different algorithms are described by the combination of
their component features. Exomiser (represented as ExoVAR + ExoPHE) achieves an
AUC of 0.98. The additional use of gene expression features (referred to as ‘Rawex-
pression’) and BTLs only shows marginal improvements over Exomiser’s variant and
phenotype scores, with AUCs of 0.99 and 0.98 respectively.
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Table 4.4 shows the performance of additional combinations of the individual
features used to train GPET on the perfectly annotated dataset. GPET achieves the
best performance with an AUC of 0.99, while Exomiser’s phenotype score on its own

produces the lowest AUC at 0.68.

Features AUC
ExoVAR + ExoPHE + Rawexpression + BTLs 0.99
ExoVAR + ExoPHE + Rawexpression 0.98
ExoVAR + ExoPHE 0.98
ExoCombined 0.91
ExoVAR + Rawexpression 0.91
Rawexpression + BTLs 0.90
ExoVAR + BTLs 0.90
ExoVAR 0.89
Rawexpression 0.89
BTLs 0.84
ExoPHE 0.68

Table 4.4 Performance comparison of different feature combinations used for
GPET with perfect annotations. GPET was trained using Exomiser’s variant and
phenotype scores (ExoVAR and ExoPHE), as well as gene expression features (‘Raw-
expression’) and BTLs. In this table, the AUC for different combinations of those
features for the classification task on a perfectly annotated dataset is shown, with GPET
achieving the highest AUC (0.99) and ExoPHE achieving the lowest AUC (0.68). For
reference, the performance of Exomiser’s combined score (ExoCombined) is also
shown (AUC=0.91). For the benchmarking of GPET against Exomiser, a retrained
version of Exomiser’s combined score (ExoVAR+ExoPHE) was used to avoid unfair
training biases (see Section 4.2.4.1 for details).
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4.3.3.2 Scenario 2: real-world annotations

The second benchmarking test represents a scenario closer to the practice of clinical
genetics. Large WGS and WES cohort studies regularly achieve maximum diagnostic
yields of 35-40%, suggesting that a significant share of cases likely harbour disease-
causing variants in genes for which the link to a disease phenotype yet has to be
established. Simultaneously, only 3,526 genes are annotated in the version of the
HPO used for Exomiser v7.2.1 (HPO version 20160125), while another ~21,500
genes remain unannotated. Thus, it is likely that a significant portion of disease genes
have not been annotated with HPO terms. To simulate that effect, I set the Exomiser
phenotype score of a varying portion of variants to zero and reran the ROC analysis to
determine how the algorithms’ performance would change as a function of decreasing

phenotype scoring performance.

First, the three algorithms (Exomiser, Exomiser with tissue-specific expression
features, and GPET) were trained on perfectly annotated data and tested on a dataset
for which an increasing percentage of variants had their Exomiser phenotype scores set
to 0. The result is shown in Figure 4.9, plot 1. The more variants lose their Exomiser
phenotype score, the more the AUC of each algorithm decreases. The curves start
with the AUCs shown in Figure 4.8 at ExoPHE%=0, with Exomiser’s AUC at 0.98,
Exomiser with tissue-specific expression features’ AUC at 0.98, and GPET’s AUC at
0.99. The AUC of GPET is consistently the highest, including the final step (ExoPHE%
= 100%), at which point GPET achieves an AUC of 0.86, compared to Exomiser’s 0.8.
In the absence of reliable phenotypic annotations, tissue-specific expression and BTLs

contribute significantly to the AUC.

As a control, I plotted the feature importance of the Exomiser phenotype score

for all three algorithms as a function of ExoPHE% (see Figure 4.10, plot 1). The
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phenotype score feature importance stays constant for all tested ExoPHE% since the

dataset the model is trained on is not changed.

Thereafter, the three algorithms were trained and tested on datasets with a varying
ExoPHE%. The results are shown in Figure 4.9, plot 2. The AUC of all three algorithms
drops as the phenotype score becomes less reliable. Since the algorithms are always
trained under the same conditions as they are tested (i.e. the same ExoPHE%), the
AUC does not drop as significantly as for the previous analysis (0.84, 0.91 and 0.92
respectively for Exomiser, Exomiser with tissue-specific expression features, GPET).
The tissue-specific expression features and BTLs enable GPET to rank the variants
in the absence of a reliable phenotype score. The feature importance of Exomiser’s

phenotype score drops with every increase in ExoPHE%, as shown in Figure 4.10, plot

2.

Finally, to create a scenario that is closest to the real-life clinical genetics setting, |
trained the algorithms on a dataset with ExoPHE%=0.5 and again tested the algorithms
on a dataset with varying ExoPHE%. Figure 4.9, plot 3 shows the results. All three
algorithms achieve an AUC of 0.98 for an ExoPHE% of 0.0, but the progression differs
significantly. At an ExoPHE% of 1.00, GPET achieves an AUC of 0.91, compared to
Exomiser with 0.83. The feature importance of Exomiser’s phenotype score remains

constant for all tested iterations (see Figure 4.10, plot 3).

Since the diagnostic yield of large WGS and WES studies is rarely higher than
50%, ExoPHE%=0.5 is chosen as the most realistic scenario. At this cut-off, the AUC
of Exomiser is 0.91, while GPET achieves an AUC of 0.95. The corresponding ROC
is shown in Figure 4.11. The ROC shows that GPET achieves a low false positive rate
at a relatively high true positive rate. At a false positive rate of ~0.05, Exomiser’s
true positive rate is ~0.5. For the same false positive rate, GPET’s true positive rate

reaches ~0.8. Hence, expression features can be useful to maximise the number of
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true positives and reduce the time analysts have to spend on excluding false positives.

For all three testing scenarios, GPET achieves the highest overall AUC.
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Fig. 4.9 AUC as a function of HPO annotation disturbance. The three algorithms
characterised in the benchmark analysis (Exomiser = ExoVAR + ExoPHE (pink),
Exomiser with tissue-specific expression features = ExoVAR + ExoPHE + Rawex-
pression (purple), and GPET = ExoVAR + ExoPHE + Rawexpression + BTLs (blue))
were trained and tested on a dataset in which the percentage of variants for which the
Exomiser phenotype score (ExoPHE) was set to 0 was varied to simulate missing HPO
annotations. Plot 1 shows the AUC for algorithms trained on a perfectly annotated
dataset and tested on a dataset with varying ExoPHE=0 percentages. Plot 2 shows the
AUC for algorithms trained and tested on a dataset with varying ExoPHE=0 percent-
ages. Plot 3 shows the AUC for algorithms trained on a 50% annotated dataset and
tested on a dataset with varying ExoPHE=0 percentages. Increasing ExoPHE lowers
the AUC for all three algorithms. Using tissue-specific expression features and BTLs
improves the AUC with an increasing ExoPHE=0 percentage.
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Fig. 4.10 Feature importance as a function of HPO annotation disturbance. Cor-
responding to Figure 4.9, this figure shows the feature importance of the Exomiser
phenotype score (EXOMISER_GENE_PHENO_SCORE_imp) for all three algo-
rithms as a function of the percentage of variants for which the Exomiser pheno-
type score (ExoPHE) was set to O for the training and test dataset. Plot 1 shows
EXOMISER_GENE_PHENO_SCORE_imp for algorithms trained on a perfectly
annotated dataset and tested on a dataset with varying ExoPHE=0 percentages.
Plot 2 shows EXOMISER_GENE_PHENO_SCORE_imp for algorithms trained
and tested on a dataset with varying ExoPHE=0 percentages. Plot 3 shows EX-
OMISER_GENE_PHENO_SCORE_imp for algorithms trained on a 50% annotated
dataset and tested on a dataset with varying ExoPHE=0 percentages. When the
ExoPHE=0 percentage is varied for both the training and test dataset (see Plot 2),
EXOMISER_GENE_PHENO_SCORE_imp decreases as a function of an increas-
ing ExoPHE=0 percentage. When the ExoPHE=0 percentage is not varied for the
training dataset, EXOMISER_GENE_PHENO_SCORE_imp stays constant (plot 1
and plot 3). EXOMISER_GENE_PHENO_SCORE_imp for plot 3, where the Ex-
oPHE=0 percentage of the training dataset is higher than for plot 1, is lower than
EXOMISER_GENE_PHENO_SCORE_imp for plot 1.
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Fig. 4.11 Benchmarking of GPET against Exomiser with realistic annotations.
GPET was benchmarked against Exomiser using a dataset with annotations that are
deemed to represent a realistic scenario, where 50% of the training and test datasets
are annotated with the correct phenotype score, corresponding to Figure 4.9, plot 3.
GPET (shown here as ExoVAR + ExoPHE + Rawexpression + BTLs) achieves an
AUC of 0.95, as compared to Exomiser (shown here as ExoVAR + ExoPHE) with an
AUC of 0.91.
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4.4 Discussion

The proof of concept described in this chapter illustrates two points: first, tissue-
specific gene expression data contains valuable information for rare disease variant
prioritisation. Second, the HPO carries implicit information indicating which tissues
are likely affected by a disease phenotype. In turn, that information can be used in
conjunction with tissue-specific expression data to improve rare genetic disease variant
prioritisation. To my knowledge, both of these findings are novel and have not been

previously reported (see Section 4.3.1).

Based on these findings, I developed GPET, a machine learning algorithm that
distinguishes disease-causing from non-disease-causing variants using Exomiser’s
variant and phenotype scores, as well as tissue-specific gene expression data and
BTLs. When all variants in the training and test dataset are perfectly annotated with
phenotypic information, GPET achieves a marginally higher AUC than a retrained
version of Exomiser’s hiPHIVE algorithm (0.99 and 0.98, see Section 4.3.3.1), the
current state of the art used by many geneticists, including the 100,000 Genomes
Project. If, however, a scenario closer to the current status quo of databases is modelled
and 50% of the variants in the dataset have no phenotypic annotations, GPET shows
improved performance compared to Exomiser’s hiPHIVE (AUC of 0.95 and 0.91, see
Section 4.3.3.2).

The fact that elevated gene expression can be leveraged for the identification of

disease-causing genes is in line with work done by Feiglin et al. [132].

However, several factors limit GPET’s performance. Feiglin ef al. [132] demon-
strated that the link between elevated gene expression in a specific tissue and the
disease phenotype varies in strength depending on the tissue, as represented by a log
odds ratio calculated by the authors. A log odds ratio greater than 0.5 indicates a strong

correlation of gene expression levels and the disease phenotype, for example for ‘Brain’
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tissue. For vaginal tissue however, for example, the log odds ratio for the cross-gene
score is less than 0.5, indicating that no correlation can be established between gene
expression and the relevance of the gene for the disease phenotype. Importantly, log
odds ratios are stronger for tissues where GTEx includes more samples. Low log odds
ratios are observed for tissues with small sample numbers. This effect might thus be

mitigated as the GTEx database grows.

Furthermore, the age of onset of the disease in question is important. GTEx
samples are collected from adults between 20 and 70 years of age and are hence
not representative of paediatric conditions. Additionally, gene expression profiles of
developing organs and tissues are not included in the database. This limitation, too,

will be mitigated over time as gene expression databases grow.

In addition to sampling issues, the mapping of HPO terms to GTEXx tissues created
by Feiglin et al. [132] and used for GPET is incomplete and should be expanded.
In this analysis, HPO terms only map to 25 high-level GTEX tissue categories (see
Table 4.1). In GTEX, however, more than 70 specific tissue categories are available,
almost all of which can be accurately mapped to HPO terms. A more granular HPO-

to-tissue mapping would likely improve algorithm performance.

Additional advancements of variant classification algorithms can be achieved with

larger databases and an improved generation of training dataset features.

The performance of VPA is further limited by the size of available real-world
training datasets. The publication of studies such as the 100,000 Genomes Project will
make a training dataset of significant size available to scientists to train algorithms on
real-world data produced by one consistent pipeline. This represents an improvement
over algorithms like GPET or Exomiser, which were trained on artificially assembled
datasets, often created by seeding genomes from the 1,000 Genomes Project with
variants that have previously been confirmed to be disease-causing. Problematically,

several studies have demonstrated that not all variants that are labeled to be disease-
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causing in databases such as ClinVar or HGMD could reproducibly be proven to
actually cause disease in humans. While some variants labeled as disease-causing in
these reference databases were identified in real human genomes of patients with the
correct associated phenotypes, other variants were merely predicted to be pathogenic
by algorithms such as CADD, SIFT, or Polyphen, and subsequently submitted to
reference databases. If new algorithms are trained on variants that are labeled as
disease-causing based on the prediction of another in silico algorithm, those new
algorithms simply learn to mimic the behaviour of the original classification algorithm,
instead of learning to identify disease-causing variants. By combining new real-world
datasets with advanced machine learning models, rare genetic disease diagnostics will

be significantly accelerated.

Beyond the approach demonstrated here, more opportunities exist to leverage
genomic, phenotypic, and other types of data to identify disease-causing variants.
Existing studies suggest that disease-causing genes have elevated transcript levels and
an increased number of tissue-specific protein-protein interactions in relevant disease
tissues compared to unaffected tissues [130]. To improve the algorithm, features
capturing tissue-specific protein-protein interaction (PPI) could be included. Similarly,
data on gene co-expression can be leveraged to establish further links between gene
expression across different tissues. Deelen et al. [142] published GADO, an algorithm
that uses co-regulation patterns of genes based on expression data and HPO terms to
rank candidate genes. GADO was published after the work presented in this chapter

was concluded and should be included in future benchmark studies.

Another alternative was presented by Mosley et al. [134]. Instead of identifying
tissues in which gene expression levels are likely elevated based on the phenotype,
Mosley et al. [134] inferred likely elevated protein levels based on the genotype, thus
creating a ‘virtual proteome’. The authors subsequently tested correlations between

the virtually inferred proteomic markers and the individuals’ phenotypes. Using that
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methodology on over 40,000 genotyped individuals, they were able to demonstrate that
55 proteins were associated with 89 distinct diagnoses. In a future study, Mosley et
al.’s [134] approach could be combined with GPET to test if correlations exist between
the genotype-inferred virtual proteome and phenotype-inferred tissue-specific gene
expression levels. If successful, existing genotype and phenotype data could be used

to study the proteome of participants in studies where proteomic data is not available.

It is possible that tissue-level expression data will eventually be replaced by single
cell sequencing data, mapping phenotypes to cell-level rather than tissue-level gene

expression.

In addition to expression-based features, new conservation-based features are
being introduced. Algorithms such as SIFT and Polyphen are based cross-species
conservation. With growing databases on humans, intra-species conservation can be

measured in addition to cross-species conservation.

Moreover, large datasets like the 100,000 Genomes Project and the UK BioBank
open up new avenues for combining rare disease genetics with common disease
genetics. Instead of relying on gene-level phenotypic annotations, the UK BioBank
could be used to recall Mendelian phenotypes from GWAS hits produced by studies of
common diseases. For example, microcephaly is a rare disease phenotype that exists
as an extreme end of the spectrum of head circumference. GWAS results linked to
Mendelian phenotypes could be used to annotate loci with phenotypic terms, creating
phenotypic annotations for non-coding regions of the genome, which can be used for

variant prioritisation.

Data presented in this chapter was limited to demonstrating that tissue-specific
gene expression data and BTLs are useful for creating a prioritisation algorithm that
performs well on in silico. In the next chapter, GPET is applied to the real patient

cases introduced in Chapter 3 to test if this approach is useful for novel gene discovery.



Chapter 5

Evaluation of a new genotype-,
phenotype-, and tissue-specific
expression-based variant
prioritisation algorithm on rare

disease patient cases

5.1 Introduction

There are approximately 7,000 rare genetic diseases and molecular causes have been
identified for only around 4,000, or ~60% [5]. Resources like the HPO annotate
approximately 4,300 genes with disease phenotypes [179]. The diagnostic yield of
rare genetic disease population cohorts rarely exceeds 50% [24, 25]. At the same time,

~100 new disease-causing genes are discovered every year [172].
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To solve more rare genetic disease cases faster, improved methods are required to
aid with the discovery of novel disease gene candidates. Various approaches exist to
facilitate novel disease gene discovery, including ranking algorithms based on geno-
typic and phenotypic data such as Exomiser’s hiPHIVE algorithm, or VAAST+Phevor
[89, 113] (see Chapter 3). In addition to genotypic and phenotypic data, the use of
tissue-specific expression data for variant prioritisation has shown promise. In Chap-
ter 4, I introduce a novel analysis framework called GPET, named for the genotype,
phenotype, and tissue-specific expression data it draws on with the aim of improving

variant prioritisation for novel disease genes.

GPET showed improved performance compared to Exomiser’s hiPHIVE algorithm
for variant classification in the absence of perfect phenotypic annotations on a hand-
curated in silico dataset (AUC of 0.95 compared to 0.91, see Section 4.3.3.2). The
dataset used for the benchmarking analysis was based on the SWISSProt database [218,
219], which consists of disease-causing variants from OMIM and variants presumed
to be benign from the 1,000 Genomes project. However, simulated datasets commonly
used to train VPA suffer from several limitations: labels to distinguish disease-causing
from non-disease-causing variants are not always reliable and simulated datasets do
not perfectly reflect the challenges of analysing all variants in a real patient’s exome
or genome. Therefore, the goal of this chapter is to benchmark GPET against
Exomiser’s hiPHIVE algorithm on the real patient cases introduced in Chapter 3.
Specifically, the performance of GPET on genes that have not previously been

linked to a disease phenotype and are thus not annotated in the HPO is assessed.

5.2 Materials and methods

In this section, I provide details on the patient case data used for analysis (see Sec-

tion 5.2.1), give an overview of the GPET framework (see Section 5.2.2), describe
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a method used to assess if expression scores of candidate genes are higher in HPO-
predicted tissues (see Section 5.2.3), and describe how GPET was benchmarked against

Exomiser (see Section 5.2.4).

5.2.1 Patient case selection, sequencing, and benchmark variant

identification

The analysis conducted in this chapter builds on the analysis of eleven HICF2 cases
presented in Chapter 3. Table 5.1 gives details on the HICF2 cases, including which
candidate genes were annotated in the December 9th, 2013 version of the HPO used

by Exomiser version 7.2.1.

Importantly, a gene being annotated with HPO terms does not necessarily mean
that it is a known disease gene for a specific patient’s disease. For example, RBPJ was
annotated in the December 9th, 2013 version of the HPO, but was not published as
a disease gene for Atypical Klippel-Trenaunay syndrome, the disease patient nine in

Table 5.1 is diagnosed with.

Patient cases consist of a variety of inheritance patterns (autosomal dominant, de
novo, autosomal recessive and X-linked recessive), pedigree structures (singletons,
trios, and cousins), and phenotypes. WGS was conducted, sequencing data was
analysed, and benchmark variants for each case were identified by senior post-doctoral
geneticists using the HICF2 project’s rare disease research bioinformatics pipeline

(see Chapter 2 for details).



Diagnosis Gene Variant # samples Inheritance HPO terms HPO-annotated

1 Distal arthrogryposis TNNI2 c.466C>T [NM_001145829.1], p.Arg156* Singleton AD or de novo Micrognathia, downslanted palpebral fissures, high palate, malar yes
flattening, limited shoulder movement, hip dislocation, ulnar devi-
ation of finger, distal arthrogryposis, tapered finger, flexion con-
tracture of finger, abnormality of the hand, talipes

2 Bilateral hippocampal sclerosis CACNAIE ¢.5702G>A [NM_001205293.1], p.Arg1901His Singleton AD or de novo  Seizures, dysgenesis of the hippocampus no

3 Severe epileptic encephalopathy WWOxX ¢.705dupG [NM_016373.2], p.His236AlafsTer34 Singleton AR Coarse facial features, deep palmar crease, atrial septal defect, yes
hypertonia, profound global developmental delay, epileptic en-
cephalopathy, hypsarrhythmia, infantile spasms, abnormal hand
morphology

4 Dilated cardiomyopathy ACTCI ¢.664G>A [NM_005159.4], p.Ala222Thr Trio de novo Weight for age (decreased body weight (<-2SD)), endocardial yes
fibroelastosis, dilated cardiomyopathy, cardiomegaly, respiratory
tract infection

5 Majeed syndrome PSTPIPI  ¢.748G>A [NM_003978.4], p.Glu250Lys Trio de novo Recurrent skin infections, bone marrow hypocellularity, episodic  yes
fever, splenomegaly, recurrent infections
6 Undefined immunodysregulatory disorder SAMDY9L  ¢.3353A>G [NM_152703.2], p.Tyr1118Cys Trio de novo Nystagmus, psoriasis, respiratory tract infection, arthropathy, coli- no

tis, abnormality of the intestine, clumsiness, increased CSF protein,
abnormality of the cerebral white matter, gait ataxia, cerebellar
atrophy, thrombocytopenia, decreased antibody level in blood

7 Fine-Lubinsky syndrome POR ¢.1493G>C [NM_000941.2], p.Arg498Pro Trio AR Cleft palate, Narrow mouth, micrognathia, short chin, shallow yes
orbits, agenesis of permanent teeth, plagiocephaly, megalocornea,
preauricular skin tag, cupped ear, arthrogryposis multiplex con-
genita, hypospadias, renal agenesis, moderate global developmen-
tal delay, talipes

8 Congenital erythrocytosis SLC30A10 ¢.823T>A [NM_018713.2], p.Trp275Arg Trio AR Abnormality of the cardiovascular system, cerebral hemorrhage, yes
hypotension, hemangioma, varicose veins, stroke, abnormality of
blood and blood-forming tissues, increased hemoglobin, peripheral
thrombosis, increased hematocrit, increased red blood cell mass,
abnormality of the nervous system, headache, abnormality of the
integument, plethora, neoplasm, constitutional symptom

9 Atypical Klippel-Trenaunay syndrome RBPJ ¢.535T>G [NM_005349], p.Leul79Val Trio de novo Localised skin lesion, hemangioma, juvenile onset, large heman- yes
gioendothelioma involving right buttock, right thigh since the age
of 6, splenomegaly, abnormal thrombosis

10  Fatal acute encephalitis DOCKI11  ¢.1679C>T [NM_144658.3], p.Ser560Leu Trio X Encephalitis, abnormality of the spleen, abnormality of bone mar- no
row cell morphology, lymphadenopathy
11  Fine-Lubinsky syndrome HDLBP ¢.1731+1G>A [NM_203346.4], p.Val540_Leu577del Two cousins AR Uplifted earlobe, short nose, short chin, shallow orbits, severe no

global developmental delay, plagiocephaly, narrow mouth, low-set,
posteriorly rotated ears, hypertelorism, contracture of the proximal
interphalangeal joint of the 5th finger, brain atrophy, bilateral
camptodactyly, abnormal cornea morphology

Table 5.1 Characteristics of the HICF2 patient cases used in this chapter. This table summarises the diagnoses, candidate genes, specific
variants, number of samples used per analysis, and suspected inheritance patterns (AD = Autosomal dominant, AR = Autosomal recessive,
X = X-linked recessive) for each HICF2 patient case analysed in this chapter. Furthermore, each patient’s phenotype, described in HPO
terms, is listed. Finally, it is indicated whether or not a candidate gene was annotated by the HPO at the time of analysis.
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5.2.2 GPET analysis framework

Figure 5.1 shows the full GPET analysis pipeline. Non-coding regions were removed
from the input VCF using a BED file downloaded from UCSC (see Sectin 3.2.3 for
details). Exomiser’s hiPHIVE algorithm (version 7.2.1) was run on each VCF to
annotate variants via Jannovar, filter out variants with an allele frequency >1%, and
assign Exomiser’s variant score and phenotype score to each variant. Importantly, this
analysis was conducted at a time when the most recent version of the HPO used by

Exomiser had been published on December 9th, 2013.

Subsequently, expression-based features are annotated to the dataset as described
in Section 4.2.2.3. Each variant in each patient VCF was annotated with tissue-specific
expression scores for the gene harbouring the variant. The HPO terms assigned to
each patient were used to infer which tissues were likely affected for each patient.
Based on that, binary tissue labels (BTLs) were created for each patient. For example,
if a patient’s phenotypic profile includes the HPO term ‘Abnormality of the heart’
(HP:0001627), this suggests that the heart tissue is affected by that gene. That HPO
term is mapped to the tissue ‘Heart’ in the HPO-tissue map described in Section 4.2.2.3
and subsequently each variant in the patient’s VCF file is annotated with a ‘1’ for the

BTL ‘Heart’.

Thereafter, the GPET classifier trained and tested in Chapter 4 on a dataset in
which 50% of variants were scored with the correct Exomiser phenotype score, while
50% had their phenotype score set to 0, was run on each variant in each patient’s VCF
to produce the GPET score (see Section 4.2.4.2). Each variant is now annotated with a
total of 104 features for genotype, phenotype, tissue-specific expression scores, BTLs,

and the combined GPET score.
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Input VCF

Filter out non-coding regions

Run Exomiser:
1. Annotate variants with Jannovar
2. Filter out variants with MAF > 1%
3. Assign Exomiser scores

Run GPET to annotate expression
features based on phenotype and
calculate GPET scores

4

Create output plots

Fig. 5.1 GPET analysis framework. To analyse patient WGS data with GPET,
variants in non-coding regions are first removed from the input VCF file. GPET is not
designed for the ranking of non-coding variants. Subsequently, Exomiser is run on the
VCF to annotate variants with Jannovar, remove variants with MAF > 1%, and assign
the variant scores and phenotype scores of Exomiser’s hiPHIVE algorithm. Thereafter,
GPET is run to annotate each variant with four expression-specific features (BTL,
cross-gene score, and two cross-tissue scores) for 25 tissues respectively, or a total of

100 features (see Section 4.2.2.3 for details). Finally, the GPET score is calculated for
each variant.
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5.2.3 Randomisation of HPO terms to assess expression scores

per tissue

Feiglin et al. [132] and others have shown on in silico data that, for many genes,
expression is elevated in tissues relevant for the HPO-based phenotype of diseases.
To validate if a similar effect can be observed in real patient cases, I compared the
expression of disease-causing genes for each patient in the tissues likely affected
based on the patient’s HPO profile with the candidate gene’s expression in all other
tissues. For that purpose, I calculated the average cross-gene and cross-tissue scores
(as described in Chapter 4) for each candidate gene in the patient’s HPO-implicated
tissues and in all other tissues. For example, if a patient’s HPO terms indicate that
‘Blood’, ‘Lungs’, and ‘Liver’ are affected, the mean of the candidate gene’s cross-
gene and cross-tissue scores respectively were calculated for those tissues. Similarly,
the candidate gene’s mean cross-gene and cross-tissue scores were calculated for
the remaining non-HPO-indicated tissues, in this case ‘Adipose Tissue’, ‘Adrenal
Gland’, ‘Blood’, ‘Blood Vessel (artery)’, ‘Brain’, ‘Breast’, ‘Colon’, ‘Esophagus’,
‘Heart’, ‘Liver’, ‘Lung’, ‘Nerve’, ‘Ovary’, ‘Pancreas’, ‘Pituitary gland’, ‘Prostate’,
‘Muscle’, ‘Skin’, ‘Small Intestine’, ‘Spleen’, ‘Stomach’, ‘Testis’, “Thyroid’, ‘Uterus’,
and ‘Vagina’.

To ensure that any observed effects were not coincidental, I ran the same anal-
ysis again, but this time randomly selected which tissues were affected, instead of
inferring affected tissues using the patient’s HPO terms. For each patient profile,
the same number of tissues was used as was indicated by their HPO terms. For ex-
ample, if the patient’s HPO terms indicated that ‘Blood’, ‘Lung’, and ‘Liver’ were
affected, the algorithm randomly selects three tissues different from those deemed
‘affected’ and calculates the mean cross-gene and cross-tissue scores for those pseudo-

affected tissues. At the same time, all remaining tissues were used to calculate
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the background. This process was repeated 25 times, once for each unique tissue,
for each patient, and the mean ‘simulated_affected_tissue_expression_score’ and
‘simulated_unaffected_tissue_expression_score’ was plotted for the cross-gene and

cross-tissue scores respectively.

5.2.4 Benchmarking of GPET against Exomiser

Subsequently, the performance of the GPET classifier to rank disease-causing variants
was compared to the Exomiser hiPHIVE algorithm’s variant and phenotype scores,
similar to the algorithm comparison presented in Chapter 3. Ranking performance
was assessed for all cases collectively, as well as individually for cases where the

disease-causing gene was or was not HPO-annotated, respectively.

5.3 Results

In this section, the results of applying GPET to WGS data from real patient cases
are presented. I showcase data on the ability of a patient’s phenotypic terms to
indicate in which tissues a disease-causing gene is likely more highly expressed (see
Section 5.3.1). Furthermore, I apply GPET to well-characterised real patient cases to
assess the algorithm’s ability to rank disease-causing variants for real human genomes

in comparison to Exomiser (see Section 5.3.2).

5.3.1 Randomisation of HPO terms to assess expression scores

per tissue

Figure 5.2 shows that genes harbouring disease-causing variants for patient cases

are more highly expressed in tissues indicated to be affected by the patients’ HPO
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terms ("HPO-tissue’) than in tissues not implicated by the patients” HPO terms ("Back-
ground’). This relationship holds true for all the tissue-specific expression scores:
cross-gene (median) (Figure 5.2, panel A), cross-tissue (wilcoxp) (Figure 5.2, panel
B), and cross-tissue (limma) (Figure 5.2, panel C). The median tissue-specific ex-
pression for the HPO-tissue is higher than the background’s median by a factor of
~2 for all scoring methods. Importantly, as the plot shows, this relationship does
not hold up when HPO terms are randomised, since the box plots for the randomised
HPO-implicated tissues ("HPO-tissue_rand’) and background (’Background_rand’)

almost perfectly overlap.
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Fig. 5.2 Expression scores of disease-causing genes confirmed in HICF2 cases.
The box plots show the expression level of a confirmed disease-causing gene for the
HICF2 cases in tissues indicated by the patient’s phenotype, compared to tissues not
indicated by the patient’s phenotype. Panel A shows the cross-gene score (median),
while panel B and panel C show the cross-tissue scores, calculated with wilcoxp
and limma respectively (see Section 4.2.2.3 for details). In each plot, the blue box
represents the distribution of the respective expression score for the disease-causing
genes confirmed in each HICF2 case for the tissues indicated by the patient’s HPO
terms. The yellow box shows the respective mean expression score in all tissues not
implicated by the patient’s HPO terms. The green box shows the respective expression
scores for randomly assigned tissues replacing the patient’s real HPO-implicated
tissues. The red box shows the background signal for gene-specific expression in
tissues that were assumed to not be affected in the random tissue allocation.
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5.3.2 Case results

5.3.2.1 Summary analysis

To test if the results from Section 5.3.1 translate into improved variant rankings, I
applied GPET to the eleven HICF2 patient cases. Figure 5.3 shows the summary
results. Exomiser’s hiPHIVE ranked more variants first, in the top 5, and top 20 than
GPET for cases where the disease-causing genes were annotated in the HPO at the
time of analysis. GPET performs poorly on cases with HPO-annotated benchmark
genes due to the large number of variants contained in real patient VCFs that are
up-ranked by GPET’s expression features, despite the promising results presented in
Chapter 4. However, the inverse 1s true for non-HPO-annotated candidate genes. For
the four cases in question, GPET ranks one variant first, two in the top 5 and three in
the top 20, as opposed to Exomiser with zero variants ranked first, one ranked in the

top 5, and two in the top 20.

(A) Candidate genes annotated (B) Candidate genes not annotated
with HPO terms with HPO terms
5 5
4

Top 1 Top 5 Top 20 Top 1 Top 5 Top 20

I Exomiser [ GPET

Fig. 5.3 Summary comparison of GPET and Exomiser on HICF2 patient cases.
The bar charts represent the number of disease-causing variant ranked first, in the top 5
and top 20 respectively by the two ranking algorithms Exomiser (hiPHIVE) and GPET.
Plot A shows the results for all genes that were annotated with HPO terms at the time
of analysis, while plot B shows the results for genes that were not annotated with HPO
terms at the time of analysis. Plot A shows that Exomiser ranked more variants highly
for genes that were annotated in the HPO, while the inverse is true for plot B.
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Table 5.2 shows a detailed summary of all case results. Exomiser ranks all variants

in HPO-annotated genes higher, while GPET improves ranking results for all variants

in non-HPO-annotated genes.

Gene HPO-annotated Exomiser ranking GPET ranking
TNNI2 yes 1 19
WWOX yes 1 571
ACTCI yes 3 76
PSTPIPI  yes 1 229
POR yes 23 64
SLC30A10 yes 35 1572
RBPJ yes 1 33
CACNAIE no 12387 5154
SAMD9Y9L  no 5 1
DOCKII no 12 4
HDLBP no 52 20

Table 5.2 Comparison of Exomiser’s and GPET’s performance on HICF2 cases.
Exomiser ranks all candidate variants in genes that were annotated in the December
Oth, 2013 version of the HPO higher, while GPET improves ranking results for all
non-annotated genes.

5.3.2.2 Individual case results

5.3.2.2.1 Cases with HPO-annotated candidate genes Figures 5.4, 5.5,5.6,5.7,
5.8, 5.9 and 5.10 show the ranking results for all cases with known candidate genes
that were previously annotated with HPO terms. Each plot shows a manhattan repre-
sentation of Exomiser’s variant score, phenotype score, and combined score, as well
as the combined GPET score. As explained in Chapter 3, the variant score serves
to create an almost binary split of variants into pathogenic and benign variants. All
disease-causing variants sit at the or close to the top of that distribution, receiving
consistently high pathogenicity scores. For these HPO-annotated candidate genes,
the phenotype score works well to separate the candidate gene from the two primary
clusters of candidate variants at a score of 0.0 and 0.5. A phenotype score of O is

assigned when no annotations are available for a gene of interest in the HPO, MPO, a
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zebfrafish-specific phenotype database or the PPI network. A score of 0.5 is assigned
as a function of the gene’s annotation in the PPI network. The analysis in Chapter 3
showed that ~62% of all variants receive a score of 0.5. Chapter 3 contains a detailed
explanation of how the phenotype score is calculated. The combination of the two
scores in Exomiser’s combined score produces a well-defined separation of variants
that are both pathogenic and likely relevant for the phenotype, and those that are not.
As a result, Exomiser’s hiPHIVE works very well for HPO-annotated candidate genes,
ranking the candidate variants consistently high. In those cases, GPET performs worse

than Exomiser and down-ranks variants compared to Exomiser’s hiPHIVE.
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Fig. 5.4 TNNI2 results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(Ccomb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in TNNI2 first, compared to rank 19 with GPET. Based on the pa-
tient’s HPO profile, the tissue ‘Muscle’ is relevant for the patient’s condition, for which
expression scores and BTLs were generated.
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Fig. 5.5 WWOX results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(’comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in WWOX first, compared to rank 571 with GPET. Based on the
patient’s HPO profile, the tissues ‘Muscle’, ‘Heart’, ‘Skin’, and ‘Brain’ are relevant
for the patient’s condition, for which expression scores and BTLs were generated.
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Fig. 5.6 ACTCI results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
("comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in ACTC/ third, compared to rank 76 with GPET. Based on the
patient’s HPO profile, the tissues ‘Heart’ and ‘Lung’ are relevant for the patient’s
condition, for which expression scores and BTLs were generated.
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Fig. 5.7 PSTPIPI results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score (EXOMISER_GENE_PHENO_SCORE’), and combined score

CEXOMISER_GENE_COMBINED_SCORE’),

as well as the GPET

Score

(’comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in PSTPIP] first, compared to rank 229 with GPET. Based on the
patient’s HPO profile, the tissues ‘Skin, ‘Blood’, and ‘Spleen’ are relevant for the
patient’s condition, for which expression scores and BTLs were generated.
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Fig. 5.8 POR results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(Ccomb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in POR 23rd, compared to rank 64 with GPET. Based on the patient’s
HPO profile, the tissues ‘Muscle’, ‘Skin’, and ‘Brain’ are relevant for the patient’s
condition, for which expression scores and BTLs were generated.
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Fig. 5.9 SLC30A10 results for Exomiser’s hiPHIVE and GPET. The plot shows
Exomiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(’comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in SLC30A 10 35th, compared to rank 1572 with GPET. Based on
the patient’s HPO profile, the tissues ‘Blood’, ‘Skin’, and ‘Liver’ are relevant for the
patient’s condition, for which expression scores and BTLs were generated.
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Fig. 5.10 RBP] results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
("comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in RBPJ first, compared to rank 33 with GPET. Based on the pa-
tient’s HPO profile, the tissues ‘Skin’, ‘Blood’, and ‘Spleen’ are relevant for the
patient’s condition, for which expression scores and BTLs were generated.
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5.3.2.2.2 Cases with non-HPQO-annotated candidate genes Exomiser’s hiPHIVE’s
variant score ranks all disease-causing variants high. However, the phenotype score
cannot differentiate the disease-causing variant from all other variants. For CACNAIE,
SAMDOYL, and DOCK1 1, Exomiser’s hiPHIVE cannot find any phenotypic annotations
in the HPO, MPO, and a zebrafish phenotype database, but finds an entry in the PPI
and thus assigns a phenotype score of 0.5. HDLBP, however, is not annotated by the
PPI, and thus the candidate variant receives a phenotype score of 0. In these cases,
the phenotype score does not provide as much support for variant classification as
it did for the HPO-annotated candidate genes. Here, GPET is helpful for improving
the candidate variants’ ranking. hiPHIVE ranks the candidate variants 12387th, 5th,
12th, and 52nd for CACNAIE, SAMDOYL, and DOCK]1 1, and HDLBP respectively, in

contrast to 5154th, 1st, 4th and 20th for GPET (see Figures 5.11, 5.12, 5.13, and 5.14).
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Fig. 5.11 CACNAIE results for Exomiser’s hiPHIVE and GPET. The plot shows
Exomiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score (EXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(’comb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in CACNAIE 12387th, compared to rank 5154 with GPET. Based on
the patient’s HPO profile, the tissue ‘Brain’ is relevant for the patient’s condition, for
which expression scores and BTLs were generated.
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Fig. 5.12 SAMDOYL results for Exomiser’s hiPHIVE and GPET. The plot shows
Exomiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE),
(Ccomb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in SAMD9L 5th, compared to rank 1 with GPET. Based on the
patient’s HPO profile, the tissues ‘Colon’, ‘Blood’, ‘Skin’, ‘Lung’, and ‘Brain’ are
relevant for the patient’s condition, for which expression scores and BTLs were gener-

ated.

as well as the GPET score
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Fig. 5.13 DOCKI11 results for Exomiser’s hiPHIVE and GPET. The plot shows
Exomiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(Ccomb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in DOCKI1 12th, compared to rank 4 with GPET. Based on the
patient’s HPO profile, the tissues ‘Blood’ and ‘Spleen’ are relevant for the patient’s
condition, for which expression scores and BTLs were generated.
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Fig. 5.14 HDLBP results for Exomiser’s hiPHIVE and GPET. The plot shows Ex-
omiser’s hiPHIVE algorithm’s variant score CEXOMISER_VARIANT_SCORE’),
phenotype score CEXOMISER_GENE_PHENO_SCORE’), and combined score
CEXOMISER_GENE_COMBINED_SCORE’), as well as the GPET score
(Ccomb_expr_score). Exomiser’s hiPHIVE algorithm’s combined score ranks the
candidate variant in HDLBP 52nd, compared to rank 20 with GPET. Based on the
patient’s HPO profile, the tissues ‘Muscle’ and ‘Brain’ are relevant for the patient’s
condition, for which expression scores and BTLs were generated.
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5.4 Discussion

The motivation for the GPET algorithm was to use expression data to improve variant
prioritisation for rare genetic disease cases, in particular for novel genes without
phenotypic annotations. A benchmarking analysis of GPET against Exomiser con-
ducted in Chapter 4 on an in silico dataset showed that using expression data can
improve upon the AUC achieved by Exomiser for variant prioritisation (AUC of 0.95
for GPET compared to 0.91 for Exomiser for imperfect phenotypic annotations, see
Section 4.3.3.2 for details). In this chapter, I tested if the algorithm’s performance on

in silico data translates to real patient cases.

I first examined if the patients’ HPO profiles can be used to infer which tissues
the disease-causing genes are likely highly expressed in. The results illustrated in
Section 5.3.1 demonstrate that genes harbouring disease-causing variants achieve
approximately two times higher expression scores in tissues assumed-to-be-affected
based on the patients” HPO terms than in tissues that are likely not affected by the
disease. These results are meaningful as they, to my knowledge, for the first time
confirm a link between the HPO and tissue-specific gene expression in real patient
cases. Furthermore, this data suggests that BTLs and tissue-specific expression data

can be used to indicate which genes are likely disease-causing.

To confirm if these results scale to larger patient populations, the algorithm should
be tested on a cohort like the 100,000 Genomes Project or the DDD study. Both studies
have built a database of confirmed disease-causing variants and linked HPO terms that
can be used for this purpose. Additionally, results should be validated by analysing
the expression of confirmed disease-causing genes in tissues predicted to be affected

by a patient’s HPO terms compared to likely non-affected tissues.

To test if the use of tissue-specific expression data results in an improved ranking

for disease-causing variants in real patient data, the GPET framework was compared
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to Exomiser’s hiPHIVE algorithm on eleven well-characterised HICF2 cases. GPET
worsened the results for candidate genes that were already HPO-annotated at the
time of analysis compared to Exomiser (Exomiser vs. GPET, ranked first: 4 vs. 0,
top five: 5 vs. 0, top 20: 5 vs. 1). However, GPET improved ranking results for
non-HPO-annotated candidate genes (Exomiser vs. GPET, ranked first: O vs. 1, top

five: 1 vs. 2, top 20: 2 vs. 3).

Of the approximately 7,000 rare genetic diseases, molecular diagnoses only exist
for approximately 4,000 conditions [5]. GPET could be a helpful tool for novel disease
gene discovery. To simulate a test for more previously solved patient cases, one could
manually delete phenotypic annotations for the candidate genes in the version of the
HPO used by Exomiser’s hiPHIVE algorithm prior to the analysis. That way, it’s

possible to simulate the case of a non-HPO-annotated gene.

To implement GPET in bioinformatics labs, the algorithm could be used for
cases where tools like Exomiser do not identify the disease-causing variant. Similar
to PHIVE and PhenlX, GPET could be used as an additional analysis option in

frameworks like Exomiser.

In addition to providing interesting data to support the GPET hypothesis, these
results also provide further evidence supporting HDLBP as a candidate gene for FLS,
as described in Chapter 3. HDLBP is further functionally examined in the following

chapter.






Chapter 6

Functional validation of HDLBP for

Fine-Lubinsky syndrome

6.1 Introduction

In vitro and in vivo functional studies are an important tool to determine if a variant
has a damaging effect on a gene or the gene product. The ACMG guidelines published
in 2015 categorise data from well-established functional studies as strong evidence
of pathogenicity used to classify pathogenic and likely pathogenic variants [67]. Par-
ticularly for cases with genes that are novel for the observed phenotype, functional
data is relevant to establish a link between the variant and the phenotype. I previously
discussed a case from the HICF2 study consisting of five consanguineous Pakistani pa-
tients (Figure 6.1 describes the pedigree) affected by FLS (see Section 3.3.2.2.3). FLS
is a rare developmental disorder with a complex phenotype, including plagiocephaly,
megalocornea, digital abnormalities, cleft palate, facial dysmorphism, structural brain

abnormalities, and sometimes deafness [147].
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& O & O

f f

Fig. 6.1 Pedigree of Pakistani family affected by Fine-Lubinsky syndrome. Five
consanguineous patients (shown in blue) from two different branches of a Pakistani
family are affected by FLS. DNA from all five patients was analysed with a cytoSNP12
array and WGS was conducted for two of the five affected individuals (highlighted
here with red arrows).
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The five patients, from two different branches of the pedigree, are affected by a
subset of the FLS phenotype, including plagiocephaly, facial dysmorphism, camp-
todactyly, moderate developmental delay, and megalocornea (see Section 3.3.2.2.3
for a detailed phenotypic description). Samples from the affected individuals were
previously run on a cytoSNP12 array by Dr Alistair Pagnamenta, a post-doctoral
researcher in the Taylor group, resulting in the identification of a single 5 Mb region

on 2q37.3 shared in all 5 subjects (=1/600 of the genome) (see Figure 6.2).
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Fig. 6.2 cytoSNP12 array data of individuals in Pakistani family affected by FLS.
DNA from all five patients was analysed with a cytoSNP12 array by Dr Alistair Pagna-
menta, which identified a single 5 Mb region on 2q37.3 with loss of heterozygosity
shared in all affected individuals. The plot shows B-allele frequencies (BAF) for
all five affected individual from the family pedigree. Each dot represents one SNP.
Homozygous SNP have a BAF of 0 or 1, while heterozygous SNP have a BAF of 0.5.
This figure was created by Dr Alistair Pagnamenta.



202 Functional validation of HDLBP for Fine-Lubinsky syndrome

WGS was conducted for two of the five affected individuals and two candidate
variants were identified by Dr Alistair Pagnamenta in the 78 RefSeq genes in the shared
region: a homozygous missense variant (p.E374K) in HDAC4 and a homozygous
variant (c.1731+1G>A) in HDLBP that was suspected to lead to an alternatively spliced
gene with in-frame skipping of exon 14. At the time of analysis, loss of function
variants in HDLBP were rare in ExXAC and no homozygotes had been reported [224].
The identified HDAC4 missense variant occured in the South Asian EXAC cohort with
a MAF of 0.47%, which is considerably higher than the population frequency of the
very rare FLS. Both variants were predicted to be pathogenic by MutationTaster (score

=1.0) [225].

To investigate if the HDLBP variant would lead to alternative splicing, Dr Alis-
tair Pagnamenta used the reverse transcription polymerase chain reaction (RT-PCR)
technique combined with Sanger sequencing on the sample of one affected family
member, one parent, and an independent control. The results demonstrated that the
c.1731+1G>A variant leads to in-frame skipping of exon 14 in HDLBP (see Fig-
ure 6.3).
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Fig. 6.3 RT-PCR and Sanger sequencing result of HDLBP variant. Dr Alistair
Pagnamenta used RT-PCR and Sanger sequencing to test if the ¢.1731+1G>A variant
in HDLBP would lead to alternative splicing. The electropherograms in this figure
demonstrate that exon 14 is spliced out, leading to a deletion of p.V540-L577 in one
of the affected family members (III 5) and one of the patients’ parents (Parent) as
compared to an independent control (Control). This figure was created by Dr Alistair
Pagnamenta.
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2q37 deletions have been shown to be associated with brachydactyly mental
retardation syndrome (BDMR), which has a partially, but not completely overlapping
phenotype with FLS, including brachydactyly, facial dysmorphism, low-set ears,
intellectual deficiency, seizures, obesity, and short stature [155]. Williams et al. [226]
suggested haploinsufficiency of HDAC4 as the cause of BDMR, based on seven
patients out of which two carry de novo missense variants in HDAC#4 and five have
overlapping deletions which only overlap for HDAC4. A three-generation family
reported on by Villavicencio-Lorini ef al. [227, 228] in which the proband, her
mother, and her maternal grandmother were affected by mild developmental delay and
dysmorphic facial features, but did not present with brachydactyly type E, however,
calls Williams et al.’s findings into question. The phenotype in the three patients
was associated with an inherited heterozygous interstitial deletion of chromosome
2q37.3 and included the genes HDAC4, FLJ43879, and TWIST2. Three related patients
with HDAC4 haploinsufficiency described by Wheeler et al. [229] further contradict
Wiliams’ findings, since the patients are only affected by brachydactyly type E, but
have non-dysmorphic facial features and normal intelligence. While previously viewed
as a strong candidate for BDMR, HDAC4 variants have been reclassified as variants of

unknown significance by OMIM [228§].

As stated previously, the support in the literature for HDAC#4 as a candidate for
BDMR-related phenotypic features is inconclusive and only one of the five patients
(patient 2) presented with brachydactyly, a key feature of BDMR. That patient also
carries the homozygous missense variant in HDAC4. In contrast to that, patient five,
also shown to be a homozygous carrier for the HDAC4 missense variant, did not present
with brachydactyly. The patients, however, are homozygous for both the HDAC4 and
the HDLBP variants, which would be expected to result in a more severe phenotype
than heterozygous variants. In addition to the pathogenicity evidence supporting the

HDLBP variant as a candidate, HDLBP lies in deleted regions in several patients
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affected by BDMR. Felder et al. [156] showed that HDLBP, together with FARP2
and PASK, is significantly down-regulated in lymphoblastoid cell lines of a patient
with autism and BDMR and his parents. Given the evidence supporting the HDLBP
splice-site variant as a candidate for FLS, the LoF variant in HDLBP was considered

to be the strongest candidate.

Exon 14 of HDLBP, in-frame skipping of which is investigated as a potential cause
of FLS in this chapter, makes up ~51% of the RNA-binding KH6 domain of vigilin,
the protein encoded by HDLBP, and vigilin’s RNA-binding activity has been widely
described [149]. Figure 6.4 shows the gene structure of HDLBP, including the 14 KH
domains and exon 14. In particular, vigilin plays an essential role in tRNA transport
from the nucleus to the cytoplasm as part of the nuclear and cytoplasmic vigilin-
containing complexes (VCCn and VCCc) [149], which contain tRNA. Vigilin is also a
key regulator in proliferating cells, which play a key role in embryonic development
[149]. Since previous reports supporting HDAC4 as a causative gene for the FLS-
related phenotype have proven to be inconclusive, solving this case could not only
provide the affected family with a diagnosis, it could also aid in delineating the root
cause of the complex FLS phenotype. To my knowledge, no patients with deleterious
variants in HDLBP and an associated phenotype have previously been described. The
goal of this chapter is thus to investigate the impact of the patient’s splice-site
variant on vigilin’s RNA-binding activity and to characterise the link between

HDLBP and FLS further.
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In-frame skipping of Exon 14 due to ¢.1731+1G>A
variant Ieading to alternative splicing
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Fig. 6.4 Gene structure of HDLBP with splice-site variant in relation to func-
tional domains. HDLBP consists of 28 exons (blue) and encodes for the protein
vigilin, an RNA-binding protein with 14 KH domains (red). A homozygous variant,
c.1731+1G>A, was identified in the patient family described in this chapter, leading to
alternative splicing with in-frame skipping of exon 14.
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6.2 Materials and methods

To test the effect of the candidate variant on vigilin’s RNA-binding activity and exclude
other potential effects on the gene product, several assays were conducted. I examined
effects on vigilin’s protein stability and intra-cellular protein localisation, investigated

the simulated 3D structure of vigilin, and measured vigilin’s RNA-binding activity.

First, I examined if the candidate variant impacted the stability of the HDLBP
gene or the vigilin protein. To do this, cDNA fragments of the HDLBP wildtype and
HDLBP mutant were cloned into an eGFP-containing plasmid and transfected into
HeLa and HEK?293 cells (see Section 2.3.1 for details). Figure 6.5 shows the cDNA
fragments of HDLBP wildtype and HDLBP mutant. The corresponding plasmid maps
for HDLBP wildtype and mutant are shown in Figure 6.6 and Figure 6.7. PCR using
primers to amplify exon twelve to 16 of HDLBP was performed by Dr Pamela Kaisaki
(see Section 2.3.2 for details), a post-doctoral researcher in the Taylor group, to assess

if cloning and transfection were successful.
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Fig. 6.5 cDNA fragments of HDLBP wildtype and HDLBP mutant. cDNA frag-
ments were created for HDLBP wildtype and HDLBP mutant. Both constructs spanned
from the start of exon three to the end of exon 28, with the HDLBP mutant construct
skipping exon 14 to account for alternative splicing. Restriction enzyme sites were
added for the restriction enzymes Xhol and Kpnl following the Kozak sequence. Addi-
tional bases were added on both ends of each construct to increase restriction enzyme
accuracy (red). The length of the cDNA fragments from restriction enzyme site to
restriction enzyme site is 3806 bp and 3692 bp respectively for HDLBP wildtype and
HDLBP mutant. Exon 14 is 114 bp long. cDNA fragment sequences are included in
the Appendix.
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Fig. 6.6 Plasmid map for HDLBP wildtype. This map shows the eGFP-containing
plasmid that the HDLBP wildtype cDNA fragment was cloned into. The restriction
enzyme sites for Kpnl and Xhol are highlighted, as well as the primers (‘HDLBP-12F’
and ‘HDLBP-16R’) used for the PCR amplification of exons twelve to 16 (grey) of
HDLBP and primers used for quality control (‘Primer 1’ through ‘Primer 5°). The
expected PCR amplicon size is 423 bp.
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Fig. 6.7 Plasmid map for HDLBP mutant. This map shows the eGFP-containing
plasmid that the HDLBP mutant cDNA fragment was cloned into. The restriction
enzyme sites for Kpnl and Xhol are highlighted, as well as the primers (‘HDLBP-12F’
and ‘HDLBP-16R’) used for the PCR amplification of exons twelve to 16 (grey) of
HDLBP, excluding the skipped exon 14, and primers used for quality control (‘Primer
1’ through ‘Primer 5°). The expected PCR amplicon size is 309 bp.

The cells were cultured and induced by doxycycline to produce wildtype and

mutant vigilin-GFP fusion proteins.

Western Blots of vigilin were performed to exclude protein instability as a cause of
the phenotype (see Section 2.3.3 for details). Furthermore, the time-dependent protein

decay of wildtype and mutant vigilin was inferred by measuring the GFP fluorescence
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intensity of the wildtype and mutant-GFP fusion proteins over 48h in a plate reader

post expression induction with doxycycline (see Section 2.3.4 for details).

Second, I tested the effect of the candidate variant on the intra-cellular localisa-
tion of vigilin using fluorescence microscopy (described in detail in Section 2.3.5).

Wildtype vigilin is expected to be predominantly located in the cytoplasm [149].

Third, to visualise the impact of the splice-site variant on the vigilin mutant’s
ability to bind RNA, vigilin’s tertiary structure was plotted. The tertiary structure
simulation and analysis was conducted by Dr Matteo Ferla, a post-doctoral researcher

in the Taylor group (see Section 2.3.6 for details).

Fourth, the polyadenylated RNA-binding activity of the vigilin-GFP fusion protein,
for both mutant and wildtype, was assessed by hybridisation with an oligo(dT) probe,
a method adapted from Strein ef al. [230] (see Section 2.3.7 for details). The amount
of RNA bound by both mutant and wildtype vigilin was estimated by measuring the
intensity of the GFP in a plate reader. HNRNPQ, a known RNA-binding protein, and
GFP, which does not bind RNA, served as positive and negative controls respectively.

Figure 6.8 describes the general concept of the RNA-binding assay.
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Fig. 6.8 RNA binding activity assay. The GFP-tagged vigilin is cross-linked with
mRNA under UV radiation and cells are lysed. oligo(dT) magnetic beads are hy-
bridised with the poly(A) tails of the cross-linked mRNA and pulled down with a
magnet. The GFP intensity of the pulled down complex is measured as a proxy for the
protein’s RNA binding activity. This figure was adapted from Strein ef al. [230]
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6.3 Results

In this section, results are shown for the assessments focused on quality control (see
Section 6.3.1), protein stability (see Section 6.3.2), intra-cellular protein localisation
(see Section 6.3.3), simulated tertiary structure (see Section 6.3.4), and RNA-binding

activity based on oligo(dT) capture (see Section 6.3.5).

6.3.1 Quality control

PCR of mutant and wildtype HDLBP showed a clear difference in size corresponding
to the 114 bp long skipped exon 14 (see Figure 6.9), confirming that cloning and

transfection were successful.

wt mut
1000bp e
500bp -
-—
100bp

Fig. 6.9 PCR of mutant and wildtype HDLBP. PCR of mutant and wildtype HDLBP
was performed with primers that amplify exon 12 - 16. A clear size difference between

wildtype and mutant HDLBP is visible, corresponding to the 114 bp long skipped exon
14.
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Western Blots showed that the two proteins were stable and that the expressed
wildtype and mutant vigilin-GFP fusion proteins have the expected sizes in the estab-
lished HeLLa and HEK293 cell lines. The vigilin mutant combined with the eGFP-tag is
expected to be approximately 170 kD, as compared to 174 kD for the vigilin wildtype
(see Figure 6.10).

Vigilin Ladder Vigilin

mut [kD] wild
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250 « — ||
El 150 o= M
100 == b
75 = :
.
50 a® A. HeLa
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[kD] mut wild
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: 100e=
‘ - ]
-
- B. HEK293

Fig. 6.10 Western blot of HDLBP(vigilin) wildtype/mutant expressed in A. HeLLa
and B. HEK293 cells. Both proteins were stable and the relative sizes match the
expectations. The eGFP-tag is expected to be 33 kD, the vigilin mutant 137 kD, and
the vigilin wildtype 141 kD.

6.3.2 Protein stability

While a marginal difference is visible between the protein decay of wildtype and
mutant vigilin over 48h, with the mutant decaying slightly faster than the wildtype,
the error bars of the analysis are overlapping and the difference of the concentration
change over 48h is within the margin of error, thus not providing evidence for a

differentiated protein decay between wildtype and mutant vigilin (see Figure 6.11).
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Fig. 6.11 GFP fluorescence-based protein decay analysis of vigilin wildtype
(green, n=6) and mutant (red, n=5) in a plate reader over 48h. The plot shows the
GFP fluorescence intensity as a function of time. The GFP fluorescence intensity of
the wild type and mutant vigilin-GFP fusions proteins is used to infer the protein decay
of wild type and mutant vigilin. At -164.04, the slope of the vigilin mutant’s protein
decay curve is slightly steeper than that of the vigilin wildtype with -103.79. However,
all data points for both the wildtype and the mutant are well within the margin of error
of the experiment, as indicated by the error bars. Thus, no meaningful difference in
the decay of both proteins was detected.
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6.3.3 Intra-cellular protein localisation

Intra-cellular protein localisation was examined via fluorescence microscopy of the
GFP tag fused to the vigilin wildtype and mutant. Wildtype vigilin is expected to
be primarily expressed in the cytoplasm [149], as is confirmed in panels A and C
of Figure 6.12. The candidate variant did not lead to a difference in intra-cellular

localisation for the vigilin mutant, as is confirmed in panels B and D of Figure 6.12.



6.3 Results 217

vigilin wildtype vigilin mutant
L ——

Induced,
with DAPI
excitation

excitation

Not
induced,
with DAPI
excitation

Induced,
without
DAPI

Not

induced, m GFP signal
without (fused to protein)
DAPI

excitation

B Nucleus signal
(DAPI stain)

Fig. 6.12 Fluorescence microscopy of vigilin expressed in HeLa cells. Panels A
to D show HeLa cells in which expression was induced with doxycyclin for vigilin
wildtype (A, C) and mutant (B, D) with and without DAPI excitation. Panels E to H
show uninduced HeL.a cells in which expression was not induced for vigilin wildtype
(E, G) and mutant (F, H) with and without DAPI excitation. The green eGFP signal
showing vigilin’s localisation and the blue DAPI signal indicating the location of the
nucleus show no difference in localisation between the vigilin mutant and wildtype.
Both mutant and wildtype vigilin are predominantly present in the cytoplasm, as is
expected based on Cheng et al. [149].
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6.3.4 Tertiary structure analysis of the KH6 domain of vigilin

Vigilin’s tertiary structure was simulated to examine the effect of the skipping of exon
14 on the RNA-binding KH6 domain. Vigilin’s KH6 domain contains the minimal
KH motif shared between all KH domains, consisting of two alpha helices enclosed
by two beta strands (Baaf), followed by a variable loop, another beta strand and an
alpha helix (see green structure in Figure 6.13). Between the two alpha helices of the
minimal KH motif sits the GXXG motif that defines a classical KH domain [149]. The
B strands form an antiparallel sheet adjacent to the three o helices. The a-GXXG-a
element, together with the B2 strand and the variable loop, form a hydrophobic groove.
This groove can bind to a nucleic acid tetramer, the sequence of which is specified by
hydrogen bonding to amino acid side chains [149]. The hydrogen bond interactions
are known to favour adenine and cytosine, but not guanine [149]. The tertiary structure
simulation in Figure 6.13 shows that exon 14 skipping causes a loss of the 32 strand,
the variable loop, the B3 strand, and part of the a3 helix, resulting in the loss of
the KH6 domain’s tertiary structure and thereby the hydrophobic groove, which is

suspected to lead to a decrease in RNA binding.

6.3.5 oligo(dT) capture to quantify RNA-binding activity of vig-

ilin

An oligo(dT) capture method was used to quantify the RNA-binding activity of the
vigilin mutant and the vigilin wildtype. hnRNPQ, a known RNA-binding protein, was
used as a positive control. GFP, which does not bind RNA, was used as a negative
control. The oligo(dT) capture showed considerably reduced RNA-binding activity
of the vigilin mutant-GFP fusion protein compared to the wildtype (see Figure 6.14).
The highest and lowest RNA-binding activities were measured for hnRNPQ and GFP

respectively.
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Fig. 6.13 Tertiary structure of vigilin’s KH6 domain and the spliced-out exon 14.
3D modeling of HDLBP’s KH6 domain shows the loss of the 32 strand, the variable
loop, the B3 strand, and part of the a3 helix (all shown in purple), resulting in the loss
of the KH6 domain’s tertiary structure and thereby the hydrophobic groove, which is
suspected to lead to a decrease in RNA binding due to in-frame skipping of exon 14.
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Fig. 6.14 Polyadenylated RNA-binding activity of vigilin-GFP fusion protein (for
mutant and wildtype). The polyadenylated RNA-binding activity of the vigilin-GFP
fusion protein shows a significantly reduced RNA-binding activity for the vigilin
mutant as compared to the vigilin wildtype. hnRNPQ, a known RNA-binding protein,
serves as a positive control. GFP, which does not bind RNA, serves as a negative
control that all signals were normalised to. For each protein, two biological repeats
with each three technical repeats, for a total of six repeats, were created.
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6.4 Discussion

My preliminary data suggest that intra-cellular protein localisation and protein stability
can likely be excluded as a potential cause of the phenotype. Fluorescence microscopy
showed no differentiation in the intra-cellular protein localisation of wildtype and
mutant vigilin. Additionally, vigilin’s half-life is expected to be approximately 29h
[231] and the protein decay experiment was run for 48h, during which no meaningful
difference in the decay of vigilin wildtype and mutant was detected. The oligo(dT)
capture demonstrated that the RNA-binding activity of the vigilin mutant is consider-
ably reduced compared to the wildtype, despite the fact that only one of vigilin’s 14

KH domains is affected by the spliced out exon 14.

It is however important to note that, due to repeated washing steps in the oligo(dT)
capture protocol for each sample, the fluorescence values cannot be used to compare
absolute RNA binding activity levels of the vigilin mutant and the wildtype. Thus,
the assay does not imply that the vigilin mutant’s RNA binding activity is reduced by

approximately 80%! compared to the wildtype.

Nonetheless, the drop in RNA binding activity from wildtype to mutant suggests
that the KH6 domain plays an important role in RNA binding for vigilin. Abolition of
RNA binding due to the loss of a subset of KH domains in vigilin has previously been
shown for the truncation of the C-terminal most KH13 and KH14 domains [149]. A
study conducted by Castello et al. [232] provides further evidence for the importance
of the KH6 domain’s RNA binding. The authors identified RNA-binding domains
in proteins in human cells with a mass spectrometry-based approach. In their assay,
RNA-binding proteins (RBP) are covalently bound to RNA via UV irradiation, pulled
down using polyadenylated oligo(dT) capture, and cleaved into small peptides through

protease digestion. The peptides still bound to RNA are pulled down again using

'1 — (RNA_binding_activity(vigilin_mutant) /RNA_binding_activity(vigilin_wildtype)) ~ 80%
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oligo(dT) capture and mass spectrometry is used to identify the individual peptides.
The approach can be used to quantify the amount of each peptide bound to RNA,
compared to the amount of peptide released in the process. The ratio of the amount of
peptide bound vs released (peptide,ouna /reteasea) thus gives an indication of the RNA
binding activity of each peptide sequence, which can be mapped to the original RBP
sequence, thereby offering insight into the RNA binding activity of individual protein
domains. The result for the vigilin wildtype pre-computed by Castello et al. [232] can
be readily downloaded from the RBDmap server [233] and is shown in Figure 6.15.
The KH6 domain is enclosed by the KHS and KH7 domains, which, according to
Castello et al.’s [232] assay, bind less RNA. Thus, it is possible that RNA species
that bind close to KHS5, KH6, and KH7 are particularly reliant on the KH6 domain.
A related effect has previously been shown for the truncation of the C-terminal most
KHI13 and KH14 domains in Scp160p, vigilin’s yeast homolog, which led to the
abolition of RNA binding due to the loss of a subset of the protein’s KH domains [149].
Hirschmann ef al. [234] showed that interaction of Scp160p with a specific subset of
mRNAs requires the conserved KH13 and KH 14 domains. Similarly, it is possible

that other types of RNA require a conserved KH6 domain to interact with vigilin.
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Fig. 6.15 Distribution of the peptide fragments of the RNA-bound regions of the
RBP and released fragments in vigilin. The x axis represents the protein sequence
from N to C terminus, and the y axis shows the RNA-bound/released peptide intensity
ratios. Individual lines represent peptide fragments for false discovery rates of 1%
(red) and 10% (blue) respectively. This figure was adapted from Castello et al. [232]
and can be downloaded from the RBDmap server [233]
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Vigilin has over 700 potential mRNA targets and has been observed to influence
various stages of RNA metabolism, including mRNA transport, nuclear-cytoplasmic
tRNA shuttling, translation, degradation, and formation of stress granules and pro-
cessing bodies [149]. The oligo(dT) capture method used in this chapter gives an
indication of the quantity of RNA bound by the proteins of interest. The method,
however, does not provide insight into the types of RNA species that are not bound
by the protein of interest anymore due to reduced RNA-binding activity, which is a
key limitation of this approach. To further investigate the relationship between the
HDLBP splice-site variant and the FLS phenotype, it is therefore necessary to conduct
a qualitative comparison of the RNA species bound by wildtype and mutant vigilin.
This comparison is currently being conducted by Dr Pamela Kaisaki, a post-doctoral

researcher in the Taylor Group.

The RNA-binding assays conducted by Dr Kaisaki include:

1. Cross-linking immunoprecipitation (CLIP) with either anti-GFP or anti-HDLBP
antibodies, followed by RT-PCR of known targets of HDLBP, to identify differ-

ences between wildtype and mutant,

2. CLIP followed by sequencing (CLIP-seq) to determine the range of RNA species

differentially bound, and

3. CLIP followed by mass-spectrometry (iCLIP), which allows identification of

the RNA-recognition element.

Simultaneously, CRISPR-Cas9 will be used to introduce the HDLBP splice-site
variant into the genomes of HEK293 and induced pluripotent stem cell (iPS cell)
lines. RNA-binding activity will be measured in the edited HEK293 cells to see
whether differences observed previously in target RNA binding in the stably transfected
HEK?293 cells are confirmed. The data presented in this chapter were generated using

HelLa and HEK293 cells, which are derived from cervical cancer and embryonic
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kidney cell lines. Transferability of insights drawn from these cell lines for FLS, a
developmental disease, needs to be assessed. Therefore, the edited iPS cells will be
differentiated into three lineages of endoderm, mesoderm, and ectoderm cells, to detect
potential differences between wildtype and mutant HDLBP cells, and provide insights
into potential links between the developmental symptoms of FLS and defects caused

by mutant HDLBP in early development.

The work presented in this Chapter suggests that one effect of the patients’ splice-
site variant in HDLBP is a quantitative reduction in RNA-binding activity. The next
steps outlined in the previous paragraphs will qualitatively characterise how reduced
RNA-binding activity can lead to the FLS phenotype to potentially confirm HDLBP as

a disease gene for FLS.






Chapter 7

Discussion and Conclusion

This chapter concludes the thesis, beginning with a summary of results (see Sec-
tion 7.1), a commentary on future work (see Section 7.2), and some concluding

remarks (see Section 7.3).

7.1 Summary of results

In this thesis, I examined the performance of existing algorithms for the analysis of
WGS data of RGD patients, developed a new method for variant analysis, validated
this new method in real RGD patient cases, and worked on the functional validation of

HDLBP as a novel disease gene candidate for Fine-Lubinsky syndrome.

In Chapter 3, I compared the performance of variant prioritisation algorithms
for WGS data based on purely genotypic data with those based on genotypic and
phenotypic data for two analysis frameworks, Exomiser’s hiPHIVE algorithm and
VAAST+Phevor. Furthermore, I analysed the change in performance of Exomiser’s
hiPHIVE for two different time points and versions of the algorithm, two years apart
from each other in 2016 and 2018, and versions 7.2.1 and 11.0.0. For the analysis, I

used eleven rare genetic disease patient cases for which the disease-causing variant
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had previously been identified in the HICF2 study, which consisted of singletons and
trios, different inheritance patterns, including autosomal dominant/de novo, autosomal
recessive, and X-linked recessive. For eight of the patient cases, the disease-causing
variant lies in a gene known for the patient’s observed phenotype and those genes
were thus annotated in the HPO. The remaining three genes are novel candidates
for the patient phenotype, had not been published at the time of analysis and were
not annotated in the HPO. All analysed algorithms successfully ranked a significant
number of variants at the top of their respective distributions. The GPAs overall
outperformed the GAs. Five candidate variants were ranked first and six in the top five
by Exomiser’s hiPHIVE’s genotype-and-phenotype-based combined score, compared
to Exomiser’s genotype-based variant score, which ranked four variants first and four
in the top five. Similarly, the genotype-based VAAST algorithm ranked one variant
first and eight variants in the top five, outperformed by the genotype-and-phenotype-
based VAAST+Phevor combination, which ranked eight variants first and nine in
the top five. For the eleven patient cases analysed in this chapter, VAAST+Phevor
outperforms Exomiser’s hiPHIVE, but a larger sample size is necessary to draw
definitive conclusions about population-scale performance. As for the time series
analysis, the newer version of Exomiser ranked more benchmark variants first, in the
top 5, and top 10 than the older version of Exomiser, thus making an argument for
continuous reanalysis of the sequencing data of RGD patient cohorts. Furthermore, 1
analysed the percentage of variants that receive a score sufficiently high to warrant
further analysis by bioinformaticians. This metric serves as a proxy to determine how
much time an analyst has to spend per case. GPAs meaningfully increase the percentage
of variants receiving a significant score compared to GAs, from 32.3% to 2.2% and

from 25.4% to 11.2% respectively for Exomiser’s hiPHIVE and VAAST+Phevor.

Chapter 4 introduces a new algorithm called GPET that is based on not only

genotypic and phenotypic, but also tissue-specific expression data for variant ranking.
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I used a dataset provided by SWISSProt consisting of disease-causing variants from
ClinVar and non-disease-causing variants from the 1,000 Genomes Project as the
basis for my analysis. After several data-cleansing steps, the final dataset used for
my analysis consisted of 50,514 variants, of which 14,929 were labeled pathogenic
and 35,585 benign. Based on the HPO annotations of each gene in the dataset in
OMIM, I created an HPO profile for each variant in the dataset. Genes without OMIM-
based HPO annotations were randomly allocated HPO annotations from genes with
HPO annotations, so that every gene in the dataset was annotated with HPO terms.
Based on an HPO-to-tissue mapping, I predicted which tissues were likely affected for
each gene’s phenotype, creating a matrix of so-called binary tissue labels (BTLs). In
addition to the BTLs, I annotated each variant with three expression scores for each of
25 tissues, creating a total of 100 new expression features for each variant. I trained
a random forest classifier on the expression features and each variant’s Exomiser
hiPHIVE scores. Subsequently, I calculated the AUC of GPET on the dataset for
different scenarios, ranging from all variants in the testing and training dataset being
perfectly scored by Exomiser’s hiPHIVE’s phenotype score, to no variants receiving
an accurate phenotype score. GPET’s AUC was consistently higher than Exomiser’s
hiPHIVE’s AUC, reaching 0.95, as opposed to 0.91. The results of this chapter
demonstrate two things: first, tissue-specific gene expression data is a powerful tool
for RGD WGS variant prioritisation. Second, the HPO carries implicit information
indicating which tissues are likely affected by a disease phenotype, information which
in turn can be used in conjunction with tissue-specific expression data to improve RGD

variant classification.

In Chapter 5, I applied the GPET framework developed in Chapter 4 to the RGD
patient cases introduced in Chapter 3. Patient VCFs were first run through the same
Exomiser pipeline used in Chapter 3, and variants were subsequently reranked using

GPET. GPET uses each case’s HPO terms to create a list of tissues relevant for the
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patient. Gene expression in each tissue factors into each variant’s ranking. In a first
analysis, I showed that the expression of candidate disease genes is on average higher
in tissues predicted-to-be-affected by the patient’s HPO profile than in tissues not
implicated by the phenotypic profile. Expression here is measured by three scores,
which assess both the gene’s relative expression compared to other genes in the same
tissue, as well as each gene’s expression in one tissue relative to all other tissues. By
those metrics, mean gene expression of disease genes is approximately twice as high in
tissues relevant for the phenotype as in other tissues. To my knowledge, this is the first
time that effect was shown in real patient cases. Thereafter, I compared Exomiser’s
hiPHIVE’s performance with GPET’s performance. Exomiser’s hiPHIVE outperforms
GPET for cases where the candidate gene was annotated with HPO terms at the time
of analysis. hiPHIVE ranks four candidate variants first, five in the top five and five in
the top 20, compared to zero, zero and one for GPET respectively. In contrast to that,
GPET outperforms hiPHIVE for candidate genes that were not annotated with HPO
terms, ranking one novel candidate variant first, two in the top five, and three in the
top 20, compared to zero, one, and two for hiPHIVE. Notably, GPET also improves

the ranking of HDLBP as a candidate variant for Fine-Lubinsky syndrome.

In Chapter 6, I presented results to work towards the functional validation of
HDLBP as a candidate gene for Fine-Lubinsky syndrome. FLS is a rare developmental
disorder with a complex phenotype, including plagiocephaly, megalocornea, digital
abnormalities, cleft palate, facial dysmorphism, structural brain abnormalities, and
sometimes deafness. In this study, WGS was conducted for two of five affected
relatives and a variant, c.1731+1G>A, leading to alternative splicing and consequently
in-frame skipping of exon 14 of HDLBP was found. Exon 14 of HDLBP makes up
~51% of the RNA-binding KH6 domain of vigilin, the protein encoded by HDLBP.
Vigilin is a known RNA-binding protein and the loss of its RNA-binding function was

hypothesised to stand in relation to the FLS phenotype. To elucidate the impact of the



7.1 Summary of results 229

HDLBP variant on vigilin’s function and potential connection to the FLS phenotype,
I cloned cDNA fragments of the HDLBP wildtype and our patient’s HDLBP mutant
into an eGFP-containing plasmid and transfected into HeLA and HEK293 cells. The
cells were cultured and induced by doxycycline to produce wildtype and mutant
vigilin-GFP fusion proteins. Western Blots showed that both constructs were stable.
In addition to that, I inferred and analysed protein decay of both wildtype and mutant
vigilin over 48h based on the GFP fluorescence intensity of wildtype and mutant
vigilin-GFP fusion protein. No large significant difference in decay was detected,
thus excluding potentially diminished stability of the mutant protein as a cause of
the FLS phenotype. Subsequently, I used fluorescence microscopy of mutant and
wildtype vigilin expressed in HeLa cells to assess intra-cellular protein localisation.
No difference in intra-cellular localisation between the wildtype and mutant were
detected. Hence, protein localisation did likely not cause the phenotype. Finally, I
analysed the polyadenylated RNA-binding activity of the wildtype and mutant vigilin-
GFP fusion protein, by hybridisation with an oligo(DT) probe. The amount of RNA
bound by both mutant and wildtype was then measured as a function of the GFP tag’s
intensity in a fluorescence-based assay. The assay showed a considerable reduction
of RNA-binding activity of the vigilin mutant-GFP fusion protein compared to the
wildtype, showing that our patients’ splice-site variant affects the RNA-binding activity
of vigilin’s KH6 domain. Vigilin has over 700 potential mRNA targets and has been
observed to influence various stages of RNA metabolism, including mRNA transport,
nuclear-cytoplasmic tRNA shuttling, translation, degradation, and formation of stress
granules and processing bodies. To further investigate the relationship between the
detected HDLBP splice-site variant and the FLS phenotype, assays to determine which
RNA species are not bound anymore by the vigilin mutant are necessary and currently
being conducted by Dr Pamela Kaisaki, a senior post-doctoral researcher in the Taylor

Group.
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7.2 Future work

The work presented in this thesis suggests several avenues for the improvement of the
analysis of WGS data for rare genetic disease patients and the functional validation
of HDLBP as a disease gene candidate for Fine-Lubinsky syndrome. Here, I split
relevant future work into three distinct themes, namely the comparison of algorithmic
frameworks (see Section 7.2.1), improvements for GPET (see Section 7.2.2), and the

functional validation of HDLBP (see Section 7.2.3).

7.2.1 Comparison of algorithmic frameworks

The comparison of GAs, GPAs and GPET presented in Chapter 3 and Chapter 5 on
real patient cases should be expanded to larger WGS patient cohorts. The 100,000
Genomes Project and the DDD study would be perfectly suited for this purpose.
An expanded analysis would provide several benefits. First, a re-analysis of cases
first sequenced several years ago would likely yield results for currently unsolved
cases. Second, no independently published large-scale benchmark comparison of
Exomiser’s hiPHIVE, and its commercial integration into Congenica’s platform, as
well as Fabric Genomics’ VAAST+Phevor algorithm exists. Existing comparisons were
either conducted by the creators of Exomiser [58], or the creators of VAAST+Phevor
[113] for a smaller number of cases. Cipriani ef al. [119] published the to my
knowledge largest evaluation of Exomiser on 134 WES patient cases. However,
the analysis did not include VAAST+Phevor. A large-scale comparison of these
established algorithm frameworks could provide best practices for the global RGD
scientific community. Third, an analysis covering multiple different disease areas,
including neurological, cardiovascular, skeletal, muscular and other conditions, would
illustrate in which disease areas lower diagnostic yields are still achieved and thus

provide guidance for research resource allocation.
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7.2.2 GPET

GPET represents a first attempt at connecting GPAs and the HPO with tissue-specific

expression data and many areas for improvement exist.

First, data on HPO terms could be leveraged better. Similar to hiPHIVE and
Phevor, GPET only accounts for HPO terms that are present for the patient. Clinicians,
however, also provide explicit information on which phenotypic features are not
observed in a patient. The absence of those phenotypic features is meaningful, both
for the link between HPO terms and genes used in hiPHIVE and Phevor, as well as for

the implication of tissues in which disease genes are likely more highly expressed.

Second, the mapping of HPO terms to tissues can be significantly improved. In the
current version of the algorithm, only 25 tissues are covered. The most recent version
of GTEx (V8) however includes 54 tissue categories, most of which can be mapped to

HPO terms [235].

Third, all features used for GPET can likely be constructed in a more sophisticated
manner. BTLs are constructed based on whether or not an HPO term is present in
the patient and are binary in nature. However, not all phenotypic features are equally
strongly expressed in all patients. If information was collected on the severity of an
individual patient’s phenotype, that information could be used to create continuous
tissue labels, instead of binary ones. Information on tissue-specific gene expression
can likely be leveraged more efficiently. Instead of relying on the cross-gene and cross-
tissue score pre-computed by Feiglin ef al [132], a machine learning framework like
GPET could use the raw expression data contained in GTEX as inputs. Furthermore,
Min et al [236] and others have shown that expression patterns of certain genes are
strongly correlated with each other. If gene A is up-regulated, so is gene B. Information
on such co-expression networks could be used to shed light on biological pathways.

An approach similar to GADO published by Deelen et al. [142] could be investigated.
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GADO calculates gene co-regulation based on expression data across a range of tissues.
The co-regulation predictions are used to determine which genes likely affect which
phenotypic terms. GADO can be used to rank potentially disease-causing genes and
was competitive with Exomiser in a benchmark study conducted by Deelen et al. [142].
In addition to improving how GPET uses expression data, improvements are possible
for the use of genotypic data. GPET should not use hiPHIVE’s pre-computed variant
score as input, but should instead use the component features used to compute those

scores (see Chapter 1 for a detailed description of those features).

7.2.3 Functional validation of HDLBP

While the functional experiments conducted to confirm HDLBP as a disease gene for
FLS showed that the mutant version of vigilin found in our patients has significantly
decreased RNA-binding activity, more work is necessary to fully characterise the
disease pathway. Dr Kaisaki in the Taylor Group is conducting a range of RNA-
binding assays for this purpose, including CLIP-RTPCR and CLIP-seq to highlight
differences in which RNA species are bound by wildtype and mutant vigilin, and

1CLIP to identify the RNA-recognition element.

At the same time, CRISPR-Cas9 will be used to introduce our patients’ splice-site
variant into the genomes of HEK293 and induced pluripotent stem cell lines. RNA-
binding activity will be measured in the edited HEK293 cells to assess if differences in
RNA-binding activity previously identified in the stably transfected HEK293 cells are
confirmed. In addition to that, the edited iPS cells will be differentiated into lineages
of endoderm, mesoderm and ectoderm cells, to detect potential differences between
wildtype and mutant HDLBP cells. This could provide further insights into potential
links between the developmental symptoms of FLS and defects caused by mutant

vigilin in early development.
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7.3 Concluding remarks

It is an exciting time for rare genetic disease diagnostics because our understanding
of the underlying causes of disease is constantly improving. Advancements in four
distinct themes elaborated on in this section are necessary to continue this trend, namely
algorithm improvements (see Section 7.3.1), sequencing technology improvements
(see Section 7.3.2), increased adoption of WGS in the clinic (see Section 7.3.3), and

an increasing public awareness for rare genetic diseases (see Section 7.3.4).

7.3.1 Algorithm improvements

Significant improvements of analysis algorithms are necessary to increase the diagnos-

tic yield of RGD population studies.

Better statistics: Work is underway to not only take advantage of information
on which phenotypic features are present in patients, but also on phenotypic features
that are explicitly not present in patients [237]. Capturing a patient’s phenotype more

accurately will improve diagnostic yield.

Furthermore, a small but increasing number of approaches exist to analyse intronic

variation, e.g. Genomiser [120].

Improvements of existing databases: Significant improvements in diagnostic

yield over time can be attributed to growing databases of various kinds.

Phenotype databases such as the HPO can be improved in a number of ways.
First, the more genes are annotated with HPO terms, the more the diagnostic yield
of algorithms will improve. Second, the HPO could move from a gene-centric to a
variant-centric model, since type and position of the variant dramatically influence the
phenotypic presentation of patients. Third, phenotype databases such as ORPHANET

[114] are integrating both population frequencies of diseases annotated with HPO
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terms, as well as disease-specific frequencies of each term. Finally, an increasing num-
ber of tools are being introduced to assist healthcare professionals with appropriately
phenotyping patients. These tools include electronic medical record software such as
PhenoTips [104], face recognition applications like FDNA’s Face2Gene [238], and

natural language processing algorithms like Bio-Lark [239].

An increasing number of patient matching databases is emerging that facilitate
the diagnosis of rare and ultra rare conditions in geographically distant places. These
databases include GeneMatcher [105], PhenomeCentral [103], Matchmaker Exchange
[240], and DECIPHER [241]. Population-scale projects like the 100,000 Genomes
Project have the potential to solve similar problems if databases are made accessible

for external patient matching.

Furthermore, the increasing growth of databases documenting allele frequency,
including ClinVar [69] and gnomAD [242], or additional data modalities such as gene

expression, including GTEx [121], is improving the performance of VPA.

7.3.2 Sequencing technology improvements

In addition to databases, significant advancements are being made with sequencing
technologies. The development of long-read sequencing by companies such as Oxford
Nanopore and Pacific Biosciences will likely increase the diagnostic yield for RGD
cases by enabling the analysis of repetitive regions, complex structural variation, and
haplotype phasing [193]. Beyond long-read sequencing, the introduction of RNA

sequencing is opening up new avenues for RGD diagnostics [243].

7.3.3 Adoption of WGS in the clinic

The growing evidence for the clinical utility of WGS is paving the way for large-scale

adoption of WGS into clinical care. Institutions such as Rady Children’s Hospital
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have demonstrated the value of rapid WGS for seriously ill infants in neonatal and
paediatric intensive care units [216], while the UK’s National Healthcare Service and
the UK BioBank announced the whole genome sequencing of five million patients

until 2023 [244].

7.3.4 Increasing public awareness of genetics

Finally, the field of RGD is benefiting from increasing public awareness, partially
driven by popular science contributions such as the New York Times column ‘Diagno-
sis’ by Dr. Lisa Sanders [245], in which the author describes undiagnosed rare disease
cases, which are often genetic in nature, to crowd-source help from scientists, physi-
cians, patients, allies and others around the globe to get patients answers. Dr. Sanders’

column also provided the basis for a Netflix documentary series called ‘Diagnosis’.

With continuous improvements in the field, one can be hopeful that - one day
- all 400 million rare genetic disease patients globally will know the cause of their
medical struggles and the diagnostic odyssey will be reduced from its current seven
year average in the UK to mere hours. The results presented in this thesis are a further
step in that direction by demonstrating the usefulness of phenotypic data and tissue-
specific expression data for rare genetic disease diagnosis based on WGS data and

provide evidence to support HDLBP as a disease gene for FLS.
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Appendix A

Appendices for chapter 2

A.1 cDNA fragment sequences and plasmid maps
Legend for sequences:

* Restriction enzyme site
* Bases added to increase restriction enzyme accuracy
* C’C: restriction enzyme cuts at the apostrophe

» Kozak sequence (RNNATGG)

* Coding sequence
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A.1.1 HDLBP wildtype

CGGGGTAC ' CATGAGTTCCGTTGCAGTTTTGACCCAA

GAGAGTTTTGCTGAACACCGAAGTGGGCTGGTTCCGC
AACAAATCAAAGTTGCCACTCTAAATTCAGAAGAGGA
GAGCGACCCTCCAACCTACAAGGATGCCTTCCCTCCA
CTTCCTGAGAAAGCTGCTTGCCTGGAAAGTGCCCAGG
AACCCGCTGGAGCCTGGGGGAACAAGATCCGACCCAT
CAAGGCTTCTGTCATCACTCAGGTGTTCCATGTACCCC
TGGAGGAGAGAAAATACAAGGATATGAACCAGTTTGG
AGAAGGTGAACAAGCAAAAATCTGCCTTGAGATCATG
CAGAGAACTGGTGCTCACTTGGAGCTGTCTTTGGCCA
AAGACCAAGGCCTCTCCATCATGGTGTCAGGAAAGCT
GGATGCTGTCATGAAAGCTCGGAAGGACATTGTTGCT
AGACTGCAGACTCAGGCCTCAGCAACTGTTGCCATTC
CCAAAGAACACCATCGCTTTGTTATTGGCAAAAATGG
AGAGAAACTGCAAGACTTGGAGCTAAAAACTGCAACC
AAAATCCAGATCCCACGCCCAGATGACCCCAGCAATC
AGATCAAGATCACTGGCACCAAAGAGGGCATCGAGAA
AGCTCGCCATGAAGTCTTACTCATCTCTGCCGAGCAG
GACAAACGTGCTGTGGAGAGGCTAGAAGTAGAAAAG
GCATTCCACCCCTTCATCGCTGGGCCGTATAATAGAC
TGGTTGGCGAGATCATGCAGGAGACAGGCACGCGCAT
CAACATCCCCCCACCCAGCGTGAACCGGACAGAGATT
GTCTTCACTGGAGAGAAGGAACAGTTGGCTCAGGCTG
TGGCTCGCATCAAGAAGATTTATGAGGAGAAGAAAAA
GAAGACTACAACCATTGCAGTGGAAGTGAAGAAATCC
CAACACAAGTATGTCATTGGGCCCAAGGGCAATTCAT
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TGCAGGAGATCCTTGAGAGAACTGGAGTTTCCGTTGA
GATCCCACCCTCAGACAGCATCTCTGAGACTGTAATA
CTTCGAGGCGAACCTGAAAAGTTAGGTCAGGCGTTGA
CTGAAGTCTATGCCAAGGCCAATAGCTTCACCGTCTC
CTCTGTCGCCGCCCCTTCCTGGCTTCACCGTTTCATCA
TTGGCAAGAAAGGGCAGAACCTGGCCAAAATCACTCA
GCAGATGCCAAAGGTTCACATCGAGTTCACAGAGGGC
GAAGACAAGATCACCCTGGAGGGCCCTACAGAGGATG
TCAATGTGGCCCAGGAACAGATAGAAGGCATGGTCAA
AGATTTGATTAACCGGATGGACTATGTGGAGATCAAC
ATCGACCACAAGTTCCACAGGCACCTCATTGGGAAGA
GCGGTGCCAACATAAACAGAATCAAAGACCAGTACAA
GGTGTCCGTGCGCATCCCTCCTGACAGTGAGAAGAGC
AATTTGATCCGCATCGAGGGGGACCCACAGGGCGTGC
AGCAGGCCAAGCGAGAGCTGCTGGAGCTTGCATCTCG
CATGGAAAATGAGCGTACCAAGGATCTAATCATTGAG
CAAAGATTTCATCGCACAATCATTGGGCAGAAGGGTG
AACGGATCCGTGAAATTCGTGACAAATTCCCAGAGGT
CATCATTAACTTTCCAGACCCAGCACAAAAAAGTGAC
ATTGTCCAGCTCAGAGGACCTAAGAATGAGGTGGAAA
AATGCACAAAATACATGCAGAAGATGGTGGCAGATCT
GGTGGAAAATAGCTATTCAATTTCTGTTCCGATCTTCA
AACAGTTTCACAAGAATATCATTGGGAAAGGAGGCGC
AAACATTAAAAAGATTCGTGAAGAAAGCAACACCAAA
ATCGACCTTCCAGCAGAGAATAGCAATTCAGAGACCA
TTATCATCACAGGCAAGCGAGCCAACTGCGAAGCTGC
CCGGAGCAGGATTCTGTCTATTCAGAAAGACCTGGCC
AACATAGCCGAGGTAGAGGTCTCCATCCCTGCCAAGC



272 Appendices for chapter 2

TGCACAACTCCCTCATTGGCACCAAGGGCCGTCTGAT
CCGCTCCATCATGGAGGAGTGCGGCGGGGTCCACATT
CACTTTCCCGTGGAAGGTTCAGGAAGCGACACCGTTG
TTATCAGGGGCCCTTCCTCGGATGTGGAGAAGGCCAA
GAAGCAGCTCCTGCATCTGGCGGAGGAGAAGCAAACC
AAGAGTTTCACTGTTGACATCCGCGCCAAGCCAGAAT
ACCACAAATTCCTCATCGGCAAGGGGGGCGGCAAAAT
TCGCAAGGTGCGCGACAGCACTGGAGCACGTGTCATC
TTCCCTGCGGCTGAGGACAAGGACCAGGACCTGATCA
CCATCATTGGAAAGGAGGACGCCGTCCGAGAGGCACA
GAAGGAGCTGGAGGCCTTGATCCAAAACCTGGATAAT
GTGGTGGAAGACTCCATGCTGGTGGACCCCAAGCACC
ACCGCCACTTCGTCATCCGCAGAGGCCAGGTCTTGCG
GGAGATTGCTGAAGAGTATGGCGGGGTGATGGTCAGC
TTCCCACGCTCTGGCACACAGAGCGACAAAGTCACCC
TCAAGGGCGCCAAGGACTGTGTGGAGGCAGCCAAGAA
ACGCATTCAGGAGATCATTGAGGACCTGGAAGCTCAG
GTGACATTAGAATGTGCTATACCCCAGAAATTCCATC
GATCTGTCATGGGCCCCAAAGGTTCCAGAATCCAGCA
GATTACTCGGGATTTCAGTGTTCAAATTAAATTCCCA
GACAGAGAGGAGAACGCAGTTCACAGTACAGAGCCA
GTTGTCCAGGAGAATGGGGACGAAGCTGGGGAGGGG
AGAGAGGCTAAAGATTGTGACCCCGGCTCTCCAAGGA
GGTGTGACATCATCATCATCTCTGGCCGGAAAGAAAA
GTGTGAGGCTGCCAAGGAAGCTCTGGAGGCATTGGTT
CCTGTCACCATTGAAGTAGAGGTGCCCTTTGACCTTC
ACCGTTACGTTATTGGGCAGAAAGGAAGTGGGATCCG
CAAGATGATGGATGAGTTTGAGGTGAACATACATGTC
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CCGGCACCTGAGCTGCAGTCTGACATCATCGCCATCA
CGGGCCTCGCTGCAAATTTGGACCGGGCCAAGGCTGG
ACTGCTGGAGCGTGTGAAGGAGCTACAGGCCGAGCAG
GAGGACCGGGCTTTAAGGAGTTTTAAGCTGAGTGTCA
CTGTAGACCCCAAATACCATCCCAAGATTATCGGGAG
AAAGGGGGCAGTAATTACCCAAATCCGGTTGGAGCAT
GACGTGAACATCCAGTTTCCTGATAAGGACGATGGGA
ACCAGCCCCAGGACCAAATTACCATCACAGGGTACGA
AAAGAACACAGAAGCTGCCAGGGATGCTATACTGAGA
ATTGTGGGTGAACTTGAGCAGATGGTTTCTGAGGACG
TCCCGCTGGACCACCGCGTTCACGCCCGCATCATTGG
TGCCCGCGGCAAAGCCATTCGCAAAATCATGGACGAA
TTCAAGGTGGACATTCGCTTCCCACAGAGCGGAGCCC
CAGACCCCAACTGCGTCACTGTGACGGGGCTCCCAGA
GAATGTGGAGGAAGCCATCGACCACATCCTCAATCTG
GAGGAGGAATACCTAGCTGACGTGGTGGACAGTGAGG
CGCTGCAGGTATACATGAAACCCCCAGCACACGAAGA
GGCCAAGGCACCTTCCAGAGGCTTTGTGGTGCGGGAC
GCACCCTGGACCGCCAGCAGCAGTGAGAAGGCTCCTG
ACATGAGCAGCTCTGAGGAATTTCCCAGCTTTGGGGC
TCAGGTGGCTCCCAAGACCCTCCCTTGGGGCCCCAAA
CGAC’TCGAGCGG



274 Appendices for chapter 2

A.1.2 HDILBP mutant

CGGGGTAC ' CATGAGTTCCGTTGCAGTTTTGACCCAA

GAGAGTTTTGCTGAACACCGAAGTGGGCTGGTTCCGC
AACAAATCAAAGTTGCCACTCTAAATTCAGAAGAGGA
GAGCGACCCTCCAACCTACAAGGATGCCTTCCCTCCA
CTTCCTGAGAAAGCTGCTTGCCTGGAAAGTGCCCAGG
AACCCGCTGGAGCCTGGGGGAACAAGATCCGACCCAT
CAAGGCTTCTGTCATCACTCAGGTGTTCCATGTACCCC
TGGAGGAGAGAAAATACAAGGATATGAACCAGTTTGG
AGAAGGTGAACAAGCAAAAATCTGCCTTGAGATCATG
CAGAGAACTGGTGCTCACTTGGAGCTGTCTTTGGCCA
AAGACCAAGGCCTCTCCATCATGGTGTCAGGAAAGCT
GGATGCTGTCATGAAAGCTCGGAAGGACATTGTTGCT
AGACTGCAGACTCAGGCCTCAGCAACTGTTGCCATTC
CCAAAGAACACCATCGCTTTGTTATTGGCAAAAATGG
AGAGAAACTGCAAGACTTGGAGCTAAAAACTGCAACC
AAAATCCAGATCCCACGCCCAGATGACCCCAGCAATC
AGATCAAGATCACTGGCACCAAAGAGGGCATCGAGAA
AGCTCGCCATGAAGTCTTACTCATCTCTGCCGAGCAG
GACAAACGTGCTGTGGAGAGGCTAGAAGTAGAAAAG
GCATTCCACCCCTTCATCGCTGGGCCGTATAATAGAC
TGGTTGGCGAGATCATGCAGGAGACAGGCACGCGCAT
CAACATCCCCCCACCCAGCGTGAACCGGACAGAGATT
GTCTTCACTGGAGAGAAGGAACAGTTGGCTCAGGCTG
TGGCTCGCATCAAGAAGATTTATGAGGAGAAGAAAAA
GAAGACTACAACCATTGCAGTGGAAGTGAAGAAATCC
CAACACAAGTATGTCATTGGGCCCAAGGGCAATTCAT
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TGCAGGAGATCCTTGAGAGAACTGGAGTTTCCGTTGA
GATCCCACCCTCAGACAGCATCTCTGAGACTGTAATA
CTTCGAGGCGAACCTGAAAAGTTAGGTCAGGCGTTGA
CTGAAGTCTATGCCAAGGCCAATAGCTTCACCGTCTC
CTCTGTCGCCGCCCCTTCCTGGCTTCACCGTTTCATCA
TTGGCAAGAAAGGGCAGAACCTGGCCAAAATCACTCA
GCAGATGCCAAAGGTTCACATCGAGTTCACAGAGGGC
GAAGACAAGATCACCCTGGAGGGCCCTACAGAGGATG
TCAATGTGGCCCAGGAACAGATAGAAGGCATGGTCAA
AGATTTGATTAACCGGATGGACTATGTGGAGATCAAC
ATCGACCACAAGTTCCACAGGCACCTCATTGGGAAGA
GCGGTGCCAACATAAACAGAATCAAAGACCAGTACAA
GGTGTCCGTGCGCATCCCTCCTGACAGTGAGAAGAGC
AATTTGATCCGCATCGAGGGGGACCCACAGGGCGTGC
AGCAGGCCAAGCGAGAGCTGCTGGAGCTTGCATCTCG
CATGGAAAATGAGCGTACCAAGGATCTAATCATTGAG
CAAAGATTTCATCGCACAATCATTGGGCAGAAGGGTG
AACGGATCCGTGAAATTCGTGACAAATTCCCAGAGGT
GGAAAATAGCTATTCAATTTCTGTTCCGATCTTCAAA
CAGTTTCACAAGAATATCATTGGGAAAGGAGGCGCAA
ACATTAAAAAGATTCGTGAAGAAAGCAACACCAAAAT
CGACCTTCCAGCAGAGAATAGCAATTCAGAGACCATT
ATCATCACAGGCAAGCGAGCCAACTGCGAAGCTGCCC
GGAGCAGGATTCTGTCTATTCAGAAAGACCTGGCCAA
CATAGCCGAGGTAGAGGTCTCCATCCCTGCCAAGCTG
CACAACTCCCTCATTGGCACCAAGGGCCGTCTGATCC
GCTCCATCATGGAGGAGTGCGGCGGGGTCCACATTCA
CTTTCCCGTGGAAGGTTCAGGAAGCGACACCGTTGTT
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ATCAGGGGCCCTTCCTCGGATGTGGAGAAGGCCAAGA
AGCAGCTCCTGCATCTGGCGGAGGAGAAGCAAACCAA
GAGTTTCACTGTTGACATCCGCGCCAAGCCAGAATAC
CACAAATTCCTCATCGGCAAGGGGGGCGGCAAAATTC
GCAAGGTGCGCGACAGCACTGGAGCACGTGTCATCTT
CCCTGCGGCTGAGGACAAGGACCAGGACCTGATCACC
ATCATTGGAAAGGAGGACGCCGTCCGAGAGGCACAGA
AGGAGCTGGAGGCCTTGATCCAAAACCTGGATAATGT
GGTGGAAGACTCCATGCTGGTGGACCCCAAGCACCAC
CGCCACTTCGTCATCCGCAGAGGCCAGGTCTTGCGGG
AGATTGCTGAAGAGTATGGCGGGGTGATGGTCAGCTT
CCCACGCTCTGGCACACAGAGCGACAAAGTCACCCTC
AAGGGCGCCAAGGACTGTGTGGAGGCAGCCAAGAAA
CGCATTCAGGAGATCATTGAGGACCTGGAAGCTCAGG
TGACATTAGAATGTGCTATACCCCAGAAATTCCATCG
ATCTGTCATGGGCCCCAAAGGTTCCAGAATCCAGCAG
ATTACTCGGGATTTCAGTGTTCAAATTAAATTCCCAGA
CAGAGAGGAGAACGCAGTTCACAGTACAGAGCCAGTT
GTCCAGGAGAATGGGGACGAAGCTGGGGAGGGGAGA
GAGGCTAAAGATTGTGACCCCGGCTCTCCAAGGAGGT
GTGACATCATCATCATCTCTGGCCGGAAAGAAAAGTG
TGAGGCTGCCAAGGAAGCTCTGGAGGCATTGGTTCCT
GTCACCATTGAAGTAGAGGTGCCCTTTGACCTTCACC
GTTACGTTATTGGGCAGAAAGGAAGTGGGATCCGCAA
GATGATGGATGAGTTTGAGGTGAACATACATGTCCCG
GCACCTGAGCTGCAGTCTGACATCATCGCCATCACGG
GCCTCGCTGCAAATTTGGACCGGGCCAAGGCTGGACT
GCTGGAGCGTGTGAAGGAGCTACAGGCCGAGCAGGA
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GGACCGGGCTTTAAGGAGTTTTAAGCTGAGTGTCACT
GTAGACCCCAAATACCATCCCAAGATTATCGGGAGAA
AGGGGGCAGTAATTACCCAAATCCGGTTGGAGCATGA
CGTGAACATCCAGTTTCCTGATAAGGACGATGGGAAC
CAGCCCCAGGACCAAATTACCATCACAGGGTACGAAA
AGAACACAGAAGCTGCCAGGGATGCTATACTGAGAAT
TGTGGGTGAACTTGAGCAGATGGTTTCTGAGGACGTC
CCGCTGGACCACCGCGTTCACGCCCGCATCATTGGTG
CCCGCGGCAAAGCCATTCGCAAAATCATGGACGAATT
CAAGGTGGACATTCGCTTCCCACAGAGCGGAGCCCCA
GACCCCAACTGCGTCACTGTGACGGGGCTCCCAGAGA
ATGTGGAGGAAGCCATCGACCACATCCTCAATCTGGA
GGAGGAATACCTAGCTGACGTGGTGGACAGTGAGGCG
CTGCAGGTATACATGAAACCCCCAGCACACGAAGAGG
CCAAGGCACCTTCCAGAGGCTTTGTGGTGCGGGACGC
ACCCTGGACCGCCAGCAGCAGTGAGAAGGCTCCTGAC
ATGAGCAGCTCTGAGGAATTTCCCAGCTTTGGGGCTC
AGGTGGCTCCCAAGACCCTCCCTTGGGGCCCCAAACG
AC°TCGAGCGG
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Appendices for chapter 3

All data showed for VAAST+Phevor was created with Omicia Opal version 4.24.0, the
same version of the software used for the analyses in Chapter 1, since I was not able to
access an older version of the platform using the same databases as Exomiser v7.2.1.
Therefore, data showed in Figure B.1 for Exomiser in the following plots should not

be interpreted in comparison to the VAAST+Phevor data.
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Fig. B.1 Histogram of prioritisation scores, combining all variants for all benchmark
cases for each algorithm. The red dotted light shows the significance cut-off for
each algorithm: Exomiser variant score > 1.00, Exomiser phenotype score > 0.58,
Exomiser combined score > 0.79, 1-VAAST(p-value) > 0.95 and Phevor score > 2.3.
Based on Exomiser v7.2.1
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