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Abstract

Abstract

Recent advances in sequencing technologies have led to the generation of vast
amounts genetic variation data for many species, including humans, with
advances in our understanding of disease now limited by the speed at which these
data can be analysed. This thesis focuses on the analysis of genetic variation at
multiple levels. First, in the human disease cystinuria, an inherited form of kidney
stones. Genetic variants previously associated with cystinuria were characterised
using a series of computational methods, identifying key functional features of
these mutations. Predictions of disease severity for a cohort of 74 cystinuria
patients were then made based on the genotypes of each individual. When
compared to clinical outcomes, these predictions demonstrate the potential for

computational methods in delivering precision medicine to cystinuria patients.

Second, a genome-wide analysis of variant combinations in individual human
genomes identified combinations of variants protein-wide, within close spatial
proximity in the 3-dimensional structures of proteins, and in protein-protein
interface sites. The vast majority of computational methods for analysing genetic
variation consider only one variant at a time. This work highlights the importance
of analysing the combined effects of variants, which will be a key challenge in the

future of computational biology and precision medicine.

Finally, two different analyses of ebolaviruses were performed. The first study
focused on human pathogenicity of ebolaviruses, a critical challenge in
epidemiology. This study identified a set of key variants that differentiate human
pathogenic and non-pathogenic ebolaviruses. The second study focused on the
evolution of the Ebola virus genome, the most common causative species of
human ebolavirus outbreaks. Ebola virus genome evolution was analysed over
time since its identification in 1976, and over the course of the 2013-2016 West
Africa outbreak. A strong bias for transition mutations was identified, with

suspected mutational pressure from host APOBEC and ADAR enzymes.
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Chapter 1: Introduction

Chapter 1: Introduction

This thesis focuses on deciphering functional impacts of genetic variation. This
broad aim has been applied to the study of human genetic variation, both at a
global proteome level and to the study of a specific human disease, cystinuria, and
to the study of ebolaviruses. This thesis is structured as a series of papers, one
focused on analysis of genetic variants associated with the disease cystinuria, one
on identifying coevolution within human genomes, one on the molecular
determinants of human pathogenicity in ebolaviruses, and one on mutational bias
in Ebola virus genome evolution. Additionally, one paper describing a new method
for constructing chromosome-level genome assemblies, with proof of principle
construction and analysis of the pigeon and peregrine falcon genomes, and
another paper using quantitative genetics and next-generation sequencing data to
identify functional variants affecting phenotypic traits in pigs are included as

appendices (Appendix 5 and Appendix 6, respectively).

1.1 Genetic Variation

The phenotype of an organism is determined by its genome, the sum total of its
genetic content. Environmental factors being equal, phenotypic differences
between organisms are determined by genetic variation — large and small
differences between genomes. Genetic variation is critical for life, allowing for the
advent of new functions and adaptation to changing environments at the species
level, but within one individual organism genetic variation can be the difference
between health and disease. Due to recent advances in molecular biology, there is
an unprecedented amount of genetic variation data available today. This big
biological data was unimaginable even 20 years ago and it continues to grow
rapidly. One key aim of computational biology is to understand how genetic
variation observed in nature causes phenotypic differences, and to build predictive

models that can glean actionable insights from big biological data.

1.1.1 Single Nucleotide Variants

A single nucleotide variant (SNV) is the change of a single nucleotide in a

genome, and is the smallest and most basic type of genetic variation. If an SNV
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occurs commonly in a population (>1% frequency), it is typically referred to as a
single nucleotide polymorphism (SNP). The human reference genome is roughly
3.1Gb in length, and so an SNV corresponds to ~0.0000000003% difference
between an otherwise identical genome. However, such small differences are not
trivial, with many human diseases caused by SNVs. Sickle cell disease is
associated with various health complications in humans, including episodes of
acute illness, progressive organ damage, and reduced lifespan. The most
common form of sickle cell disease is caused by an SNV that results in a mutation

from glutamic acid to valine in the B-globin gene (Ingram 1959; OMIM 2017b).

The SNV causing sickle cell disease is an extreme example of an SNV with a
large phenotypic effect, but it demonstrates the importance of the sequence
context of mutations. Not all regions of the genome are equally important to the
fitness of an organism. SNVs in protein-coding regions of the genome, like the
SNV that causes sickle cell disease, have the potential to change the sequences
of the encoded proteins. An SNV that changes the amino acid sequence of a
protein is termed a non-synonymous SNV (nsSNV). An SNV in a coding region
that preserves the amino acid sequence of the protein, due to the degeneracy in

the genetic code, is termed a synonymous SNV (sSNV).

sSNVs generally have a smaller impact on protein function, but their effects are
not negligible. sSNVs can affect mRNA splicing, mRNA stability, and protein
folding via changes in translation speed (Sauna & Kimchi-sarfaty 2011), and are
implicated in human diseases, such as cancer (Supek et al. 2014). The Multidrug
Resistance 1 gene encodes the product P-glycoprotein, which is an ATP-
dependent efflux pump, genetic alterations to which are associated with resistance
to multiple drugs in cancer (Gottesman et al. 2002). A common haplotype (a
combination of variants inherited together) in P-glycoprotein, that results in
differences in substrate specificity and inhibitor interaction, contains both nsSNVs
and sSNVs (Kimchi-Sarfaty et al. 2007). Crucially, the nsSNVs on their own do not
cause the observed differences P-glycoprotein, which are only observed when the
sSNV is also present (Kimchi-Sarfaty et al. 2007) . In summary, functional effects
are rarer for sSSNVs compared to nsSNVs, but sSNVs can play an important role in
the phenotype of an organism and their historic designation as ‘silent’ is now

4
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known to be a misnomer. However, computational prediction of the effects of

sSNVs remains more difficult than for nsSNVs.

Roughly 1.22% of the human genome is composed of protein-coding exons
(Dunham et al. 2012), which are the regions of the genome where nsSNVs and
sSNVs occur. The remaining ~99% of the human genome is the non-coding
portion. For all variants currently associated with disease, >80% are within non-
coding regions of the genome (Dunham et al. 2012). Diagnostic rates of rare
childhood diseases using whole exome sequencing (WES), which is unable to
detect many types of non-coding variation (Zappala & Montgomery 2016), ranges
depending on the disease. Most diseases have diagnostic rates well below 100%,
such as syndromic congenital heart disease, which has a diagnostic rate of 9.7%
using whole exome sequencing (Zappala & Montgomery 2016; Wright et al. 2018).
There are some exceptions where WES performs much better, such as
osteogenesis imperfecta (100%) (Wright et al. 2018), but for cases where WES
data is unable to make a diagnosis it is assumed that non-coding variation is

causing the observed disease phenotype (Wright et al. 2018).

Non-coding regions of the genome are typically under less evolutionary constraint
than protein-coding regions of the genome (Dunham et al. 2012), but genetic
variation in non-coding regions can still be damaging. Changes to promoters,
enhancers, splice sites, and genome packaging and organisation can all have
profound impacts on the phenotype of an organism. While progress has been
made in understanding the roles of different non-coding regions (Feingold et al.
2004; Birney et al. 2007; Dunham et al. 2012), the impact of genetic variation
within these sites remains more difficult to predict compared to protein-coding
variation. Typically, methods use information about interspecies and intraspecies
conservation of non-coding regions, as well as functional annotations of non-
coding regions (Dunham et al. 2012), to train machine learning methods to identify
potentially functional non-coding genetic variation (Ritchie et al. 2014; Fu et al.
2014; Zhou & Troyanskaya 2015; Shihab et al. 2015; lonita-Laza et al. 2016;
Smedley et al. 2016). These methods enable the prioritisation of non-coding
variants, which are most likely to have functional effects, but much progress is

needed to improve predictive accuracy.
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1.1.2 Structural Variants

Genetic variation also occurs at a structural level and there are many different
types of structural variation, ranging from single nucleotide to whole genome
aberrations. Insertions and deletions (indels) are the addition or removal of bases
to an organism’s genome, and these can be =1 base in size. Indels within protein-
coding regions of the genome can be either in-frame or out-of-frame, depending
on whether they conserve the open-reading frame of the gene. Out-of-frame indels
are typically more damaging, as they will likely change all encoded amino acids
downstream of the indel, and can lead to early stop codons within exons. Indels in
non-coding regions of the genome can also potentially disrupt functional non-

coding elements by changing their sequence.

Other types of structural variants often affect much larger regions of the genome

compared to indels. Copy number variants (CNVs) are differences in the number
of copies of a region of a genome compared to the reference genome. CNVs can
be small, such as CNVs of the CAG trinucleotide repeat observed in Huntington’s
disease (OMIM 2018a), or span larger genome regions, including rare cases of

CNVs spanning entire genes, such as human amylase genes (Perry et al. 2007).

Structural rearrangements also contribute to phenotypic diversity. These include
inversions, where the orientation of a genome region is reversed, and
translocations, where a portion of a chromosome is transferred to another
chromosome. Translocations can be reciprocal, where material is transferred
between two non-homologous chromosomes, or non-reciprocal, where material is
transferred from one non-homologous chromosome to another. Translocations are
a common causative agent in cancer, often resulting in gene fusions that lead to
aberrant functions. Many cancers are characterised by specific, recurrent
translocations, such as fusions of the EWSRI gene in Ewing Sarcoma (Riggi et al.
2007).

At the species level, chromosomal rearrangements often delineate key
evolutionary events. For example, avian genomes are uniquely organised and

almost all extant birds have a characteristic karyotype containing a large number
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of microchromosomes — which are chromosomes <20Mb in size, smaller than the
smallest human chromosome (chromosome 21 - ~47Mb) (Nishida et al. 2008).
The chicken genome is a typical avian genome, with 39 pairs of chromosomes, 33
of which are microchromosomes. A less typical avian genome is that of the
Peregrine falcon, in which over the course of evolution many of its
microchromosomes have fused back together (Damas et al. 2017). Both inter- and
intra-chromosomal rearrangements have played a key role in the evolution of
modern birds, and chromosomal evolution of the Peregrine falcon was one focus

of the work presented in Appendix 5 of this thesis (Damas et al. 2017).

Variation can also occur at the level of entire chromosomes, with multiple human
diseases caused by non-disjunction of chromosomes during cell replication,
resulting in an additional copy of a chromosome (aneuploidy), such as in Down’s
syndrome where individuals have an extra copy of chromosome 21 (OMIM
2017a). At the species level, variation in chromosome number has led to the
evolution of polyploid genomes in many plants — genomes with more than 2 copies
of each chromosome (Adams & Wendel 2005; Comai 2005). Many species have
also evolved what are referred to as B chromosomes — these are chromosomes
which are not essential for the survival of an organism, but are present in some
individuals within populations and provide an additional source of genetic variation
(Houben 2017).

1.2 Human Genetic Variation

1.2.1 The Human Genome Project

Over the course of the 20™ century, the study of genetics progressed from
Mendel’s fundamental laws of heredity to a working knowledge of the molecular
basis by which cells read and store the information that encodes life, as wells as
the tools with which to manipulate these biological processes (Lander et al. 2001).
The study of human genetics was revolutionised again in 2001, with the
publication of the first draft of the human genome (Lander et al. 2001). This was
followed by a more complete version published in 2004 (Collins et al. 2004), and
although the human genome remains unfinished, with some highly repetitive

regions proving hard to sequence and assemble correctly, many improvements
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have been made since the original publication of the human genome, up until the

most recent genome version (GRCh38/HG38).

The end result of the Human Genome Project was the first near-complete genome
of a vertebrate, detailing the sequences of the 23 pairs of chromosomes that make
up the human genome, and providing researchers with a tool for more precise
genetic analyses than previously possible. One of the most notable findings from
the project was that the human genome only encodes ~20,000-25,000 proteins,
far fewer than was predicted at the time (Collins et al. 2004). This finding led to a

fundamental shift in the perception of biological complexity and how it is achieved.

The Human Genome Project took roughly 13 years to complete, cost billions of
dollars, and required the combined efforts of multiple international research
groups, but just over a decade after the completion of the Human Genome Project

the sequencing of a single human genome is comparatively trivial.

1.2.1 Genetic Variation in the Post-Genome Era

In the early 2000s the cost of sequencing a genome was still prohibitively high for
large-scale projects (Figure 1.1). Many projects studying genetic variation during
this time focused on the use of genotyping arrays, an older and cheaper
technology compared to genome sequencing, but which provides lower-density

data.

The International HapMap project was launched in 2002 with the aim of
uncovering common patterns of genetic variation and producing a haplotype map
of the human genome — sets of variants inherited together on single chromosomes
or in a chromosome region (The International HapMap Consortium 2003). The
HapMap project proceeded through three main phases. Phase One was
completed in 2005 and reported complete genotypes for 269 samples from four
populations, containing 1,007,329 high-quality variants (Belmont et al. 2005).
Phase Two was completed in 2007, and improved on the Phase One HapMap

result with >3.1 million SNPs genotyped for 270 individuals from four populations.
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The third and final HapMap Phase (HapMap 3) was completed in 2010, and
combined the analysis of common and rare variants. A total of 1,184 individuals
were genotyped for 1.6 million common variants, and then a subset of 692 of
these individuals had select genome regions sequenced (Altshuler et al. 2010). In
addition to providing insight in to common inheritance patterns of human genetic
variation, as the first large-scale analysis of human haplotypes, the HapMap
Project data has also been utilised in many genome-wide association studies to

identify phenotypic traits associated with different genotypes (Frazer et al. 2007).

Cost per Genome

Moore's Law

N I H National Human Genome
Research Institute

genome.gov/sequencingcosts

20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

Figure 1.1: The cost of sequencing a genome over time. This figure is reproduced with permission

from the National Human Genome Research Institute (Wetterstrand 2018).

With so much genetic variation data being generated, and with many large-scale
sequencing projects on the horizon, a multitude of genetic variation databases
have been established to store the data and make it publicly available. The most
general genetic variation database, dbSNP, hosts variation information for multiple
species (53 in total) and was established by the National Center for Biotechnology
Information (NCBI) (Sherry 2001). The current dbSNP release (build 151, last
updated 22/03/2018) contains 660,773,127 reference SNPs and 1,803,563,957

constituent submitted SNPs (https://www.ncbi.nlm.nih.gov/projects/SNP/). NCBI
9
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also produces a sister database to dbSNP called dbVar, which is focused on
structural variants and complements dbSNP (which is focused on SNVs). The
current release of dbVar (last updated 10/06/2018) contains 34.6 million variant

calls (https://www.ncbi.nlm.nih.gov/dbvar/).

Other databases of genetic variation are more specialised than dbSNP. Both
Humsavar (Bateman et al. 2015) and ClinVar (Harrison et al. 2016) are genetic
variation databases focused on clinically relevant human genetic variants.
Humsavar (07/2018 release) contains a total of 77,936 variants, with 30,210
associated with disease, 39,959 natural polymorphisms, and 7,767 unclassified
variants. ClinVar contains a total of 701,674 variants, 684,317 of which have an
associated clinical interpretation. Humsavar and ClinVar are both important tools
in interpreting genetic variation data from new samples, combined with tools like
Online Mendelian Inheritance in Man (OMIM), which focuses on the relationship
between genes and disease phenotypes as well as specific disease variants
(OMIM 2018b). VariBench is another specialised database of genetic variants that
contains a mixture of disease causing variants and natural variants, but was
specifically designed for benchmarking methods for predicting the pathogenicity of
variants (Sasidharan Nair & Vihinen 2012).

Since the first draft of the human genome in 2001, the cost of sequencing a
genome has dropped dramatically (Figure 1.1). The human genome project itself
finished two years earlier than planned and also under budget, due to advances in
sequencing technologies made during the project (Collins et al. 2004). After the
human genome project was completed, these sequencing advances were
leveraged to generate additional human genomes and the extent of variation
between two human genomes could now be investigated in more detail than had

previously been possible.

Initial comparisons of entire human genomes showed that there could be as many
as 4.1 million DNA variants compared to the reference genome: 3,213401 SNVs,
53,823 substitutions between 2-206bp in size, 292,102 heterozygous indels (1-
571bp in size), 559,473 homozygous indels (1-82,711bp in size), 90 inversions,
and a number of segmental duplications and CNVs (Levy et al. 2007). SNVs were

10
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found to be the most numerous type of variant, accounting for the majority of
variants between genomes (78%), but 74% of variant bases were from larger non-
SNV changes (Levy et al. 2007).

While various sequencing projects were happening concurrently after the
completion of the human reference genome, the successor to the Human Genome

Project in terms of scale and ambition was the 1,000 Genomes Project.

1.2.2 The 1,000 Genomes Project

The 1,000 Genomes Project began in 2008 with a pilot study, which was followed
by three project phases, the last of which ended in 2015 (1000 Genomes Project
Consortium 2015). The aim of the project was to produce a comprehensive
reference of common genetic variation in humans, defined as variants occurring in
>1% of individuals, which could then be used to advance many areas of biological
research. The project used a combination of whole-genome sequencing (at low
coverage), deep exome sequencing, and dense microarray genotyping to
reconstruct the genomes of 2,504 individual humans and identified >88 million
variants. Of these, 84.7 million were SNVs, 3.6 million were short indels, and

60,000 were larger structural variants (1000 Genomes Project Consortium 2015).

The majority of the variants identified in each individual genome occur in non-
coding regions, and of these 459,000-565,000 per individual overlap with known
functional non-coding regions. Protein-coding variants are much rarer but still
occur fairly frequently. Each genome contains 149-182 protein truncating variants
and 10,000-12,000 variants that alter the sequence of the encoded polypeptides
(1000 Genomes Project Consortium 2015). The majority of the variants identified
across individuals are rare (frequency <0.5%), but the majority of variants
observed within a single human genome were found to be common, with only 1-

4% of variants in an individual having a frequency <0.5%.

This set of 2,504 genomes was sampled from 26 different human populations
(Figure 1.2), with the design of the study and the population sampling informed by
previous projects, such as the HapMap Project (Altshuler et al. 2010). These data

provide a reference for >99% of genetic variants in these 26 populations that occur
1
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in >1% of individuals (1000 Genomes Project Consortium 2015). The typical
human genome was found to differ from the human reference genome at 4.1
million to 5.0 million sites. As previously found, the majority of variants are SNVs
but the majority of variant bases are from larger types of structural variation, with
the typical genome having 2,100-2,500 structural variants (Levy et al. 2007; 1000

Genomes Project Consortium 2015).
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Figure 1.2: Populations sampled for the 1,000 Genomes Project. This figure is reproduced with
permission from the International Genome Sample Resource (International Genome Sample
Resource 2018).

The numbers of observed variant sites compared to the reference genome varied
considerably between the populations sampled, with the African super population
having the highest number of variant sites. Individual variants also occurred at
highly different frequencies between different populations used in the 1,000
Genomes Project (Figure 1.2), with 762,000 variants that were found to be rare
across populations (<0.5% frequency) but common in at least one population

sampled (>5% frequency) (1000 Genomes Project Consortium 2015).
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Each of the 2,504 genomes sequenced in the 1,000 Genomes Project was also
phased to high-quality. This means that for each genome it is known which
variants correspond to which copy of a chromosome, and therefore which
combinations of variants were inherited together, and for protein-coding variants
which variants occur in the same copies of proteins. The high-quality, size and
public availability of the 1,000 Genomes Project data have made it a crucial
resource for studies of genetic variation, even as other studies have eclipsed it in

terms of sample size.

1.2.3 Rapid Human Genome Sequence Growth

Since the completion of the 1,000 genomes project the pace of genome
sequencing has further increased, with sequencing projects targeting ever larger
sample sizes. The Exome Sequencing Project (ESP) began shortly after the 1,000
Genomes Project in 2009 and was completed before phase 3 of the 1,000
Genomes Project. Its focus was in identifying rare, likely functional protein-coding
variants associated with heart, lung, and blood diseases (Fu et al. 2013). The ESP
exceeded the 1,000 Genomes Project in terms of sample size, with 6,515
samples, but was more limited due to only sequencing the exomes of the samples

and also due to sampling a smaller set of populations.

Despite these limitations, the ESP has been a valuable resource for quantifying
protein-coding variation, for associating >70 different traits associated with heart,
lung, and blood diseases, and in the planning of future large-scale sequencing
projects (Auer et al. 2016). One interesting finding from the ESP data was the
estimation that 73% of all protein-coding SNVs and 86% of SNVs predicted to be
deleterious have arisen within the last 5,000-10,000 years. This indicates that not
enough time has elapsed for these mutations to be removed from human
populations via purifying selection, and highlights the burden of recently occurring

deleterious mutations segregating in human populations (Fu et al. 2013).

The Cancer Genome Atlas (TCGA; http://cancergenome.nih.gov/) aims to
catalogue the key genomic changes for many types of cancer, and is a collection
of matched tumour and normal tissue samples from 11,000 patients, across 33

different tumour types. The project produced 2.5 petabytes of data, combining
13
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data from RNA sequencing, MicroRNA sequencing, DNA sequencing, SNP arrays,
DNA methylation arrays, and protein expression arrays (Tomczak et al. 2015).
TCGA data have been used to identify many key genomic changes associated
with different types of cancer, changed the way that tumours are classified by
identifying many sub-types of tumours, and advanced therapeutic options for
cancers by identifying targetable genomic changes for current treatments and also

identifying targets for future therapy development (Tomczak et al. 2015).

Similar to TCGA, the Deciphering Developmental Disorders (DDD) Study is a
large-scale sequencing project aimed at understanding disease phenotypes, but
the DDD study is focused on the analysis of human developmental disorders. The
DDD study began recruiting patients in 2011 and has since recruited thousands of
children with developmental disorders, and there are 120 published studies using
the DDD Study to date (as of 29/08/2018).

In the latest DDD study publication, an analysis of 4,293 patients with severe,
undiagnosed developmental disorders was reported, with exome sequencing
performed for the affected children and also their parents (Deciphering
Developmental Disorders Study 2017). Utilising the data from affected individuals
as well as their parents, this work focused on the prevalence of de novo mutations
in developmental disorders, and estimated that 42% of their cohort carry
pathogenic de novo mutations in coding regions. From these data, and given
current global demographics, it was estimated that 400,000 children worldwide are
born per year with developmental disorders caused by de novo mutations
(Deciphering Developmental Disorders Study 2017). The DDD study has also
helped identify 12 novel genes associated with developmental disorders. These
new genes have increased the diagnosis rate of the children with developmental
disorders in the study by 10% (from 28% to 31%) (The Deciphering
Developmental Disorders Study 2015).

Many of these large sequencing projects have produced vast amounts of genetic
variation data, but their true potential is often limited by the difficulty in comparing
data between studies. Many studies use different sequencing approaches, and

almost all use different methods to call and filter the raw sequencing data. To try
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and maximise the utility of the sequencing data available a project was started to
collate multiple sequencing efforts and standardise the protocols used to call and

filter variants. This became known as the Exome Aggregation Consortium (ExAC).

In 2016, EXAC published its analysis of a set of 60,706 high-quality exomes, all of
which were generated using a standardised protocol for calling variants (Monkol
Lek et al. 2016). Across the set of exomes, 10,195,872 unique variants were
identified, and 7,404,909 were kept after filtering — this corresponds to one variant
for every eight base pairs in the exome (Monkol Lek et al. 2016). The majority of
the variants identified are rare variants, with 99% having a frequency <1%, and
54% occurring in only one sample in the dataset. The sample size of ExAC
enabled the detection of rare variants on a scale not previously possible, with 72%
of the variants identified not present in either the 1,000 Genomes dataset or the
ESP dataset (Monkol Lek et al. 2016). The size of the EXAC dataset has also
identified that 7.9% of high-quality sites analysed are multiallelic (>1 variant
observed at the same position in different individuals), far more than the 0.48%
identified from the 1,000 Genomes Project or the 0.43% from the ESP (Monkol
Lek et al. 2016).

Mutational recurrence is the phenomenon of identical mutations occurring

independently in different individuals. Another key finding from the ExAC dataset
was the identification of high-rates of mutational recurrence, with 43% of de novo
mutations previously identified from parent-offspring trio studies also identified in

the ExAC dataset, implicating recurrence of variants (Monkol Lek et al. 2016).

The EXAC data set has also highlighted the importance of haplotype phasing to
avoid incorrect annotation of multinucleotide variants (MNVs), which are cases
where multiple nucleotide substitution events have occurred in the same codon of
a protein-coding gene. Haplotype phasing is the assignment of variants to copies
of chromosomes, thereby identifying which variants are inherited as haplotypes
(variants on the same copies of chromosomes that are inherited together), and
without haplotype phasing it is not possible to correctly annotate MNVs. For
example, if an individual has two nucleotide variants that both occur in the same
codon, these may occur on different copies of that individual’s chromosomes,
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resulting in each copy of the encoded protein having a single variant (which could
be synonymous or non-synonymous). Alternatively, these two nucleotide variants
may have occurred on the same chromosome copy, which would result in a
different codon than either of the single variants alone (this final codon could also
be a synonymous or non-synonymous change compared to the reference

genome).

In the EXAC data set, there were 5,495 MNVs identified, with on average 23 MNVs
per sample. In each of these cases, analysis of the individual SNVs, without
haplotype phasing, would have led to the incorrect interpretation of the variants. Of
these MNVs, there were 647 examples where an MNV would rescue a protein-
truncating variant caused by one of the constituent SNVs, and 131 examples
where the MNV resulted in a protein-truncating variant not caused by the
constituent SNVs alone (Monkol Lek et al. 2016).

The EXAC data resource was released in an aggregated format, which was
necessary to maintain the privacy of the individuals involved, but also limits the
information available from ExAC and therefore its utility. For example, the work
presented in Chapter 3 of this thesis requires knowledge of all of the variants that
each individual sample has, which is possible using the 1,000 Genomes Project
data. However, with the EXAC data set it is only possible to know how frequently
each variant occurs in the population. Nevertheless, such a large reference
database of genetic variation has proved a useful tool for the analysis of new
sample data. For rare variants and rare diseases, variants that occur above a
certain frequency in EXAC can be ruled out as unlikely to be the causative
variants, with variants occurring at >1% frequency often filtered out in variant
prioritisation (Monkol Lek et al. 2016). However, not all of the individuals within
ExAC can be considered ‘healthy’, as some samples are taken from disease
cohort studies, which must be taken in to account if using EXAC data to study

diseases that a subset of EXAC samples have (Monkol Lek et al. 2016).

The scale of the EXAC dataset has already changed the way that genetic variation
in humans is viewed. In prion disease, comparison of the genomes of prion
disease sufferers with the large control population of EXAC showed that many of
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the genetic variants previously associated with prion disease occur far too
frequently in the EXAC population to be causative of the disease. Some of the
previously associated variants were 30 times more common in EXAC than
expected based on the prevalence of prion disease, and these variants were either
previously falsely associated with the disease or their penetrance depends on
other genetic factors (Minikel et al. 2016). Similar trends have been observed for
mutations previously associated with cardiomyopathy, with multiple mutations
occurring far more frequently in the ExAC population than expected based on the
prevalence of the disease (Walsh et al. 2017). We observed a similar pattern in
the work presented in Chapter 2 — many cystinuria associated variants were found
to have an allele frequency ~30% in EXAC, despite the worldwide incidence of
cystinuria being 1 in 7,000 (Martell et al. 2017).

With the ever-increasing pace of genome sequencing, the ExAC database has
already been replaced by the Genome Aggregation Database (GnomAD)
(Karczewski et al. 2017). The GnomAD database not only contains all of the
exomes of ExXAC, but an additional 62,430 exomes, and now its first whole
genomes, with 15,496 full human genomes in the current GnomAD release,

drawing data from 47 individual sequencing projects (Karczewski et al. 2017)

1.2.4 Ongoing and Future Genome Sequencing Projects

The pace of genome sequencing continues to advance, with many ongoing private
and public sequencing projects. One of the largest ongoing projects is the 100,000
Genomes Project run by Genomics England, a company started and run by the
Department of Health, England, in collaboration with the National Health Service
(NHS), Public Health England, and Health Education England (Davies 2017). The
project began in 2012, with the aim of sequencing 100,000 whole human
genomes, with a particular focus on identifying the underlying causes of multiple
types of cancer and rare diseases. There are also a series of smaller projects
within the 100,000 Genomes Project, such as the analysis of infectious diseases,
with 3,000 multidrug resistant tuberculosis organisms already sequenced. The
large sample cohort combined with the detailed medical and family records
available to the 100,000 Genomes Project make it a powerful data set for the

advancement of precision medicine (Davies 2017).
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The Personal Genomes Project was launched in 2005 with the aim of recruiting
100,000 volunteers to have their complete genomes published as well as their
medical records. The project began exclusively in the United States at Harvard,
but has since expanded to a global network of individual projects, with local
projects in the United Kingdom, Canada, Austria, and the People’s Republic of
China. The aim of the Personal Genomes Project is to advance personal
genomics and precision medicine by making this large collection of genotype and

phenotype data freely available (Church 2005).

The UK Biobank is another large-scale, open-data precision medicine project, with
a focus on the diseases of middle and old age. The study has recruited 500,000
participants aged between 40-69 years old, all of whom have consented to have a
wide range of phenotypic and genotypic measurements taken, as well as
longitudinal follow-up (Sudlow et al. 2015). Initial genotypic measurements have
been limited to genome-wide genotyping, but whole exome sequencing of samples
has now been approved in an industrial partnership with GlaxoSmithKline and
Regeneron (UK Biobank 2018).

In 2015, President Obama announced the United States’ Precision Medicine
Initiative, a $215 million investment in precision medicine, with a particular focus
on precision medicine in cancer treatment. This project became the ‘All of Us’
initiative, which aims to recruit one million participants and spearhead precision
medicine advancement in the United States of America (USA) (National Institutes
of Health 2018).

The Resilience Project is another large-scale precision medicine project in the
USA, which is being coordinated by the Icahn Institute for Genomics. This project
focuses on identifying individuals that carry known disease-causing variants but
who show no clinical manifestation of the disease. The potential of the project was
demonstrated in an analysis of 589,306 genomes that identified individuals with
variants known to cause severe childhood mendelian disease who have reached
adulthood with no manifestation of the disease (Chen et al. 2016). Such ‘resilient’
individuals are believed to carry additional variants that buffer the effects of the
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disease-causing variants, the identification of which could help in the development
of new treatment options. The resilience project is also intriguing, because some
of the data used in the project comes from 23andme, a private company that offers
direct-to-consumer genetic testing. Such genetic testing products began primarily
to report the ancestry and health-risks of customers, but the data generated is now

being used in primary medical research (Chen et al. 2016).

Much of the current boom in genomics was fuelled by the development of next-
generation sequencing technologies that were much faster than traditional Sanger
sequencing, but which produced shorter reads. These short-read technologies are
now referred to as second-generation sequencing technologies. Future
sequencing projects will be able to leverage the advances made in third-
generation sequencing technologies. Nanopore sequencing is one third-generation
sequencing method, and it has already been used as a platform for rapid
sequencing of virus genomes during the 2013-2016 West Africa Ebola virus
outbreak, with the portability of the MinlON platform being a major advantage over
other platforms (Quick et al. 2016; Hoenen et al. 2016).

Other fast, long-read technologies have also made recent advances, such as
PacBio SMRT sequencing. SMRT sequencing is able to produce much longer
reads than second-generation sequencing technologies, with an average read
length of 15,000 bp and some reads as long as 100,000 bp, with most second-
generation sequencing technologies having a maximum read length between 150-
400 bp. SMRT sequencing also has the advantage that its error rate is uniform
across sequences, unlike many second-generation sequencing technologies

which have large error biases (Roberts et al. 2013).

It has long been known that the organisation of an organism’s genome has a large
functional impact. High-throughput detection of large-scale organisation of
genomes is now becoming possible with advances in chromosome conformation
capture technologies. These methods have applications both in the assembly of
genomes (Mascher et al. 2017; Moll et al. 2017), and also in the study of variation
in genome organisation, such as analysis of chromosomal rearrangements in
cancer (Harewood et al. 2017).

19



Chapter 1: Introduction

1.3 Non-Human Genetic Variation

The genomics revolution has not been confined to the study of humans, with some
animals having their genome sequenced before the human genome, such as
Caenorhabditis elegans in 1998 (The C. elegans Sequencing Consortium 1998).
Not long after the publication of the human genome in 2001, multiple animal
genomes had already been sequenced. The initial focus was on animals of
research or agricultural relevance, with the mouse genome published in 2002
(Waterston et al. 2002), followed by the rat genome in 2004 (Gibbs et al. 2004),
the chicken genome in 2004 (International Chicken Genome Sequencing
Consortium 2004), the cow genome in 2009 (The Bovine Genome Sequencing
and Analysis Consortium 2009), and the pig genome in 2012 (Groenen et al.
2012). As of 03/09/2018 there are a total of 38,734 published genomes in the
NCBI genomes database, including 6,504 eukaryotes, 156,689 prokaryotes,
18,749 viruses, 13,483 plasmids, and 12,079 organelles

(https://www.ncbi.nlm.nih.gov/genome/browse/#!/overview/).

The number of non-human genome sequences is continuing to grow, with many
ongoing large-scale projects. The Genome 10K Project aims to sequence the
genome of at least one individual in each vertebrate genus — around 10,000
genomes (Haussler et al. 2009), the 5,000 Insect Genome Project aims to
sequence the genomes of 5,000 insects and other arthropods (Robinson et al.
2011), the Bird 10K project aims to produce draft genomes for all extant species of
birds — around 10,500 genomes (Zhang 2015), and the Earth BioGenome Project
aims to sequence, catalogue, and characterise the genomes of all of Earth’s

eukaryotic biodiversity (Lewin et al. 2018).

One drawback of the majority of these de novo sequencing projects is that they
often produce fragmented genome assemblies. The aim of sequencing and
assembling a new reference genome for a species is to produce one contiguous
sequence block per chromosome. This is often not possible due to the short-read
lengths of many of the second-generation technologies that have enabled such
large-scale sequencing projects. This means that the utility of the genomes

produced is limited, as much of the functional information contained in the
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organisation of a species’ genome is lost. This was the problem we sought to
ameliorate in the paper presented in Appendix 5, which describes a new method
combining computational and experimental methods to upgrade fragmented
genome assemblies to chromosome-level. The potential of this new method is
demonstrated with upgraded assemblies of both the pigeon and peregrine falcon
genomes. Analyses of these new genome assemblies also provided insight in to

the evolution of the unique avian karyotype, see Appendix 5 (Damas et al. 2017).

The generation of non-human genomes has clear impacts for the respective
research fields of each organism, but their use in comparative genomics analyses
can also advance our understanding of human genetic variation. High-quality non-
human genomes can be used to identify conserved regions in genomes and help
to identify regions of unrecognised importance, with inter-species sequence
conservation a key feature used in many tools for predicting the effects of genetic

variants.

1.4 Genetic Variation Analysis Tools

1.4.1 Variant Calling and Filtering

The rapid advances in sequencing technologies and subsequent growth in
sequencing data have necessitated methods for their analysis which are fast and
scalable. These methods developed rapidly and divergently, but in recent years
there has been a drive to standardise approaches to the processing of sequencing
data, such as the Genome Analysis Toolkit (GATK) developed by the Broad
Institute (McKenna et al. 2010). The following section describes the best practices

for the analysis of DNA sequencing data defined by GATK.

Modern sequencing technologies produce vast amounts of data in the form of
reads — small sequence fragments of the sample being analysed. These reads are
stored in FASTQ files, which store both the sequence of the read and also
individual base quality scores for the read. Sequencing reads can then be aligned
to a reference genome, and a SAM/BAM file can be produced that stores the read,
its quality, and where it aligns to the reference genome (SAM files are

uncompressed whereas BAM files are compressed and indexed, but both files
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store the same information). SAM/BAM files are a “platform-agnostic” file format,
and once produced allow for the downstream analysis of sequence data from any

sequencing platform (McKenna et al. 2010).

The next step is variant calling to identify differences between the sequenced
sample and the reference genome. This step involves quality filtering of the
sequence reads, either with hard-filtering, for example using thresholds for Phred
scores (which describe the probability that a base in a sequence read has been
called correctly), or more recent methods that use machine learning approaches,
such as random forest classifiers, or with a combination of hard-filtering and
machine learning, as with the GnomAD variant filtering protocol (Monkol Lek et al.
2016; Karczewski et al. 2017).

There are a large number of tools available to perform variant calling. One recent
paper compared eight frequently used variant calling tools: GATK HaplotypeCaller,
Platypus, VarScan, LoFreq, FreeBayes, SNVer, SAMtools and VarDict. These
tools will each produce different call sets for the same input data, with each
method having trade-off between sensitivity and precision of calling variants
(Sandmann et al. 2017).

Variant calling remains a tricky problem, partially because of variation between
pipelines used in different studies, but also because of reproducibility problems
even when using the same calling pipeline. Using a set of 200 samples all taken
from the same individual, variant calling and standardised variant filtering was
performed to create 200 call sets for the same sample, filtering out low-complexity
regions such as centromeres, telomeres and repetitive regions (~70% of the
genome remains after this filtering). Across these samples, 97.3% of the region
could be sequenced with high reproducibility (2,157Mb), but 184Mb of this region
had acceptable reproducibility rates >90%, and 184Mb had reproducibility rates
<90% (Telenti et al. 2016).

Regardless of the method used, this variant calling step produces a VCF (Variant
Call Format) file that describes all of the differences between the sample and the
reference genome. After variant calling additional filters may be applied to filter out
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common variants, or those with known clinical associations (Bateman et al. 2015;
Monkol Lek et al. 2016; Landrum et al. 2018).

1.4.2 Variant Annotation

Once a high-quality variant call set has been produced, the next step is to
annotate the variants. The call set simply provides coordinates for where in the
genome a variant has occurred compared to the reference genome used. The
purpose of variant annotation is to add context and functional information to these
coordinates. For example, whether a variant is in a gene or in an intergenic region
of the genome, and if in a protein coding gene whether it changes the sequence of

the encoded protein.

The problem of variant annotation is not as simple as it first appears. Many tools
are available for variant annotation, with two of the most commonly used ones
being Annovar (Wang et al. 2010) and the Ensembl Variant Effect Predictor (VEP)
(McLaren et al. 2016). Each of these tools is able to take a VCF file as input and
annotate each of the variants contained, determining which variants occur in non-
coding regions, which variants occur in coding regions, and what their likely
functional effects are. However, the annotation agreement between these tools
has been shown to be quite poor. For exonic variants, the agreement between
Annovar and VEP has been measured at only 87%, with only 65% agreement for
putative loss-of-function mutations (McCarthy et al. 2014). The choice of transcript
set can also have a large effect on the annotations produced by Annovar and
VEP, with loss-of-function variants having only 44% annotation agreement when
comparing the two commonly used transcript sets of Ensembl and RefSeq
(McCarthy et al. 2014).

The discrepancies in variant annotation between methods and transcript sets
highlights the need for standardised methods for variant annotation, and also
highlights the importance of efforts like EXAC in producing large data sets that are
comparable across samples due to being processed with a single pipeline (Monkol
Lek et al. 2016).
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As discussed earlier, within the EXAC dataset there were 5,945 cases of MNVs,
where the final impact of the variants would be incorrectly annotated without
haplotype phasing and consideration of the combined variant effects (Monkol Lek
et al. 2016). Even with a correctly phased variant call set, many annotation tools
do not consider the effects of MNVs and will annotate each constituent SNV
separately. Annovar does not currently interpret MNVs in a combined manner, and
VEP has only recently implemented its Haplosaurus tool for annotating phased
variants. MAC is a pipeline tool that can identify MNVs and correct annotations
from Annovar and VEP outputs, but it requires input of the raw sequencing data
(Wei et al. 2015). This may not be possible in some cases, such as public data
sets that only release the variant call sets and not the raw sequencing data.
Correction for MNVs was an important step of the work presented in Chapter 3 of
this thesis, in order to correctly determine variant combinations within individual

human genomes.

1.4.3 Computational Pathogenicity Prediction

After an annotated VCF file has been produced, the next step is to prioritise the
variants identified. This step will depend greatly on the aim of the analysis, for
example if trying to identify functional variants associated with heart disease one
might filter for variants in known heart disease-associated genes. However, many
analyses involve traits where the associated genes are unknown, and therefore
the goal is often to identify variants that are most likely to have large functional

impacts.

Despite advances in high-throughput mutational scanning methods (Gasperini et
al. 2016; Fowler & Fields 2014), which can experimentally test the effects of
thousands of mutations on certain protein features in parallel, the scale of modern
variation data means that experimental characterisation of each variant identified
is impractical. Instead, a large number of computational tools have been
developed to plug this gap and try to predict the pathogenicity of variants (Figure
1.3).
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Figure 1.3: Computational tools for predicting pathogenicity of genetic variants. The size of the
name is scaled to the logarithm of the number of citations. This figure is reproduced with

permission from Hoskins et el. (Hoskins et al. 2017).

The aim of these computational prediction tools is to classify a given variant as
either pathogenic or neutral, in order to broadly classify and prioritise the
overwhelming number of genetic variants identified in large-scale sequencing
projects. Many of these methods rely on similar principles, and largely differ in

their implementation (typically using machine learning approaches).

One of the most commonly used tools for predicting variant pathogenicity has
been SIFT, which takes a fairly simplistic approach of considering conservation of
positions in multiple sequence alignments (Ng & Henikoff 2003; Kumar et al. 2009;
Sim et al. 2012). The program takes the input sequence of the user and identifies
related sequences from a database of protein sequences. SIFT then builds an
alignment of the related sequences, and calculates the probability of each of the
20 amino acids to occur at a given position. SIFT then provides a probability that
the observed variant will affect the function of the protein (SIFT score), with

variants at highly conserved positions being more likely to affect protein function.
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PolyPhen2 (Adzhubei et al. 2010) is another commonly used tool that also uses
information about evolutionary conservation in its prediction. However, it also uses
the basic physiochemical properties of the wild type and mutant amino acids, and
considers many sequence features as annotated by UniProt. These sequence
features include: residues forming bonds (e.g. disulphide bonds), active site
residues, binding sites (e.g. metal binding sites), and residues that undergo lipid or
sugar modifications. PolyPhen2 also uses information from known 3D structures of
proteins, for example identification of mutations that would disrupt hydrophobic
cores, and it also uses DSSP to analyse protein secondary structure, solvent

accessibility, and phi-psi dihedral angles (Joosten et al. 2011).

PolyPhen2 implements machine learning (naive Bayes classifier) to integrate all of
these features and classify variants, and has been trained on two different
datasets: HumVar and HumDiv, with each of these training sets having its own
advantages. HumVar is composed of 13,032 human disease-causing variants
(annotated in UniProt) as well as 8,946 nsSNVs without disease annotation (which
are regarded as non-damaging by PolyPhen2), and is better suited to classifying
variants with drastic effects, such as those that cause Mendelian diseases.
HumDiv is composed of 3,155 variants annotated as causing Mendelian diseases
in UniProt as well as 6,321 sequence differences between human proteins and
closely related homologs, and is better suited to classifying variants involved in

complex phenotypes (Adzhubei et al. 2010).

Many other predictions also leverage similar features to SIFT and PolyPhen2, but
combine these features with their own unique features. SuSPect utilises network
centrality in protein-protein interaction networks as an important feature in its
prediction method (Yates et al. 2014). FATHMM uses hidden Markov models
(HMMs), as well as homologous proteins and protein domain conservation to
weight how tolerant certain proteins/conserved domains are to variants (Hashem
A. Shihab et al. 2013). MutationAssessor also uses homologues and domain
conservation in its predictions, but implements a sequence entropy metric as a
measure of position-specific conservation, and compares the entropy of the
position with the wild type and variant amino acids (Reva et al. 2011).
MutationAssessor also identifies sequence subfamilies within homologues to
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determine putative function specificity residues, and this information is used to
predict variants that cause switch of function, as opposed to either loss or gain of
function. MutationAssessor was used to analyse a set of cancer-relevant variants
from COSMIC, and of the 3,631 variants in functional regions/binding sites it

estimated that at least 5% result in switch of function (Reva et al. 2011).

Foldx (Schymkowitz et al. 2005) and mCSM (Pires et al. 2014) are two more
methods for predicting the effects of genetic variants, but specialise in predicting
the effects of the mutations on the 3-dimensional structures of proteins, and as
such both methods require a protein structure in order to make their predictions.
Foldx is a tool for calculating the free energy of a macromolecule, and can be used
to compare the free energy of a wild type protein to the free energy of the same
protein with one or more variant (Schymkowitz et al. 2005). This can be used to
identify variants that will have destabilising or stabilising effects on proteins, both

of which can be damaging.

mCSM is a newer method that uses graph-based signatures to encode distances
between atoms and environments around individual residues, e.g. hydrophobic
environments. The properties of the wild type and variant type amino acids are
then considered within the context of the environment, e.g. a hydrophobic wild
type amino acid in a hydrophobic environment mutated to a polar type variant
amino acid. mCSM then uses machine learning to interpret these graph-based
signatures and predict the effects of mutations on protein stability, protein-protein

interactions, and protein-DNA interactions (Pires et al. 2014).

Molecular dynamics analyses are another type of prediction method that utilise
protein structures. These methods focus on considering the inherent flexibility and
motion of proteins, by attempting to predict the movement of individual atoms in
structures over time. These methods are computationally expensive, especially
when analysing structural fluctuations over biologically relevant timescales, but
have shown potential in assessing the impacts of variants on protein flexibility and
stability (Zimmermann et al. 2017; De Vivo et al. 2016).
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Some methods focus on combining the predictions of other tools to make an
aggregate prediction, such as CADD (Kircher et al. 2014), Condel (Gonzalez-
Pérez & Lépez-Bigas 2011), and REVEL (loannidis et al. 2016). Each of these
three tools integrates the predictions of other tools, including SIFT and PolyPhen,
to compute a combined prediction. However, each tool uses slightly different input
predictions as well as different machine learning algorithms for the final
predictions, with CADD using a support vector machine, Condel using weighted
average scores, and REVEL using a random forest classifier (Gonzalez-Pérez &
Lopez-Bigas 2011; Kircher et al. 2014; loannidis et al. 2016).

In benchmarking, each of these three combined prediction tools report improved
performance compared to using the constituent predictions on their own. However,
each new prediction tool that is published reports an improved predictive ability
compared to existing tools, and the performance of each tool is heavily influenced
by the set of variants used for benchmarking. Independent comparisons of variant
prediction tools have shown that different tools have low levels of agreement about
the pathogenicity of the same variants (Chun & Fay 2009; Walters-Sen et al.
2015), and also low levels of agreement with known consequences of variants
(Miosge et al. 2015). Additionally, the reported accuracies of the prediction
methods in their initial publications have been shown to be likely over-estimated

when independently compared (Grimm et al. 2015; Mahmood et al. 2017).

We saw a similarly low level of agreement between different pathogenicity
predictors in the work presented in Chapter 2. We implemented six commonly
used pathogenicity predictors (SIFT, PolyPhen2, MutationAssessor, FATHMM,
Condel, and CADD) to predict the effects of cystinuria associated mutations.
Across the set of mutations, these tools had between 32.9-34.5% agreement in
their predictions, depending on the affected gene. We also observed incomplete
agreement of predictions with experimental characterisation of a small set of

cystinuria associated mutations, see Chapter 2 (Martell et al. 2017).

The difficulties in comparing computational pathogenicity predictors has led to the
drive for more independent comparisons of tools, and to the formation of the
Critical Assessment of Genome Interpretation (CAGI) community experiment
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(Hoskins et al. 2017). The aim of CAGl is to objectively compare the abilities of
tools for interpreting genetic variants, similar to the Critical Assessment of Protein
Structure Prediction (CASP) for the assessment of protein structure prediction
(Moult et al. 2018), to the Critical Assessment of Function Annotation (CAFA) for
the assessment of protein function prediction (Jiang et al. 2016), and to the Ciritical
Assessment of Prediction of Interactions (CAPRI) project for the assessment of

prediction of protein-protein interactions (Lensink et al. 2017).

Objective comparison of the performance of these missense variant prediction
tools is difficult. Traditional benchmarking of the tools relies on the use of a large
set of variants for which the effects are known, i.e. pathogenic or benign. The
source of this functional information depends on the variant set, with some
benchmarking sets sourced from reported clinical information about variants and
others sourced from experimental testing of the effects of variants. Tools are then
assessed on their ability to correctly predict the functional effects of the variants.
However, no single metric can adequately describe the utility of a prediction tool,

and therefore predictions tools are assessed over a range of metrics.

Common metrics include: the true positive rate (the proportion of deleterious
variants that are correctly predicted to be deleterious; TPR), the true negative rate
(the proportion of benign variants that are correctly predicted to be benign; TNR),
the false positive rate (the proportion of benign variants are falsely predicted to be
deleterious; FPR), and the false negative rate (the proportion of deleterious
variants that are incorrectly predicted to be benign; FNR). Another method
frequently used to directly compare prediction methods is to plot a Receiver
Operating Characteristic (ROC) curve, which reflects the TPR and the FPR at
different pathogenicity thresholds for an individual method. For each method the
area under the curve (AUC) is calculated to reduce the complexity of the ROC
curve. The AUC is a single value and the higher the AUC the better the

performance of the prediction tool.

Recent work has attempted to comprehensively and independently assess the
performance of a set of 23 commonly used missense variant prediction methods
(Li et al. 2018). Each of the 23 tools was used to predict the effects of missense
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variants for 3 different benchmark variant sets: i) human somatic variants from
ClinVar ii) human somatic variants from the IARC TP53 database and the ICGC
database (two cancer focused mutation databases) iii) a set of experimentally
evaluated Peroxisome Proliferator-Activated Receptor Gamma (PPARG) variants.
The predictions of the different tools were then compared for 12 different
performance measures, including TPR, TNR, FPR, FNR, and AUC. For the
ClinVar variant set, a large amount of variation in performance was seen across
the methods: TPR (50.52%-96.07%), TNR (34.8%-89.95%), FPR (10.05%-
65.20%), FNR (3.93%-45.99%), AUC (0.610-0.929). Each of the 23 tools performs
better for certain metrics, e.g. some tools have relatively high TPR but relatively
low TNR. Crucially, the 23 tools also vary in their performance between the three
benchmarking datasets, demonstrating the need for researchers and clinicians to
choose not the best overall prediction tool but the best prediction tool for a given
problem (Li et al. 2018).

The effects of mutations on splicing are another important aspect of pathogenicity
prediction, as variants that alter splicing frequently have much larger effects on
protein function compared to SNVs that change one amino acid. Both Annovar
and VEP will annotate variants as likely to affect splicing, but prediction of splice
variants shows the highest degree of annotation discrepancy between the variant

annotation methods (McCarthy et al. 2014).

As previously discussed, prediction of the effects of non-coding variants remains
more difficult than predicting the effects of protein-coding variants, with existing
methods focused on combining functional annotations of non-coding regions,
evolutionary conservation, and machine learning to prioritise non-coding variants
(Ritchie et al. 2014; Fu et al. 2014; Zhou & Troyanskaya 2015; Shihab et al. 2015;
lonita-Laza et al. 2016; Smedley et al. 2016). These methods are likely to improve
as annotations of non-coding regions of genomes improve. Progress has been
made on the annotation of functional non-coding regions in the human genome
(Dunham et al. 2012), but annotation of functional non-coding regions in other

non-human reference genomes is still poor (Andersson et al. 2015).
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With non-coding variants known to be the functional variants in a number of
human diseases it is essential that methods to predict their effects are improved
(Zhang & Lupski 2015). In the future it will also be essential to integrate whole-
genome sequencing data with RNA sequencing and proteomics data, in order to
directly study the effects of genetic variation at the RNA level and on protein
expression. These data can then be compared to reference expression data sets,
such as the Expression Atlas, which has integrated and reanalysed expression
data from thousands of individual studies (Petryszak et al. 2016). This will enable
the identification of variants that deregulate RNA expression leading to aberrant

functions and disease.

Finally, one of the biggest challenges in predicting the effects of variants is
predicting the combined effects of variants. Almost all current prediction methods
consider the effects of variants in isolation, essentially predicting the effect of a
single difference compared to the reference genome. However, each individual
human genome contains 4.1-5 million variants compared to the reference genome,
and therefore to achieve more accurate predictions the combined effects of

variants must be considered.

EVmutation (Hopf et al. 2017) is a new tool that aims to predict the effects of
variants in the context of other variants. This method considers coevolution and
covariation between residue positions, taking in to account dependencies between
residues (see Section 1.6.4 for a summary of protein residue coevolution). For
example, one variant may be damaging on its own, but when it occurs with one or
more other variants it is no longer damaging. Using this context-dependent
approach, EVmutation demonstrated improved performance compared to methods
that consider variants in isolation (Hopf et al. 2017). Approaches that consider the
effects of multiple variants together will be essential in the future, especially in the
field of precision medicine, and is one of the topics covered in Chapter 3 of this

thesis.

1.4.4 Structural Analysis of Protein Variants

The functional effect of a protein sequence variant is often determined by its effect

on the final 3-dimensional structure of the protein. Manual analysis of variants
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within protein structures, or automated predictors like Foldx, mMCSM and molecular
dynamics approaches (Schymkowitz et al. 2005; Pires et al. 2014; De Vivo et al.
2016; Zimmermann et al. 2017), can be used to identify such functional impacts of
variants on proteins. However, each of these approaches require a high-quality

protein structure.

The requirement of a protein structure in order to perform functional analyses of
genetic variants is a limiting factor, due to the sequence-structure gap — the fact
that there are a large number of sequenced proteins but only a comparatively
small number of experimentally determined structures. In the current release of
UniProt (07/2018) there are 120,243,849 distinct proteins (Bateman et al. 2015).
However, in the current release of the PDB (09/2018) there are only 133,749
protein structures (Berman et al. 2000). Filtering these structures for only
representative structures (<95% sequence identity), results in a set of only 52,868
structures, demonstrating the redundancy of proteins even within the relatively

small set of experimentally resolved protein structures.

This relative paucity of protein structures is caused by the difficulty of experimental
protein structure determination compared to the experimental determination of a
protein’s sequence. The three main techniques for experimental structure
determination are X-ray crystallography (120,564 structures in the PDB), Nuclear
Magnetic Resonance (NMR) spectroscopy (10,826 structures in the PDB), and
electron microscopy (1,717 structures in the PDB). Each of these techniques has

its own advantages and disadvantages.

X-ray crystallography can produce highly accurate atomic resolution structures,
but requires the protein of interest to be crystallised. The crystallisation of a protein
is non-trivial and for many proteins not currently possible. Crystallisation also
results in a static representation of the protein that does not represent the fluidity
in native protein structures. Nevertheless, X-ray crystallography has been the
leading technology of protein structure determination, as demonstrated by the

large number of X-ray solved structures in the PDB (Shi 2014).
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NMR spectroscopy is also capable of producing high-resolution structures of
proteins, and has the added advantage of the ability to interrogate the dynamics of
protein folding and structural fluctuations over time. The main weakness in NMR
spectroscopy is the difficulty in determining the structures of large proteins. For
proteins >25 kDa, more advanced NMR methodologies are required, and the

resolution of the structures produced can be limited (Sugiki et al. 2017).

Single-particle cryo electron microscopy (cryoEM) is a less mature technology
than both X-ray crystallography and NMR spectroscopy, but has shown great
potential especially for the determination of the structures of large macromolecular
complexes (Zhou 2011; Shi 2014). In the future it will be beneficial to combine the
benefits of X-ray, NMR, and cryoEM techniques, both in choosing the most
appropriate technique on an individual protein basis and also in multi-technique
approaches for solving complex structures. In the current release of the PDB
(09/2018) there are already 115 structures produced using a combination of

experimental techniques.

In order to overcome this lack of experimental structures many computational
methods have been developed to predict the structures of proteins. The current
gold standard approaches for predicting protein structures are homology-based
predictors. These methods leverage the fact that homologues proteins have high
structural similarity, with protein structure being more conserved than protein
sequence (Chothia & Lesk 1986; Koonin et al. 2002). Additionally, it is believed
that there are only around 1,000-10,000 unique protein folds present in nature
(Koonin et al. 2002; Kelly et al. 2015). Therefore, for a protein without an
experimental structure, a homologous protein can be identified that does have an
experimental structure and this experimental structure can be used as a template

to predict the structure of the protein without experimental data.

There are now a large number of homology-based structure prediction tools
available, many of which are assessed as part of CASP, which is a community
effort to objectively assess the accuracy of different protein structure prediction
tools (Moult et al. 2018). Two world-leading homology-based structure prediction
tools are Phyre2 (Kelly et al. 2015) and I-TASSER (Yang et al. 2014), both of
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which receive thousands of submissions every year. If a homology template can
be identified, these tools can produce high-quality structural models of either

complete proteins or individual domains.

For some proteins homology modelling is not possible due to a lack of available
high-quality template structures. Such cases necessitate the development of non-
homology-based methods, often termed template-free or de novo structure
prediction methods. These de novo prediction methods are less accurate
compared to template-based modelling, and despite rapid improvement in recent
years much work is still required to improve accuracy and performance, especially

for larger proteins (Moult et al. 2016; Moult et al. 2018).

Predicting the structure of a protein without a template structure to guide the
prediction is far more difficult, due to the large number of possible conformations
of a given protein sequence. To compare all possible conformations would be
computationally infeasible, therefore current de novo structure prediction methods
focus on reducing this search space of conformations. One approach to reduce
the search space of conformations is to use large libraries of fragments of known
protein structures and model these conformations on the unknown protein to
identify local conformations with the lowest overall energy. This general approach
has been implemented in a number of de novo structure prediction tools
(Bhattacharya et al. 2016; de Oliveira et al. 2015; De Oliveira et al. 2018; Gront et
al. 2011; Shen et al. 2013; Trevizani et al. 2017; Wang et al. 2017).

An improvement on this general fragment-based approach has recently been
demonstrated by integrating information about coevolving residues in protein
sequences (De Oliveira & Deane 2018). This method is based on the observation
that coevolving residues in proteins frequently occur close in space within the 3-
dimensional structure of the protein (Buslje et al. 2009; Marks et al. 2011; Morcos
et al. 2011; Jeong & Kim 2012; Kamisetty et al. 2013; Ekeberg et al. 2013;
Schneider & Brock 2014; Seemayer et al. 2014; Kajan et al. 2014; Jones et al.
2015; Adhikari & Cheng 2016; Ovchinnikov et al. 2017).
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In Chapter 3 of this thesis, we used a combination of experimental and homology
modelled structures to investigate coevolutionary relationships between variants
within individual human genomes. This combination of experimental and predicted
structures enabled the analysis of a much larger set of proteins and variants than if

experimental structures alone had been used.

1.5 Cystinuria

Cystinuria is a rare human disease, caused by mutations in two genes: SLC3A1
and SLC7A9, which encode the proteins rBAT and b(0+)AT, respectively (Thomas
et al. 2014). These two proteins form a membrane transporter in the kidney and
the intestinal tract that transports dibasic amino acids from the urine in to the
blood, with the exchange of a neutral amino acid in the opposite direction
(antiporter activity). This transporter is crucial in controlling the levels of these

molecules in the urine (Figure 1.4).
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Figure 1.4: Transportation of dibasic amino acids in the kidney, in exchange for neutral amino
acids, by the gene products of SLC3A1 and SLC7A9 (left) and disrupted transportation by a

defective version of the transporter (right).
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Defective transport of these dibasic amino acids from the urine in to the blood,
caused by mutations in SLC3A1 and SLC7A9, results in their build up in the urine
(Figure 1.4). One of the dibasic amino acids transported by this protein complex is
cystine, which is two cysteine molecules linked together by a disulphide bond.
Cystine is relatively insoluble, and high concentrations in the urine lead to it

crystallising, resulting in kidney stones (Wong et al. 2015).

The incidence of kidney stones in the United States is ~9%, and is on the rise (Zee
et al. 2017). Cystinuria is a rare subtype of kidney stones, with a worldwide
prevalence of 1 in 7,000 (Barbosa et al. 2012). However, the incidence of
cystinuria is highly variable between different human populations, with incidence
as high as 1in 2,500 in Libyan Jews (Chillar6n et al. 2010), and as low as 1 in
100,000 in Sweden (Harnevik et al. 2003).

The clinical presentation of cystinuria is highly variable. Patients with a mild form
of the disease may have a single stone episode in their lifetime. Whereas, patients
with a severe form of the disease may suffer from chronic kidney disease, frequent
stone complications and hospitalisation, and sometimes nephrectomy (Thomas et
al. 2014; Wong et al. 2015). Successful treatment for patients with a mild form of
the disease can sometimes be achieved through increase in fluid intake and
changes in diet (Zee et al. 2017). However, treatment options for patients with a
severe form of cystinuria are much more limited, with many of the prescribed
drugs having a limited impact on stone episodes, and can cause adverse side
effects (Zee et al. 2017). A recent study in an SLC3A1-/- mouse model provided
hope that the dietary supplement alpha-lipoic acid could be used as a treatment
option for cystinuria, with it seemingly increasing the solubility of cystine in the
urine (Zee et al. 2017). Alpha-lipoic acid is currently undergoing phase 2 clinical
trials as a treatment for cystinuria (ClinicalTrials.gov identifier: NCT02910531,
https://clinicaltrials.gov/ct2/show/record/NCT02910531).

The work presented in Chapter 2 of this thesis has two main aspects. First, a
comprehensive analysis of every variant previously associated with cystinuria was
performed. Each variant was characterised by its location in the protein structure,
its effect on ligand binding sites, its frequency in the EXAC population, its
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conservation in homologous proteins, its effect on structural stability, and finally its
predicted pathogenicity from a range of pathogenicity predictors. Second, we
analysed a cohort of 74 cystinuria patients, and predicted each sample’s disease
severity based on the variants they carry in the genes SLC3A1 and SLC7A9. We
show that this approach has the potential to identify high-risk cystinuria patients,

and help to direct treatments options in order to provide precision medicine.

1.6 Coevolution

Coevolution occurs when the evolution of two or more entities happens in a
reciprocal manner, with each entity affecting the evolution of the other.
Coevolution is a key principle in evolutionary theory that governs many biological
relationships and occurs at many different scales: the species level, the protein

level, and the protein residue level.

1.6.1 Coevolutionary Relationships

Coevolving species, proteins, and protein residues are said to have a
coevolutionary relationship. This relationship can be categorised in to broad
groups, based on whether the effects of the relationship are beneficial, negative,

or neutral for each partner in the relationship.

The six main types of coevolutionary relationships at the species level are shown

in Figure 1.5. These relationships are as follows:

1. Mutualism — both partner species gain a benefit from the relationship,
e.g. the relationship between a flower and its pollinators. This
relationship can be facultative, where each species gains a benefit from
the relationship but can survive on their own, or obligative where each
species requires the relationship in order to survive.

2. Parasitism — one species gains a benefit from the relationship, but the
relationship is damaging for the other species, e.g. the relationship

between a virus and its host
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3. Commensalism — one species gains a benefit from the relationship, with
little or no effect on the other species, e.g. the relationship between a
human and its gut microflora

4. Neutralism — the impact on each species is neutral, e.g. two species that
do not interact in nature or interact only indirectly such as rabbits and
deer

5. Amensalism — one species is damaged by the relationship, with little or
no effect on the other species, e.g. the secretion of penicillin by
Penicillium which is damaging to many bacteria

6. Competition — one species gains a benefit from the relationship, with a
negative effect on the other species, e.g. the predator-prey relationship

between a lion and a zebra

Effect on Effect on
Species A Species B
Mutuali
Beneficial — Beneficial
et\s‘a\"s“\
co
Neutrali
Neutral = Neutral
. Competition
Damaging Damaging

Figure 1.5: Summary of the different types of coevolutionary relationships at the species level. In
this figure each black line represents a type of relationship and the line links the effect on each
partner of the relationship, e.g. in Competition the relationship is damaging for both species. This
figure was created for this thesis but is based on lan Alexander’s work (available here:

https://en.wikipedia.org/wiki/Symbiosis#/media/File:Symbiotic relationships diagram.svg).
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1.6.2 Coevolutionary Relationships Observed in Nature

An example of a mutualistic relationship at the species level is the relationship
between hummingbirds and the flowers they pollinate (Kay et al. 2005). The
sword-billed hummingbird (Ensifera ensifera) is a particularly extreme example,
with the bird having evolved a beak longer than its body in order to pollinate the
Passiflora mixta flower, which has a very deep lumen (Figure 1.6). In this
relationship, the bird gains food from the plant, and the plant gains the ability to
pollinate from the bird. Therefore, both partners benefit and this coevolutionary

relationship is mutualistic.

Parasitic and competitive coevolutionary relationships frequently lead to
evolutionary arms races, in which each partner is under selective pressure to
outcompete the other. For example, in humans and other mammals the family of
APOBEC genes encode a series of cytidine deaminase enzymes, which function
as a defence mechanism against viruses by inducing hyper-mutation. To combat
this, some viruses have evolved their own mechanisms to inhibit APOBEC
enzymes and evade this defence mechanism, such as Viral infectivity factor (Vif)
encoded by Human Immunodeficiency Virus (HIV). Vif is able to inhibit APOBEC
enzymes and allow HIV to infect human cells without being hyper-mutated (Rose
et al. 2004). In this example there is a parasitic coevolutionary relationship
between HIV and humans, and underpinning this is a competitive evolutionary

relationship at the protein level between human APOBEC enzymes and HIV Vif.
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Figure 1.6: Mutualistic coevolution at the species level, between the sword-billed hummingbird
(Ensifera ensifera) and the Passiflora mixta flower. A) The sword-billed hummingbird. Photo is
used with permission from Joseph C Boone (www.calpoly.edu/~jboone/). B) The Passiflora mixta
flower. Photo is used with permission from Dick Culbert (http://www.dixpix.ca/index.html), and has

been horizontally flipped to align with the photo of the hummingbird.
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1.6.3 Protein Coevolution

Coevolutionary relationships at the protein level represent functional relationships
within the environment of the cell, where the evolution of one protein affects the
evolution of another protein. Groups of proteins within a single organism may
coevolve (intra-species), with proteins involved in similar biological processes or
those that interact physically having shared selection pressures. Inter-species
protein coevolution is the reciprocal evolution of proteins between multiple
organisms, commonly seen in host-parasite interactions, such as the
coevolutionary relationship of human APOBEC enzymes and HIV Vif described in
Section 1.6.2.

The study of coevolution at the protein level is more difficult than at the species
level and requires a large amount of data in order to avoid false associations. The
successful identification of coevolving proteins has practical applications, for
example in predicting proteins that interact within cells (Juan et al. 2008). A
common feature of interacting proteins is the similarities between their
phylogenetic trees. The underlying reason for the observed tree similarity is
believed to be explained by either a coevolutionary relationship that results in
compensatory changes between the two proteins, or that it is an indirect
consequence of two proteins that are involved in the same process (Juan et al.
2008).

There are two main approaches for identifying coevolving proteins that have been
iterated on since their inception. First, comparison of the absence or presence of
proteins or protein families can help identify coevolving proteins, with proteins that
interact functionally or physically having been shown to have similar species
distributions (Pellegrini et al. 1999; Marcotte et al. 1999). This approach is
implemented in the STRING database as a metric for predicting protein-protein
interactions (Szklarczyk et al. 2015), and can identify extreme cases of protein
coevolution, where proteins are coevolving not just certain features but their very
existence (Juan et al. 2008). Second, comparisons of the shapes of protein
phylogenetic trees has shown that interacting and functionally-related proteins
tend to have similar phylogenetic tree shapes (Pazos & Valencia 2001; Pages et

al. 1997; Goh et al. 2000; Fryxell 1996). Methods such as MirrorTree can be used
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to exploit this pattern and compare the shapes of protein phylogenetic trees to
detect more subtle coevolutionary relationships between proteins (Ochoa & Pazos
2010).

1.6.4 Protein Residue Coevolution

Protein residue coevolution involves epistatic interactions between residues in
proteins, where the amino acid at one position influences the amino acid at
another position. Coevolution at the residue level in proteins can occur within a
single protein (intra-protein residue coevolution), for example between two
residues in a protein chain that are close in 3-dimensional space (Figure 1.7.A), or
between two different proteins of the same species or different species (inter-
protein residue coevolution), for example between residues in interface regions of

two physically interacting proteins (Figure 1.7.B).

An example of intra-protein residue coevolution observed in nature is between
residues 20 and 69 in B-haemoglobin. In human pB-haemoglobin the wild type
amino acid at position 20 is valine (Figure 1.7.C), and mutation to glutamic acid
results in the disease phenotype erythrocytosis (dbSNP identifier: rs33918474)
(Sherry 2001). Conversely, in horse B-haemoglobin the wild type amino acid at
position 20 is glutamic acid (Figure 1.7.C). However, in horse -haemoglobin there
is a histidine residue at position 69, this differs from human B-haemoglobin, which
has a glycine at position 69. Glutamic acid is observed at position 20 in many
other species and results in healthy phenotypes, but it is always combined with

histidine at position 69.

This is an example of a Dobzhansky-Muller incompatibility — one amino acid is not
present without the other in a species due to the reduction in fithess caused by
having only one (Kondrashov et al. 2002). In human B-haemoglobin, Val20 can
form a van der Waals interaction with Gly69, and in horse B-haemoglobin Glu20
can form a hydrogen bond with His69, but each interaction is lost if only one amino
acid in the pair is changed. These types of context-dependent effects of variants
between species are termed Compensated Pathogenic Deviations (CPDs), where
the wild type amino acid in one species can cause disease in the other species

(Kimura 1985). CPDs are well studied between species, but less so within species.
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The work in Chapter 3 of this thesis explores potential compensatory variants

within individual human genomes.

The general approach for identifying coevolving residues is to search for
covariation at positions in multiple sequence alignments and detect positions with
correlated variants. Direct Coupling Analysis (DCA) describes a set of statistical
methods used to determine the strength of the relationships between residues and
identify those with a likely direct functional relationship. These methods have also
been shown to be useful in protein structure prediction, as coevolving residues
have a propensity to be close in 3-dimensional space, see Section 1.4.4 (Buslje et
al. 2009; Marks et al. 2011; Morcos et al. 2011; Jeong & Kim 2012; Kamisetty et
al. 2013; Ekeberg et al. 2013; Schneider & Brock 2014; Seemayer et al. 2014;
Kajan et al. 2014; Jones et al. 2015; Adhikari & Cheng 2016; Ovchinnikov et al.
2017).
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A)

C)

Human B-Haemoglobin Horse B-Haemoglobin
(PDB ID: 2hhb) (PDB ID: 2dhb)

Figure 1.7: Examples of protein residue coevolution. A) An example of two coevolving residues
within a protein chain that are in close proximity in the 3-dimensional space of the protein structure.
B) An example of coevolving residues between two physically interacting proteins. C) An example
of coevolving residues observed in nature within f-haemoglobin. The structures of human and
horse haemoglobin are shown, each of which has a different pair of amino acids at positions 20
and 69 that have coevolved. In sub-figures A) and B) the proteins are coloured in grey and the
coevolving residues/regions are shown in cyan and red. In sub-figure C) the chains are coloured in
grey and shown in cartoon format, and residues 20 and 69 are shown in sphere format and

coloured by atom.

44



Chapter 1: Introduction

1.7 Ebolaviruses

1.7.1 Ebolavirus Species

There are five species of ebolaviruses in the Ebolavirus genus. Kuhn et al. classify
the five species of Ebolavirus as follows: Bundibugyo ebolavirus (type virus:
Bundibugyo virus, BDBV), Reston ebolavirus (type virus: Reston virus, RESTV),
Sudan ebolavirus (type virus: Sudan virus, SUDV), Tai Forest ebolavirus (type
virus: Tai Forest virus, TAFV) and Zaire ebolavirus (type virus: Ebola virus, EBOV)
(Kuhn et al. 2014).

While the reservoir species of ebolaviruses remains unclear, ebolaviruses do not
normally circulate within humans (Leendertz 2016). However, since 1976, the first
time ebolaviruses were observed to infect humans, there have been regular spill-
over events of this zoonotic virus in to human populations (Table 1.1). Ebola virus
has been the most common causative species, but each of the viruses has been
observed to infect and cause disease in humans, except for Reston virus (CDC
2018; World Health Organization 2009).

Table 1.1: Ebolavirus outbreaks by species and by year. Outbreak data was taken from the CDC
National Centre for Health Statistics (CDC 2018).

Species Outbreak Years

Bundibugyo virus 2007, 2012

1976, 1977, 1994, 1995, 1996, 2001, 2002, 2003,
2004, 2007, 2008, 2013-2016, 2017, 2018

Ebola virus

Reston virus
Sudan virus 1976, 1979, 2000, 2011, 2012

Tai Forest virus 1994

1.7.2 Ebolavirus Pathogenicity

Reston virus is the only species in the Ebolavirus genus that is not known to be
pathogenic to humans, despite being able to infect humans (Miranda et al. 1999;
World Health Organization 2009). However, Reston virus is able to infect and
cause disease in non-human primates (Miranda & Miranda 2011). Each of the

other four Ebolavirus species are known to cause Ebolavirus Disease (EVD)
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(World Health Organization 2009). EVD is a haemorrhagic fever, the initial
symptoms of which include fever, chills, malaise, and myalgia. These symptoms
are followed by multiple gastrointestinal, respiratory, vascular, and neurological
symptoms, and at the peak of infection multiple haemorrhagic symptoms arise
(Feldman & Geisbert 2011). The fatality rate of EVD has varied between
Ebolavirus outbreaks, but has been observed as high as 90% (CDC 2018).

1.7.3 The 2013-2016 West Africa Ebolavirus Outbreak

The 2013-2016 West Africa Ebola virus outbreak was the largest to date, with
28,610 confirmed cases, and 11,308 deaths (CDC 2018). This outbreak primarily
affected Sierra Leone, Guinea, and Liberia, though there were transmission chains
that led to isolated cases in Italy, Mali, Nigeria, Senegal, Spain, and the United
States of America (CDC 2018). This outbreak required a coordinated international
effort to control, and highlighted the severe threat posed by ebolaviruses to public
health. This threat has been reemphasised by the concurrent outbreak in the
Democratic Republic of the Congo in 2014, and the two further outbreaks in the
Democratic Republic of the Congo in 2018 (CDC 2018; Rimmer 2018).

1.7.4 The Ebolavirus Genome and Life Cycle
Ebolaviruses are negative, single-stranded RNA viruses, with a genome size ~19
kilobases (kb) (Messaoudi et al. 2015). The ebolavirus life cycle (Figure 1.8)

follows six major steps (Messaoudi et al. 2015), these are:

1. The virus attaches to the host cell via the ebolavirus surface protein
glycoprotein

2. The virus enters the cell via macropinocytosis

3. After acidification of the endosome, and cleavage of glycoprotein by
cellular proteases cathepsins B and L, glycoprotein interacts with the host
protein Niemann-Pick C1 (NPC1) triggering fusion of the endosomal and
viral membranes. Although NPC1 is required in this step, ebolavirus
glycoprotein may interact with other host receptors.

4. The viral ribonucleocapsid is then released in to the host cell cytoplasm,

where it can undergo transcription and replication. Individual ebolavirus
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genes are transcribed in to mRNA, which are then translated in to the
seven ebolavirus proteins.

5. The RNA genome is used as a template to create a full-length
complement, which is then itself used as a template to synthesise new
negative-sense ebolavirus genomes.

6. New viral particles are assembled at the plasma membrane, incorporating

the viral genome and viral proteins. This budding process is directed by the

ebolavirus protein VP40.
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Figure 1.8: The replication cycle for Ebolaviruses within host cells. This figure is reproduced with

permission from ViralZone - www.expasy.org/viralzone (Hulo et al. 2011).
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1.7.5 Ebolavirus Proteins

The ebolavirus genome encodes seven different proteins: glycoprotein (GP),
matrix protein (VP40), nucleoprotein (NP), VP35, VP40, VP24, and polymerase
protein (L; Figure 1.9). As with many viruses, especially those that only encode a

small number of proteins, most ebolavirus proteins perform multiple functions.

Nucleocapsid Proteins

Polymerase (L) Protein

Figure 1.9: The seven proteins of the ebolavirus genome: Glycoprotein (GP), Matrix protein
(VP40), Nucleoprotein (NP), VP35, VP40, VP24, and Polymerase protein (L). Spheres represent
regions of the proteins not solved in the corresponding structures. This figure is reproduced with

permission from the Protein Data Bank (Berman et al. 2000).
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GP is the only surface protein encoded by ebolaviruses, and is primarily
responsible for host-cell entry (Dutta et al. 2017). Full-length GP is not encoded
directly by the Ebolavirus genome, and is the result of mMRNA editing (Volchkov et
al. 1995). The standard reading frame of GP results in the production of sGP. Two
separate mRNA editing events result in the production of full-length GP and ssGP,
but the roles of sGP and ssGP are still unclear (Mehedi et al. 2011; Miranda &
Miranda 2011; Hoenen et al. 2015).

The L protein is an RNA polymerase, which is responsible for both replication of
the ebolavirus genome and also transcription (Volchkov et al. 1999). L also forms
a part of the nucleocapsid complex (with NP, VP35, and VP30), which is key for
transcription, replication, and virus assembly (Dutta et al. 2017; Wan et al. 2017).
NP also plays a role in virus replication, and encapsidates the RNA genome (with
VP35 and VP24) (Huang et al. 2002).

The four Ebolavirus VP proteins (VP24, VP30, VP35, and VP40) each have
multiple functions. VP35 and VP30 both form part of the nucleocapsid complex,
and VP35 and VP24 both help encapsidate the RNA genome (Huang et al. 2002;
Dutta et al. 2017; Wan et al. 2017). VP30 also plays a key role in regulating
transcription of ebolavirus genes, acting as a transcription activator (Weik et al.
2002), that can itself be regulated by phosphorylation (Modrof et al. 2002).
However, the mechanism by which VP30 activates transcription remains unclear
(Dutta et al. 2017). VP40 is known to have a dimeric, a hexameric, and an
octameric conformation (Bornholdt et al. 2013). The dimeric form is responsible for
trafficking VP40 to the cellular membrane. VP40 in its hexameric conformation
forms filamentous matrix structures and is essential for ebolavirus budding, see
Figure 1.8 (Messaoudi et al. 2015). The octameric form of VP40 plays a separate
role in regulating viral transcription (Bornholdt et al. 2013), which is critical during

the life cycle of ebolaviruses (Hoenen et al. 2005).

VP35 and VP24 also play key roles in downregulating the host interferon (IFN)
response. In humans, the IFN response is a key modulator of the adaptive
immune system, and sets the body in to a defensive mode upon detection of an
invading virus. For a virus to successfully infect a host it is important for it to
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downregulate the IFN response (Haller et al. 2006). Detection of double-stranded
RNA (dsRNA) by host cells leads to upregulation of IFN signalling (Haller et al.
2006). One of the functions of VP35 is to bind dsRNA, thereby preventing its
detection by the host, and preventing upregulation of IFN signalling (Basler et al.
2000; Basler et al. 2003; Prins et al. 2009).

VP24 also plays a role in downregulating IFN signalling, but acts via a different
mechanism to VP35. Physiologically in human cells, accumulation of
phosphorylated STAT1 in the nucleus upregulates IFN signalling. However,
STAT1 must interact with karyopherin proteins in order to trigger nuclear import,
as they do not contain a classical nuclear localisation signal, see Figure 1.10.A
(Xu et al. 2014). Ebolavirus VP24 is able to bind directly to multiple human
karyopherin alpha proteins (KPNA; KPNA1, KPNA5, and KPNAG6) and also directly
with STAT1, and in doing so prevent the accumulation of phosphorylated STAT1
in the nucleus (Figure 1.10.B). This prevents upregulation of IFN signalling and
allows the virus to replicate without attenuation by the IFN response (Reid et al.
2006; Reid et al. 2007; Zhang et al. 2012; Xu et al. 2014).
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Figure 1.10: VP24 and IFN signalling. A) Interaction of human STAT1 and Karyopherin proteins to

upregulate IFN signalling. B) Inhibition of STAT1 and Karyopherin protein interaction and

prevention of upregulation of IFN signalling.

1.7.6 Specificity Determining Positions

Specificity Determining Positions (SDPs) are positions in protein sequences that

are differentially conserved between groups. In enzyme families, SDPs often

determine the substrate-specificity of an enzyme (Rausell et al. 2010). In the case

of ebolaviruses, SDPs are the positions in the genome that are most likely to be

causing the pathogenicity differences between the human pathogenic ebolavirus

species and the human non-pathogenic species (Section 1.7.2).
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Figure 1.11 shows an example of SDP determination within a protein sequence
alignment. Here, there are two groups: pathogenic species (red) and non-
pathogenic species (cyan). In the example multiple sequence alignment, columns
1 and 4 are both conserved across all samples and across both groups, whereas
column 2 is variable between groups and also within groups. These positions are
unlikely to determine functional differences between groups. Column 3 is an
example of an SDP — the position is conserved within pathogenic samples (V) and
also within non-pathogenic groups (K), but the amino acid conserved in each of

the groups is not the same across groups (differentially conserved).

Bundibugyo virus
Ebola virus
Sudan virus

Tai Forest virus

Reston virus

>>>>[>>> >
HEENEENE
<=<>|z=><=x>[8

Figure 1.11: Determination of specificity determining positions. Ebolavirus species groupings are
shown on the left, with pathogenic species in one group (red), and non-pathogenic species in the
other group (cyan). Positions 1&4 in the sequence alignment are both conserved across the
pathogenic and non-pathogenic groups. Position 2 is variable across and within the pathogenicity
groups. Position 3 is differentially conserved between the groups, and would be classed as an
SDP.

S3det is one method for determining SDPs, and is implemented in Chapter 4 of

this thesis to determine SDPs associated with Ebolavirus pathogenicity. This tool
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is run on a protein multiple sequence alignment (MSA), which can be produced by
a large number of tools, but in Chapter 4 the MSAs were produced using Clustal
Omega (Fabian Sievers et al. 2011). S3det takes the MSA as input and uses
Multiple Correspondence Analysis and the Wilcoxon test to identify significant
sources of variation within the MSA. S3det can be run in a supervised or
unsupervised manner. In the supervised manner, the groupings of the samples are
provided to S3det by the user, whereas in the unsupervised mode S3det will
attempt to determine the sample groupings itself using k-means clustering to
define protein sub-families. In chapter 4, S3det was run in supervised mode, as
the sequence groupings were known: pathogenic vs non-pathogenic. Positions in
the MSA that segregate with the protein groupings are defined as SDPs (Rausell
et al. 2010).

Chapters 4 and 5 of this thesis detail two different analyses of ebolaviruses.
Chapter 4 focuses on the molecular determinants of ebolavirus pathogenicity,
using an SDP approach at the protein level. This analysis represents an important
update of previous work identifying SDPs associated with ebolavirus
pathogenicity, with a much larger sample size than previous analyses. Chapter 5
focuses on the evolution of the Ebola virus genome at the nucleotide level, both
since the first human outbreak in 1976, and also over the course of the 2013-2016

West Africa Ebola virus outbreak.

1.8 Organisation of this Thesis

This thesis broadly covers the analysis of genetic variation in humans and
ebolaviruses, and with the addition of Appendices 5 and 6 the analysis of genetic

variation in birds and in pigs.

Chapter 1 introduces the topics covered in this thesis, and describes the current
state of genetic variation data generation, and the computational tools used in its

analysis.

Chapter 2 describes an analysis of the rare human disease cystinuria, and was

published under the title “Associating mutations causing cystinuria with disease
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severity with the aim of providing precision medicine” in BMC Genomics (Martell et
al. 2017).

Chapter 3 describes an analysis of coevolution in human genomes, focusing on
cooccurring variants within protein structures and within protein-protein interfaces.
This paper is entitled “Identifying Coevolution Within the Human Genome” and is

currently being prepared for submission.

Chapter 4 describes an analysis of ebolavirus pathogenicity, utilising the large
number of ebolavirus genome sequences that have come from the 2013-2016
West Africa Outbreak. This paper is entitled “Investigating the Molecular

Determinants of Ebolavirus Pathogenicity” and is currently being prepared for

submission.

Chapter 5 describes an analysis of mutation patterns and biases over time within
Ebola virus genomes. This paper is entitled “Transition-to-Transversion Bias in the

Evolution of Ebola virus” and is currently being prepared for submission.

Chapter 6 summarises and discusses the topics covered in chapters 2-5, as well
as the potential for future work building on the research presented, and the future

challenges for variant interpretation and precision medicine.

Appendix 5 contains the published manuscript for the paper “Upgrading short-read
animal genome assemblies to chromosome level using comparative genomics and
a universal probe set”, which has been published in Genome Research (Damas et
al. 2017).

Appendix 6 contains the manuscript for the paper “A QTL for number of teats
shows line specific effects on number of vertebrae in pigs: Bridging the gap
between molecular and quantitative genetics”, which has been submitted to the

journal Frontiers in Genetics and is awaiting review.
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Chapter 2: Associating Mutations Causing
Cystinuria with Disease Severity with the Aim

of Providing Precision Medicine

Martell, H.J. et al., 2017. “Associating mutations causing cystinuria with disease
severity with the aim of providing precision medicine”. BMC Genomics, 18(Suppl
5).

My contribution to the work was as follows:

1. Helped devise the project with Mark Wass, Kay Thomas, and Kathie Wong.

2. Wrote all of the scripts for processing the genetic variation data and the
clinical data

3. Performed the protein analyses, with Juan Martin and Mark Wass

4. Performed the majority of the statistical analyses, with Kathie Wong and
Ziyan Kassam

5. Produced all figures and tables, except for Figures 2.3 and 2.4 which were
produced by Mark Wass

6. Wrote the manuscript with Mark Wass, with contributions from the other

authors
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2.1 Abstract

Cystinuria is an inherited disease that results in the formation of cystine stones in
the kidney, which can have serious health complications. Two genes (SLC7A9 and
SLC3A1) that form an amino acid transporter are known to be responsible for the
disease. Variants that cause the disease disrupt amino acid transport across the
cell membrane, leading to the build-up of relatively insoluble cystine, resulting in
formation of stones. Assessing the effects of each mutation is critical in order to
provide tailored treatment options for patients. We used various computational
methods to assess the effects of cystinuria associated mutations, utilising
information on protein function, evolutionary conservation and natural population
variation of the two genes. We also analysed the ability of some methods to
predict the phenotypes of individuals with cystinuria, based on their genotypes,
and compared this to clinical data. Using a literature search, we collated a set of
94 SLC3A1 and 58 SLC7A9 point mutations known to be associated with
cystinuria. There are differences in sequence location, evolutionary conservation,
allele frequency, and predicted effect on protein function between these mutations
and other genetic variants of the same genes that occur in a large population.
Structural analysis considered how these mutations might lead to cystinuria. For
SLC7A9, many mutations swap hydrophobic amino acids for charged amino acids
or vice versa, while others affect known functional sites. For SLC3A1, functional
information is currently insufficient to make confident predictions but mutations
often result in the loss of hydrogen bonds and largely appear to affect protein
stability. Finally, we showed that computational predictions of mutation severity
were significantly correlated with the disease phenotypes of patients from a clinical
study, despite different methods disagreeing for some of their predictions. The
results of this study are promising and highlight the areas of research which must
now be pursued to better understand how mutations in SLC3A1 and SLC7A9
cause cystinuria. The application of our approach to a larger data set is essential,
but we have shown that computational methods could play an important role in
designing more effective personalised treatment options for patients with

cystinuria.
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2.2 Introduction

Cystinuria is an inherited disorder resulting in urinary dibasic aminoaciduria
(Thomas et al. 2014). The clinical presentation is varied; ranging from some
patients having stone episodes every few months to other patients having only one
stone in their lifetime. It is primarily caused by mutations in two genes; SLC3A1
encodes the neutral and basic amino acid transport protein (rBAT) and SLC7A9
encodes the light chain b amino acid transporter b(0+)AT (Calonge et al. 1994;
Fernandez et al. 2002). These two proteins form a dimer linked by a disulphide
bridge (Wagner et al. 2001). b(0+)AT contains 12 transmembrane helices that
form the channel through which dibasic amino acids (cystine, lysine, arginine and
ornithine) are transported into the cell with the exchange of neutral amino acids.
rBAT has a single transmembrane domain and a large extracellular domain. There
is evidence to suggest that the extracellular glycosidase domain has a role in
cystine transport but not the other dibasic amino acids (Lundgren et al. 1995).
rBAT also requires chaperones to fold correctly and some mutations have been
linked with incorrect folding of the protein and/or trafficking to the plasma

membrane (Franca et al. 2005).

Experimental studies suggest that r BAT may function as an activator of b(0+)AT
(Fernandez et al. 2002; Palacin et al. 2001) but the functional role of rBAT remains
unclear, although it is required for efficient transport to occur. Mutations in either of
these two genes can result in defective transport of dibasic amino acids across the
renal tubular membrane and intestine (Feliubadal6 et al. 1999; Chairoungdua et al.
1999). In the kidneys, this results in cystine accumulating in the urine and forming

stones.

SLC3A1 mutations are inherited in an autosomal recessive pattern whilst
mutations in SLC7A9 can be regarded as inherited in an autosomal dominant
pattern with incomplete penetrance (Eggermann et al. 2012). In SLC3A1,
mutations in both alleles of the gene are required for disease presentation. In
SLC7A9, some patients only have one mutation in one allele and can form cystine

stones (Strologo Dello et al. 2002).
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Many mutations have been identified in both SLC3A1 and SLC7AS9 in individuals
with cystinuria (Chillarén et al. 2010; Bisceglia et al. 1997). Frame shift, deletion,
duplication, splice site and nonsense mutations typically result in large effects on
the encoded protein and therefore its protein structure or function. Most mutations
described in Cystinuria however, are missense mutations resulting in the change
of a single amino acid in the protein. The effect of a missense mutation can range
from having no effect on protein function to rendering it non-functional. For many
of the missense mutations in SLC3A1 or SLC7A9, without further analysis it is not
clear what effect they have on protein function and how they lead to disease

presentation.

The sequencing of many people has demonstrated that each individual has
between 4 and 5 million genetic variants compared to the reference human
genome (1000 Genomes Project Consortium 2015). Some of these variants will
cause disease or increase the risk of disease, however it is difficult from this large
set of variants to identify those that are most likely to have a phenotypic effect and
may have a role in disease. As a result many computational methods have been
developed to predict if a genetic variant is likely to be deleterious (reviewed in
(Bromberg 2013)). These methods largely focus on the analysis of non-
synonymous single nucleotide variants (nsSNVs) and use many different features
from sequence conservation to structural and functional information. Methods
include SIFT (Ng & Henikoff 2003; Sim et al. 2012), PolyPhen2 (Adzhubei et al.
2010), SuSPect (Yates et al. 2014), VarMod (Pappalardo & Wass 2014), SNAP
(Hecht et al. 2015), MutationAssesor (Reva et al. 2011), FATHMM (H A Shihab et
al. 2013), CADD (Kircher et al. 2014) and Condel (Gonzalez-Pérez & Lopez-Bigas
2011).

We recently proposed that protein structural modelling and analysis of mutations
present in cystinuria could be used to further our understanding of how mutations
alter the function of the transporter and the extent of functional effect caused by
each mutation (Wong et al. 2016). Here we perform an extensive literature survey
of clinical studies to identify the range of different mutations associated with
cystinuria. A structural analysis of all the identified single point mutations present
in rBAT and b(0+)AT is performed to investigate the effect of the mutations on the
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transporter structure and function. We also compare these mutations that have
been reported to cause cystinuria with the natural variation of SLC3A1 and
SLC7A9 present in the large population study of genetic variation ExAC (Monkol
Lek et al. 2016). Finally, the ability of automated predictors to assess the effect of
cystinuria associated mutations is considered using clinical data from a cohort of
74 patients (Wong et al. 2015).
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2.3 Methods

2.3.1 Cystinuria Literature Survey

A literature search was performed to identify all clinical studies of cystinuria

patients. PubMed was searched with the terms “cystinuria
and “SLC3A1” and “SLC7A9”. Papers were first filtered on the basis of being

cystinuria mutation”

original articles or reviews, with reviews discarded. Further filtering was performed
by reading the abstracts of all papers to check for relevance. Those that were

assessed to be relevant were then read fully and any relevant data extracted.

2.3.2 ExAC Data

Genetic variation data was downloaded from the Exome Aggregation Consortium
(ExAC) browser, for both SLC3A1 and SLC7A9, on 28/10/2016 (Monkol Lek et al.
2016). This data set was then filtered to contain only variants that affect canonical
transcripts, and then further filtered to contain only non-synonymous single
nucleotide variants (nsSNVs). This resulted in a set of 318 and 144 nsSNVs not
known to be associated with cystinuria for SLC3A1 and SLC7A9, respectively.
The EXAC data was used to determine the allele frequencies of the variants
identified by the literature search to have a role in cystinuria. In addition, all
variants present in ExAC that were not identified to have a role in cystinuria form
the SLC3A1 and SLC7A9 ExAC only variant sets.

2.3.3 Structural Modelling and Analysis

The protein structures of rBAT and b(0+)AT were modelled using the Phyre2 web
server (Kelley et al. 2015), with default parameters. rBAT was modelled on the
PDB structure 1UOK, chain A, with 78% coverage (alignment: residues 115-651)
and 100% confidence. b(0+)AT was modelled on the PDB structure 4DJl, chain A,
with 94% coverage (alignment: residues 28-487) and 100% confidence. Functional
sites of the protein were modelled using multiple methods. The ligand binding sites
including the amino acid, sugar and calcium binding sites were modelled using
3DLigandSite (Wass & Sternberg 2009; Wass et al. 2010) and firestar (Lopez et
al. 2011). Protein stability predictions were made using mCSM (Pires et al. 2014)
for all nSSNVs.
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Residue conservation in rBAT and b(0+)AT was calculated using the following
approach. Homologues were identified using BLAST (Altschul et al. 1990) to
search the UniProtKB with default parameters (Bateman et al. 2015). A multiple
sequence alignment and a phylogenetic tree were generated for each of these
sets of homologues using Clustal Omega with default parameters (McWilliam et al.
2013; F Sievers et al. 2011). For each gene, the multiple sequence alignment,
phylogenetic tree, and phyre2 structural model were submitted to ConSurf
(Ashkenazy et al. 2016), which was run using the Bayesian prediction method with
all other parameters set to default. The proteins used for the alignment, and the
species that they come from, are shown in Appendix 1 Tables 1 & 2. For the 2
proteins, there were 158 common species, 87 species unique to the alignment of
rBAT, and 45 species unique to the b(0+)AT alignment. This shows that the
majority of the species used in the two alignments are the same, and there is not a
large difference in the species distributions of the two alignments. This means that

reasonable comparisons of conservation between the two proteins can be made.

2.3.4 Clinical Data

Phenotypic data associated with cystinuria was available for a cohort of 74
patients in the UK (Wong et al. 2015), consisting of 41 patients with mutations in
SLC3A1, 32 in SLC7A9 and one patient without a mutation in either SLC3A1 or
SLC7A9. Available phenotypic data included, urinary dibasic amino acids levels for
cysteine, ornithine, arginine and lysine, the age of disease presentation, and the
number of stone episodes and number of interventions over a three-year period.
Two of the patients in this cohort were removed from this study as they had
mutations in both SLC3A1 and SLC7A9.

2.3.5 Automated Prediction of the Effect of Mutations

The mutations found in the literature search were submitted to SIFT (Sim et al.
2012), PolyPhen2 (Adzhubei et al. 2010) (using both predictive models HumDiv
and HumVar), MutationAssessor (Reva et al. 2011), FATHMM (H A Shihab et al.
2013), Condel (Gonzalez-Perez & Lopez-Bigas 2011) and CADD (Kircher et al.
2014) using default settings. Condel and CADD differ from the other prediction
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methods in that they integrate predictions from individual methods to create an
overall prediction. For example, Condel uses predictions from PolyPhen2, SIFT,

Mutation Assessor, and FATHMM to make predictions.

The different methods make predictions in different categories, SIFT only predicts
two categories “Tolerated” and “Damaging”, as do FATHMM, CADD, and Condel
(“neutral” and “damaging”), while PolyPhen2 categorises mutations into three

categories “benign”, “possibly damaging” and “probably damaging” and
MutationAssessor predicts four categories (“neutral”, “low”, “medium”, and “high”).
PolyPhen-2 is available using two different training models, HumDiv and HumVar.
These two models agree for 47 of 58 mutations in b(0+)AT and 81 of 94 mutations
in rBAT. As we want to distinguish between mildly deleterious and more severe
mutations, the remaining analyses consider only the results using the HumVar

training model. However, as shown above the two models give similar results.

2.3.6 Grouping Patients by Mutation Severity and Comparison of

Phenotypes

The different categories of the prediction methods make analysis of the overlap of
agreement between the methods difficult to assess. Therefore, the prediction
scores made by each of the automated methods were classified into two groups,
either mild or severe and these two groups were then associated with a score:
mild = 1 and severe = 2. Multiple thresholds for grouping mutations were tested for
each of the prediction methods (see Appendix 1 Tables 3 & 4), starting from the
recommended threshold for separating deleterious and neutral mutations for the
specific method (see Table 2.1). The stringency of the threshold was then
increased incrementally to separate the high confidence predictions from the
medium confidence predictions. Thresholding above the cut-offs for deleterious vs
neutral variants was necessary because these methods are designed to predict
even mildly deleterious variants as deleterious, and we want to separate mild from

severe mutations.

Frameshift, deletion, splice site and nonsense mutations are typically likely to have

a significant effect on protein function and were therefore all assigned scores of 2.
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This may represent a simple scoring scheme but given the different categories and

scoring scales of the different methods it appeared to be the most appropriate.

Using the mutation scores from the predictive methods, each patient was assigned

an overall severity score for the mutations that they have. As SLC7A9 mutations

show dominant inheritance with incomplete penetrance, for patients with SLC7A9

mutations, patient scores were the total of the scores for the individual mutations

in each allele. This results in scores ranging from one (only one mild mutation

present) to four (patient has two mutations classified as severe, one in each

allele).

Table 2.1: Mutation severity prediction score thresholds used for each method, based on

stabilisation of group numbers above the recommended deleterious threshold.

Method Standard Deleterious | Threshold for Mutation | Threshold for Mutation
Threshold Severity Score of 1 Severity Score of 2

SIFT Score < 0.05 Score > 0.025 Score <0.025
PolyPhen2 Score =0.5 Score < 0.80 Score =0.80
MutationAssessor Score > 1.9 Score < 2.7 Score =2.7
FATHMM Score <-1.5 Score =-8.5 Score <-8.5

Condel Score > 0.522 Score <0.672 Score > 0.672
CADD Score =15 Score < 27.5 Score =27.5

A similar approach was taken for SLC3A1, but inheritance of cystinuria from

SLC3A1 mutations is autosomal recessive, therefore mutations are required in

both alleles to have the disease. For each patient, it was considered that the allele

with the worst mutation would not be expressed while the other allele would be.

For example, an individual with two mutations scored at 1, would have an overall

score of 1, as would a patient with one mutation scored at 1 and the other at 2.

Finally, an individual with two severe mutations would score 2 overall. This

strategy is valid for our dataset, because no individual has more than one mutation

in a single allele of SLC3A1.

The properties of each set of data were compared using the Wilcoxon rank sum

test to find any statistically significant differences between the groups. All p-values
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were corrected for multiple testing using the Bonferroni method. Statistical figures
were produced using the R statistical package, version 3.2.1 (R Core Team 2015).
Additionally, plots with axes gaps were produced using the R package ‘plotrix’
(Lemon 2006).
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2.4 Results

A literature search identified 52 articles, consisting of 49 original articles and three
reviews. All of the original articles were deemed relevant from the abstract and
read in full to extract data. From the clinical studies we identified a total of 94
SLC3A1 and 58 SLC7A9 cystinuria associated point mutations.

The 94 unique nsSNVs in SLC3A1 affect 81 different amino acid positions as 10
residues have two variant amino acids and residue p.Arg365 has four different
variant amino acids present. For SLC7A9 the 58 nsSNVs affect 55 different amino
acid positions with only residues 105, 195 and 333 having two different variant

amino acids.

2.4.1 Initial Comparison of Cystinuria Associated Mutations with

Variation Present in a Large Population

The EXAC resource (M Lek et al. 2016) provides access to the variant frequencies
from over 60,000 individuals. We identified all variants present in SLC7A9 and
SLC3A1 (Appendix 1 Tables 5 & 6) to investigate the variation present in a large
population of individuals and compare variants/mutations associated with
cystinuria and those not associated with the disease. Worldwide prevalence of
cystinuria is estimated at 1 in 7,000 (Barbosa et al. 2012), though variation by
geographical location is large (1 in 100,000 in Sweden (Harnevik et al. 2003), and
1in 2500 in Libyan Jews (Chillarén et al. 2010). Using the worldwide prevalence,
in the ExAC set of just over 60,000 individuals, we would therefore expect

approximately nine individuals to have the disease.

The vast majority of cystinuria associated variants in both SLC7A9 and SLC3A1
occur very rarely with an allele frequency of less than 0.01% and many are not
present in the EXAC dataset (allele frequency of 0% - Figure 2.1.C). This suggests
that these variants are under purifying selection and that these mutations are
deleterious. A few disease-associated variants have much higher frequencies
(between 0.27%—-31%). The cystinuria associated variant p.Val142Ala in SLC7A9
has an allele frequency of 31% indicating that it regularly occurs in individuals.

Given the high frequency of this variant it is likely that it has a limited effect on
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SLC7A9 function as cystinuria is a rare disease, this is reinforced by the low
evolutionary conservation of residue 142 in the protein (ConSurf score of 1).
Many non-disease associated variants in SLC7A9 and SLC3A1 also have low
frequency (<0.01%; Figure 2.1.C). For SLC7A9 there are a few variants with
higher frequencies, and a considerable number more for SLC3A1. This
demonstrates that there is limited variation in SLC3A1 and SLC7A9 in the
population. The higher frequency of variants in SLC3A1 may reflect that it has
autosomal recessive inheritance, whereas SLC7A9 inheritance is autosomal
dominant with incomplete penetrance. Thus, a single SLC7A9 allele can result in

cystinuria.

At the protein level there appears to be some clustering of the rBAT cystinuria
associated point mutations in sequence (Figure 2.1.B). For example, there are
some mutated positions that occur in stretches throughout the protein (including
121-124, 253-256, 480-482, 552—-568). While some ExAC variation occurs in the
same sequence regions, there appears to be less clustering of these variants and
ExAC only variants largely occur in parts of the protein sequence where cystinuria

associated mutations are not present (Figure 2.1.B).

For b(0+)AT, unlike rBAT, there is less evidence of clustering of the amino acids
that are mutated, with no runs of residues being mutated and only a few examples
of adjacent residues being mutated (Figure 2.1.A). Again, there is limited overlap
with ExAC variation data (Figure 2.1.A).
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Figure 2.1: (see legend on next page)
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Figure 2.1: Mutations present in b(0+)AT (SLC7A9) and rBAT (SLC3A1) in patients with
cystinuria. Plots of the sequence of A) b(0+)AT and B) rBAT. For each protein the location of
cystinuria associated mutations is shown (red circles) with the position of variants present in
ExAC (blue circles). The conservation score is shown (grey line with values ranging from 1 to 9).
The lower bar shows the protein secondary structure. C) Total population allele frequencies
based on the ExXAC data set. Each point represents an allele frequency. Multiple variants may
have the same allele frequency, and the number of variants with the specific allele frequency is
represented by the position of the point on the Y axis. The individual plots correspond to the four
different sets of variants. C.A) Variants of SLC3A1 reported to be associated with cystinuria. C.B)
Variants of SLC7A9 reported to be associated with cystinuria. C.C) Variants of SLC3A1 not
reported to be associated with cystinuria but present in ExAC. C.D) Variants of SLC7A9 not

reported to be associated with cystinuria but present in ExAC.

The conservation of each variant position was calculated using ConSurf (see
Methods). The conservation scores range from 1 to 9, with 1 being the most
variable and 9 the most conserved. For both genes, there is a clear difference in
the distributions between the mutations known to be associated with cystinuria and
the variants only found in EXAC (p = 1.69e-10 for SLC3A1, and p = 2.078e-06 for
SLC7A9, Wilcoxon rank sum test) (Figure 2.2). The cystinuria associated
mutations of both genes are predominantly at positions with high ConSurf scores,
suggesting that these positions are of high importance to the function of the
protein. This skew is larger for SLC7A9, where ~80% of the mutations have
ConSurf scores between 6 and 9 (Figures 2.1.A-B and 2.2.A-B). Conversely, for
both genes, a large number of variants that are not known to be associated with
cystinuria have ConSurf scores of 1 (Figures 2.1.A-B and 2.2.C-D), suggesting
that the functional roles of these positions are minimal. This agrees with these
variants being neutral, as such positions are less likely to have an effect on protein
structure or function. Around 40% of the positions of EXAC only variants have
ConSurf scores between 6 and 9, it is possible that they may have some effect
upon protein function or that the variants observed conserve the property of the
wild type amino acid more so than the cystinuria associated mutations. We did not
observe a correlation between ExAC allele frequency and ConSurf conservation

score (Appendix 1 Figure 1).
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Figure 2.2: Conservation of nsSNVs in SLC7A9 and SLC3A1 and their predicted effect on protein
stability. A-D) Distribution of ConSurf conservation scores for nsSNVs in SLC7A9 and SLC3A1 that

are either i) present in individuals with cystinuria (A and B) or ii) present in the EXAC dataset (C

P

and D). ConSurf scores vary between 1 and 9, with 9 being highly conserved and 1 being not
conserved. E-H). Effect of nsSNV on protein stability predicted by mCSM. mCSM predicts the
change in Gibbs free energy (kcal/mol) negative values indicate destabilisation and positive values
stabilisation.

2.4.2 Protein Structural Modelling

To investigate where in the protein structure the cystinuria associated variants
occur and to analyse the effect they may have on protein structure and function,
protein structural modelling of the protein was performed. Phyre2 (Kelly et al.
2015) generated high confidence structural models of both b(0+)AT and rBAT
(Figure 2.3). For rBAT, the extracellular alpha amylase-like domain was modelled
using the structure of Bacillus Cereus oligo-1,6-glucosidase (Watanabe et al.
1997) as a template (PDB code: 1uok). The structure of a glutamate and y-
aminobutyric acid antiporter (Ma et al. 2012) (PDB code: 4DJI) was used as the

template structure for modelling b(0+)AT.

The b(0+)AT protein transports dibasic amino acids into the cell in exchange for
neutral amino acids. There are therefore two sites for amino acid binding, one on
each side of the transporter. The outward facing binding site was modelled using

3DLigandSite and firestar using the Arginine bound to another related APC
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transport (AdiC, PDB code: 30BM) (Watanabe et al. 1997). To model the inward
facing conformation, the putative binding site identified for ApcT (another member
of the APC transporter family) was mapped onto our model (Kowalczyk et al.
2011) (Figure 2.3.A).

Studies have proposed that Lys158 in ApcT has a role equivalent to sodium in
sodium dependent transporters (Shaffer et al. 2009). This lysine is conserved in
b(0+)AT (Lys184) and three of the four residues coordinating with it are also
conserved (Gly41, lle44, Ser312).

Overall potential functional residues identified in b(0 +)AT for amino acid binding
were: 11e38, Thr42, 1le43, Ser4d6, Gly47, Val50, Thro1, Lys92, Leu117, Lys121,
Ser124, lle128, Trp230, Ala231, Tyr232, lle371. As the mechanism of transport is
not clearly understood there are likely to be further residues that are functionally

important that have not been identified here.

In rBAT the residues predicted to have a potential functional role in the alpha
amylase domain for sugar binding were: Asp172, Tyr175, His215, Val258, Tyr259,
Phe278, Met279, GIn282, Ser312, Asp314, Ala315, Phe318, Glu384, Asp449
(Figure 2.3.B). Additionally, Asp133, Asn135, Asp137, Asn139, Asp141 are
predicted to bind calcium (Figure 2.3.B). However, it is not clear if rBAT binds

sugar molecules or if it has an alpha amylase enzyme activity.
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b(0+)AT

Figure 2.3: Structural models of rBAT and b(0+)AT. For both proteins cystinuria associated
mutations are coloured red. A) Model of b(0+)AT. Residues modelled to contact the transported
amino acids are coloured cyan. The conserved p.Lys184 and residue coordinating with it are
coloured magenta. B) Model of rBAT. The modelled sugar binding site residues are coloured cyan

and the predicted calcium binding site is magenta.

2.4.3 Structural Analysis of Mutations in b(0+)AT

Initial analysis of the substitutions that occur in b(0+)AT shows that for only 22 of
the 58 point mutations the type of amino acid is not changed (Table 2.2). The
majority of residues that are mutated are hydrophobic and for more than half of the
changes (25 of 45) the mutated residue is polar or charged. This shows that

mutations are regularly introducing charge into the protein.

The likely effects of the mutations fall into a few categories (full analysis details in
Appendix 1 Table 7). Firstly, some mutations alter residues with a functional role
(e.g. ligand binding) or they are located close to functional sites. Secondly, some

mutations seem likely to alter protein conformation as they either introduce charge
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or change the size/shape of the sidechain (often in buried or densely packed
regions of the protein). Finally, some mutations are located on the protein surface

and they could affect the interaction with the membrane or with rBAT.

Table 2.2: Type of amino acid change for mutations in b(0+)AT.

Mutation Amino Acid Type
Original Amino
. Hydrophobic Polar Positive Negative Total
Acid Type
Hydrophobic 20 10 12 3 45
Polar 5 0 1 1 7
Positive 2 1 1 1 5
Negative 0 0 0 1 1

There are a set of mutations close to the functional residue Lys184, which is likely
to function in an equivalent way to sodium in sodium dependent transporters. One
of the residues thought to coordinate with Lys184, lle44, is mutated to Thr (Figure
2.4.A). Additionally, in the same area there are the mutations p.lle36Asn,
p.Val40Met, p.Ala182Thr, p.lle187Phe, p.Val188Met and p.Pro261Leu (Figure
2.4.A). Many of these mutations seem fairly conservative, and suggest that minor
changes to the conformation of the protein, through altered packing of sidechains
may be sufficient to alter function. This may be particularly relevant as helix 1
(containing p.lle36Asn, p.Val40Met, p.lle44Thr) is thought to undergo
conformational change during transport and the other side of the helix contains
multiple residues that are likely to have a role in binding the transported amino

acids (Figure 2.4.A — cyan coloured residues).

Other mutations are close to the residues likely to have a functional role in
transporting the amino acids. One of these functional residues, Trp230, is mutated
to Arg (Figure 2.4.B) and there are multiple other mutations in the same area that

are close to functional residues (Figure 2.4.B-D).
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b(0+)AT contains many hydrophobic amino acids, which are often tightly packed.
In multiple examples, a smaller hydrophaobic is replaced by either a polar/charged
amino acid or a larger hydrophobic (for example p.Gly319Arg - Figure 2.4.C).

A final group of mutations may affect the interactions of the protein with the lipid
bilayer and its stability. Most of these mutations either introduce (p. Tyr99His,
p.Ala109Thr, p.Cys137Arg, p.Phe140Ser, p.Gly195Arg, p.Tyr457His), remove
(p-Arg171Trp, p.Asp333Trp) or alter charge (p.Arg250Lys, p.lys401Arg) mainly at
the end of helices on the protein surface near the end of the membrane (examples
shown in Figure 2.4.D). Another possible impact of mutations on the protein
surface of b(0+)AT (and also rBAT) is that they interfere with the dimerization of
the two proteins. However, little is known about how these two proteins interact
and what residues are involved in the interaction, so predictions of the impact on

dimerization were not possible.
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Figure 2.4: (see legend on next page)
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Figure 2.4: Mutations in b(0+)AT and rBAT. In all images the mutated residues are displayed as
red sticks in their wild type format. Predicted functional residues are coloured cyan. Hydrogen
bonds are shown as dashed black lines. Images A-D) refer to b(0+)AT and images E-l) refer to
rBAT. A) p.lle187Phe and p.Ala182Thr mutations are adjacent to p.Lys184 which is thought to play
a role equivalent to sodium in sodium dependent transporters. B) p. Trp230Arg (coloured blue) is
adjacent to multiple functional residues. C) The mutation p.Gly319Arg occurs in a buried region
(p-Gly319 shown in red spheres). D) Mutations close to the end of transmembrane helices may
reduce stability in the membrane. E) Mutations occurring close to the predicted calcium binding site
in rBAT. F) Mutation p.Ser547Leu will remove hydrogen bonding. G) p.Tyr552His and p.Glu482Lys
as wild type form a hydrogen bond, it is not clear if this will be retained upon mutation. H) Multiple
mutations present in a single region. p.Leu472Phe (orange spheres) will result in increased size in
well packed area. Other mutations will remove hydrogen bonding. I) Mutations occur in residues
253-256.

2.4.4 Structural Analysis of Mutations in rBAT

While rBAT has an alpha-amylase like extracellular domain, the functional role of
this domain has not been well established. Overall there are few mutations present
(only three) in or near the predicted functional residues (based on possible sugar
and calcium binding sites) (Figure 2.3.B). This suggests that these residues may
not be functional in rBAT, otherwise mutations would be expected to occur here as
was seen for mutations in b(0+)AT (although ConSurf shows that these residues
are highly conserved, 11 of the 14 have scores of 8 or 9). It suggests that we do
not know what residues are functionally important in rBAT and what function they

perform. This makes the structural analysis difficult.

Despite this, a few mutations are located close to “functional” regions of the
protein. p.Arg137Gly is one of the residues predicted to bind Calcium, mutation to
glycine would lose the positive charge in this region. Similarly, p.Gly140Arg is
present within the loop where calcium is modelled to be bound (Figure 2.4.E). This
position is completely invariant in homologues (with a maximum ConSurf score of
9) suggesting an important structural/functional role for this residue. Introduction of
a positively charged arginine may be expected to interfere with the binding of the

positively charged calcium ion (assuming that Calcium does bind here).
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p.Thr189Met is located in the alpha helix adjacent to the calcium binding site so it
is possible that destabilisation here could affect the calcium binding site (Figure
2.4.E). Three of the mutations (p.Met381Thr, p.Tyr397Cys, p.Gly398Arg) are close
to what would be the active site if the protein was an active hydrolase. p.Met381 is
highly conserved in orthologues and the mutation to threonine could introduce a
polar contact with p.Asp369. Similarly, p.Gly398Arg would introduce a charge and
a larger sidechain. For p.Tyr397Cys, the mutation is likely to remove a hydrogen

bond (see below).

Overall the structural analysis suggests that, for the majority of the rBAT mutations
observed, they may have an effect on the structure or stability of the protein (full
structural analysis details in Appendix 1 Table 8). These mutations fall into two
main groups. In the first group, a hydrophobic amino acid is replaced by a polar or
charged amino acid (examples are p.Tyr151Cys, p.Leu205Ser, p.Leu300Ser,
p.Tyr397Cys, p.Tyrd61His, p.Met467Thr, p.lle445Thr, p.Tyr579Asp, p.Phe599Ser)
where the hydrophobic side chain is typically buried and packed against other
hydrophobic side chains. Of the 49 hydrophobic sidechains that are mutated, 17
are changed to charged amino acids and 15 to polar sidechains (Table 2.3). In the
second group, a polar or charged amino acid is typically replaced by a
hydrophobic side chain (but in some cases a different polar/charged sidechain)
and modelling suggests that these mutations often remove hydrogen bonds or salt
bridges that stabilise the protein structure (Figure 2.4.F-1). Of the 45 polar or
charged residues that are mutated, 33 are likely to result in loss of hydrogen
bonding (Appendix 1 Table 8) and half of them (23) are changed to hydrophobic
amino acids (Table 2.3). Examples of these mutations include p.Thr189Met,
p.Thr216Met, p.Thr341Ala, p.Arg365Leu, p.Arg452Trp, p.Ser455Leu,
p.Ser547Leu (examples shown in Figure 2.4.F-I; Appendix 1 Table 8).

The remaining mutations either change the polarity or charge of the sidechain
(Table 2.3) or result in a considerable change in the size of the sidechain. Of the
94 mutations only 21 remain in the same group (i.e. hydrophobic, polar, positive or
negative charge; Table 2.3). For the 17 mutations that replace a hydrophobic
amino acid with another hydrophobic sidechain, five see a considerable increase
in sidechain size (e.g., p.Leu256Phe, p.Gly645Ala) and for a further six the size of
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the sidechain is reduced (e.g. p.Tyr124Cys, p.Trp255Cys (Figure 2.4.1),

p.Tyr480Cys).

Table 2.3: Type of amino acid change for mutations in rBAT.

Mutation Amino Acid Type
Original Amino
. Hydrophobic Polar Positive Negative Total
Acid Type
Hydrophobic 17 15 13 4 49
Polar 10 2 6 2 20
Positive 10 5 2 0 17
Negative 3 1 4 0 8

The initial sequence analysis suggested clustering of mutations (Figure 2.1). This
was also apparent from the structural analysis. There are multiple examples of
mutated residues that are close in three dimensions that are not adjacent in
sequence. These include: p.Tyr124-p.Tyr151-p.Tyr480, which appear to have Pi
interactions between their aromatic sidechains; p.Trp161-p.Asp210, p.Asp179-
p.Arg181, p.Arg452-p.Tyr480, p.Arg584-p.Thr417 and p.Tye552His-p.Glu482Lys
each of which form a hydrogen bond between them (e.g. Figure 2.4.G); and
p.Phe22-p.Glu268-p.Arg270-p.Arg227 and a large group including residues
p.Met467-p.Thrd71-p.Leu564-p.Leu567-p.Gly568-p.Tyr582. This clustering
suggests that these are regions that either have important structural or functional

roles, where mutation of any of them results in changes to protein function.

Given the presence of multiple variants that appear to affect protein stability,
mCSM (Pires et al. 2014) was used to predict the effects of nsSNVs on protein
stability. For mCSM, negative AAG values are destabilising for a protein structure,
and positive AAG values are stabilising (Figure 2.2.E-H). rBAT variants known to
be associated with cystinuria appear to be distributed more towards negative AAG
values than variants present only in EXAC, with median values of —-1.122 and
—0.668 respectively (p = 7.896e-06, Wilcoxon rank sum test; Figure 2.2.E-F).
Compared to cystinuria associated nsSNVs in b(0+)AT, a greater proportion in

rBAT are predicted to be highly destabilizing to the protein (median rBAT value of
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-1.122, and -0.889 for b(0+)AT) (Figures 2.2.E & 2.2.G), supporting the
observation that rBAT variants are more likely to destabilize the protein structure.
However, this just falls short of statistical significance (p = 0.05068, Wilcoxon rank

sum test).

2.4.5 Automated Prediction of Effects of Mutations in rBAT and
b(0+)AT

There are many automated methods available to predict the effect of non-
synonymous SNVs. Six of these methods, SIFT, PolyPhen-2, MutationAssessor,
FATHMM, Condel, and CADD (note Condel and CADD are consensus methods
that combine the output from multiple individual prediction methods to generate an
overall prediction) were used to predict the effect of each of the mutations present
in rBAT and b(0+)AT (see Methods). This was done to compare the predictions
made with clinical data from a cohort of 74 patients in a UK cystinuria clinic (Wong
et al. 2015). The predictions made by each of the methods are summarised in
Table 2.4 (full predictions in Appendix 1 Tables 9 & 10).

For 20 b(0+)AT (of 58) and 31 (of 94) rBAT mutations all methods make the most
deleterious predictions. No mutations in either protein were predicted by all six
methods to have the lowest or mildest effect on function. For both proteins, the
methods agree for a similar proportion of mutations (32.9% for b(0+)AT, 34.5% for
rBAT).

The effects of three mutations in b(0+)AT (p.Gly105Arg, p.Ala182Thr and
p.Arg333Trp) have been experimentally characterised. We compared the
predictions with the known effects (Table 2.5) and observed good agreement. For
b(0+)AT two (p.Gly105Arg and p.Arg333Trp) of the three characterised mutations
reduce amino acid transport to 10% of wild type and for both of these mutations all
methods predict the greatest effect (Table 2.5). The third mutation (p.Ala182Thr)
reduces transport to 60% of wild type and three methods predict that this mutation
will have a limited or no effect on the protein, and three predict that it will be

damaging.
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The divergence between these predictions highlights many important features of
pathogenicity prediction tools. Here, these tools are being compared for their
predictions of variants that have been experimentally validated. Many of these
tools are trained against different datasets, where the reported effects are from
clinical associations as opposed to experimental validation. Large-scale
benchmarking of variant prediction tools has shown that individual prediction
methods have differing performance on clinical association datasets than

experimentally validated datasets (Li et al. 2018).

Interestingly, CADD and Condel are both ensemble prediction methods, that
integrate the predictions of other tools in their overall prediction, and both correctly
predicted all three variants to be pathogenic. Whereas, SIFT, PolyPhen-2, and
MutationAssessor performed less well and are all classed as ‘function prediction
methods’ that attempt to predict if a missense variant will change a protein’s
function. Suggesting that ensemble methods have the better overall performance,
in-line with previous findings (Li et al. 2018). However, this delineation in prediction
method category and prediction accuracy for these variants breaks down for
FATHMM, which is a function prediction method but also correctly predicted that

these three variants are pathogenic (Table 2.5).

Overall, the source of diversion for individual variant predictions by each tool can
be hard to decipher. These methods are trained on different data sets, use
different features of variants in their predictions, have different thresholds for
pathogenicity, and calculate an overall pathogenicity prediction using different
methods, including different machine learning methods. However, this does
highlight the importance of integrating multiple prediction tools to come to a
consensus prediction, and also of selecting the best prediction method for a

specific question (Li et al. 2018).
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Table 2.4: Summary of effects of mutations predicted by the automated methods.

rBAT b(0+)AT
SIFT - Tolerated 23 11
SIFT - Damaging 70 48
PolyPhen2 (HumVar) - Benign 12 14
PolyPhen2 (HumVar) - Possibly
Damaging 1 10
PolyPhen2 (HumVar) - Probably
Damaging %6 29
PolyPhen2 (HumDiv) - Benign 8 15
PolyPhen2 (HumDiv) - Possibly » 4
Damaging
PolyPhen2 (HumDiv) - Probably
Damaging [ 40
MutationAssessor - Neutral 2
MutationAssessor - Low 17
MutationAssessor - Medium 40 29
MutationAssessor — High 34 20
FATHMM - Neutral 0 0
FATHMM - Damaging 93 59
Condel — Neutral 1 7
Condel - Damaging 92 52
CADD- Neutral 5 6
CADD - Deleterious 88 53

Table 2.5: Comparison of predictions with known experimentally characterised effect.

Known
effect on
PolyPhen- | Mutation
Mutation amino SIFT FATHMM Condel CADD
. 2 Assessor
acids

transport

Reduced
b(0+)AT ) Probably ) ) ) )

to 10% of | Damaging ) Medium Damaging Damaging Damaging
-G105R Damaging

WT

Reduced

b(0+)AT . . . .
A8oT to 60% of | Tolerated Benign Low Damaging Damaging Damaging
WT

Reduced
b(0+)AT Probably

to 10% of | Damaging . High Damaging Damaging Damaging
R333W WT Damaging
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2.4.6 Comparison of Functional Effect Predictions with Patient

Phenotype

We considered how well the predicted effects of the mutations agreed with the
observed phenotypes of patients, based on the grouping of the patients by the
prediction scores (see Methods). Each mutation was assigned a severity score of
either 1 (mild) or 2 (severe) based on the prediction score from the predictive
method. Then for each individual an overall severity score was calculated based
on the mutations present (see Methods). The patients were grouped according to
their overall score and the phenotype data compared between the different groups
(see Methods).

As the predictive methods associate a score (or probability) with their predictions
we first investigated how altering the threshold between assigning a mutation to
the mild or severe group affected the outcome of the comparisons. For each
mutation effect prediction method, the number of patients in each severity score
group stabilised over a range of prediction score thresholds, e.g. for PolyPhen2
the groupings are stable between thresholds of =0.65 and =0.80. A single
threshold within these ranges was then chosen as the cut-off between mild and
severe mutations for that method and used for comparison (Table 2.1 and
Appendix 1 Tables 3 & 4).

First b(0+)AT was considered, (Figures 2.5, 2.6.A&B, and Appendix 1 Figures 2 &
3). Each of the prediction methods sorted the patients in to slightly different
groupings, but various general trends were observed across the methods.
Considering the urinary levels of the amino acids arginine, ornithine, lysine and
cystine, for all methods there was a general trend for the levels to be higher in the
high severity score groups. For each method the difference seems greatest for
arginine, and for SIFT and CADD there was a significant difference between
severity score groups 3 and 4 for the levels of arginine (Figures 2.5 & 2.6.A&B).
The age of diagnosis and the number of stone episodes and interventions over a
three-year period were also considered. Again, the average values for the higher
severity score groups typically followed the pattern that may be expected i.e. lower
severity score group have a later age of presentation and lower number of stone

episodes and interventions (Appendix 1 Figures 2 & 3). Many of these values have
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large ranges (as demonstrated by the error bars), but some of these comparisons
showed statistical significance, e.g. PolyPhen2 predicted groups 3 and 4 show a
significant difference for the number of interventions (p = 0.017) and age of
diagnosis for MutationAssessor and Condel predicted groups 3 and 4 (p = 0.015

and p = 0.014, respectively).

The equivalent analysis was performed for patients with mutations in rBAT. For
rBAT there are only two categories — mild (score 1) and severe (score 2) (details in
Methods). For all of the urinary amino acid levels and for all predictive methods the
average for severity score group 1 was lower than for severity score group 2
(Figures 2.6.C&D & 2.7). These differences in arginine levels were statistically
significant across all methods. The differences in ornithine and lysine levels were
statistically significant for PolyPhen2, MutationAssessor, and CADD, and the
difference in ornithine was significant for Condel. No method found a statistically
significant difference between the groups for cystine levels. However, there are
difficulties in the accurate measurement of cystine, so this result is unlikely to be
reliable and the levels of the other amino acids are a better indicator of disease

severity.

Patients in severity score group 1 for all methods present with disease at a later
age than those in severity group 2, though these differences are not statistically
significant (Appendix 1 Figures 4 & 5). There is little difference between the
average number of stone episodes for the two groups (for all predictive methods)
and for SIFT the number of interventions is greater in the lower severity score

group (Appendix 1 Figures 4 & 5).

All methods struggle to identify differences in the age of diagnosis, number of
stone episodes and number of interventions, but they are better at finding
differences in the urinary amino acid levels between the severity score groups.
This is perhaps because urinary amino acid levels are a less complex phenotype,
which was directly measured. In contrast the other phenotypes are less easily
measured or recorded. For example, a patient may present with a large number of
stones which all pass spontaneously, whereas another patient may present with
fewer more serious stone episodes. The measurements taken may depend on
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patients accurately recording the number of stones that pass and medical
interventions may also affect the number of stone episodes. Therefore,
comparisons of urinary amino acid levels may be more informative of disease

severity.
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Figure 2.5: Comparison of average urine levels of amino acids between the different severity score

groups, for individuals with b(o+)AT mutations. There is one plot per prediction method

(PolyPhen2, SIFT, MutationAssessor, and FATHMM). The group numbers are given at the bottom

of the plots, with the sample number given in brackets underneath the group name. Where

significant differences between groups occur (p < 0.05) the p-value is displayed on the plot, e.qg.

(1—2)p=0.001 means a significant difference between groups 1 and 2.
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difference between groups 1 and 2.
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Figure 2.7: Comparison of average urine levels of amino acids between the different severity score

groups, for individuals with rBAT mutations. There is one plot per prediction method (PolyPhen2,
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means a significant difference between groups 1 and 2.
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2.5 Discussion

We have surveyed the mutations present in SLC7A9 and SLC3A1 and their likely
effect on the encoded proteins b(0+)AT and rBAT. Across 49 studies, 58 and 94
cystinuria associated point mutations were identified in SLC7A9 and SLC3AT1,
respectively. Our initial comparison of cystinuria associated variants with variants
present only in EXAC, showed that the disease associated variants typically have
a lower frequency in the population, they tend to cluster in the protein sequence,
largely in different areas of the protein sequence to the ExAC variants which show
less clustering. This may suggest that particular regions of the protein sequence
cannot be altered without affecting protein function. Additionally, we found that the
frequency of EXAC variants was higher for SLC3A1, which may represent the
autosomal recessive inheritance of cystinuria when caused by SLC3A1 mutations.
Using structural models to investigate mutations in rBAT was more complicated

than for b(0+)AT because the function of rBAT is not clearly understood.

Interestingly in rBAT, few mutations directly affected the predicted functional
residues that would be associated with the enzyme activity that is typically present
in this family of proteins. However, a large number of mutations either remove
hydrogen bonds or introduce a charge into a buried or hydrophobic region and
could therefore disrupt protein folding or reduce stability. This is consistent with
what we know of the rBAT protein; experimental studies suggest that the heavy
rBAT subunit is essential for cell surface expression of b(0+)AT and essential for
transport of the heterodimer to the plasma membrane (Fernandez et al. 2002).
The extracellular glycosidase domain may only have a role in cystine transport
(Lundgren et al. 1995) and the requirement of chaperone for rBAT to fold correctly.
A number of rBAT mutations have been linked with incorrect folding of the protein

and/or trafficking to the plasma membrane (Franca et al. 2005).

In contrast, it is known that the light chain b(0+)AT encoded by SLC7A9 forms the
exchanger of dibasic amino acids for neutral amino acids (Bartoccioni et al. 2008).
In fact, it has been suggested that the light subunit may be fully functional even in
the absence of the heavy subunit (Feliubadal6 et al. 1999; Chairoungdua et al.
1999; Pfeiffer et al. 1999; Mizoguchi et al. 2001). Given the important functional

role of b(0+)AT in amino acid transport, multiple cystinuria associated mutations
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are identified that affect or are close to predicted functional residues. Additionally,
other mutations either seem likely to result in conformational changes or affect
protein stability. For example, there are many examples where a buried
hydrophobic amino acid is replaced by a charged or polar one but in contrast to
rBAT there are few mutations that remove hydrogen bonding, which is likely

because b(0+)AT is highly hydrophobic.

Comparison between the different variant effect predictors indicated that they
agree for approximately 30-35% of point mutations. The investigation of using
these methods to classify patients’ disease into mild and severe, has a number of
limitations. The methods used have been developed to predict amino acid
changes that are likely to cause disease and we see that they do this fairly well for
the mutations considered, with most of them predicted to be deleterious. So, we
have not used them here for exactly the role they were developed. The scoring
system may be overly simple, a patient with two low severity mutations will
perhaps fair better than an individual with one severe mutation (or vice versa), but
they are treated equally in our scoring system. Additionally, the sample size is
relatively small. Finally, the complex inheritance patterns of b(0+)AT makes
predictions of mutation effect harder. For rBAT, the pattern is clearer with high
severity score groups tending to worse phenotypes (see Figures 2.6.C&D, 2.7, &

Appendix 1 Figures 4 & 5).

However, given these limitations the analysis suggests the potential for the use of
such methods in this way. Typically, we observed the phenotype differences that
would be expected, if those predicted in the lower severity score group actually
had a milder form of the disease. For example, the urine levels of nearly all of the
amino acids considered (for most of the methods) across both proteins, are lower

for the lower severity score group (but not all are statistically significant).

Additionally, for rBAT and b(0+)AT there are general trends for most methods
where the age of presentation is higher in the low severity score groups, while the
number of stone episodes and number of interventions is greater in the high
severity score groups, but this is mostly not statistically significant, which highlights
the need to use a larger cohort.
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Overall these results are promising. Methods used to predict if mutations are
deleterious have been used to categorise mutations and there is some correlation
with phenotype. However, it also highlights the limitations of existing methods and
improvements are required if they are to be used for even relatively simple
precision medicine applications such as the classification of cystinuria disease
severity. Additionally, the analyses performed here need to be expanded into a
larger cohort of individuals to obtain greater confidence and to identify the most
effective way to categorise individuals. With a larger dataset there would be the
potential to train a method specifically to classify individuals based on their
SLC3A1 or SLC7A9 mutations, which may be more effective than trying to use
existing methods that have not been designed specifically to do this. Following this
there is the potential to investigate the use of such an approach to provide

individual precision treatment in the clinic.
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3.1 Abstract

Advances in sequencing technologies have enabled large-scale sequencing
projects to generate thousands of human genomes, and made it feasible to begin
integrating whole genome sequencing in to healthcare in order to deliver precision
medicine. One of the key remaining challenges in interpreting a patient’s genome
is to identify the small subset of functional or deleterious genetic variants from the
large number of variants that naturally occur in healthy humans. Many
computational methods have been developed to predict the functional effects of
variants, but little progress has been made in predicting the combined effects of
multiple variants. In this study we have quantified variant combinations within
individual human genomes at the protein level, using 2,504 samples from the
1,000 Genomes Project, and identified both common and rare examples of variant
combinations. Some variants within these combinations have potential
compensatory effects, suggesting possible coevolutionary relationships between

individual residues.

Across the 2,504 samples, 280,329 unique protein-wide non-synonymous variant
combinations were identified, with an average of 2,429.71 combinations per
human genome (with considerable variation between human populations). A
subset of 4,365 combinations occur within close spatial proximity in the structures
of the proteins, 42.4% more combinations than expected based on random
distribution of the variants in the structures, with an average of 121.73
combinations per human genome. Many of the variant combinations identified as
close in space have potentially compensatory effects, with 571 examples of direct
amino acid compensation (an amino acid lost in one variant but gained in another
variant). Based on the properties of the amino acids in combinations, 474
combinations have potential compensation of amino acid charge, 717
combinations potentially conserve functional groups, and 2,674 are predicted to
preserve structural stability. Finally, we identified variant combinations in protein-
protein interface sites, both within partners and between partners. A total of 1,246
unigue non-synonymous interface variant combinations were found across the
genome set, with an average of 25.12 combinations per human genome. Within
these, 127 have potential direct amino acid compensation, 96 have potential

charge compensation, and 125 have potential functional group compensation.
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This work highlights the extent of variant combinations within individual human
genomes, with subsets of these representing coevolutionary relationships between
protein residues. In the future, variants must not be considered in isolation if true
precision medicine is to be achieved. A deleterious variant occurring on its own
may have a neutral effect when combined with other variants, and vice versa.
Therefore, relationships between variants must be considered in order to interpret

their gestalt effect.
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3.2 Introduction

Proteins exist on a precipice, delicately balanced between functional and non-
functional. Here, the effect of a single amino acid change can be the difference
between health and disease. In recent years, thanks to advances in sequencing
technologies, there has been a deluge of human genetic variation data (Sherry
2001; Auton et al. 2015; Lek et al. 2016; Pagani et al. 2016; Telenti et al. 2016;
Karczewski et al. 2017; Maretty et al. 2017; Landrum et al. 2018). This has
provided unprecedented insight in to sequence variation within human
populations, but one of the main challenges has been analysing such a large
amount of data and distinguishing between variants that are benign and those that

cause disease.

Experimental characterisation of the effects of each variant is impractical, and so a
large number of computational tools have been developed to tackle this problem
(Pappalardo & Wass 2014; Adzhubei et al. 2010; Gonzalez-Pérez & Lépez-Bigas
2011; Kumar et al. 2009; Kircher et al. 2014; Reva et al. 2011). These tools
primarily rely on first principles: using information about protein function, structure,
evolutionary conservation, and the physiochemical properties of the wild type and
variant amino acids. For simple cases, almost always for protein coding variants,
this approach has had some success, with many tools able to distinguish
damaging from neutral variants with reasonable accuracy (Daneshjou et al. 2017;
Hoskins et al. 2017). However, many commonly used tools have been shown to
be less accurate in predicting the effects of de novo variants, frequently predicting
neutral variants to be damaging, as these tools are trained on disease and

common variants (Miosge et al. 2015).

One thing that most of these tools do not take in to account is the context of other
variants. Individual human genomes typically contain between 4.1-5 million
variants compared to the reference genome, including 10,000-12,000 that alter the
encoded protein sequences (1000 Genomes Project Consortium 2015), in many
cases resulting in multiple variants within the same protein. The effect of each
variant is context-dependent on the other variants in the protein, in the same way
that the effect of mutating one amino acid to another is context-dependent on the

sequence location of the amino acid. This phenomenon has long been observed
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between species, and such context-dependent variants are termed Compensated
Pathogenic Deviations (CPDs). These are sequence positions between
homologous proteins where the wild type amino acid from one species can cause
disease in the other species. This is often due to the fixation of multiple variants in
a population, where the individual variants are deleterious but the combination of

variants is neutral or advantageous (Kimura 1985).

For example, in human B-haemoglobin the wild type amino acid at position 20 is
Val, and the variant Val20Glu is pathogenic (rs33918474). However, in horse -
haemoglobin the wild type amino acid at position 20 is Glu. This discrepancy is
attributed to a second difference between the human and horse sequences at
position 69, where the wild type amino acids are Glycine and Histidine,
respectively (Kondrashov et al. 2002). In the horse B-haemoglobin, Glu20 and
His69 can form a hydrogen bond, and in human B-haemoglobin Val20 and Gly69
can form a van der Waals interaction. These pairs of residues form what are
known as a Dobzhansky-Muller incompatibility — one amino acid is not present
without the other in a species, due to the reduction in fithess caused by having
only one (Kondrashov et al. 2002). A generalised example of a Dobzhansky-Muller

incompatibility is presented in Figure 3.1.

A) |1]|2|3|4|5|6| Healthy Phenotype
B) |1 6 | Healthy Phenotype
C) |1 6 | Healthy Phenotype
D) |1]2 6| Disease Phenotype

Figure 3.1: (see legend on next page)
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Figure 3.1: A generalised example of a Dobzhansky-Muller incompatibility within a protein. A) The
wild type sequence of a protein, which results in a healthy phenotype B) The same protein with a
variant at position 3, resulting in a healthy phenotype too. C) The same protein with variants at
positions 3 and 4, also resulting in a healthy phenotype. D) The same protein with a single variant
at position 4, which results in a disease phenotype. This disease-phenotype occurs because this

variant at position 4 can only be tolerated in conjunction with the second variant at position 3.

The possible mechanisms of such compensations are manifold, but the outcome is
the same — a variant in one individual will have different effects compared to the
same variant in another individual. Comparison of human disease variants in
HumVar and ClinVar with orthologous sequences from 100 vertebrates estimated
that 3-12% of human disease variants are found in the sequences of other species
and are possible CPDs (Jordan et al. 2015). Experimental analysis of the potential
CPDs identified in the genes BBS4, RPGRIP1L, and BTG2 showed that CPDs
were able to rescue pathogenic variants and restore wild type function (Jordan et
al. 2015). Other examples of compensatory variants with experimental
characterisation include mutually compensatory variants in human p53 that
preserve protein stability (Mateu & Fersht 1999), and compensatory variants that
preserve dimerization stability of the human immunodeficiency virus capsid protein
(Del Alamo & Mateu 2005). In both examples there are combinations of variants
where the destabilising or damaging effects of individual variants are non-additive,
with the full variant combinations better preserving the properties of the wild type

protein.

The concept of CPDs has also been applied between individuals of the same
species, and is often referred to as “genetic buffering” or “genetic compensation”,
where the deleterious effect of one variant is counteracted by the effects of one or
more other variant(s). From a large population, Chen et al. recently identified
individuals carrying variants for severe childhood Mendelian diseases who have
reached adulthood with no clinical manifestation of the disease (Chen et al. 2016).
Multiple other studies have shown that variants thought to cause specific
Mendelian diseases are far more common in human populations than would be
expected based on the prevalence of the disease (Minikel et al. 2016; Xue et al.
2012; Piton et al. 2013; Bell et al. 2011). This suggests that some individuals with

these disease-causing variants are protected from the diseases by other variants,
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or that these variants have been previously misclassified as disease causing.
Such studies have led to an active search for individuals with disease buffering
variants, such as the resilience project (Chen et al. 2016), in the hope of informing

future treatment options for specific diseases.

Multiple studies have investigated the prevalence of CPDs between species
(Kondrashov et al. 2002; Gao & Zhang 2003; Rhesus Macaque Genome
Sequencing and Analysis Consortium 2007; Azevedo et al. 2009; Jordan et al.
2015), and incorporation of CPD information in to algorithms used to predict
variant effects has even been suggested as a way of improving the predictive
power of such tools (Azevedo et al. 2017). While some work has been done to
predict the combined effects of multiple variants (Hopf et al. 2017), no study to our
knowledge has looked at the extent of possible compensation events within

individual human genomes.

The aim of our study was to quantify the extent of possible epistatically interacting
variants within protein coding regions of the human genome. To do this we utilised
data from Phase 3 of the 1,000 Genomes Project, generating individual variant
sets for each of the 2,504 samples in the study. We then analysed the extent of
co-occurring variants within individual proteins, how co-occurring variants are
distributed within the 3-dimensional structures of the proteins, and how co-
occurring variants affect protein-protein interface sites. The analysis of the
combined effects of variant combinations will be essential in the future to better

understand complex genotypes, and deliver the promise of precision medicine.
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3.3 Methods

3.3.1 Protein Sequence Data
The UniProt human proteome set (UP000005640) was downloaded from the

UniProt website, this version was last modified on 22/11/2015 (Bateman et al.
2015). All human ensembl protein sequences were downloaded from the ensembl

database, version 84, using the ensembl API (Yates et al. 2016).

3.3.2 Variation Data
The 1,000 Genomes Project phase 3 call set (02/05/2013 release), containing

variant calls for 2,504 individuals, was downloaded (Auton et al. 2015). These
samples are taken from five different super populations, which are made up of 26

different individual populations, see Appendix 2 Tables 1&2.

The 1,000 Genomes Project phase 3 call set was filtered to contain only single
nucleotide variants (SNVs) using VCFtools, version 0.1.13 (Danecek et al. 2011).
All variant calls were annotated using ANNOVAR, version 12/11/2014 (Wang et al.
2010). The human genome build version used was GRCh37/hg19, and ANNOVAR
was run using the “ensGene” protocol option to give annotations with ensembl
identifiers. Where ANNOVAR identified multiple protein isoforms for a single
variant only one isoform was used. Canonical isoforms, as identified by UniProt
(Bateman et al. 2015), were used where possible. If the canonical isoform was
unknown, isoforms present in the Interactome3D data set were chosen first,

otherwise the isoform was chosen numerically by its ensembl protein identifier.

ANNOVAR annotates nsSNVs with reference to ensembl protein sequences.
Corresponding UniProt and ensembl protein sequences (as identified by UniProt)
were aligned using NEEDLE, version 6.6.0 (Rice et al. 2000). All protein sequence
positions given in this study are in reference to the UniProt sequence, and variants
that could not be mapped to UniProt sequence positions were excluded.
ANNOVAR annotates each variant individually and does not consider
multinucleotide variants. For each sample in the 1,000 genomes cohort

multinucleotide variants were considered. If a sample had two variants in the same
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codon, both variants were interpreted together as a single change instead of two

individual changes.

GnomAD data was used to complement the 1,000 Genomes Project data, by
providing the allele frequencies of variants for a much larger population (123,136
individual exomes). However, the GnomAD data is not suitable as a replacement
for the 1,000 Genomes Project data, despite many 1,000 Genomes Project
samples being included in GhomAD, because the GnomAD data is aggregated.
This means that overall occurrences of variants from across the samples are
provided, but not the variants for specific individual samples. Therefore, variant
combinations for individual samples cannot be calculated. The GnomAD exome
VCF dataset was downloaded on 26/04/2017, and the GnomAD allele frequencies
of all variants from the 1,000 Genomes Project samples were extracted (Lek et al.
2016; Karczewski et al. 2017).

The Humsavar (Bateman et al. 2015) and ClinVar (Landrum et al. 2018)
databases were used to annotate variants with reported clinical significance
information. Humsavar (release: July 2018) contains 77,936 variants, and ClinVar
(release: August 2018) contains 881,017 variants. For Humsavar, the annotations
for each variant are ‘Disease’, ‘Polymorphism’, and ‘Unclassified’. ClinVar provides
many more types of annotation than Humsavar, but for simplicity ‘Benign/Likely
benign’, ‘Likely benign’ and ‘Benign’ were grouped as ‘Benign’, and ‘Pathogenic’,
‘Likely pathogenic’, and ‘Pathogenic/Likely pathogenic’ were grouped as
‘Pathogenic’. Humsavar annotations are also referred to by these categories to
allow for easier comparisons to ClinVar, with Humsavar ‘Disease’ referred to as
‘Pathogenic’, and Humsavar ‘Polymorphism’ referred to as ‘Benign’. For
combinations of variants, the clinical annotations were then compared for the
constituent variants and a combined annotation is produced for the combination,
e.g. a combination with one or more pathogenic variants in a combination with one
or more benign variants is annotated as “Pathogenic & Benign”, or a combination

with only pathogenic variants is annotated as “Pathogenic”.
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3.3.3 Protein Structure Data

All experimental protein structures were downloaded from the Protein Data Bank
(PDB), and the Structure Integration with Function, Taxonomy and Sequence
(SIFTS) database was used to map the residues in the protein structures to the
residues in the protein sequences in the UniProt human proteome set and also to
obtain the resolution and protein sequence coverage of each structure (Berman et
al. 2000; Velankar et al. 2013). Corresponding UniProt proteins and PDB
structures were then aligned using MUSCLE to generate a sequence-structure
position map, and calculate the total number of positions in each protein covered
by each structure (Edgar 2004).

Protein structures were then selected for each protein, with structures first
prioritised by resolution, and if two structures for overlapping sequence regions
both had resolutions <3.5A the structure with the largest sequence coverage was
selected. After this structure selection step, all sequence positions covered by an
experimental structure have been assigned to the highest quality structure
available. For the remaining proteins without experimental structures, and for
proteins with partial experimental structures where there are contiguous regions of
=50 residues without a corresponding experimental structure, structural modelling

was performed.

For each protein requiring structural modelling, template structures were identified
from a 70% identity representative set of the PDB using hhblits, selecting only
high-confidence templates with an hhblits probability =80 (Berman et al. 2000;
Remmert et al. 2012). Models were selected to cover as many sequence positions
as possible in a non-redundant manner, starting from the highest confidence
model and selecting additional models that cover =50 sequence positions not
already covered. Models were then generated for each sequence using the
identified template and a protocol based on Phyre2 (Bennett-Lovsey et al. 2008;
Kelly et al. 2015), with pulchra used to add and optimise the side chains
(Rotkiewicz & Skolnick 2008).

For the set of 20,791 proteins analysed, 16,653 had >0% coverage either by

experimental structures, models, or a combination of both. The remaining 4,138
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proteins had no experimental structures available and no structural models were
identified of adequate quality (Appendix 2 Figure 1). There are 1,609 proteins for
which experimental structures cover the entire protein with no sequence gaps =50
contiguous residues. The mean sequence coverage for proteins covered entirely
by experimental structures was 88.97%, with an average of 1.07 structures per
protein (multiple structures correspond to different regions of the protein and are

not overlapping).

There are 2,777 proteins with experimental structures available, but with gaps =50
contiguous residues. The mean sequence coverage was 38.79%, with an average
of 1.19 structures per protein. Of these 2,777 proteins, high-quality templates were
identified for 1,653 proteins, and structural modelling was used to increase

structure coverage for these proteins. The mean sequence coverage was 56.43%,

with an average of 2.91 structures per protein.

For the remaining 16,405 proteins without any experimental structures available, a
high-quality template for structural modelling was identified for 12,267 proteins.
The mean sequence coverage was 56.33%, with an average of 1.51 structures per
protein. Overall, for the UniProt proteome set, combining multiple non-overlapping
structures per protein and combining structural modelling with experimental

structures greatly increased protein sequence coverage (Appendix 2 Figures 2-5).

3.3.4 Identification of Variant Combinations Within Proteins

For each of the 2,504 samples in the 1,000 Genomes Project data set,
combinations of variants were identified within proteins for each individual sample.
Each sample can have between zero and two variant combinations per protein,
one combination of variants per allele. These variant combinations therefore
consist of all of the variants that each sample has per copy of the protein, and they
can be distributed anywhere within the 3-dimensional structure of the protein.

These are termed Global Combinations (Figure 3.2.A&B).

A second set of variant combinations was then created for variants that are close
in 3-dimensional space within protein structures. These are termed Proximal

Combinations (Figure 3.2.A-C). All variants in Global Combinations were mapped
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to structures, and the distances between variants mapped to the same structures
were calculated. Variants within 5A of one another were then grouped in to new
combinations. For example, in Figure 3.2.A, Global Combination One contains four
variants, of which two are close in space, and these two variants become Proximal
Combination One. In Figure 3.2.B, Global Combination Two contains five variants,
and two separate Proximal Combinations are derived from this. Proximal
Combination Two, contains two variants, and Proximal Combination Three
contains three variants. Proximal Combinations Two and Three occur in the same

protein, but are distant from one another in space (Figure 3.2.B).

Proximal Combination Three contains three different variants (Figure 3.2.B). The
variant in the middle of the three is within 5A of both of the other variants, but the
other two variants are only within 5A of the middle variant and not each other. This
is permitted for Proximal Combinations, but the maximum distance between any
two variants in a combination was limited to 15A to prevent chaining of variants
across large distances in the protein structure. For non-synonymous and
synonymous variants, the vast majority of Proximal Combinations have a
maximum distance between any two variants in the combination of 0-1A (Appendix
2 Figure 6).

Importantly, the directionality of the side chains of variants in Proximal
Combinations is not considered. This can result in scenarios where variants are
grouped in to a combination, with potentially interacting effects, when the side
chains were not directly interacting in the wild type structure. This reduces the
likelihood that the grouped variants are compensating for one another. However,
in these scenarios where the side chains are facing in opposite directions there
can still be interaction between the variants, as having multiple variants within a
localised region of a protein may alter the structure or function of the region

differently to having a subset of the variants on their own.

Finally, all unique variant pairs within the Proximal Combinations were identified.
For example, a Proximal Combination containing three variants contains three
different constituent variant pairs (Figure 3.2.C). PyMOL (https://pymol.org/2/) was
used to visualise variant combinations mapped to structures. Where described,
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variant combinations within proteins are given as a comma-separated list of

variants, in ascending order by protein sequence position.
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Figure 3.2: Identification of variant combinations and variant pairs within protein structures. A) A

global combination with one constituent proximal combination of variants <5A apart. B) A global

combination with two distinct constituent proximal combinations in different areas of the protein. C)

A proximal combination, which contains three individual constituent variants and three different

pairs of constituent variants.

3.3.5 Generation of Random Proximal Combinations

The numbers of Proximal Combinations identified from the sample variation data

were compared to Proximal Combinations identified from randomised sequence

positions. The positions of variants mapped to structures from Global

Combinations were randomly assigned to different positions in the proteins, and

Proximal Combinations were then defined for these random combinations. For
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example, in Figure 3.3.A&B, the variants in Global Combinations are randomly
assigned to new positions, but the total number of variants in the protein is kept
the same (four variants for Global Combination One and five variants for Global
Combination Two). For both non-synonymous and synonymous Global
Combinations, 1,000 iterations of this process were performed, creating 1,000 sets

of Proximal Combinations for variants assigned to random sequence positions.

A) ? Randomly shuffle ? ?

variant positions =) O
3 - P (...) 1,000 Iterations
o @ o
Global Combination Random Combination Random Combination
One One A Two A
B) ? Randomly shuffle ?
variant positions O
0 o o (...) 1,000 Iterations
Global Combination Random Combination = Random Combination
Two OneB Two B

Figure 3.3: Randomisation of variant positions in global combinations. A) Randomisation of Global
Combination One variant positions, with 2/1000 random iteration outcomes shown as examples. B)
Randomisation of Global Combination Two variant positions, with 2/1000 random iteration

outcomes shown as examples.

3.3.6 Variant Property Compensations

Amino acid properties were assigned using the definitions of Innis et al., and all
amino acid properties used are shown in Table 3.1 (Innis et al. 2004). Foldx
(Schymkowitz et al. 2005) was used to predict protein structure stability changes
for variant combinations. The Foldx RepairPDB function was run for each protein
structure with default parameters, and then stability predictions were made using

the BuildModel command on the repaired structures with default parameters.
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Table 3.1: Properties of amino acids used for finding compensatory amino acid changes

Amino Acid Charge Functional Group Average Atomic Mass
A Hydrophobic Hydrophobic 71.08
C Hydrophobic Hydrophobic 103.14
D Negative Carboxylate 115.09
E Negative Carboxylate 129.12
F Hydrophobic Phenyl 147.18
G Hydrophobic Hydrophobic 57.05
H Positive Positive 137.14
I Hydrophobic Hydrophobic 113.16
K Positive Positive 128.17
L Hydrophobic Hydrophobic 113.16
M Hydrophobic Hydrophobic 131.19
N Negative Polar Amido 114.10
P Hydrophobic Hydrophobic 97.12
Q Negative Polar Amido 128.13
R Positive Positive 156.19
S Positive Polar Hydroxyl 87.08
T Positive Polar Hydroxyl 101.11
\Y Hydrophobic Hydrophobic 99.13
w Hydrophobic Phenyl 186.21
Y Hydrophobic Hydroxyl & Phenyl 163.18

3.3.7 Interactome3D Data Processing

The protein-protein interaction data used in this study was taken from the
Interactome3D database, version 2017_01 (Mosca et al. 2013). The

Interactome3D representative dataset for Homo sapiens was used, this contains

only the highest-ranking structures and models for each interaction. All

experimental structures and global templates were included, while all domain-
domain modelled interactions were excluded. The final interaction data set
contained 9,642 distinct complexes. Of these, 2,987 are homomeric interactions,
and 6,655 are heteromeric interactions. In total, the interaction data set contained
5,500 distinct proteins.
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For each protein-protein complex, any residue in one partner of the complex that
was within 5A of a residue in the other partner of the complex was classed as
being an interface residue (Lensink et al. 2016). Sequence positions in the
structure were mapped to their corresponding positions in the UniProt sequence
using MUSCLE (Edgar 2004). This resulted in a list of protein-protein interface
residues, mapped to UniProt sequence positions, for each of the 5,500 proteins in

the interaction set.

3.3.8 Identification and Classification of Interface Variant

Combinations

Using the processed Interactome3D data, non-synonymous and synonymous
variants were classified into three different groups: interface variants, non-interface
variants, and variants without interaction data. As with combinations of variants
within individual proteins, for each of the 2,504 samples in the 1,000 Genomes
Project, interface variants were further classified in to one of four variant
combination categories: Homomeric Combinations, Heteromeric Combinations,
Uni-Partner Combinations, and Singletons (Figure 3.4). These are defined as
follows:

1. Homomeric Combinations - interface variants of homomeric complexes,
with =2 interface variants in each partner of the complex (Figure 3.4.A)

2. Heteromeric Combinations - interface variants of heteromeric complexes,
with =2 interface variants per partner (Figure 3.4.B)

3. Uni-Partner Combinations — interface variants of heteromeric complexes,
with =2 interface variants in one partner and no variants in the interface
region of the other partner. These can also occur in homomeric complexes,
if the complex is asymmetric, i.e. one region of the protein interfaces with a
different region of the same protein (Figure 3.4.A&B)

4. Singletons — interface variants of any type of complex, with one interface
variant in one partner and no variants in the interface region of the other

partner (Figure 3.4.A&B)

Where described, combinations of variants in interfaces use the following notation:

<Protein A UniProt ID>:<Comma-Separated List of Variants in Protein
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A>_<Protein B UniProt ID>:<Comma-Separated List of Variants in Protein B>, e.g.
PA:G21S,R43K_PB:P100H,H403P meaning that, for the interaction PA:PB, G21S
and R43K variants both occur in the interface site of PA, and P100H and H403P

both occur in the interface site of PB.

At least 2 variants At least 2 variants Only 1 variant
in the interface in the interface in the interface
in both partners in one partner in one partner

B -0 O -0
A) Homodi ) ° °f °
omodaimers
(0
(O
Homomeric Uni-Partner Singletons

Combinations Combinations 9

At least 1 variant At least 2 variants Only 1 variant
in the interface in the interface in the interface
in both partners in one partner in one partner

-0
. —0 mO)
B) Heterodimers —O
O
Heteromeric Uni-Partner -
s s Singletons
Combinations Combinations 9

Figure 3.4: Identification of variant combinations within protein-protein interfaces. A) Possible
interface variant combinations for homodimeric protein-protein interactions — Homomeric
Combinations, Uni-Partner Combinations, and Singletons. B) Possible interface variant
combinations for heterodimeric protein-protein interactions — Heteromeric Combinations, Uni-

Partner Combinations, and Singletons.
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3.4 Results

3.4.1 Unique Global Combinations

Each individual human genome has a large number of variants compared to the
human reference genome, with on average 10,000-12,000 variants that alter
protein sequence (1000 Genomes Project Consortium 2015). Individuals also have
two distinct copies of each protein and, although there are some highly conserved
genes where variants rarely occur, many proteins have multiple variants in them.
This means that for 2,504 samples in the 1,000 Genomes Project data set there
are a possible 5,008 distinct versions of a protein, as each sample has two alleles
and each one can have a different combination of variants. Therefore, for the
20,791 canonical protein isoforms in the UniProt human proteome set there are
104,121,328 possible distinct versions of proteins (20,791 proteins multiplied by
5,008 alleles).

Across all 2,504 samples, 531,560 unique non-synonymous variants and 345,334
unique synonymous variants were identified. A large number of unique variant
combinations were identified from these, but as expected there are far fewer
unique versions of proteins than the theoretical maximum number, with some
proteins having no observed combinations of variants in any individual
(Supplementary Table 1). Variant combinations were identified in 10,753 different
proteins, with a total of 280,329 non-synonymous Global Combinations, and
342,031 non-synonymous variants occurring on their own across 18,385 different
proteins. For synonymous variants, there were 224,541 Global Combinations of
variants spread across 11,131 different proteins, and 215,576 variants occurring

on their own across 18,258 proteins.
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Table 3.2: Numbers of unique combinations per variant combination category, and numbers of

single occurrence variants for the total variant sets.

Combinations

Unique Proteins Proteins
Combination Unique Unique
Constituent with with o .
Category . L . Combinations | Singletons
Variants Combinations Singletons
Non-Synonymous
Global 531,560 10,753 18,385 280,329 342,031
Combinations
Non-Synonymous
Proximal 5,596 1,562 N/A 4,365 N/A
Combinations
Synonymous
Global 345,334 11,131 18,258 224,541 215,576
Combinations
Synonymous
Proximal 4,615 1,678 N/A 2,558 N/A

3.4.2 Unique Proximal Combinations

When searching for variants that may interact or coevolve, proximity in 3-

dimensional protein structure can be used to identify candidate combinations. This

has been demonstrated by protein contact and structure prediction methods that

use coevolution to identify residues that are close in space (Buslje et al. 2009;
Marks et al. 2011; Morcos et al. 2011; Jeong & Kim 2012; Kamisetty et al. 2013;
Ekeberg et al. 2013; Schneider & Brock 2014; Seemayer et al. 2014; Kajan et al.
2014; Jones et al. 2015; Adhikari & Cheng 2016; Ovchinnikov et al. 2017).

Variants that are distant in space may also coevolve, but it is more difficult to

identify such variants.

Many of the variants in the Global Combinations identified will be distant from one

another within the 3-dimensional structure of the protein, and so are less likely to

be interacting on a functional level, though distant interactions of variants are still

possible via allosteric effects, with long-range compensatory effects of variants

previously observed within proteins (Del Alamo & Mateu 2005). Here we focus on

variants that are close in space within the protein structure and therefore more

likely to have coevolutionary relationships. The previously identified Global
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Combinations were therefore filtered in to combinations of variants close in space

— Proximal Combinations (see Methods).

There are substantially fewer unique Proximal Combinations than unique Global
Combinations, with 280,329 unique non-synonymous Global Combinations but
only 4,365 uniqgue non-synonymous Proximal Combinations (Table 3.2). A similar
trend was observed for synonymous variants, with 224,541 unique Global

Combinations and 2,558 unique Proximal Combinations.

The Global Combinations are a result of all of the variants that individuals have
within copies of their proteins, many of which are distant from one another in the
structure. The Proximal Combination variants occur in close spatial proximity and
are confined by the physical limit of the number of residues that can be close in
space within a protein structure, as well as any potential selection based on the
combined effects of variants. Fewer synonymous combinations are observed for

all types of combinations compared to non-synonymous combinations (Table 3.2).

Global Combinations of non-synonymous and synonymous variants are on
average larger than the Proximal Combinations, containing on average 1.4 and 2.0
more variants for non-synonymous and synonymous variants, respectively (Table
3.3). The numbers of variants in Global Combinations for non-synonymous and
synonymous variants can be very high, with as many as 75 variants in a single
combination (Figure 3.5 and Table 3.3). The corresponding non-synonymous and
synonymous Proximal Combinations, produced after reducing Global
Combinations by proximity in the structure, are on average smaller, with the

largest observed combination containing 14 variants (Figure 3.5 and Table 3.3).
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Table 3.3: Average sizes of variant combinations for the different combination categories.

Mean
Combination o . Median Combination | Maximum Combination
Combination Size . .
Category . Size (variants) Size (variants)
(variants)
Non-Synonymous
o 4.78 3 75
Global Combinations
Non-Synonymous
3.38 2 14
Proximal Combinations
Synonymous Global
4.07 3 68
Combinations
Synonymous Proximal
2.07 2 5
Combinations
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Figure 3.5: Numbers of variants per combination for each combination category.
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3.4.3 Observed Proximal Combinations Compared to Random

Expectation

If the observed Proximal Combinations are the result of coevolution between
residues, one would expect to see more Proximal Combinations than if variants
were randomly distributed throughout the protein. To test this, we performed 1,000
random iterations of variant positions in structures (see Methods), and for each
iteration regrouped variants in to combinations by spatial proximity. The number of
Proximal Combinations identified from the 1,000 Genomes Project sample
variation data and the number of Proximal Combinations observed for 1,000
iterations of randomised structure positions were then compared, for non-

synonymous and synonymous variants.

For non-synonymous variants, the number of Proximal Combinations observed in
the 1,000 Genomes Project sample data is far greater than those obtained for
random positioning of variants in the protein (42.4% more observed than the
average from random positioning; 4,365 observed combinations, 3,064.61 mean
random combinations, and 3,429 maximum random combinations). This may
suggest that there is a selective pressure for the variants in the observed Proximal

Combinations to be close in space (Figure 3.6.A).

This is not observed for the synonymous variants, where the observed number of
Proximal Combinations falls within the distribution of the random iterations (Figure
3.6.B), though the observed number is at the high-end of the distribution (2,558
observed combinations, 2,415.93 mean random combinations, and 2,576
maximum random combinations). This is perhaps expected, as synonymous
variants are unable to functionally compensate for each other in the final protein
structure. Synonymous variants could however be clustering in space due to
sequence proximity, where any selection pressure is likely related to binding motifs
in the DNA/RNA or selection of codons for translation speed related to protein
folding (Tsai et al. 2008; Zhang et al. 2009; Tuller et al. 2010; Saunders & Deane
2010; Plotkin & Kudla 2011; Gingold & Pilpel 2011; Pechmann & Frydman 2013).

The Proximal Combinations from the random iterations of non-synonymous

variants are also smaller on average compared to those from the 1,000 Genomes
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Project data, with a mean number of 2.22 variants per combination compared to
3.38 for the sample data (Table 3.4). The maximum sizes of combinations from
random iterations were also smaller, with an average value of 7.92, almost half the
size of the maximum combination size from the variant data, which was 14 (Table
3.4). For synonymous variants, the mean and maximum sizes of the Proximal
Combinations from the sample data are similar to those from the random iterations
(Table 3.4).
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Figure 3.6: Numbers of Proximal Combinations observed from 1,000 random iterations of structure
positions vs the observed number of combinations from the 1,000 Genomes Project sample data.
A) Non-synonymous variants. B) Synonymous variants. The blue bars represent the distribution of
Proximal Combination numbers from the random iterations. The dashed black line represents the
observed number of Proximal Combinations for the 1,000 Genomes Project sample data. Note — y-

axes differ in their scales between the subplots.
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Table 3.4: Variant combination sizes for Proximal Combinations observed in the 1,000 Genomes

Project data and the Proximal Combinations from random iterations.

Maximum
Mean Combination | Median Combination o .
Combination Category . . . . Combination Size
Size (variants) Size (variants) .
(variants)
Non-Synonymous Proximal
3.38 2 14
Combinations
Non-Synonymous Random
Average Proximal 2.22 2 7.92
Combinations
Synonymous Proximal
2.07 2 5
Combinations
Synonymous Random
Average Proximal 2.05 2 5.13
Combinations

3.4.4 Variant Combinations Per Sample

So far, the data presented has considered the number of unique variant
combinations observed across all samples in the 1,000 Genomes Project. We next
considered the variant combinations of each of the 2,504 samples individually, to
analyse the numbers of Global and Proximal Combinations per sample (Figure 3.7
and Table 3.5).

In contrast to the unique set of Global Combinations, each sample has more
synonymous Global Combinations than non-synonymous Global Combinations
(Figure 3.7, Table 3.2, and Table 3.5). Samples have on average 2,429.71 non-
synonymous Global Combinations and 3,005.11 synonymous Global
Combinations. There are fewer possible synonymous combinations for a protein,
but at the individual sample level more synonymous combinations probably
represents the fact that synonymous variants are less likely to have an effect on

protein structure and function.

For the Proximal Combinations, each sample has a similar number of non-
synonymous and synonymous combinations, with on average 121.73 and 116.89,
respectively (Figure 3.7). Therefore, although samples have a large number of

proteins with multiple variants in them (Global Combinations), they have relatively
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few proteins with multiple variants close in space (Proximal Combinations). The
highest number of Proximal Combinations observed in a single individual was 177
for non-synonymous variants and 164 for synonymous variants, and the minimum
numbers observed were 69 for non-synonymous variants and 84 for synonymous
variants. A summary of the per sample variant combination numbers is shown in
Table 3.5.

Numbers of Variant Combinations Per Sample

A) Non-Synonymous Global Combinations B) Non-Synonymous Proximal Combinations
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Figure 3.7: Numbers of variant combinations observed per sample for each of the combination
categories. A) Non-Synonymous Global Combinations. B) Non-Synonymous Proximal
Combinations. C) Synonymous Global Combinations. D) Synonymous Proximal Combinations.

Note — x- and y-axes differ in their scales between the subplots.
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Table 3.5: Numbers of variant combinations observed per sample.

Mean Maximum
Median Number Minimum Number
Category Number of Number of
of Combinations of Combinations
Combinations Combinations
Non-Synonymous
Global Combinations 2,429.71 2,343.5 2,882 2,115
Per Sample
Non-Synonymous
Proximal
121.73 121.0 177 69
Combinations Per
Sample
Synonymous Global
Combinations Per 3,005.11 2,890.0 3,586 2,671
Sample
Synonymous
Proximal
116.89 116.0 164 84
Combinations Per
Sample

The non-synonymous and synonymous Global Combinations per sample exhibit a
bimodal distribution (Figure 3.7.A&C), which is not observed for the Proximal
Combinations (Figure 3.7.B&D). This is caused by population-specific differences
between the samples. The 1,000 Genomes Project samples are taken from five
different super populations, composed of 26 different individual populations (see
Methods). Samples from the African (AFR) super population have on average
more non-synonymous and synonymous Global Combinations compared to the
other four super populations (Figure 3.8.A&C and Table 3.6), which results in the
bimodal distribution of Global Combinations per sample observed (Figure
3.7.A&C). AFR samples also have on average the most Proximal combinations,
but the difference between the super populations is much smaller than for the
Global Combinations (Figure 3.8.B&D and Table 3.6), resulting in the loss of the
bimodal distribution for the Proximal Combinations (Figure 3.7.B&D). This perhaps
reflects the fact that the human reference genome is least representative of the

AFR super population (1000 Genomes Project Consortium 2015).
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A) Non-Synonymous Global Combinations B) Non-Synonymous Proximal Combinations
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Figure 3.8: Numbers of variant combinations per sample for each of the combination categories,
separated in to the five super populations. A) Non-Synonymous Global Combinations. B) Non-
Synonymous Proximal Combinations. C) Synonymous Global Combinations. D) Synonymous
Proximal Combinations. Note — x- and y-axes differ in their scales between the subplots. AFR —
African super population, AMR — American super population, EAS — East Asian super population,

EUR — European super population, SAS — South Asian super population.

Table 3.6: Mean numbers of each type of variant combination per sample for each of the five super

populations.
Non-Synonymous Non-Synonymous Synonymous Synonymous
Super Population Global Proximal Global Proximal

Combinations Combinations Combinations Combinations

African 2737.57 136.25 3410.56 128.35

American 2318.55 118.25 2875.63 113.06

European 2277.21 111.75 2793.83 109.39

East Asian 2347.46 119.24 2889.51 117.32

South Asian 2334.07 117.41 2885.43 111.36
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3.4.5 Variant Combinations Per Protein

We next considered the unique variant combinations for each of the 20,791
proteins in the UniProt human proteome set (see Methods). Each protein has a
distinct pattern of Global Combinations, with some proteins having large number of
different combinations, and some having none or very few (Figure 3.9). For non-
synonymous variants, the average number of Global Combinations per protein
was 26.07, and 20.17 for synonymous variants (Table 3.7). The highest number of
non-synonymous and the highest number of synonymous Global Combinations for
any protein were both observed in the protein ‘Protein AHNAK2’ (UniProt
accession: Q8IVF2), with 3,402 and 3,143, respectively (Table 3.7). This means
that there are 3,402 unique non-synonymous and 3,143 unique synonymous
combinations of variants for this protein that at least one individual in the 1,000
Genomes Project data set has. Protein AHNAK2 is very large, with the canonical
isoform containing 5,795 amino acid residues. There were no Proximal
Combinations identified for this protein, however only 93 of the 5,795 residues in
the protein were covered by experimental structures, and no high-quality
templates were identified for structural modelling. It seems likely though that the
large number of unique combinations identified for this protein are at least in part

due to its size.
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Figure 3.9: Numbers of unique variant combinations observed per protein for each of the

combination categories.
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Table 3.7: Numbers of unique variant combinations observed per protein.

Mean
L Median Number of Maximum Number of
Combination Category Number of .
Combinations Combinations
Combinations
Non-Synonymous Global
26.07 8 3,402
Combinations Per Protein
Non-Synonymous Proximal
2.79 1 684
Combinations Per Protein
Synonymous Global
20.17 7 3,143
Combinations Per Protein
Synonymous Proximal
1.52 1 15
Combinations Per Protein

There are fewer unique non-synonymous and synonymous Proximal
Combinations per protein compared to their Global Combination equivalents
(Figure 3.9). The non-synonymous and synonymous Global Combinations sets
have >20 unique variant combinations on average per protein, whereas the sets of
Proximal Combinations on average have only a couple of unique variant
combinations per protein (Table 3.7). There are some proteins with a large number
of Proximal Combinations, but these are rarer (Figure 3.9 and Table 3.7). For
example, HLA class | histocompatibility antigen, B-81 alpha chain (UniProt
accession: Q31610) has 684 unique non-synonymous Proximal Combinations
(1,525 Global Combinations), which is the most observed for any protein. Due to
the role of this protein in the immune system, it may be expected that a large
number of unique variant combinations would be observed. Similarly,
Immunoglobulin kappa variable 1-5 (UniProt accession: P01602), another immune
system protein, contains the most unique synonymous Proximal Combinations of
any protein (3,143; Table 3.7).

One conflating factor in comparing the numbers of variant combinations observed
between different proteins is the size of the individual proteins. Longer proteins
have a higher random probability of being mutated, and therefore would be
expected to have more observed variant combinations on average than smaller
proteins. Across the dataset, the number of Global Combinations per protein is

somewhat correlated with the length of the protein (r=0.54 and r=0.53 for non-
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synonymous and synonymous Global Combinations, respectively; Appendix 2
Figure 7.A&B). However, there is no correlation between the number of Proximal
Combinations per protein and protein length (r=0.01 and r=0.20 for non-
synonymous and synonymous Proximal Combinations, respectively; Appendix 2
Figure 7.C&D). The number of Proximal combinations is also not correlated with
the numbers of residues covered by structures (this is distinct from protein length,
this is the number of residues that could be mapped to a structure), or numbers of
residues within 5A in the protein structure (a proxy for the number of possible
proximal combinations, as some structures will have conformations that have the
potential for more proximal combinations, with more residues within 5A; Appendix
2 Figure 7.E-H).

Many of the Proximal Combinations in Q31610 occur in the peptide-binding
groove, a region of the protein recently reported to contain multiple pairs of
residues that have coevolved in vertebrate evolution (Dib et al. 2018). Table 3.8
shows the ten most common Proximal Combinations in Q31610. Visualisation of
these ten most common combinations in the structure of Q31610 shows that they
all occur in or near the peptide-binding groove (Figure 3.10). Many other
combinations in Q31610 also occur in this peptide-binding groove, with many
combinations sharing similar residue positions and also variants. For example,
‘S35A,V36M,S48A,Y91F,A93T,Q94N,A95T,D98Y,S121R,Y140F’ is the eighth
most common Proximal Combination in Q31610 with 176 occurrences (Figure
3.10.H), but an almost identical combination occurs 145 times with Y140S instead
of Y140F.
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Table 3.8: Top ten Proximal Combinations of non-synonymous variants in Q31610 by number of

total occurrences.

Proximal Combination Total
Occurrences

D201E,K202T,E204Q 3,972

V127L,H137Y 416
N1041,R106L,G107R 393
L105A,R106L 341
E69K,N87E 318
E69T,YO1F 317
S101N,N1041,L105A,R106L,G107R 278
S35A,V36M,S48A,Y91F,A93T,Q94N,A95T,D98Y,S121R,Y 140F 176
R106L,G107R 157
S35A,V36M,S48A,A93T,Q94N,A95T,D98Y,S101N,L105A,L119W,S121T 154
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(see legend on next page)

Figure 3.10:
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Figure 3.10: Visualisation of the top ten Proximal Combinations of hon-synonymous variants in
Q31610 by number of total occurrences. Proteins are shown in cartoon format and are coloured
grey, and variant positions are shown in stick format and are coloured red. A-J) Are the ten
combinations ordered from most common to least common, e.g. A) is the most common
combination ‘D201E,K202T,E204Q’. See Table 3.8 for the ranked list of Proximal Combinations in
Q31610.

Many of the observed variant combinations in proteins are rare, with 173,707
Global Combinations and 2,370 Proximal Combinations of non-synonymous
variants only occurring in one heterozygous sample within the 2,504 samples
(Figure 3.11 and Table 3.9). Within Q31610, there are 327 Proximal Combinations
with only a single occurrence in the 2,504 samples. There are also many
combinations that are common, with 1,484 Global Combinations and 64 Proximal
Combinations of non-synonymous variants with =1,000 occurrences (Figure 3.11
and Table 3.9). Some of these very common combinations reflect positions in the
reference genome that do not represent the most common allele observed in

human populations.
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Figure 3.11: Number of occurrences of unique variant combinations within individual proteins,

separated by combination category. A) Global Combinations. B) Proximal Combinations.
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Table 3.9: Numbers of rare and common combinations for Global and Proximal variant

combinations, and for non-synonymous and synonymous variants.

Variant Type Global Combinations | Proximal Combinations
Non-Synonymous One Occurrence 173,707 2,370
Synonymous One Occurrence 122,708 1,255
Non-Synonymous =25 Occurrences 19,425 554
Synonymous =25 Occurrences 22,723 453
Non-Synonymous =100 Occurrences 8,016 274
Synonymous =100 Occurrences 10,035 271
Non-Synonymous =500 Occurrences 2,836 122
Synonymous =500 Occurrences 3,703 135
Non-Synonymous =1,000 Occurrences 1,484 64
Synonymous =1,000 Occurrences 1,952 85

The protein Pancreatic lipase-related protein 3 (UniProt accession: Q17RR3)
catalyses the reaction of triacylglycerol with water to produce diacylglycerol and
carboxylate. Within this protein, the non-synonymous Proximal Combination
‘V3811,R382G’ occurs 4,763 times (Figure 3.12.A&B), and the combinations
‘A380R,V3811,R382G’ and ‘A380R,R382G’ occur 65 and 22 times, respectively
(Figure 3.12.C&D). All three of these combinations contain the variant R382G
(4,850 combined occurrences), two contain V3811 (4,828 combined occurrences)
and two contain A380R (87 combined occurrences). For 4,850 combinations an
arginine residue is lost, but for 87 of these (those that contain A380R) the arginine
is replaced at a position close in space and the small hydrophobic amino acid
alanine is replaced by a small hydrophobic amino acid glycine (Figure 3.12.C&D).
Therefore, for a small subset of individuals the arginine lost in the variant R382G

may be being compensated for by the variant A280R (see Section 3.4.7).
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V3811,R382G A280R,V3811,R382G A280R,R382G

Figure 3.12: Proximal Combinations of non-synonymous variants observed in Pancreatic lipase-
related protein 3 (UniProt accession: Q17RR3). Proteins are shown in cartoon format and are
coloured grey, and variant positions are shown in stick format and are coloured red. A) Proximal
combination V38I1,R382G shown in the context of the full protein. B) Zoomed in view of Proximal
combination V38I1,R382G. C) Zoomed in view of Proximal combination A280R,V38I1,R382G. D)

Zoomed in view of Proximal combination A280R,R382G.

As the combinations in Pancreatic lipase-related protein 3 demonstrate, there can
be multiple combinations within a protein, sometimes with overlapping variants. In
Figure 3.13 each of the points is a protein, and the colour of the point is
determined by the number of unique variant combinations observed for the protein
(see Figure 3.13 legend). The x-axis position of the point is determined by the total
number of occurrences of any variant combination within the protein, and the y-
axis position is determined by the percentage of total combination occurrences
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accounted for by the most common variant combination in the protein. Therefore, if
the most common variant combination accounts for all of the variant combinations
in the protein (black points) the point will lie at the very top of the y-axis (100% of
combination occurrences are the most common combination). Note, for Proximal
Combinations the total occurrences of any combination can exceed 5,008 (2,504
samples multiplied by 2 alleles each), because multiple Proximal Combinations
can occur in the same copy of a sample’s protein (Figure 3.2.B; see Methods).
The distributions of total percentage occurrences for the most common variant

combination is shown in Figure 3.14.

For the Proximal Combinations, most proteins have a dominant variant
combination, that accounts for the majority of variant combinations observed
(Figure 3.13.B&D and Figure 3.14.B&D), even for proteins where there are a large
number of total samples with variant combinations in the protein (points on the
right of the x-axis in Figure 3.13). Of the 1,562 proteins with non-synonymous
Proximal Combinations, 1,098 (70.3%) have a combination that accounts for =90%
of all combinations, however 544 of these only have one total occurrence (1,352
out of 1,678 for synonymous Proximal Combinations (80.6%), with 754 occurring

only once).

For the Global Combinations this trend is less clear, with a lower proportion of
proteins having a dominant combination of variants, and most proteins having a
large number of different combinations (Figure 3.13.A&C and Figure 3.14.A&C).
Of the 10,753 proteins with any non-synonymous Global Combinations, 2,903
(26.9%) have a combination that accounts =90% of all combinations, and 1,325 of
these have only one total occurrence (3,504 out of 11,131 for synonymous Global

Combinations (31.5%), with 1,048 occurring only once).
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Most Common Variant Combination Occurrences (% of total combination occurrences)
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Figure 3.13: Occurrences of the most common variant combinations vs all variant combinations in

individual proteins. Each point represents a protein, and the colour of the point is determined by the

number of unique variant combinations observed for the protein, see legend. The x-axis position of

the point is determined by the number of occurrences of any variant combination within the protein,

and the y-axis position is determined by the percentage of total combination occurrences

accounted for by the most common variant combination in the protein. If the most common variant

combination accounts for all of the variant combinations in the protein (black points) the point will

lie at the very top of the y-axis (100% of combination occurrences are the most common

combination). A) Non-synonymous Global Combinations. B) Non-synonymous Proximal

Combinations. C) Synonymous Global Combinations. D) Synonymous Proximal Combinations.

Note - x-axes differ in their scales between the subplots.
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A) Non-Synonymous Global Combinations B) Non-Synonymous Proximal Combinations
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Figure 3.14: Distributions of proportions of variant combination occurrences from the most
common variant combination per protein. A) Non-Synonymous Global Combinations. B) Non-
Synonymous Proximal Combinations. C) Synonymous Global Combinations. D) Synonymous

Proximal Combinations. Note — y-axes differ in their scales between the subplots.

In the example of Pancreatic lipase-related protein 3 (Figure 3.12), comparison of
the Global and Proximal Combinations of variants highlights the level of noise and
complexity when analysing variants that occur together anywhere in the protein
compared to those in close spatial proximity. There are 3 different non-
synonymous Proximal Combinations in this protein (a dark yellow point in Figure
3.13.B), and the most common of these (‘V3811,R382G’) accounts for 98.21% of
all Proximal Combinations in this protein. For Global Combinations in the same
protein, there are 42 different combinations of non-synonymous variants (a red
point in Figure 3.13.A), and the most common of these (‘V3811,R382G’) accounts
for only 64.02% of all Global Combinations in this protein. This is caused by Global
Combinations like ‘V3811,R382G,F450Y’ (589 occurrences), where the most
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common combination (‘V3811,R382G’) is occurring with another variant (F450Y)
which is distant in the protein structure (>5A away), and therefore less likely to

have a coevolutionary relationship with V3811 or R382G.

Some of the combinations that are relatively rare at the level of the whole genome
set may be fairly common within specific populations. Figures 3.15 & 3.16 show
the distributions of non-synonymous Global and Proximal Combinations between
the five sample super populations. These plots show the 50 most common
combinations for each category. The corresponding heatmaps for synonymous
Global and Proximal Combinations are shown in Appendix 2 Figures 8&9, and the
distributions within the 26 individual sample populations for all combination types

are shown in Appendix 2 Figures 10-13.

For each combination category there are examples of combinations that are
spread relatively evenly across the super populations (light blue boxes across the
super populations), and others that are concentrated in a subset of super
populations (dark blue boxes in specific super populations). For example, the
Global Combinations ‘Q9BRQ3:Q260R,L263P’ and ‘O60844:G32S,S162T’ occur
very rarely in the AFR super population but are common in the other four super
populations (Figure 3.15). For Proximal Combinations, ‘G3V1Y8:C95R,L96V’ is
most common in the AFR super population, whereas ‘Q8N423:H300Y,C306W’ is

most common in the EUR super population (Figure 3.16).

The combinations in Figures 3.15 & 3.16 are common combinations, with some
having >4,000 total occurrences. Therefore, the population distributions by
necessity are evenly distributed among the populations, because almost all
individuals in the data set have the combinations. Such combinations reflect
positions in the reference genome that are not representative of the most common

alleles in human populations.

Differences between super populations can be seen more clearly for combinations
that are rarer across the data set (fewer total occurrences). Figure 3.17 shows the
50 most common Proximal Combinations where the total number of combination

occurrences is <5600. Again, many of these combinations are most common in the
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AFR super population, such as ‘AOA0B4J1V5:A91T,K93E’, and
‘Q8WXQ8:L336S,S378G’ - a potential variant compensation of serine (see Section
3.4.7). The combination ‘Q9H339:T78K,R88G’ occurs 486 times in total, with
82.7% of these in the AFR super population, and is another example of a potential
variant effect compensation (compensation of a positive charge, with loss of
arginine and gain of lysine; see Section 3.4.7). There are also clear examples of
combinations that are more common in one or more of the other four super
populations, such as A6NGD5:G108S,V109M’, for which 57.6% of occurrences
are from the SAS super population (Figure 3.17).

Evenly distributed variant combinations are likely to have first occurred longer ago
in human evolution, with population-specific variant combinations likely to have
occurred more recently. Similar patterns of super population distributions can be
seen for synonymous combinations (Appendix 2 Figures 8&9), as well as the 26
individual populations that make up the five super populations (Appendix 2 Figures
10-13).
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Non-Synonymous Global Combinations
Q01518:C229G,C236G,1245S,C247G,Y249D,5256A — 4915 [l
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P21730:D2N,K279N - 4827 [l
QINZJ0:A436V,K694T — 4702 [
Q9HBO7:Q4R,T3491,H353R - 4684 | [ | |
Q9BYQ7:H66R,HI4R,M99V,A134T - 4590 [ [
Q9BYV7:L231P1548L — 4499 [ B
000459:5234R,S313P — 4430 [l
Q9BZJ7:T151PH216R - 4405 | B [0
Q5T3I4:V19L,G231E-4403 | [ 1
Q8NCI6:R163PV474M - 4364 [l [0
QoH668:T151A,5248C —4342 [0 [N
Q8NGX0:G108S,F117L,A142T,R171P — 4314
P0OC263:C72R,A298P — 4284 [l
A6NP58:E64K,V70F — 4264 [l
QOP641:C130R,5152G - 4258 [ [l
Q2KHR3:V385I,N1018S - 4257 [ | [0
QOH7C4:M163V,R274Q - 4243 [ |
Q5JTN6:H172R,A193G - 4240 [ I
P08319:1309V,V374I - 4173 [l [ |
Q8NGG8:H20R,Q24R - 4114 [ L
060844:G325,5162T - 4096  [IENEE  rercentage of Total
P08729:H186R,G364A — 4086 [l ] Occurrences (%)
Q92673:Q1074E,V19671 - 4052 || |11
Q9H1E1:A103PH116Y - 4043 | I [ | 7
QOY3V2:V47A,N86K — 4042 N 50
AOAOC4DFP2:Q23K,C150Y,1215T,R221Q,M2231,G234R - 4032 [T
Q8NGJ6:G45C, T288M — 4030 [l ] =
Q8NHO1:C119R,Q309R - 4028 | Y 0 0
K7EP79:N71K,C136R - 4019 [l | |
P47944:Y30C,W31R - 4016 [ | B
Q9Y2Y8:C3R,1109T - 4007 N[ B
B1AJS1:H924R,H934Q - 4004 [
Q12901:1157FR251H - 4003 N 9
Q96N22:D84H,1.295S,R367K — 3990 [N
P16070:K417R,1479T - 3975 [l [ |
A8BMZFO:T86AT222A-3971 | [ |
QO00056:T70PL140P -3963 | [0 |
Q9Y217:5696N,1.932S,Q995L,T998S,Q1183K - 3957 | [ [
C9J758:A179V,S183C — 3926 [
QINS73:L7H,R22S - 3923 NI
Q1T7F5:T57N,176V,T90A - 3922 [N
P21709:V160A,M900V — 3901 [l ||
Q5BJE1:V465E,D601N - 3851 [T
Q8N9Z0:A131S,R216P - 3848 . I |1
Q9BYQO:N124S,5151Y - 3844 [l |
Q53S58:132V,D267E - 3836 . | [
Qo6LL4:S28FL285M -3832 I [
Q96LB8:113L,G192V - 3831 [
Q9BRQ3:Q260R,L263P - 3814 [N

P LLL L 2
TN T
Super Population

Variant Combination

Figure 3.15: Heatmap of occurrences within super populations of the 50 most common non-
synonymous Global Combinations. Combinations are given on the y-axis, see Methods for a
description of the variant combination notation format. The number given after the variant
combination is the total number of occurrences of the combination for the whole sample set. AFR —
African super population, AMR — American super population, EAS — East Asian super population,

EUR — European super population, SAS — South Asian super population.
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Non-Synonymous Proximal Combinations
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Figure 3.16: Heatmap of occurrences within super populations of the 50 most common non-
synonymous Proximal Combinations. Combinations are given on the y-axis, see Methods for a
description of the variant combination notation format. The number given after the variant
combination is the total number of occurrences of the combination for the whole sample set. AFR —
African super population, AMR — American super population, EAS — East Asian super population,

EUR — European super population, SAS — South Asian super population.
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Non-Synonymous Proximal Combinations
(<500 total occurrences)

Q96T55:A39G,E40G — 494
Q9H339:T78K,R88G — 486 [l
P23280:M68L,G70A — 473

Q5FVE4:R624K,E626Q — 471
P10321:5297R,E299G - 446
QBUXI7:K555R,L5591 — 442
Q9Y5E3:L610P,H636Q - 439 [l
Q8NGN4:V200L,L204V - 434
P43629:R52H,5107L — 421
Q9H340:T191N,F192L - 417
Q31610:V127L,H137Y - 416
Q31610:N1041,R106L,G107R — 393
P04440:L37V,F38Y,G40V - 388
QONZH6:N54S,P108L — 380
094911:A253G,T256A — 380 [l
P09093:H24R,S25P - 372 [l
Q8NGK1:M112V,E113K — 371
Q30154:Q39H,K41T,H57D,160F — 370
QOYS5E8:R494Q,H497P - 357
P10321:D33S,A35S,548A,5123F,D138N,S140F,L180R - 351
P06731:L613P,S614P — 348
P10321:D33Y,S48A,5123Y,5140Y — 347
P10321:L218V,V272M - 347
P10635:L91M,H94R - 343
AOAOC4DH28:G46R,G49D — 341
Q31610:L105A,R106L — 341
P10321:D33Y,548A,5123Y,D138N,S140F — 339
Q5SU54:E98D,V99I - 338
Q6A162:T388M,W390R - 338
P04440:L37V,F38Y,G40V,F64Y — 329
P43626:L171F,P172S - 325
HOY615:A34T,Y46C — 324
Q31610:E69K,N87E — 318
Q31610:E69T,Y91F - 317
Q30154:160F,N62H — 316
Q8NH10:1109V,F1531,M155V — 308
Q9H114:T59A,W88R — 301
A6NGD5:G108S,V109M — 300
AOAOKOK1B3:v681,G71D - 296 [l
AOAOB4J1V5:A91T,K93E - 289 [l
P10321:R30K,D33F,A35S,R121W,S123C,S140Y,L180R — 288
Q61SS4:H112Q,F115Y - 284 [l
AOA087WSZ9:K76M,G77R — 283 [
Q31610:S101N,N1041,L105A,R106L,G107R - 278
Q8NG85:F199L, T202A - 276
Q30154:H57D,160F,Y61H,L67S — 275
Q8WXQ8:L336S,5378G - 273 [l
P10321:P217L,L218V - 270
Q30154:F55Y,H57D,L67S,F69Y — 263
Q8NO0X4:Q239K, 1241V - 261
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Figure 3.17: Heatmap of occurrences within super populations of the 50 most common non-

synonymous Proximal Combinations, for combinations with <50

0 total occurrences. Combinations

are given on the y-axis, see Methods for a description of the variant combination notation format.

The number given after the variant combination is the total number of occurrences of the

combination for the whole sample set. AFR — African super population, AMR — American super

population, EAS — East Asian super population, EUR — European super population, SAS — South

Asian super population.
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While many of the variant combinations in Figures 3.15-3.17 are either evenly
spread between the super populations or enriched in the AFR super population,
there are individual combinations that are more common within each of the super
populations. The distribution of population frequencies for every combination in
each combination category is show in Figure 3.18. For each super population
there are thousands of combinations where >90% of the total occurrences are
from that super population, but the AFR super population clearly has many more
of these combinations than the other four super populations (Figure 3.18 & Table
3.10).

Table 3.10: Numbers of unique combinations where =90% of total occurrences are from one super

population.
Super Non-Synonymous Non-Synonymous Synonymous Synonymous
Population Global Proximal Global Proximal

Combinations Combinations Combinations Combinations

African 99,543 1,355 88,495 900

American 22,851 308 15,535 175

European 30,724 505 19,853 230

East Asian 44,469 602 30,100 347

South Asian 42,947 502 30,169 320
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A) Non-Synonymous Global Combinations
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Figure 3.18: Distributions of percentages of total occurrences of each unique variant combination
from each super population. A) Non-Synonymous Global Combinations. B) Non-Synonymous
Proximal Combinations. C) Synonymous Global Combinations. D) Synonymous Proximal
Combinations. AFR — African super population, AMR — American super population, EAS — East
Asian super population, EUR — European super population, SAS — South Asian super population.
Note — y-axes differ between the subplots.

3.4.6 Variant Pairs

The main aim of this study is to identify groups of variants in individual human
genomes that have potential coevolutionary relationships with one another. In
addition to considering possible variant compensations for the observed variant
combinations, we also analysed individual variant pairs within the combinations for

possible compensation events (Figure 3.2.C; see Methods). Many of the Proximal
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Combinations observed are variant pairs (68.11%; Figure 3.5 and Table 3.3), but
variant combinations containing more than two variants can be harder to analyse.
For example, a rare variant combination containing three variants may contain a
common variant pair with a strong coevolutionary relationship, and one other
variant that has a weak coevolutionary relationship with the common variant pair

(Figure 3.2.C).

Analysis of the unique constituent variant pairs within combinations can help in
such complex cases, such as the proximal combinations in the protein Pancreatic
lipase-related protein 3 (Figure 3.12). The combination ‘V3811,R382G’ occurs
frequently (4,763 times) but there is seemingly minimal possible compensation
between V381l and R382G. The combinations ‘A380R,V3811,R382G’ and
‘A380R,R382G’ occur less frequently (65 and 22 times, respectively) but with an
obvious potential compensation of the arginine residue. In this example, the fact
that R382G occurs 4,850 times and only 87 of these are with A380R suggests that
R382G alone is not severely damaging, but perhaps there is a fitness difference

when A380R also occurs.

For a variant pair to be mapped to structure, both variants must not only be
mapped to a structure but both to the same structure. For example, for a protein
sequence that is represented by two structures, one corresponding to the N-
terminus and one to the C-terminus, both variants in the pair must be mapped to
one of the structures otherwise the distance between the residues cannot be
determined. The majority of the variant pairs mapped to structure are >10A apart

from one another (Table 3.11).

Table 3.11: Numbers of each type of variant pair for non-synonymous and synonymous variants.

Type of Variant Pair Non-Synonymous | Synonymous
Pairs Mapped to Structures 9,811 9,479
Pairs <5 Angstroms Away 783 502
Pairs <10 Angstroms Away 1,205 888
Pairs >10 Angstroms Away 7,823 8,089
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If variants have coevolved, as a way of compensating for negative effects of sub-
combinations, they should occur at similar frequencies to one another. However,
this may not always be true, in cases where one variant alone is damaging to a
protein’s function but not lethal to the organism, where one variant can occur alone
and is neutral to protein function but can buffer the damaging effects of a second
mutation should one occur (Figure 3.1.B), or where individuals have additional
variants (not necessarily in the same protein) that compensate for the damaging

mutation in a different way.

Figure 3.19 is split in to sub-plots of variant pairs that are <5A apart, >5A apart but
<10A apart, and those >1 0A apart (see legend). Each point is a pair of variants,
with the x-axis position determined by the number of occurrences of either of the
variants on their own and the y-axis position determined by the number of
occurrences of the two variants together, within the 1,000 Genomes Project
samples. Points on the far left of the x-axis are the variant pairs that occur very
commonly together and very rarely alone. These pairs of variants are those most

likely to have a coevolutionary relationship.

Of the 783 non-synonymous variant pairs <5A apart, 93 occur 100% of the time
together, 206 occur =90% of the time together, 239 occur =80% of the time
together, and 252 occur <10% of the time together (Figure 3.20.A). Of the 502
synonymous variant pairs <5A apart, 59 occur 100% of the time together, 131
occur =90% of the time together, 148 occur =80% of the time together, and 198
occur <10% of the time together (Figure 3.20.B). Therefore, there are 100s of
variant pairs <5A apart that always or almost always occur together, and as a
fraction of the total number there are more compared to the variant pairs >5A

apart but <10A apart, and variant pairs >10A apart (Figure 3.20).
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Figure 3.19: Occurrences of variant pairs together vs either variant alone. Variants are coloured by
the distance between the two variants, see legend. A) Non-Synonymous variant pairs. B)

Synonymous variant pairs.
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Figure 3.20: Distributions of percentages of occurrences of variant pairs together vs either variant
alone, separated by variant pairs <5A apart, >5A apart but <10A apart, and >10A apart. A) Non-
Synonymous Variants. B) Synonymous variants. Note — y-axes differ in their scales between the

subplots.

In addition to comparing how frequently pairs of variants occurred together vs on
their own within the 1,000 Genomes Project samples, we also compared the
overall occurrences of variants in the observed combinations using the data from
GnomAD. The GnomAD data set is comprised of 123,136 exomes, far more
individuals than the 1,000 Genomes Project data set (2,504), but the data is
aggregated and so it is not possible to identify variant combinations within
individual samples. However, this larger dataset is useful for looking at similarities

in the overall frequencies of variants.

Using the GnomAD data we considered how frequently the different variants within
Proximal Combinations identified from the 1,000 Genomes Project data set occur.
For each Proximal Combination, the maximum allele count in GhomAD (i.e. most

common variant in a combination) was compared to the mean allele count for the
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combination (Figure 3.21.A). The closer the allele count for the different variants in
a combination is, the smaller the difference between the maximum count and the
mean count. The same analysis was performed comparing the median and
minimum allele counts with the maximum counts (Figure 3.21.B&C), and the
distributions of mean counts, median counts, and minimum counts as a

percentage of maximum allele counts is shown in Figure 3.22.

When comparing the mean allele count to the maximum allele count, there is a
clear set of combinations that have very similar mean and maximum allele counts
(points closer to the x=y line in Figure 3.21.A) showing that there are variant
combinations in which the frequencies of all the variants are similar. There are 149
Proximal Combinations of non-synonymous variants where the mean allele count
is identical to the maximum allele count, 225 where the mean count is >99% of the
maximum count, 352 where the mean count is >90% of the maximum count, and
476 where the mean count is >80% of the maximum count (Table 3.12). This
appears to relate more to combinations that are pairs (blue points in Figure
3.21.A), although there are some larger combinations that are also close to having
equal mean and maximum allele counts. The graph also shows an off-diagonal
line of points (gradient ~0.5), containing combinations that are primarily pairs, this
represents combinations where one variant is common but the other variant is
rare, so the mean allele count is approximately half of the maximum allele count
(Figure 3.21.A & Figure 3.22.A).

There are a large number of points in the bottom left corner of Figure 3.21.A where
the maximum allele count for the combination is below 50,000 (1,551
combinations). To highlight these combinations, separate subplots comparing
mean and maximum allele counts for combinations were produced, filtering for
combinations with maximum allele counts <50,000, <10,000, <5,000, and <1,000
(Figure 3.21.E-H). For these comparatively rarer combinations, there are some
combinations of 3-4 variants with similar mean and maximum allele counts - red
points close to the x=y line (six combinations with mean count =90% of maximum
count and 22 combinations =80%). These were not visible in Figure 3.21.A, as the

scale has to cover the full range of allele counts.
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Figure 3.21: Allele counts of variants in GnomAD for the observed Proximal Combinations. Each
point corresponds to a variant combination, and the points are coloured by the number of variants
in the combination, see legend. A) Comparison of the maximum allele count with the mean allele
count for each combination. B) Comparison of the maximum allele count with the median allele
count for each combination. C) Comparison of the maximum allele count with the minimum allele
count for each combination. D) Comparison of the maximum allele count with the minimum allele
count for the constituent variant pairs within Proximal Combinations. E) Comparison of the
maximum allele count with the mean allele count for each combination, where maximum count
<50,000. F) Comparison of the maximum allele count with the mean allele count for each
combination, where maximum count <10,000. G) Comparison of the maximum allele count with the
mean allele count for each combination, where maximum count <5,000. H) Comparison of the
maximum allele count with the mean allele count for each combination, where maximum count

<1,000. Note — x- and y-axes differ in their scales between the subplots.
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Figure 3.22: (see legend on next page)
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Figure 3.22: Distributions of mean, median, and minimum allele counts within Proximal
Combinations and their constituent variant pairs as a percentage of the maximum allele count
within the combination. A) Mean allele count as a percentage of the maximum allele count within
Proximal Combinations. B) Median allele count as a percentage of the maximum allele count within
Proximal Combinations. C) Minimum allele count as a percentage of the maximum allele count
within Proximal Combinations. D) Minimum allele count as a percentage of the maximum allele

count within variant pairs. Note — y-axes differ in their scales between the subplots.

Table 3.12: Mean, median, and minimum allele counts per non-synonymous Proximal Combination
as a percentage of the maximum allele count, and minimum allele count as a percentage of the

maximum allele count for constituent variant pairs of non-synonymous Proximal Combinations

Threshold Minimum
Mean Allele Count | Median Allele Count Minimum Allele
(% of . Allele Count
. for Proximal for Proximal Count for Proximal
Maximum . for Variant
Combinations Combinations Combinations
Allele Count) Pairs
100 149 156 149 178
>99 225 260 207 243
>90 352 431 289 352
>80 476 589 351 428

Comparison of the maximum and median allele counts (Figure 3.21.B and Figure
3.22.B) identified a set of combinations (mainly containing three or four variants;
red points in Figure 3.21.B), where the median allele count is much closer to the
maximum allele count than the mean allele count is (Figure 3.21.A&B Figure
3.22.A&B). This suggests that there are some combinations observed where a
subset of the variants have similar frequencies but the remaining variants in the
combination occur rarely (e.g. a combination containing three variants could have
two with similar frequencies and a third variant that only occurs in a single

individual).

The three overlapping Proximal Combinations in Pancreatic lipase-related protein
3 are an example of a common combination where two variants occur commonly
together (V3811 and R382G), and sometimes those same two variants occur with
a third rarer variant (A280R; Figure 3.12). V381l and R382G are both very

common in GnomAD (allele counts of 241,737 and 242,927 respectively), but
142




Chapter 3: Identifying Coevolution Within the Human Genome

A380R is very rare, with no occurrences in GnomAD. Similarly, in the Olfactory
receptor (UniProt accession: ABNLW9) the combination ‘A6NLW9:P60L,F66S
,R67M’ occurs once, but the sub-combination ‘A6NLW9:F66S,R67M’ occurs 1,079
times. In accordance with this, in GnomAD, F66S and R67M have similar allele
counts (allele counts of 50,481 and 50,734 respectively), but P60L is much rarer

(allele count of 2).

There are 156 Proximal Combinations of non-synonymous variants where the
median allele count is identical to the maximum allele count, 260 where the
median count is >99% of the maximum count, 431 where the median count is
>90% of the maximum count, and 589 where the median count is >80% of the
maximum count (Table 3.12). This is more combinations than when comparing the
mean allele count to the maximum allele count for each percentage threshold, and
may indicate that some subsets of variants occur frequently together, while the

remaining variants in the combination do not (Table 3.12).

This is further supported by comparison of the minimum and maximum allele
counts (Figure 3.21.C and Figure 3.22.C), which shows that for combinations >2
variants in size the minimum allele count is almost always much lower than the
maximum allele count, with very few exceptions. This indicates that for most of
these combinations containing >2 variants, that at most two of them have similar
frequencies, while the remaining variants have much lower frequencies. There are
149 Proximal Combinations of non-synonymous variants where the minimum
allele count is identical to the maximum allele count, rising to 207 where the

minimum count is >99% of the maximum count (Table 3.12).

Analysis of the constituent variant pairs of Proximal Combinations (i.e. all pairs
from Proximal Combinations of any size) highlights the large number of variant
pairs with very similar allele counts (Figure 3.21.D and Figure 3.22.D). There are
178 constituent pairs of variants where the median allele count is identical to the
maximum allele count, 243 where the median count is >99% of the maximum
count, 352 where the median count is >90% of the maximum count, and 428

where the median count is >80% of the maximum count (Table 3.12).
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For the GnomAD data it is impossible to know whether the variants occur in the
same individuals and in the same copies of the gene, due to the aggregated
nature of the GnomAD data set, but in combination with the 1,000 Genomes
Project data it can provide additional clues for variants with a likely coevolutionary
relationship. With 121,136 samples in the GnomAD dataset, there are a possible
242,272 alleles for an autosomal genome position. If the maximum allele count of
a variant in a combination is above 121,136 (half of the alleles) then it must occur

with one or more of the other variants in at least one individual human.

There are 902 combinations where the maximum allele count is >121,136 (122
combinations for mean counts >121,136, 150 for median counts, and 23 for
minimum counts). For the protein Metallothionein-4 (UniProt accession: P47944),
the combination ‘P47944:Y30C,W31R’ occurs 4,398 times (Figure 3.23.A), and the
allele counts in GnomAD are 230,457 and 230,953 respectively. In the protein T
cell receptor alpha variable 30 (UniProt accession: AOA087WSZ9), the
combination ‘AOA087WSZ9:K76M,G77R’ (a potential positive charge
compensation, with loss of lysine and gain of arginine — see Section 3.4.7) occurs
283 times (Figure 3.23.B), with allele counts in GnomAD of 7,479 and 7,477

respectively.

For 153 of the observed Proximal Combinations the allele counts of the constituent
variants are identical in GhomAD (with 30 of these having allele counts =25), and it
is more likely for these variants to have a strong coevolutionary relationship. In the
protein Advanced glycosylation end product-specific receptor (UniProt accession:
Q15109), the combination ‘Q15109:W271R,C301S’ occurs only once (with no
individuals having either variant on its own; Figure 3.23.C), but both variants have
allele counts of 500 in GnomAD. In the protein Heat shock 70 kDa protein 6
(UniProt accession: P17066), the combination ‘P17066:N153S,D154N’ (a potential
direct amino acid compensation of asparagine — see Section 3.4.7) occurs 63

times (Figure 3.23.D), and both variants have allele counts of 561 in GhnomAD.
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Figure 3.23: Four examples of Proximal Combinations with similar allele counts in GnomAD.
Proteins are shown in cartoon format and are coloured grey, and variant positions are shown in
stick format and are coloured red. A) The combination ‘P47944:Y30C,W31R’. B) The combination
‘A0A087WSZ9:K76M,G77R’. C) The combination ‘Q15109:W271R,C301S’. D) The combination
‘P17066:N153S,D154N’ (from two different angles).

3.4.7 Proximal Combination Effect Compensations

Coevolution occurs when a subsequent variant arises that compensates for a
previous variant. We have identified a set of variant combinations that co-occur in
close proximity within protein structures. To further identify if these variants have
coevolved, we considered if the variants observed could compensate for each
other. We analysed various properties of the wild type and variant amino acids

within these Proximal Combinations.

145



Chapter 3: Identifying Coevolution Within the Human Genome

We first considered potential direct amino acid compensations, which is the
simplest and most complete type of compensation event. For example, in a pair of
variants this would occur when one position changes from glycine to serine and
the second position changes from serine to glycine. In these exchanges, the net
change of amino acids is zero, the positions of the amino acids have changed
within the structure, although the variants were already in close proximity to each

other.

Not all direct compensation events involve every amino acid in the combination
being balanced, like in the serine>glycine & glycine>serine example. A
serine>glycine mutation could occur in close proximity to a valine>serine mutation,
and in this case the serine would be compensated for but not the loss of glycine.
This direct amino acid compensation could occur in 100 samples, and the same
variants could occur with an additional leucine>isoleucine variant in another 100
samples. This serine compensation would be counted as two different
combinations with compensations (each occurring in 100 samples), but one

unique compensation event that occurs in 200 samples.

For the set of 4,365 Non-Synonymous Proximal Combinations, 571 unique direct
amino acid compensations were observed (Figure 3.24 and Table 3.13). Some
individual amino acids are compensated for more often than others, with 85 unique
arginine compensations (14.8% of total), the most for any amino acid (Figure
3.25). There are a large number of compensations of other amino acids,
particularly serine (64 - 11.2%), valine (59 - 10.3%), and alanine (50 - 8.8%; Figure
3.25). The other amino acids have between 10 (cysteine) and 39 (threonine)
unique compensations, except for tryptophan, which has no compensation events
(Figure 3.25).
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Figure 3.24: Numbers of potential property compensations within Non-Synonymous Proximal

Combinations.

Table 3.13: Numbers of potential compensation types for Non-Synonymous Proximal

Combinations.

Compensation Category Unique Compensations
Proteins with Compensation Events 542
Combinations with Compensation Events 1,875
Amino Acid Compensations 571
Charge Compensations 474
Functional Group Compensations 717
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Figure 3.25: Numbers of unique occurrences of potential direct amino acid compensations within

Non-Synonymous Proximal Combinations.

The lack of observed direct tryptophan compensations is likely a combination of
the fact that tryptophan occurs at a low frequency in proteins compared to other
amino acids, with only 1.29% of total residues in the current release of UniProt
(Bateman et al. 2015), and the fact that there is only a single codon that encodes
tryptophan (TGG), which limits the number of ways that a mutation to tryptophan
can occur. In the current release of UniProt cysteine residues are rarer than
tryptophan residues across the complete database, accounting for only 1.20% of
total residues (Bateman et al. 2015), and this is reflected in the fact that cysteine
compensations are the second rarest type of direct compensation observed.
However, cysteine has two codons that encode it (TGC and TGT), which makes it
more likely that a random mutation results in a cysteine residue and therefore

direct compensation events are more likely than for tryptophan residues.
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Across the dataset, amino acid composition was only weakly correlated with the
number of compensations observed for each amino acid (r=0.46), but a relatively
high correlation was observed between the number of compensations observed
for each amino acid and the number of codons that each amino acid is encoded by
(r=0.77; Appendix 2 Figure 7.1&K). This high correlation with the number of codons
for a given amino acid is logical. If a random mutation occurs, an amino acid with
more codons that encode it is more likely to be introduced than an amino acid with
fewer codons that encode it. Therefore, direct compensation is more likely for

amino acids with more encoding codons.

The previously discussed non-synonymous Proximal Combinations in the protein
Q17RR3 (‘'V3811,R382G’, ‘A380R,V3811,R382G’, and ‘A380R,R382G; Figure 3.12;
see Section 3.4.5) represent a complex case of a potential direct amino acid
compensation. The 87 individuals with the A380R variant have a potential
compensation of the arginine residue lost by the variant R382G. However, the
majority of the individuals (4,763) with the R382G variant have no potential

arginine compensation.

A less complex example of a direct amino acid compensation occurs in the protein
Ret finger protein-like 4A (UniProt accession: A6NLUO). The function of this
protein is not well characterised, but it has been experimentally observed, and is
known to contain a degenerate zinc finger RING-type domain (Bateman et al.
2015) (often associated with proteins involved in the ubiquitination pathway). In
this protein, there are 1,186 occurrences of the variant combination
‘ABNLUO0:S276A,A277S’ (Figure 3.26.A), where the serine and alanine losses are
both directly compensated for by serine and alanine gains. There are only two
occurrences of S276A without A277S, and one occurrence of A277S without
S276A. Additionally, this combination is skewed between the super populations,
with 43.08% from AFR, 10.29% from AMR, 9.27% from EUR, 12.98% from EAS,
and 24.37% from SAS.
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Figure 3.26: Four examples of potential variant combination property compensations. Proteins are
shown in cartoon format and are coloured grey, and variant positions are shown in stick format and
are coloured red. A) The potential direct amino acid compensation in the combination
‘ABNLUO0:S276A,A277S’. B) The potential positive charge compensation in the combination
‘Q9H339:T78K,R88G’. C) The potential functional group compensation in the combination
‘Q8NGA0:S249F,Y252C’. D) The potential direct amino acid compensation combined with a
potential charge/functional group compensation in the combination ‘Q8WXQ8:L336S,5378G’.

Where direct amino acid exchanges were not observed, we considered the
charges and the functional groups of the wild type and variant amino acids to
identify indirect compensations via preservation of amino acid properties (see
Methods). For example, a charge compensation could be the maintenance of a
positive charge or of a hydrophobic environment, and a functional group
compensation could be the maintenance of a hydroxyl group or a phenyl group.
There may be other ways that variants can compensate for each other but these
are not easily measurable. Charge and functional group compensations were not
counted if they were caused by a direct amino acid compensation, e.g. a direct
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compensation of an arginine residue is also a positive charge compensation, but

would be counted only as a direct amino acid compensation.

Of the 4,365 unique Non-Synonymous Proximal Combinations, 474 contain
potential charge compensations, and 717 contain potential functional group
compensations (Figure 3.24 and Table 3.13). Functional group compensations are
therefore the most common type of potential compensation observed, followed by
direct amino acid compensations, and charge compensations are the least

common (Figure 3.24 and Table 3.13).

For the five possible charge compensations (positive, negative, positive polar,
negative polar, and hydrophobic), hydrophobic compensations are by far the most
common type, with 262 unique hydrophobic compensations (55.27% of all charge
compensations; Figure 3.27). This may be expected due to hydrophobic amino
acids being the most common type of amino acid charge (Table 3.1). Each of the
other four possible charge compensations were observed at least once: 72

positive, 19 negative, 93 positive polar, 28 negative polar (Figure 3.27).
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Figure 3.27: Numbers of unique occurrences of potential charge compensations within Non-

Synonymous Proximal Combinations.

The previously discussed combination ‘Q9H339:T78K,R88G’ (see Section 3.4.5),
of note because 82.7% of the 486 total occurrences are within the AFR super
population, is one example of a potential charge compensation event. A positive
charge is lost in the R88G variant, but a positive charge is gained in the T78K
variant, which maintains a positively charged residue in this region of the protein
structure (Figure 3.26.B). Q9H339 corresponds to the protein Olfactory receptor
51B5, which is involved in the sensory perception of smell. Both T78K and R88G
occur in an extracellular domain of the protein (Bateman et al. 2015), therefore
these residues may be involved with ligand binding necessary for olfactory
perception, and loss of the positively charged arginine residue without
compensation by the gain of the positively charged lysine residue could result in
altered ligand binding. Across the data set, there is only one occurrence of T78K
without R88G, and only 42 occurrences of R88G without T78K.
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For the six possible functional group compensations (positive, carboxylate, amido,
hydroxyl, phenyl, and hydrophobic), hydroxyl (250 unique; 34.86% of total) and
hydrophobic (244 unique; 34.03% of total) stand out as by far the most common
two types (Figure 3.28). Each of the other four possible functional group
compensations were observed at least once: 104 phenyl, 72 positive, 28 amido,
and 19 carboxylate (Figure 3.28).
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Figure 3.28: Numbers of unique occurrences of potential functional group compensations within

Non-Synonymous Proximal Combinations.

In the protein Olfactory receptor 7G1 (UniProt accession: Q8NGADO), the
combination ‘Q8NGA0:S249F,Y252C’ occurs 139 times (Figure 3.26.C), and is
one example of a potential functional group compensation — with the phenyl group

lost with the variant Y252C potentially compensated for by the gain of the phenyl
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group with S249F. Interestingly, in this example two hydroxyl groups are lost within
close spatial proximity without replacement. This combination is most common in
the AFR and SAS super populations, and is very rare in the AMR and EUR super
populations (44.60% from AFR, 1.44% from AMR, 0.00% from EUR, 7.19% from
EAS, and 46.76% from SAS).

Variant combinations can involve potential combinations of different compensation
types. The previously discussed combination ‘Q8WXQ8:L336S,S378G’ in the
protein Carboxypeptidase A5 (UniProt accession: Q8WXQ8; see Section 3.4.5) is
an example of a potential direct amino acid compensation and a charge/functional
group compensation (Figure 3.26.D). In this example, one serine residue is lost
and another is gained, and one small hydrophobic amino acid is lost and another
is gained (leucine is lost and glycine is gained). This combination occurs 273
times, and predominantly occurs in the AFR super population (Figure 3.17;
88.64% in AFR, 7.33% in AMR, 3.30% in EUR, 0.00% in EAS, and 0.73% in SAS).

Overall, a potential functional compensation involving direct compensation of one
or more amino acids, compensation of one or more charge types, or compensation
of one or more functional groups was identified for 1,875 Proximal Combinations
across 542 proteins. This corresponds to potential compensatory effects of
variants in 42.96% of the 4,365 total Proximal Combinations identified (Figure 3.24
and Table 3.13).

3.4.8 Variant Combination Stability Effects

If variants compensate for each other, this may be to maintain protein stability, i.e.
observed combinations of non-synonymous variants frequently occur together
because they better preserve the wild type stability of the protein structure,
compared to sub-combinations of constituent variants. Foldx (Schymkowitz et al.
2005) was used to analyse the effects of variant combinations on protein stability.
Starting with the wild type protein, each individual variant was introduced
separately and the stability effect of each was estimated. This process of
introducing variants was then expanded to all possible sub-combinations of the
observed variant combination, and finally the stability effect of the observed

combination was predicted (see Methods).
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For the analysis of protein stability, Proximal Combinations containing only two
variants were separated from larger combinations. This was done because there
are no sub-combinations for combinations containing only two variants. Figure
3.29 shows the distributions of the stability change predictions for combinations
containing =2 variants, Figure 3.29.A shows single variants on their own, Figure
3.29.B shows all sub-combinations, and Figure 3.29.C shows the observed variant

combinations.

Single variants are most closely clustered around zero (Figure 3.29.A), with a
median value of +0.48 kcal/mol, although there are clearly some single variants
with large effects on protein stability. Sub-combinations have a median value of
+4.42 kcal/mol (Figure 3.29.B), and full combinations have a median value of
+3.97 kcal/mol (Figure 3.29.C). The distribution of single variants is significantly
lower than the distribution of full combinations (p=2.20e-16, Wilcoxon rank sum
test), and from the sub-combinations (p=2.20e-16). The distributions of full
combinations of variants is significantly lower than the sub-combinations (p=6.75e-
05).

Figure 3.30 shows a comparison of the stability effect distributions of single
variants and full combinations (both variants) in Proximal Combinations containing
only two variants. Sub-combinations (single variants) in these Proximal
Combinations have a median value of +0.18 kcal/mol (Figure 3.30.A), with the full
combinations having a median value of +0.49 kcal/mol (Figure 3.30.B). The
distribution of full combinations is significantly higher than that of the sub-
combinations for these Proximal Combinations containing two variants (p=4.36e-
13).
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Figure 3.29: Foldx protein stability change prediction distributions for Non-Synonymous Proximal
Combinations containing three or more variants. A) Single variants within the observed variant
combinations. B) All sub-combinations for the observed variant combinations. C) Full observed

variant combinations. Note — the y-axes differ in their scales between the subplots.
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Figure 3.30: Foldx protein stability change prediction distributions for Non-Synonymous Proximal
Combinations containing two variants. A) Single variants within the observed combination. B) Both
variants together in the observed combination. Note — the y-axes differ in their scales between the

subplots

In these distributions it is clear that many single variants, sub-combinations and
full combinations are predicted to have highly destabilising or stabilising effects
that could alter protein structure and function (Figure 3.29 and Figure 3.30). To
understand if the observed Proximal Combinations better preserve the stability of
the wild type protein than sub-combinations of constituent variants, it is essential
to compare combinations and sub-combinations directly for each protein. The
stability change for the full combination of variants was compared to the highest
and lowest stability changes of sub-combinations of variants (Table 3.14). For
each Proximal Combination, the full combination stability change was lower than
the highest stability change for any sub-combination for 3,223 combinations
(74.1%), and higher for 1,125 combinations (25.9%; 1,258 (90.5%) and 132 (9.5%)
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respectively for Proximal Combinations containing >2 variants). Full combination

stability changes were lower than the lowest stability change for any sub-

combination for 649 combinations (14.9%), and higher for 3,699 combinations
(85.1%%; 57 (4.1%) and 1,333 (95.9%) respectively for Proximal Combinations

containing >2 variants).

Table 3.14: Comparisons of the predicted stability change of full combinations vs the predicted

stability changes of the highest and lowest changes from sub-combinations, for all Non-

Synonymous Proximal Combinations and also Non-Synonymous Proximal Combinations >2

variants in size (not pairs)

Full Combination

Full Combination

Full Combination

Full Combination

Category Change < Highest | Change > Highest | Change < Lowest | Change > Lowest
Single Change Single Change Single Change Single Change
All Proximal
3,223 1,125 649 3,699
Combinations
Proximal
Combinations with 1,258 132 57 1,333

>2 Variants

Comparison of the absolute stability changes of variant combinations, distance
from O kcal/mol predicted stability change regardless of if the values are positive or
negative, showed that 2,674 full combinations of variants (61.5%) are predicted to
be closer to the wild type stability of the protein than one or more sub-combination
of variants, and 1,674 (38.5%) are further from the wild type stability than the most
severe sub-combination of variants (1,208 (86.9%) and 182 (13.1%) respectively
for Proximal Combinations containing >2 variants; Figure 3.31 and Table 3.15).
Therefore, for the majority of Proximal Combinations there are sub-combinations
of variants that are predicted to cause a larger change in structural stability
(stabilising or destabilising), indicating possible selection of combinations of
variants that preserve the wild type protein stability (Figure 3.31.A). This is more
pronounced for the Proximal Combinations containing >2 variants, where 86.91%
of combinations are closer to the wild type protein stability than one or more of the

sub-combinations of variants (Figure 3.31.B).
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Figure 3.31: Comparison of absolute stability change prediction values for full combinations and
the sub-combinations with the largest predicted change in stability. A) All Non-Synonymous
Proximal Combinations. B) Non-Synonymous Proximal Combinations containing >2 variants. Note

— y-axes differ in their scales between the subplots.

Table 3.15: Comparisons of the stability change predictions of full combinations vs the stability
change predictions of the highest and lowest changes from sub-combinations, in absolute values
(distance from 0 kcal/mol predicted change regardless of positive or negative values (destabilising

or stabilising))

Full Combination Change Closer Full Combination Change Further
Category to Zero than Highest Single from Zero than Highest Single
Change Change

All Proximal
2,674 1,674

Combinations

Proximal Combinations
1,208 182
with >2 Variants

As previously discussed, there are a large number of combinations observed in
the protein Q31610 (see Section 3.4.5; Figure 3.10 and Table 3.8). The
combination ‘Q31610:S35A,V36M,S48A,A93T,Q94N,A95T,D98Y,S101N
,L105A,L119W,S121T,Y140F’ was observed 21 times (Figure 3.32.A). This
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combination of 12 variants is predicted to have a stability change of +4.53
kcal/mol, and is therefore predicted to be destabilising. However, one of the sub-
combinations within this combination (‘Q31610:S11A,A69T,Q70N,A71T,D74Y
,S77N,L95W") is predicted to have a far more destabilising effect, with a stability
change of +19.21 kcal/mol. This suggests a potential stability compensation for the

full variant combination observed.

One of the largest predicted stability differences between a full combination and a
sub-combination was observed in the protein Tryptase gamma (UniProt accession:
Q9NRR2), which is a serine protease. There was a single occurrence of the
combination ‘Q9NRR2:G224W,T239I’ (Figure 3.32.B), which is predicted to be
quite highly destabilising (+10.13 kcal/mol). However, G224W on its own is
predicted to be far more destabilising (+30.52 kcal/mol). On its own, T239l is
predicted to be mildly stabilising (-2.51 kcal/mol), and is predicted to buffer the
destabilising effect of G224W. Interestingly, T239I is a commonly occurring variant
(4,395 total occurrences in 1,000 Genomes Project samples, and an allele count
of 222,599 in GnomAD), but G224W is very rare, only occurring once and in
conjunction with T239I, where perhaps its effects are mitigated (zero occurrences
in GhnomAD).
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Figure 3.32: Examples of Proximal Combinations with large differences between the predicted

stability change of the full combination and one or more sub-combinations. Proteins are shown in
cartoon format and are coloured grey, and variant positions are shown in stick format and are
coloured red. Each combination is presented from two different sides and then zoomed in. A) The
variant combination ‘Q31610:S35A,V36M,S48A,A93T,Q94N,A95T,D98Y,S101N,L105A,L119W
,5121T,Y140F’. B) The variant combination ‘QINRR2:G224W,T2391".
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The destabilising/stabilising effects of variants can be in part due to differences in
the masses of the amino acids, for example replacement of a glycine residue
(average atomic mass 57.05) with a tryptophan residue (average atomic mass
186.21) is an increase in average atomic mass of +129.16. Therefore, a GSW
variant increases the mass at given structure position by more than the average
mass of a single amino acid (118.89). Whereas, other variants are far more
conservative in terms of change in atomic mass, e.g. an N>D variant increases the

atomic mass by +0.99.

To investigate potential mass compensations of non-synonymous Proximal
Combinations, the total atomic masses of wild type amino acids and variant type
amino acids in each combination were compared (see Methods). Importantly, the
potential mass differences for combinations of variants is much higher than that of
single variants. The distribution of total atomic mass changes is shown in Figure
3.33.A, with a mean change of +14.84, median change of +9.09, minimum change
of -228.29, and a maximum change of +345.3998. The majority of combinations
(84.8%) have a total atomic mass change between -100 and +100, less than the
difference caused by a single G>W variant (3,700 combinations; 2,548

combinations between -50 and +50 (58.4%)).

Additionally, comparison of the total atomic mass change of each combination with
the number of occurrences of the combination showed that the majority of
combinations with more extreme atomic mass differences are rare (Figure 3.33.B).
Together these data suggest that the majority of the observed non-synonymous
Proximal Combinations are fairly conservative in terms of mass change, and that
there may be coevolutionary relationships between residues that conserve total

mass within localised areas of protein structures.

Importantly, the mass of the amino acids is only a proxy for the volume of the
amino acid, which is a key factor in potential instability introduced by missense
mutations. Each of the amino acid features within combinations compared here
(charge, mass, and functional group) are inadequate on their own to describe the
properties of a variant combination. These properties must be considered in a
combined manner, and in some cases, there will be factors unique to individual
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proteins (such as ligand-binding sites) that will complicate the interpretation of the

amino acid property changes within variant combinations.
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Figure 3.33: Total mass changes for Non-Synonymous Proximal Combinations. A) The distribution

of total mass changes. B) Comparison of the total mass change of each combination to the total

number of occurrences of the combination.

3.4.9 Clinical Significance of Proximal Combination Variants

To identify potential compensation/buffering effects of known deleterious variants

by other co-occurring known benign variants, clinical annotations from Humsavar

and ClinVar were used to annotate non-synonymous Proximal Combinations (see

Methods). The vast majority of these combinations are composed solely of
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variants annotated as benign and/or unclassified (Table 3.16), highlighting the

need for better clinical annotation of variants.

Table 3.16: Combined clinical annotations of all Non-Synonymous Proximal Combinations.

Combination Classification | Humsavar | ClinVar
Pathogenic 1 0
Pathogenic & Benign 2 0
Pathogenic & Unclassified 3 2
Benign 582 1
Benign & Unclassified 1,935 37
Unclassified 1,842 4,325

Only eight of the combinations contain variants annotated as pathogenic by
Humsavar or ClinVar, and the majority of these are rare combinations (Table
3.17). The combination ‘P026491:C130R,R132C’ (Figure 3.34.A) was identified in
the protein Apolipoprotein E. This combination contains the unclassified variant
R132C and the pathogenic variant C130R, which is associated with Alzheimer
disease 2 (AD2) and Hyperlipoproteinemia 3 (HLPP3) (Bateman et al. 2015).
Within this combination R132C could potentially be compensating for the effect of
C130R, with this combination being a potential direct amino acid compensation of
both arginine and cysteine. This combination is only observed once in the data set.
Intriguingly, in GnomAD there are zero occurrences of the pathogenic C130R, but
22,731 occurrences of the R132C variant. Individuals with this R132C variant may
be able to buffer some of the negative effects of the C130R variant if it were to
arise. However, it should be noted that in this example the side chains of the two
residues are not pointing in the same direction, suggesting that any potential
buffering effects are indirect. This is due to the fact that the directionality of the
side chains is not considered when determining proximal combinations (see
Methods).

The most common of these eight combinations that contain variants annotated as
pathogenic is ‘Q7RTS7:E271D,F274S’ (Figure 3.34.B), which occurs 87 times
(F274S occurs once without E271D, and E271D occurs 3,955 times without
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F274S). This combination occurs in the protein Keratin, type Il cytoskeletal 74, and
occurs almost exclusively in the SAS super population (0.00% in AFR, 0.00% in
AMR, 0.00% in EUR, 1.15% in EAS, and 98.85% in SAS). The variant E271D is
classified as benign, and the variant F274S is classified as pathogenic, with an
association to Ectodermal dysplasia 7, hair/nail type (ECTD7) (Bateman et al.
2015). As with ‘P026491:C130R,R132C’, the pathogenic variant (F274S) is rarer
than the benign variant (E271D; allele counts of 2,572 and 180,372 respectively in
GnomAD). Therefore, E271D could be buffering the effects of this variant in some
of these individuals, but potential compensatory effects are less obvious than for
the combination ‘P026491:C130R,R132C".

Table 3.17: Combined clinical annotations of Non-Synonymous Proximal Combinations for

combinations containing one or more variant annotated as pathogenic.

Protein | Combination | Total Occurrences | Combined Annotation | Annotation Source
Q7RTS7 | E271D,F274S 87 Pathogenic & Benign Humsavar
P20933 | R161Q,C163S 2 Pathogenic Humsavar
P20933 | R161Q,C163S 2 Pathogenic & Unclassified Clinvar
P23352 | V5341,E539K 2 Pathogenic & Benign Humsavar
000187 | E124K,P126L 1 Pathogenic & Unclassified Humsavar
P02649 | C130R,R132C 1 Pathogenic & Unclassified Humsavar
Q96EU7 | D131E,N202K 1 Pathogenic & Unclassified Clinvar
Q9BQ52 | S217L,L224F 1 Pathogenic & Unclassified Humsavar
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Figure 3.34: Two examples of Non-Synonymous Proximal Combinations containing variants
classified as pathogenic by Humsavar or ClinVar. Proteins are shown in cartoon format and are
coloured grey, and variant positions are shown in stick format and are coloured red. Each example
is shown with the whole structure in view and then zoomed in on the variant combination. A) The
combination ‘P026491:C130R,R132C’. B) The combination ‘Q7RTS7:E271D,F2748S".
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3.4.10 Variant Combinations in Protein-Protein Interfaces
Protein-Protein interactions are essential for cellular function and are a key
component of cellular complexity. The human interactome is estimated to contain
between ~650,000 (Stumpf et al. 2008) and >1,000,000 (Ranea et al. 2010)
unique protein-protein interactions, and as of August 2018 there are 334,684 non-
redundant human protein-protein interactions listed in BioGRID build 3.4.163
(Chatr-Aryamontri et al. 2015). Human disease variants have previously been
shown to be enriched in protein-protein interface sites (David et al. 2012; Wang et
al. 2012), and we are interested in combinations of variants that occur in interfaces
that could have compensatory effects. To investigate this, we expanded our
analysis of variant combinations within protein structures to combinations of

variants in protein-protein interface sites.

We used interaction data for 9,642 protein-protein interactions with residue-level
structural characterisation from Interactome3D (Mosca et al. 2013), to study
combinations of variants that occur within interface sites (see Methods). Across
homomeric and heteromeric protein-protein complexes, we considered three
different types of protein-protein interface variant combinations: Homomeric,
Heteromeric, and Uni-Partner (Figure 3.4; see Methods). These three combination
types cover all possible compensation scenarios between interface variants.
Homomeric and Heteromeric combinations involve variants in the interface sites of
both partner proteins, with the difference between the two combination types being
whether the complex is a homomer or a heteromer (Figure 3.4). Uni-Partner
combinations involve multiple variants within the interface site of one of the two
partners in an interaction, and can occur in both homomeric and heteromeric
complexes (Figure 3.4). We also consider the scenario of a single variant within an
interface site, where variant compensation is not possible, and group these as

Singletons (Figure 3.4).

3.4.11 Unique Interface Variant Combinations

In total, 6,824 unique non-synonymous and 6,385 synonymous variants were
found to be in the 9,642 unique protein-protein interfaces in the Interactsome3D
representative set (see Methods for further Interactome3D details). For non-

synonymous variants, 592 form at least 1 variant combination and 947
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synonymous variants form combinations (Table 3.18). Non-synonymous
combinations are spread across 233 proteins and 272 complexes, and across 443

proteins and 449 complexes for synonymous combinations (Table 3.18).

Singleton interface variants are far more common than interface variant
combinations, likely due to the probability of one variant occurring being higher
than the probability of two variants occurring. There are 6,582 non-synonymous
and 6,054 synonymous singleton variants, with 11,285 unique non-synonymous
singletons and 10,846 unique synonymous singletons (Table 3.19). There are
more unique non-synonymous and synonymous singletons than variants in
singletons, because singleton variants can occur in multiple different protein-
protein interfaces. Non-synonymous singletons are spread across 2,627 proteins
and 4,296 complexes, and across 2,652 proteins and 4,851 complexes for

synonymous variants (Table 3.19).

Across all samples, for non-synonymous variants there are 147 Homomeric, 364
Heteromeric, and 735 Uni-Partner combinations, and for synonymous variants
there are 108 Homomeric, 672 Heteromeric, and 737 Uni-Partner combinations
(Table 3.20). Homomeric combinations being the rarest type of combination for
non-synonymous and synonymous variants reflects that they only occur in
homomeric protein-protein interactions and only 2,987 of the 9,642 complexes in

the Interactome3D representative set are homomeric (see Methods).

Table 3.18: Numbers of constituent variants in combinations, numbers of combinations, numbers
of proteins with combinations, and numbers of complexes with combinations, for non-synonymous

and synonymous interface variant combinations.

. Variants Proteins with Complexes with
Variant Type Combinations
in Combinations Combinations Combinations
Non-Synonymous 592 1,246 233 272
Synonymous 947 1,517 443 449
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Table 3.19: Numbers of constituent singleton interface variants, numbers of singletons, numbers of

proteins with singletons, and numbers of complexes with singletons, for non-synonymous and

synonymous interface variant combinations.

Variants in Proteins with Complexes with
Variant Type Singletons . .
Singletons Singletons Singletons
Non-Synonymous 6,582 11,285 2,627 4,296
Synonymous 6,054 10,846 2,652 4,851

Table 3.20: Numbers of unique interface variant combinations types, for non-synonymous and

synonymous interface variant combinations.

Heteromeric Homomeric Uni-Partner
Variant Type
Combinations Combinations Combinations
Non-Synonymous 364 147 735
Synonymous 672 108 737

As with combinations of variants within structures (Figure 3.5), the majority of the

interface variant combinations contain only a few variants, with 525 non-

synonymous and 890 synonymous combinations containing only two variants

(Figure 3.35). However, some interface variant combinations are much larger,

containing as many as 12 variants for non-synonymous combinations, and eight

variants for synonymous combinations (Figure 3.35).
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Figure 3.35: Combination sizes for non-synonymous and synonymous interface variant

combinations.

One of these larger variant combinations occurs in the heteromeric protein-protein
complex P04440:P20036. One individual has the Heteromeric variant combination
‘P04440:L37V,F38Y,G40V,A65V,A85E,E86D,G114E,P115A_P20036:E59D,T103l,
L104A,P127A’, which contains 12 variants (Figure 3.36; see Methods for a
description of the interface variant combination notation format). The complex
P04440:P20036 is a heteromeric interaction between two immune system
proteins: HLA class Il histocompatibility antigen DP beta 1 chain and HLA class Il
histocompatibility antigen DP alpha 1 chain. From the full combination of interface
variants (Figure 3.36.A), there is a clear cluster of variants in one area of the
interaction containing the variants L37V,F38Y,G40V,A65V,A85E,E86D in P04440,
and T103I,L104A in P20036, with the remaining variants from the full combination

of interface variants in different areas of the interface (Figure 3.36.B).
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Figure 3.36: Visualisation of the Homomeric interface variant combination
‘P04440:L37V,F38Y,G40V,A65V,A85E,E86D,G114E,P115A_P20036:E59D,T1031,L104A,P127A’,
which occurs in the interface P04440:P20036. In all subplots, chain A is coloured grey, chain B is
coloured cyan, and positions of variants are shown in stick format and coloured red. A) Cartoon
representation of the entire interface. B) Zoomed in view of the area of the interface containing the

most variants.
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In the homomeric complex P78324:P78324, there are 209 occurrences of the
interface variant combination ‘P78324:T521,R54H,A57V,D95E,L96S,N100K
_P78324:T521,R54H,A57V,D95E,L96S,N100K’, which is the same six variants
(T521, R54H, A57V, D95E, L96S, N100K) occurring in both partners as this is a
homomeric complex (Figure 3.37). This is a complex of two Tyrosine-protein
phosphatase non-receptor type substrate 1 proteins, also known as signal-
regulator protein (SIRP-a). SIRP-a is a cognate receptor for CD47, and the
interaction of the two is involved in regulation of Interleukin-12 levels, possibly as a
homeostatic mechanism to prevent escalation of the inflammatory immune

response (Latour et al. 2001).

The variants in this combination have a complex set of potentially compensatory
effects on one another. The variants R54H and N100K are potentially
compensatory, with a large positively charged amino acid lost in R54H and a large
positively charged amino acid gained in N100K (arginine loss compensated by
lysine gain). The variant T52I results in loss of a hydroxyl group and gain of a
hydrophobic residue and the variant L96S potentially compensates with loss of a
hydrophobic residue and gain of a hydroxyl group (leucine loss compensated for
by isoleucine gain, and threonine loss compensated for by serine gain). Finally,
the variants D95E and A57V are both conservative changes, with a negative
charge at position 95 maintained in D95E and a small hydrophobic amino acid
maintained at position 57 in A57V. Therefore, despite the occurrence of six
different variants (some of which are radical changes), the overall properties of the
positions in the interface are largely maintained (loss of N and gain of H in N100K

R54H are the only changes without potential compensation).

However, as with many interface variant combinations, this variant combination is
more complex than it first appears. Interface variant combinations are a result of
combined variants in different partners of an interaction, and there may be a
mixture of different interface variant combinations for the same complex within one
individual. For example, given a homomeric complex of the protein ‘PA’ (PA:PA), if
an individual has a wild type form of PA (PA-WT) and a variant form (PA-VAR),
then there are two possible interface variant combinations: PA-WT:PA-VAR and
PA-VAR:PA-VAR.
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For the complex P78324:P78324 there were 66 different interface variant
combinations observed (though 45 of these occur 10 or fewer times). The ten most
common interface variant combinations for P78324:P78324 are shown in Table
3.21. These ten combinations highlight the complexity of interface variant
combinations, with different compensatory effects observed within them, e.g. the
most common combination involves the potential hydroxyl compensation of T52I
and L96S, but here R54H is occurring without N100K to compensate for the large
positively charged amino acid lost. Similarly, the second most common
combination results in a net gain of a hydroxyl group in the interface, as L96S is
occurring without T521. This complexity is a major challenge in the analysis of

interface variant combinations.

Table 3.21: The ten most common interface variant combinations in the interface P78324:P78324.

Total Combination
Variant Combination
Occurrences Category

P78324:T521,R54H,A57V,D95E,L96S 1,274 Uni-Partner
P78324:D95E,L96S 1,114 Uni-Partner
P78324:T521,R54H,A57V,D95E,L96S,N100K 818 Uni-Partner

P78324:T521,R54H,A57V,D95E,L96S_P78324:T52I,R54H,A57V,D95
725 Homomeric

E,L96S

P78324:D95E,L96S_P78324:D95E,L96S 557 Homomeric
P78324:A57V,D95E,L96S 416 Uni-Partner

P78324:T521,R54H,A57V,D95E,L96S,N100K_P78324:T52l,R54H,A5
411 Homomeric

7V,D95E,L96S,N100K

P78324:T521,R54H,A57V,D95E,L96S_P78324:T52I,R54H,A57V,D95

377 Homomeric
E,L96S,N100K

P78324:T521,R54H,A57V,D95E,L96S,N100K_P78324:T52l,R54H,A5

377 Homomeric
7V,D95E,L96S

P78324:A57V,D95E,L96S_P78324:A57V,D95E,L96S 208 Homomeric
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Figure 3.37: Visualisation of the Homomeric interface variant combination
‘P78324.:T521,R54H,A57V,D95E,L96S,N100K_P78324:T521,R54H,A57V,D95E,L96S,N100K’,
which occurs in the interface P78324:P78324. In all subplots, chain A is coloured grey, chain B is
coloured cyan, and positions of variants are shown in stick format and coloured red. A) Surface

representation. B) Cartoon representation. C) Zoomed in view A. D) Zoomed in view B.

3.4.12 Interface Variant Combinations Per Sample

The numbers of interface variant combinations for each sample is shown in Figure
3.38, split in to the different categories of interface variant combinations. For each
interface variant combination category, individuals have more synonymous
combinations than non-synonymous combinations, presumably due to the limited
functional effects of synonymous variants on interfaces (Figure 3.38). This differs
from the combinations of variants observed to be close in space within protein
structures, where individuals tended to have more non-synonymous Proximal
Combinations (but more synonymous Global Combinations; Figure 3.7 and Table
3.5). For both non-synonymous and synonymous categories, Singletons are the
most common type per individual, which reflects the fact that only a single
mutation is required. For the three non-synonymous categories involving multiple

variants, Uni-Partner combinations are the most common, with Heteromeric and
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Homomeric combinations occurring at similar levels. Table 3.22 summarises the

per sample interface variant combinations.

For non-synonymous variants, each sample has on average 25.12 total interface
variant combinations comprising 4.38 Homomeric Combinations, 2.77 Heteromeric
Combinations, and 17.97 Uni-Partner Combinations, and for synonymous variants
34.04 total, 3.29 Homomeric, 10.46 Heteromeric, and 20.29 Uni-Partner (Table
3.22). Each sample has more interface Singletons than combination types with
multiple variants, with on average 110.29 non-synonymous Singletons and 417.19

synonymous Singletons.

As with combinations of variants within structures (Figure 3.8 and Table 3.6),
samples from the AFR super population have on average more interface variant
combinations than samples from the other four super populations (Figure 3.39 and
Tables 3.23 & 3.24). This trend is observed for each type of non-synonymous
interface variant combination, except for Homomeric combinations (where
samples have similar numbers between the five super populations), but the
differences between super populations are smaller for synonymous combinations
(Figure 3.38 and Tables 3.23 & 3.24).
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Figure 3.38: (see legend on next page)
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Figure 3.38: Number of interface variant combinations observed per sample for each combination

category. A) All Non-Synonymous Combinations. B) All Synonymous Combinations. C) Non-

Synonymous Heteromeric Combinations. D) Synonymous Heteromeric Combinations. E) Non-

Synonymous Homomeric Combinations F) Synonymous Homomeric Combinations. G) Non-

Synonymous Uni-Partner Combinations. H) Synonymous Uni-Partner Combinations. I) Non-

Synonymous Singletons. J) Synonymous Singletons.

Table 3.22: Numbers of interface variant combinations observed per sample.

Combination

Mean Number of

Median Number of

Minimum Number of

Maximum Number of

Category Combinations Combinations Combinations Combinations
Non-Synonymous
25.12 24 4 64
Combinations
Synonymous
34.04 33 7 81
Combinations
Non-Synonymous
2.77 2 0 14
Heteromeric
Synonymous
10.46 10 0 31
Heteromeric
Non-Synonymous
4.38 4 0 17
Homomeric
Synonymous
3.29 3 0 12
Homomeric
Non-Synonymous
17.97 18 3 43
Uni-Partner
Synonymous Uni-
20.29 19 2 56
Partner
Non-Synonymous
110.29 110 59 192
Singletons
Synonymous
417.19 417 307 522
Singletons
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Figure 3.39: Numbers of interface variant combinations per sample for each of the combination

categories, separated in to the five super populations. A) Non-Synonymous Heteromeric

Combinations. B) Synonymous Heteromeric Combinations. C) Non-Synonymous Homomeric

Combinations. D) Synonymous Homomeric Combinations. E) Non-Synonymous Uni-Partner

Combinations. F) Synonymous Uni-Partner Combinations. G) Non-Synonymous Singletons. H)

Synonymous Singletons. Note — x- and y-axes differ in their scales between the subplots. AFR —

African super population, AMR — American super population, EAS — East Asian super population,

EUR — European super population, SAS — South Asian super population.

Table 3.23: Mean numbers of each type of non-synonymous interface variant combination per

sample for each of the five super populations.

Non-Synonymous Non-Synonymous Non-Synonymous
Non-Synonymous
Super Population Heteromeric Homomeric Uni-Partner
Singletons
Combinations Combinations Combinations

African 4.91 4.35 22.50 134.02
American 1.85 4.18 15.95 102.68
European 1.18 4.97 15.98 101.05
East Asian 3.07 4.50 18.09 101.43
South Asian 1.85 3.85 15.19 107.40

Table 3.24: Mean numbers of each type of synonymous interface variant combination per sample

for each of the five super populations.

Synonymous Synonymous Synonymous
Synonymous
Super Population Heteromeric Homomeric Uni-Partner
Singletons

Combinations Combinations Combinations
African 12.64 3.73 21.72 441.44
American 10.49 2.84 24.16 408.44
European 9.27 2.58 19.60 408.34
East Asian 10.63 2.74 16.97 407.68
South Asian 8.53 4.29 19.77 409.58

3.4.13 Interface Variant Combinations Per Protein Complex

As with the Proximal Combinations within structures, where individual proteins had

distinct patterns, different protein complexes were observed to have different

patterns of interface variant combinations. Figure 3.40 shows the numbers of

unique interface variant combinations for each of the categories. For the non-

synonymous variant combinations, Singletons are the largest category (11,285),
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Uni-Partner combinations are the second largest category (735), followed by

Heteromeric combinations (364), and then Homomeric combinations (147).

However, many of these combinations are rare (Figure 3.41 and Table 3.25), with
some having fewer than 25 total occurrences (11,632 non-synonymous and
10,860 synonymous). Far fewer combinations can be considered common, with
only 149 non-synonymous and 502 synonymous combinations occurring =500
times (Table 3.25). Removal of combinations with fewer than 25 total occurrences
retains the same pattern (Singletons > Uni-Partner > Heteromeric > Homomeric),
but the overall numbers of each fall (Figure 3.40 and Table 3.25).

These differences are also likely in part due to the composition of the
Interactome3D dataset, which contains more heteromeric complexes than

homomeric complexes (6,655 and 2,987 complexes, respectively).
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Figure 3.40: Numbers of unique interface variant combinations observed for each combination
category. A) All non-synonymous combinations. B) All synonymous combinations. C) Common
non-synonymous combinations (=25 occurrences). D) Common synonymous combinations (=25

occurrences). Note — y-axes differ in their scales between the subplots.
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Table 3.25: Numbers of rare and common combinations for each interface variant combination

category and for non-synonymous and synonymous interface variants

Heteromeric Homomeric Uni-Partner
Variant Type Singletons
Combinations Combinations Combinations
Non-Synonymous
145 77 7,257 240
One Occurrence
Synonymous One
274 57 5,885 283
Occurrence
Non-Synonymous
42 21 693 143
=25 Occurrences
Synonymous =25
60 14 1,302 127
Occurrences
Non-Synonymous
15 16 304 73
=100 Occurrences
Synonymous =100
31 8 764 64
Occurrences
Non-Synonymous
3 6 118 22
=500 Occurrences
Synonymous =500
12 3 459 28
Occurrences
Non-Synonymous
0 2 68 10
>1,000 Occurrences
Synonymous =1,000
7 2 318 19
Occurrences
A) Non-Synonymous Variants B) Synonymous Variants
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Figure 3.41: Number of occurrences of unique interface variant combinations, separated by

combination category. A) Non-synonymous variants. B) Synonymous variants.
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As with combinations within structures, many of the interface variant combinations
are rare, but for each complex there is usually a dominant variant combination,
which accounts for the majority of the total combinations in the interface (Figure
3.42). The format of Figure 3.42 is identical to Figure 3.13 (which describes
combinations of variants within structures). Each of the points is a protein-protein
complex, and the colour of the point is determined by the number of unique variant
combinations observed for the complex (see Figure 3.42 legend). The x-axis
position of the point is determined by the number of occurrences of any variant
combination within the complex, and the y-axis position is determined by the
percentage of total combination occurrences accounted for by the most common
variant combination in the complex. If the most common variant combination
accounts for all of the variant combinations in the complex (black points), the point
will lie at the very top of the y-axis (100% of combination occurrences are the most
common combination). The distributions of total percentage occurrences for the
most common variant combination is shown in Figure 3.43, for each of the

interface variant combination categories.

The patters of common interface variant combinations show similarities across
Heteromeric, Homomeric, and Uni-Partner Combinations. For each category, in
the majority of complexes the most common variant combination accounts for
>90% of all combinations in the complex (Figure 3.42 & Figure 3.43). For non-
synonymous variants, this is true for 96 Heteromeric Combinations (64.0%), 28
Homomeric Combinations (60.0%), and 124 Uni-Partner Combinations (72.9%;
186 (62.2%), 28 (60.9%), and 211 (74.0%) respectively for synonymous variants).

For Singletons (Figure 3.42.G&H), a large proportion of the complexes have a
Singleton that occurs far more frequently than any other in the complex, with 2,185
non-synonymous Singletons (50.86% of total complexes) that account for >90% of
all Singletons in individual complexes, and 2,868 for synonymous Singletons
(59.12% of total complexes; Figure 3.43.G&H).
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Figure 3.42: Occurrences of the most common interface variant combinations vs all interface

variant combinations for each complex. Each point represents a protein-protein complex, and the

colour of the point is determined by the number of unique variant combinations observed for the

complex, see legend. The x-axis position of the point is determined by the number of occurrences

of any variant combination within the complex, and the y-axis position is determined by the

percentage of total combination occurrences accounted for by the most common variant

combination in the complex. If the most common variant combination accounts for all of the variant

combinations in the complex (black points) the point will lie at the very top of the y-axis (100% of

combination occurrences are the most common combination). A) Non-Synonymous Heteromeric

combinations. B) Synonymous Heteromeric combinations. C) Non-Synonymous Homomeric

combinations. D) Synonymous Homomeric combinations. E) Non-Synonymous Uni-Partner

combinations. F) Synonymous Uni-Partner combinations. G) Non-Synonymous Singletons. H)

Synonymous Singletons. Note — x- and y-axes differ in their scales between the subplots.
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Figure 3.43: Distributions of proportions of interface variant combination occurrences from the
most common variant combination per complex. A) Non-Synonymous Heteromeric Combinations.
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The protein Immunoglobulin heavy variable 3-23 (UniProt accession: P0O1764)

plays a role in antigen recognition, and forms a homomeric complex. In this

complex (P01764:P01764), the variant combination ‘P01764:S73G,G75S’ occurs

154 times (Figure 3.44). This is a clear example where the combination of variants

could be compensatory. In both chains of the complex, serine is lost at position 73

and a glycine is gained, and then at position 75 a glycine is lost and a serine is
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gained. The wild type and variant type amino acids are balanced, with no net
change in the number of serine or glycine residues. Neither of these variants were
observed on their own in any individual out of the 2,504 samples in the 1,000
Genomes Project - they only occur together. One possible advantage of the two
variants occurring together, and neither alone, is maintaining the hydroxyl group of
serine. In the wild type structure S73 acts as a hydrogen bond donor, forming a
hydrogen bond with the backbone of G75 (Figure 3.44), which is likely stabilising

the tight turn in the structure.

This combination (‘P01764:S73G,G75S’) in P01764:P01764 is classed as a Uni-
Partner combination, despite being a homomer, as the structure is asymmetrical
(see Methods). Positions 73 and 75 in chain A of the structure are <5A from
residues in chain B, but residues 73 and 75 in chain B are too far away. Therefore,
the combination is classed as Uni-Partner. Clearly in this example, the distinction
between Uni-Partner combinations and Homomeric combinations is arbitrary, and
the compensatory effect is likely between the variants within each chain. However,
this compensatory effect within the chains could help to maintain the necessary

fold for the dimer to form.
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Figure 3.44: Visualisation of the interface variant combination ‘P01764:S73G,G75S’, which occurs
in the interface P01764:P01764. In all subplots, chain A is coloured grey, chain B is coloured cyan,
and positions of variants are shown in stick format and coloured red. A) Surface representation. B)
Cartoon representation. C) Zoomed in view showing the hydrogen bond between the hydroxyl
group of S73 and the backbone of G75, with the hydrogen bond represented by a dashed black

line.

As with combinations of variants within individual proteins (Figures 3.15-3.17 and
Appendix 2 Figures 8-13), some of the interface variant combinations that are
relatively rare at the level of the whole genome set may be fairly common within
specific populations. These evenly distributed interface variant combinations are
likely to have first occurred longer ago in human evolution, with population-specific

interface variant combinations likely to have occurred more recently.

Figures 3.45-3.47 show the distributions of interface variant combinations between
the five super populations represented in the 1,000 Genomes Project data set.
These plots show the 50 most common combinations for each category. For each
interface combination category there are examples of combinations that are

spread relatively evenly across the super populations (light blue boxes across the

186



Chapter 3: Identifying Coevolution Within the Human Genome

super populations), and others that are concentrated in a subset of super

populations (dark blue boxes in specific populations). Similar patterns can be seen

for the 26 individual populations that make up the 5 super populations, as well as

for synonymous variant combinations, see Appendix 2 Figures 14-22).

Interface Combination

Heteromeric Combinations

P06731:180V,V83A_P13688:Q35K,A83V,Q123H - 268 [l
P04440:L37V,F38H,G40V,A65V,A85E,E86D,G114E,P115A_P20036:M62Q — 254
P04440:A65V,G114E,P115A_P20036:A42M,M62Q — 235
076013:T315M_095678:M427T — 199
P04440:L37V,F38Y,G114E,P115A_P20036:M62Q — 160 [l
Q14532:R369Q_Q14CN4:R428L — 159
P04440:L37V,F38Y,G114E,P115A_P20036:A42M,M62Q - 133 [l
P04440:A65V,A85E_P20036:M62Q — 130
P04440:L37V,F38Y,G40V,G114E,P115A_P20036:M62Q - 128
P04440:A65V,A85E_P20036:A42M,L97S - 108 [l
P04440:A65V,A85E_P20036:A42M,M62Q - 107
P28067:G181A_P28068:T28A — 99
Q14532:D371E_Q14CN4:R428L - 71
P12018:E132K_P15814:T95K — 66
P04440:L37V,F38Y,G40V,E62Q,G114E,P115A_P20036:M62Q — 60
076013:T315M_095678:1367V - 59 [l
Q5SY68:N42D_Q86SG5:A84T - 55 [l
P78385:G362S_Q6A162:W390R - 53 [l
P04440:A65V_P20036:A42M,M62Q - 53
P04440:L37V,F38Y,G40V,A65V,A85E,E86D,G114E,P115A_P20036:A42M,M62Q - 51
P04440:L37V,F38Y,G40V,A65V,A85E,E86D,G114E,P115A_P20036:M62Q - 44
043488:E180K_095154:T323A — 41 [l
P13688:A83V,Q123H_P40199:E133G - 37 [l
P06731:V83A_P40199:E133G - 37 [l
P04440:L37V,F38Y,G40V,G114E,P115A_P20036:A42M,M62Q — 34
P07357:R485L_P07358:E108K — 32
Q13084:Y230C_Q9HD33:R213H - 29
P04440:L37V,F38H,G40V,A65V,A85E,G114E,P115A_P20036:M62Q - 28
Q5SY68:M10T_Q86SG5:A84T - 28
P14136:D295N_Q6A163:L383M - 26
P08779:R418C_Q14CN4:R428L - 24
Q01546:V4741_QB6A162:W390R - 23
076013:T315M_P04264:A454S — 21
P06731:180V,V83A_P13688:Q123H — 20
076011:H348R_Q6KB66:1299M — 15 [l
P04440:L37V,F38Y,G40V,G114E,P115A,R120H_P20036:A42M,M62Q — 14 [l
P04440:A65V,G114E,P115A_P20036:M62Q — 14
P06731:180V,V83A_P13688:035K,Q123H - 14 [l

P04440:T16M,L37V,F38Y,G40V,G114E,P115A_P20036:E59D,T103I,L104A,P127A — 13

P07357:P575L_P07358:E108K — 12
D3WOD1:P131T_QBUVW9:D162V — 12
D3WOD1:P131T_QBUVW9:K164R - 12

Q01546:1482T_QBA162:W390R - 12
095678:1367V_Q7z3Y9:E316Q - 12 [l
095678:M427T_Q7Z3Y9:E316Q - 12 [l
Q14525:R329H_Q14CN4:R428L — 10
Q14525:R329H_Q5XKE5:A393V — 10
P12018:E132K_P15814:5100S - 9 [l
P04440:L37V,F38Y,E62Q_P20036:E59D — 9
P04440:A65V_P20036:M62Q — 9
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Figure 3.45: Heatmap of occurrences within super populations of the 50 most common

Heteromeric non-synonymous interface variant combinations. Combinations are given on the y-

axis, see Methods for a description of the interface variant combination notation format. The

number given after the variant combination is the total number of occurrences of the combination

for the whole sample set. AFR — African super population, AMR — American super population, EAS

— East Asian super population, EUR — European super population, SAS — South Asian super

population.
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Homomeric Combinations
000214:F19Y,R36C,R184S_000214:F19Y,R36C,R184S - 1838
QONY56:P133S,M159T_QINY56:P133S,M159T — 832
P08922:K2228Q,52229C_P08922:K2228Q,52229C - 632
P78324:D95E,L96S_P78324:D95E,LI6S - 526
P13688:A83V,Q123H_P13688:A83V,Q123H - 465 [l
P78324:T521,R54H,A57V,D95E,L96S_P78324:T521,R54H,A57V,D95E,L96S - 365
P21549:P11L,1340M_P21549:P11L,1340M - 360
P51649:H180Y,P182L_P51649:H180Y,P182L - 232
P78324:T52,R54H,A57V,D95E,L96S,N100K_P78324:T521,R54H,A57V,D95E,L96S,N100K - 209
P78324:A57V,D95E,L96S_P78324:A57V,D95E,L96S - 200
P01854:A330V,W334G_P01854:A330V,W334G - 159 [l
P16083:K16R,L47F_P16083:K16R,L47F - 150
Q9BV20:M235V,G319A_Q9BV20:M235V,G319A - 130 [l
P21549:N22S, R197Q,1340M_P21549:N22S,R197Q,I340M - 116
QBNXT2:A111V,K122E_QBNXT2:A111V,K122E - 53 [l
Q9HBLO:E138K,S1431_QoH3L0:E138K,S1431 - 52 [l
P78324:D95E,L96S,N100K_P78324:D95E,L96S,N100K ~ 32
095154:Q178R,T323A_095154:Q178R,T323A - 21 [l
P01023:F102L,N639D_P01023:F102L,N639D - 18 [l
Q9Y5G1:K112M,H326Q_Q9Y5G1:K112M,H326Q - 17 [l
P78324:T52,R54H,A57V_P78324:T52|,R54H,A57V - 16
P78324:A57V,D95E,L96S,N100K_P78324:A57V,D95E,L96S,N100K - 11 Percentage of Total
P33764:R3K,R77C_P33764:R3K,R77C - 10 Occurrences (%)
P13688:A83V,Q123H,E133G_P13688:A83V,Q123H,E133G - 10 [l I
P21549:N22S,R197Q_P21549:N22S,R197Q - 7 [ | 7
000214:V20L,R184S_000214:V20L,R184S - 6 [l )
PA43357:V308A,L309F_P43357:V308A,L309F - 6 ||
P78324:T521,D95E,L96S_P78324:T52,D95E,L96S - 4
Q8N149:W89R,V185M_Q8N149:W89R,v185M - 4 [l 0
Q86SG5:T4S,A84T_Q865G5:T48,A84T - 4 [l
Q8N3C7:R486L,P522R_Q8N3C7:R486L,P522R -4 [l
Q81219:863L,K70R_Q81219:563L,K70R - 3 [l
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P78324:T521,R54H,A57V,N100K_P78324:T521,R54H,A57V,N100K — 3 ]
P05187:E37Q,I89L_P05187:E37Q,I89L — 3 [l
Q05315:A28V