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Figure 2.2: Graphical description of the methods for NMF extraction of mutational signatures. For
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Figure 2.3: Signature evaluation metrics. The number of signatures was selected at N = 3 since this
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Figure 2.4: Continent-level SARS-CoV-2 lineage dynamics and pandemic curves. Lines show a 14-day
rolling average of reported SARS-CoV-2 cases. Bars show the biweekly proportions of common
lineages and are coloured by lineage. The white space shows the proportion of sequences from
other (non-majority) lineages. 89

Figure 2.5: Association of SARS-CoV-2 infection rates and predictor variables globally. (A) Pearson’s
correlation matrix of infection rate and predictor variables. Positive correlations are denoted in
orange and negative correlations in blue and colour intensity is is directly proportional to
coefficient value. (B) Model fitting using multiple linear regression. Black solid lines show a 14-
day rolling average of adjusted SARS-CoV-2 cases. Pink solid lines show fitted mean response
values of infection rates with predictor values as input. 92

Figure 2.6: Country-level SARS-CoV-2 lineage dynamics. Solid bars show the biweekly proportions of

the common lineages. Bars are coloured by lineage and white space shows the proportion of
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sequences from other lineages. The countries included in this analysis is based on temporal data
completeness. 93
Figure 2.7: Model-fitting of country-level SARS-CoV-2 reported cases. Black solid lines show a 14-day
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Shows the signature activities as their absolute values at each epidemic week. 102
Figure 2.11: (A) Counts of unique substitutions per week of the pandemic. Areas are coloured by
substitution category. (B) Counts of unique substitutions per week of the pandemic for each VOC
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week of the pandemic for each continent category. Areas are coloured by substitution category
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Figure 2.12: (A) Counts of unique SARS-CoV-2 mutations for each epidemic week, with colours
representing which continent the mutations came from. (B) Counts of unique mutations per
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Figure 2.13: (A) Exposures for each of the SARS-CoV-2 mutational signatures for both synonymous
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Figure 2.14: (A) Signature exposures per month from wastewater sequences show similar trends in
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especially during the 2021 July-December time period, as would be expected when Omicron was
emerging. 111
Figure 3.1: Schematic figure showing the process for the epistasis experiments. A BA.1 sequence has
each of its substitution mutations reverted, then passed through ESM-2 to produce a set of
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Figure 3.2: (A) UMAP of initial spike sequence embeddings for SARS-CoV-2 PANGO lineages and a
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in probability while red sites decrease. Mutation probabilities were only shown if they were
outside two standard deviations of the mean change. (B) Relative sequence grammaticalities,
the product of each amino acid likelihood rather than just the mutations, against the amino acid
position. Amino acids are coloured on the semantic rank, which is a ranking of the semantic
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means the correlation was not found to be significant after a Bonferroni correction. (B)
Spearman's Rank correlations between the language model metric and the traditional metric.
Each pair was fitted using a grid search and a linear regression model, with 5-fold cross
validation. Bars represent the mean of the correlations, with the error bar +/- 1 standard
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ABSTRACT

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is the
causative pathogen behind the Coronavirus disease 19 (COVID-19) pandemic.
Following its emergence in Wuhan in the Hubei province of China, SARS-CoV-
2 infected millions of people around the world and has since become one of the
deadliest on record. As part of the pandemic response, an unprecedented
number of viral genomes were sequenced to produce the worlds largest dataset
of viral sequencing data. In this thesis, we used machine learning methods to
discover more about the mutational landscape of the virus from this
sequencing data. We use mutational signature analysis to discover the
mutational processes providing the mutations SARS-CoV-2 uses to adapt and
evolve over time. We show that these processes are dynamic, and shift in their
activity throughout the pandemic. We show that different variants of concern
(VOCs) show different levels of mutational process activity which may relate to
differences between the intrinsic virology between these lineages. We next
show how large language models (LLMs) that have traditionally been used in
natural language processing (NLP) can be used to produce meaningful
representations of viral proteins. These representations can distinguish
between proteins from different virus VOCs, generate metrics that can
evaluate every possible mutation in the protein, and even predict putative
evolutionary trajectories that correlate with the real emergence dates. We also
show that model logits identify epistatic interactions disturbed by mutations
and identify positions of structural conservation. Much of this can be
completed using a single sequence and can also be used in a surveillance

scenario where new sequences can have their representations compared
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against currently circulating or prior lineages. Finally, we show how
1dentifying mutational patterns using co-occurrence highlights interesting
pairs of mutations that may be selected for by the virus and its selective
environment. Using mutational contexts, language models and the virus
phylogeny, we can investigate how these mutations might benefit the virus
and improve our understanding of how linked mutations appear in a
circulating viruses. In summary, this thesis shows how techniques from
machine learning can help us learn more about the evolutionary processes,

dynamics and effects of changing viral proteins using genomic sequence data.
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1 INTRODUCTION

The use of computational devices can be traced thousands of years into the
recesses of human history. From the abacus and the Antikythera mechanisml
(thought to be the world’s oldest computer) to the conceptualisation and
creation of Turing machines!-Z; computational devices have long helped
humanity solve its problems. Since the mid 20th century, research into
machine learning (ML) has become a large part of modern computer science.
The aim of machine learning is to develop methods that can use information to
learn generalisable properties of some process or system. By using previous
examples as input, machine learning methods aim to “learn” the function
between inputs and outputs of the observed system. Assuming this function is
generalisable, the method should be able to approximate the output of
previously unseen inputs. Research into the action of neurons within the brain
spurred on the creation of algorithms designed to mimic these functions. This
formed the basis of neural networks, the artificial neuronl!. Since then, the
field has rapidly expanded to include hundreds of different methods and
models designed to help understand complex systems.

Viruses are some of the smallest replicating entities known to exist. Unable to
replicate themselves, viruses must infect a host organisms’ cells to proliferate
and produce progeny virus. Viruses exist in large numbers and have incredible
genetic diversityl. Their short lifecycle, higher mutation rates and ability to
replicate many times in a single generation make them interesting to observe
from an evolutionary perspectivel. Observable evolution in species like
humans may take many generations, while viruses can adapt on much shorter

timescales since their generation times are significantly shorter. This also
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allows viruses to be highly adaptable, since external pressures that threaten a
virus survival can be potentially overcome through the quick accumulation of
adaptive mutation. The SARS-CoV-2 pandemic has shown how quickly viruses
(particularly RNA viruses) adapt to the ever-changing immune landscape and
a new host species, further emphasising the importance of studying viruses.
From its emergence into a mostly naive immune landscape (save for prior
exposure to other coronaviruses!) in Wuhan, China following a likely zoonotic
spill over!2, to the present day where vaccination and infection have provided
much of the population some immunity; SARS-CoV-2 has continually acquired
new mutations enabling its adaptation to this dynamic landscape. How viruses
evolve, interact with their hosts, replicate, and adapt represent incredibly
complex systems that we need to continue to improve our understanding of.
This thesis will attempt to show how using machine learning methods can help
us understand the complexity involved in the evolution and adaptation of a
virus during a global pandemic. It represents the intersection of computer
science and virology during an unprecedented time in history. The pandemic
had an enormous effect on the trajectory of this PhD, with much of the work
occurring during 2020 and 2021 during the peak of the global lockdowns. Many
of the questions we chose to tackle arose from the rapidly evolving situation we
and the rest of the world found ourselves in.
We will begin with an introduction to virology, with a focus on RNA viruses
and in particular SARS-CoV-2. We will then discuss machine learning
methods and how they might be applied to biological sequence data, before

outlining the work that contributes to this thesis.
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1.1 VIROLOGY

A virus is a intracellular parasite comprised of a DNA or RNA genome and
contained within a protective protein enclosure®*. They are parasitic entities
that require a host to be able to replicate themselves. Viruses do not have their
own metabolism, and thus rely entirely on the host cells metabolic processes
and organelles in order to replicate their genetic material and repackage their
progeny into complete viral particles (virions)34. Since the discovery of the
tobacco mosaic virus by M.W Beijerinck in the late 19th centuryll, we have
learned that viruses were the causal infectious agent behind many diseases
that impacted humans and animals throughout the ages. To this day, viruses
remain an ever-present threat. The SARS-CoV-21, Influenzal, and HIV! have
all resulted in worldwide pandemics over the 20th and early 21st century.
Viruses also infect nearly all forms of life including plants, animals, bacteria
and archaea. As our world becomes more connected, this creates its own
problems. Increasing contact at interfaces between humans and wildlife can
result in the increased chance of viruses from other animal species spilling
over and transmitting between humans to cause new diseases56. They can also
impact the food chain, with plant viruses affecting several different vital crop
plants’. Viruses are thought to be the most diverse and prevalent entities on
earth®, and as such there are many distinct categories of viruses that we know

to exist.
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1.1.1 THE BALTIMORE SYSTEM
Viruses are classified in many ways. The classifications aim to provide useful

demarcations that help to group similar viruses together. Factors such as
genetic relatedness, genomic material type (DNA/RNA), strandedness
(single/double) or even infection phenotype (respiratory, haemorrhagic, etc...)

are all valid approaches depending on the circumstances.
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Figure 1.1: Diagram of the Baltimore classification system from Koonin et

al®. Each roman numeral corresponds to the Baltimore classification.

One commonly used method for classification is the Baltimore system8?. This
divides viruses into 7 main categories based on the genomic material type and
how the information from that material is transferred in cells via their
replication cycle. Classes one, two and seven refer to DNA viruses while three-
six refer to RNA viruses.

The DNA viruses are split into double-stranded DNA viruses (dsDNA Class I),
single-stranded DNA viruses (ssDNA, Class II) and an extra seventh class that
was discovered shortly after the classification was published®. dsDNA (Class I)
viruses follow the traditional cycle of information within a cell. The DNA is

replicated by the host DNA dependant DNA polymerase (DdDp), while viral
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mRNAs needed to make viral proteins are transcribed by the host DNA
dependant RNA polymerase (DdRp). ssDNA viruses (Class II) require the host
DdDp to make the genome into dsDNA, but from there follow the same
trajectory.

The RNA viruses are split by the strandedness as well as the strand sense,
which is either positive (+) or negative (-). All RNA viruses (except for the
retroviruses) require the translation of a virus encoded RNA dependant RNA
polymerase (RdRp) that allows for replication of the viral RNA. For Class IV
viruses (+ssRNA), +RNA is the same sense as host mRNA and can
immediately be used to for translation to make viral proteins, including the
RdRp!l. The RdRp can then transcribe the +RNA to make -RNA which forms a
dsRNA intermediate with the +RNAL. This dsRNA can then be used to produce
more +RNA strands which can either be packaged into new virions or be
translated to create more viral proteins. This dsRNA intermediate is
problematic, since it is quickly detected by host immune systems, so
replication typically occurs within double membraned vesicles (DMVs) that
help to evade from dsRNA sensing proteins from the host!0. Class III (dsRNA)
operate in much the same way, except without the need to produce the dsRNA
Iintermediate since this is the starting point. To evade the immune system, the
virus replicates within the virion rather than the DMVs of Class IV viruses.
Class V viruses (-ssRNA) are packaged with the necessary RdRp required to
transcribe +ssRNA before following the same processes as Class III viruses!.
The retroviruses (Class VI and VII) operate by incorporating their genomes
into the hosts DNA, which is then replicated using the hosts own proteins and

mechanisms!. Class VI are +RNA while Class VII are dsDNA.
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1.1.2 VIRUS TAXONOMY AND EVOLUTION
While the Baltimore system is useful to identify broad virus categories,

contemporary taxonomy now makes use of the genome sequences of virus to
identify relatedness. The International Committee on Taxonomy of Viruses
(ICTV) maintains the currently used viral taxonomy list!!. Using SARS-CoV-2
as an example virus!%13 taxonomy begins at its lowest level, and works up by

joining related viruses together into increasingly diverse groupings.
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Figure 1.2: ICTV taxonomy tree levels of SARS-CoV-2. SARS-CoV-2 is a

virus within the Betacoronavirus pandemicum species.

At the highest levels of the taxonomy tree, viruses are categorised by common
features such as a shared gene (RdRp for Riboviria) or a nucleic acid type
(Monodnaviria are all ssDNA viruses) in a structure similar to the Baltimore
system. At these high levels (Realm, Order etc) the virus groups are often so

divergent from one another that it is exceedingly difficult or impossible to join
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based on a shared evolutionary history. Lower levels in the taxonomic tree are
joined together using increasingly larger sets of shared features from

individual nucleotides, genes and even sets of genes.

1.1.3 PHYLOGENETICS
To determine the evolutionary history between sequences, we can use

phylogenetics. Since the famous early sketches by Charles Darwin, tree
structures have been used to represent the relationships between different
species!4+15, Due to their hierarchical nature, trees are intuitive
representations for describing patterns of evolutionary relatedness. In a
phylogenetic tree (or phylogeny) species are represented as terminal (or leaf)
nodes in the tree structure. Each terminal node is joined to an internal node by
a branch. Internal nodes represent an unobserved common ancestor between
either two leaf nodes, or a leaf node and another internal node. In this way,
the phylogeny enforces a hierarchy with the topology of the tree describing
how each species in the tree relates to the others. With traditional species
phylogenies, each internal node represents a speciation event where a species
has split into in two new species!. With genomic sequencing, these internal
nodes can also represent where a new mutation occurs making the internal
node the nearest common ancestor. The simplest phylogeny (Cladogram)
therefore simply describes the branching pattern or speciation order?l.
Phylograms can extend this by scaling branch lengths to reflect the divergence
between species!l. The sum of the branch lengths then indicates the level of
divergence between the two species.

For many years, phylogenies described groupings of species often by

morphological or phenotypical traits (such as Darwin’s finches!6). With the
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advent of modern sequencing technologies, it is more common to make
phylogenies using genome sequences of the species in the tree. However, this is
not as simple as aligning the full genomes of different species, since genes
often have independent evolutionary histories. Phylogeography can be used to
supplement sequencing by using the geographic information of the sampled
sequences!?. This allows for models to be constructed that consider how
geography can affect the evolutionary history of a sequence, which can be very
useful when tracking the spread of viruses, particularly when geographical
features like altitude, bodies of water, or transport links can be driving
factors®19, Molecular phylogenetics and phylogeography can give a much
better estimation of the relatedness between species than a shared phenotype,
since this can arise independently through convergent evolution. Sequencing
data also allows for an estimation of divergence since the difference between 2
sequences can be calculated using the difference between their nucleotide or
amino acid compositions. If substitution rates for the sequences are known or

inferred, then sequences can also be dated, and speciation events estimated.

1.1.4 SEQUENCE ALIGNMENT
Phylogenetic trees inferred from sequencing data are built using multiple

sequence alignments (MSA)L. Sequences that are related share homologous
sites 1.e. characters that are conserved between sets of sequences. These sites
are important since they allow sequence fragments that have different lengths
and characters to be lined up such that their similarities and differences can
be identified. The more distantly related 2 sequences are, the more difficult
they are to align since there are typically fewer homologous sites. Alignments

of distantly related sequences often improve with more sampling, since
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sequences that are more closely related to other sequences can help to “fill in”
missing evolutionary events such as substitutions, insertions, deletions, or
duplications. This means that while sequence data is more informative than
observable traits, alignments still represent an evolutionary hypothesis of how
sequences of species are related. New sequences can change this hypothesis,

and ultimately also change the phylogeny that is produced by it.

A

Figure 1.3: (A) Unaligned nucleotide sequences. (B) Aligned version of the

same nucleotide sequences.

1.1.5 PHYLOGENETIC METHODS
Once an MSA has been created, there are several methods that can be used to

create a phylogenetic tree. These can be broadly characterised as either
distance methods of as character methods!5. Distance based approaches first
assume a substitution model for the nucleotides or amino acids. This is
necessary as there are observable differences in the substitution rates between
different nucleotides and amino acids that are determined by several
properties including their biochemistry and their position within the sequence.
One of the earliest known examples of this phenomenon was the discovery of
transition biases in DNA. The four DNA nucleotides (adenine, guanine,
cytosine, and thymine) can be broken into 2 classes of nucleotide called purines

and pyrimidines that are based on their structures (Figure 1.4). It was
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discovered that substitutions that involve a change within a structural class
(transitions) were more frequently observed than substitutions between
structural classes (transversions)20.2!, Further evidence of non-uniform
substitution biases can be found between nucleotide contexts, genes, and even

whole species.
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Figure 1.4: Nucleotide structures with arrows showing the substitution
types. The left side are the purine nucleotides which contain a single ring
structure attached to a sugar phosphate group. The right side are the
pyrimidines which contain two ring structures attached to the sugar

phosphate backbone.

Several different substitution models exist to accommodate these different
biases. Once a model has been selected, the alignment can be used to calculate

distances using the substitutions and the rates for each substitution category.
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A common distance-based method is the neighbour joining treel, which
constructs the tree using agglomerative clustering. This groups sequences into
“neighbourhoods” using the distances, before joining neighbourhoods together
into increasingly larger sets until all sequences are joined together. The
agglomerative method inherently creates a hierarchy which intuitively forms a
tree structure. The benefit of distance methods is that they are very fast,
which becomes important as the number of sequences in the tree increases.
More complex methods often use methods like neighbour joining to build
initial trees to iterate upon and reduce the number of possible trees to check.
The most simplistic character-based method of tree construction is maximum
parsimony. This method takes an Occam’s razor like view of evolution and
assumes that the tree topology explained by the fewest substitutions is the
most likely treel5, It does not usually make use of a substitution model and as
such has no underlying assumptions about substitution rates. As such,
maximum parsimony is simple to implement and understand but is potentially
overly simplistic in describing more complex trees. If there are biases that are
well understood and could be useful in building the correct tree, there is no
way to incorporate these using maximum parsimony since all substitutions are
considered equal. As such, other character-based methods like maximum
likelihood or Bayesian approaches are typically used over maximum
parsimony. A weighted parsimony method was introduced to tackle some of
these issues, however both maximum parsimony and weighted parsimony
suffered from a phenomenon called long branch attraction (LBA)%223 (although
other approaches can also suffer from this problem as well). LBA occurs when

samples in the tree that are very divergent are grouped with a sample despite
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not being related to each other. This is because by chance a divergent lineage
may contain substitutions that are contained in other parts of the tree yet
were acquired independently such that the tree topology is then inferred
incorrectlyl. Long branches are often located near more basal nodes in the
tree, since often trees are routed on outgroup sequences or samples.
Maximum likelihood and Bayesian phylogenetics approaches are the current
state of the art for phylogeny construction. They expand upon maximum
parsimony by use a more statistical model allowing for parameters that
describe properties of the tree rather than simply minimising substitutions.
This gives both approaches a significant advantage over maximum parsimony,
however both methods are significantly more time consuming, and as such are
difficult to apply to larger datasets. This is becoming increasingly problematic
as sequence datasets are growing increasingly large, especially in the wake of
the SARS-CoV-2 pandemic.

Since the first full virus genome (called bacteriophage MS2 ) was sequenced?4
in 1976 by Walter Fiers using Sanger sequencingl, the rapid development of
sequencing technologies has enabled the first large-scale use of virus
sequencing that occurred during the SARS-CoV-2 pandemic. Between
December 2019 and January 2024 more than 16 million SARS-CoV-2 were
deposited in the Global Initiative on Sharing All Influenza Data?5 (GISAID)
database, dwarfing the size of the previously most sequenced virus Influenza
with ~1.2 million sequences collected over decades in the NCBI virus database.
Metagenomic sequencing is now a possibility as well, with many studies

expanding our current view of viral diversity26.27 on a regular basis.
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1.1.6 SARS-CoV-2
SARS-CoV-2 is an enveloped single-stranded positive-sense RNA virus and

causative agent of the COVID-19 pandemic! 228, It emerged in Wuhan, China
following most likely zoonotic spillover event29.30, before quickly spreading
within the city and subsequently the rest of the world. The virus is a member
of the Coronaviridae, a family of viruses first characterised by their distinctive
protein projections resembling a solar corona under a microscope3!:32,
Coronaviruses are known to infect humans and include a number of common
cold viruses as well as the epidemic viruses SARS-CoV and MERS-CoV. SARS-
CoV-2 is most closely related to SARS-like coronaviruses that had previously
been found in bats, although the animal reservoir of the virus has yet to be
1dentified28.33, The virus has a genome of ~30k bases which encodes 4
structural proteins (membrane (M), envelope (E), spike (S) and
nucleocapsid(N)) and several non-structural proteins (Figure 1.5A). Key among
these is the S protein, which is the virus’s glycoprotein that mediates cell

receptor binding and entry.
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Figure 1.5: Diagram from Steiner et al.?* showing the SARS-CoV-2
genomic structure, virion structure and cellular lifecycle. (A) shows how
the SARS-CoV-2 genome is arranged into its different ORF's, proteins and
sub-genomic mRNAs. (B) shows how the virion is constructed from the
different structural proteins. It then shows how the virus enters the cell,
and is unpackaged, translated, transcribed, replicated, re-packaged and

released from the cell.
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1.1.6.1 Cell entry
The SARS-CoV-2 spike is a trimeric protein with 2 major subunits S1 and S2.

S1 contains the receptor binding region (RBD) while S2 contains the fusogenic
region that allows for membrane fusion. The virus can enter cells via 2
different pathways: the cell surface entry or endosomal entry3435 (Figure 1.5B).
The cell surface entry first involves the S protein RBD binding to the human
angiotensin-converting enzyme 2 (ACE-2) receptor on the cell surface. The
binding of the RBD to the cell ACE-2 receptor triggers a conformational
change that exposes a cleavage site S2'. Cleavage sites are regions of a protein
that promote the binding of proteases, cellular enzymes that cut protein
chains. Cleavage of S2' by transmembrane serine protease 2 (TMPRSS2)34-36
Initiates a further conformational change that permits membrane fusion using
the S2 subunit and injection of the viral genome into the cell cytoplasm34:35,
The endosomal entry route also involves the spike binding to ACE-2, except
instead of cleavage at the membrane, the ACE-2 bound virus is taken into the
cell via endocytosis??. The cell membrane envelopes the virion into an
endosome, effectively swallowing it and bringing the endosome into the cell
cytoplasm. Next, another family of proteases called cathepsins are used to
cleave the S2' site and trigger endosomal fusion with the virion and release of

the viral genome into the cytoplasm.
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Figure 1.6: Spike protein of SARS-CoV-2. S1 subunit is coloured in red, the
furin cleavage site (FCS) in orange, the S2 subunit in blue, receptor
binding domain (RBD) in green and ACE-2 in purple. Trimeric spike and
monomeric forms of the protein are both shown. Figure made in

Chimera?8, with structures from Woo et al39.

The spike protein was the target of much of the controversy around the
viruses’ origins due to the presence of a polybasic furin cleavage site (FCS) at
the S1/S2 boundary of the protein. While other human coronaviruses were
found to contain these sites, they have not been observed in betacoronaviruses
like SARS-CoV-240, Furin proteases cleave the covalent bonding between the
S1 and S2 subunits of the S protein before newly formed virions leave the cell.
Prior experimental evidence has shown that insertion of an FCS into SARS-
CoV can enhance cell-cell fusion0:4! and is in fact required for SARS-CoV-2 to

enter human lung cells*2, Similarly, an FCS was shown to be necessary for
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SARS-CoV-2 to become transmissible in ferrets, which are useful animal
models of diseases in humans36. The FCS appears to allow the spike protein to
more easily enter an “up” conformation which permits receptor binding of the
RBD to ACE-243,

1.1.6.2 Virus replication and translation
Once the viral genome has entered the cytoplasm of the cell, it is uncoated,

and the ORF1a/b polyprotein is translated and proteolytically cleaved into the
viruses’ non-structural proteins (NSPs). ORF1a/b has two translated forms due
to a -1 slippage point being present between what should be the end of ORF1a
and the beginning of ORF1bl. The presence of a 7 nucleotide “slippery”
sequence followed by a RNA pseudoknot results in the ribosomes involved in
translation of the ORF slowing down, and either backtracking by 1 nucleotide
which allows continued translation over to ORF1b, or continuing as normal
and terminating at the stop codon of ORF1al2. This frameshift into ORF1b
allows for translation of NSPs 12-16. The frameshift occurs between
approximately 57% +/-12% of the timel, allowing modulation of 2 ORF1a/b
forms which has been shown to be necessary for viral fitnessl=3.

Since SARS-CoV-2 is a +ssRNA virus, the viral RNA can immediately be
translated. Among these NSPs are the viral replication proteins. The virus
then forms double-membraned vesicles (DMVs) to hide the viral replication
from the host innate immune responses. Within the DMV, the viral replication
and transcription complex (made from NSPs 7,8 and 12) is used to produce
negative sense RNA for further positive sense RNA genome production. This
replication stage may produce dsRNA complexes in the DMVs, although it is

unknown whether this occurs during the replication phase or subsequently44.
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Regardless of how they are formed these dsRNAs are a distinctive sign of viral
replication and are a useful signal for host cells.

1.1.6.3 Host immune signalling and responses
Viruses compete for host cell resources and as such are parasitic entities. In

response, cellular hosts have evolved ways of detecting viral infection and
producing an immune response to clear the host of the virus. There are two
categories of host immunity, the first is known as innate immunity while the
second 1s known as adaptive immunity. Innate immunity is the first line of
defence for a host. It is made up of a mixture of physical barriers and non-
specific antiviral molecules that react to viral infection. For respiratory viruses
like SARS-CoV-2, one of the initial innate immune barriers is the mucus that
lines the surface of the airways4>. Mucus is a physical barrier that prevents
particles from reaching the cell surfaces and contains a mixture of proteins
that can bind to viral glycoproteins to prevent receptor binding. When the
virus does enter the cell, a host of sensing molecules known as pattern
recognition receptors (PRRs) are used to recognise classical signs of viral
infection. For SARS-CoV-2, these are thought to be RNA intermediates
forming during replication (dsRNA,-ssRNA, stress granules) and that are
recognised by RIG-like (RLR) and Toll-like (TLR) receptors46. The DMV
formation during the replication cycle of SARS-CoV-2 is one method the virus
uses to avoid these receptors, however many of the NSPs also appear to
prevent sensing. This can be via direct antagonization of the PRRs such that
they are unable to bind to the viral RNASs, or by preventing overaccumulation
of replication intermediatesé. Detection by PRRs triggers a cascade of activity
that results in the production of interferons (IFNs). IFNs are a family of

cytokine signalling molecules that trigger the activation of interferon-
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stimulated genes (ISGs) and are released by infected cells. ISGs have many
functions but they primarily prepare cells for viral infection by producing
antiviral proteins and changing the cells state (i.e. altering cellular processes
such as protein synthesis and growth) to best respond to infection4?’. Many
ISGs produce proteins that directly interact with the viral genomic material
and degrade, edit, or restrict it. These include proteins such the zinc-finger
antiviral protein (ZAP), which restricts viral RNA by binding to CpG rich
regions and preventing translation*8 or members of the Apolipoprotein B
mRNA Editing Catalytic Polypeptide-like (APOBEC) family of editing enzymes
that induce cytidine deamination of the viral genome??. Other ISGs such as the
IFN-induced transmembrane proteins (IFITM) prevent viral entry particularly via
endocytosis49. SARS-CoV-2 like many other viruses is targeted or interacts many of
these different ISGs.

Cells that have already succumbed to infection by the virus can also alert the body
using the major histocompatibility complex (MHC) class 1 pathway2=3. This
pathway is used by cells to present antigens that come from the infecting virus on
the cell surface. Viral antigens (like the SARS-CoV-2 spike protein) are broken
down in the cell cytosol into small peptide chains that are carried to the
endoplasmic reticulum (ER) by the transporter associated with antigen processing
(TAP) protein. The MHC class 1 proteins (a dimeric protein made up of a heavy
chain polypeptide and a 3-M fold protein) are bound together in the ER, before
associating with TAP which joins the MHC class 1 complex to the viral antigen
peptide. This is then transported to the cell surface where it is presented on the cell
surface, and can be bound by the T cell receptors (TCRs) of cytotoxic T cellst2.
These T cells on recognition of the MHC class 1 complex subsequently destroy the

infected cellt.
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1.1.6.4 Adaptive immune response
Upon host identification of viral infection, the adaptive immune response kicks

in. This is a complex mechanism of systems, cells and signalling molecules
that help to prevent virions from infecting cells, as well as dealing with the
infected cells that have already been overwhelmed. The neutralisation of viral
particles before they infect cells is primarily of interest here.

Virions are targeted by the adaptive immune response upon recognition of
their surface receptor molecules. In the case of SARS-CoV-2 this is primarily
the spike protein. The spike protein protrudes from the virion surface and can
be recognised by host immune cells such as B-cells. B-cells recognise antigenic
markers (antigens) on the surfaces of invading entities and can generate
proteins (antibodies) that bind to them. These antibody proteins can be used to
neutralise the virus by preventing it from binding to cellular receptors or to
signal other immune cells that the virus needs to be disposed of.

Since the spike is the primary antigenic protein, it is under intense selective
pressure to change. Antibodies typically bind to small epitopes on the protein
surface and are specific to this region. As such, mutations in these regions can
result in the antibodies failing to bind and prevent neutralisation of the virus.
This makes these regions of the protein subject to substantial selective
pressures, and as such they typically change faster than other regions of the
protein. The SARS-CoV-2 vaccines currently available all target the spike
protein, so understanding how the protein changes and adapts overtime is

important for understanding our immunity to the virus.
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1.1.6.5 SARS-CoV-2 Evolution
SARS-CoV-2 has continued to evolve following its emergence into humansi=4,

Due to short generation times and quick (yet erroneous) replication at each
generation, viruses evolve at timescales that are perceivable to us, and thus
can be studied and observed in near real timel. RNA viruses in particular
change rapidly due to their error prone polymerase and (often) lack of any
proofreading mechanism or error correction®. This inevitable introduction of
error seems undesirable, however it in fact allows the virus to increase its
diversity overtime which can help it adapt to a changing environment. SARS-
CoV-2 has a large genome for an RNA virus, possible due to the presence of a
proofreading enzyme?®!-53, Mutation rates that are too high can render the
virus inactive by introducing too many deleterious mutations per replication
cycle, and longer genomes mean an increased likelihood of a new mutation per
genomel. While most mutation observed is thought to be neutral or
approximately so®*, SARS-CoV-2 has seen a striking amount of adaptive
change, particularly within the spike protein. While mutations may appear
random, selective pressures mean that truly deleterious mutations are often
removed by purifying selection and are never propagated. Alternatively, they
are positively selected for due to the mutation providing a selective advantage.
An initial introduction into a new host followed by an increasingly less naive
immune landscape has meant the virus has been subjected to a series of
powerful environmental selective pressures. Selective pressures can be
observed particularly through the phenomenon of convergent evolution, where
the repeated occurrence of the same substitution or phenotype is generated
from different evolutionary trajectories. In its most simple form, this is the

same nucleotide, however convergence can occur across the different levels of
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life. Multiple nucleotide substitutions can result in the same amino acid being
translated, different combinations of amino acids can produce the same
secondary structure and folds, and entirely different proteins can evolve to
perform similar or identical functionsl=%. Throughout the SARS-CoV-2
pandemic, there have been several mutations (particularly within the Spike
protein) that have convergently appeared both in circulating lineages®6-58 also
in wastewater sampling®9. Wastewater samples are of particular interest due
to the presence of so-called “cryptic lineages” which are often hypermutated
and contain mutations not often observed in the circulating lineages. This has
led to hypothesise on their origin ranging from chronically infected patients to
animal reservoirs to replication and lack of sampling of SARS-CoV-2 in the
gastrointestinal tract5®. Following on from the Omicron variant of concern’s
emergence, many of the cryptic lineages shared mutations with the emergent
variant of concern suggesting that despite having a different ancestor, they
may be subjected to similar selective pressures resulting in this convergent

evolution.

1.1.6.6 SARS-CoV-2 lineage naming schemes and nomenclatures
During the pandemic, monitoring of SARS-CoV-2 sequences was undertaken

in order to identify potential outbreaks of the virus!:2. It quickly became
apparent that a naming scheme was necessary in order to identify specific
genotypes of the virus without listing each of the mutations. The Pango
lineage nomenclaturel2 was created to label SARS-CoV-2 genotypes that were
at least one mutation apart from a parental SARS-CoV-2 lineage, and that
demonstrated onward transmission within a new location. This aimed to label

lineages that were producing infection outbreaks in new locations, however
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future lineage allocation became less focused on the epidemiological evidence
due to the quantity of sequencing later in the pandemic. The hierarchical
nomenclature used a combination of letters, numbers (i.e. A.1, B.1.1.1) as
labels, and would dynamically reset to a new letter combination after 3 levels
of numbers (e.g. B.1.1.7.1 became Q.1). While useful to researchers, the
nomenclature was considered too complicated for use by public health officials
for communicating information about the virus!:2, This prompted the creation
of the Greek alphabet labelling of important variants, including the major
variants of concern (Alpha, Beta, Gamma, Delta and Omicron) as well as some
other variants of interest (VOIs). These variants differ from the Pango
lineages, and often several Pango lineages are classified as the same WHO

designation (i.e. BA.1 and BA.2 are both Omicron variants).
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1.2 MACHINE LEARNING

Machine learning (ML) is a domain combining computer science and statistics
that focuses on how prior data can be used to help analyse data. Machine
learning can help explain relationships between variables, estimate values
where they are missing and predict future or previous outcomes based on our
data. Biological data is now at the forefront ML research since it can help with
tasks like drug discovery and diagnosis of disease. With plentiful genomic data
and healthcare records becoming increasingly digitised, ML could help usher
in a future of precision medicine.

The application of ML in life sciences has never been more apparent than with
the revolution in protein structure prediction ushered in by AlphaFold and
ESMFoldél. However, these breakthroughs only represent the beginning of the
challenges ML may be used to solve in future. Biological data happens to be
inherently complex, high dimensional, and noisy which makes it a perfect
candidate for ML techniques. Here, we will outline how machine learning can
be applied in particular to biological sequence data. We will describe how we
can use sequences to derive features for ML tasks and how these features
encode meaningful signals of relevant biology. We will discuss some of the
basic ML approaches, as well as how they can be applied to sequence data and

what they can be used for.

1.2.1 SIGNALS IN THE SEQUENCES
DNA, RNA, and amino acid sequences are often represented as strings of

arbitrary characters despite these molecules each having unique biochemical
and structural features. This representation omits much of what makes these

molecules unique, yet these sequence representations are incredibly powerful
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for many different tasks. As previously mentioned, sequence data is the
foundation of molecular phylogenetics and allows us to infer the evolutionary
relationships between biological entities. This signal comes from the
homologous fragments of sequences found between related organisms, but
there are many other signals that can emerge from sequence composition.
Viruses contain many such informative signals. Much of viral evolution over
time is driven by adaptation to the hosts they infect. Viruses with human
hosts typically have suppressed CpG content in part because host anti-viral
molecules like ZAP target their CpG rich regions in the genome?%62, Humans
use DNA methylation of CpG sites as a mechanism to regulate gene
expression, however subsequent deamination of cytosines can cause the
cytosine to become thymine further suppressing CpGs®3.64, Viruses that expose
their genomes within the host cytoplasm have also been shown to have
reduced CpG content vs viruses that do not, again showing the usefulness of
sequence composition on understanding viral propertiest5. CpGs are one di-
nucleotide category, however there are several other of di-nucleotide categories
as well as other k-length categories. These k-length sequence features are
called a k-mers, and they have been shown to be predictive for tasks such as
virus host prediction®6.67, bacterial phenotypes®® and the identification of viral
sequences 1n metagenomic samples®®. K-mers are useful since they are often
biologically meaningful, informative and can be easily used in ML tasks.
Domains are another useful sequence-based feature. Sequences typically
contain functionally relevant sections that are known as domains. Presence or
absence of notable domains can typically be used to make predictions on things

like protein function or structure. Conservation of domains with uncertain
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function can also be predictive of useful functionality. Again, these signals are
all contained within the sequence representation of the organism. New
sequence representations continue to expand the usefulness of sequence data
including innovations like sequence embeddings and new sequence alphabets
such as the 3Di1 alphabet used by FoldSeek, a tool for searching for sequences
with similar folds’. The 3Di1 alphabet is created using an autoencoder to
extract features of an amino acids local structural context and encode this as a
20-character alphabet. This makes it compatible with existing alignment tools
since it still uses traditional characters, yet these characters now more directly
encode information about the protein structure. There are many other
sequence representations, but the main takeaway is that all of these
representations contain useful signals which can be exploited by machine

learning methods to accomplish various tasks.

1.2.2 SUPERVISED MACHINE LEARNING
Supervised machine learning relies on labelled data being used to train

models. The “supervisor” is essentially the data labeller, with the assumption
being that they are a domain expert and thus know the correct label for each
data point. With well annotated datasets, supervised ML often achieves
excellent performance however labelling is time consuming and typically
restricts dataset size as a result. While most applications strive to use gold
standard datasets (1.e. in medical imaging a dataset labelled by a radiologist or
clinician), this is often not achievable in an era of exponentially growing
datasets. Despite these restrictions, where well labelled data is available a

supervised approach is often effective.
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1.2.2.1 Regression
If there is a need to predict continuous values from data, a regression is what

will typically be used. A regression model is one of the simplest forms of
supervised ML and is still used often due to its explainability and broad
applicability to many tasks. The linear regression is the simplest of these
models.

y=mx+c
This equation describes a line (if the data is in 2 Dimensional, this becomes a
hyperplane in higher dimensions), with m representing the gradient, c
representing the y-intercept and x and y being 2 sets of observed variables. By
iterating through possible values of ¢ and m and checking if those values
minimise the error between points and the line (known as the least squares
method), linear regression can estimate the relationship between these two
sets of values. This is useful, since assuming the data used to generate the line
1s generalisable, the line can be used to predict values of y given any value of x.
It is also easily interpretable, since there is a clear and obvious intuition i.e.
given a change in the value of x, we would observe the value of y to be this.
Extensions can be added in the form of multiple regression, where an
additional gradient term is added to account for each new dimension, although
fundamentally the equation is the same. There are many extensions that can
be made to linear regression such as non-negativity constraints or using
polynomials that allow them to work on different datasets.

1.2.2.2 Classification
Classification is another common ML task that involves placing an observation

into a set of classes, rather than a prediction of a continuous value. At its most

basic, this would be binary classification where there are only two classes, but
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this can continue to multiple classification as well. There are several different
methods that allow for classification including k-nearest neighbours (KNN)
and support vector machine (SVM).

KNN is a simple classification method that measures the distance of a sample
to all known labelled samples. After measurement, the sample is assigned a
class by taking the k-nearest neighbour samples, checking their classes, and
determining which class has the largest number of neighbours the sample.
SVM works by defining what are known as support vectors that controls the
margin that separate the 2 classes with a threshold for misclassifications
allowed. The useful thing about SVM is that it can be used to find class
boundaries by projecting data points into higher dimensions. Using what is
known as the kernel trick, SVM can project the sample values into a higher
dimension and work out if that new dimension separates the data better than

prior dimensions. If it does, that dimension is used as the classifier dimension.

1.2.3 UNSUPERVISED MACHINE LEARNING
Unsupervised learning is typically used when there is a lack of labelled data or

for exploratory data analysis. The lack of labels means that techniques like
SVM will not work, since the labels are needed to work out the decision
boundary between the classes. One of the most popular methods of
unsupervised learning is clustering. Clustering is a technique where data
points are grouped together, typically using a distance metric and an
estimated number of possible clusters to identify. There are many varieties of
clustering that should be used based on expectations of what clusters in the
data might look like. This can mean the shape of clusters i.e. circular vs

elliptical or features like cluster density.
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K-means! clustering initialises K cluster centres at random positions and
assigns datapoints to their closest cluster centre. After assignment the cluster
centre 1s moved to the average of the assigned datapoints. This process is
repeated multiple times until the cluster centres stop moving i.e., they
converge to either a global or local minima. The initialisation of the K cluster
centres can skew the algorithm to local minima, so K-Means is often repeated
multiple times to determine an optimal clustering. Because of K-means use of
a mean as the cluster centroid, clusters are expected to be spherical in nature,
so non-spherical clusters will be poorly identified by K-means.
Agglomerative clustering! is a method we previously mentioned when
discussing phylogenetic methods. This clustering works in a hierarchical
manner, with datapoints iteratively clustered into bigger and bigger clusters,
before a cut-off is assigned to determine how many clusters is required. This
type of clustering is particularly useful for datapoints where there is a shared
common relationship that is hierarchical, which is why it is useful for
phylogenetic methods.
1.2.4 SELF-SUPERVISED MACHINE LEARNING
Self-supervised machine learning is an increasingly popular approach to model
training. Unlike supervised approaches, self-supervised learning uses the data
itself as the labels rather than requiring prior labelling of samples. Current
large language models are a good example, where the learning objective 1s
predicting elements of the training text such as the next sentence, next token
or a masked token. These tasks are derived directly from the data, and as such
require no prior label assignment. We will discuss these tasks further when

discussing language models and deep learning.
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1.2.5 DEEP LEARNING
Deep learning (DL) is a subset of machine learning that expands upon earlier

research into artificial neurons. These ideas could be traced back to the
research in psychology and neuroscience by McCullough and Pitts"! in the
1940s that described the action of neurons within the brain using logical
operations. The artificial neuron could take a series of inputs which were
weighted and would return an output that was dependant on whether the
inputs had managed to activate the neuron or not. This is analogous to the
action of real neurons, which do not fire unless the activation threshold has
been met. The term “deep” learning arises from how in later implementations
neurons were stacked into many multiple layers resulting in increasingly
“deep” interconnected networks of neurons!. The power of deep learning arises
from these deep interconnected layers since the activation of each neuron is
dependent on the neuron activations from the prior layers and the initial
inputsl. Each input produces different combinations of neuron activations
which ultimately change the values produced at the output layer. The different
activations of neurons within these intermediate or “hidden” layers are related
to differing features between the inputsl. These features typically get more
complex the more layers that are added. For example, a network describing
protein sequence data may have early layers describing the amino acid
properties, while later layers might inform the network about the amino acid
positioning in 3-dimensional space. Networks can be trained to learn these
properties by changing neuron weights to minimise the error for the prediction
task of interest. On a forward pass through of training inputs, the model
produces an output that predicts the desired output. Depending on how close

to the correct output the model gets (i.e. how minimal is the model error), the
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model performs backpropagation which adjusts the model weights to improve
future model pass throughsl. Weights are often randomly initialised at the
beginning of model training, and due to having potentially billions of
parameters it often takes many millions of training examples for the model to
learn appropriate weights to accomplish the training task. This is one of the
reasons deep learning has grown in popularity in recent times since there is
now access to datasets of the required magnitude and hardware advanced

enough to allow these networks to be trained in reasonable timescales.

1.2.5.1 Deep learning for sequential data
Natural language processing (NLP) is a field that has recently taken

advantage of deep learning methods. NLP focuses on how computers can be
used to process and interpret language. This ranges from problems such as
teaching computers to understanding the rules (i.e. the grammar) and
structure of a language, to subsequently understanding the meaning of units
of language such as words and sentences (i.e. the semantics).

Grammar is defined in the Oxford English Dictionary! as:

“The area of study concerned with the structure of a language or of languages in
general, esp. the study of the structure of sentences and words, that is, syntax
and morphology (sometimes specifically inflectional morphology).”

Syntax governs the structure of words in a sentence, while morphology looks at
the structure or the words. Grammar contains both syntax and morphology,
both of which contribute to semantics. This relationship between grammar and
semantics was explored through the distributional hypothesis®?, an idea from
linguistics that can be implemented using deep learning methodologies. It

posits the idea that words with similar meanings are often found in similar
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contexts and was popularised by John Firth with the statement “you shall
know a word by the company it keeps”. Since then, there has been extensive
research into understanding the distribution and context of words in natural
language and how computers can be used to help with this. First, text must be
converted into a numerical representation to be compared with other pieces of

text.

1.2.5.2 Word Embeddings
The one hot encoding/vector is one such method of numeric representation.

Text is represented as a vector of 1’s and 0’s depending on the presence or
absence of words. If a word is present, then the value of the word in the vector
becomes 1, else it remains as 0. This implicitly encodes context since vectors
differ by the words in the encoded text. This can be useful since word presence
can provide a lot of information about the meaning or relevance of a piece of
text. For example, the inclusion of the word “Saturn” in a piece of text makes it
likely that the text is discussing astronomy in some way. However, in many
Iinstances, word presence alone can prove misleading. A one hot encoding does
not contain any information about the order of the words in the text, nor how
often they occur. Order (i.e. syntax) is important since the meaning of text can
be changed by its order. The sentences “The green house was near the pink
tree” is identical to “The pink house was near the green tree” as a one hot
encoded vector, but clearly the objects have different colours depending on the
order of the words. This is even more critical for words like “it” where their
placement in a sentence changes the meaning entirely. An example could be
the passage “I went to the park with my dog and saw a cat. It was chasing a

bird”. If the words “dog” and “cat” were swapped, the meaning of it would
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change to refer to the dog rather than the cat, despite “it” remaining the same
word in the same position.

Embeddings are trained representations that aim to encode information about
an object in a numerical fashion. A one hot encoding can be seen as a very
basic untrained embedding, however trained representations can often encode
more interesting properties than simply the content of the text. Early word
embeddings such as word2vec’ could learn the semantic properties of words
impressively allowing for basic word arithmetic such as the now famous

King — Man + Woman = Queen example. This emergent property of the
word2vec representation captures why trained embedding representations
have become popular: they learn properties of the input that extend beyond
the literal characters that the word is comprised of. Word2vec was comprised
of 2 distinct architectures, one which used the surrounding context of a word to
predict the current word (known as the continuous bag of words or CBOW) and
another which used a word to predict the other surrounding words (known as
the skip-gram). Due to the different training objectives, the CBOW
embeddings performed better on tasks relating to grammar, while the skip-
gram embeddings performed better on semantics. Variations and
1mprovements on these architectures have developed more recently, most

notably the transformer architecture.

1.2.5.3 The Transformer
The creation of the transformer architecture by Vashwani et al.”® has ushered

in somewhat of an “Al revolution” with many different fields adopting the
architecture and achieving impressive results. Much like the aforementioned

CBOW architecture, the transformer aims to capture the contextual
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information of words in order to learn semantic and grammatical properties
about natural language. It is comprised of two main sections called the encoder
and the decoder. While both are useful and were initially designed to be used
together, many current models use one or the other or both depending on their
use case. The full transformer was designed as a sequence-to-sequence
(seq2seq) model for language translation, with the encoder section used to
learn the context of the initial language sequence, and the decoder used to
predict the words from the other language using the encoder context!.

First, the input sequences are embedded using any fixed length embedding
approach (such as a one-hot encoding). Next, this initial embedding is
combined with a positional embedding to make a new embedding that is aware
of the sequence context and its content. This is a pre-requisite to using either
the encoder or decoder blocks of the transformer. Both the encoder and the
decoder next utilise what is known as self-attention (Figure 1.7 C), a key

mechanism that was introduced as part of the transformer paper.
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Figure 1.7: From Vashwani et al.”3 (A) The full transformer model
architecture. The model is comprised of an encoder (the left block) and a
decoder (the right block). (B) The multi-head attention block, which is
present in the encoder and the decoder. (C) The attention block, the key

element of the transformer mechanism.

A single self-attention block contains 3 matrices called the Query (Q), Key (K)
and Value (V) which all learnable parameters of the model. The Q and K
matrices are multiplied together to identify how similar the input is to itself,
which is why it is called a self-attention block. The QK matrix is then passed
through a softmax function which bounds the values between 0 and 1, and
effectively make the QK matrix a filter. When this is multiplied by V, the final
self-attention matrix is produced which tells the model which elements in the

sequence should be attended to.
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With the addition of a scaling parameter equivalent to the number of

dimensions of the K matrix, the final self-attention formula equates to:

T
72

This mechanism is how the model can use the context of other words in the

Attention(Q,K,V) = softmax(

)

sequence to understand the meaning of words such as “it”. Each of these
attention heads can learn different properties, which is why a typical model
includes several heads per encoder/decoder.

The main difference between the encoder and the decoder is that the decoder is
generative and “auto-regressive” meaning that it generates an output based
upon the previous values. The decoder generates a new token based upon the
context provided by the encoder, and the prior tokens produced from the
decoder. In the case of ChatGPT, which is an example of a decoder only model
called Generative Pretrained Transformer (GPT)74, the prompt given by the
user 1s used to predict the likely next tokens which happen to be the response.
Each new word of the decoder output directs the model on what the next token
should be until the <EOS> token is produced which stands for end of sequence.
This is why the decoder uses a masked attention head (Figure 1.7A) during
training time, the model is only allowed to use attention on the tokens prior to
the current token in the sentence. A full self-attention head would allow
attention being calculated for all words in the sentence, including those after
the current word, allowing the model to cheat in predicting its next token,
hence masking is needed to hide the future words. The masked attention is
then combined with the encoders own attention output using a cross attention

mechanism. As the models we will discuss are predominantly encoders or
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decoder only variants, we won’t discuss this in detail and instead will focus on

the details as well as the pros and cons for decoders and encoders.

1.2.5.4 To encode or to decode, that is the question.
Much like the CBOW and the skip-gram, encoders and decoders learn different

properties because of their different architectures and training objectives.
Encoders typically learn the properties of sequence via the Masked Language
Model (MLM) objective, or the Next Sentence Prediction (NSP) objective. The
popular BERT (Bi-directional Encoder Representations from Transformers)
model” used both of these objectives as part of its training. MLM essentially
randomly masks a proportion of the input sentence with <MASK> tokens and
asks the model to predict the masked tokens using the rest of the sequence. In
doing so, the encoder learns about token distributions in language and how
sentences are constructed. The NSP objective uses a classification (<CLS>)
token that is placed at the start of every sequence input during training and
uses this to predict if a selected sequence is indeed the true next sequence.
This token 1s not a traditional character, but its inclusion in the sequence
allows it to learn about sequence context and thus its value can be used to
classify sequences. In the BERT paper, 50% of the time the sequence is the
next sequence, while 50% of the time it is a randomly selected sequence.
Decoder models learn using the next token prediction task. As such, encoder
models like BERT are typically used when representations of whole sentences
are required and can be used for prediction. Decoder models are often used for
their generative properties and have become increasingly used as chatbots
since they can use questions as prompts to autoregressively generate text as

an answer.
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1.2.6 BIOLOGICAL SEQUENCE EMBEDDINGS
Biological sequences share several similarities with natural language. Both

nucleotide and protein sequences use the alphabet to represent their
constituent biological tokens i.e. nucleotides and amino acids. They also both
carry meaning that extends past their literal token composition. As such,
learning meaningful representations of both nucleotide and protein sequences
may provide insight into similarities between sequence that go past basic
composition. The evolutionary scale model (ESM) by Rives et al.’® was one of
the first large protein language models based on a BERT style encoder
architecture. It was trained using the UniRef database of 250 million
sequences across all of life and aimed to learn generalisable properties about
protein structure, function and composition. It was quickly apparent that the
model had learned interesting properties since low dimensional
representations (t-distributed Stochastic Neighbour Embedding or t-SNE) of
individual amino acid embeddings appear to group by attributes such as
charge and molecular weight. Earlier versions of the model managed to
perform successful variant effect prediction of sequences, predict secondary
structure and even produce contact maps between residues. Later versions
improved upon all of these capabilities and with the use of the folding trunk
and structure module (modules from the AlphaFold pipeline that take
alignment and embedding information and produces atomic structure
coordinates) from AlphaFold even managed to produce tertiary protein
structures®?.61, The wealth of information within these protein language model
embeddings has meant that they are now being used for all sorts of tasks
including identifying evolutionary trajectories’’, predicting protein-protein

interactions(PPIs)78, and even generating new never before observed
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proteins?9-80, Nucleotide transformers are also starting to emerge, although the
context window of current transformers is often too small for full sequences,

although a number of methods are beginning to tackle these issues.8!

1.2.7 DIMENSIONALITY REDUCTION AND SOURCE SEPARATION
The curse of dimensionality refers to the inherent difficulties associated with

the visualisation and computation of data containing more than 3 dimensions.
Several properties about high dimensional data make it difficult to use. These
include visualisations only being capable of showing a low number (typically
only two) of dimensions at a time, distances measures becoming less
meaningful as dimensions increase and the increasing sparsity of data points
as within high dimensional representations®2. In this era of rapidly expanding
biological feature sets, issues with interpreting high dimensional data will
become a necessary obstacle for most researchers. Embeddings are an
excellent example of this, given they are high dimensional representations, yet
even experiments with more than 3 columns of results invoke the curse and its
trials.

To tackle these problems, techniques have been developed over the years to
create low dimensional representations of high dimensional data. These
representations allow for high dimensional feature sets to be analysed or
visualised in a classic low dimensional space, with some important caveats.
These caveats depend on the assumptions made by the dimensionality
reduction technique on such as the linearity, the type of distributions and even
the type of values i.e. large, small, positive, negative, or any combination of

these and more.
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1.2.7.1 Principal Component Analysis (PCA)
PCAL is one of the most popular and well-known dimensionality reduction

methods. It is a linear method that calculates principal components i.e. vectors
that maximise the variation between features. By zero-centering the features,
creating a line that goes through the origin, mapping samples onto the line,
and then maximising the summed square of distances between the points for
each sample and the origin, we make a fitted line that equates to a principal
component (PC). A new PC is added per combination of features, with each PC
being perpendicular to the previously calculated PCs. The variation (also
known as the eigenvalue) is equivalent to the average of the summed square of
distances. While PCs are calculated for every feature pair in the data, only a
subset (ideally 2 for visualisation) are selected to represent the data. If the
variation of the first 2 PCs represent enough of the total variation in the data,
then downstream tasks like classification or visualisation of the first 2 PCs can
be produced and are likely to be representative of the data. The less each
individual PC can capture variance, the less likely the dimensionality
reduction is to adequately represent the data. PCA is popular due to its
simplicity and interpretability. However, it is likely to struggle in the presence
of non-linear relationships, where variation is unlikely to be well described

through linear projections.

1.2.7.2 Uniform manifold approximation and projection for
dimension reduction (UMAP)
Unlike PCA, the UMAPS3 is a dimensionality reduction technique that should

only be used for visualisation. Rather than performing a linear operation on

the features, UMAP tries to create an optimal grouping of objects by
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prioritising local distances over global distances. This makes it very useful for
grouping together similar samples in a dataset, but importantly means that
the UMAP dimensions have no explicit meaning unlike with PCA where
dimensions are linearly derived from the features. As such, UMAPs offer a nice
visualisation of the approximate arrangement of a dataset, but generating
hypotheses by looking at UMAP distances should be avoided. For exploratory
data analysis, it can be an excellent tool for understanding local structures

within a high dimensional dataset.

1.2.7.3 Non-Negative Matrix Factorisation (NMF)
Non-negative matrix factorisationl! creates low dimensional representations by

performing matrix factorisation, a method which breaks a matrix of values
into 2 sub-matrices (Figure 1.8). One matrix contains the basis vectors, similar
to the principal components of PCA. The other matrix contains the weights for
each of the basis vectors, which indicate how much each vector contributes to
the original data matrix. NMF can do this because there is a non-negativity
constraint for the initial dataset. This requirement means that each basis
vector can be thought of as an additive component of the data i.e. the original
dataset can be rebuilt by adding together the basis vectors together at

different quantities.
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VIWxH

Figure 1.8: Equation and visual representation of NMF. The goal of NMF
is to factorise the matrix V into the W and H matrices. W represents the
weights matrix while H represents the feature matrix. The multiplication

of W and H creates an approximation of matrix V.

For datasets where there is a non-negative constraint such as signal
processing or even cancer evolution, the basis vectors of NMF can be related to
meaningful signal sources. Lee and Sung8* demonstrate that NMF applied to
1mages of human faces produces feature vectors that describe components of
the faces such as noses, eyebrows and mouths, with weight matrices describing
how much of these are represented in the image 1.e. how prominent are the
eyebrows. This additive property of NMF features make them very

interpretable since they directly and intuitively contribute to the data.
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Figure 1.9: Figure from Lee and Sung®* showing NMF decomposition on a
human faces database. The feature matrix shows parts of faces such as
noses or mouths, while the weight matrix shows the how much of these

attributes are represented in the real face when reconstructed.

Of particular interest is how NMF can be applied to genomic data. This topic
has an extensive history within the field of cancer genomics, with NMF being
used to extract what are known as mutational signatures across cancer
typess5-87. By modelling evolution as a set of purely additive process (i.e.
mutations can only be added), NMF can be used to extract the signals that are
left in the sequencing data by the processes adding mutations to the genome.
Mutational processes such as the APOBEC family of cytidine deaminases are
known to have specific nucleotide contexts and substitution types. By starting
with a count matrix of substitution-context pairs for each mutation in a cancer
sample, NMF extracts signature vectors with mutations that occur at similar
frequencies and at similar contexts. These can then be compared with the
known mutational contexts for known biological mutagens and subsequently
validated. Furthermore, the weight matrix from NMF allows can then be

interpreted as the amount of exposure this sample has had to the mutational
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processes that were extracted from the samples. NMF therefore allows for
1dentification of active mutational processes and an estimation of their
importance within the cancer type. This has allowed for validation of key
mutagenic processes behind skin and lung cancers (UV light exposure and
smoking) as well as the identification of processes present across the spectrum

of cancerss5.
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This chapter is taken from the paper “Mutational signature dynamics indicate

SARS-CoV-2’s evolutionary capacity is driven by host antiviral molecules”

published in PLOS Computational Biology. This chapter uses regression
models and mutational signature analysis to investigate SARS-CoV-2 waves of
infection, uncover the putative mutational processes behind the virus's
evolution, and track the activity dynamics of those processes through time.
The paper was written by me with assistance from Martha Luka and Megan
Saathoff. Martha assisted with the introduction and sections involving
regression models and factors behind the SARS-CoV-2 waves (Sections 2.5.1
and 2.5.2). Sections involving mutational signatures were completed by me
(Sections 2.5.3 — 2.5.6). The section involving analysis of mutational signatures
in the wastewater and immunocompromised datasets (Section 2.5.7) was
completed by Megan. The relevant methodology and discussion sections
relating to these results were completed by their results author. Richard Orton
assembled the SARS-CoV-2 sequence alignments that were used to complete
the analysis. Matthew Cotton and My Phan were involved in the reviewing
and editing of the manuscript. Ke Yuan and David L. Robertson supervised,

edited and helped with the writing of the paper.
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1.3.2 LARGE LANGUAGE MODELS CHARACTERISE THE PROTEINS OF
SARS-CoV-2

Kieran D. Lamb (1,2), Joseph Hughes (1), Spyros Lytras (1,3), Francesca
Young (1), Orges Koci (1,4), Jamie Herzig (5), Simon C Lovell (5), Joe Grove
(1), Ke Yuan (2,6,7), David L. Robertson (1)
1. MRC-University of Glasgow Centre for Virus Research, School of
Infection and Immunity, Glasgow, UK;
2. School of Computing Science, University of Glasgow, Glasgow, UK;
3. Institute of Medical Science, University of Tokyo, Tokyo, Japan;
4. European Molecular Biology Laboratory- European Bioinformatics
Institute, Hinxton, UK;
5. School of Biological Sciences, University of Manchester, Manchester,
UK,
6. School of Cancer Sciences, University of Glasgow, Glasgow, UK;

7. Cancer Research UK Scotland Institute, Glasgow, UK;

This chapter comes from the pre-print “From a single sequence to evolutionary

trajectories: protein language models capture the evolutionary potential of

SARS-CoV-2 protein sequences”. It shows how protein language models can be

used for many different tasks that can help inform about fundamental
properties of viral proteins. We show how these representations are useful
tools for understanding viral evolution, from performing in-silico deep
mutational scanning (DMS) to tracking new SARS-CoV-2 variants and
assessing their potential to be a new VOC. This chapter was written by me and

most of the analysis was completed by me. Joseph Hughes, Orges Koci and
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Spyros Lytras assisted with editing, and gathering and processing much of the
sequence datasets used in the analysis. Joe Grove and Francesca Young
provided feedback, editing and comments on the chapter. James Herzig and
Simon Lovell provided the protein stability changes data. Ke Yuan and David

L. Robertson supervised and helped with editing.

1.3.8 INVESTIGATING THE CO-OCCURRENCE OF MUTATIONS IN SARS-
CoV-2

Kieran D. Lamb (1,2), Stephanie Brown (1), Ke Yuan (2,3,4), David L.
Robertson (1)
1. MRC-University of Glasgow Centre for Virus Research, School of
Infection and Immunity, Glasgow, UK;
2. School of Computing Science, University of Glasgow, Glasgow, UK;
3. School of Cancer Sciences, University of Glasgow, Glasgow, UK;

4. Cancer Research UK Scotland Institute, Glasgow, UK.

This final chapter looks into the co-occurring mutations that appear
throughout SARS-CoV-2’s phylogeny. We look into where these co-occurrences
appear across the genome, investigate their mutational contexts, and use
language modelling to investigate how these mutations may interact within
the protein. This chapter was written by me, and the analysis and code were
written by me and by Stephanie Brown. Ke Yuan and David L. Robertson

supervised and helped with editing.



1.3.4 DATA AVAILABILITY
The data, code and observable notebooks for visualisation can be found at:

https://github.com/kieran12lamb/Thesis, version number f000e60.
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2 MUTATIONAL SIGNATURE DYNAMICS INDICATE

SARS-C0OV-2’S EVOLUTIONARY CAPACITY IS

DRIVEN BY HOST ANTIVIRAL MOLECULES

“Ch-ch-ch-ch-changes turn and face the strange ch-ch-changes”

David Bowie, “Changes” (1971)
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2.1 ABSTRACT
The COVID-19 pandemic has been characterised by sequential variant-specific

waves shaped by viral, individual human and population factors. SARS-CoV-2
variants are defined by their unique combinations of mutations and there has
been a clear adaptation to more efficient human infection since the emergence
of this new human coronavirus in late 2019. Here, we use machine learning
models to identify shared signatures, i.e., common underlying mutational
processes and link these to the subset of mutations that define the variants of
concern (VOCs). First, we examined the global SARS-CoV-2 genomes and
associated metadata to determine how viral properties and public health
measures have influenced the magnitude of waves, as measured by the
number of infection cases, in different geographic locations using regression
models. This analysis showed that, as expected, both public health measures
and virus properties were associated with the waves of regional SARS-CoV-2
reported infection numbers and this impact varies geographically. We
attribute this to intrinsic differences such as vaccine coverage, testing and
sequencing capacity and the effectiveness of government stringency. To assess
underlying evolutionary change, we used non-negative matrix factorisation
and observed three distinct mutational signatures, unique in their substitution
patterns and exposures from the SARS-CoV-2 genomes. Signatures 1, 2 and 3
were biased to C—»T, T-C/A—G and G—T point mutations. We hypothesise
assignments of these mutational signatures to the host antiviral molecules
APOBEC, ADAR and ROS respectively. We observe a shift amidst the
pandemic in relative mutational signature activity from predominantly
Signature 1 changes to an increasingly high proportion of changes consistent

with Signature 2. This could represent changes in how the virus and the host
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immune response interact and indicates how SARS-CoV-2 may continue to
generate variation in the future. Linkage of the detected mutational
signatures to the VOC-defining amino acids substitutions indicates the
majority of SARS-CoV-2’s evolutionary capacity is likely to be associated with
the action of host antiviral molecules rather than virus replication errors.

2.2 SUMMARY

We show that both public health measures and virus properties are associated
with the rise and fall of regional SARS-CoV-2 reported infection numbers with
regional differences attributable to the extent of vaccine usage and the
effectiveness of public health measures. In our mutational signature analysis,
using non-negative matrix factorisation, we detected three distinct mutational
signatures that can be putatively attributed to the action of specific host
antiviral molecules. Interestingly, we observe a shift in mutational signature
activity from predominantly Signature 1 changes to an increasingly high
proportion of changes consistent with Signature 2. These mutation patterns
influence SARS-CoV-2’s evolutionary capacity, the available genetic variation
that selection can act on, and so can be linked to the mutations defining the
variants of concern responsible for the distinct SARS-CoV-2 infection waves.
The dominant types of nucleotide substitutions involved indicate that much of
the mutation and hence variation come from the action of the host immune
response rather than replication errors since the virus has an error correction

system.
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2.3 INTRODUCTION
The extensive and rapid global spread of SARS-CoV-2 and its detrimental

impact on human health has placed it as the causative agent of one of the most
significant pandemics in recent history®8. Different geographical regions of the
world have reported varied infection patterns that are attributed to differences
in population demographics and health care systems, diverse government
responses®-90, the emergence of more transmissible variants®.92 and other
viral, human and population factors. Since its emergence, SARS-CoV-2 has
undergone significant genetic change such that numerous variants, i.e.,
distinct genotypes, have been identified?3, many with altered phenotypic
propertiesds,

The World Health Organization (WHO) and other public health bodies have
broadly classified variants that pose an increased risk to global public health
as variants of concern (VOCs) and variants of interest (VOIs) 94. The early
SARS-CoV-2 variants to emerge in 2019 and the more transmissible +S:D614G
variant followed by the VOCs (Alpha, Beta, Gamma, Delta and currently
Omicron) have driven significant and sequential “waves” of SARS-CoV-2
infections internationally. The emergence of each variant showing a clear
geographical 1link95-97,

Viral mutations arise from a diverse set of processes (principally viral
polymerase replication errors and host anti-viral editing processes), which can
be identified by the characteristic mutational signatures that they leave on the
genomed”.98, Such characterisation of dominant mutational processes is
routinely used in cancer genomics?. The catalogue of SARS-CoV-2 nucleotide
changes show distinct mutational patterns suggestive of a role for host

antiviral mutational processes in introducing changes in the viral RNA100,101,
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These processes potentially dominate in SARS-CoV-2 evolution because point
mutations introduced in replication are mostly corrected by the action of a
proofreading enzyme.
The generation of virus diversity, the key to virus persistence by generating
novel variation and thus evolutionary capacity, is multi-faceted02, yet our
understanding of the relative importance of underlying mutational processes
linked to the action of host anti-viral molecules is still very limited. Given that
SARS-CoV-2 continues to develop new variants, many associated with sets of
previously observed (convergent) and novel mutations®8, it is critical that we
improve our understanding of the mechanisms and sources of evolutionary
change.
Along with routine surveillance of SARS-CoV-2 infections, there has been an
unprecedented global sequencing effort resulting in databases containing
many millions of genome sequences, in particular GISAID25, Here we
examined this data to describe the global molecular epidemiology and
evolution of SARS-CoV-2. Using regression models we first examined how viral
properties and public health measures have influenced the magnitude of
infection waves in different geographic locations. Satisfied that SARS-CoV-2
variants have been an important driver of infections we then used non-
negative matrix factorisation to characterise the mutational processes involved

in the generation of variants and their changing patterns of activity over time.

2.4 METHODS

2.4.1 DATA
The findings of this study are based on metadata associated with 13,662,759

sequences available on GISAID up to 01 December 2022 and accessible at
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https://doi.org/10.55876/g1s8.221201¢gs. Sequences were filtered to remove
records from non-human hosts, with lengths less than 20,000 nucleotides, non-
assigned lineages, with greater than 30% unknown bases, sequences reported
to be collected before 24/12/2019 and those with excessive mutations/deletions.
The cutoff for filtering out hypermutated sequences was 175 mutations in
coding regions or more than 69 different deletions, the cutoffs were manually
determined after evaluation of the mutation/deletion distribution and selecting
the point where sequence counts were consistently observed in single digits,
this resulted in 1,852 sequences being filtered out.

Publicly available daily SARS-CoV-2 cases, tests performed and total
vaccinations per capita were obtained from Our World In Data (OWID) 103 in
September 2022. Prior to February 2023, the OWID data was piped from the
Johns Hopkins University COVID-19 dashboard 104105, Country-level
government stringency indices were downloaded from the Oxford COVID-19
government response tracker (OxCGRT)1%, Government stringency indices are
composed of nine indicators: school closure, workplace closure, cancellation of
public events, stay at home order, public information campaigns, restrictions
on public gatherings, public transport, internal movement and international
travel. The index on a given day ranges from 0 to 100 and is calculated as the
mean of the nine indicators, with higher indices indicating stricter regulations.
If responses vary at sub-national levels, the index at the strictest level is
used106, Wastewater findings are based on metadata associated with 1,343
sequences available on GISAID and accessible at
https://doi.org/10.55876/g1s8.230406qg. Wastewater sequences were

downloaded from the ‘wastewater data’ section of GISAID in December 2022.
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Sequences for immunocompromised individuals were downloaded from
GISAID in November 2022. Analysis of this was based on the metadata
associated with 34 sequences available on GISAID and accessible at
https://doi.org/10.55876/21s8.230406fb. Sequences were chosen based on the
known list of sequences used in Harari et al. 107, Sequences were aligned to the

COVID reference genome before use.

2.4.2 DESIGN
Predictors of SARS-CoV-2 reported cases were explored using a linear model at

both country and continent levels. We collected continuous dependent
variables reported on a daily basis. These were classified into two groups: (i)
public health measures (government stringency, testing capacity and
vaccination), (i1) viral properties (diversity and fitness). We examined the data
for completeness of predictive variables. In instances of missing vaccination
data, we interpreted this as no vaccinations having been given. This was a
reasonable assumption for periods prior to the vaccine rollouts in the
respective countries. With the exception of vaccinations, variables with less
than 70% of the countries reporting data were not included. The number of
SARS-CoV-2 diagnostic tests performed was excluded as a predictor due to
missing data. We determined the previous burden by summing the adjusted
new cases per capita over the past 90 days. Prior infection significantly
reduces the risk of a subsequent infection, with a reduction in risk of up to 95%
in the initial three months!%8, This was included as a predictor variable in the
linear model. Amino acid substitutions were defined against the Wuhan-Hu-1
(GenBank: MN908947.3) sequence. Building on findings from Obermeyer et

al.109 we extracted a list of previously identified fitness-associated
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mutations0, Mutations were categorised as fit using the PyR0! model which
uses a Bayesian logistic regression model to determine mutations associated
with lineages of the virus that have an increasing predicted relative
prevalencel. The fitness associated mutations were as the top 20 identified
mutations, and are as follows: S:H655Y, S:T951, ORF1a:P3395H, S:N764K,
ORF1a:K856R, S:S371L, E:T9I, S:Q954H, ORF9b:P10S, S:LL981F, N:P13L,
S:G339D, S:S375F,S:S477N, S:IN679L, S:S373P, M:Q19E, S:D796Y, S:N969K,
S:T547K,0RF1b:11566V, M:D3G, S:G446S, S:N440K, M:A63T, S:N856K,
ORF1a:A2710T,O0RF1a:13758V, S:E484A, S:A67V, S:K417N, S:Q493R,
S:N501Y,S:Y505H,S:L452R, S:P681H, S:Q498R,S:G496S, ORF1a:T32551,
ORF14:G50W, S:P681R,N:R203M, ORF1b:P1000L, ORF1a:P2287S, M:182T,
ORF3a:S26L, N:D63G, N:G215C, ORF1a:V3718A, ORF9b:T60A. Each fit
mutation within a sequence was counted and the counts were normalized to
the number of sequences per geographical location. Virus fitness was therefore
defined as the sum of the frequencies of previously identified!9® amino acid
substitutions that increase SARS-CoV-2 fitness divided by the sum of total
genomes and the log of total mutations per location. The denominator (i.e. the
total sequences per week and the log of the total mutations per week) was used
to normalise the weekly fit mutations across sequencing levels, so that viruses
found in countries with higher levels of sequencing were not preferentially
more fit.

weekly_sum_of_fit_mutations
total_seqs_per_week + log (total_mutations_per_week)

Virus Fitness =

Diversity was calculated by dividing distinct lineages by the total number of
genomes 1in a given week. Sequences reported in GISAID were assumed to be

representative of the diversity of infections for that continent/country.
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2.4.3 LINEAR MODEL
We employed a linear regression model, described by Heo et al.119, to adjust

reported cases per country using the Human Development Index (HDI), which
encompasses not just economic growth but also reflects a country’s capacity for
per capita testing. Countries with higher HDI levels, typically high-income
nations, conducted more tests per million people, often leading to more
confirmed cases compared to nations with lower HDI levels. Adjusted daily
cases were smoothed using a 14-days rolling average to limit possible noise
and identify simplified changes over time. For continent-level analysis, data
from all contributing countries was used to fit the linear model. To ensure that
countries with a large number of cases didn’t artificially inflate the results,
each country’s influence on the continent-level OxCGRT index was adjusted
based on its percent contribution to the continent’s 14-day average daily case
tally.

Pearson’s correlation was used to test for correlation among the variables.
Multiple linear regression was fitted to evaluate the relationship between
infection rate (adjusted daily cases per capita) as the outcome and the public
health measures and viral properties as predictors within the different
continents. The regression models were fitted on data from 01 April 2020
onwards, as (sequence) data addition remained stable after this. The country-
level analysis was carried out for countries with less than 50 days of missing

genome data using a similar approach.

1.1.1 PANDEMIC PLOTS
Case numbers and sequence data were aggregated by their respective

continents, a 14-day rolling average was used to smooth out daily infection

rates and categorical variables were summarised by counts. Proportions of



lineages were calculated in 14-days bins and the most common lineages were

visualised per continent.

2.4.4 TREE-BASED REFERENCING
The rapid evolution of SARS-CoV-2 means that the majority of viral sequences

are distinct from the early pandemic reference genome Wuhan-Hu-128,
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Continuing to count mutations against the early reference sequence can result

in mutations being allocated the wrong substitution category (i.e., A—T

instead of a C—T) where sites have mutated multiple times. Azgari et al.111

tackled this issue by building a tree of clustered sequences to remove ancestral

mutations. However, we utilise the available SARS-CoV-2 tree generated as

part of the Pango? nomenclature to generate a reference sequence for each

defined lineage. This means that sequences from the lineage B.1 are compared

against a generated reference sequence for the B lineage rather than the

Wuhan-Hu-1 sequence (See Figure 2.1 for diagrammatic description).

Wuhan-1 Reference
GACTAAGTCTCATCGGC

B Reference
GACTAAWTCTCATCGGC

~

B.1 Reference

B Sequences

GACTAAMTCTCATCGGC

GACTAAMTCTCATCGGC

B.1 Sequences B.2 Sequences
GACTAATITCTC TCGGC GACTAAMTCTCEBITCGGC
GACTAAWTCTCITCGGC GACTAATCTCEITCGGC

GACTAAMTCTCElTCco6c¢——— B.1.X Sequences

Figure 2.1: Diagrammatic depiction of how tree-based referencing works.

Each Pango lineage has a reference generated for it. Arrows show which

sequences use which reference sequence, with the arrow tip indicating the
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reference. For example, sequences from the B.1 lineage are compared
against the reference for the B lineage so that B.1 lineage-defining

mutations can be counted.

One reference sequence was generated for each of the Pango lineages in the
alignment. A nucleotide was included in the generated Pango reference if it
exceeded a frequency threshold of greater than 75% of the samples from the
lineage. If this threshold was not reached, the reference nucleotide of the
nearest parental lineage was used (i.e., if a mutation in B.1 is ambiguous, the
nucleotide from the B lineage reference at that position is used). Building
intermediate references also meant that counting inherited mutations could be
avoided. Since mutations were identified relative to their nearest parental
Pango lineage, inherited mutations are not counted because, relative to this
sequence, there hasn’t been a mutation. Mutations are also only counted once
per lineage set of sequences so that mutations that are observed many times
due spread of the virus rather than acquisition by a mutational process are not
over-counted. This means that convergent amino acid substitutions can be
observed between lineage sets, although they may be undercounted within a
lineage. However, this is necessary since it is very difficult to identify
convergence within similar sequences (especially at a global scale).
Overcounting of the mutations results in mutational signatures that reflect
the circulating predominant lineages rather than the mutational processes
producing the mutations in those lineages.

1.1.1 PSEUDO-SAMPLING

Mutations were binned into categories composed of their substitution type

(e.g., cytosine - thymine = CT) and their mutation context. The mutation
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context is the mutated base and the nucleotides at the 5’ and 3’ positions of the
mutated base. There are a total of 192 types of substitution-context matchings
that can appear (12 possible single nucleotide changes x four possible
nucleotide 5’ x four possible nucleotide 3’). Every sequence produces a single
count vector of mutation category counts, with the total count matrix becoming
the mutational catalogue of the virus. On average, a single SARS-CoV-2
genome sequence has very few new mutations. As extracting mutational
signatures when mutation counts are low is unlikely to produce meaningful
results, we define each sample as a time-point (all of the sequences collected in
an epidemic week) and decompose signatures from the counts at each time-
point rather than from each sequence. This means that for each week, the
mutations are counted for all the sequences of that week, and summed
together to produce one row that contains all of the substitution-context
counts. This shrinks the mutational catalogue of the virus from millions of
samples down to less than 200 samples, one for each Epidemic Week. The
rationale behind this was that NMF on millions of rows is computationally
intractable on the available hardware, and performing NMF on individual
sequences 1s problematic as there is not enough signal of mutational patterns
from one or two mutations to produce a meaningful result. We also found that
weeks produced very similar results to sample days, yet were significantly
easier to run, plot, and discuss with regards to pandemic developments in real

time.
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1.1.1 NON-NEGATIVE MATRIX FACTORISATION
NMF (non-negative matrix factorisation) was used to split the mutational

catalogue into two sub-matrices. One matrix represents the mutational
signatures, the other matrix represents the exposure of the signatures. These
matrices were used to reconstruct the original mutational catalogue with some
degree of error. To verify the validity of the identified signatures, NMF was
performed 100 times for each value of N, with N representing the number of
signatures to extract from the mutational catalogue. The N of 100 was
determined from best practices in Islam et al.153, which is the tool used for de
novo mutational extraction by the authors of the Catalogue Of Somatic
Mutations In Cancer (COSMIC)40 which is the gold standard resource for
mutational signatures in cancer. Results were also stable at this number, and
often even for N’s much lower than 100. For this analysis, N was set to 2, ...,
10. For each NMF run, a new mutational catalogue was generated using
bootstrap re-sampling of the original matrix and removal of any mutational
categories that did not account for more than 0.5% of mutations. Mutational
categories are pseudo-sampled down into epidemic week matrices that NMF
was run on. The signatures were then clustered together using K-means
clustering, with the cluster means forming the new signatures. Clusters were
then assessed using the silhouette score!®* to determine the clustering quality.
The silhouette score uses the cluster density (how close the points within each
cluster are) as well as the distances between clusters to calculate how well a
clustering method has performed. Clusters with a score between -1 and 0 are
either misassigned (negative values) or overlapping (zero). Clusters above zero
indicate increasingly better clustering, with 1 being the best. The silhouette

score threshold was set to 0.95 to ensure high quality clusters. Clustering with
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Clusters with high silhouette scores are well separated from other clusters and
are dense and well-formed. Cosine similarity was used to determine if the
signature was reliably extracted from the cluster. The cosine similarity was
calculated between signatures extracted from the whole mutational catalogue
and the cluster means of the signature clusters. A higher cosine similarity
indicates that the cluster mean shows a similar pattern to the initial
mutational signature. Again, a threshold of 0.95 was set to ensure high

quality, robust signature extraction.
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Figure 2.2: Graphical description of the methods for NMF extraction of
mutational signatures. For every value of N signatures, the mutational
signatures are extracted 100 times for bootstrapped and pseudo-sampled
datasets. Once this has been completed, signatures are clustered into N
clusters and the stability and density of those clusters are evaluated using
the silhouette score. Signatures that have silhouette scores above 0.95 are
evaluated as stable signatures. The cluster means become the extracted
signatures. The best set of N signatures is selected by picking the value of
N that best minimises the reconstruction error and has the best silhouette
score (with a minimum of 0.95). A further evaluation is the cosine
similarity of the clustered signature means with the signatures extracted
by completing NMF on the original pseudo-sampled dataset. Again,

signatures must have a cosine similarity of at least 0.95 to be considered.

Again, following the best practices in Islam et al.153, an N value of three was
selected due to the reduction of the reconstruction error plateauing around
three and the marked decrease in silhouette score for signatures greater than
3. Reconstruction error is defined as the difference between input matrix to the
NMF, and the values of the matrix that can be produced using the NMF
components and weights. The average cosine similarity between signatures
and clusters was consistently above 0.95 for each cluster and had an average of
0.98 for all three clusters when clustering was repeated 100 times. Silhouette
scores for each cluster were above 0.95, suggesting excellent separation and
density of clusters (Table 2.1 and Figure 2.3). Signatures can therefore be
reliably extracted from the bootstrapped catalogues, are robust and thus are

unlikely to be artefacts. Counts of mutations were normalised by the tri-mer
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composition of the SARS-CoV-2 reference sequence (dividing the counts by the

number of contexts in the reference sequence). Composition biased versions of

the signatures were then produced by rescaling the signatures using tri-mer

composition.
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Figure 2.3: Signature evaluation metrics. The number of signatures was

selected at N = 3 since this produced an “elbow” for the reconstruction

error while having a suitable silhouette score greater than 0.95.

Table 2.1: Evaluation Results for Signature with N = 3.

Signature Cosine Silhouette
0 0.99983 0.957438
1 0.997578 0.973717
2 0.998414 0.997209

1.1.1 NON-NEGATIVE LEAST SQUARES REGRESSION
A non-negative least squares (NNLS) Regression was used to produce positive

exposure weights for each of the signatures in each of the datasets. The non-
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negativity of the regression ensures that the weights of the signatures
continue to represent an additive process. The NNLS weights can then

represent the exposures of the signatures on each dataset.

2.4.5 CONSENSUS LINEAGE AND CONTINENT SIGNATURES
Mutational catalogues were constructed for each continent and each of the

Variant of Concern (VOC) lineages (Alpha, Beta, Gamma, Delta and Omicron).
The global signatures were then used to extract exposures for each of the
mutational catalogues to determine how processes varied between each
mutational catalogue subset. VOC sequence sets were filtered so that weeks

with fewer than 100 sequences were excluded.

2.5 RESULTS

2.5.1 CHARACTERISING THE SARS-COV-2 WAVES REGIONALLY
This first part of the study reports on global SARS-CoV-2 data from 24/12/2019

to 28/01/2022 only as limited public health measures were in place after this
time. We observed 1,544 distinct SARS-CoV-2 lineages from 7,348,178
sequences. 88% of the infections in the global pandemic during this time frame
were caused by a subset of 13 Pango and WHO variants (Table 2.2). While
there are geographical differences there is a clear dominance of a subset of
variants and replacement of these through time (Figure 2.4). This “wave”
infection pattern was evident in all geographic locations. Although biased by
testing rates, Europe and the Americas had the highest infection rates,

reporting up to 450 cases per million population per day (Figure 2.4).



Table 2.2: Proportion of common lineages/variants globally.

Lineage Sum Proportion

Delta 4,087,909 0.563
Alpha 1,150,798 0.158
Omicron 647,553 0.089
B.1.2 127,557 0.018
Gamma 121,393 0.017
B.1 111,849 0.015
B.1.177 74,643 0.01
Beta 40,786 0.006
B.1.1.214 18,160 0.002
D.2 13,340 0.002
B.1.621 11,050 0.002
B.1.1.284 9,334 0.001
C.37 9,287 0.001
Total 6,423,659 0.884

The emergence or introduction of VOCs coincided with a steep increase in

infection rates globally. For example, cases in Asia showed a steep rise in

88

February 2021, which peaked in May 2021 (Figure 2.4, panel Asia).During this

period, Alpha and Delta comprised greater than 75% of the SARS-CoV-2 cases

1dentified in the sequence data. Africa and Oceania on the other hand
displayed overall sustained low case numbers. Despite this, Beta dominated
the second wave in parts of Africa while Alpha dominated the third Oceanic
wave. After its emergence in March 2021, Delta spread to become the
predominant variant across all continents. The Omicron variant of concern
was first identified in South Africa in late November 2021 and, by January

2022, it had rapidly become the predominant cause of infections worldwide



(Figure 2.4).
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Figure 2.4: Continent-level SARS-CoV-2 lineage dynamics and pandemic

curves. Lines show a 14-day rolling average of reported SARS-CoV-2 cases.

Bars show the biweekly proportions of common lineages and are coloured

by lineage. The white space shows the proportion of sequences from other

(non-majority) lineages.
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2.5.2 COVARIATES OF THE WAVES
We investigated the degree to which public health measures and viral

properties explain continent-specific reported cases of infection. Correlation
analysis at the global level showed a significant correlation between infection
rates and the predictor variables: government stringency, vaccination,
previous infection burden, virus diversity and fitness (Table 2.3).

Table 2.3: Correlation between infection rate and predictor variables
across different continents. Virus fitness was shown to be positively
correlated in all countries, while virus diversity was always negatively
correlated. Stringency was predominantly negative, except for in North

America and Oceania.

. Infection Rate Virus Fitness Virus Diversity Stringency Index
Continent . . . .
Correlation Correlation Correlation Correlation

Africa 1 0.66 -0.69 -0.17
Asia 1 0.78 -0.75 -0.59
Europe 1 0.75 -0.47 -0.19
North America 1 0.63 -0.54 -0.75
Oceania 1 0.66 -04 0.29
South America 1 0.67 -0.31 -0.14

Regression analysis revealed that the impact of the predictor variables on the
magnitude of reported cases were found across all continents. We classified
significance levels as follows: no significance for p-values greater than 0.05,
weak significance for p-values between 0.05 and 0.001, and high significance
for p-values less than 0.001. Our findings indicated that government

stringency had a weakly significant impact in Asia, Europe, and South
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America, but a strongly significant impact in Africa, Oceania, and North
America. Virus fitness, previous infection burden, and vaccination
demonstrated a strongly significant impact across all continents.
Table 2.4: Effect of public health measures (government stringency and
vaccination) and viral properties (diversity and fitness) on infection rates

at continent level.

Africa Asia Europe North. Oceania South America
America
Estimate | 832.4 1503.85 40828.15 15101.25 140.69 -339.15
. . p-value 0.1 0.34 1.77E-26 4.89E-24 0.08 0.36
Diversity score
Std.Error 511.12 1560.94 3663.33 1433.58 79.41 372.11
t.value 1.63 0.96 11.15 10.53 1.77 -0.91
Estimate 730.01 1036.67 1680.87 506.22 228.52 1042.5
. p-value 3.60E-89 2.68E-23 2.84E-07 1.25E-08 1.42E-100 4.55E-86
Fitness score
Std.Error 30.55 100.12 323.91 87.76 8.8 43.77
t.value 23.89 10.35 5.19 5.77 25.98 23.82
Estimate 37.15 -14.76 28.13 -184.69 7.14 -4.28
Government p-value 1.73E-12 0.11 0.41 3.10E-69 4.65E-09 0.43
index Std.Error 5.16 9.1 33.85 9.26 1.2 5.41
t.value 7.21 -1.62 0.83 -19.95 5.95 -0.79
Estimate -2789.53 1931.43 -9258.87 12349.05 -573.13 1223.64
Intercent p-value 6.31E-19 0.02 4.59E-06 3.99E-68 3.09E-09 0.01
P Std.Error | 303.5 831.44 2003.05 625.45 95.26 445.29
t.value -9.19 2.32 -4.62 19.74 -6.02 2.75
Estimate | 0.01 0.01 0.01 0 0.01 0
. p-value 2.05E-54 5.90E-28 4.32E-68 2.21E-05 3.79E-35 1.03E-12
Previous burden
Std.Error | O 0 0 0 0 0
t.value 17.24 11.51 19.75 -4.27 13.2 7.3
Estimate | -0.09 -0.01 0.04 0.04 -0.01 -0.02
. p-value 6.37E-22 2.32E-11 5.07E-23 8.25E-17 1.86E-06 3.06E-19
Vaccine doses
Std.Error | 0.01 0 0 0 0 0
t.value -10.01 -6.81 10.28 8.56 -4.82 -9.32
Residual S.E 750.68 on 600 1253.550n 626 | 5772.52 on 1445.60 on 273.200n 713.850n 536
) DF DF 637 DF 640 DF 606 DF DF
R squared 0.79 0.73 0.75 0.72 0.66 0.7
Abbreviations:
DF = degrees of freedom
S.E = Standard error

Virus diversity was strongly correlated with high infection numbers in Europe
and North America, with a weaker association in Africa, Asia, Oceania, and
South America. The R-Squared values, indicating the proportion of variance
explained by our model, were greater than 0.5 for all continents, ranging from
0.66 in Oceania to 0.79 in Africa (Table 2.4). Generally, our predictions closely

resembled the rise and fall of SARS-CoV-2 infection case numbers (Figure 2.5).
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Figure 2.5: Association of SARS-CoV-2 infection rates and predictor
variables globally. (A) Pearson’s correlation matrix of infection rate and
predictor variables. Positive correlations are denoted in orange and
negative correlations in blue and colour intensity is is directly proportional
to coefficient value. (B) Model fitting using multiple linear regression.
Black solid lines show a 14-day rolling average of adjusted SARS-CoV-2
cases. Pink solid lines show fitted mean response values of infection rates

with predictor values as input.

For country-level analysis, we included 29 countries from six continents based
on the completeness of data (availability of sequence data in every 14 day bin).
Pandemic plots were visualised using biweekly bins and multiple linear
regression was fitted using the same approach. Different countries had varying

lineage dynamics as illustrated in Figure 2.6.
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Figure 2.6: Country-level SARS-CoV-2 lineage dynamics. Solid bars show
the biweekly proportions of the common lineages. Bars are coloured by
lineage and white space shows the proportion of sequences from other
lineages. The countries included in this analysis is based on temporal data

completeness.

The five predictor variables had varying impacts on infection rates across
countries (Figure 2.5). Despite some differences related to the population level
processes investigated here, there is a clear variant replacement process
taking place. As the generation of novel variants is fundamentally a mutation
dependent process we next investigated the underlying patterns of mutations
being generated through time. The goodness of fit varied among countries,

with the R squared (a measure of how much variation can be explained by the



predictor variables) varying from 0.28 (Japan) to 0.96 (Australia), with a
median of 0.69 (Table 2.5). Though our model successfully captured the
general infection wave patterns in many countries, it struggled to capture
short-term data spikes in specific instances, such as in Belgium (November
2020), India (May 2021), Indonesia (August 2021) and Japan (September 2021)

(Figure 2.7).
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Figure 2.7: Model-fitting of country-level SARS-CoV-2 reported cases.
Black solid lines show a 14-day rolling average of adjusted SARS-CoV-2
cases. Pink solid lines show fitted mean response values of infection rates
with predictor values as input and grey shaded areas highlight the
confidence intervals. The countries included in this analysis is based on

temporal data completeness.



Table 2.5: Effect of public health measures (government stringency and

vaccination) and viral properties (diversity and fitness) on infection rates

at national levels. Coefficients describe how large an impact the variable

has on the prediction, with higher magnitude values indicating stronger

impact either positively or negatively towards the prediction. R-squared

indicates percentage of variation explained by the model, with a max score

of 1 and higher values indicating a better model.

Government | Vaccine Fitness Diversity Previous
Country Intercept | Index Doses Score Score Burden R-Squared
Coefficients Coefficients Coefficients | Coefficients | Coefficients

Argentina -391.02 2.42 -0.01 318 431.67 0 0.86
Australia -270.08 2.73 -0.06 111.8 46.23 0.11 0.96
Austria -318.86 3.29 0.36 -84.88 450.04 0.01 0.54
Belgium -57.36 -1.17 0.04 4.37 373.74 0.01 0.54
Brazil -140.05 2.76 -0.01 38.45 25.43 0.01 0.81
Canada -1011.36 11.85 0.02 175.49 509.21 0 0.8
Chile 550.61 -5.93 -0.03 65.26 -31.82 0.01 0.53
France -2038.69 9.04 0.06 641.03 2842.56 0.01 0.75
Germany 165.55 -1.99 0.01 -85.54 -42.31 0.02 0.69
India -28.35 -0.23 -0.03 76.94 116.53 0 0.44
Indonesia 36.03 0.21 -0.01 2.08 -70.45 0 0.35
Ireland -749.06 0.74 0.01 388.13 12234 0.02 0.84
Italy -1647.1 13.98 0.03 374.47 1419.41 0.01 0.72
Japan 23.36 0.48 0 -0.4 -75.31 0 0.28
Kenya 20.71 -0.14 -0.02 8.81 -4.36 -0.01 0.32
Luxembourg -791.67 7.3 0.04 224.14 763.4 0.01 0.59
Mexico -208.26 3.46 0 37.41 -35.13 0.01 0.46
Netherlands -343.6 1.24 0.33 -45.1 535.95 0.01 0.66
Norway -337.8 1.91 0.03 12.56 418.25 0.02 0.9
Russia 145.48 -0.76 0.02 -32.88 -72.81 0.01 0.67
Singapore 12.02 2.67 0.02 -97.97 -237.39 0.01 0.69
Slovenia -471.64 5.5 0.09 -145.49 460.28 0.01 0.73
South Africa -123.02 4.85 -0.05 39.76 -338.02 0 0.32
South Korea 9.48 0.14 0.01 6.17 -27.66 -0.01 0.89
Spain -1292.19 2.61 0.07 476.79 2058.39 0.02 0.7
Sweden -1084.41 18.58 0.47 80.66 155.09 0 0.61
Switzerland -651.84 0.61 0.05 226.8 1498.23 0.02 0.77
E;;';Z‘im -417.36 -3.26 0.03 263.37 1717.29 0.01 0.79
United

States -1427.87 16.63 0.06 145.45 1108.11 0 0.62

2.5.3 IDENTIFYING PUTATIVE MUTATIONAL PROCESSES CONTRIBUTING

TO CHANGES IN SARS-COV-2
New variants of concern have displaced viral lineages that were previously

dominant in the population in different geographical regions and in some cases
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globally (Figure 2.5). This behaviour has been observed with the original
variants of concern (Alpha, Beta and Gamma) and then globally with the Delta
and Omicron lineages. We investigated whether these variant wave events
(periods of time where infections are dominated by a single variant) were
linked to the activity of specific mutationlal processes. Each of the variants of
interest/concern has evolved independently such that detecting the patterns of
mutations in the SARS-CoV-2 sequence data allows us to observe which
processes are most active and could be contributing to the emergence of

variants.
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Figure 2.8: Mutational signatures extracted from the SARS-CoV-2 genome
sequences by non-negative matrix factorisation. Signatures are patterns of
probabilities for each category of substitution in a three nucleotide context.
Each bar represents a context and is coloured by the substitution category
of the mutation that occurs there. Each signature may represent a distinct
mutational process. Signature 1 is heavily biased towards cytosine to
thymine (C—T) mutations, particularly in 3’ CpG contexts TCG, CCG and

ACG. Signature 2 from SARS-CoV-2 is predominantly adenine to guanine



98
(A—GQG), guanine to adenine (G—A) and thymine to cytosine mutations
(T—C). Signature 3 is strongly guanine to thymine (G—T), a pattern that
is thought to be caused by the action of guanine oxidation by reactive
oxygen species. Signatures are shown normalised against the tri-
nucleotide composition of the SARS-CoV-2 genome. Non-normalised forms
in the context of the SARS-CoV2 genome composition are shown in Figure

2.9.

Mutations were called using inferred references for each of the Pango lineages,
which we call tree-based referencing (Figure 2.8). The SARS-CoV-2 alignment
of 13,278,844 sequences up to 26/10/2022 was used. Of these 13 million
sequences 2,195,182 sequences were selected as they contained 5,726,144
newly arisen mutations. Cytosine to thymine mutations (C->T) were the most
common and were the primary substitution category for most weeks where
sequences were recorded. Note, SARS-CoV-2 has an RNA genome but we refer
to uracil as a thymine to match pre-existing DNA mutational signature
notations.

Three signatures were identified with distinct substitution patterns using non-
negative matrix factorisation (NMF) (Figure 2.8 and Figure 2.9). Signature 1 is
heavily biased towards C->T mutations. Signature 1 had a high probability of
ACA, ACT and TCT contexts (adjacent nucleotides in the 5 and 3’ direction of
the mutated site), consistent with what was earlier reported by Simmonds et
al.141 as highly mutated contexts for C->T substitutions in SARS-CoV-2.
Signature 2 is predominantly adenine to guanine (A->G), guanine to adenine
(G=>A) and thymine to cytosine (T->C) mutations. The proportion of A>G and

T->C mutations is approximately equal in this signature, which is indicative of
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a double-stranded mutational process. SARS-CoV-2 mutations at adenine
positions on the negative strand will be counted as thymine mutations due to
the negative strand being used to replicate positive sense RNA, with the
mutated A—G now pairing with a cytosine on the +sense RNA and replacing
the original thymine!55.156, Signature 3 is predominantly composed of guanine

to thymine (G—T) substitutions.
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Figure 2.9: Non-normalised mutational signatures for SARS-CoV-2.
Signatures were extracted using normalised counts calculated by dividing
the mutation counts by the count of the tri-nucleotide context of the
mutation context (Figure 2.8). These signatures were then multiplied post-
analysis by the tri-nucleotide composition of the reference sequence to

produce the non-normalised signatures shown here.
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2.5.4 THE DYNAMICS OF MUTATIONAL PROCESSES THROUGH THE
PANDEMIC

By using the available SARS-CoV-2 sequences we can measure the mutational
signature activity across time as long as our samples are aggregated using
time series annotations. Signature exposures (Figure 2.10) show that
Signature 1 remained the most prominent signature throughout the pandemic,
although following the emergence of Signature 2 its activity reduced
proportionally. Absolute exposure values (Figure 2.10 B) show that Signature
1 does not appear to reduce its exposure, rather Signature 2 increases its
exposure. Signature 2 establishes itself as a substantial signature after
December 2020. It continues to expand after October 2021, just prior to the
emergence of the Delta VOC. Signature 3 is by far the least active of the three
signatures but remains consistent until after January-February 2022 when it
begins to drop towards zero. This is around the time Omicron began to emerge
as the dominant VOC. Combined signature activity reached a peak between
July and October 2021 (Figure 2.10B) coinciding with the peak number of
unique mutations (Figure 2.11, Figure 2.12A and Figure 2.12B). This is around
the time the mutational signature dynamics appear to be shifting, with
Signature 2 contributing more unique mutations. We can see that this also
coincides with the Delta VOC wave, which, between May 2021 and January
2022, was the lineage group showing the greatest number of newly acquired
mutations (Figure 2.12). Delta was the first VOC to dominate on a global scale,
outcompeting other VOCs like Alpha, Beta and Gamma in their regions of

circulation.
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Figure 2.10: Signature exposure plots showing the activities of the
extracted mutation signatures over the duration of the COVID-19
pandemic. (A) Shows the percentage activity of the signatures during a
given week of the pandemic, with each colour representing a different
signature. (B) Shows the signature activities as their absolute values at

each epidemic week.

Omicron similarly repeated this phenomenon, almost entirely replacing Delta
globally within weeks of its emergence (Figure 2.12B). We also see a marked
decrease in the activity of Signature 3 following Omicron’s establishment as
the dominant variant. A similar decrease in G—'T mutations was also observed
by Bloom et al.157 and Ruis et al.158. This is different to Delta, where there was

an increase in Signature 3 following its emergence. These Signature 3 changes



become particularly apparent when we begin to look at signature activities

within variant-defined subsets of the data.
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Figure 2.11: (A) Counts of unique substitutions per week of the pandemic.

Areas are coloured by substitution category. (B) Counts of unique

substitutions per week of the pandemic for each VOC category. Areas are

coloured by substitution category. (C) Counts of unique substitutions per

week of the pandemic for each continent category. Areas are coloured by

substitution category
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2.5.5 SIGNATURE DYNAMICS SPATIALLY AND BY VARIANT
After observing changes in signature activity during transitions between

dominant variants, we next investigated the differences between signature
activities in variant-defined subsets of the data as well as in continent-defined
subsets. We used the globally extracted signatures to extract exposures from
the subsets using a non-negative least squares regression to retain the non-
negativity constraint. This allowed for the measurement of signature activity
in each of the subsets of interest. Signature 1 was the most active in almost all
the variant-defined subsets as was expected from the global activity. Signature
3 was most active in the Delta subset as well as during the Delta wave in the
continent-defined subsets (Figure 2.12). The non-VOC, Beta and Omicron
subsets appear to be the least impacted by Signature 3 with almost zero
activity in Omicron. Signature 2 also shows low activity in the non-VOC subset
but is very active in the other VOC subsets, in particular Alpha, where it
appears to be the most active, overtaking the Signature 1 process. Continent-
defined subsets of the data also consistently showed the high activity of
Signature 1. Signature 2 begins to consistently appear in all continents after
2020, with only small bursts of activity being detected before this (Figure
2.12D), again consistent with what we see in the global data. Signature 3
activity also follows the pattern of the global activity, appearing most

prominently during the Delta wave.
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Figure 2.12: (A) Counts of unique SARS-CoV-2 mutations for each
epidemic week, with colours representing which continent the mutations
came from. (B) Counts of unique mutations per week that are part of the
mutational signature substitution-context features (i.e., no indel
mutations included). Colours represent which lineage/group of lineages the
mutations belong to. (C) Ridgeline plot showing the exposure of mutational
signatures in SARS-CoV-2 variant-defined subsets. Exposures are coloured
by the signature they have been attributed to. (D) Ridgeline plot showing
the exposure of mutational signatures in SARS-CoV-2 continent-defined

subsets.
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2.5.6 BRIDGING THE GAP BETWEEN MUTATION SIGNATURES AND AMINO
ACID SUBSTITUTIONS
Stratifying non-synonymous nucleotide substitutions by their association with

mutational signatures should provide insights into how these mutational
processes affect viral proteins. Exposures were calculated by stratifying
nucleotide mutations by whether they were synonymous or non-synonymous
substitutions for each dataset (Figure 2.13A). The unattributed exposure was
calculated using the model error for mutational categories not contained
within any of the extracted mutational signatures. The majority of non-
synonymous substitutions can be described by the observed mutational
signatures. Signature 1 likely produces most of the nonsynonymous mutations,
however, Signature 3 is an almost exclusively non-synonymous signature, with
particularly high activity during the Delta wave of infections. Signature 2
appears to produce predominantly synonymous mutations.

Using the tree-based references, we can also look at individual lineage
reference sequences to observe which mutational processes have probably
produced their specific amino acid substitution set. The tree-based references
were used since they are equivalent to a high-quality representative sequence
and because many of the early real sequences contain sequencing errors. For
each variant of concern, mutations were assigned to a signature by calculating
the maximum likelihood of the mutation and its context being produced by
each of the three extracted signatures. Using the trinucleotide context C[C —
T]G as an example, the likelihood function is P(C[C — T]G j Signature), which
corresponds to the probability bars for CT-CCT in the extracted signatures.
Mutations that contained substitution-context pairs not found within any of

the mutational signatures were labeled as “unattributed”.
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The Alpha VOC tree-based reference sequence contains eleven Signature 1
changes, six Signature 2 changes and a single Signature 3 change. Signature 1
changes account for 39% of all substitutions within the Alpha tree-reference
sequence, with 75% of these mutations being non-synonymous substitutions.
Signature 1 was frequently active prior to the Alpha VOC’s emergence. The
activity plots (Figure 2.10) show that this was the case for much of the
pandemic, particularly prior to the Alpha’s emergence around September 2020.
It should be noted that while Signature 1 mutations are by far the most
frequent, only one is found within the Spike protein (producing the S:T7161
change). Signature 3 only had one change, which was non-synonymous
appearing in ORF:8. Signature 2 mutations were non-synonymous
substitutions 83% of the time, with three Spike mutations relating to the
process including S:D614G, which is present within all known variants of
concern.
The Beta VOC emerged around the same time as Alpha (Autumn 2020) and is
defined by a smaller set of mutations. A greater proportion of Signature 1
mutations are non-synonymous substitutions in Beta (66%). Signature 2
mutations resulted in S:D215G and S:E484K, the latter reported to help the
virus evade neutralising antibodies!59. Signature 3 mutations most likely
produced S:K417N in spike, which is also reported to aid in antibody
evasion!59.160 gimilar to S:E484K.
Gamma also emerged in Autumn 2020 and has 33 different defining
substitutions. Signature 1 mutations account for 11 of these with 54% being
non-synonymous. Four are present in Spike including S:LL18F, S:P26S,

S:H655Y and S:T10271. Signature 2 mutations resulted in six amino acid
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substitutions, with only 75% of changes being non-synonymous. Three of the
five mutations in non-synonymous substitutions occurred in Spike. Signature
3 mutations in the Gamma lineage were all non-synonymous except for a
single synonymous substitution in ORF1a/b.

Delta was the first VOC to dominate worldwide and replace almost every other
lineage in all regions. The initial Delta sequence (Pango lineage B.1.617.2)
contains six Signature 1 mutations. 66% of these changes were non-
synonymous and none occurred within Spike. Signature 2 mutations were all
non-synonymous and displaced throughout the virus ORF's including ORF1a/b,
S and M. Signature 3 mutations in Delta are found in non-coding regions and
N, with the N mutations both being non-synonymous.

Omicron is the most recent VOC to emerge, quickly replacing Delta globally.
Omicron differs from earlier VOCs with a much greater number of Spike
mutations relative to the other ORFs. The first identified Omicron variant
B.1.1.529 has 40 substitutions of which 32 are nonsynonymous changes. This
1s almost double that of Delta, which only had 18. Seven of these substitutions
were Signature 1 changes, two were Signature 3 and ten were Signature 2
changes. There are four non-synonymous ORF1a/b mutations despite this ORF
being substantially longer than SARS-CoV-2’s other ORFs. Only one Spike
substitution was synonymous out of the 21 total changes. This number is even
greater when looking at the major Omicron variants BA.1 and BA.2. BA.1 had
31 non-synonymous substitutions in Spike alone while BA.2 had 28. Between
these three Omicron variants, only two Spike substitutions are non-
synonymous out of a total of 40. Nine of the 40 changes are from Signature 1, 2

are from Signature 3 and 12 are from Signature 2. This means 23/40 of the
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changes appear to come from these three mutational processes. 20 of the 40
substitutions observed in these variants were present in the receptor-binding
domain (RBD) of Omicron, with nine of these changes thought to help Omicron
evade the immune response or increase its transmissibility61l. Of these
beneficial RBD changes, three are potentially the result of Signature 1
activity, 9 are Signature 2 and one is from Signature 3. The high density of
Signature 2 RBD amino acid changes in a variant that has emerged as
Signature 2 exposure increased suggests that the mutational process behind

Signature 2 may have contributed to the emergence of the Omicron variant.
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Figure 2.13: (A) Exposures for each of the SARS-CoV-2 mutational

signatures for both synonymous and non-synonymous stratified datasets.
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Synonymous exposures are below 0 on the y-axis, while non-synonymous
exposures are above 0. Each area represents signature exposures across
epidemic weeks, with colours representing which signature the exposures
are attributed to. (B) Non-synonymous and synonymous mutations in the
tree-based references of identified variants of concern. Signature 1
produces the majority of both synonymous and non-synonymous
substitutions in all lineages. Signature 3 mutations are more often non-
synonymous substitutions in the lineages of concern, with most lineages
having few to no changes. Signature 2 non-synonymous mutations appear
to have increased in the Omicron lineages (BA.1 and BA.2). (C) Variant of
concern associated non-synonymous mutations coloured by the mutational
signature with the greatest likelihood of causing the change. (D) Variant of
concern synonymous mutations coloured by the putative mutational
process that caused the change.
2.5.7 SIGNATURE EXPOSURES AND HIGHLY MUTATED SEQUENCES IN

WASTEWATER DATA
Similar trends over time in exposures are seen when the mutational

signatures are applied to publicly available wastewater data. Although the
trend is seen at a lower resolution than global data, Signature 1 and Signature
3 are gradually replaced by Signature 2 (Figure 2.14A). Although, Signature 2
1s not quite as strong as in the global data (Figure 2.10). This suggests trends
In mutational processes can be monitored using wastewater, not only
sequencing of the infected population. Additionally, at time periods where a
high level of virus diversity is expected, there are highly mutated sequences
present in the wastewater (Figure 2.14C). This suggests cryptic sequences in

wastewater may be used to observe potential upcoming variants, similar to
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how known sequences have been back-traced to particular buildings using

wastewater!62,
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in wastewater sequences for bi-yearly time periods. Highly mutated
sequences cluster to the right especially during the 2021 July-December

time period, as would be expected when Omicron was emerging.

As chronic SARS-CoV-2 infections are implicated as a major contributor to
VOC evolution!48.163 it may be possible to parse highly-mutated cryptic
sequences of interest from chronic infections out of wastewater data in the
interest of detecting potential VOCs. Unfortunately, this is problematic to
deconvolve as sequencing data for immunocompromised and chronically
infected individuals is sparse. When sequences from known chronic infections
are examined, the distribution of mutation types is consistent with global data,
with Signature 1 mutations dominating as expected for samples from January
2022 (Figure 2.14B). Although, due to the low number of chronic infections for
comparison this result is not very conclusive, it does demonstrate how
mutational patterns can be potentially detected in this type of data. Studying
these types of infections, and underlying mutational processes, will be
important to understand better the origins of the sets of mutations that
contribute to the generation of VOCs.

2.6 DISCUSSION

In this study, we investigated SARS-CoV-2 lineage dynamics and identified
temporal variables that are associated with increased numbers of infection
cases. Both public health measures and virus properties were associated with
the sequential waves of regional SARS-CoV-2 infections cases. These
predictors have varying impact in different geographical locations. As more of
the global population’s immune system becomes sensitised to existing SARS-

CoV-2 variants, either through previous infection or vaccination, the virus has
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and will continue to undergo changes that enable reinfections. The continued
emergence of new variants is thus expected. In some regions, government
stringency had limited significant impact on patterns of infection. This could
be due to differences in implementation strategies and support, other
competing predictor variables, as well as behavioural changes in citizens as a
response to the restrictions.

Our analysis highlights the significant role of vaccination in influencing
reported COVID-19 case patterns across all continents, even in regions with
lower vaccination coverage like Africa. Despite Africa’s lower vaccination rates,
the continent has seen a relatively low-level of sustained transmission. This
phenomenon might be attributed to factors such as the younger median age of
the population, lower population density, immune priming due to prevalent
infectious diseases, and limited testing capacity!64. The weak impact of viral
diversity on reported cases in Asia and South America may be explained by the
emergence and dominance of variants such Delta and Gamma in the regions,
respectively. For instance, the Delta variant, initially identified in Asia,
quickly became the predominant strain, overshadowing other lineages before
spreading globally. Overall, the predictor variables significantly contributed to
explaining the rise and fall of infection numbers across different continents,
accounting for more than half of the variance in reported cases. The differences
in the regression effectiveness can be attributed to intrinsic differences among
continents, such as variations in vaccine coverage, testing and sequencing
capabilities, and the effectiveness of government stringency measures.

While our model effectively captured the general trends of infection waves, it

struggled to accurately represent peaks within short time-frames in some
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countries. This discrepancy might be attributed to the omission of certain
predictor variables, like mass gatherings, which are known to contribute to
viral super-spreading events165,

In utilising the OWID and OxCGRT datasets, which are arguably among the
most comprehensive for addressing our research objectives, we note some
limitations. First, there were discrepancies in parameter definitions, such as
varying case classifications across regions. Second, positive tests are commonly
labeled based on their reporting date rather than “date-of-event”!45, Lastly, the
cases reported in these datasets may not be fully representative of the actual
disease burden. Although the Human Development Index (HDI) of a country
can act as a proxy to bridge the gap between reported cases and the true
disease burden, it does not fully capture the entire complexity.

The extracted signatures from the global SARS-CoV-2 dataset show clear and
distinct patterns describing mutational processes acting on the viral genome.
The most prominent of these signatures, Signature 1 (Figure 2.8 and Figure
2.9), shows a marked bias towards C—T mutations, a signal indicative of the
APOBEC family of cytidine deaminases!4:142, APOBEC enzymes have been
shown to cause extensive C—T editing of DNA and RNA in human and viral
genomes. However, it is not yet clear whether they are the cause of this
pronounced C—T bias in SARS-CoV-2 despite a number of other studies also

observing other APOBEC-like mutational patterns152.166-169,

Di Giorgio et al.167 used single nucleotide variant counts from 8 samples of
RNA sequencing data to identify possible RNA editing via host RNA editing

mechanisms. They suggest APOBEC and ADAR as mechanisms due to the
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substitutions observed. Graudenzi et al.166 and Aroldi et al.16® both identify the
same mutational patterns and attribute to the same mutational mechanisms
with an additional G—T signature identified and labelled as reactive oxygen
species (ROS). Aroldi et al.1¢9 expand on the results from Graudenzi et al.166
by investigating mutational signature exposures on the continents and for
VOC samples, briefly mentioning how a lower APOBEC signal was observed in
the Omicron sequences. Graudenzi et al.166 and Aroldi et al.169 both do
mutational signature analysis using NMF on raw reads in order to quantify
the intra-host signal. While our analysis comes to similar conclusions about a
number of these points, our methods differ from each prior study in a number
of ways. Firstly, we look at consensus sequences rather than raw sequencing
reads which means we are tracking the mutations produced by these
mechanisms that are viable to virus survival and contribute to its evolutionary
history. Secondly, we do proper signature analysis using non-negative matrix
factorisation as described by Nik-Zainal et al.170 rather than simply counting
mutations. Finally, we do comprehensive analysis of the exposure matrices,
characterising the effect of the mutational signatures through time for both
continents and variants of concern. We characterise the important mutations
likely caused by the identified mutational processes, show the preponderance
for each signature to pick synonymous or non-synonymous sites, and delve into
the wastewater and immune compromised samples. We expand in meaningful
ways upon each of the prior studies in several respects, while also reproducing

many of their results, suggesting a robust set of analyses with novel insights.
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Cytosines flanked by either an adenine or thymine in both the 3’ and 5’
direction appear to be the most pronounced targets of Signature 1. APOBEC
editing was shown to have contexts outside of the traditional TpC when
structural features of the nucleic acid such as hairpin loops are present!7!,
Outside of structural features, APOBEC3A is thought to be the predominant
cause for TpC changes and is found to be expressed in lung tissuel’2. ApC
changes are considered to be caused by APOBEC1, which in cell models was
shown to efficiently edit SARS-CoV-2 RNA172, APOBECI is found
predominately in the liver and small intestine, tissues reported to be infected
by SARS-CoV-2172.173 Another prior paper from Yi et al.168 also discovered this
APOBECI like pattern, although they were uncertain of its meaning given
that the liver and small intestine are not the primary site of infection for the
virus. However, several studies have reported that SARS-CoV-2 does infect
both the liverl’* and the small intestinel75-177 | Live virus has also been
1solated in at least 2 cases!817 from faecal samples, suggesting a possible
faecal-oral transmission route. Infectivity of the virus was markedly reduced
in an experiment where virus was added to human derived stool samples!80,
and it is unclear how much virus derived from these samples would comprise
an infectious unit. As such, it seems further investigation into the potential for
these transmission chains is necessary, particularly given the highly mutated
“cryptic lineages” observed during wastewater sampling92,
3’ CpG nucleotide contexts are the most targeted, in particular TCG, CCG and
ACG. CpG suppression is a well-known dinucleotide bias. In RNA viruses, this
appears to be a result of selective pressures exerted from the presence of host

CpG sensing molecules such as Zinc-finger Antiviral Protein (ZAP). ZAP relies
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on host CpG suppression to allow it to specifically target non-host genomic
material (such as viral RNA) with higher CpG content!8!, This allows viruses
with lower CpG content to better evade restriction by ZAP since it more closely
resembles the host CpG composition. While ZAP does not induce C—T
changes, it may help explain why C—T sites in a CpG 3’ context are
preferentially edited relative to other 3’ contexts. ZAP has been shown to
restrict SARS-CoV-2 despite pre-existing CpG depletion!®l, ZAP isoforms have
been shown to prevent necessary translational frame-shifting for SARS-CoV-2
ORF1b protein production!82, The non-normalised form of Signature 1 (Figure
2.9) shows that when tri-nucleotide bias is not accounted for 3’ CpG’s are lower
than the normalised signatures, yet 5 TpC and ApC contexts remain the most
prevalent(Figure 2.9). The most targeted contexts do shift to ACA, ACT and
TCT, likely reflecting their comparatively high abundance within the SARS-
CoV-2 genome relative to 3’CpG contexts. These non-normalised contexts are
consistent with what was earlier reported by Simmonds et al.l).

Signature 2 (Figure 2.8 and Figure 2.9) has a nearly identical proportion of
A—G and T—C mutations. These are a known target of the ADAR family of
adenine deaminases. ADAR enzymes typically operate on double-stranded
RNA and convert adenine into inosine. Inosine forms base pairs with cytosine,
which after another round of replication causes guanine to replace the inosine
and complete the A—G change. As ADAR operates on both strands of dsRNA,
the mutational signature resulting from the process is expected to contain an
equal proportion of A—»G and T—C mutations, which is the case for Signature
2. Signature 2 also contains a number of G—A mutations, which could be

caused by low-level C—T activity on the negative sense RNA strand. Due to



118
the cellular strand biases present between the positive and negative sense
RNA167 C—T mutational processes acting on ssRNA are much less likely to
produce a mutation on the negative strand (resulting in G—A substitutions)
than C—T changes on the positive strand. The negative strand will only be
present during the replication phase of the virus while the positive strand will
be present both on cell entry and on exit as the new viral particles are
packaged to infect further cells. This could explain why the negative sense
Signature 1 changes are present in Signature 2, since it may be operating at a
similar level to Signature 2 on the negative strand. The non-normalised form
of Signature 2 (Figure 2.9) does have different targeted contexts, just as with
Signature 1. However, the main attribute of Signature 2 is its equal
contributions of A—G and T—C substitutions, which still remain equal.
Signature 3 (Figure 2.8 and Figure 2.9) is dominated by G—T substitutions. A
putative mechanism for this is Reactive Oxygen Species (ROS) in the cell.
Increases in oxidative stress as part of a ROS ‘burst’ have been associated with
viruses during the early stages of infection 166.183, Guanine nucleotides are
known to be vulnerable to oxidation, with the product 7,8-dihydro-8-0x02’-
deoxyguanine (oxoguanine) pairing with adenine bases rather than
cytosinel83.184 Similar to inosine causing A—G changes, this change to
oxoguanine will result in a G—T mutation after a replication cycle. The lack of
C—A changes in the signature also suggests that the mechanism is most
active on the positive single-stranded RNA rather than the negative single-
stranded RNA. The initial positive single-stranded RNA is found in the
cytoplasm, meaning it can be easily accessed by ROS and other mechanisms of

mutation. Viral replication is thought to take place within membrane-bound
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environments that aim to protect the RNA. The presence of double-stranded
RNA within these environments strongly suggests that this is the case83 and
may explain the relative lack of negative strand mutations in SARS-CoV-2
signatures.

The non-normalised G—T signature (Figure 2.9) seems to display a context
preference of TpG and ApG nucleotides, although this contextual bias is
changed to CpG and ApG following normalisation. These contextual biases
mean that the signature could be some other as yet unknown editing
mechanism on the viral RNA, although normalisation changing this context so
heavily suggests that this bias perhaps has more to do with genome
composition. The increased CpG context shift post-normalisation could also be
another ZAP-induced effect, where CpG depletion is selected for to help the
virus evade ZAP. Curiously, this G—T bias has been observed in other
coronaviruses, but not widely among RNA viruses!85. ROS has a verified
cancer mutational signature 130.186 glthough the context preferences do not
match the signatures (normalised or non-normalised) observed here. However,
there are a multitude of differences between viral RNA and human DNA that
make these signatures difficult to compare.

It is important to note that while SARS-CoV-2 does have an error correction
mechanism resulting in fewer replicase-induced errors, this mechanism will
not catch all changes. A number of the mutations picked up from the set of
sequences (and included in our mutational signatures) will be derived from
replication errors. However, the clear and repeatable extraction of the
signatures indicates that despite this potential contamination, the extracted

signatures do appear to be predominantly other mutational processes. While a
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replication error associated mutational signature may be identified in future,
this signature is too diffuse to identify as a distinct process. Similarly, a high
proportion of mutations are not accounted for by the extracted mutational
signatures. These mutations were not present in large enough quantities to
enable effective extraction from the data. Future methods may be able to tease
out the more subtle mutational mechanisms that almost certainly exist to
induce these less common mutation types.

Signature activities clearly change in both the global dataset and in the
various subsets of the data for VOCs and continents. In the global data (Figure
2.10) Signature 1 is dominant throughout the pandemic. Signature 2 only
begins to appear around November 2020, after which it appears consistently
active for the remainder of the pandemic. This is approximately when variant
of concern lineages began to emerge, as well as the beginning of the first
vaccine rollouts. This is particularly apparent in the Alpha subset where
Signature 2 is the most highly active mutational process (Figure 2.12), with a
large depletion of Signature 1 activity as well.

Alpha was shown to increase sub-genomic RNA expression of several immune-
antagonist viral proteins including nucleocapsid (N), ORF9b and
ORF677.79.187.188 N 1is thought to shield dsRNA from detection by RNA sensors,
which trigger downstream antiviral response pathways 187-190, ORF9b
antagonises TOM70, a protein required for the activation of mitochondrial
antiviral-signalling proteins (MAVS)!87 while ORF6 inhibits the transportation
to the nucleus of inflammatory transcription factors!®!. Combined, the
cumulative immune inhibition may have resulted in an observable change in

the mutational processes that we observe within the Alpha lineage. Beta and
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Gamma (both VOCs that emerged around the same time as Alpha) gained
amino acid substitutions that helped evade the immune system primarily via
antigenic change. Alpha’s reliance on attenuating immune pathways rather
than antibody binding may be why we see a different signature exposure
pattern in this VOC relative to the others. This could be due to the attenuated
pathways being involved in signalling for the mutational processes behind
Signatures 1 and 3, while not inhibiting Signature 2 as much.
This Alpha pattern is not observed in the other VOC datasets, although Delta
and Omicron have a high level of Signature 2 exposure as well, despite
Signature 1 remaining the dominant process in those subsets. Signature 3
appears to be most prominently found in the Delta subset and remains
consistently at low levels in the global data until January 2022 when it
appears to disappear almost entirely. The Omicron subset has little to no
exposure for Signature 3 and this happens to be the VOC almost exclusively
circulating after January 2022. Why Omicron appears to have so little
Signature 3 exposure is unclear, although unlike previous VOCs, Omicron
differs in its preference of cell entry mechanism. Previous variants of the virus
typically enter the cell using membrane fusion, where the viral membrane
fuses with the cell membrane via the action of ACE-2 receptor binding and
TMPRSS2 cleavage of the spike protein. Omicron instead favours an
endosomal route of entry whereby the viral particle binds to the cell using
ACE-2 and is enveloped by endocytosis into the cell. Cleavage of the spike
protein then occurs via the action of Cathepsin L, which allows for the release

of the viral RNA into the cytoplasm of the now-infected cell54192,
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Signature transitions from Signature 1 to Signature 2 changes occur from
December 2020 onwards in the global dataset and appears consistently in the
VOC and continent-defined subsets around this time point as well. Alpha
underwent a major shift to Signature 2 mutations early in its time as a VOC,
although Signature 1 returned as the predominant set of changes towards the
end of its wave of infections. The non-VOC subset appears to be the least
impacted by Signature 2 changes. However, this can mostly be explained by
the number of non-VOC sequences quickly declining after the emergence of the
VOC lineages. Delta underwent a dramatic increase in Signature 2 and
Signature 3 exposure from July 2021, with Signature 2 becoming the
predominant signature towards the end of Deltas wave. Signature 2 changes
continue into Omicrons introduction, although it does decrease after the initial
Omicron(BA.1) wave from December 2021 to March 2022. It seems clear that
while Signature 1 mutations have dominated in contributing to the
evolutionary capacity of SARS-CoV-2 throughout the pandemic, this
mutational environment is beginning to change. Such shifts in mutational
processes are potentially evidence of changing interactions between the viruses
and the immune systems of the hosts they circulate within. For example,
changes in population-level immunity via vaccination or previous infections
may influence the mutations that we observe in the data. Changing
mutational process activity in consensus sequences from infections is unlikely
to fully reflect the true activity of each process, but they are likely to show
which processes are contributing mutations that eventually make it into

circulating viruses.
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All variants of concern we assessed show predominantly non-synonymous
mutations and all mutational signatures are associated with more non-
synonymous than synonymous changes. More synonymous substitutions in the
lineage references were found in ORF1a/b, which is expected due to it being
the longest ORF. However, this pattern is not observed with non-synonymous
mutations as these are mainly located in the spike protein (Figure 2.13C and
Figure 2.13D). This is consistent with spike being under intense immune
pressure since it is the main glycoprotein for SARS-CoV-2. As such, spike must
change in order to escape the host immune response, while maintaining its
main function of binding and entry into host cells. Signature 1 changes are the
predominant source of mutations in all SARS-CoV-2 VOCs that we analysed,
followed by unattributed mutations, Signature 2 changes and Signature 3
changes. Signature 3 changes were unlikely to be synonymous mutations with
only Beta, Gamma and Delta containing very few such changes (Figure 2.13D).
This is also reflected in the global synonymous/nonsynonymous exposures
where Signature 3 appears completely inactive in the synonymous mutation
subset (Figure 2.13A). Signature 2 exposure appears the most likely to be
synonymous mutations (Figure 2.13A) but this does not seem to be observed in
the VOC lineages where most Signature 2 changes are non-synonymous
mutations (Figure 2.13B).
In conclusion, mutational signature analysis reveals important processes
contributing to SARS-CoV-2 genetic variation and serves as a tool to track the
dominant changes over time and to generate hypotheses about the main
mechanistic processes in play. Specifically, host antiviral molecules as opposed

to replication errors appear to be the main generator of mutations (confirming
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earlier computational studies), a result that requires experimental
confirmation. Despite limitations in potential biases, our findings contribute to

a better understanding of the complex dynamics driving the evolution of

SARS-CoV-2 and the emergence of VOCs.
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3 LARGE LANGUAGE MODELS CHARACTERISE THE

PROTEINS OF SARS-C0V-2

Epistatic Interactions

Deep Mutational Scanning

“With great power there must also come—great responsibility”

Cf. S. Lee and S. Ditko, Amazing Fantasy No. 15: “Spider- Man” (1962)
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3.1 ABSTRACT
Protein language models (PLMs) like Evolutionary Scale Model 2 (ESM-2) use

millions of protein sequences to learn the properties of amino acid sequences.
ESMFold can now fold protein sequences into their 3D structure, with no
alignment or other information about the sequence necessary. The PLM
derived metrics (grammaticality and semantic scores) have previously been
shown relate to important structurally related features such as antigenicity.
PLMs therefore appear to contain information about protein structure and
potentially evolutionary constraint.

Here, we describe how ESM-2 can be used to represent meaningful
information about a novel virus from sequences at various stages of an
outbreak. We show using the SARS-CoV-2 pandemic how these models could
have been applied; both in the early stages before experimental observations
and in later stages for monitoring and horizon scanning. Using PLM enabled
in-silico deep mutational scanning (DMS) we demonstrate that PLMs describe
fundamental properties of viral proteins. In combination with traditional
metrics from protein structure and evolutionary contexts, we show that the
model understands changes to the protein surface, protein stability and
evolutionary considerations. We show that PLMs can differentiate between
phenotypically different viral protein sequences and even demonstrate their
ability to identify mutational epistasis. These model outputs can supplement
the available information, and we make a case for their future application and

use 1n outbreaks or pandemics to come.
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3.2 INTRODUCTION
Natural language processing (NLP) has been applied not just to written

language but also to biological sequences like DNA and proteins!00.118,193 NTP
1s a field that has long tried to model the complexities of human language
using machine learning and statistical methods. Much of this effort has
coalesced around the distributional hypothesis; that the meaning of words can
be largely determined by the context they keep!94. Several different methods
have shown that this hypothesis shows promise!14117, Biological sequences
represent physical molecules which are represented by arbitrary characters.
This is convenient since these characters, each representing an amino acid,
can be processed in the same way as words in natural language. Hie. et al193
show how, much like natural language, biological sequence context can be used
to create informative embeddings that reflect complex properties of the
sequence, and!?3 show how concepts like grammar and semantics that are used
to assess changes in natural language can be applied to changes in protein
amino acid sequences.

Changes to a protein sequence, amino acid substitutions or
insertions/deletions, can alter its structure enough to change functional and
antigenic properties. This can be thought of as changing the meaning
(semantics) of the protein and can be estimated by measuring distances
between proteins in the embedding space. A grammatical sequence in natural
language represents a sequence where the rules of the language are followed.
In the model, this is captured by the probability of the protein sequence. A
more likely sequence includes contexts that are often seen together in the set
of known proteins. Contexts not seen are assumed to be absent because they

break the rules of the protein “language”. Hie et all9 implemented these
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concepts of protein grammaticality and semantics in combination to predict
escape mutations in various viral proteins.

While it is commonly assumed that impactful missense mutations (non-
synonymous substitutions resulting in amino acid changes) in human genome
data primarily leads to disease-associated changes, the alterations in amino
acids observed in virus data (as is also the case for human data) are often
associated with adaptive evolution’7.148, Alternatively, these changes can be
deleterious and may result in misfolding and/or decrease fitness or be
“neutral” and have little to no consequence on viral fitness. Approaches for
assessing these different impacts are premised on comparative genome
sequence data being available to assess features like the relative proportions of
non-synonymous to synonymous substitutions (dN/dS) or evolutionary
conservation at individual sites. Both require sequence alignments.

Similarly, genome sequence-based surveillance methods often require
comparative sequence data to assess the relative growth rate of a pathogen
lineage!95.196 jdeally detected through real-time sequencing. While experiments
can be focussed on an unusual variant when first detected, these can take
months to complete. Protein-based assessment, e.g., disruption of
stability/folding energy, can be used to put mutations in their three-
dimensional context, however, these only assess one aspect of changes in a
linear sequence that impact proteins. The emergence of SARS-CoV-2 and its
subsequent variants of concern (VOCs) Alpha, Beta, Gamma, Delta and
Omicron caused large waves of infections during the pandemic. Predicting
their evolutionary advantage just from their first available sequences, before

the viruses were in widespread circulation, has been difficult to impossible.
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Language-based models could be used to meet this challenge of rapid
characterisation of individual pathogen genomes. With the currently available
models unaware of the COVID-19 pandemic, this represents an opportunity to
test how these LLMs can be used on a novel virus.
Evolutionary Scale Model (ESM) 2100118 jg an example of a protein language
model (PLM). It is trained on approximately 65 million unique protein
sequences gathered by sampling across 43 million UniRef50 clusters and 138
million UniRef90 sequences. Sequences are made of amino acid characters,
with each possible amino acid represented as a unique token in the model. The
largest instance of the model contains 15 billion parameters and marks an
enormous leap in size compared with the previous largest model ESM-1b with
650 million parameters. ESM is trained using the Masked Language Model
(MLM) objective whereby the model is tasked with predicting the amino acid
present at a given masked-out position of the protein sequence. This objective
allows the model to learn the contextual requirements of a given amino acid,
1.e. given a sequence, what’s the likely amino acid at a position. Similar
transformer-based language models such as BERT have used this objective to
produce meaningful textual embeddings that capture complex features of
sentences. Earlier iterations of ESM learned to identify which amino acids
were in contact, but advances in the model architecture allow ESM-2 to predict
full 3D structures of proteins from sequence alone.
Here we demonstrate how ESM-2 can be used with individual SARS-CoV-2
spike protein sequences to identify variants of interest. We show how language
models can provide useful information and actionable information about

sequences. We show that metrics like the semantic score and grammaticality
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can reveal characteristic properties of the spike protein sequence and assess
how they can be used in the context of variant and sequence horizon
scanning. In combination with traditional metrics from protein structure and
evolutionary contexts, we show that the model understands changes to the
protein surface, protein stability and evolutionary considerations. We show
that PLMs can differentiate between phenotypically different viral protein
sequences and even demonstrate their ability to identify mutational epistasis.
These model outputs can supplement the available information, and we make
a case for their future application and use in outbreaks or pandemics to come.

3.2.1 AN INTRODUCTION TO THE GRAMMATICALITY AND SEMANTIC

SCORES
The use of language models to interpret biological sequences like nucleic acids

and proteins has meant the use of natural language terms to describe
characteristics of these sequences has become more common. Hie et al.193 make
big strides in this area, equating the likelihood of mutations in biological
sequences to a measure of the correctness of grammar in a natural language
sequence. They also equate increasing distances between words in a language
model embedding (often used as a measure of word meaning/semantics as
made famous by word2vec!14) to be equivalent to a change in the antigenic
properties of the sequence. They demonstrate rather convincingly that by
training models on the key immunogenic proteins of three viruses (SARS-CoV-
2, HIV and Influenza), this grammaticality appears to represent protein
fitness (i.e. its ability to exist as a folded structure) while the semantic score
identifies possible antigenic change. The combination of these two scores

together can be used to conduct constrained semantic change search (CSCS),
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where mutations are identified with higher antigenic properties that are also
sufficiently “fit” such that the protein should still function.

Much of this chapter is focussed on the discussion of these methods, except we
use a new different model to calculate the values. We use ESM-2190 g protein
language model that is trained on many different proteins across the domains
of life rather than a specifically trained model of the SARS-CoV-2 spike. This
means that we cannot make the same inferences that Hie et al.193 make, since
1t is not clear that distances between ESM-2 embeddings have the same
meaning (i.e. antigenicity) as the Hie et al.1?3 model appears to represent, since
not all of the proteins used to train ESM-2 are immunogenic glycoproteins!0,
In principle, there are no bounds to either score, since log likelihoods range
from between 0 and -infinity, while the semantic score is simply a distance.
However, for the purposes for discussion below, since we are dealing with
single position mutations and our grammaticality scores are ratios between
the reference and the mutated amino acid, semantic scores range from
between 0 to 13, while relative grammaticalities range from -22 to 4. For
relative grammaticalities, a positive value indicates that the mutated position
1s more likely than the reference position according to the model. When looking
at score for full sequences (rather than single mutations), scores range from 0

to -237 for relative grammaticality, and O to 9 for the semantic score.
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3.3 METHODS

3.3.1 ESM-2 AND EVO-VELOCITY
SARS-CoV-2 spike proteins were acquired by filtering the GISAID database

(available from available from https://doi.org/10.55876/g1s8.240620pm) for the

earliest sequences from each PANGO lineage with a fully intact spike protein
sequence. The sequence was then embedded in the ESM-2 model to produce an
embedding for the sequence. For the DMS data and for the embedding scores,
the ESM-2 3 billion parameter variant was used. The semantic score is
equivalent to the L1(Manhattan) distance between the embedding of the
reference sequence (the spike protein from the original Wuhan SARS-CoV-2
genome) and each of the PANGO spike proteins. The grammaticality of a
sequence is calculated as the product of the probabilities of each amino acid at
each position in the spike protein. The probabilities come from a softmax of the
last layer of the embedding and range between 0 and 1. However, many of the
probabilities are small and for numerical stability the probabilities are
represented in the log space. The relative grammaticality is the same as the
grammaticality, except the probability of the reference is subtracted from the
probability of the mutant sequence so that the score is relative to the original
SARS-CoV-2 sequence. The sequence grammaticality represents the summed
log-likelihoods of every reference position in the sequence, rather than just the
mutated positions. For the deep mutational scan, a sequence was produced for
every potential amino acid at every position in the spike protein. Each
sequence was then embedded to calculate semantic and relative
grammaticalities for every mutation. We then used the evo-velocity package!19
to embed the initial sequences using the ESM-2 650M parameter variant, and

then performed velocity analysis and spearman’s rank for the sample dates
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against the pseudo-time. Evo-velocity uses the probabilities from the language
model to produce a vector field of transition states between observed
sequences. This field maps the transitions between sequences and determines
an ordering between the different sequence states using a diffusion process
through the graph. This identifies a root sequence that determines the
directionality of the evolutionary trajectory, which is the summarised by a
UMAP plot, with arrows showing the general direction of “evolutionary”
pseudotime through the sequences. The idea is to identify probable mutational
trajectories using just sequence probabilities. The 650 million parameter
model was used primarily due to hardware limitations of using the larger
model (the required GPU memory was not available), however the smaller
model performs similarly with regards to structural prediction as shown by
Lin et al.190, However, Lin et al.100 show that additional parameters can be
better in certain circumstances which was why the 3B parameter model was
used where possible. The 15B model outperformed all of the smaller models in
their structural tasks, however the results were often again comparable
suggesting certain proteins require the additional parameters to make good

predictions.

3.3.2 FEPISTASIS EXPERIMENTS
The epistasis experiments used an Omicron(BA.1) SARS-CoV-2 spike protein

and embedding this using the ESM-2 3 billion parameter variant. Due to the 3
amino acid insertion “EPA”, the logits (probability values produced by the
model) for this position were subsequently removed to map logits to the 3D
structure. The Omicron(BA.1) sequence contains several mutations relative to

the Wuhan-Hu-1 SARS-CoV-2 reference spike sequence. Each of these
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mutations was reverted one by one back to the reference position, and the
likelihood differences upon reversion were recorded. To eliminate noise,
changes less than 2 standard deviations from the mean across all reverted

mutations were removed and deemed not significant.
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Figure 3.1: Identifying epistatic interactions involves reverting the
mutations from a SARS-CoV-2 variant (here Omicron(BA.1)) and
measuring the effect this has on the other likelihoods. This is achieved by
subtracting the reference likelihoods from the mutant likelihoods (we show
2 example mutation sites C2F and F5L), before mapping onto a PDB
structure of the Spike protein (6VSB, 6VSB_1_1_1 and 6VW1 were all used
in this chapter).

3.3.3 DYNAMIC EMBEDDINGS AND HORIZON SCANNING

Dynamic embeddings were computed by first gathering UK GISAID data

(available at https://doi.org/10.55876/21s8.240621ma) and clustering sequences

into haplotypes with 99.9% similarity. A haplotype here is a representative
sequence from a cluster where other cluster members are at least 99.9%
similar. These haplotype clusters produced 11272 sample date labelled

haplotypes with a sequence returned for each cluster. Each haplotype
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embedding was measured against a mean of the embeddings from the prior 3-
month period using the L1 distance (i.e. the semantic score). For sequence
grammaticalities, mean sequence grammaticalities were calculated in a

similar way and differences measured.

3.3.4 ASSESSING EMBEDDINGS SCORES WITH KNOWN METRICS
The language model’s metrics were first assessed using a spearman’s rank

against several known biological scores. Next, Support Vector Regression
(SVR)197 was used as a simple model to fit the model scores as well as the
embeddings and logits to the biologically relevant metrics. Models were fit to
the data using 5-fold cross validation, and a linear kernel for the SVR. Model
results were reported as the average spearman’s rank between the folds, with

the error bars as +/-1 standard deviation from the mean (Figure 3.10).

3.3.5 SELECTION ANALYSIS SIGNALS
Signals of ancestral evolutionary selection in the animal (bat and pangolin)

Sarbecovirus most closely related to SARS-CoV-2 referred to as the “nCoV”
clade (defined in Lytras et al.198) were inferred on a set of 167 Sarbecovirus
genomes, accounting for recombination by inferring selection separately in
each non-recombinant segment. These results are published in Martin et al.199
and presented in more detail in the following Observable notebook:
https://observablehq.com/@spond/ncos-evolution-nov-2021. Briefly, sites under
negative selection were inferred using the Fixed Effects Likelihood (FEL) and
sites under positive selection using MEMEZ20 by testing on internal branches
of the nCoV clade. FEL calculates the per-site synonymous and non-
synonymous substitution rates20l. Sites denoted as conserved have the same

amino-acid residue among all Sarbecovirus sequences in the analysis. In
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addition, the evolutionary "flexibility" of the site in the SARS-CoV-2 sequence
was obtained as the entropy of the predicted distribution of credible
evolutionary states.

3.3.6 ANTIBODY ACCESSIBILITY, SPIKE PROTEIN STABILITY AND DEEP

MUTATIONAL SCANNING
Structure-based epitope score, referred to as Accessibility, which approximates

antibody accessibility for each spike protein amino acid position, was
calculated using BEpro software202 for a Woo et al. model of the Wuhan-Hu-1
spike protein sequence. Scores relating to substitution probabilities, namely,
Environment Specific Substitution Table (ESST)293 probability, Log Position
Specific Scoring Matrices (PSSM) and predicted AAG, were obtained for every
possible single amino acid substitution for the 6VXX SARS-CoV-2 spike
structure (note that only values for Chain A are included in the results as data
1s generally identical across all three chains). ESST probability values were
calculated using the Environment Specific Substitution Table203 after local
structural environments were calculated by JOY204, ESST substitution tables
aim to incorporate the local structural environment of amino substitutions,
taking into account the secondary structure, accessibility by solvents and
hydrogen bonding between adjacent amino acids2%5. Log Likelihood
substitution values were calculated using PSSM with the DELTA-BLAST?206
algorithm in BlastX. The PSSM is a substitution matrix constructed by
querying a database of conserved domains using the input sequence (the
Wuhan-Hu-1 spike protein), aligning the domains and computing the
substitution probabilities for each position using the alignment2%6, It should be
noted that this is a sequence-based method, so residue numbering does not

match the numbering in 6VXX and values are available for residues not
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described by the 6VXX PDB file. AAG values were predicted by FoldX5207
software. FoldX uses empirical energy functions to predict the energetic effect
of mutations to protein stability. The predicted AAG quantifies the change in
the free energy of unfolding between the wild-type and mutated structure. The
6VXX structure was first repaired with the RepairPDB function to fix residues
with bad torsion angles, van der Walls’ clashes or total energy. Substitutions
were then performed using the repaired structures on all three chains
simultaneously using the BuildModel function, giving the change in free

energy of unfolding, with negative values implying stabilising mutations.

3.3.7 DEEP MUTATIONAL SCANNING DATA
The receptor binding deep mutational scanning data was taken from

experimental DMS studies of the SARS-CoV-2 from Yisimayi et al. (2024) and
Starr et al. (2022)208.209, The Wuhan-Hu-1 scores were taken as is, while the
variant average score was calculated by averaging the scores for each position
between each of the SARS-CoV-2 variant specific DMS results208 (Wuhan-Hu-1,
Alpha, Beta, Delta, Eta). For the RBD mutational escape values we utilised the
high-throughput mutation antibody escape profiling results presented in
Yisimayi et al. (2024)209 This study used a panel of 1,350 monoclonal antibodies
against all possible RBD substitutions. The backbone virus used was the SARS-
CoV-2 BA.5 variant instead of Wuhan-Hu-1, however this should still provide
the most comprehensive dataset of unique substitutions’ effect on antibody
escape. Our mutational escape metric is the average of the raw antibody escape
values for each substitution on each site of the RBD across all tested monoclonal

antibodies. The full spike DMS data was taken from Dadonaite et al. (2023)210
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and DMS scores (Binding, Escape and Entry) are from a BA.2 and XBB.1.5 spike

backbone and averaged together to give the presented score210,

3.4 RESULTS

3.4.1 LANGUAGE MODELS CAPTURE THE MUTATIONAL LANDSCAPE OF
SARS-CoV-2

The earliest known SARS-CoV-2 sequences for each of the PANGO lineages
were extracted from the global SARS-CoV-2 data (retrieved from GISAID) and
their spike protein sequences embedded using ESM-2100.118 The evo-velocity
package was then used to produce a UMAP and evo-velocity plot for the
sequence embeddings. Evo-velocity assigns a putative directionality between
the embeddings that describes the flow of evolution through the UMAP
embedding space. Firstly, evo-velocity!!® shows that the language model
embeddings capture information that can distinguish between meaningfully
different spike proteins (Figure 3.2). Secondly, it illustrates that embeddings
can be used to understand the evolutionary landscape of the protein and the
directionality of its evolution.

The evo-velocity accurately describes the evolution of SARS-CoV-2 moving out
from the non-VOC clusters into VOC clusters as was shown during the
pandemic (Figure 3.2A and B). Omicron and Delta in particular form distinct
clusters separate from the non-VOC sequences and the earlier VOCs, while
Gamma forms a concentrated cluster on the fringe of the non-VOC cluster. On
the other hand, Beta and Alpha are less homogenous. The Sarbecovirus
sequences (which include bat viruses related to SARS-CoV-2) form another
cluster separate from the SARS-CoV-2 sequences. Interestingly, they are

correctly identified as the earliest sequences (Figure 3.2B and Figure 3.3) and
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are placed close to the early non-VOC SARS-CoV-2 sequences. Recombinant
lineages, 1.e., spike proteins that have been produced by combining nucleotide
sequences from two distinct SARS-CoV-2 genomes, have occurred between two
or more VOCs. Many of these recombinants occur between two or more
Omicron VOC sequences, however, several sequences have recombined
between different VOCs i.e., generating an Omicron and a Delta recombinant.
The nucleotide sequence information used in the phylogeny (Figure 3.2C) is
“higher resolution” than the protein sequence due to redundancy in the genetic
code that allows for multiple nucleotide codons to encode the same amino acid.
The additional information provided at the nucleotide level can be necessary
for identifying the correct placement of very similar sequences, particularly
when at the amino acid level they are identical. SARS-CoV-2 spike sequences
are a good example of this, where most sequences are only a few amino acids
changes apart, and convergent mutations have happened repeatedly. The
velocity recapitulates the topology of the representative sequence phylogeny in
Figure 3.2C, with early VOCs more closely related to non-VOC sequences than
Omicrons and recombinants. This supports that the protein sequence
embeddings do capture meaningful representations that can identify
differences between distinct lineages containing many mutations. The tree
provides further confirmation that ESM-2 evo-velocity recapitulates the
evolutionary history of spike, due to this matching of tree topology and evo-
velocity determined UMAP structure. The package uses diffusion analysis
through the UMAP nearest neighbours’ network to identify root and endpoint
sequences, before running a pseudotime simulation to determine the order of

evolution between the two points (Figure 3.2B and Figure 3.3). When diffusion
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analysis 1s used to select the root and endpoint sequences, pseudotime
achieves a spearman's correlation of 0.86 against sampling time with a p-value
of 3.24e-296, confirming that the model has inferred the evolution of the
sequences in the correct order. We can infer from this that ESM-2 embeddings
can reproduce the evolutionary landscape of a protein without fine-tuning or

prior knowledge of the specific protein.
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Figure 3.2: (A) UMAP of initial spike sequence embeddings for SARS-CoV-
2 PANGO lineages and a selection of other known Sarbecovirus spike
sequences. Each lineage is represented by 1 spike embedding. Points are
coloured on VOC classification. Arrows represent the evo-velocity through
the embedding space, which shows a “directionality” of evolution. (B)
shows the sequences coloured by pseudotime inferred using sequence
embedding probabilities to order sequences in time using an inferred root
and an endpoint. (C) Shows an unrooted nucleotide phylogenetic tree of the
spike sequences, coloured again by VOC. (D) shows the spike protein
sequences plotted using their sample date and semantic score coloured

consistently to Figure 1A.

Even using summary metrics (grammaticality and semantic score) derived
from the full embedding, we can largely separate out variants of concern into
distinct groups (Figure 3.2D). Three main clusters can be seen in Figure 3.2, a
cluster containing the majority of non-VOC sequences, a cluster containing
early VOC sequences (Alpha, Beta, Gamma and Delta), and a cluster
containing Omicron sequences. Unlike the UMAP (Figure 3.2A and Figure
3.2B) which is a dimensionality reduction and projection from high-
dimensional space, grammaticality and the semantic score are simple distance
metrics and log-likelihoods calculated from the embedding. As such they are
significantly simpler than UMAP dimensions yet still recapitulate much of the
information shown. The relative grammaticality shows a decreasing trend over

time and the semantic score an increasing trend.
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Figure 3.3: Predicted root nodes and endpoints identified by running

UMAP2
UMAP2

Markov diffusion process over the weighted edges of the evo-velocity
network. The root nodes are correctly identified as the Sarbecovirus spike

sequences, with Omicron VOC sequences predicted as the end nodes.

The VOC lineages show a characteristic "jump” in both semantic score and
grammaticality (Figure 3.2B). Alpha, Beta, Gamma, and Delta form a cluster
away from the non-VOC sequences while Omicron separates into its own
cluster after another step jump in semantic score and grammaticality. The
earlier VOCs may have required fewer changes to compete since much of the
population during these waves was naive to infection or vaccine-derived
immunity. As such, small improvements to immune evasion and or intrinsic
virological characteristics such as replication efficiency could confer major
fitness advantages relative to other circulating lineages. Omicron meanwhile
emerged after massive levels of both vaccination and infection, which may be
why it required a larger jump to outcompete the Delta variant at the time.
Omicron contains many more mutations in the spike protein than previous
variants, it changed its entry mechanism preference and managed to largely

evade previous immunity which resulted in an extended vaccination regimen
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of three doses being reccomended?!1:212, Omicron sequences decrease in their
semantic scores after establishing unlike the other VOC groups. This can
initially be attributed to the emergence of BA.2 which had fewer mutations
than the initial BA.1 wave of Omicron infections. However, despite subsequent
variants increasing their number of mutations to above BA.1 levels, we see
further decreases in semantic score within Omicron. This further suggests that
the semantic score is not simply a proxy for mutation count and suggests that
future variants may be successful without increasing their semantic scores.

3.4.2 IN-SILICO DEEP MUTATIONAL SCAN OF THE SARS-COV-2 SPIKE
PROTEIN

To assess how well the model understands individual mutations, we conducted
an in-silico deep mutational scan using embeddings for every possible single
substitution in the spike protein. Traditional deep mutational scans involve
experimentally substituting an amino acid with every other amino acid for
every position in a protein209.210.213.214 'With a language model, we can do this
by embedding each of these substituted sequences using the model and then
calculating grammaticalities and semantic scores for each.

ESM-2's scores correlate well with the structure of the spike (Figure

3.4). Using the DMS approach to produce relative grammaticality and
semantic scores, we immediately see that the protein has 2 main regions that
broadly align with the two main subunits of Spike S1 and S2 (Figure 3.4A and
(). Relative grammaticalities dramatically decrease when substitutions are
introduced in the S2 subunit of spike. This region is composed of alpha helices
that form the core of the spike structure when the different spike monomers

trimerise. As such, changes in this region could disrupt the formation of a
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stable and functional spike protein by preventing or inhibiting interactions
between spike monomers. On the other hand, mutations in the N-terminal
Domain (NTD) and RBD regions of spike appear to have lower relative
grammaticalities. Despite these regions being important to spike function,
they also need to be flexible to facilitate interactions and accommodate
mutations to evade host immunity. Alignment entropy (specifically Shannon
entropy) is a measure of the variance at a particular site in the protein based
on a multiple sequence alignment, and in Spike, the positions with higher
entropy are found more frequently in the S1 rather than the S2 (Figure 3.4B
and Figure 3.5). This provides further evidence that ESM-2 has correctly
1dentified the S1 as a more variable region than the S2 and suggests that
ESM-2 has learnt this property of spike, despite not being explicitly trained or

fine-tuned on it.
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Figure 3.4: (A) Scatter plot of spike protein DMS. Relative grammaticality
1s shown on the y-axis, with the amino acid position on the x-axis. Points
are coloured on the semantic rank of each change. (B) shows a line graph

of the entropy at each position in the SARS-CoV-2 spike. S1 contains the
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majority of the sites with high entropy, while S2 contains only a few. (C)
Average relative grammaticality at each position on the spike protein
plotted on 3 structures (6VSB_1_1_1, 6VW1)215 the full Spike protein, the
spike monomer, and the spike receptor binding domain (RBD) bound to the

ACE-2 receptor in purple.
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Figure 3.5: Swarm plots for the distributions of entropy and
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the S1.
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3.4.3 LANGUAGE MODELS CAPTURE EPISTATIC EFFECTS OF MUTATION

Since ESM-2 scores appear to correlate well with the spike protein properties
(Figure 3.4), we investigated whether the protein language model
"understands" the epistatic interactions among mutations within spike.
Measuring the model probabilities for reference positions will help to identify
the epistatic interactions induced by new mutations. Language models produce
likelihoods for each amino acid in a sequence based on the context of the rest of
the sequence. This means that the likelihoods depend on the other amino acids
in the sequence, and therefore change if other positions mutate. Positions that
are unaffected by the mutated site would be expected to change very little
outside of stochastic noise, whereas those affected may shift their probabilities
up or down depending on whether the mutation is complementary or not. The
BA.1 Omicron VOC contains over 30 mutations in the protein that make
significant changes to the structure. By reverting the changes of the mutations
from the Omicron(BA.1) sequence back to the reference sequence amino acid,
we can measure the effect this reversion has on the probabilities of all other
Omicron(BA.1) amino acids. We did this for each of the mutated sites in
Omicron(BA.1) and describe in detail here the interactions of three key

mutations E484A, D614G and N969K.
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Figure 3.6: (A) Monomeric structures of the spike protein showing the
changes in probabilities for 3 mutations: E484A, D614G and N969K. The
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and coloured on their domains.
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E484A is an amino acid change that occurs in the S1 RBD region of the protein
which is necessary for ACE-2 binding. Reverting position 484 from A back to E
produced shifts in the likelihoods of the amino acids primarily within the RBD
(Figure 3.6A). Since position 484 is on the RBD surface, this is unsurprising
since it 1s unlikely to be in contact with many other positions in the protein
outside the domain, unlike an internal change. S1 reversions also appear to
have shorter distances to affected positions in sequence space and in 3-
dimensional structural space (Euclidean distance between structural atomic

coordinates) (Figure 3.7).
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mutations and the positions affected by mutations in each subunit. (B)
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Boxplots showing the distribution of distances between mutations and the

positions for each mutation.

However, its impact on the other surface amino acids in the RBD is intuitive
and may help explain why the site is a potent site of immune evasion. The
E484A change primarily impacts local sites in the RBD, at positions 488, 485,

and 486 having the largest absolute changes in probability.
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Figure 3.8: Number of sites with a significant (+/-2 deviations from mean)

change in probability for each Omicron(BA.1) reversion change.

The D614G mutation emerged in spike early during the pandemic78216,217
defining the B.1 lineage, and is now present in all circulating lineages, making
1t particularly interesting to study. It is located near the end of the S1 domain
and is therefore more central in the protein. It is strikingly the amino acid
change that has the second largest number of detected interactions with 45
positions affected (Figure 3.8). Nine of these are in the RBD, with a further 30
in S1 and the other 6 in the S2 region. The largest changes occurred in
positions 615, 617 and 649. 649 is an internal amino acid located directly
behind 614 while 615 is in direct contact with the site and 617 is slightly
downstream. The D614G reversion revealed that sites 617 and 615 both
reduced their likelihoods, suggesting that the D614G acquisition was a

complementary mutation for those sites. Much like E484A, these sites are in
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direct contact with the site which explains why these are the most affected
positions. Interestingly, position 649 appears not be complemented by D614G,
with a likelihood increase of 3.7% on reversion.

N969K is an amino acid change that occurs on the S2 subunit of the protein
and has the next largest number of detected interactions with 46 positions
affected (Figure 3.8). It has some of the longest-range interactions both in
positions along the sequence (more than 600 amino acids away) and in
angstroms (more than 200 angstroms away) (Figure 3.7A and B), which would
appear to indicate that it was a very consequential mutation. N969K also has
the greatest number of affected sites compared with the other Omicron(BA.1)
mutations. It is situated near the top of the S2 region and is right in the centre
of the protein. Two positions have an order of magnitude larger shift in
likelihood resulting from the N969K reversion: 976 with a 21% decrease and
964 with a 15.9% decrease. This would suggest these two positions are very
accommodating of the N969K mutation and are strongly affected by this
change. N969K is positioned in the middle of a loop connecting two alpha
helices at the top of the S2. 976 and 964 are positioned at the end of the first
helix and near the start of the second. The impressive shift in likelihood
suggests that N969K must be interacting with these positions in some way,
whether it be directly or indirectly. N969K is in the HR1 region of Spike which
1s involved in membrane fusion and its corresponding conformational change.
The changes are predominantly in S2, with only 2 sites (330 and 617) out with
this subunit.

Site 330 was consistently found to decrease its likelihood in these three

reversions, but also in a number of other mutations in Omicron(BA.1). This
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prompted an investigation into whether certain sites were more prone to
fluctuations than others, and whether these sites were of functional relevance
or importance. Using the data from the DMS, differences in the likelihoods
between the reference and mutant reference positions were again filtered for
significance and counted across all mutants to identify recurring positions.
Figure 3.6C shows that the language model detects several sites in the protein
that consistently fluctuate their likelihoods in response to changes elsewhere.
Strikingly, positions 499, 723, 1087 appear to be affected by substitutions
across the whole protein while other positions such as 330 tend to have effects
at closer ranges. The consistently affected amino acids in the NTD and RBD
regions of spike appeared to be mostly prolines and cystines, while in other
regions there is a larger spectrum of amino acid types 8 of which contain

aromatic side chains (F and Y) (Figure 3.9).
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Figure 3.9: Amino acids of each consistently affected reference residues
from the DMS data. The NTD and RBD appear to contain mostly
Prolines(P) and Cystines(C), while the rest of spike has a wider

distribution of amino acids.

Using the grammaticality of the whole sequence rather than just its mutations

allow for an estimation of the overall epistatic effect of the mutation on the
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sequence, rather than the likelihood of a mutation occurring given the
sequence (Figure 3.6A and B). This relative sequence grammaticality is the
product of the mutated sequence logits (a pseudo-log likelihood?!8. While some
mutations are unlikely within the language model, selection pressure may
allow these mutations to arise and propagate if beneficial. We see in Figure
3.6D a similar distribution to Figure 3.4A, however many more positions are
now positive indicating that the epistatic effect of the mutation has made the
sequence more likely than the reference. Several important mutations that
have been observed within VOC sequences are among theseTable 3.1.
Interestingly, all these mutations were found to be less likely than the
reference with the relative grammaticality. D614G has a negative relative
grammaticality of -3.07, yet its sequence grammaticality is slightly positive at
0.105, suggesting that the overall sequence is fitter with 614G than 614D.
E484A similarly appears to be a positive mutation in the context of the
sequence while the mutation has a negative grammaticality. N969K however
1s still negative even with the sequence context, suggesting that its effect on
the other positions still make it less likely than the reference sequence.

Table 3.1: VOC mutations that have negative relative grammaticality

scores, yet positive relative sequence grammaticalities.

VOC Relative Relative Sequence
Mutation Grammaticality Grammaticality
L18F -3.249494 0.33822632
T191 -5.546568 0.5583191
D138Y -3.0650895 0.29580688
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R190S -2.4990146 0.6814575
D405N -2.806141 0.08947754
K417N -3.1624873 0.06442261
K417T -2.6595893 0.29382324
G446S -2.9321728 0.18954468
E484K -3.051447 0.012939453
E484A -2.5325012 0.15188599
D614G -3.07005 0.10519409
H655Y -2.001164 0.9272156
P681R -2.175136 0.13928223
T7161 -5.641353 0.5302124

3.4.4 CONTEXTUALISING EMBEDDING SCORES OF STRUCTURAL AND

EVOLUTIONARY METRICS
While the embedding metrics appear to be meaningful, using other

experimentally or evolutionary-derived metrics may help to contextualise the
metrics and ground them in prior knowledge. First, we selected the embedding
metrics and calculated spearman's rank correlations between the scores and
several meaningful traditional metrics.

Experimental scores were used from three in vitro DMS studies, two of which
were performed on the RBD while the other was performed on a full spike
protein. Escape, Entry and Binding were determined from a full spike DMS by

Dadonaite et al. (2023)210 and correspond to: immune escape from human sera,
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cell entry (measured using luciferase expression from pseudotype infected
cells), and binding affinity to soluble ACE-2 respectively. RBD Escape was
produced by Yisimayi et al. (2024)299 using an RBD only DMS. The Wuhan and
Variant binding and expression scores are from an RBD only DMS from Starr
et al. (2022)2°8 where binding to ACE-2 and expression of the protein were
measured across five spikes. The Variant score is made from an average of
both measurements across all five spikes (Wuhan-Hu-1, Alpha, Beta, Delta
and Eta).

We also calculated several computational metrics that are commonly used for
the analysis of protein sequences and estimation of evolutionary constraint.
The crystal structure of the spike protein was used to calculate Accessibility,
B-Factor, AAG and the ESST. Accessibility measures the antibody accessibility
at every position. The B-Factor is the temperature factor derived from the
protein crystallography experiment used to determine the 6VXX structure and
1s a measure of the local fit of the structure to experimental data; it is often
increased if there is static or dynamic disorder. Protein stability change (AAG)
was assessed with the FoldX software. The ESSTs were taken from Mizuguchi
et al.204 and provides a statistical estimate of substitution likelihood based on
the observed frequency of substitutions at amino acids in similar local amino
acid structural environments. We also calculated two sequence-based measure
of substitution likelihood. The position-specific scoring matrix (PSSM) was
calculated using DeltaBlast and calculates the log likelihood of substitutions
occurring based on their frequency in related sequences?9, “Entropy” was used

to provide an estimate of the variability present at a site.
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We observe that the language model scores (semantic, grammaticality and
sequence grammaticality) do not strongly correlate with any of the tested
experimental or computationally derived traditional metrics. However, at least
1 of the language model metrics significantly correlated with all the traditional
metrics (Figure 3.10A). They instead appear to represent something different

entirely.

The semantic score had the strongest negative correlation with likelihood
metrics (ESST, PSSM) as well as RBD based DMS results (Figure

3.10A). Grammaticality scores performed similarly or slightly worse for the
probability metrics although the scores were inversely correlated versus the
semantic score. B-Factor had the best correlation with relative grammaticality
and relative sequence grammaticality which both having a positive
correlations greater than 0.4. This suggests that grammaticalities (which align
well with conservation) may also be a reasonable proxy for protein

flexibility. All metrics struggled with the full spike DMS scores, with
correlations of less than 0.2 for Binding and Escape. Entry was more
correlated however, with correlations of greater than +0.3 and less than -0.3
for grammaticality and semantic score respectively. Correlations were also
below 0.2 for all metrics both for Escape (full spike) and the RBD Escape.
While model metrics clearly correlate with known features, this experiment
shows they are not simply a new and alternative way to describe existing

metrics.
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Figure 3.10: (A) Spearman's Rank correlations between the semantic score,
grammaticality and relative sequence grammaticality and traditional
metrics. Bars not present in a metric category means the correlation was
not found to be significant after a Bonferroni correction. (B) Spearman's
Rank correlations between the language model metric and the traditional
metric. Each pair was fitted using a grid search and a linear regression
model, with 5-fold cross validation. Bars represent the mean of the

correlations, with the error bar +/- 1 standard deviation of the correlations.
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Bars not present in a metric category means the correlation was not found
to be significant after a Bonferroni correction. (C) Spearman's Rank
correlations with a support vector regression model using an RBF kernel

and 5-fold cross validation.

Next, we used the embeddings, logits and score combinations to fit a linear
regression and a support vector regression (SVR) to each of these traditional
metrics and scored the regressions fit using a spearman's rank correlation.
When they are found to be significantly correlated, linear regression
predictions for logits and embeddings either match or drastically outperform
correlations using the model metrics or their combinations (Figure 3.10B).
This is particularly apparent for accessibility and B-Factor with both logits
and embeddings achieving correlations of >0.7 for both metrics. AAG also
improves dramatically with correlations of >0.5 for logits and embedding
features. The RBD Escape data also achieves greater correlations with linear
regression predictions using the logits, reaching >0.45 compared with less that
0.1 for the score correlations alone. Combinations of scores don’t appear to
improve correlations much over individual scores.

Fitting SVR regression results in more consistent and better correlations
across the board, with only binding, escape and entropy achieving correlations
of less than 0.5 with logits and embeddings as features (Figure 3.10C). The
RBD Escape scores also improve reaching a correlation of ~0.6, although
notably the full spike DMS score remains low at ~0.2.

Fitting models using sequence logits and embeddings produces much better
correlations with metrics than simple model derived scores. This i1s expected

since the embeddings and logits provide significantly more information about
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each sequence than can be distilled into a singular score. While the SVR here
performed well for many of the metrics, it seems likely that some parameter

tuning and testing of other model types will produce even better results.

3.4.5 HORIZON SCANNING OF UK SARS-COV-2 SEQUENCES
Once regular sequencing and surveillance are underway, a pipeline for

analysing newly sampled sequences is useful to identify outlier sequences that
may become future VOCs. As we can see from scanning lineage sequences,
language model scores appear to distinguish between the VOC classes well,
but a bigger score does not always mean a variant will take over. As such, we
looked at creating a dynamic moving average embedding that represents the
average sequence circulating at a given time. This way, we can check whether
sequences are both divergent from the SARS-CoV-2 reference, and whether
sequences diverge greatly from what is currently or recently circulating. By
looking at a UK subset of the GISAID sequences, we can assess the usefulness
of this approach thanks to the high sequencing capacity of the UK as well as
the well-defined lineage waves that were experienced there. UK sequences
were clustered to 99.9% similarity and a representative haplotype sequence for
each cluster was embedded each using the model. Sequences were measured

against a mean embedding of the sequences from the prior 3 months.
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Figure 3.11: (A) UK SARS-CoV-2 spike sequences through the pandemic.
Each point represents a sequence cluster with 99.9% sequence similarity.
Dynamic semantic scores were calculated for each sequence cluster, with
the black line showing the mean sliding score. (B) Relative sequence
grammaticalities for each of the haplotype spikes. (C) Semantic scores for

each of the haplotype spikes.

Waves of semantic change take place between all major VOC waves in the UK,
1.e., Alpha -> Delta -> Omicron(BA.1) ->Omicron(BA.2) (Figure 3.11). The non-
VOC->Alpha transition resulted in sequences deviating by semantic score of
>2 although this quickly increased to almost 3 after the emergence of Delta.
Following BA.2, the semantic changes in Omicron have been more
Iincremental, with a gradual increase up to March 2023, a decrease until July

2023. There have been several smaller waves in the Omicron section, which
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suggests repeated dominance and replacement of multiple distinct sublineages
throughout this period. The haplotype embeddings also uncover the large
diversity of semantic scores contained outside just the Pango representative
sequences. Alpha and Delta in particular have a large range of semantic
scores, equalling some of the most divergent Omicron sequences despite pre-
dating them by months (Figure 3.11C). To a lesser extent, the Non-VOC
sequences also have some very highly semantic sequences relative to the
average semantic score during the Delta wave. What is clear is that as a new
VOC began to take over, sequences diverge very quickly from the average
circulating sequence embedding.

Alpha subvariants appeared to heavily decrease their sequence
grammaticality, which might be expected due to its increase in semantic score
(Figure 3.11B and C). Delta appears to have maintained a high sequence
grammaticality despite having a similar number of mutations to Alpha, which
might indicate why it outcompeted Alpha. Omicron (BA.1) gains a modest
Increase in its semantic score while sacrificing a large amount of sequence
grammaticality. However, this is restored by Omicron(BA.2) and later Omicron
derivatives until August 2022, after which point sequence grammaticality
begins to decrease and semantic score begins to rise. There is a small cluster of
Omicron(JN.1) sequences towards the end of sampling that appear to be
increasing the semantic score (dynamic as well as normal) and decreasing the
relative sequence grammaticality.

3.5 DISCUSSION

Protein language models represent a new approach for understanding protein

sequence properties by learning from the high numbers of available protein
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sequences. PLMs are a powerful tool for compressing a significant amount of
evolutionary information and act by transforming a sequence into a numeric
vector representing the models understanding of the sequence's intrinsic
properties. Like traditional language models, the real-world beneficial use
cases for these models are still being explored. However, the ability to predict
structure demonstrates the impressive tasks these models make possible.
Here, we describe several different ways to use these models that either
supplement existing information about a novel virus (SARS-CoV-2) or expand
directly upon it. The use cases for each of these techniques can be summarised

into early, mid, and late stages of an outbreak which we will discuss here.

3.5.1 EARLY

3.5.1.1 DMS
Following the sequencing of the virus, ESM-2 can be quickly used to produce

DMS data for each protein in the virus genome. Here, we focused on Spike
glycoprotein, but protein language models can be used for any of the other
proteins, and almost certainly should be, to gain a more holistic view of the
virus and its properties. ESM-2 appears to understand spike protein
constraints since grammatical changes are shown to be very unlikely in the S2
subunit of spike while regions heavily targeted by host antibodies (NTD,
RBD)220-224 gre shown to be much more likely and have higher
grammaticalities. The relative grammaticality score, therefore, seems to align
well with structural conservation. Amino acid changes in the core of molecules
are more likely to be deleterious and in the case of viruses, targeting of amino
acids on the surface of the protein by antibodies is a driving force for the

fixation of novel changes. In the presence of a protein structure



165
(experimentally or computationally produced), the scores can be mapped onto
the structure to gain further insights. This is particularly useful when
variants emerge, and the semantic scores and grammaticalities for the
variants mutations can be mapped rather than an average as in Figure
3.4C. The semantic score (and the semantic rank) identifies regions of interest
in both the S1 and S2 regions of Spike (Figure 3.4A). Hie et al!93 use the
semantic score as a proxy for antigenic change, however, this is difficult to
reason with at positions that are not involved in any sort of antibody binding.
Since ESM-2 is trained on many different proteins, it makes more sense to
view the semantic score more like a shift in structure/function rather than
specifically antigenic change. Through this lens, the score makes more
Intuitive sense, since a large part of S2 is internal and would not be antigenic
as such. We see regions of high semantically ranked changes in the NTD
region of S1 as well as in the centre of the S2 subunit between positions 850
and 950 (Figure 3.4A). The NTD contains what is known as a “supersite”
which contains several epitopes targeted by potent neutralising antibodies223,
NTD also remains an area of low relative grammaticality and appears to be
accommodating for mutations. With many very semantic positions present in
NTD, there may be plenty of opportunities for the region to make big
structural changes to alter its antigenic properties without greatly affecting

function.

3.5.1.2 Mutational Epistasis
In the prior SARS-CoV-2 variants Beta and Gamma, the 484 position changed

to E484K and helped escape several RBD-neutralising antibodies80.159,

Substitutions of A, D, G and K at 484 were all shown to confer some level of
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resistance to human convalescent sera80.222, E484A appears to have decreased
Immune evasiveness relative to 484K, yet this was thought to be overcome by
epistatic interactions from the nearby 501Y and 498R mutations225. These
interactions helped to boost E484A's immune evasive properties to 484K-like
levels. The strongest of these epistatic interactions was found to be between
498R, which is one of the epistatic interactions picked up by the model. 498R
has a lower likelihood upon E484As reversion, suggesting that the acquisition
of an A at the site is complementary to 498R. While 501Y is not identified,
position 500 is one of the most complementary sites identified with a likelihood
change of -3%, again suggesting the E484A mutation has a positive interaction
with this site. The largest change in likelihood comes from position 488, which
1s mostly internal in the RBD. It does have small surface pockets, however,
and is in direct contact as a result with 484, which explains the magnitude of
the change. It is also directly behind 484 in the RBD structure, so likely in
contact internally as well.
614G was found to increase the stability of the spike protein27 by preventing
premature cleavage of the S1 subunit from the S2. It also appears to slightly
increase both the infectivity of the virus, as well as susceptibility to
neutralising antibodies216:217, The mutation in the wildtype spike appears to
have two main effects: the first is to remove a hydrogen bond between 614 and
859 on an adjacent spike monomer in the S2 domain, the second is at 647
which is now closer to 614 and as a result may reinforce the structure of the C-
terminal domain. ESM-2 does not detect the 859 changes, although this might
be expected due to the nature of current language models. ESM-2 accepts a

single sequence, yet the Spike protein exists as a trimeric multimer. While the
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model may be indirectly aware that spike is trimeric due to its amino acid
composition, the second and third monomers are not present during model
inference. As such, there may be more limited interpretability with inter-
protomer interactions. Training models that more explicitly model multimeric
proteins or protein-protein interactions (PPIs) could be key to unlocking more
1mplicit interactions and better effect prediction. This has become apparent
with other models such as AlphaFold, with specifically trained multimeric
versions of being trained to improve prediction99:226, The interaction with
residue 647 i1s not directly picked up either, although curiously positions 646
and 649 are identified as significant changes, suggesting the model has
detected this region as being involved with the D614G change despite missing
the exact position.

N969K 1is one of the few Omicron mutations that appear in the S2 region and
has a large impact when reverted in the Omicron(BA.1) backbone (Figure
3.6A, Figure 3.7 and Figure 3.8) and has also been linked to the change in
Omicrons entry approach?27. As such, it is clearly an impactful mutation and
due to its positioning is also likely to have inter-protomer interactions. This
has been shown to be the case with the mutation forming electrostatic contacts
with the Q755 residue on the adjacent protomer in the pre-fusion state??8, as
well as interacting with and displacing the HR2 backbone in the post-fusion
spike structure?29, Similar to D614G, these contacts are not observed
potentially due to the lack of the other protomers in the ESM-2 embedding.
N969K has no obvious monomeric interactions, yet the 975 and 964 positions
were found to be strongly affected by the reversion and could be as yet

undiscovered and important interactions.
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Assessing mutations using the relative sequence grammaticality (pseudo log-
likelihood) is also meaningful. Building on the epistasis experiments, it is
apparent that understanding how a mutation impacts the likelihoods of the
other positions in the sequence can be important in interpreting its effect. This
1s clear when comparing the relative grammaticalities to the relative sequence
grammaticalities, since many mutations are predicted to be less likely than the
reference for the former yet more likely with the latter (Figure 3.4A and
Figure 3.6B). This is particularly interesting since a number of VOC mutations
appear to follow this pattern, suggesting that reference positions may help
better identify VOC mutations. The VOC mutation N969K does not change its
prediction between scores but in this particular case the mutation may be a
fitness trade off as it appears to destabilise the proteins postfusion
conformation229 while stabilising it perfusion context?28,

The sites identified as consistently affected by mutated positions elsewhere in
the protein are predominantly amino acids with important structural features.
Proline is a rigid amino acid due to its sidechain binding to its amine group
forming a ring and thus reducing its flexibility 230.231, This sidechain binding
also prevents prolines from forming the N-hydrogen bonds necessary to form
stable a-helices, except for the first 4 residues which do not require hydrogen
bonds?30, As such, prolines are often found in flexible loops, initiators of -
helices, or where sharp turns are necessary for structure. Cystines are also
highlighted and are another amino acid with a unique structural property. The
presence of a thiol (sulphur-hydrogen group) containing sidechain allows

cystines to form strong covalent di-sulphide bridges between adjacent
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cystines?32, Cystines are therefore often critical to protein structure, and
several of the identified cysteines in the spike protein critical sites were
cysteines involved in di-sulphide bridges (Figure 3.6C and Figure 3.9). This
may explain why they are well conserved throughout proteins, and
particularly when they are involved in di-sulphide bridges?32. It appears that
the language model is identifying the constraints that these positions are
under due to their functional importance, based on its understanding of
protein sequence.

To summarise, using just a single spike sequence (and a structure where
available but not necessary), we were able to determine the likely regions of
variability in the Spike protein, and identify regions where mutations were

most likely to impact the structure and function of the protein.

3.5.2 MID

3.5.2.1 Validation of computational methods
With available experimental data, we can validate that the embeddings

contain relevant biological and evolutionary information (Figure 3.10). ESM-2
1s a good predictor of many of the metrics we commonly use to understand how
mutations impact protein structures. While none of the model scores correlate
strongly with any one feature, this is expected and indeed encouraging. The
language model scores appear to be telling us something different about the
proteins from what we can already determine with existing methods.
Language models are now being used for DMS and variant effect prediction
tasks across an impressive array of datasets, and often outcompete other
methods233, They are also being used to improve the effectiveness of

antibodies?34 and even generate new and functional proteins!2l. OQur results



170
here affirm that these models are useful and can be applied to great effect in

the scenario of understanding a novel viral pathogen.

3.5.2.2 Variant of concern sequence embeddings
ESM-2 combined with the evo-velocity managed to successfully capture the

differences between variant of concern sequences and cluster them
appropriately. More impressively, it managed to recapitulate the topology of
the nucleotide sequence phylogeny and reconstruct the direction of evolution
accurately (Figure 3.2B and Figure 3.3) from the diverse bat sequences up to
the latest Omicron sequences. Like evo-velocity, the language model scores are
effective at separating out the different lineages into their VOC categories
(Figure 3.2D and Figure 3.13). Beta and Gamma appear to have the lowest of
the semantic scores (approximately 1.6 and 2.18 respectively), while Alpha
(between approximately 1.8-2.3) and Delta are slightly higher (1.8-3.4),
although Delta has some outliers that reach to almost 6. The semantic jumps
(Figure 3.2) from Wuhan-Hu-1 like viruses (typically below a semantic score of
1) to early VOCs corresponded to regional sweeps by each of the VOCs (Alpha
in Europe and North America, Beta in South Africa, and Gamma in South
America3?). Similarly, Delta also produced a worldwide sweep, mostly wiping
out other VOCs. Each had a similar number of mutations (approximately
between 8-12), yet Delta managed to outcompete them despite also having a
similar number of mutations, yet a higher semantic score. The semantic score
appears to do more than simply count mutations, conveying some structural
that has an impact. However, it is hard to attribute a high semantic score
directly to antigenicity, since Delta had a number of other features including

better entry efficiency!3” and enhanced pathogenicity?3> which both appear to
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be spike mediated. Since ESM-2 is trained on a wider range of proteins, the
semantic score relating to these other confounding features should not be ruled
out.

Omicron 1s the most semantic of all the VOCs with scores between 3.7 and 8.5,
although interestingly it begins to decrease its semantic score over time. Since
the protein still needs to remain functional, there may be limits to how
different a sequence might be to retain its function. Crucially, sequences might
be different semantically from the reference, but with shifting immune
landscapes this may get increasingly less relevant. A real consequence of this
can be seen through the need for more up to date vaccines, since more recent
SARS-CoV-2 sequences tend to evade previously neutralising antibodies?9.236,
This was one of the reasons we investigated the use of a dynamic

embedding. The Omicron cluster separates into 3 “levels” with decreasing
semantic scores at each level and is reminiscent of the subclusters from the
evo-velocity. This suggests that the virus does not necessarily always get more
semantically different as time progresses. It’s also worth noting that the score
does not indicate the direction or type of difference that is being measured,
meaning 2 semantic scores of 6 could also be 6 away from each other. This
might relate to two different functional spikes with similar phenotypes like
early VOC sequences, where spikes had similar semantic scores yet were
antigenically distinct237. This was a big motivation for a dynamic score, since
this dynamic reference helps explain differences between later sequences
better. The three levels primarily correspond to major sublineages of Omicron
1.e BA.1, BA.2 and BA.4/5. This is encouraging since BA.4 and BA.5 only differ

outside Spike?36 | while BA.1 and BA.2 and BA.4/5 are distinct from each other
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bar a set of common ancestral mutations. A caveat to these results is that so
far, all VOC sequences have been significantly more mutated than prior
circulating sequences. However, within Omicron, BA.1 Gammas outcompeted
by BA.2 despite having fewer spike substitutions than BA.1. BA.4/5 spikes
return to a semantic score more reminiscent of highly semantic Delta
sequences yet have fewer spike substitutions again relative to Omicron(BA.1)
or Omicron(BA.2). Deletions may have a role to play here, but also differences
in the mutations between variants may have different combinatorial effects
within the model. Increasing the number of mutations does not linearly
increase the sequence's overall semantic score either. Later Omicron lineages
often have more mutations than the earlier sequence but as yet have not
reached higher semantic scores than Omicron(BA.1) sublineages consistently.
Changes in the semantic score can often cancel out or amplify the effect of
individual mutations in a way that mirrors the combinatorial effects of real
mutations. In this way, the semantic score may be more interesting when

observing the interactions between many mutations.
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Relative grammaticality also produces a similar separation between lineages
(Figure 3.12) although the Omicron sequences appear more homogenous,
especially between BA.2 and BA.4/5. Relative sequence grammaticality
however changes things quite a bit, with Delta sequences resembling the
sequence grammaticalities of Non-VOC sequences and sometimes being
greater than the reference SARS-CoV-2 sequence (Figure 3.6B). Alpha, Beta
and Gamma all appear with lower sequence grammaticalities than Delta and
are less semantically different which may explain why Delta managed to
outcompete them globally. Omicron again shows differences between
sublineages like those observed using the semantic score.
The metrics show a number of sequences that appear to be outliers that could
be future lineages of concern. While these sequences clearly were not, many
potentially concerning sequences might be sampled yet never spread due to
reasons outside the sequence properties such as epidemiology. As such, the
scores can be used to alert concerning sequences, but cannot alone predict
whether the sequence will become one of concern. This is something that will

be relevant for all methods both experimental and computational.

3.5.3 LATE
3.5.3.1 Horizon Scanning
The use of a dynamic embedding reference is clearly useful given the lack of

circulating Wuhan-Hu-1 SARS-CoV-2. With the emergence of antigenically
distinct variants already occurring, it seems likely that many will be
repeatedly infected by SARS-CoV-2 over their lifetime!49. By dynamically
updating a reference embedding that estimates the properties of the currently
circulating virus, we can move away from referring to a reference sequence

that doesn’t exist towards measurements that better reflect the immune
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landscape of the population. We observe variant shifts in the data typically
involve a jump in the semantic score and the grammaticality (Figure 3.2D,

Figure 3.6B and C and Figure 3.13)
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Figure 3.13: Pango representative lineage sequences plotted by their

relative grammaticalities against sampling date.

The dynamic embedding also captures this behaviour when the average
distances rapidly increase, which maps well to these transitions. We see shifts
between the major VOCs (Alpha, Delta and Omicron) as well as between
Omicron sublineages (notably BA.1 and BA.2). Encouragingly, we also see
Interesting transitions at later time points where sequencing has significantly
reduced, particularly towards the end of our analysis. We see a marked
increase after October 2023 which coincided with the emergence of the BA.2.86
sublineages. JN.1 is descendant from BA.2.86, a lineage that much like earlier
VOCs emerged with a huge number of additional substitutions. It did not
appear to spread well until it gained an additional L.455S substitution238, after
which point it went on to expand rapidly and is now one of the dominant
lineages circulating. Its identification by ESM’s model scores highlights the

approach as a potentially viable horizon scanning method. The method also
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gets better when implemented across many different countries, since the
populations will differ in their exposures to SARS-CoV-2 lineages which may

show as different lineage waves using dynamic embedding scores.

3.5.4 EXTENSIONS AND FURTHER THOUGHTS
There are clear areas for improvement when it comes to using language

models to understand protein sequences. Finding ways to explicitly model
protein-protein interactions that occur between multimeric and known
Interacting proteins rather than relying on the models implicit understanding
could be key in improving performance. Most proteins exist as multimers239,
and those that don’t are still likely to interact with other proteins. While tools
like AlphaFold Multimer?26 are enabling multimer prediction, this is not quite
at the level of performance that AlphaFold can achieve with monomer
predictions. ESMFold can also predict multimer complexes, however these are
typically worse than its monomer prediction as well. New pre-training tasks,
inclusion of new tokens, expanded model architectures and more over the
coming years are likely to advance on this. Despite this, there is already
evidence that these models already can distinguish between monomeric and
multimeric proteins even at this early stage of language model adoption240,
Fine-tuning is another approach commonly used in NLP tasks that can
improve performance by providing domain specific knowledge to a general
sequence model to improve performance on domain specific tasks. A relevant
and recent example from Ito et al.24! uses Sarbecovirus sequences, DMS data
and reproduction number estimates to improve upon the base ESM-2 model

when predicting SARS-CoV-2 variant fitness.
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ESM-2 is learning from a vast quantity of proteins in nature that are not
necessarily subjected to the same evolutionary pressures that spike 1is.
Across nature, similar proteins may use the same sequence to produce the
same fold in a protein with a completely different function. These proteins
might be subject to completely different pressures. For example, viral proteins
could be pressured to evade the immune system whilst a host enzyme is
unlikely to be. Fine-tuning large language models may be useful here as well,
since focusing on proteins that are subjected to similar pressures might allow
the model to learn more about where those pressures may exert their effects
1.e. the RBD in receptor binding proteins. Fine-tuning on viral glycoproteins
for example could help ESM to better identify conservation of structural and
functional elements in these proteins without overfitting on the limited
evolutionary information we might have for a single virus.
Currently, there are several ways protein language models can be improved or
extended in the coming years. However, PLMs in their current state are
clearly informative for many different tasks whether that be structural
prediction, variant effect analysis or understanding evolutionary constraints.
While imperfect, they provide a low cost, quick and actionable set of outputs
that can be applied to a diverse spectrum of proteins and used in scenarios
including the emergence of novel pathogens. Continued efforts should be taken
to improve our understanding of these models, and work to improve their
capabilities. Despite this, these models are already incredibly powerful tools
that can and should be used now to supplement and expand our current

understanding of proteins.
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4 INVESTIGATING THE CO-OCCURRENCE OF
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4.1 ABSTRACT
Over the last 4 years SARS-CoV-2 has evolved to produce thousands of

lineages associated with many mutations. Thanks to the massive global
sequencing effort, these changes have been tracked in detail and at a level not
seen in prior viral datasets. This impressive resolution both in time points and
sequence quantity means that mutational patterns such as those discussed in
Chapter 2 can be interrogated. Another such mutational pattern is the co-
occurrence of mutations. Here, we use a strict definition of co-occurrence that
1s defined as two mutations occurring in the same SARS-CoV-2 lineage. We
show that even with this strict definition, we can extract significant co-
occurring mutations across the viral genome. We breakdown the mutational
contexts of these mutations, show how they are distributed across the SARS-
CoV-2 phylogeny, and use protein language modelling to investigate how these
mutations may interact with each other. This type of analysis could be used in
future to identify important potentially interacting mutation pairs which may

help understand future variants of the virus.
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4.2 INTRODUCTION

Across datasets like The Cancer Genome Atlas (TCGA), there are numerous
genes that appear implicated in cancer progression, yet many are in fact
“passenger” events242, These genes do not contribute to the cancerous
phenotype and as such they make it difficult to identify true driver events.
Driver genes are often characterised by their presence across different
occurrences of cancer and their links to pathways such as DNA damage repair
or the cell cycle243, Cancer genes are typically split into proto-oncogenes which
when mutated promote cell growth and division, and tumour suppressor genes
which when mutated typically lose their function of cell growth and
proliferation suppression244. The co-occurrence or mutual exclusivity of
mutated genes can be used to help identify so-called “driver” genes which in
their pathway context can induce cancer development245-247, Due to genes
having similar phenotypes upon mutation or being part of the same pathway,
1t 1s possible to use the patterns of their occurrence to help determine their
potential as cancer drivers. The mutual exclusivity of genes may indicate a
carcinogenic function derived from disturbing a shared pathway, meaning only
one 1s required to produce a tumour progression phenotype248. Co-occurrence of
mutations on the other hand may indicate synergistic epistatic effects are
require for cancer progression243.245.247 'With co-occurrence, these synergistic
effects can stem from the alteration of complementary pathways, effects in a
single pathway, or direct epistasis where mutations interact at a physical
level. Viruses also appear to use co-occurrence particularly within antigenic
epitopes to evade host immunity?49, Single antigenic mutations in the

Haemagglutinin (HA) protein of Influenza are often rare, with subsequent or
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tandem mutations more often required to make meaningful change?59,
Mutations can alter the phenotype or function of a protein by perturbing
epistatic interactions between sites or even between other molecules. For
example, the K65R and M184V mutations found in the reverse transcriptase of
HIV-1 often co-occur as a mechanism for resistance to the use of nucleotide
reverse transcriptase inhibitors2®!. These interactions can have synergistic
effects, where both mutations are required to alter the phenotype in an
advantageous manner for the virus, or antagonistic effects where the presence
of both mutants result in a deleterious phenotype. The paired 69 and 70
deletion in SARS-CoV-2 is thought to compensate for immune evasive
mutations in the RBD since it improves virus infectivity?252.253, This could be
viewed as synergistic since the virus balances out the infectivity decrease
likely gained from the immune evasive mutations. In the former case, the
complementary phenotype can be selected for and may emerge via multiple
independent acquisitions of the same mutations. Continuing with the SARS-
CoV-2 example, this may explain why the 69/70 deletion appears to cycle with
new variants?52, particularly after acquisition of RBD changes.

This 1s similar to cancer where co-occurring genes would be detected across
multiple patients or cancers24’. Where co-occurrence produces a deleterious
pair, this may be observed via mutual exclusion i1.e. where both mutations
independently occur but almost never together247. Given the evidence for co-
occurrence of mutations within viruses, and the usefulness of co-occurrence
and mutual exclusivity-based analysis in cancer, we decided to identify
significantly co-occurring mutations within the SARS-CoV-2 phylogeny and

investigate their impact on the virus. Due to the nature of co-occurrence and
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mutual exclusivity, many samples are required to detect whether mutations
are significantly exclusive or co-occurring. With the number of unique
sequences and lineages, the SARS-CoV-2 pandemic has produced a dataset of
unprecedented size that should allow the detection of significant co-occurrence
and mutual exclusivity among mutations. Using the Weighted Sampling Based
Mutual Exclusivity (WeSME)245 pipeline that has been used to identify co-
occurring and mutually exclusive genes in cancer, we us it to identify a
number of interesting mutational pairs both within the same ORF and across
the SARS-CoV-2 genome. WeSME identifies mutually exclusive and co-
occurring genes using a weighted sampling approach in order to navigate
around the high computational cost needed to comprehensively identify these
relationships i.e. checking every sample and checking every co-occurrence or
mutually exclusive partner in each sample and between samples. We modified
the pipelines input to work with SARS-CoV-2 mutations and lineages rather
than cancer driver genes and samples. Using the identified co-occurrences, we
further investigate how these pairs are located across the viral phylogeny,
determine their mutational contexts, and use large protein language models to
determine learn more about the possible epistatic interactions between these
mutation pairs. The results demonstrate how this combination of tools can
identify co-occurring mutations of interest in a virus and how we can

investigate them further to determine their effect.

4.3 METHODS

4.3.1 TREE-BASED REFERENCE GENERATION
Tree based reference generation is described in Chapter 2. Briefly, an

alignment of ~13 million SARS-CoV-2 sequences was extracted and aligned
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using data from GISAID. For each Pango lineage, the frequency of each
nucleotide is recorded, with nucleotides reaching >75% being called as the
reference sequence. If no reference nucleotide is called, the closest parental
lineage base is used. This produces a full sequence for each Pango lineage.

These reference sequences are then used for the remainder of the analysis.

4.3.2 EXTRACTING MUTATIONS
Mutations can co-occur either via emergence at the same time in the same

virus or via acquisition over subsequent generations. Those that occur across
generations can either be functionally unrelated or indicate convergence to a
functional change. Early mutations co-occur with more mutations over time,
yet these new cooccurrence are less likely to have a functional signal the more
separated over generations the mutations are. Mutations that repeatedly
emerge together might indicate a functional requirement for co-occurrence
where absence of either mutation may be deleterious but presence of both is
beneficial. For this study, when looking at co-occurring mutations, we use the
normalised mutations i.e. mutations that have occurred in a lineage and not
present in the most recent parental lineage. This ensures that mutations that
co-occur do not co-occur via inheritance. The jaccard index was used to
measure the overlap between pairs of mutations in the dataset. A jaccard
index of 1 means that the mutations co-occur with each other in every lineage
they are observed in. A jaccard index of 0 indicates that the mutations are
never observed together within the same lineage. The p-value threshold was
set to 0.01, with a jaccard index of 1 for co-occurrence (i.e. always cooccurring).

This was repeated for both the nucleotides and the amino acid levels.
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4.3.3 CALCULATING CO-OCCURRENCE
We calculated the co-occurrence of mutations using the WeSME python

package?54 which was initially used for estimating co-occurrence and mutual
exclusivity of driver genes within cancer samples. WeSME works by using
gene annotations from different cancer samples, however, we modified the
input so that mutations were used instead of gene names, and SARS-CoV-2
lineages were used instead of sample names. Due to the computational
inefficiency of checking every combination of co-occurring mutations. WeSME
uses a weighted sampling approach derived from mutational frequencies to
efficiently check whether co-occurrences are significant, without having to
check all combinations in a permutation-based manner. WeSME can calculate
both mutual exclusion and co-occurrence using this method, although in this

chapter we look at co-occurrence.

4.3.4 ANNOTATION OF MUTATIONS
Mutations were annotated at multiple levels to identify patterns of co-

occurrence and mutual exclusivity that occur beyond just the nucleotide level.
These include the open reading frame (ORF), the domain, a sliding window
position within the domain, and the amino acid position at which the mutation

occurred in.

4.3.5 LANGUAGE MODEL EPISTASIS
Language model scores were derived using the ESM-2 1-billion parameter

model. Using the same process as in section 3.4.4, we mutated a site in the
protein of interest and measured the change in the likelihoods between the
reference and the mutant sequence. The difference in likelihood was then
plotted onto a structure of the protein and coloured depending on whether the

probability increased or decreased.
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4.4 RESULTS

Using all 13 million SARS-CoV-2 sequences would be computationally
intractable. Instead, the representative tree-based lineages sequences of each
of the Pango lineages created for the mutational signatures from Chapter 2
were used and their mutations counted. The mutations were normalised 1.e.
they were counted against a tree-based reference to remove inherited
mutations. As such, these mutations always arise together within the same
lineage.

4.4.1 CO-OCCURRENCE

For the nucleotide mutations set, 35 pairs of significant co-occurring mutations
were identified that have only occurred together within a lineage (Figure
4.1A). Of these, only 6 occurred more than once and these pairs were
predominantly in N and ORF6, with 1 in Spike and 1 in NSP2 of ORF1a/b

(Figure 4.1B).
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Figure 4.1: (A) Sankey plot showing the co-occurrence between nucleotides
in SARS-CoV-2 excluding inherited mutations. (A) shows the nucleotide
level co-occurrences. (B) shows those nucleotide co-occurrences that
occurred more than once. Each column is an annotation of the nucleotide
mutation. Where annotations do not exist for a column, the above
annotation is inherited (the S ORF is also the S protein). Domain windows

are defined as 20 amino acid blocks of a given domain.

Between ORF co-occurrences were less common, with only 3 co-occurrences at
the nucleotide level which did not happen more than once in the tree-based
lineages. These occurrences were predominantly between ORF1a/b and Spike,

with 1 other between ORF6 and N (Figure 4.1A and B).
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4.4.2 NUCLEOTIDE CONTEXTS OF MUTATIONS
After determining which nucleotide mutations co-occur across the SARS-CoV-2

genome, we investigated their nucleotide contexts for evidence of mutational
processes preferentially producing co-occurring mutations. A—G mutations
were most prominent at CAA, GAA, and AAT contexts (Figure 4.2A). The T—C
mutations (which on the negative strand are equivalent to A—G) showed
biases at T'TT and ATT contexts. Interestingly, this ATT context is equivalent
to the AAT context on the positive strand. C—T mutations and their negative
strand equivalent G—>A mutations were also abundant in the normalised set.
GCT and TCT mutations were the most abundant C—T mutations, while
GGG, TGG, TGT and AGA were all popular contexts for G>A mutations. G—>T
mutations were also present although no preferred context was observed
including in the for negative-sense C—A substitutions. Other substitutions

were less frequent.
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Mutational composition of co-occurring nucleotides split by ORF.

Stratifying substitutions by ORF (Figure 4.2B), we see different distributions
of substitution types and contexts. There appears to be little observable
preference of substitution or context to a given ORF, with ORF1a/b and Spike
having the most substitutions as expected due to their size. The Nucleocapsid
protein (N) does have a number of mutations despite being smaller.

Interestingly, C—T substitutions are seemingly rare in ORFs outside of

ORF1a/b.

cccccc



188

4.4.3 THE LINEAGES OF CO-OCCURRING MUTATIONS
Using the co-occurring mutations annotated onto the SARS-CoV-2 tree, we can

see how these mutations are distributed through the phylogeny.

The ORF1a/b co-occurrences only appears in sub-lineages of B.1.258. It’s
possible therefore that this co-occurrence is an artifact rather than a true co-
occurrence (Figure 4.3). Using Outbreak.info25> to check using up-to-date
GISAID sequences, B.1.258 contains both mutations, suggesting that the tree-
reference may not have had enough sequences to make the correct base call for
this position. The Spike mutation appears in 2 sub-lineages of B.1 although
the B.1 lineage does not contain these nucleotide substitutions either in the
tree reference or in Outbreak.info (Figure 4.3). As such, these mutations do
appear to be significant co-occurrences. The N mutations have two different
lineage distributions (Figure 4.3). The first co-occurring mutations (G28882A
and G28883C) are beside each other but are within 2 different codons of the N
protein. This change appears in 6 distinct lineages, again suggesting this is a
real significant mutation. One of these lineages B.1.1 is a precursor to all the
current VOC lineages. The second N co-occurring pair is found in two lineages
B.1.160 and B.1.1.445, although neither lineage preceded nor arose from a
VOC lineage. The ORF 6 co-occurrence pairs are all within the same codon and
both co-occur with the A27283T mutation and result in the D61L. Both
lineages containing the co-occurrences are major Omicron variants BA.2 and

BA.4.



189

0B.1.258.9
©0B.1.258.24
©0B.1.258.22
0B.1.258.11
0B.1.258.21
©0B.1.258.5

0B.1.258.12

orflab G12988T G15598A Root @ Bo B.1o B.1.258 O-< 0B.1.258.6
0B.1.258.7
©0B.1.258.23
0B.1.258.4
©0B.1.258.10
0B.1.258.20
©0B.1.258.17
0B.1.258.19

—

©0B.1.427
s| [c2ie00r Gz2018T I Root @ Bo B:1-o B:1:4290

0B.1.173

©0B.1.532
B.1.10
G28882A G28883C Root @ Bo B.1 O 0B.1.533

0B.1.534
0B.1.531

B.1.1600
a2s075c umml Root @ Bo Blo B.1.10 0B.1.1.445

BA.40
73837 'rm«cl Root @ Bo B:1-o B:l:1l-o B:1.1.529-0— BA.2-©

2raezc maml Root ® Bo B.lo B.1.10 — B.1.1.5290— gﬁ'gf

Figure 4.3: Lineages of SARS-CoV-2 that contain co-occurring mutations.
Co-occurring mutations filtered by at least 2 co-occurrences. End node

lineages represent those where the co-occurrences appear.

4.4.4 LANGUAGE MODEL EPISTASIS OF CO-OCCURRENCES
Delving into the effects of co-occurrence on the proteins they occur in, we

looked at the amino acid substitutions that resulted from co-occurring
nucleotide mutations. We selected the N:G28882A and the N:G28883C
mutations since they occurred within the same protein and independently
arose in a number of lineages. We measured the effect that both substitutions
individually had as well as the effect that both substitutions combined had on
the reference probabilities of the other positions and filtered positions that had

greater than a 1% difference.
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Figure 4.4: Structures of the N protein coloured by the change in likelihood
cause by co-occurring substitutions. Mutated positions are coloured yellow,
positive likelihood changes are coloured blue while negative likelihoods are

coloured red.

The R203K mutation on its own causes a large negative drop in the likelihood
of G204 by almost 40%, suggesting a massive decrease in the compatibility of
these 2 positions (Figure 4.4). This suggests that the G204R mutation is
compensatory due to a large incompatibility between the K and G amino acids.
Due to the linker regions flexibility256, it is hard to know from a structural
perspective how these mutations may directly affect one another, since this

flexibility could lead to incompatibilities not observed in the predicted
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structure. However, the region appears to be arginine rich2%6, which might be
why the loss of arginine at 203 is accompanied by a gain in arginine at 204,
and why the position becomes less favourable to remain as a glycine following
R203K. The arginine density also make the region more alkaline than the
other domains of the protein, and its basic nature make it a likely RNA
binding region?56, which may again explain the co-occurrence of the loss and
gain of the arginine. The other position that is hampered by all substitutions is
208, which decreases in probability after both substitutions but is particularly
impacted by the combination of R203K and G204R. The decrease at 208 and
209 is less severe than at 204 and is at a different surface of the protein which
may be why it is accommodated. A number of positions including 37, 166, 169,
174 and 312 all increase their probabilities following any of the mutation
combinations.

4.5 DISCUSSION

Despite looking at a very stringent category of co-occurrence (i.e. co-occurrence
without inheritance) we have identified several co-occurring mutations across
the SARS-CoV-2 phylogeny and sequence. The dominance of ORF1a/b and
Spike mutations is expected given their sizes (Figure 4.1A), however the lack
of multiple co-occurrences of these mutations is interesting, particularly since
ORF6 and the N protein have multiple mutations of this type (Figure 4.1B).
The ORF1a/b co-occurrences seemed to be condensed within NSP2 which
appears to have a variety of functions including repressing interferon by
binding to interferon mRNA257 to prevent translation and promotes translation
of viral replication proteins by through interactions with host translational

mechanisms?58, The mutations appear to be distributed throughout NSP2,
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which is interesting given NSP2’s variety of possible functions since this might
hint at multiple functional domains. However, only one of these NSP2 involved
mutations appears in the sequence set multiple times although this is most
likely linked to an artifact of processing. Spike co-occurrences were primarily
located in the NTD which likely suggests an immune evasion role given the
NTD is home to an antigenic “supersite”?23, 5 of the co-occurring mutations lie
within this supersite at positions 13, 144, 145, 152, 246 and the only
remaining co-occurrence with multiple instances is between 2 mutations that
both lie within the supersite (between S13 and W152). The multiple co-
occurrences re-affirm the importance of this domain and suggests that a
number of different mutations in this site can be beneficial. Another
interesting co-occurrence is within the HR1 domain and involves the Q954 and
N969 positions. As mentioned in Chapter 2, the N969K mutation is an
impactful substitution that appears to have wide ranging effects on the protein
according to ESM-2 likelihood changes (Figure 3.6). Its co-occurrence with the
Q954H mutation at the basal Omicron lineage B.1.1.529 and presence within
the fusogenic region of the Spike made these 2 mutations possible candidates
for Omicrons change in entry phenotype??7. Its presence in ~99% of lineages
(checked using CoV-Spectrum?259) following 2022 and Omicrons emergence
suggest that these mutations may be important for function of the variant.

The Nucleocapsid protein has several co-occurring mutations predominantly
within the linker domain of the protein. The N protein is primarily used to
package the viral RNA into the virion26° and has 2 main structural domains at
the NTD and CTD of the protein. The NTD section binds to RNA while the

CTD primarily allows for dimerization since it binds to other N proteins. These
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functional domains are connected by a disordered region known as the linker
which contains a domain for post-translational modification to alter function
and also keeps the domains separated from each other269. Mutations in this
region (particularly within the 199 and 205 amino acid stretch) have been
show to produce remarkably large differences to the number of viruses
produced in an infected cell, increasing by as much as 50 fold in the presence
of the R203M mutation26l, A number of the co-occurring sites detected occur
within this section of the linker region, in particular positions 203, 204 and
205.

ORF 6 has 2 amino acid mutations and 5 nucleotide mutations that co-occur.
This is somewhat surprising give the proteins small size of only 61 amino
acids. The protein is thought to function as an interferon antagonist191.262 go
mutations in the protein may help with viral fitness in improving this
antagonism.

Co-occurrence contexts show a similar picture to what was observed in
Chapter 2 with most mutations resulting from Signature 1, 2 or 3 substitution
types (Figure 4.2 and Figure 2.8). Breaking this down by ORFs did not produce
any strong associations between substitution category and ORF, albeit
ORF1la/b did contain the majority of C—T mutations but this is more likely
due to its size (Figure 4.2B).

Digging into where the co-occurrences appeared throughout the SARS-CoV-2
phylogeny shows that 2 of the ORF6 and 1 of the N mutations that appeared
twice occurred either in VOC sequences or in sequence that preceded them
(Figure 4.3). The ORF 6 mutations are all within a single codon causing the

D61L substitution and emerged in the BA.2 and BA.4 Omicron lineages. BA.2
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derivative lineages make up most of the currently circulating sequences with
97% of sequences in 2024 containing the D61L mutation due to the presences
of the JN lineages which are a BA.2 derivative259, Despite this, it appear the
D61L mutation actually severely impairs the functioning of ORF6 when
binding to the nuclear pore proteins Nup98-Rae1263, This inhibition of binding
subsequently prevents reduces ORF6s ability to inhibit interferon signalling
via the JAK-STAT pathways and as such contributes to an increased
interferon response relative to non-mutated ORF6. BA.2 and BA.4 are highly
antigenically distinct from pre-omicron SARS-CoV-2 variants, so it is possible
that while the D61L mutation should increase the interferon response (and
likely decrease viral fitness), the advantages gained elsewhere in the variants
may allow D61L to be accommodated. Alternatively, D61L may have some
other selectively beneficial effect that has not yet been discovered.

The G28882A and G28883C co-occurrence in the Nucleocapsid produce the
R203K and G204R mutations in the linker region of the nucleocapsid and this
occurs in the B.1.1 lineage as well as a few other smaller lineages (Figure 4.3).
B.1.1 is an important lineage since Alpha, Gamma and Omicron are all
descendant from it. The co-occurrence within the nucleocapsid mutational
hotspot261, as well as its inclusion in most of the VOCs make this co-occurrence
particularly interesting. The combined mutations appear to improve viral
fitness and increase infectivity, with the cause associated with the viruses
increased replicative efficiency256. While Delta and Beta do not share these
mutations, both contain similar substitutions (R203M in Delta and T205I in
Beta) which adds further evidence for a strong selective pressure on the sites

there.
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Language modelling of the mutational epistasis between the R203K and
G204R mutations appears to show that the R203K mutation is very poorly
accommodated by the neighbouring G204 which shows a nearly 40% drop in
likelihood (Figure 4.4). This might indicate why these mutations occur
together, with the G204R mutation being required to accommodate the more
impactful 203 substitution. A number of other sites do increase in their
likelihoods including a number of positions in the NTD (37, 166, 169, 174) and
the CTD (312). Most minor likelihood fluctuations occurred within the linker
region, however increases in the NTD likelihoods could indicate why these
mutations in this region appear to improve RNA packing?6! since the NTD is
involved in binding the RNAZ260, The 208 and 209 positions of the N protein
take a larger decrease in likelihood as a result of the mutations (particularly
R203K) however this lies outside of this highly mutable region and as such
may not be as necessary for the improved functional phenotype.
Using co-occurrence to investigate important SARS-CoV-2 mutations is clearly
a useful methodology. Combined with well annotated trees and powerful
language model metrics, co-occurrence analysis can uncover interesting new
details about how and why SARS-CoV-2 evolves in the way it does. While we
only looked at the most stringent of co-occurrence categories in this analysis,
expanding the analysis to incorporate and investigate convergence of
mutations across viral generations may give an even better insight into the
mutational pressures and phenotypes of co-occurring mutations. Much more
work can be continued here in the future to make this analysis more viable,

practical and useful.
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Firstly, expanding the analysis to include mutually exclusive relationships is
important. There is a rich history in cancer showing the importance of mutual
exclusion in driver genes. Given the similarities between cancer and viruses on
co-occurring mutations, it seems possible that a similar pattern will be
observed with mutually exclusive viral mutations. Evidence already exists for
mutually exclusive mutations in SARS-CoV-2, with the R346 and N450 sites
remaining exclusive in 6 million different Omicron sequences264,
Next, while we have annotated each mutation with its structural context
(amino acid change, domain, ORF etc), we have not investigated further
whether co-occurrence (or mutual exclusivity) resides at levels above the
nucleotide. While nucleotide mutations are the basic molecular unit, co-
occurrence might only provide a functional consequence at the amino acid level
or higher. We know that convergent sites have mutated to different amino
acids (R203K/M in the Nucleocapsid?5¢, E484A/K/Q in the RBD225), yet by
looking at co-occurrence at the nucleotide level we may miss identifying co-
occurrences that occur at these higher levels. By expanding to these higher
levels, we can try to find the “meaningful” level of co-occurrence and mutual
exclusivity 1.e. do mutations simply have to co-occur at the same sites, same
domains, or even the same ORF's to have an effect.
Another critical area of interest is looking at co-occurrence that includes
inheritance. Our analysis aims to identify “interesting” co-occurrence, i.e. co-
occurrence that results because of the selection associated with a gained
fitness advantage or new phenotype. Most mutations in the SARS-CoV-2

genome that co-occur are likely to be functionally independent, so identifying
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co-occurring pairs that are not is a challenge. However, doing so will uncover
co-occurrences that the current pipeline ignores.

Lastly, making the analysis more general purpose so that it can be used to
analyse other viruses is an obvious next step. SARS-CoV-2 benefits from a
wealth of sequencing and research, however there is likely enough data for

viruses like HIV and Influenza that expanding the analysis is warranted.
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5 CONCLUSION

5.1 DISCUSSION
This thesis is a demonstration of how inter-disciplinary thinking and

collaboration can provide novel insights across scientific fields. It began as an
experiment to see whether techniques from cancer genomics and machine
learning could be translated over into virology despite the many significant
differences between these three areas of research. It is apparent that there are
several areas where these domains overlap and that many useful insights can
come from combining ideas across disciplines.

Like many of the best laid plans, many of these approaches expanded to
become much larger parts of this thesis than expected. The initial idea for
Chapter 2 to uncover signatures of mutational processes in SARS-CoV-2
started out as a master’s project in 2020 where I applied a pre-existing tool
used to find signatures in cancer genomes to the newly emerged viral
sequences from SARS-CoV-2. It quickly became evident that because of viral
specific factors such as transmission pre-existing tools would be unlikely to
extract meaningful mutational signatures, hence began a project that
continued in my PhD. We contributed to evidence that there are three
predominant mutational processes that are producing mutations in SARS-
CoV-2, characterised these processes as mutational signatures (Figure 2.8 and
Figure 2.9) and demonstrated that these processes are not static but have
dynamic activities throughout the pandemic (Figure 2.10). We see that
different lineages appear to have different exposures of each signature, which

may be due to phenotypic differences (Figure 2.12). We related these
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signatures to the amino acid substitutions that were likely produced by them
and show how these mutational processes are likely to be the primary source
of SARS-CoV-2’s evolutionary capacity (Figure 2.13).

Language modelling is another domain which has quickly expanded outwith
its initial domain of natural language processing and into biological data.
Initially a subsection of Chapter 2, this expanded into its own chapter once we
appreciated the possibility’s language models offer. We followed the study by
Hie et al’3 and generated semantic and grammatical scores using the larger
amino acid based protein language model ESM100.118 ' We did this for every
possible amino acid in the spike protein of SARS-CoV-2 and showed that
language model scores capture important properties of the protein such as
conservation (Figure 3.4). We took this further showing that model
embeddings appear to “understand” the differences between the major SARS-
CoV-2 VOCs (Figure 3.2) and can be used to estimate an evolutionary
pseudotime that correlated with real lineage emergence dates (Figure 3.2B
and Figure 3.3). We then demonstrated that the embeddings and logits could
be used to train effective predictors for a variety of biologically meaningful
variables, indicating that these representations are meaningful and predictive
(Figure 3.10). We show that using language model likelihood changes following
inserted mutations, we can measure the possible epistatic effects the mutation
has on surrounding amino acids (Figure 3.6). The opportunity to model
epistasis computationally based in single sequences is interesting, particularly
given much of the change we observe in the virus over time is stepwise. We can
check these mutations to determine possible future mutations, and

supplemented with prior DMS scores can evaluate the potential impact of
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current and future variants. Using the whole protein DMS, we also observed
sites that were frequently affected by mutations at multiple sites across the
protein (Figure 3.8) which we hypothesise to be positions of structural or
functional constraint within the protein. These positions appear to be linked to
amino acids with important structural features such as cysteine and proline
(Figure 3.9), again indicating at these positions are structurally constrained.
With the models understanding of the protein having been established, we
presented the idea of using the language models in a surveillance setting,
processing each new haplotype and generating language model scores for each
(Figure 3.11). We showed that averaged embeddings could be used to represent
a circulating virus background to measure against, supplementing the original
Wuhan-Hu-1 reference which has long since become extinct (Figure 3.11). This
chapter aimed to show how language models even in this early state can be
used to answer interesting biological questions. Language model scores
represent a new way of measuring differences between sequences, embeddings
and likelihoods make for powerful predictors and likelihood changes offer
interpretable insights into epistatic interactions and their effects on mutations
across the protein sequence.

Finally, we investigated the phenomenon of mutational co-occurrence and how
this manifested across the SARS-CoV-2 phylogeny during the pandemic. We
narrowed in on a particular type of co-occurrence where mutations always co-
occur together. We discovered many co-occurring mutations across the
phylogeny and gathered information on their locations at various levels such
as nucleotide, amino acid, domain and ORF (Figure 4.1). We then investigated

whether these mutations shared similar contextual patterns, and if this could
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be explained by regions of the genome such as ORF (Figure 4.2). We further
investigated the co-occurrences that emerged multiple times in the SARS-CoV-
2 phylogeny, and found that the mutations in ORF6 and N are both present in
VOC sequences or VOC precursor lineages (Figure 4.3). We then utilised
language models to predict how the N protein mutations might interact with
each other and other positions in the protein and discovered that the G204R
mutation may be important for accommodating the R203K substitution
(Figure 4.4). We showed in this chapter that by investigating co-occurring
mutations, we can discover interesting mutational interactions that hint at
possible functional consequences for viral proteins. We think that in future,
this pipeline could be a viable way of investigating what co-occurring
mutations mean for the lineages that contain them.

5.2 FUTURE WORK

The current state of machine learning for use in virology has never been more
exciting. During my PhD, a number of transformative resources and tools have
been released which have now become almost as ubiquitous in use as BLAST.
First, the release of AlphaFold® transformed structural biology allowing for
de-novo predictions of structures. The ability to fold proteins is powerful since
the 3D structure is often what drives protein function and is a basic
requirement for computational docking experiments that are used to help
discover new drugs. AlphaFold has since improved to predict not only
monomer structures, but protein-protein complexes and missense mutation.
The ability to predict structures computationally is of critical importance

especially in understudied areas of biology. Structural biology is expensive and
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time consuming, while AlphaFold can generate structures with little cost and
much quicker, making structural biology accessible to many more researchers.
A further bonus of larger structural databases is that structural homology can
be better understood. The release of Foldseek88 allows these questions to be
answered at scales that simply were not possible prior to its release. Foldseek
allows users to search for structural similarities in much the same way as we
traditionally do with sequence similarity. For virology, this is important since
many virus proteins differ enormously at the sequence level but have strong
structural conservation that allows for similar function. Viruses are known to
mimic host proteins in order to hijack host cellular machinery, meaning that
structural homology of viral proteins can also be used to help determine their
protein interactions and possibly functions.

Biological language models have achieved widespread adoption over the last
few years. Initially these were predominantly protein language models,
however with increasing model parameter counts, context lengths and
expanding datasets, there are now language models for DNA, RNA and even
single cell datasets265-267, These models are in their infancy, yet the rapidly
developing capabilities in the natural language field suggests that there is a
lot more potential for these models to improve in coming years. Within the
protein language domain these models are now being picked apart to
determine what they learn, how they do it, and what they can be best used for.
Work from the Li et al.268 has shown the models appear to scale efficiently for
learning structure based tasks but appear to plateau on more functional
prediction tasks. This might suggest that the masked language modelling

objective used to train these models could be reaching its limit for learning
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these properties. However, it presents an opportunity to investigate other
training objectives such as next sentence prediction or using an expanded set
of mask tokens that may help the model learn these interesting properties of
sequence. The ProteinBERT model from Brandes et al.269 for example add
annotations to the training input so that their model learns to link sequence to
functional annotations. Work from Zhang et al.270 has shown that performing
operations directly on model logits produces interpretable contact maps of the
sequence, showing that the model probabilities themselves encode structural
information about sequence without the need to train an additional regression
head. This also complements the work from Li et al.268 since it shows that the
predominant features that are learnt by the model weights appear to be
structurally important motifs or co-evolving positions rather than more
abstract concepts such as the energy functions or folds of the protein. Insights
such as these expose the current limitations of these models, which in future
will be areas in which improvements can be made. ESMFold00 still produces
on average less accurate structures than AlphaFold, but critically can make
structures without alignments a major limitation of AlphaFold. Where known
sequence homology is limited, ESM-like folding tools offer impressive folding
capabilities. The ESM Metagenomic Atlas built using ESMFold produced
structures for over 700 million protein sequence, vastly expanding the number
of total protein structures and offering a new structural insight into vast
quantities of metagenomic data. Chapter 3 covered many of the applications of
language models even before their use to produce protein structures, yet there
are still many things that can be investigated in future to improve them.

Understanding more about how finetuning based on specific viral species (i.e.
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Influenza, Coronaviruses etc) or specific proteins like glycoproteins might
change the model is an open question. Determining the extent to which
language models understand protein-protein interactions when embedded
together or individually is another important area that needs to be explored,
particularly since AlphaFold 3 now appears to predict complex protein-
molecular interactions. New model architectures such as MambaZ27! and
Hyena?72 permit large extensions to the context window of language models,
yet it is not clear that the efficiencies afforded by there architectures are worth
the trade-off to interpretability that are found with traditional attention-based
mechanisms. Evol23 is a nucleotide model based on a striped-hyena
architecture can reach whole genome level contexts, yet despite this enormous
context increase in many tasks is comparable with models orders of magnitude
smaller. However, its ability to predict gene essentiality in E. coli is something
that previously could not be done in the same way. I think it is highly likely
that over the coming years, we will see remarkable advances in the abilities of
these models, and hopefully a sweet spot between context length, performance,
and ease of use.
The work of this thesis lays the groundwork for a multitude of different future
directions. The tools developed as part of Chapter 2 to uncover mutational
signatures can be readily implemented in the event of a future pandemic.
Given the usefulness of genomic sequencing during the SARS-CoV-2 pandemic
and the increased accessibility of sequencing machines across the world, it
seems highly likely that future pathogen outbreaks will be extensively
sequenced. With ever larger sequencing databases, the viability of observing

mutational signature patterns increases and so too does its usefulness as a
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technique to identify mutational processes that enable viral evolution.
Language modelling continues to progress at breakneck speed, leaving several
avenues of investigation open including fine-tuning new viral specific models,
experiential validation of model predicted epistatic interactions, and
expanding beyond protein models to look at RNA and DNA effects.
Investigating putative evolutionary trajectories is another possibility since
language models allow for quick inferences on the probability of different
sequence outcomes. With tools like Evo-velocity, and even using the logits or
embeddings straight from the model, it may be possible to map out future
trajectories that the virus may take. Unintuitively, we know this i1s not always
the most likely mutations the language models suggest since these models are
unaware of the immediate selective environment the proteins are in from the
host immune system. As such, developing ways to supplement these models
with this information (potentially via fine-tuning) could allow for predictive
fitness landscapes. Looking at co-occurrence and mutually exclusive sets of
mutations may help here, as these mutations often appear to require the other
mutation due to intense selective pressure or exclude it from ever occurring.
Uncovering the mechanisms behind these patterns can give us a better
understanding of the selective landscape as well as the protein constraints.
Expanding the analysis to incorporate co-occurrence across different
generations of the virus will also be important, since convergence of mutations
clearly indicates useful adaptations that should be investigated further.

To conclude, the work completed during this PhD will continue to be developed
further in the coming years. Incorporating techniques and methods from

machine learning has allowed me to answer interesting questions about the
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evolution of SARS-CoV-2 throughout the pandemic. I believe that the work
here forms a basis for several projects in the future, which I hope to pursue.
These include further questions about SARS-CoV-2, but also how these
methods can be applied to other viruses, bacteria or even cancer.

Protein language models are easily transferable to different domains and are
often trained in a manner that allows this. ESM-2100 is not a virus specific
PLM, yet we used it to accomplish a number of virus specific tasks. While fine-
tuning PLMs may help them to better perform in different domain areas,
many of the base models remain somewhat agnostic to the proteins they are
given. This means that we can begin to perform in-silico PLM experiments on
cancer genes like BRCA1 or TP53 which might help us to reason with their
mutations often being drivers for cancer progression273, Antimicrobial
resistance (AMR) is a huge emerging issue since it drastically harms our main
line of defence against bacteria (antibiotics). PLMs are already being used to
help identify the resistance causing bacterial genes274, however there are
opportunities to also perform in-silico DMS to help identify genes that can best
be targeted by new or existing antibiotics. In-vitro DMS has already proved
useful in identifying key bacterial proteins for antibiotic targeting275, so
scaling up this type of analysis to scan larger numbers of bacterial proteins
could prove increasingly useful as AMR increases in prevalence. Again, the
pairing of this type of DMS analysis with co-occurrence and mutual exclusivity
Iinvestigations as we demonstrated in Chapter 3 with the nucleocapsid could be
used to identify mechanistic reasons for the acquisition of AMR by bacterial

genes where single mutations are not an obvious cause.
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Looking back to viruses, I find there is an exciting opportunity with PLMs and
generative modelling to ask whether we can make actionable predictions of
evolutionary trajectories. Evo-velocity is not currently used to predict forward
trajectories, yet thinking of PLMs as a sequence context aware version of
transition matrices like the BLLOcks SUbstitution Matrix (BLOSUM) could
allow us to simulate possible forward steps in an evolutionary process.
Combining this with the work on mutational processes in Chapter 2 could
allow us to estimate likely trajectories not just at the nucleotide level where
mutational processes generate possible viable genomes, but at the amino acid
level where selection on the functional protein may dictate whether those
genomes are viable or fit for function. Again, while SARS-CoV-2 is a blueprint
for what virus datasets should look like, we should push this work into other
viral datasets to show whether these approaches offer a generalised way to
looking at evolution from a machine learning perspective.

There is much more work to be done, and I look forward to continuing with it.
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