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Abstract

Therapeutic monoclonal antibodies (mAbs) are a successful class of biologics in the
treatment of cancers, autoimmune diseases and others. However since the first anti-
body treatments were developed in 1986, only about 144 mAbs have gained clinical
approval from regulatory bodies at the time of writing. A contributing factor to this
is that their discovery pipelines and clinical trials can be subject to late-stage fail-
ures due to developability issues, which, in brief are a mAb’s intrinsic ability to
be produced at scale and tolerated by the patient. Concurrently, libraries of paired
heavy and light chain antibody sequences have been collected from next genera-
tion sequencing of human, or genetically engineered mice, repertoires. This thesis
hypothesises that by using antibody language models, the developability features
of clinically approved mAbs and library antibodies can be compared and used to
screen library antibodies for new therapeutics.

As aresult, a triaging pipeline has been constructed where a library of antibody
sequences are input, and undergo the following processes: physiochemical feature
triaging based on sequence statistics; unsupervised learning to identify antibod-
ies with similar features to clinical mAbs; prediction of physiochemical properties

using linear models and supervised learning to predict which would pass clinical



trials, and which are therefore good candidates for new therapeutics. This pipeline
hopes to improve the chances of a given mAb to reach the clinic through identifying
candidates with good developability profiles early in the selection process.
Furthermore this thesis has worked to develop upon antibody annotation lan-
guages where a graphical drawing program for multispecific antibodies was written
in order to encourage their development and improve the consistency of cataloguing
their formats. This work has already been employed by the World Health Organi-
sation International Non-proprietary Names Committee and is applied to new and

historic applicants to clinical trials.
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Impact Statement

Therapeutic antibodies have demonstrated their utility in treating many diseases
which threaten human health organisations including cancers, auto-immune dis-
eases, and recently have been used as emergency treatments for Covid-19. Anti-
bodies can be raised against antigens of interest, making them useful for targeting
any part of a disease pathway. However what becomes important is to screen can-
didates for developability issues which can hinder a drug’s ability to be tolerated
by the patient or produced at industrial scale. Furthermore, overcoming these de-
velopability issues during candidate selection does not guarantee that a drug will
be successful at clinical trials, as 75% of antibody therapeutics fail at this stage .
The cost of entering a new biologic to the clinic is estimated at $2.6 billion (USD)
and so late-stage failures result in lost time and expenditure which could have been
invested in a more successful candidate.

Consequently, developability prediction has been used to avert these issues,
and bioinformatic pipelines have been published and can be licensed to pharmaceu-
tical companies in stages of lead candidate selection. The shortcomings of these
current pipelines is that their statistics are either based on simple sequence statistics

which are poorly informative, or computationally expensive structural modelling,



which is unsuitable for high-throughput screening and can only be applied to lead
candidates. This thesis aims to address the problem of high-throughput developabil-
ity prediction by using antibody language models which can encode sequence and
structural information learned through training on millions of sequences quickly to
find features correlated with previously successful antibody drugs. The advantage
of high-throughput screening for developability prediction is that developability can
be considered at a stage earlier than lead candidate selection, and can be applied to
libraries generated from immunization campaigns and phage display, to identify the
most suitable candidates based on developability.

The work has potential to impact a number of stakeholders. Firstly, it will ben-
efit research into antibody developability, demonstrating that language models can
be used to identify antibodies with favourable developability profiles. Secondly the
pharmaceutical companies aiming to bring new therapeutics to the clinic will benefit
by this pipeline de-risking the road to the clinic and causing fewer expensive late-
stage failures. Thirdly, if this pipeline is successful in bringing more therapeutics
to market, it has large ramifications for patient outcomes if improved therapeutics

which are better tolerated are introduced.
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Chapter 1

Introduction

This chapter aims to give the reader a suf cient background on antibodies, their ge-
netics and structure, explaining where antibodies come from and how they can be
collected to assemble libraries. After this, the introduction covers therapeutic anti-
bodies, developability and developability prediction. These sections are necessary

to engage with the results chapters of the thesis.

1.1 Introduction to Antibodies

Antibodies, or immunoglobulins (lg), are large "Y'-shaped proteins that play a ma-
jor role in the adaptive immune system'’s response to infection [1]. They carry this
out by binding to antigens with high af nity and speci city to neutralise them or ini-
tialise the formation of a membrane attack complex [2]. Antibodies consist of four
chains: two identical heavy chains and two identical light chains, where the variable
domains of the heavy (Y and light (\{) chains interact to construct an antigen bind-
ing region. Although antibody amino acid sequences are highly conserved, points

of diversity give an antibody its speci city. Consequently, monoclonal antibodies
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(mAbs), antibodies with the same binding af nity and speci city, are useful tools in
experimental reagents, imaging, and therapeutics. mAbs have become an important
class of biologic drugs capable of treating a variety of diseases including cancers,
autoimmune diseases and recently, Covid-19 because they can target speci c steps
in a disease pathway [3, 4]. This thesis introduction covers antibody structure and
function, the introduction of mAb therapeutics and developments to improve their

discovery pipelines and functionality.

1.2 Antibody Genetics, Structure and Function

Antibodies are produced by B cells, each producing an antibody with a heavy and
light chain unique to clones of that cell [4]. While all immune system cells origi-
nate from heamatopoetic stem cells in the bone marrow, B cells undergo a unique
differentiation that is dependent on their ability to generate functional antibodies.
At each stage of B cell maturation, if the antibody produced is not functional or
the antibody binds to self-antigen expressed in the bone marrow, the differentiating
B cell will commit apoptosis as part of the negative selection against non-functional
antibodies [5]. This section will detail how those antibodies are produced and how
diversity is introduced.

There is no single gene to code for antibodies, nor does each possible antibody
have its own gene embedded in somatic cells. In fact, there are many genes that
encode the regions of the antibody that are recombined during the process of B cell
differentiation. At the IGH chain locus on human chromosome 14, a selection is

made for one of each of 39 IGHV (variable), 27 DH (diversity) and 6 JH (junction)



1.2. Antibody Genetics, Structure and Function 4
genes, which are recombined to give a fylldomain in the heavy chain. For the
light chain, there are two loci offering a greater diversity for selection, one for IGK
on chromosome 2 fok light chains and IGL on chromosome 22, offering 40 V-
kappa with 5 J-kappa, and 32 V-lambda and 4 J-lambda gene segments respectively
[6]. For both V, and \{ domains, it is standard to the V region gene to trace the
‘germline family' which genes the antibody has come from.

Heavy chains have one variable domaip)(&d a dependable number of con-
stant domains (L, G2, C,3, G4), usually with a hinge region between the
Cy1 and G,2 domains (except for antibodies of the IgM and IgE classes), whereas
light chains have one variable domain \\and one constant domain (C These
chains interact so the two heavy chains interact at the bottom prong of the "Y'
shape, which are then made up of the interaction of the hinge regions and constant
regions. This gives thEc fragment of the antibody. Furthermore, light chain and
heavy chain pairs interact to form one fork of the "Y' shape each, which makes up
the Fabregions of the antibody, which is the interaction of the variable domains,
and the G1 and € domains (Figure 1.1a). Lastly, the variable regibu)(is where
interaction of the Y and \{ domains of the antibody takes place. This interaction
gives the antibody its antigen-binding properties. Hweregion of the antibody
demonstrates a high level of polymorphism in sequence and local structure, which
is achieved through rearranging and selecting the genes that express the antibody
inside the B cells which produce them [4, 7].

Within each }, and Y domain of the protein, there are three hypervariable

loops known as “‘complementarity determining regions' (CDRs) that have the most
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Figure 1.1: Antibody topology. a) 1gG antibody showing heavy chains in blue and light
chains in green. Domains have been labelled and fragments incledjri@b
andFv have been labelled. B)v fragment showing yYand \{ domains as rib-
bons, highlighting the complimentarity determining loops in red at the interface
of the domains [13].

interaction with the antigen and therefore are attributed the most importance in bind-
ing. CDR1 and CDR2 of theMand Y regions of the protein are both located within

the V gene segments and their structures follow canonical classes that have been rel-
atively well characterised [8, 9]. However, the CDR3 sequence overlaps both of the
V and J segments in the,\and \{ domains, with the addition of the entire D gene
segment in the YCDR3 loop (CDR-H3). In addition, junctional diversi cation
occurs where insertions or deletions at these junctions contribute to even greater
diversity and, in turn, high to binding af nity (Figure 1.1b)[10, 11, 12].

Before a B cell matures, it undergoes a series of checkpoints in the bone mar-
row, including pairing the heavy chain with a surrogate light chain, and an immune
checkpoint to ensure that the antibody produced does not bind to self-antigens, a
mechanism which fails in autoimmunity [14]. If these checkpoints are passed suc-

cessfully, the pre-B cell may proliferate and then begin rearranging the light chain
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genes in attempts to pair them, starting witk Bght chain. In cases where the light
and heavy chain do not pair, the cell may either iteratd itgght chain recombi-
nation or switch to & light chain genes. If, after this recombination, the resulting
combinations fail to pair, or the antibody is found to bind to the self-antigen, the
cell undergoes apoptosis. Otherwise, the cell progresses to an immature B cell and
is released into the blood and lymph tissue [12].

Initially, B cells produce antibodies of the IgM and IgD classes, which are gen-
erally low-af nity antibodies which then undergo somatic hypermutation. When
signalled through interleukin T cell-dependent pathways, the antibody may switch
classes to either IgG, IgE or IgA antibodies by switching the constant region do-
mains that are expressed with the antibodies. The genes encoding these domains
are found in a locus downstream of the variable domains and ordered: IgM, IgD,
IgG, IgE and IgA. Appropriate constant domains are selected by removing the
protein-coding sequences that are before it in the locus. For example, if an anti-
body switched to IgE: the genes encoding IgM, IgD and IgG classes and subclasses
would all be removed but the gene for IgA would remain, but not be transcribed.
The chosen class can depend on cytokines signalled to the B cell [15].

The mature B cells producing high af nity antibodies will go on to differentiate
into memory cells. During differentiation into memory cells, somatic hypermuta-
tion may occur to generate higher af nity antibodies, usually belonging to the IgG
class [4]. Once the antibody becomes highly speci c to a given target, clones of
the same antibody will continue to be made by the memory cells upon reactivation

through encountering the original antigen that caused those antibodies to be raised.
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To study this diversity and how these sequences of different lengths relate back
to the original germlines and to compare residues in a position in relation to another
sequence, numbering schemes were developed as opposed to traditional sequence
alignments. As of 2024 there are ve established schemes which have been pub-
lished and adopted by researchers: Kabat [8]; Chothia [16]; Martin (also known as
enhanced Chothia) [17]; AHo [18], and IMGT [19] which aim to apply antibody
numbering in different scenarios by allowing different substitution and insertion
mutations as well as changed de nitions of CDR loops [7]. For instance, the IMGT
numbering scheme is harmonized across antibqdgnd \/ domains and T Cell
receptor variable domains, whereas the Chothia numbering scheme is more focused
on structural alignment by incorporating the canonical CDR loops.

Taking this into account, there are numerous stages of B cell maturation where
diversity may be introduced to the B cell receptor sequence. Estimates of the poten-
tial diversity of the antibody repertoire have varied betweel? {20] to 10'° [21]
through to 188 [22]. Whatever the actual number may be, the importance of it is
that the potential diversity is astronomically large and full of useful sequences for
antibody applications. The next section will explore how collected data is starting

to explore this space and how these datasets may be mined for those sequences.

1.3 Antibody Libraries

Although having an antibody with a known antigen is useful information, it does not
give immediate clues as to how to pair other antibodies with antigens. It was not

until phage display, a screening method in which a large number of antibodies stored
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in physical libraries could be screened against an antigen of interest simultaneously
and binding antibodies could be identi ed. These libraries are built by taking known
sequences of antibodies obtained from Sanger sequencing. While these would have
been limited in number, the library could be augmented by cloning and diversifying
these sequences through multiple sets of ampli cation primers [23].

Phage display works by expressing differeptavid Y domains on the surface
protein coat of M13 bacteriophages as a single chaifsd-v) fragment. This is
where the {{ and \{ domains are conjugated by an arti cial peptide linker. The
antigen of interest is be bound to a plate where the phage with a binding antibody
variable domain will bind. Successive rounds of “panning' where antibodies are
allowed to bind to the target are carried out. Antibodies which do not bind are
washed away with a buffer solution then antibodies which do bind are eluted from
the solution with a low-pH buffer to stop the interaction between the antigen and
bound phages. The phages that remain are then ampli ed to increase the number of
binders. Antibodies that bind after successive washes of increasing concentration of
buffer solution are expected to be rare strong binders within the library and can then
be recovered and characterised [24, 25]. Display libraries have powerful applica-
tions to search for an antibody which binds to an antigen of interest . While phage
display can offer large libraries (HUCAL offers up to'1qQ26, 27]), the chances
of success of phage display are dependent on the quality and diversity of the li-
brary used [27]. Phage libraries require appropriate conditions including -80°C and
protection from environmental factors for long-term physical storage.

Other research has been conducted on how the repertoire of B cell receptors
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changes between age groups or in response to immunological challenge or im-
munisation. This work has been accelerated through improvements in single cell
RNA sequencing allowing unpaired and paired antibody sequences to be recorded
[28, 29, 30, 31, 32]. As a byproduct of this work, digitally stored libraries of hun-
dreds or thousands of paired antibody DNA or amino acid sequences have been
made available as a resource, mostly through the Observed Antibody Space (OAS)
dataset [33].

Although protocols for single-cell B cell repertoire sequencing may differ be-
tween studies, they are mostly based on the same principles. Donor B cells may
be collected from human blood samples, isolated, and then encapsulated in droplets
[28] or loaded into ow chambers containing only one cell [34]. Paired libraries
of Vy and \ sequences are then generated after reverse transcription PCR and se-
guencing of amplicons [28, 35].

Furthermore, pairing heavy and light chains becomes possible through the use
of DNA barcoding the transcripts of individual B cells, allowing them to be traced
back to a single cell. Knowledge of pairing is important for understanding how
the repertoire generates its diversity and effects [36]. This work has suggested that
pairing between heavy and light chains may not be a random process and that some
favoured pairings may be more stable [28], something that was previously demon-
strated in smaller datasets [37]. However, it is acknowledged that what is captured
in these datasets is only a fraction of the potential diversity that was discussed in
the previous section as these datasets are usually technologically limited to around

10,000 paired sequences [35]. Therefore, efforts to explore this space are needed to
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make use of this data.

There has also been much commercial interest in generating libraries using
antibodies sequenced from immunised animals and human patients to screen them
for useful sequences. Although several studies have made these data available, it
is likely that there are many proprietary datasets that are not in the public domain
for commercial or privacy reasons [38]. For example, Kymab generate arodnd 10
sequences per week (personal communication). These proprietary datasets are gen-
erated either by sequencing particular groups of patients with potentially strong
immune systems or by introducing novel mutations to existing sequences and aug-
menting the data to provide added value to these libraries [39]. Hypothetically, such
libraries designed for speci c applications have a higher chance of nding antibod-
ies that have clinical potential, rather than the snapshots taken in generating more

general antibody libraries.

1.4 mADb Therapeutics

The potential of antibody-based therapeutics was postulated long before their rst
regulatory approval. Between 1891-1896 Ehrlich described a hypothesis for the
formation of antibodies (then antitoxins) as a ‘magic bullet’, meaning a drug that
was perfectly suited for a speci c target without side effects. These ideas were later
applied by Behring and Kitasato in serum therapies for diphtheria and tetanus where
the blood of animals exposed to weakened bacteria was inoculated into patients and
offered immunity in future disease challenges [40].

While this offered hope that these therapies can be applied, there were short-
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comings that Ehrlich would not have been aware of. Firstly, the antibody response
produced in nature is polyclonal, which means that many different antibodies pro-
duced by different B cell lineages are made against the same infectious agent chal-
lenge, each with a different binding af nity that makes the process suboptimal and
dif cult to quality control. Secondly, due to the size and molecular complexity of
antibodies, inoculating antibodies from one organism to another runs the risk of
generating an immune response against those foreign antibodies, even if the organ-
ism is the same species. Thirdly, inoculating with serum could also risk infection
with blood-borne diseases.

The rst of these points was addressed by producing monoclonal antibodies
(mAbs), which are clones of the same B cell with producing the same antibodies
binding to the same epitope of an antigen with the same binding af nity [41]. This
was especially directed toward the 1gG class of antibodies as these are circulating
antibodies that, after undergoing rounds of somatic hypermutation, bind to their
antigen with a higher af nity than IgM. Kohler and Milstein became the rst peo-
ple to publish a method of producing mAbs using the hybridoma technique, where
B cells that produce antibodies of the same lineage are hybridised with immortal
myeloma cells. The resulting hybridoma would then produce and secrete many
copies of the same antibody which is much easier to screen for quality and develop
into a clinical therapeutic [41].

Despite the inception of mAbs, mass production of antibodies using hybrido-
mas is not feasible, so production of mAb therapeutics is done as any other bio-

logic drug is made. The antibody coding genes are excised into a bacterial plasmid
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that may be transfected into, and expressed by a variety of eukaryotic cell lines
on an industrial scale in a production culture. Most often it is the Chinese Ham-
ster Ovary (CHO) cell line [42]. This made it possible for the rst licensed mAb
drug, Muromonab, to be approved by the US Food and Drug Administration (FDA)
and released in 1986. This was a murine IgG antibody (OKT3) used to treat kid-
ney transplant rejection by targeting the CD3 cell marker expressed by T cells and
suppressing the immune response [43].

Although this was an incredible breakthrough in biologic drug design, there is
still a signi cant risk that using a murine antibody for a drug in humans will lead
to an immune response. However, in the case of kidney transplant rejection, it is
likely that these patients will also be taking other immunosuppressive drugs, and so
patients are less likely to mount a response in the rst place. The phenomenon of
immune response to mAb therapeutics causes great concern in their development
pipeline. This immune response, known as an anti-antibody response (AAR), and
the increase in anti-drug antibodies (ADAS) in the blood means that future admin-
istrations of that drug will be eliminated before the drug exerts its desired effect
[44, 45, 1].

Before the rst murine antibody therapeutic was approved for use, chimeric
antibodies were developed using mouse variable domains conjugated to human con-
stant domains [46]. The importance of this process was not only a reduced chance of
immunity, but also the ability of mAb drugs to effect downstream effects via the hu-
mankFcg receptor with immune recruitment, complement and recruited basophil de-

granulation [47, 48]. Humanized antibodies take this principle a step further, and are
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the result of grafting mouse CDRs onto human variable domain frameworks, again
leaving the constant regions as human [49, 50]. 'Back mutations' are usually neces-
sary to recreate some of the murine framework residues important for the structure
and orientation of the CDR loops after humanization, which is usually done through
computational analysis or arti cial phage display libraries to nd residues and po-
sitions which minimise immunogenicity and maximise binding. This offered a new
method of reducing the immunogenicity of mAb therapeutics and allowing the drug
to tackle a host of new drug targets that did not require immunosuppression.

While the majority of therapeutic mAbs have arisen from these immunisa-
tion programs, phage display became useful to screen many antibodies against the
antigen of interest simultaneously [24, 25]. This technique is useful as a high-
throughput screen to identify leads in drug screening programs, and to make anti-
bodies a more feasible class of biologics. At least 17 approved mAb therapeutics
have emerged from phage display including Adalimumab [51], Necitumab [52] and
Avelumab [53, 27]. Furthermore, fully human antibodies can be produced from
transgenic mice strains including the HuMab Mouse [54] and XenoMouse brought
about by deleting or silencing the chromosomal loci which express mouse antibody
regions and introducing human antibody genes using yeast arti cial chromosomes
[55, 56]. Successful drugs from this method of discovery include Ipilimumab [57],
Brodalumab [58] and Cemiplimab [59].

More recently, Tixagevimab and Cilgavimab are antibodies isolated from re-
covered human Covid-19 patients that were given FDA approval to treat the same

condition [60, 3]. This story has demonstrated the value for the human antibody
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repertoire to be mined for potentially useful antibody sequences, particularly in re-
covered patients as a method of quickly responding to outbreaks of a new pathogen,
or nding individuals with rare immunities to cancers or neurodegenerative diseases
despite genetic predispositions.

Often, any antibody recovered from organisms, phage display libraries, or sin-
gle B cells will undergo some sort of optimisation such as af nity maturation to
maximise its binding ability or to minimise developability liabilities. General ap-
proaches to this include taking the lead antibodies and diversifying them by in-
troducing mutations to the VDJ genes from which the antibody was transcribed
through error-prone polymerase chain reaction [61]. Furthermore, these new mu-
tants can be recombined with different chains by shuf ing, as was the case in gener-
ating the HUCAL phage display library [62, 27]. These follow the assumption that
these mutations may have a combined synergistic effect to increase the af nity of
the antibody [63]. Phage display is then used again to identify the antibodies that
bind the strongest to the antigen. These are then taken forward into pre-clinical and
clinical trials [64].

The process of drug market approval is to recruit participants into clinical trials
that measure the effectiveness of the drug against another treatment or a placebo.
Usually, three phases, increasing in scope and participant number, are undertaken
before approval is sought from regulatory bodies [65, 66]. By the time a drug
reaches Phase 2 trials, it will usually be given a generic name by the World Health
Organisation International Nonproprietary Names Committee (WHO-INN). These

names are general terms used to describe drugs that are not linked to a particular
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brand and are constructed from a set of syllables. Previously for mAb therapeutics,
they end in the ‘'mab’ suf x, with an indication of their source: "‘omab' for mice;
“ximab' for chimeric; “zumab' for huamnized and "umab’ for fully human antibod-
ies. However this naming scheme was retired in 2017 due to market perceptions
that fully human antibodies are better and the advent of more complex constructs
which required a new naming scheme before the nite possibility of names is ex-
pended [67]. The new naming scheme now adopts the "-tug' and “-bart' suf xes
for unmodi ed and arti cial immunoglobulins respectively as well as “-ment' and
"-mig' suf xes to denote antibody fragments and multispeci ¢ antibodies.

Using data from clinical trials, the sponsor, which is usually a pharmaceutical
company, will apply to regulatory bodies such as the FDA for approval to use the
drug in those jurisdictions for a speci c indication. If the data demonstrate that
the mAb gives a benet that outweighs its potential risks, it will receive market
approval; however in 75% of cases of all mAb therapeutics in clinical trials [68],
the drug does not show ef cacy in a clinical setting and will be discontinued or
repurposed by the pharmaceutical company. The process of developing a biother-
apeutic and taking it through clinical trials is estimated to cost around $2.6 billion
(US Dollars), so drugs which fail at these later stages become hugely expensive for
the sponsors

Antibodies are now becoming a fast-growing sector of the biologics market
and FDA-approved therapeutics are used to treat a wide range of ailments such as

cancers, autoimmune diseases and infection, including Covid-19 [3, 65]. The ther-

Ihttps://phrma.org/-/media/Project/PhRMA/PhRMA-Org/PhRMA-Org/PDF
/P-R/proactive-policy-drug-discovery.pdf



1.4. mAb Therapeutics 16
apeutic mAb market received a valuation of $210 billion (US Dollars) in 2022
the time of writing, IMGT [19] reports 130 currently approved Whole mAb ther-
apeutics. Additionally, three market-approved multi-speci ¢ antibodies (MsAbs):
Blinatumomab (bispeci ¢ T-cell engager; [69]); Catumaxomab and Emicizumab
(both bispeci c IgGs); [70].

Engineering to express the antibody only as dfvsor a chain of conjugated
sd~vs have many advantages including a reduced chance of immunogenicity on a
number of fronts: dévs are much smaller than a full immunoglobulin and therefore
less likely to be identi ed by the immune system; tRe fragment is not present
to mediate downstream effects [71]. Additionally, these engineered molecules give
the option of designing intracellular drug delivery systems through internalisation of
sd-vs [72]. However, if theé=c fragment is required to prolong half life of the drug,
proprietaryFc silencing mutations that are introduced including LALA, LALAPG
and STAR have shown greater ability of reduckgmediated immune recruitment
through inhibiting interactions of thEc domain with theFcg receptor [73, 74].
These mutations have demonstrated better ability at reducing immune recruitment
over using what was traditionally thought of as silent isotypes such as IgG4. Fur-
thermore, the ability to design sequencksnovoor generate diversity within a
sequence using generative language models has now brought about a new possibil-

ity of where future therapeutics may come from [75, 33].

2https://www.grandviewresearch.com/industry-analysis/monoclonal
-antibodies-market
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1.5 Multi-Speci ¢ Antibodies

The success of mAbs in the clinic has inspired antibodies with multiple speci cities
to be put into clinical trials. These are non-natural, engineered molecules which
can bind to two or more antigens [76]. The inception of these molecules started
with the quadroma by fusing two different hybridoma cell lines used to generate
mADbs. This fusion could generate a product where during heavy chain pairing, a
heterodimer from the formation of the heavy and light chains of one antibody with
another heavy and light chain of a different antibody would result in an antibody
with two different antigen binding regions. However, this was a wasteful process as
the correct assembly was only one of 10 possible products of the pairing of heavy
and light chains this way [77, 78].

Consequently, efforts for more scalable synthesis have led to new techniques of
multi-speci ¢ antibody (MsAb) generation [79]. DNA recombination has allowed
greater exibility in the design of MsAbs with 1gG-like formats, which can be done
by appending additional B&'s, or camelid single domain,\ fragments (nanobod-
ies) at the N-terminus or C-terminus of the heavy and light chains using engineered
linkers [80, 76, 81]. All of these can give rise to symmetrical antibodies in which
the correct pairings of light and heavy chains are not disfavoured, as seen in the
quadroma.

Alternatively, asymmetric antibodies can be produced by introducing muta-
tions that encourage heterodimerization of heavy chains or specic pairings of
light and heavy chains with different speci cities. Additional residue mutations

for knobs-into-holes (KIH) formats [82] are typically used to form heavy chain
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heterodimers by introducing mutations in thg3ddomains, while introduction of
positively and negatively charged residues in thd @nd ¢ domains of one arm
[83] helps in the correct pairing of light and heavy chains to make the desired asym-
metric antibody format more favourable [79].

Protein engineering also allows the generation of smaller fragment-based
MsADbs including 2-chained diabodies or Bispeci c T-Cell Engagers (BITE) [84].
These non-1gG-like molecules are advantageous because they are easier to produce
(requiring no glycosylation), but they are limited by short half-lives, which can be
extended through human serum albumin (HSA) fusion, PEGylation (addition of
polyethylene glycol), or the addition of cysteine residues which form disulphide
bonds [85, 86]. Antibody-drug conjugates (ADCs) have become popular for de-
livering small molecule drugs to an intended target [87]. Most recently chemical
conjugation by thiol-thiol or amide-amide linkers for ligating antibody fragments in
this way has been seen in the "‘Dock and Lock' and by ligating two IgG molecules
to give 1gG-lgG molecules [79, 88]. Moreover, conditionally active mAbs which
require cleavage of a protein or chemical linker to begin activity in response to
a change in environment pH, temperature, or presence of an enzyme in a tumour
microenvironment [89, 90].

In addition, molecules based around T cell receptors and fusions of these with
sd-vs (such as the ImMmTAC format) are becoming popular and being able to de-
scribe and draw these is becoming more important [91]. While only a handful
MsAbs have thus-far been given regulatory approval (all bispeci cs), many more

are in development and in clinical trials [66, 68]. Given the huge diversity of pos-
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sible MsADb formats, a standardized format for description and annotation would be
advantageous, for example when they are submitted to the WHO-INN or for regu-
latory approval. For small-molecule drugs, “Simpli ed Molecular-Input Line-Entry
System' (SMILES) strings [92] have been adopted as a standard for describing or-
ganic molecules. As yet, no such standard has been widely adopted for biologics.

The Hierarchical Editing Language for Macromolecules (HELM) [93] was in-
troduced in 2012 as a general tool for describing biologics (including antibodies).
It provides a visual editor and has the support of a number of large pharmaceutical
companies including GlaxoSmithKline, Merck, Roche and P zer. Nonetheless, it
has only gained limited traction in the annotation of antibodies and is not currently
used by regulatory authorities, the WHO-INN, or the Chemical Abstracts Service
(CAS) for description of antibody-based drugs. Current limitations which make
HELM less suitable for MsAbs an inability to notate different speci cities of given
Fvon the structure; inability to notate modi cations or mutations in a given domain;
and additional complexity to support other macromolecule biologics. Furthermore,
rather than allowing the user to draw a schematic for an MsAb using simple domain
blocks, the HELM editor requires amino acid sequences in an attempt to draw a

schematic automatically.

1.6 Developability Prediction

Despite success and developments in discovery and lead optimisation, still many
mADs fail to be suitable drug candidates. It is important that antibodies taken as

leads are considered “developable” from their inception, where they can be pro-
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duced on large scales, remain stable enough for storage and tolerated by the patient
[94]. This is why the process comes with a high rate of attrition. Although antibody-
based therapeutics make up a large number of current clinical trials, this does not
guarantee that the drug will succeed in trials, as 75% are discontinued before mar-
ket approval [68, 45]. Usually, the reasons why a drug fails clinical trials are not
directly reported but are most likely due to: a lack of clinical ef cacy; the immune
response of the patient causing a loss of effect in the drug; adverse reactions to the
drug or failure to produce an adequate titre of the drug at scale. However, com-
mercial reasons, including funding withdrawal and poorly designed trials, can also
cause a drug to be discontinued from trials [3]. As these commercial reasons are
dif cult to learn from as they are rarely reported, this has driven research into the
physicochemical properties of mAbs which contribute to their chances of approval.

Several physicochemical features of antibodies have already been identi ed as
possible contributors to in their approval as drugs. Possibly the most important of
these is the propensity of the antibodies to aggregate. For example, the propensity
for drug aggregation contributes to poor shelf life and immunogenicity, as it forms a
large structure when aggregated in the blood [95]. The dif culty is then to untangle
what exactly drives this aggregation propensity.

Although impurities in drug formulation may contribute to aggregation, more
attention has been paid to the sequence and structure features of antibodies them-
selves [96]. Several of these features have already been identi ed. Thermostability
(DG) is a measure of the likelihood that a protein will misfold at high tempera-

tures. Proteins with poor thermostability and high feasibility of spontaneous un-
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folding will have a high propensity to aggregate to maintain the distance between
their hydrophobic residues normally present in their cores and the aqueous environ-
ment. Patches of charged or hydrophobic residues will also encourage aggregation
in a similar manner, especially if they happen to be in the CDR loops, as these are
exposed residues on the antibody surface. Post-translational modi cation ligation
including glycosylation [97, 98]; deamidation [99] and oxidation [100] also present
risks in protein stability that could result in instability or could incite an immune
response in their own right [101].

Methods for measuring some of these developability characteriatiitro,
include differential scanning uorimetry (DSF) assays to measure thermostability,
and their melting temperature [27], hydrophobic interaction chromatography (HIC)
to measure the hydrophobicity of proteins, and dynamic light scattering (DLS) to
measure the propensity for aggregation [102, 103, 3]. However, the nature of these
assays requires expensive protein expression at a suitable concentration and timely
assays, meaning that it is impossible to run these tests in a high-throughput discov-
ery pipeline, and so they are usually reserved for a small number of candidates that
are found to bind to the target. As mentioned previously, another consideration for
an antibody drug is its immunogenicity. Despite this phenomena being observed
since the beginning of antibody therapeutics, there is a poor understanding of why
a mAb would be immunogenic, and even scarcer data on the subject except for
the proportion of patients that mount anti-drug antibodies to new therapeutics for a
select few mAbs [104].

Although introducing mutations to these sequences may improve one of these
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characteristics, it may have a negative impact on another, which has recently
brought about understanding that these features are closely related and that anti-
bodies with developability characteristics must occupy a space where all of these
properties are in a tolerated range: a so-called “developability web”. Despite a
mADb performing well in ann vitro setting, this does not guarantee success in clin-
ical trials and most will be discontinued due to poor ef cacy, safety concerns such
as anaphylactic shock, or resistance due to immunogenicity. This raises even more
guestions and blurs the line between if a drug is unsuccessful because of poor clin-
ical ef cacy or because of mounting an immune response.

The drive to overcome these approval barriers has led to many investigations
into the properties described above and software has become available to predict
the properties of rige antibody sequencés silico using only their sequence. This
allows for faster and cheaper high-throughput screening of candidates to evaluate
which are more likely to be successful before they are taken to trials. The Developa-
bility Index [105, 106] was the rst to offer scoring for aggregation propensity by
identifying regions prone to aggregation using homology modelling to calculate the
isoelectricity and solvent-accessibility-dependent spatial propensity with a scaled
value. However, they also realised that they did not take into account the effect
that post-translational modi cations could have on the aggregation propensity of an
antibody.

Attempts by Hebditch and Warwicker [107] to use computational means to pre-
dict physicochemical characteristics related to developability from an experimental

data [102] set showed a weak correlation of predictive ability with experimental
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data, but it has still been published for other researchers to use [107]. This has been
confounded with previous efforts for the prediction of immunogenicity, which are
mainly based on predicting the similarity of a given sequence to mouse sequences
[108, 109, 104].

More recently, the Therapeutic Antibody Pro ler (TAP) [110] was created as a
development scorer, again generating a model of the antibody to assess surface-
exposed hydrophobic or charged residues in the CDR loops to assess aggrega-
tion propensity. The Deane group used 242 clinical stage therapeutics and the
database used to train TAP to understand the levels of hydrophobicity and aggrega-
tion propensity seen in clinical antibodies. Another recent method was produced by
Negronet al.[111], the TA-DA pipeline which demonstrated an ability to separate
clinical mAbs from a large library of naturally occurring antibodies by assessing
silico calculated properties correlated with clinical mAbs to calculate a developa-
bility score [111]. Although these are promising for candidate selection, the TAP
software only assesses one antibody at a time and requires computationally expen-
sive modelling, making it unsuitable for examining a large library, and the TA-DA

algorithm has not been made available for use.

1.7 Hypothesis and Aims

With the landscape of antibody database expansion and pairing changing with the
advent of B cell repertoire sequencing, tools are required for high-throughput drug
screening that can be applied to pairggand \ antibody sequences. We aim

to develop a pipeline of software that can overcome current barriers to therapeutic
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mADb approval by promoting early selection of leads with developability pro les
that match previously approved mAbs to reduce the risk of failure later on in the
clinical trials setting. Transcriptomic sequencing has been instrumental in build-
ing antibodies libraries that are used in the screening of new possible candidates.
New methods of representing antibodies, including large language models (LLMs)
trained on antibody sequences, are ways of learning subtle sequence patterns that
may represent features that are not yet understood. It is the aim of this work to
apply machine learning and deep learning to antibody sequences using these mod-
els to compare approved and discontinued datasets and to compare how these differ
from the repertoire antibodies.

This project has been inspired by the need to develop an end-to-end bioinfor-
matic pipeline that can make use of the large libraries of paired antibody sequences
that are emerging from next-generation sequencing platforms. This pipeline should
also have the capacity to analyse many sequences together for a high-throughput
screening of candidates. This means that it will have to avoid modelling the anti-
bodies to save computational time and work on sequence-based statistics only rather
than modelling structures of antibodies. Consequently, it is proposed here to use en-
coding of antibody sequences by antibody language models and applying machine
learning predictors to capture meaningful differences between library and clinical
mADb drugs to better understand the reasons why some drugs become successful and
others do not. In addition, the thesis attempts to address the problem of describing
complex structures of (typically) MsAb-based drugs by further developing the An-

tibody Mark-Up Language developed in the Martin group and developing a drawing
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display tool to work with AbML.

The rst results chapter, Chapter 3, will cover separating clinical antibodies
from repertoire sequences using both supervised and unsupervised learning using
antibody language model encodings. Chapter 4 will examine using the antibody
language models encodings to train linear models to predict physicochemical prop-
erties of clinical stage antibodies. Chapter 5 will then look at training binary clas-
si ers on market approved mAb therapeutics and clinical stage mAbs which were
discontinued at clinical trials. Chapter 6 then looks to combine the results from the
previous chapters into a bioinformatics pipeline to detect antibodies with developa-
bility characteristics and are likely to pass clinical trials. An antibody repertoire
dataset is used as an example input for this pipeline. Chapter 7 then outlines the

developments in antibody annotation, AbML and abYdraw.



Chapter 2

Materials and Methods

2.1 Online Datasets and Resources

This chapter will describe the antibody sequence datasets and specialist antibody

tools that were used throughout the project.

2.1.1 abYsis

abYsis [112] is a server that hosts 5896 paired human sequences taken from solved
Protein Data Bank structures, and EMBL-ENA databank [113] and the Kabat anti-
body sequence database [114]. The server also hosts a number of useful antibody
analysis tools including AbNum, abYmod and annotation for post-translational

modi cation recognition sites.

2.1.1.1 AbNum
To number antibodies, AbNum is a tool supplied by the abYsis server which is
capable of numberingMand \{ sequences according to the Kabat, Chothia, Martin,

IMGT and AHo schemes. AbNum works by splitting the sequence into framework
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and CDR loops using pro les derived from the Kabat database [114]. The pro les
are slid across an input sequence to nd the best match, to de ne anchor points in
the sequence. AbNum then numbers the sequence from each pair of adjacent anchor
points until a site where insertions are allowed is found. Any remaining residues

are then given insertion codes [17].

2.1.1.2 abYmod

abYmod is another tool offered by abYsis where homology models are generated
for the antibody framework regions and CDR1, CDR2 and CDR-L3 loops through
templates of the Chothia canonical classes [16] selected as best sequence iden-
tity matches from the PDB. To nd an appropriate loop for CDR-H3, the program
searches a database of CDR-H3 loops from antibodies, but if no loops with the same
length are found, it searches a database of loops from all proteins having appropriate
takeoff geometry. It selects examples by correct length, ranks by sequence identity
and inserts the top ranking loop into the template. Side-chains are modelled from
the outside to the centre of the binding site using the minimum pertubation proto-
col [115]. The Gromacs energy minimization software [116] is used to optimise the
model by removing side-chain clashes and errors in grafting loops to the framework.

abYmod is available as a web server

2.1.2 TheraSabDab

TheraSabDab is a publicly available dataset of therapeutic antibodies with assigned

WHO-INN names [117]. Heavy chain and light chain sequences are reported, as

labymod.abysis.org/
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well as their current stage of clinical trials, approval or discontinuation, and the
target of the antibody. This dataset collects sequences from the WHO-INN [67].

TheraSabDab was accessed in October 2021.

2.1.3 Observed Antibody Space

The Observed Antibody Space is an online repository of paired and unpajred V
and \ sequences compiled from studies that have resulted in large-scale repertoire
sequencing [118, 33]. However, these studies have several methods for pairing
antibody sequences and focus on a number of patient responses after exposure to
different pathogens, including SARS-CoV2 [29], HIV [30] and Cytomegalovirus
[32] as well as healthy patients [31], which can skew the observed result. OAS was

accessed in June 2022.

2.1.4 Anti-Drug Antibody data

A dataset from Markst al. [104] and Clavero-Alvareet al. [119] assembled ADA
incidence for therapeutics taken from clinical trial data found on DrugBank [120].
These data are simply reported as a percentage of patents in a trial that appeared
to demonstrate an ADA titre above a given threshold used in that study. However,
there can be disagreement between trials on the threshold to report ADASs, and in
some cases multiple numbers for the same drug have been reported across trials. In
the case of multiple incidences, the mean reported incidences was given. The result

was a list of incidences for 217 therapeutics.
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2.1.5 Pure2
Data was taken from Stewaet al. [121] where B cells were isolated from three
healthy male blood donors were isolated and sorted into developmental stages with
distinct phenotypes using uorescence-activated cell sorting. The transcriptomes
were sequenced to generate 10X Genomics v3.1.0 libraries through CellRanger
Three additional donors had blood collected and data from their B cell repertoires
representing an older cohort HB91 (male, 77 y.0.), HB86 (male, 69 y.0.) and HB7
(female, 68 y.0.) were added to the Data taken from Stestaatt [121] as provided
by Franca Fraternali and her group. Antibodies were paired by a unique cell barcode
and in cases where multiple different chains were observed with the same barcode,
the chain with the highest count was taken as the true antibody. In total, 10,492
paired antibodies were extracted from the six patients as an ideal example dataset

for our pipeline to work on.

2.2 Statistical Tests

2.2.1 Mann-Whitney U test

The U test is a null hypothesis test carried out on two populations to determine
whether they are statistical different, similar to a parametric t test. The U test is
a nonparametric test, meaning that it does not assume a normal distribution of the
two samples, which in the case of physicochemical property data may be the case.
The values of both populations are combined into a single dataset and ranked from

smallest to largest and the U statistic is calculated for each group and the nal

2https://github.com/10XGenomics/cellranger
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U statistic is then given as the minimum of the U statistics of both groups and
compared to the critical value g 0.05) to determine signi cance (Equation 2.1).
A lower value rejects the null hypothesis, meaning that the samples are different,

where the opposite is true for a higher value [122].

+1
Uy = mn+ w R 2.1)
+1
Uy= mn+e N0F D (2.2)
U = min(Uy; Uy) (2.3)

» x andy are two populations

* m and n are the number of data points taken from populations x and y respec-

tively
* Ry and R, is the sum of ranks from populations x and y respectively

* Uy and U, are the respective U statistics of two populations whereas U is

given as the minimum of these two

2.2.2 Independent (Unpaired) t test

An unpaired t test is used to determine the statistical signi cance between two pop-
ulations where the data points within those populations are unrelated. Firstly the
means, and variances for both groups are calculated and the t-test formula (Equa-

tion 2.4) is used to calculate the t-statistic. This statistic is then compared to a
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critical value (p< 0.05) to either accept or reject a null hypothesis that the dif-
ference between groups is large enough to be statistically signi cant. Similarly to
the U test, a lower value rejects the null hypothesis, meaning that the samples are

statistically different [122].

t= o Y (2.4)

x andy are two populations
« X andy are the sample means of populaticrendy.
» s ands’ are the sample variances of populatiarandy.

* ny andny are the sample sizes of populationandy.

2.2.3 c?Test

Thec? (Chi) test is is a measure of statistical differences between two categorical
variables, whether the frequencies of an event in those categories differ from ex-
pected frequencies, assuming the variables are independent. The null hypothesis is
that there is no association between the two variables. For each test, the squared
difference between observed and expected is taken, and divided by the expected
frequency giving & 2 value for each observation (Equation 2.5). The sum of &ll
values is taken and compared to a critical value (.05), with degrees of freedom

corresponding to the number of independent comparisons, to either accept or reject
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the null hypothesis.

2- 5 (O B

c = E (2.5)

* i is the instance of an observation

» E andO are the expected and observed frequencies respectively.

2.2.4 Multiple Testing Correction

In cases where many null hypothesis tests are conducted, the false discovery rate
or the chance of nding a signi cant value due to chance is increased. Therefore,
in some cases, an adjusted p-value (g-value) was calculated using the Benjamini-

Hochberg (BH) method [123].
» p-values are ranked in ascending order

» A BH critical value for each p-value is calculated using the following formula
where q is the critical value, p is the current p-value, n is the number of

samples, and r is the rank of the current p-value (Equation 2.6).
q= — (2.6)

» For each p-value and critical value, the largest p-value which is larger than its

critical value is signi cant, and all others smaller than it are signi cant.

This method of controlling false discovery rate was chosen because it is less con-

servative than the Bonferroni method, allowing additional sensitivity to discoveries
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and because it is easy to implement in Python.

2.3 Physicochemical Feature Representation

2.3.1 ldentifying CDR-H3 Loops

Antibody binding has largely been attributed to the complimentarity determining
region loop three of the VH domain (CDR-H3) because it is the single most diverse
region between sequences, residing on the overlap of the Variable, Diversity and
Junction gene segments [124, 125]. CDR-H3 regions were identi ed by numbering
VH chains with AbNum and identi ed using the Kabat, Chothia or Martin de ni-
tions. This thesis used the Chothia numbering scheme de nitions of CDR-H3 to

capture the start (H95) and end (H102) of the loop.

2.3.2 Thermostability

Thermostability is an important element of developability because proteins with
low stability are more likely to unfold and expose hydrophobic residues, leading to
aggregation [126]. Gibbs' Free EnerdyG) of unfolding (henceforth calleBG) is

a measure of the feasibility of a protein spontaneously unfolding with higher values
less likely to unfold than lower values. Although there are mamgilico tools

for prediction that rely on structural or machine learning models [127], these are
unsuitable for high-throughput screening because of the compute power required to
build models. Therefore, this statistic was calculated for each antibody sequence
using the Oobatake method, where experimental valud3HiandDS for the each

residue are summed across a protein sequence and the free energy of unfolding
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is calculated using Gibbs' Free Energy equation (Equation 2DA.and DS are
derived from empirical data to model the hydration energy of different residues
during protein unfolding, based on the surface accessible area of the residue. Taken
together, this means that hydrophilic residues have a nedaitivend DS because
of the favourable reaction to hydrogen with water molecules, while the opposite
is true for hydrophobic residues because of the unfavourable interaction of water

molecules. Values fabG are given in kJ molt

DG=DH (T+ 27315 DS (2.7)

* DH is enthalpy calculated through summing experimental values for each

residue across a sequence.

* T is temperature in Centigrade taken as 25°C as performed in the original

paper [128].

* DS is entropy calculated through summing experimental values for each

residue across a sequence.

2.3.3 Isoelectric Point

The Isoelectric point (pl) is the pH required for a net-zero charge of a polypeptide.

It depends on the dissociation constant (pKa) of the seven charged amino acids (pos-
itive: R, H, K; negative: D, C, E, Y) as well as the N and C termini. The method

of calculating pl was taken from the IPC software [129] which uses experimen-

tally obtained peptide pKa values from the EMBOSS database [130] substituted
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into a rearranged Henderson-Hasselbach equation. The equations are iterated using
different values of pH, starting at 6.5, and the results of the termini and each of
charged residues are summed together. If the sum is 0+£0.01, an isoelectric point is
reached, otherwise, the iteration continues either increasing the pH if the summed
net charge was positive or decreasing the pH if it was negative. While this does not
take into account protein structure, the IPC method was chosen because it calculates
pl quickly and the code was integratable into the pipeline.

The rearranged Henderson-Hasselbach equation for negatively charged amino

acids (Equation 2.8):

n

n
o
i911+ 10pKa pH

(2.8)

The rearranged Henderson-Hasselbach equation for positively charged amino acids

(Equation 2.9):

n

1+ lopH pKa (2'9)

Qo5

1

i
* i refers to an ionisable group of a molecule. For instance, a given amino acid

in a sequence

* nis the count of that particular amino acid in a sequence

2.3.4 PTM Sites

Sequence recognition sites for PTMs are potential risk factors for poor developa-

bility and homogeneity and may increase the immunogenicity of antibody drugs.
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Table 2.1: Regular expressions used to identify post-translational modi cations in amino
acid sequences

PTM Regular Expression
N-Linked Glycosylation “(N)(?=.[STC]"
Amidation “()(?=G[RK][RK])”
Tyrosine Kinase Phosphorylation site “[RK2,30[DE].f 2,39(Y)”
Deamidation “(N)(?=G)”
Asparagine deamidation “(D)(?=[PSNHD])”
Methionine Oxidation “(M)”
Hydroxylation ‘(= =C.)(IDN])(?=....[FY].C.C)”
Protein Kinase C phosphorylation Site “(IST]D(?=.[RK])”
Protein Kinase CK2 Phosphorylation Site “(ISTD(?=..[DE])”
ATPase Site Phosphorylation “(D)(?=KTGT[LIVM][TI])”
Aspartate hydrolysis “(D)(?=P)”

Regular expressions taken from abYsis [112] (Table 2.1) and adapted fromeVatsa
al. [131] and Xuet al.[132] were used to search for recognition sites for a selection
of post-translational modi cations and report where they occur within the antibody

sequences.

2.3.5 Key residues

Work by Laffy et al.[133] proposed that antibodies with a propensity to form Beta
pleated sheets in the CDR-H3 region were more likely to be promiscuous and there-
fore may have off-target binding or poor binding ability. They identi ed a set of
residues within the region that would increase the likelihood of this occurring: 100
L; 100B D; 100C H; 100E W (Chothia numbering de nition). These residues were

identi ed within sequences from the numbering obtained from AbNum.
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2.3.6 Cluster Residues
Surface clusters may increase the likelihood of protein aggregation and immuno-
genicity. ClusterResiduésvas written by Andrew Martin and works to cluster
residues on a given metric. The sequence is mapped to the structure of a reference
antibody HyHEL-5 (PDB: 1yqv) [134] to calculate the solvent accessibility for each
residue and the distances between each residue. The distance between residues to
be considered a cluster, the number of residues to be considered a cluster, and the
thresholds for solvent accessibility can be tuned to change what is considered on
the surface of the molecule. In this case, groups of three or more residues with a
relative solvent accessibility of 25% within 4.5A of each other were considered a

cluster if they are hydrophobic or unusual.

2.3.6.1 Hydrophobic Clusters
The rst characteristic calculated with ClusterResidues was hydrophobicity using
scores for each residue calculated by Eisenberg [135]. The threshold for hydropho-

bicity is default set at 0.05 on the Eisenberg scale, however this could be tuned.

2.3.6.2 Unusual Clusters
The second characteristic reported with ClusterResidues was the clusters of unusual
residues, which were de ned as clusters of residues which occur less than 5% of

precalculated frequencies from sequences stored in abYsis at those positions [112].

3github.com/ACRMGroup/clusterResidues
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2.3.7 Solvent Accessibility
Solvent Accessibility was calculated usimgibsol?, which uses the Lee and
Richards method of calculating Accessible Surface Area (ASA) using the rolling
ball model [136] (Equation 2.10pdbsolvgives an accessibility value as a relative
percentage for each residue in a pdb le compared with a G-X-G extended peptide,

where X represents that given residue.

Accessibility= A=4pr? 100 (2.10)
q

A=q(R= R ZH DL (2.11)
D= Dz=2+ D% (2.12)

L is the length of the arc drawn on a given section

Z is the perpetual distance from the centre of the sphere to the section

DZ is the space between the sections

Ris the radius of the sphere given by the sum of the Van der Waals radius of

the atom

2.3.8 Germline Identi cation
Assign Germline (AGL) was used in cases where germline genes needed to be as-
signed to antibody sequences. The software uses germline DNA data obtained from

IMGT [113] to align sequences and assign the relevant region gene. This operation

4“www.bioinf.org.uk/software/bioptools
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can be done for V, D, J, and C genes, but for the purposes of this thesis, it was
used only for V region identi cation. It selects a gene using the logic that if two or
more germline genes with the same sequence identity score were found for a given
sequence at the protein level, the germline family with the lowest family number
would be selected based on lower family numbers that were likely discovered rst
and therefore likely to be more numerous. AGL was developed by Andrew Martin

and is available for download on GitHub

2.4 Methods of scoring Antibody Immunogenicity

2.4.1 HScore

The HScore (Humanness Score) [108] was implemented by aligning an input se-
guence with all human Heavy, Light or Light | sequences in the KabatMan
database [114], producing a mean alignment score. Then the mean of means of
all human:human alignments was subtracted from that value and divided by the
standard deviation, to give a Z score of the similarity of that sequence to the others,
which gives the nal humanness score. A high HScore means that a sequence is
more representative of human sequences than the average and is expected to be less
immunogenic than a sequence with a low HScore, which corresponds to an anti-
body that is less representative of human sequences and is more likely to generate

an immune response. This software is available ofline

Sgithub.com/AndrewCRMartin/ag|
Swww.bioinf.org.uk/abs/shab/
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2.4.2 GScore

Secondly, the GScore (Germline humanness) [109] was developed using the
same principles as HScore, but instead grouped sequences derived from speci ¢
germlines were grouped and Z scores were calculated for each germline using
alignments from BLAST [137]. Newly inputted sequences are aligned against each
germline V gene, and a GScore is given for each of these germline families ranked
by smallest rst, which is presumed to be the correct alignment. In cases where
GScore was used, the highest ranking score was always taken. GScore is available

online”’.

2.4.3 Hu-mAb

Hu-mAD is used as a comparison immunogenicity score, which instead calculates a
score between zero and one [104]. Hu-mADb gives a score for each V-gene germline
and if that score is above the threshold set by Youden's J statistic [138], then the
program classi es it as human. For each set of results, the highest score was selected

and assigned to each chain. Hu-mAb is available offline

2.5 Methods of Encoding Protein Sequences

2.5.1 Residue Level Encodings for Protein Sequences

Details of residue-level encodings length are given in Table 2.2.

“www.bioinf.org.uk/abs/gscore/
8opig.stats.ox.ac.uk/webapps/sabdab-sabpred/sabpred/humab
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2.5.1.1 One Hot Encoding

One Hot Encoding is a binary representation of amino acid presence in20
matrix. For each residue, 20 encodings are given where the amino acid present is

coded as 1, and the other possibilities as 0.

2.5.1.2 OneHot6

One Hot 6 is a binary representation of amino acid presence in a six bit matrix [139].

2.5.1.3 Binary 5-bit

Binary encoding method using ve bit [140].

2.5.1.4 AESNNS3

This is a three-dimensional protein encoding method resulting from a pre-trained

machine learning algorithm [141].

2.5.1.5 Atchley Factors
Atchley Factors are a numerical encoding for each residue of ve physicochemi-
cal properties properties: Bipolar, secondary structure, molecular volume, relative

amino acid composition, and electrostatic charge [142].

2.5.1.6 Meiler Parameters
Meiler Parameters are another method of encoding residues using seven physico-
chemical properties: steric, polarisability, volume, hydrophobicity, isoelectricity,

helix probability and sheet probability [143].
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2.5.1.7 ANN4D
Dimensionality reduction from 7 physicochemical properties described by [143] to

4 composite values.

2.5.1.8 Kidera Factors

Kidera Factors are a set of 188 physicochemical properties of a protein sequence
reduced to 10 numerical features through reduction in dimensionality [144]. The
encoded information includes: Helix preference; side-chain size; extended struc-
ture preference; hydrophobicity; double bend preference; partial speci ¢ volume;
at extended preference; occurrence in alpha region; pK-C and surrounding hy-

drophobicity.

2.5.1.9 ProtVec
Tripeptide encoding of amino acid compositions from a machine learning encoder

[145].

2.5.1.10 PAM250

PAM250 matrix compares similarities in protein sequences using comparisons of

homologous aligned sequences [146].

2.5.1.11 Hydrophobicity Matrix

This method encodes each amino acid with a hydrophobicity score as described by

[147].
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Table 2.2: Details of Residue-Level Encoding methods.

Encoding Method Encodings per residue Encoding size Description Reference
Binary 5 nx5 1270 Residue class binary encoding [140]
One Hot 6 nx6 1524 Residue class binary encoding [139]
One Hot nx20 5334 Residue binary encoding [151]
AESNN3 nx3 762 Protein mapping representations [141]
ANN4D nx4 1016 Per residue representations of physicochemical properties [143]
Atchley Factors nx5 1270 Per residue representations of physicochemical properties [142]
Meiler Parameters nx7 1778 Per residue representations of physicochemical properties [143]
Kidera Factors nx 10 2540 Eigenvector values of physicochemical properties [144]
BLOSUM62 nx 20 5080 Matrix scoring residues based on observed substitutions [148]
Hydrophobicity Matrix nx20 5080 Matrix scoring residues based on observed hydrophobic interactions [152]
Micheletti Potentials nx 20 5080 Matrix scoring residues based on potential energy interactions [150]
Miyazawa Energies nx20 5080 Matrix scoring residues based on observed energies interactions [149]
PAM250 nx 20 5080 Matrix scoring residues based on known sequence alignments [146]
ProtVec nx3x100 25000 Per tripeptide representations of physicochemical properties [145]
All Encodings nx 260 65894 All given encodings methods conjugated

2.5.1.12 BLOSUMG62

BLOSUMG62 matrices represent an amino acid substitution matrix, indicating the

likelihood of each residue being substituted by all other possibilities [148].

2.5.1.13 Miyazawa Energies

These numerical encodings represent the interaction energies between every residue

and every other possible residue [149].

2.5.1.14 Micehletti Potentials

Micheletti potentials are based on potential energy interactions for every residue for

every other possible residue [150].

2.5.2 Amino Acid Compositions

Amino acid compositions are feature vectors quantifying the proportion of each
amino acid relative to the sequence length for each residue, dipeptides and tripep-
tides using scores de ned by Sparegal. [153]. Sequence statistics were calcu-
lated using ProPythia [154] wherg,\dnd \} sequences were encoded separately

using a set number of Propythia descriptors given in Table 2.3.
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Table 2.3: Details of Propythia descriptors.

Number Number of descriptors Description
1 nx20 Residue binary encoding

4 1 Net sequence charge

7 4 Sum of bond composition for each type of bond

10 1 Aromacity

11 1 Isoelectric Point

13 3 Fraction of residues which tend to be in helix, turn or shee
14 2 Molar extinction coef cient

15 1 Flexibility according to Vihinert al.[155]

18 1 Hydrophobic ratio of sequence

20 20 Amino acid composition

21 400 Dipeptide composition

22 8000 Tripeptide composition

23 8420 All descriptors form amino acid composition

31 720 Normalised Moreau-Broto autocorrelation, Moran autocorrelation, Geary autocorrelation
33 343 Conjoint triad

2.6 Ellipse Function

The ellipse function takes in the points of the two extremes on the majondxigl]

and &2, y2) as well as a value fdn, the height of the minor axis. The major axis is
taken as the principal component where clinical mAbs have the largest distribution,
and the selected points are given as the points on the distribution closest to a given
Z score in that distribution. The value bfis given as the distance between two
points on minor axis. The method for producing the ellipse works as shown in

Algorithm 1.
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Algorithm 1: Method of Drawing Ellipse Given Coordinates of Major
and Minor Axes.

Calculate the majora) and minor b) radii of the ellipse. The major radius is
calculated from the two given points (Equation 2.13) and the minor radius is
calculated as half the value given fmarwhereDx is the difference irx values
andDy is the difference iry values between two extreme points on the major
axis.
p
_ _Dé+D2, _h

a2 P73
Use the parametric equation of an ellipse to generate the ellipse over 100
equally spaced points between 0 aqpdassuming it is centred at the origin
(Equation 2.14).

(2.13)

For a given point on the ellipse, the equation is:

x= acogq);y= bsin(q) (2.14)

Wherea is the major axis radiud is the minor axis radius anglis a given
angle between 0 ang2

Calculate the angle between given points to obtain angle of rotation using
the Numpy arctan2 function fdy andDx [156].

Calculate a rotation matrixR) based on the angle of rotation (Equation 2.15)
R=[[cogq); sin(q)];[sin(q);cogq)]] (2.15)

Whereq is the angle of rotation

Apply the rotation matrix to the ellipse

Calculate the midpoint of the two given points (Equation 2.16)

Xp+ X2_y= yityz
2 2
Translate the ellipse to the midpoint

X = (2.16)

For each point, check if its andy coordinates are inside the ellipse using
the Polygonfunction
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2.7 Introduction to Machine Learning

In an environment of high density data collection, it is useful to make meaningful
interpretations of said data and to use it in making predictions by tting or training
predictive models on a given dataset. The advantage here is that not only are models
more likely to learn patterns from datasets that are too subtle or too complex for
human analysis, but that predictions can be made on unseen data that have yet to be
generated, and data may be added to the training dataset to continuously improve
future predictions [157, 158].

Generally, classi cation machine learning is split into supervised and unsu-
pervised methods which are dependent on the data fed into the model. Supervised
methods are usually used in cases where data is labelled (i.e. there are discrete cat-
egories to which the data points are assigned), and predictions are made to assign
categories to new data points dependent on their features. Unsupervised learning
is used mainly when there are no known categories in the data and the desired out-
come is for the model to separate the data into categories. This could be done by
looking at a feature or combination of features which differ between groups of data
points or if these cannot be identi ed, reducing the dimensionality of the data by
combining or eliminating features in the data.

The measurement of the difference between ideal and observed outputs is re-
ferred to as a loss functions. Different functions such as mean squared error and bi-
nary cross entropy can be applied depending on the question trying to be answered,
and whether it is classi cation into discrete classes, or prediction of a continuous

variable. The aim of training the model over successive iterations is to minimise
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these loss functions so that performance is improved.

Models are all tted with a set of parameters which can also be manipulated
to improve predictions, however, there is a trade-off in how well a model may train
on a given dataset. Models may over t to the training data if their parameters are
speci cally tuned to the data, which then means they will make poor predictors on
unseen data. If this is the case, using simpler, or more general models, with default
parameters is probably a better approach. While training for good performance is
strived for, it is unlikely that machine learning models will show perfect predictive
ability. Cross-validation (CV) is a method of resampling the training dataset into a
series of different training and testing datasets to verify the model's performance.
An example of this is "Jackknife' sampling, or “leave one out CV' where for every
data point, it is left out of the training dataset and predicted using on each other data
point. This approach can be useful when using small training datasets. Otherwise,
k-fold CV can be used for larger datasets.

By nature, biological data can be stochastic and dif cult to interpret directly.
With this in mind, it is a useful strategy, at least at rst, to evaluate a number of
models on the data and to then improve the selection seen on those which perform
best by hyperparameterisation. In the following sections, a number of supervised
and unsupervised machine learning models used in this thesis are outlined. The
majority of these models were implemented throughbiit-learnPython module
[159]. To describe how modules were implemented, their location in the module has

been provided.
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2.8 Supervised Machine Learning

As explained above, supervised machine learning depends on labelled data from
which to correlate data features. It is possible for binary or multinomial classi ca-
tion problems to be solved by supervised learning. In general, supervised models
are trained by evaluating a model's predictive performance to categorise labelled
data. At rst, the model's guesses would be expected to be random and the loss
to be high. In iterative training rounds, the weights are adjusted to give better
performance, which should minimise the loss to an acceptable level over several

interactions.

2.8.1 Supervised Machine Learning Classi ers

2.8.1.1 Logistic Regression

A linear model that can be applied to simple classi cation problems by calculating
a predicted probability using a combination of features of an input data point and
assigning an input data point to a class using a threshold value typically set at 0.5.
Logistic regression was implemented throwgithearn.linear_model.Log

isticRegression with default parameters.

2.8.1.2 Decision Tree

Decision Trees are a method of simple classi cation which are able to learn a set
of rules as to how a data point should be classi ed using its features. These rules
are established by nding a split point that minimises the mean squared error for

the new patrtitions [160]. This tree is arranged using these rules with a set of nodes

along the tree, where a dichotomous decision is made at every node. Once trained, a
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new data point starts at the root node and will move along the tree, where its path is
decided by the already learnt set of rules, to a terminal node, a “leaf' node, where its
classi cation is assigned. Decision Trees can become overly complex and over t to
the training data, and so a number of pruning parameters are set where nodes with
a small number of training samples are removed. A Decision Tree Classi er was
implemented througsklearn.tree.DecisionTreeClassifier with

default parameters.

2.8.1.3 Extra Trees Classi er

This method also includes decision trees, but also uses a number of additional ran-
domised trees on subsamples of the data to improve accuracy and reduce over tting
changes. The Extra Trees Classi er was implemented thrakégarn.ense

mble.ExtraTreesClassifier with default parameters.

2.8.1.4 Random Forest Classi er

Forests are collections of decision trees trained on bootstrapping samples of a train-
ing dataset with replacement and additionally, a random sampling of the features
of that dataset. The result of input data points is averaged across the collection to
overcome the over tting problem usually encountered in decision trees through a
user-curated set of trees where the number of trees and the pruning of trees can
be tuned [160] (Figure 2.1). A Random Forest Classi er was implemented through

sklearn.ensemble.RandomForestClassifier with default parameters.
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Figure 2.1: Schematic of Random Forest Classi er. Three decision trees, each with a max-
imum depth of two layers of nodes. A'ma data point is shown taking dif-
ferent paths through the tree, depicted by red arrows and nodes highlighted in
green, and arriving at a leaf where a classi cation decision is made for each
tree because each tree is trained on a different sample of the training data. All
classi cations are taken and a majority vote is taken giving the nal classi ca-
tion.

2.8.1.5 Gradient Boosting Classi er

In cases where Random Forests do not effectively learn the patterns in the data,
many weak learner decision trees with a single node, "stumps', can be combined
sequentially into an ensemble that collectively makes better predictions. This is

known as boosting. It is performed by adding models sequentially to an ensemble
of predictors so that the combined loss of all models is lower than the previous

iterations of the model. Unlike Random Forests, this model uses gradient descent,

an optimisation technique to minimise the loss function. A learning rate is chosen
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as to de ne how much each tree should contribute to the answer. Usually a lower
learning rate requires more trees, however, this could lead to over tting the model.
Gradient Boosting was implemented throwgilearn.ensemble.Gradien

tBoostingClassifier with default parameters.

2.8.1.6 AdaBoost Classi er

Adaptive Boosting (AdaBoost) works on similar principles to the Gradient Boost
Classi er, but here, the model continues to correct previous iterations by placing
more attention to under tted results of the previous model. AdaBoost was imple-
mented througisklearn.ensemble.GradientBoostingClassifier

with default parameters.

2.8.1.7 Stochastic Gradient Descent Classi er
The Stochastic Gradient Descent (SGD) Classi er uses sampled data to improve
gradient descent rather than using all the data. An SGD Classi er was implemented

usingsklearn.linear_model.SGDClassifier with default parameters.

2.8.1.8 Ridge Classi er

A Ridge Classi er is a linear classi er model with a penalty on large coef cients.
Regularisation encourages a more stable and generalisable model. The model min-
imises an objective function that combines a loss term and regularisation, making it
effective for handling correlated features. A Ridge Classi er was implemented us-

ing sklearn.linear_model.RidgeClassifier with default parameters.
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2.8.1.9 Ridge Classier CV
This is similar to the normal Ridge Classi er, but performs leave-one-out cross-
validation. This CV training allows for a more dynamic hyperparameter tuning
for learning rate and gradient. The Ridge Classi er CV was implemented using

sklearn.linear_model.RidgeClassifierCV with default parameters.

2.8.1.10 Bagging Classi er

A Bagging Classi er also works similarly by combining weak learners where their
voted, or mean score, forms a strong ensemble through random sampling with re-
placement from the dataset, known as "bagging'. A Bagging Classi er was imple-
mented througlsklearn.ensemble.BaggingClassifier with default

parameters.

2.8.1.11 Calibrated Classi er

A Calibrated Classi er aims to re ect the probability of an outcome in a class and
to measure the con dence of that prediction. Unlike other classi ers that output
a probability to assign classes, the probabilities are rst calculated using a base
estimator, another supervised learning model which is used to train on the data,
and then calibrated according to the frequencies of each class in the dataset. A
Calibrated Classi er was implemented througklearn.calibration.Ca
libratedClassifier with default parameters where the base estimator was a

Linear Support Vector Machine Classi er.
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2.8.1.12 Gaussian Nz Bayes Classi er
Gaussian Nae Bayes follows an assumption that each feature has an independent
ability to predict an output label, and seeks to combine all of these predictive powers
into the nal model. It also assumes that all features follow a normal distribution
and that Bayes' Theorem of conditional probability can be applied to each feature by
the way of a probability density function. Gaussian\aBayes was implemented

throughsklearn.naive_bayes.GaussianNB with default parameters.

2.8.1.13 Bernoulli Nae Bayes Classi er

Bernoulli models are designed to make predictions based on binary data values and
are usually applied to text recognition problems. A BernoullivdaBayes model

uses the probability of observing the set of features, given that class to assign a class
depending whether the probability calculated reaches a desired threshold. This was
implemented througkklearn.naive_bayes.BernoulliNB with default

parameters.

2.8.1.14 Support Vector Machine Classi er

Support Vector Machines work by representing a dataset in a highly dimensional
space using a kernel and work to separate the two classes of labelled data using a
hyperplane. Using the data points of class 0 and class 1 that are physically closest to
the hyperplane, the support vectors, the maximum marginal space between the two
classes [161] using a special loss function called the Hinge Loss. Although these
machines may follow linear or polynomial functions depending on what is best

suited to the data, this current function was set as a radial basis function (Figure
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Figure 2.2: Schematic of Support Vector Machine Classi er. The separation of two data
classes (green circles and blue triangles) by support vector machines can be
achieved using a kernel (red line) with (A) a linear or (B) an exponential func-
tion such as a radial basis where the marginal space is maximised by the support
vectors distance to the kernel (dashed lines).

2.2). The SVM classi er was implemented througklearn.svm.SVC  with

default parameters.

2.8.1.15 Linear Support Vector Machine Classi er
LinearSVC is a similar algorithm to SVC but uses a linear kernel rather than a
polynomial one. LinearSVC was implemented throsgtearn.svm.Linear

SVCwith default parameters.
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2.8.1.16 Linear Discriminant Analysis Classi er
Discriminant analyses work to separate data points by class and calculate descrip-
tive statistics for each feature for each class. It is a more simplistic model where
a new datapoint is classi ed based on conditional probability, calculated by Bayes'
theorem, of it belonging to each class and selecting the class with the highest prob-
ability. It assumes features are independent of each other. Linear Discriminant
Analysis works by rstly calculating a covariance matrix, and computing the dis-
criminant score for a given observation using the covariance to classify new obser-
vations. This model was implemented throwgldearn.discriminant_ana

lysis.LinearDiscriminantAnalysis with default parameters.

2.8.1.17 Quadratic Discriminant Analysis Classi er

Like Linear Discriminant Analysis, Quadratic Discriminant Analysis aims to clas-
sify samples using conditional probabilities, however, using quadratic equations
allows the use of a curved hyperplane to separate datapoints. This model was im-
plemented througBklearn.discriminant_analysis.QuadraticDis

criminantAnalysis with default parameters.

2.8.2 Linear Regression

When a calculated value is the desired outcome, rather than classi cation, linear
regression is a regressive model that aims to t a line of best t to the data which
minimises the difference, calculated as the sum of squares, between the actual val-
ues and the predicted values of the best t. Linear regression was implemented

throughsklearn.linear_model.LinearRegression . Where possi-
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ble, linear regression was trained in a Jackknife fashion. Other kinds of regressions
models can be used, such as using polynomial or logistic functions, but these were

not used for these problems in favour of a more simple regression method.

2.9 Unsupervised Machine Learning

Using unsupervised learning is a good strategy to overcome the lack of labelled
data in a training dataset. Instead of relying on labels to train a model iteratively to

these outcomes, unsupervised learning relies on clustering data using similarities in
their features. This is done either through generating a pairwise matrix of correla-

tion coef cients for each datapoint against all others in the case of dimensionality

reduction or through a Euclidean distance between points in the c&sé&lebrest

Neighbours. This section will outline the models used throughout this thesis.

2.9.1 Principal Component Analysis

When working with high dimensional data, it is probable that many dimensions will
be irrelevant and misleading to classical supervised machine learning models. PCA
works to combine features linearly into vectors, or principal components, that aim
to explain the variance within the observed dataset by calculating the covariance be-
tween all of the features. The features are then reduced in an eigenvalue decompo-
sition where if the covariance of two particular features is positive, then the features
are combined together. The resulting principal components are sequentially ordered
where PC1 is the vector that explains the most variance in the data, followed by PC2
and so on for the tog PCs that are desired (i.e. the eigenvector with the highest

eigenvalue). This method is useful for visualising grouping in these data [162, 163]
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Figure 2.3: Schematic of Principal Component Analysis. The separation of two data
classes (green circles and blue triangles) through principle component analysis
can be achieved using a kernel (red line) with (A) a linear or (B) an exponential
function such as a radial basis.

(Figure 2.3). PCA was implemented throustlearn.decomposition.PCA

2.9.2 Kernel PCA

This is like PCA, however, this method uses non-linear dimensionality reduction to
cluster data using either radial basis functions or sigmoid kernels. This is useful
in cases where the given data are not linearly distributed [164]. A kernel matrix
is calculated, which represents the pairwise similarity for the input data, and then a
similar eigenvalue decomposition is performed on the data to lower its dimensional-
ity. The eigenvectors are then sorted by their eigenvalues. KPCA was implemented

throughsklearn.decomposition.KernelPCA
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2.9.3 t-SNE
t-Distributed Stochastic Neighbour Embeddings is a non-linear data clustering algo-
rithm that also reduces the dimensions of a dataset. It works by calculating pairwise
similarities between datapoints, and minimising the difference between the similar-
ities in the high-dimensional input and the low-dimensional output space iteratively

[165]. t-SNE was implemented througklearn.manifold. TSNE

2.9.4 UMAP

Uniform Manifold Approximation and Projection (UMAP) instead uses a near-
est neighbour graph based on the high-dimensional input, preserving the layout
while minimising the cross-entropy between the pairwise similarities to give a
lower-dimensional output. Unlike t-SNE, because UMAP places more emphasis
on maintaining the layout of the nearest neighbours and the pairwise similarities, it
can capture more complex grouping, so it is generally preferred for large datasets
[166, 167]. UMAP was implemented througklearn.manifold. UMAP with

default parameters.

2.10 Methods of scoring and enhancing model per-

formance

2.10.1 Evaluation Scoring
For supervised machine learning models, evaluations of accuracy can include a raw
percentage of how many test data are categorised correctly as true positives (TP) and

true negatives (TN), but this does not take into account false positives (FP) and false
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negatives (FN), so for additional appreciation of how the model is learning, other

statistics are used, especially in cases where false positives become important.

2.10.2 Sensitivity and Speci city

Sensitivity Sn) and speci city Sp of machine learning classi ers are a measure
of how many true positives are captured by the prediction (Equation 2.17), and how
many true negatives are correctly captured by the prediction (Equation 2.18). A

well-predictive model should have high sensitivity as well as high speci city.

TP
TN
SP= TNTEP (2.18)

2.10.2.1 False Omission Rate
False omission rate (FOR) quanti es how many false negative results are given by
the model (Equation 2.19), normalised for the number of total negative predictions.

A well-predictive model should have a low false omission rate.

FN
FOR= EN+ TN (219)
2.10.2.2 Negative Predictive Value

Negative predictive value (NPV) also quanti es how many true negative results are

given by the model (Equation 2.20), normalised for the number of total negative
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predictions. A well-predictive model should have a high negative predictive value.
TN

2.10.2.3 Pearson's Correlation Coef cient

The Pearson's correlation coef cient)(is a measure of linear correlation between
two sets of data (given as x and y) demonstrating the ability of a regression model
to predict observed values (Equation 2.21) with a score between -1 and 1. A highly

predictive model will have a correlation coef cient close to 1.

a(xy) axay
[ax2 (Ax2[ay? (ay)?

(2.21)

r=p

2.10.2.4 Spearman's Rank Correlation

Spearman's Rank correlation Y demonstrates the correlation between the order
of two datasets. This is useful for evaluating regression models where the precise
predicted value is less important that the order of the sorted values (Equation 2.22).

A highly predictive model will have a correlation coef cient close to 1.

64 o2

7D (2.22)

» d; refers to the difference between the two ranks for each observation
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2.10.3 Mean Absolute Error
Mean absolute error (MAE) is a measure of the mean difference, whether positive or
negative, between two sets of paired data, for instance measuring error in predicted
and observed datasets (Equation 2.23).
MAE= S8 Iy i (223)
i=

* y; refers to the predicted value

* i refers to the true value

2.10.4 Matthew's Correlation Coef cient

While accuracy is probably the most basic statistic that simply expresses the num-
ber of correct predictions of a test data as a score between 0 and 1, for large or
unbalanced datasets, this statistic can be misleading. Take an example of a dataset
with 90% data points belonging to one class and 10% to another class, if the model
were simply to predict all data points as instances of the majority class, it would
still have an accuracy of 0.9 [157], which is not re ective of the true performance.
Therefore, in this work, Matthew's Correlation Coef cient (MCC) is used
to evaluate model performance [168] (Equation 2.24). This overcomes the pre-
viously mentioned problem with raw accuracy as it takes into account false pos-
itives and false negatives, so it is felt that MCC is better able to capture how
a model understands the training data, and not just how much its predictions
match what is seen in the training dataset [169]. MCC is implemented through

sklearn.metrics.matthews_corrcoef and gives a score between -1
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(inverse prediction) and 1 (perfect prediction) with O being random chance.

(TP TN) (FP FN)

MCC= p
(TP+ FP)(TP+ EN)(TN+ FP)(TN+ FN)

(2.24)

2.10.5 k-fold CV

Well known model benchmarking methods have been applied in order to give a more
robust evaluation of their performancé-fold cross-validation aims to train the
model on samples of the training data by splitting it iktegual splits where, in turn,
each split is held back and the model is trained on the remaining splits and tested
on the held back split. The advantage of this strategy is to gain an understanding
of how the model will perform on unseen data. If consistent performance is seen
for all cross validations, it is indicative that the model will cope with new data and
the reverse is true for inconsistent performance [1KGhld CV was implemented
usingsklearn.model_selection.cross_val_score using MCC as the

performance metric.

2.10.6 Grid Search CV

Tuning the hyperparameters of a model is a method to increase its performance.
Grid Search CV systematically retrains a model for each combination of a set of
de ned values for provided hyperparameters. The model found to be best perform-
ing on the given test dataset is kept with the tuned hyperparameters. Whilst this
model can work for the given dataset, it is not re ective of the model performance
on unseen data because this method can lead to overtraining, and so a held-back

test dataset independent of the original training data is often useful to mark true
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performance of hyperparameter tuning. Grid Search CV was implemented using
sklearn.model_selection.GridSearchCV using MCC as the scoring

function with 5-fold cross validation.

2.11 Feature Selection

2.11.1 F-Regression

Rather than combining features as seen in unsupervised learning models, it is also
possible to increase model performance by selecting the most relevant values. F-
regression calculates the cross-correlation of each data point and the label for all
features (the raw encoding space), which is then converted to an F-score and then
to a p-value. Features are then ranked by F-score, and correlation to the target. The
top k features are then selected, whé&ress a number selected by the user [171].
F-regression was implemented through the modilearn.feature_sele
ction.SelectKBest usingsklearn.feature_selection.f_regr

ession as the score function and the variableskavere substituted.

2.11.2 ldentifying the Position of Correlated Features

When using F-regression, it was necessary to understand which residues have fea-
tures were selected across the antibodpi\, sequences. This can be done when

the number of features given per residue by an encoding method are consisted for
all residues and the length of theg ¥nd \{ sequences are known. To identify the
residues where a feature selected by F-regression was selected, the method is given

in Algorithm 2:
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Algorithm 2: Method of Identifying the Residue where a F-Regression

Feature has been Selected.
» The index of each selected feature within the whole encoding spacag

increased by one and divided by the number of encodings per redijite (
give the normalised index (') across the conjugated and spagcetd/\(
sequence (Equation 2.25)

10= i+l (2.25)

* Indices were rounded down to nearest integer to give the index of the residue
in the conjugated and spacedavid \( sequence (Equation 2.26).

li= bl (2.26)

* Indices less than or equal to 133 were assigned to trehdin whereas
indices greater than 133 were assigned to thehdin. To obtain the light
chain index, the index was subtracted by 132 (Equation 2.27). This gives the
position of the residue in the numbered antibogyovV| sequencel(y or
lyL) relating to the selected encoding (

if | 133 vy = | (2.27)
if 1>133 Iy =1 132 (2.28)

2.12 Deep Learning

Deep Learning is a type of Machine Learning that involves much more complex

models, usually arti cial neural networks (ANNSs) [172]. These models consist of

layers of nodes, which can also be called nodes, taking in multiple inputs through
previous layers and outputting a new value to new layers. At each node, weights
calculated during model training are applied to the inputs (Equation 2.29), and the
output then becomes the input to the nodes of the next layer (Figure 2.4). Many of
the hyperparameters of a model can be tuned including the number and size of hid-
den layers between the input and output, activation functions at each layer, which

can tune a model between classi cation and regression tasks, the loss function the
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model will use to measure training performance, and the maximum number of it-
erations the models can train. These can change the architecture of the model and
therefore can become better suited to certain tasks such as more hidden layers and

different connection patterns between layers.

f(én XWi) (2.29)
i=1

« f is the activation function
* X; represents a single input with a totalrinputs
* W, represents a weight applied to that input

Although ANNs can be applied to predictive and regressive tasks, they also
have the ability to encode data, such as in the case of autoencoders. These are net-
works with an encoder and decoder module and work such that a dataset may be
input and encoded into a new representation with a different dimensionality and
then decoded such that the original dataset may be obtained from the encoded rep-
resentation. Autoencoders demonstrate this ability for ANNs to effectively learn
highly dense representations of input data [173] (Figure 2.5). Furthermore, these
modules may be separated in that the embeddings made by the encoder, may be
used in that of themselves to encode data for use to train other machine learning

models.
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Figure 2.4: Schematic of Arti cial Neural Network. A simple arti cial neural network
schematic with one input layer with 4 nodes, two input layers with 3 and 2
nodes respectively and one output layer of 1 node. Such models can be used
for either classi cation or regression tasks depending on the optimiser used at
the output layer.

Figure 2.5: Schematic of autoencoder. The autoencoder shown takes in four input data-
points, and through one hidden layer, encodes the input at a lower dimension-
ality, shown as two data points. The decoder also transforms the encoded data
back into the original datapoints. This encoder demonstrates a symmetrical en-
coder and decoder modules that may be used independently to encode the data
for other uses.
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2.13 Protein Language Models

Deep-learning Large Language Models (LLMs) are additional methods of encoding
text-based information in a numerical format so that this data type can be applied to
machine learning. LLMs have emerged from the eld of natural language process-
ing, speci cally, how computers understand human speech by recognising patterns
in text and generating sentences by predicting what should follow. These methods
are based on autoencoders where complex input data can be encoded into numer-
ical embeddings, and then using these embeddings, a response may be generated,
or the embeddings may be used as a representation of the input data to be used for
different tasks. Through encoding text into numerical formats, such as each word
being represented by a number that is correlated with it (i.e. a token), these princi-
ples can be applied. While these techniques have become useful in the elds of text
summarisation, translation, and sentiment analysis, LLMs can also be used to solve
speci ¢ problems when trained on a curated dataset. Normally, they are trained on
masses of text data from a number of sources. However, from the previous infor-
mation it can be inferred that if an LLM is trained using protein sequences, it will
become pro cient at representing protein sequences, and this can also be restricted

to particular classes of proteins, such as antibodies [174, 175, 176].

2.13.1 Training Antibody Large Language Models
The process for protein LLM training is much the same where amino acids are
treated as words in a sentence. Before training a LLM using sequences using the

V4 and \ sequences, these sequences need to be numbered or padded with a given
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padding character depending on the LLM, to make all inptand \( sequences the
same length as each other. This is because the shape of the output data is dependent
on the shape of the input data and with antibody sequences being different lengths,
it would be dif cult to train a dataframe where datapoints had different numbers of
features. The sequences of amino acids are tokenised, where a substitute digit can
be used to replace the residue letter, to enter the data into the model.

Once the training data has been tokenised, a selection of architectures can be
selected. The most reliable architecture chosen has been based on transformer ar-
chitecture, which are modules able to apply attention that captures relationships
between positions in the training data if it is seen consistently. This attention can be
expressed as the relationship between a Query, Key and Value embeddings, repre-
senting the token, the context and the value of the tokens attended to. The similarity
between query each query embedding and all key embeddings as a dot product, pro-
ducing a matrix of scores informing how much attention the query token should pay
attention to a particular key token.

In a given LLM, AntiBERTYy [177], a self-attention mechanism is given, mean-
ing that Query, Key and Value come from the same input sequence and relation-
ships are captured from across the sequence. There is great importance in attention
when training an antibody LLMs as the majority of antibody sequences share sim-
ilar frameworks, and the main regions of diversity are seen at the CDRs and so the
most attention is designated to these regions. The number of features that the model
generates per token is also dictated by attention mechanisms and the architecture

of the model (i.e. the number of nodes that output the encoded data), by splitting
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attention into heads, which encode different information based on the Query, Key
and Value embeddings. In the case of AntiBERTy where the size of the embeddings
is 512, there are 8 heads, each head works to calculate 64 embeddings per token and
the outputs are combined to give the full embedding space [177].

Language models are trained through a process called "'masking' in which a
small number of tokens in input data are masked so that the model is made to predict
what should be in its place. As the model retrains and its predictions are closer
to the masked value (i.e. the loss function decreases over successive rounds of
training), it is thought that the model gains a better understanding of how the words
and sentences are structured to predict text. Furthermore, transformers are modules
that may apply an enhanced focus on some aspects of the input data and diminish
other aspects through dynamically generating a proportionate number of features to
represent them depending on how important those features are in distinguishing data
points. Because of the mass and complexity of the data these models are trained on,
they may have millions or billions of parameters and require high compute power
to implement, however, when LLMs are applied to specialists tasks like antibody or
protein sequences, the demands for compute are not as high as for general purpose

language models.

2.13.2 AntiBERTyY
AntiBERTY [177] is based on the “bidirectional encoder representation from trans-
formers' (BERT) architecture which relies on each output feature representing each

input feature and so learns representations of bidirectional data not just sequen-
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tial, which means it can learn more meaningful representations of the input data
through contextual information [178, 172]. It is trained on a dataset of 558 million
non-redundant antibody sequences from the OAS representing: human, rat, mouse,
camel, rabbit and rhesus monkey. A multiple instance framework was also used
to identify antigen-binding residues and enhance attention onto the CDR loops of
the antibody to increase the context-derived information available for the model to
train on. For this reason, AntiBERTYy is useful for antibody modelling and predict-
ing binding. Implementation of AntiBERTY used for this project was ‘'model 1' that
was included in the code of the Igfold software [179] to represent antibodies for

structural prediction.

2.13.3 AblLang

AbLang is another LLM trained on 14,126,724 Yequences and 187,068 se-
guences that were also taken from OAS [33]. By masking 70% of sequences during
its training, it has been well trained to predict missing residues in antibody se-
guences resulting from sequencing errors. This has clear applications in database

curating and antibody design. AbLang was used withathlang Python package.

2.13.4 Sapiens

Another LLM is Sapiens, which is trained on 562,544,07kx%d 55,826,963 \se-
guences also taken from the OAS, but with the use case of humanise antibodies, |l
missing residues, and create feature embeddings [180]. This model can be accessed

using thesapiens Python package.



2.13. Protein Language Models 71
2.13.5 ESM
ESM-2 is a transformer-based general protein language model with adjustable num-
bers of parameters ranging from 8 million to 15 billion depending on the complex-
ity of the task at hand. The training data was an unspeci ed number of sequences
from the UniRef database by predicting masked amino acids to learn sequence and
structural data representations for protein modelling [176]. The iteration of the
model used here included 8 million parameters, as found in the ESM tokeniser
facebook/esm2_t6_8M_URS50D as this lightweight version of the model was
faster to run on a CPU machine. This model can be accessed usiegnifeython

package.

2.13.6 Use of LLMs in this Thesis

To enter antibody sequences into the LLMs, throughout this thesis, sequences were
made to a standardised format. This was done by numbering sequences using the
Chothia numbering scheme, conjugating theavid \V chain and padding missing
residues with a padding character allowed by the LLM on an individual basis.

The LLMs used here included: AntiBERTy [179], AbLang [33] and Sapiens
[180], which are all antibody-speci ¢ models, and ESM [176], which is a general
protein language model. For each language modebnid \ sequences were in-
dividually spaced according to the Chothia humbering scheme, where the padding
character differed for each model according to its speci cations. The encoding size
observed for each language model using the dataset, and padding characters are

given in Table 2.4.
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Table 2.4: Details of language model encodings.
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Language Model Features(W¥V, ) Padding Character Reference
AntiBERTy 130,048 [179]
AbLang 195,072 o [33]
Sapiens 152,560 “xn [180]
ESM (esm2t6_8M_UR50D) 82,560 “X’ [176]




Chapter 3

Separating Clinical and Repertoire
Antibodies to Identify Repertoire

Antibodies with Clinical Potential

3.1 Introduction

In order to generate triaging criteria for separating clinical mAbs and human anti-
bodies, several approaches were taken that are outlined in this chapter. This was
partly inspired by the work in Negroet al. [111] that worked to solve the same
problem using sequence statistics to train linear models to predict a score based on
similarity to clinical stage mADbs.

This chapter concerns identifying clinical candidates from repertoire data
through comparing antibodies from available human repertoire data with a dataset
of human clinical mAbs. The rst approach taken here included physicochemcial

property-based lItering, however, better success was seen with machine learning.
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This involved encoding these sequences with antibody language models and using
machine learning models to classify groups in the data. Firstly, supervised ma-
chine learning using a voting function was used, but because the repertoire data is
unlabelled, an unsupervised approach was seen as more appropriate. When this un-
supervised approach was implemented, a number of methods were tested to extract

antibodies which clustered closely with the clinical mAbs.

3.2 Datasets and Models

3.2.1 Human Repertoire Data

All human paired Y and \} sequences were downloaded from Observed Antibody
Space [33] (accessed January 2022, Appendix A.1) and assimilated into one le
consisting of 88,274 paired human sequences. Randomly selected paired sequences

(n =10,000) were collected into one le (Data File 1).

3.2.2 Human Clinical-Stage mAbs

TheraSabDab was accessed in October 2021 and Itered by Format "Whole mAb'.
Human antibodies were identi ed using the "-umab' suf x, and checked for source
with a literature search. The remaining antibodies were then sorted using the "High-
estClin_Trial (Oct '21)" eld for “Approved” (n = 31) (Data File 2); “Discontin-

ued” (n = 77) (Data File 3) or in any phase of clinical trials (‘Phase I', ‘Phase-II,
"Phase-1ll") where Est. Status was "Active' at the time of access (n = 35)(Data File
4), giving a total of 143 clinical stage antibodies. A further held back dataset of

human-derived clinical mAbs was acquired (n=203), using the 2022 naming con-
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Table 3.1: Means and standard deviation of sequence-calculated physicochemical proper-
ties for fully human mAb therapeutics (n=144) and library human antibodies

(n=10,000).
Feature Human Therapeutic mAbs OAS Library Antibodies p value
CDR-H3 Loop Length 12.08+6.65 15.01+10.54 0.00049
DG V,, kJ mol 1 7614+3260 658313441 0.00014
DG V, kI mol * 1086+2381 796+2614 0.14
DG Concatenated, W, kJ mol 1 9248+3896 7944+4238 0.00015
Mean pl of |\, 7.87£1.30 7.8+1.24 0.025

vention using -tug' for unmodi ed whole immunoglobulins and "-bart' for whole
immunoglobulins with engineered amino acid changes [181]. This was supplied by

Andrew Martin in June 2024 (Data File 5).

3.2.3 Evaluation of Datasets Physicochemical Properties

It was thought that clinical antibodies with properties that separate them from li-
brary antibodies could be identi ed using physicochemical properties linked to de-
velopability characteristics as had been used in the TAP score [110] and TA-DA
score [111]. However, it was found that the TAP score was not be suitable for high-
throughput sequence analysis because of the need to model antibodies, which was
time consuming on its online portal. For this reason, metrics that do not require
modelling and could be calculated from sequeno&,(pl and CDR-H3 length)

were selected.

3.3 Physicochemical Property Triaging

To establish a triaging pipeline from physicochemical properties, physiocochemi-
cal properties were evaluated and compared between the clinical and library datasets
(Table 3.1). The maximum and minimum values of continuous variables were used

to identify antibodies with developability characteristics which fall within the ob-
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Table 3.2: Triaging effect of Z score lItering on all physicochemical properties using dif-
ferent values of Z.

Z Score
None 2 1 0.5
Number of Antibodies 9653 7038 2600 351

served range of the market approved mAbs. Properties including CDR-H3 length,
pl andDG were selected because methods were found to calculate them quickly us-
ing only sequences. Additionally, whilst they may not be very informative in terms
of developability, these continuous variables could be used to make triaging-cutoffs
using Z scores to apply to large databases and remove antibody sequences which
show high divergence from the mean. This would allow a user to select a Z score
based on how stringently they would like to triage the antibody library. It would be
expected that using smaller Z scores would result in more antibodies being triaged
out of the library as the range for acceptable features would become more narrow
with respect to the mean seen in clinical mAbs.

It was observed that, decreasing the Z score had a dramatic triaging effect for
all properties (Figure 3.1), andG of unfolding had the largest Itering effect at
the lowest Z score tested. When lItering using all properties, more antibodies were
triaged out at each selected Z score than any of the individual lters (Table 3.2).
This was a drastic Itering effect that, at the lowest Z score tested, removed over
95% of the entered antibodies. This result would be expected to give a subset of
OAS antibodies with physicochemical properties similar to most clinical mAbs.
However, it was decided to also use the machine learning models to evaluate this

dataset and select candidates.
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Figure 3.1: Triaging OAS antibodies using physicochemical properties. Violin plots of
results of Itering OAS library antibodies based on based on Z score cutoffs for
a) DG of unfolding (\;+V,), b) isolectric point and c) CDR-H3 Length.

3.4 Supervised Learning

3.4.1 Training models

As was introduced in the methods chapter, supervised machine learning may give
a better solution approach to this problem, and the use of sequence encoding tech-
nigues may provide more insight into the mechanisms that determine these devel-
opability factors, more so than super cial physicochemical properties. This prob-
lem similarly has two groups which can be labelled library (class 0) and clinical
(class 1) and so if a classi er could be trained which has a high performance of
identifying clinical antibodies (i.e. high sensitivity), false positive examples (i.e.
repertoire antibodies which the model thinks is a clinical antibody) are likely to
have properties similar to clinical antibodies.

All of the human clinical dataset (class 1) and human repertoire data (class 0)
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from the OAS were encoded with the AntiBERTy language model. A selection of
15 supervised machine learning models (see Section 2.8.1) were trained on this data
using different numbers of antibodies randomly sampled from the library dataset
(n=100, n=500, n=1000, n=10,000) to investigate whether this weighting balance
of positive to negative examples made a difference to how the models learned. This
was combined with F-regression to investigate if the number of featkreséd for
the models to learn from had an effect. Different valueskfarere selected [1, 10,

50, 100, 500, 1000, 2500, 5000, 10000].
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Figure 3.2: Classi ers trained on OAS repertoire antibodies and Clinical stage mAbs.
MCC scores and standard deviation of 16 binary machine learning predictors
classifying test split of repertoire antibodies a) (n = 100), b) (h = 500), c) (h =
1000) against clinical antibodies (n = 143) dataset encoded with the AntiBERTy
language models. F-regression scores are colour coded.
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Classi ers were trained on all splits of the data. It seems from inspection that
performance for each split was similar across Support Vector Machine Classi er
(SVC) models, Ridge classi ers, Logistic Regression and Calibrated Classi ers,
and that there was an increase in performance was seen when more features were
used in training, however, this increase in performance plateauedkatt@d0.

The best overall performance was seen when training the clinical dataset
against 100 library antibodies (Figure 3.2a), which was an aproximately balaced
dataset,withk set to 10,000 features, and trained with the LinearSVC model was
used (MCC=0.77+0.14). Performance decreased when training data increased to
500 library antibodies, but the best performance at this split was also observed us-
ing the same classi ers as before: the Ridge Classi er (MCC=0.65+0.12) where
k=10,000 (Figure 3.2b). A similar decrease in performance was seen with 1000
library antibodies, where the best for the Calibrated Classi er (MCC=0.62+0.12)
wherek=10,000 (Figure 3.2c). It could be drawn from this experiment that by giv-
ing the library and clinical antibodies an equal weighting, the models are able to
learn more to distinguish them, however, when using fewer library examples, it is
more dif cult to capture the possible diversity of the library leading to less gen-
eralisable models. So a method of manual cross-validation (CV) was devised that
would allow for this balanced weighting and to allow the model to be trained on a

greater diversity of the repertoire.
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3.4.2 Manual CV Training
While it was seen that more balanced datasets of clinical and library antibodies to
train classi ers was found to give the most reliable predictions, as previously men-
tioned, this may exclude a lot of the diversity seen in the repertoire, and it risks
labelling potentially useful antibodies as class 0. In reality, the repertoire data are
not labelled. It is uncertain whether a given library antibody would have the clinical
features appropriate for a clinical antibody, and so labelling all of these library anti-
bodies the same class would be misleading to the model. For this reason, a method
of manually sampling the data was devised in order to train multiple models on the
diversity of the repertoires and to use a method to take a vote of predictions from a
collection of models as a method of not losing potentially useful antibodies.

It was decided to use sets of 500 library antibodies with a clinical data split
as using a selection of features from the F-regresske500) as training data
collection of models from which a vote would be taken. This choice was made for a
number of reasons. Firstly, performance was thought to be more consistent in these
splits due to the reduced standard deviation of MCC scores between splits of the data
than seen in the 100 library antibody split. Secondly, using the 100 library antibody
method would also make 99 different models, per split to train on all antibodies
from the OAS library, totalling 990 models, which seems to be unnecessarily large
for this purpose. Thirdly, 500 library antibodies give the opportunity to introduce
more diversity to the training dataset for individual models.

The 10,000 repertoire antibodies were randomly split into 20 splits of circa

500 library antibodies and joined with a given split of clinical data to give a total set
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Figure 3.3: Schematic representation of the generation of weighted voted predictor. This
shows how training clinical data has been concatenated to different splits of
repertoire data to train individual classi ers and a held back split of both clinical
and repertoire antibodies to test the overall performance of the model. This
example is given imagining 4 splits of the human data and two splits of the
clinical data.

of training data of 19 different training sets of 500 different library antibodies and
130 of the same clinical antibodies, and a test set of 500 library antibodies and 13
clinical antibodies. This would give 20 sets of predictions, each as a result of a vote

taken from 19 models.

3.4.3 \Voting Function

To then take a nal vote for all predictions per antibody, two voting functions
were tested to collect the nal prediction of each antibody. This process has been
schematically outlined in Figure 3.3. Because of this method, the antibodies to be
taken forward would be seen as false positives to the model, so in addition to MCC
other statistics have been used to evaluate the performance. False omission rate
(FOR) to evaluate how often the models do not learn the positive examples, which

would be expected to be low. Negative predictive value (NPV), to evaluate how well
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the model can predict negative values, which would be expected proportional to the
fraction of repertoire to clinical antibodies. Details of these statistics are given in

Section 2.10.1.

3.4.3.1 Function one

The rst voting method tried was to take the sum of positive and negative predicted
probabilities and take the vote of whichever sum was higher (Equation 3.1).
8

o NT oF
2 @2 if (v= ¢

Sout= (3.1)

3 @2t (v=C)

+

* s is the con dence output of a predictor predictiGg

* 5, is the con dence output of a predictor predictiGg
« N* is the number of predictors predictitj
* N is the number of predictors predicti

This gave 20 sets of predictions, which have been evaluated in Table 3.3. Some
individual predictions using this method look impressive, especially predictions 1,
5, 12 and 20 where it seems there is a low FOR with high NPV as expected. Im-
portantly, in each of these cases, more true positives are present than true negatives,
indicating a trustworthy set of models that have learnt patterns that separate the

clinical and library antibody.
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Table 3.3: 20 sets of predictions made from voting classi er using Method 1.

Prediction MCC NPV Sn TP FP TN FN
1 0.421 0.996 0.714 5 14 452 2
2 0.298 0.993 0.571 4 19 447 3
3 0.352 0.996 0.667 4 16 451 2
4 0.242 0.991 0.429 3 16 450 4
5 0.379 0.996 0.714 5 18 448 2
6 0.212 0.993 0.500 3 25 442 3
7 0.314 0.993 0.571 4 17 449 3
8 0.332 0.993 0.571 4 15 451 3
9 0.399 0.996 0.714 5 16 450 2
10 0.064 0.987 0.143 1 18 448 6
11 0.471 0.998 0.833 5 13 454 1
12 0.409 0.996 0.714 5 15 451 2
13 0.353 0.993 0.571 4 13 453 3
14 0.083 0.989 0.167 1 15 452 5
15 0.377 0.993 0.571 4 11 455 3
16 0.278 0.991 0.429 3 12 454 4
17 0.178 0.989 0.286 2 13 453 5
18 0.342 0.993 0.571 4 14 452 3
19 0.265 0.993 0.500 3 16 451 3
20 0.362 0.996 0.714 5 20 446 2

Mean+SD 0.307+0.108 0.993+0.003 0.548+0.185 3.700+1.261 15.800+£3.189 450.450+3.120 3.050+1.234

3.4.3.2 Function two

The second function takes the difference in the sums of positive and negative pre-
dicted probabilities corrected by the number of predictions (Equation 3.2).

@GN (Sn sn) @Y (s S)

S)Ut: N+ + N

(3.2)

« ¢ is the con dence output of a predictor predicti@g

* 5, is the con dence output of a predictor predictiGg

e N* is the number of predictors predictiy

* N is the number of predictors predicti

St is the nal voted con dence output.

This method of voting produces different results than the previous method de-
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Table 3.4: 20 sets of predictions made from voting classi er using Method 2.

Prediction MCC NPV Sn TP FP TN FN
1 0.431 0.989 0.286 2 1 465 5
2 0.562 0.991 0.429 3 1 465 4
3 0.662 0.996 0.667 4 2 465 2
4 0.376 0.987 0.143 1 0 466 6
5 0.501 0.991 0.429 3 2 464 4
6 0.284 0.989 0.167 1 1 466 5
7 0.420 0.991 0.429 3 4 462 4
8 0.330 0.989 0.286 2 3 463 5
9 0.501 0.991 0.429 3 2 464 4
10 -0.010 0.985 0.000 0 3 463 7
11 0.406 0.989 0.167 1 0 467 5
12 0.562 0.991 0.429 3 1 465 4
13 0.371 0.989 0.286 2 2 464 5
14 0.000 0.987 0.000 0 0 467 6
15 0.672 0.994 0.571 4 1 465 3
16 0.180 0.987 0.143 1 3 463 6
17 0.431 0.989 0.286 2 1 465 5
18 0.501 0.991 0.429 3 2 464 4
19 -0.007 0.987 0.000 0 2 465 6
20 0.330 0.989 0.286 2 3 463 5

Mean+SD 0.375+0.203 0.990+0.002 0.293+0.187 2.000+1.257 1.700+£1.129 464.550+1.356 4.750+1.164

spite using the same predictions as given above. In this case, the best looking sets of
models are from prediction 3 (Table 3.4). No other set of models would be consid-
ered suitable for use as the sensitivity is lower, meaning that true positive examples
have not been captured, and so the selected false positive results (repertoire anti-
bodies expected to have clinical properties) become less trustworthy. Overall, this
weighted method of voting would be seen as more conservative method than using

the result of the summed probabilities.

3.5 Unsupervised Learning

To examine the groups of unlabelled data, unsupervised learning is the most suitable
solution to allow natural clustering of data. This general approach has a number
of advantages including that all antibodies in the sample can be included into a
single model, and that these methods can be plotted in 2-dimensional space so that

antibodies which are similar to each other would be positioned closer together than
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antibodies that had different properties. Using this principle, it was hypothesised
that if the clinical and repertoire antibodies underwent dimensionality reduction
together, a cluster of clinical antibodies which would be assumed to have similar,
developable properties would be identi ed together in one area and that antibodies
with similar properties would cluster closely with the clinical mAbs. These would

be the antibodies that would be selected to be taken as clinical candidates.
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