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Instead, building off our expertise in curating Thera-SAbDab, we built the Coron-
avirus Antibody Database (CoV-AbDab) to document the molecular properties of all
experimentally-confirmed coronavirus binders. We also collaborated with new aca-
demic and industrial partners, using the antibody sequences in CoV-AbDab as probes
to functionally characterise convergent clonotypes from SARS-CoV-2 response reper-
toires; this was the first study to report strongly convergent SARS-CoV-2-specific
antibody responses. As this work is of direct relevance to the theme of this thesis, we

have included a detailed description in Chapter 5.
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Thesis Abstract

In this thesis, we establish the foundations for structure-based antibody drug dis-
covery from natural immunoglobulin sequences. This is achieved through two novel
software packages: ‘Repertoire Structural Profiling’ (RSP), as a means of generat-
ing structurally-diverse virtual screening libraries, and the ‘Therapeutic Antibody
Profiler’ (TAP), for rapid structure-aware developability assessment of candidates
in early-stage antibody drug discovery. Our approaches are orthogonal to existing
work in these fields and yield new insights into the diversity of the adaptive im-
mune system and the physicochemical characteristics of therapeutic antibodies. We
also describe a new database (Thera-SAbDab), which provides the increased ther-
apeutic antibody sequence and structural data necessary to benchmark RSP and
TAP, and to facilitate future investigations in the area. Finally, we report our work
in the COVID-19 response effort, which, through a novel database of thousands of
coronavirus antibody-binders (CoV-AbDab), has already contributed functional an-

notations to SARS-CoV-2 immune response repertoires.
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Chapter 1

Introduction

1.1 Thesis Summary

In this thesis, we establish the foundations for structure-based antibody drug discov-
ery from immunoglobulin gene sequencing (Ig-seq) samples of B-cell receptor (BCR)
repertoires. We begin by collating all existing sequence and structural data on ther-
apeutic antibodies into a database that enables the research described in this thesis
and facilitates other investigations in the field (‘Thera-SAbDab’, Chapter 2). Based
on these datapoints, we found high sequence identities between existing therapeu-
tic antibodies and natural antibody/BCR sequences, indicating that Ig-seq datasets
should represent a fertile pool in which to search for novel therapeutically-exploitable
molecules (Chapter 2). By clustering repertoire sequences based on their predicted
structural templates, we convert Ig-seq datasets into structurally-representative ho-
mology models (‘Antibody Model Libraries’, AMLs) that can be used as a diverse
basis set for virtual screening (‘Repertoire Structural Profiling’, Chapter 3). We
also derive five computational developability guidelines through comparisons between
the physicochemical properties of therapeutic antibodies and natural antibodies (the
‘Therapeutic Antibody Profiler’, Chapter 4). These can be applied within, or indepen-
dently of, this pipeline to rapidly highlight problematic candidates during early-stage
development.

We conclude by describing our research in response to the SARS-CoV-2 pandemic,
which yielded a novel database (CoV-AbDab) that we harnessed to add functional
annotations to the BCR repertoires of patients infected with SARS-CoV-2 (Chapter
5). Analysis enabled by CoV-AbDab highlights strong SARS-CoV-2-specific antibody
responses across UK COVID-19 patients, identifies potential pitfalls for SARS-CoV-2
antibody test diagnostics, and adds supporting evidence that our AMLs can capture

therapeutically-relevant binding site topologies. In time, the CoV-AbDab molecular



probes will be used to profile COVID-19 vaccine-induced immune responses and to

inform decisions in the development of anti-SARS-CoV-2 therapeutic antibodies.

1.2 Chapter Abstract

This chapter will cover the essential background knowledge underpinning the research
described in this thesis. It starts with a brief overview of antibodies (also known as
immunoglobulins), a class of protein native to jawed vertebrates and crucial to the
adaptive immune response. We describe their sequence and structural properties,
role in the immune system, and how biotechnology is currently applied to sample the
antibody diversity expressed by an individual at a point in time. This leads into a
section describing how the Pharmaceutical industry, since the late twentieth-century,
have developed monoclonal antibodies, and related modular formats, into drugs. We
then cover the two — often competing — factors in therapeutic antibody design: tar-
get complementarity and developability. Finally, we propose a novel structure-aware
paradigm for therapeutic antibody discovery directly from sequencing samples of nat-
ural immunoglobulin repertoires. The tools described in this thesis can be inserted
into the framework to bring our proposed pipeline closer to reality. We conclude with

a high-level summary of each of the subsequent chapters.

This chapter contains reproduced material from the following review:

Raybould, M.I.J.", Wong, W.-K.T, Deane, C.M. (2019) Antibody-Antigen Complex
Modelling in the Era of Immunoglobulin Gene Sequencing. Mol. Syst. Des. Eng.
4:679-688. [1] TJoint Authorship

1.3 Antibodies

1.3.1 The Role of Antibodies in the Adaptive Immune Sys-
tem

Antibodies are B-cell-encoded globular proteins that help initiate the adaptive im-
mune response in vertebrates by recognising pathogenic invaders and recruiting other
components of the immune system to eliminate them. They achieve their function by
being able to adopt a huge diversity of binding sites (see Section 1.3.2) that can be

mutated to achieve high complementarity to almost any pathogen.



A circulating set of ‘naive’ B-cells, each of which display a single antibody (at this
point membrane-bound to their parent B-cell, so usually termed a ‘B-cell receptor’,
BCR) patrol the bloodstream for foreign entities. The diversity in this set of naive
BCRs is limited relative to theoretical binding site diversity (~10 vs. ~10'+ 3, 4]),
and so initial pathogen binding is often only of low-moderate affinity. Once a BCR
recognises a pathogen through a sufficiently complementary binding site, its parent
B-cell migrates to the germinal centre of the lymph nodes. Here, intentional muta-
tions are made to its DNA sequence to modify the amino acids in the BCR binding
site (a process known as ‘affinity maturation’). A chemical feedback signal selects
for mutations that increase the affinity of the BCR for the pathogen, and so as the
BCR ‘matures’, it becomes more ‘specific’ for its target. At this point, the BCRs
can be secreted in their soluble (antibody) format in a range of different ‘isotypes’
with different effector functions (see Section 1.3.2). It can take several days-weeks
for evolutionary pressure to optimise the antibodies such that they can completely
neutralise the pathogen, accounting for the lag time between feeling unwell and be-
ginning to recover. Once a pathogen has been neutralised, the B-cells that encode
for the optimised antibodies are preserved in low concentration as long-lived ‘memory
B-cells’. Upon reinfection by the same pathogen, or one with a sufficiently similar
binding site, these memory B-cells are reactivated and the optimised antibodies se-
creted. Vaccination harnesses this characteristic of the immune system, achieving
immunological memory for a particular set of pathogen proteins that can be rapidly

recalled upon reinfection.

1.3.2 Antibody Composition and Sequence Diversity

Native antibodies are Y-shaped homodimers, with each monomer possessing two
chains, covalently bound by disulfide bridges, and labelled as either heavy (H) or
light (L) according to their difference in molecular weight (Fig. 1.1). Each chain
can be divided into certain key regions [5]. The Fragment crystallisable (Fc) region
forms the stalk of the Y, whereas the Fragment antigen binding (Fab) region forms
the arms. Each antibody isotype (IgA, IgD, IgE, IgG, or IgM) has a distinct Fc
region, responsible for multimerisation or for recruiting additional components of the
immune system through mechanisms such as opsonisation, neutralisation, agglutina-
tion or complement activation [6]. The Fab region is solely responsible for pathogen

recognition and can be split up into a ‘constant domain’ and a more diverse ‘variable

IThis assumption is being questioned by recent ‘single-cell’ sequencing studies, although one
antibody is usually dominant [2].



CDRs

7]

. Heavy Chain
Light Chain

—— Disulfide Bridge
Fab
=== FcC

Fv = VH+VL

Figure 1.1: Antibody Composition. Antibodies consist of two heavy (dark blue) and
light (light blue) chains, covalently held together by disulfide bonds (gold lines). The
left-hand side monomer is labelled with its constituent domains. The Fab region com-
prises the heavy chain’s variable (V) and first constant (Cyy) domains, as well as the
light chain’s variable (V) and constant (Cp,) domains. The remaining heavy constant
domains (Cyo and Cyz) make up the Fe region. Within each variable domain are three
hypervariable loop regions collectively known as the Complementarity-Determining
Regions (CDRs) that form most interactions to the antigen (Ag). The remainder of
each Fv is known as the framework region.



(Fv) region’ (also seen labelled as the Vi domain of the heavy chain and the Vp,
domain of the light chain, see Fig. 1.1).

The large diversity observed in the Fv sequence can largely be attributed to ge-
netics. Rather than being entirely translated from a single gene, the antibody Fv
is encoded across five distinct genes. Three (IGHV, IGHD, and IGHJ — VDJ for
short) originate on chromosome 14 and recombine to form the VH region. VL is
formed on recombination of a V and J gene, either from the ‘kappa’ (k) loci on chro-
mosome 2 (IGKV, IGKJ) or from the ‘lambda’ (\) loci on chromosome 22 (IGLV,
IGLJ). In humans, we currently know of 56 variable (V), 23 diversity (D), and 6
joining (J) heavy gene segments, 41 V and 5 J k gene segments, and 33 V and 5
J X gene segments? [7]. The first contribution towards antibody binding site diver-
sity comes from the large number of potential distinct V(D)J recombinations within
each chain. Additionally, before gene recombination can occur, each segment’s DNA
hairpin loop must be cleaved. Once cleaved, additional nucleotides can be inserted
before the two genes are stitched together by the B-cell DNA repair machinery. This
‘junctional diversity’ adds further sequence and length variation to the antibody Fv
region. On top of this, the process of somatic hypermutation during antibody matu-
ration adds point nucleotide mutations throughout the Fv domain, which can lead to
substantial divergence from the ‘germline’ (gene-encoded) amino acid sequence even
in non-junctional regions. Finally, compatible VH and VL chains pair up to create
many distinct antibodies; estimated at upwards of 10'® potential binding sites [4].

When the first antibody sequences were analysed, it became clear that amino acid
variation was not uniform across the Fv region [8]. Instead, six ‘complementarity-
determining regions’ (CDRs) were identified, three in the heavy chain and three in
the light chain, that exhibit most of the sequence variation between antibodies (Fig.
1.1). This was further rationalised from a structural perspective, as these six CDRs
form neighbouring loop structural elements while much of the remainder of the Fv
domain (termed the ‘framework’ region) is locked in tight antiparallel beta sheets and
so is less accommodating of amino acid mutation. Through solving antibody-antigen
complex structures, it was confirmed that antibody residues in the CDR regions do
indeed make almost all of the interactions to the cognate antigen [9].

Across the six CDR loops (CDRH1-3, CDRL1-3) it has been shown that, in
many cases, the CDRH3 loop makes a disproportionately large contribution to-

wards selectivity for any ‘epitope’ (region/set of functional groups on the antigen

2These numbers represent the ‘functional’ immunoglobulin gene loci and do not account for allelic
variation. The numbers of productive genes are being continually revised upwards.



surface; the complementary set of functional groups on the antibody is known as
the ‘paratope’) [10]. This is because the CDRH3 region falls at the junction of both
IGHV-IGHD and IGHD-IGHJ, leading to a huge diversity in length, sequence, and
3D structure (see Section 1.3.4.5). CDRL3 also falls at a junction region on the light
chain (IG[K/L]V-IG[K/L]J), but since it lacks the diversity gene, its length, sequence,
and structural profile is much narrower than that of CDRH3. The CDR1 and CDR2
loops of both chains are germline-encoded on the V gene, further limiting their initial

sequence and length diversity.

1.3.3 Antibody Numbering Schemes and Region Definitions

When comparing protein sequences of different lengths, it is typical to perform a
‘sequence alignment’, lining up the most conserved positions to identify and contex-
tualise the length-variant regions. As antibody framework regions are sufficiently
conserved, and almost all length variation occurs within the CDRs, several ‘num-
bering schemes’ can be applied directly to the antibody sequence to avoid the need
for explicit alignment [8, 11-14]. All numbering schemes account for relative shifts
by assigning insertions and deletions (‘indels’) to certain residue numbers. Within
each numbering scheme, the boundaries between the framework and CDR regions
are also debated — some define the CDRs as the regions of highest sequence varia-
tion [8], others as full structural loop elements [12, 13, 15], and still others attempt
to find a unifying definition applicable to both VH and VL [11] or amongst classes
of immune proteins [11, 14]. Several tools exist to apply numberings to antibody
sequences [13, 16-18], including the ANARCI tool developed in our group [18]. AN-
ARCT uses Hidden Markov Models built from reference pre-numbered IMGT germline
sequences [11] to probabilistically assign residue numbers and indels to input antibody
VH or VL chains.

Throughout this thesis, we use the International Immunogenetics Information
System (IMGT) numbering scheme, as it is consistent between the heavy and light
chains, and deletions/insertions are added to loops in a symmetrical fashion (Fig.
1.2A). IMGT numbering is thus equivalent to a combined sequence and structural
alignment as residues with the same identifier are approximately structurally equiva-
lent, enabling a rapid and meaningful comparison to be made between the amino acids
seen at a given residue number. An example is shown in Fig. 1.2B, where a length 14
CDRH3 loop is compared to one of length 19. Using asymmetrical insertions, Adali-
mumab’s central loop residues would be labelled as 111-111A-112, while Galiximab’s
would be labelled 111-111A-111B-111C-111D-111E-111F-112. Adalimumab’s residue



I:I Anchor Residues
128 @ Deletions

|:| Galiximab (Length 19 CDRH3)

|:| Adalimumab (Length 14 CDRH3)

Figure 1.2: (A) A ‘Collier-de-Perles’ diagram showing a typical VH sequence in the
IMGT numbering scheme with IMGT region definitions [11]. CDRI1 lies between
residues 27-38, CDR2 lie between residues 56-65, and CDR3 lies between residues
105-117. This numbering is consistent for VH and VL. (B) IMGT insertion codes in
the center of the Galiximab and Adalimumab CDRH3s. The CDRHS3 loops of the two
antibodies are aligned and shown in cartoon representation, with backbone carbonyl
carbon atoms highlighted by spheres. Residues with the same IMGT number are
approximately topologically equivalent, while the longer loop is accommodated with
symmetrical insertion codes.



‘111A’ is topologically equivalent to Galiximab’s ‘111F’, but these residue identifiers
in no way reflect this. Instead, the IMGT numbering scheme assigns them both to
identifier ‘112A’. Equally, shorter CDRH3/CDRL3 loops are symmetrically assigned
deletions to ensure a consistent structural mapping. In terms of region definitions,
we tend to use the IMGT definitions [11] if making explicit comparisons between
heavy and light chain sequences, as the VH and VL. CDR regions each lie between
the same residue numbers. For structural modelling purposes (see Section 1.3.5), we
use the North et al. set of definitions, since they better capture each CDR’s full loop

structure and so lead to improved framework grafting [15].

1.3.4 Antibody Structural Diversity and Structure Predic-
tion

Some understanding of antibody structural diversity has been gained through analysis
of the over 4,200 solved Fv structures in the Protein Data Bank [19], downloadable as
a pre-numbered set from the Structural Antibody Database (SAbDab) [9]. However,
solving an antibody structure remains a slow and laborious process, and so building
upon our existing knowledge to predict as yet unsolved antibody structures is both
necessary and informative. The following subsections describe the main sources of Fv

structural diversity and how we can predict antibody structure from sequence.

1.3.4.1 The Framework Region

A large portion of the antibody framework region is locked in a tight anti-parallel beta
sheet network that provides a structural scaffold for the CDR loops. This structural
motif imposes tight restrictions on amino acid identity, as an incompatible residue
(e.g. one with too bulky a side chain) would preclude folding leading to a non-
functional antibody. However, one Fv structural property governed by the framework
region is inherently variable — the relative orientation of the VH and VL domains.
This orientation can be summarised in a set of six parameters (5 dihedral angles and
one distance) and can significantly affect the ‘bite angle’ of the antibody paratope [20].
Statistical predictors based on framework amino acid sequence have been shown to

regress to these parameters with relatively high accuracy [21].

1.3.4.2 The Canonical CDR Loops

Aligning the increasing number of solved antibody structures, researchers noticed
that the CDRH1-2 and CDRL1-3 loops tended to adopt their own characteristic set



of backbone structural conformations [12, 15, 22-24]. These became known as the
‘canonical forms’, and the non-CDRH3 antibody loops were termed the ‘canonical
CDRs’. These canonical forms encompass between 81% and 98% of each CDR’s
currently-solved structural diversity and range from 1 to 12 clusters per CDR loop®
(see Supporting Information of Wong et al., 2018 [25]). Interestingly, the same canon-
ical CDR loop structure can be adopted by sequences of different lengths [24, 25]. The
SCALOP software, developed in our group in 2018, is able to rapidly and reliably
classify loop canonical forms from sequence alone using ‘Position-Specific Substitution
Matrices’ and a Random Forest machine learning architecture [25]. Position-Specific
Substitution Matrices capture how often an amino acid can be substituted at a given
position without changing the canonical form, based on inspection of the PDB. More
refined predictions of canonical loop structure (not limited by clustering) can be made

using homology modelling approaches such as FREAD [26, 27] (see Section 1.3.4.3).

1.3.4.3 CDRH3 Loop Structure

Owing to its extraordinary sequence diversity, attempts to derive similar canonical
forms for the whole of the CDRH3 loop have been unsuccessful [15, 28]. CDRH3
loop structure is notoriously difficult to predict and has been the subject of much re-
search over recent years [10]. Some approaches tackle the problem ‘ab initio’ [29-35],
a physics-based approach that seeks to convert the CDRH3 sequence into the corre-
sponding structure with lowest free energy. Ab initio methods can yield very accurate
representations, but require a very long run-time; for example, RosettaAntibody [35]
takes ~one hour over many Central Processing Units (CPUs) to model a typical
antibody CDRH3 region, as it continually ‘relaxes’ the structure and re-refines its
prediction using the KIC algorithm. A faster method, which relies on our exist-
ing knowledge of CDRH3 structures, is homology modelling [26, 27, 36-43]. These
methods harness loop structure databases and a statistical framework to pick the
best-fit structural template for a given sequence. For example, the FREAD soft-
ware developed by Choi and Deane uses Environment-Specific Substitution Tables
and anchor residue? graftability to rank potential CDRHS3 structural templates for a
given CDRH3 sequence and framework structure. Environment-Specific Substitution
Tables consider, for a given loop, position, and set of backbone dihedral angles, how

likely two amino acids are to interconvert without changing loop geometry. For most

3These clusters have changed over time with the addition of more structures to the PDB, and
may eventually account for the currently unclusterable canonical loop structures.

4The anchor residues are the residues immediately before and after each CDR loop (see Fig.
1.2A).



lengths of CDRH3 loop (lengths 5 through 19), accuracy of homology modelling meth-
ods is now competitive with ab initio approaches and is set only to improve over time
as more structural data becomes available [27, 44]. However, longer CDRH3 loops of
20+ residues have a huge potential conformational space which is poorly sampled in
the PDB, and existing homology approaches can only generate low-confidence predic-
tions. In this thesis, our perception of what constitutes a ‘long” CDRH3 is thus tied
to the lengths of loop for which there are inadequate structural samples in the PDB.
Our notion of what constitutes a ‘long CDRH3’ has already changed as the PDB has
grown and will likely change into the future.

Owing to speed constraints, homology modelling is currently the only practical
way to incorporate structural analytics into high-throughput analysis pipelines. Al-
ternative ‘hybrid’ approaches [10, 45-47], such as SPHINX [48], have been developed
that merge homology modelling and ab initio optimisation, seeking to find a com-
promise between accuracy and speed. As of yet, while they significantly improve the
accuracy of longer CDRH3 homology loop modelling, they remain too slow to run on

thousands of input sequences.

1.3.4.4 Side Chain Conformations

Beyond backbone structural variability, each residue’s side chain can also adopt dis-
tinct conformations, altering the surface chemical interaction profile. If modelling
antibodies ab initio, all side chains must be assigned initial conformations and sub-
sequently relaxed alongside the backbone structure (another contributor to long run-
times, as energetic convergence can be elusive). Conversely, homologous templates
already come with a solved set of side chain coordinates. Opinions differ as to
whether retaining the side chain conformations of matching target/template residues,
or whether remodelling all side chains in the context of the new model gives the best
performance®. Side chains can be modelled-in or remodelled using tools that combine
an energy function with a rotamer library. Most tools were developed for general
protein side chain modelling [49-52], while the PEARS tool is designed specifically to
model antibody side chains [53]. PEARS uses Gaussian Mixture Models built from
the PDB to assign the most probable of the three staggered-conformation rotamers

to each freely rotatable side chain bond at each IMGT residue position.

5This can depend on whether the antibody is ‘apo’ (solved without a partner antigen) or in
complex, as the free energy landscape is very likely to change as two proteins approach one another.
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1. Framework 3. CDRH3 Loop

2. Canonical Loops 4. Side Chains

Figure 1.3: A typical antibody variable domain (Fv) modelling pipeline. First, a
framework region is chosen for the target sequence. Secondly, the canonical loops are
modelled onto the appropriate anchor residues. Thirdly, the CDRH3 loop is modelled
in the context of the other CDRs. Finally, side chains are modelled-in or refined to
yield an antibody Fv model in atomistic detail.

1.3.4.5 Modelling Variable Domain Structures

The above factors can be considered in a modular format to generate model structures
of the entire antibody Fv domain to atomistic detail (Fig. 1.3). There are many
software packages capable of performing this task [35, 44, 54-61]. Some tools are
freely available to all users [44, 54-56|, others are free to use under an academic
license, but a paid subscription applies for commercial users [35], and still others
require the purchase of either an academic or commercial license [57-61].

Most of these software packages reliably achieve close to sub-Angstréom accuracy
for the more sequence homogenous regions among antibodies. These include the four
framework regions (FWR1-4) and the canonical CDR loops, and are rapidly solved by
homology. Framework region templates are typically selected based solely on maximal
sequence identity or similarity to the target. Either a single template antibody can be
used for both chains, a separate template can be chosen for each chain, or templates
can be chosen separately for each intra-chain framework region. Attention is then

given to predicting a relative VH and VL domain orientation [20, 59, 62]. If all
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templates come from the same parent antibody, then the parent’s VH-VL orientation
is usually assigned directly to the model structure, but if not then interface parameters
must be assigned algorithmically [59]. In contrast to the FWRs, the CDRs are always
considered separately, and any combination of loop length, canonical form, sequence
similarity, dihedral compatability, and anchor residue distance is used to select the
best template. The treatment of CDRH3 distinguishes different modelling tools,
which use a variety of ab initio, homology, or hybrid algorithms (see Section 1.3.4.3).
Side chains are usually refined after initial backbone structure prediction.
Throughout this thesis, we use the ABodyBuilder modelling software developed
by Leem et al. [44]. Framework regions are selected by sequence identity, all loops are
grafted onto the framework region by FREAD in the order L2-H2-L.1-H1-L.3-H3. Any
loops that cannot be modelled by FREAD are either passed to Modeller [63], passed to
Sphinx [48] (see Section 1.3.4.3), or the parent antibody is classified as unmodellable,
depending on the use case. Target residues that match the template have their
side chain conformations preserved while mismatched side chains are modelled-in
using PEARS (see Section 1.3.4.4). On generating a model, ABodyBuilder returns a
statistical estimate of regional model accuracy based on PDB benchmarking, which
is helpful to guide future model refinement. ABodyBuilder has both the accuracy
(shown by comparison to the AMA-IT benchmarks [44]) and speed characteristics (30
seconds per model per CPU) to model the large number of antibodies required for a

representative sample of the human antibody repertoire.

1.4 Sampling and Studying the Antibody Reper-
toire

1.4.1 Repertoire Sequencing Methods

The antibody/BCR repertoire is an enormously diverse and dynamic system. To
obtain representative samples of the diversity of immunoglobulins being produced
by an individual at any one time, high-throughput sequencing techniques are essen-
tial. Here, we briefly discuss the two main immunoglobulin gene sequencing (Ig-seq)
platforms exploited to sample BCR repertoires — ‘Next-Generation Sequencing’ and
‘Single-Cell Sequencing’, how clinical blood-sampling experiments are typically de-

signed, and the insights that can be obtained by analysing the resulting data.
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1.4.1.1 Unpaired-chain (‘Next-Generation’) Sequencing

Next-Generation Sequencing (NGS) technologies, such as [llumina MiSeq and Roche
454, have the capacity to record millions of antibody chain sequences in a single ex-
periment [64]. For example, Illumina MiSeq works by sequencing the complementary
DNA (cDNA) of mRNA fragments from a large number of B-cells that have been
pooled, reverse transcribed, and amplified. As a result, it samples the separate VH
and/or VL chains being expressed in an individual at a given point in time, but loses
the native Fv pairings of the chains as all B-cells are pooled together. Germline-
specific primers are used to sequence ~300 base pairs of either the heavy or light
chain from both the start and the end of the sequence, reading ~80 amino acid
residues in each direction with high fidelity. The ends of the resulting reads are then
computationally ‘assembled’” to deduce the entire sequence in the reading frame that
most closely resembles a known germline.

The sequence data retrieved depends heavily on the nature of the primers used.
For example, if researchers want to sort antibody sequences by isotype, they can
chose appropriate primers that amplify enough of the CH1 region to capture this
information. Data also depends heavily on the origin of isolated B-cells; peripheral
blood is usually sampled as it is the least invasive source of patient B-cells, but immune
response signals can be expected to be considerably weaker in peripheral blood than in
the primary lymphoid organs. On top of sample variability, one should also consider
sequence read accuracy. Sequencing error can come from a range of sources, for
example through mutation during cDNA amplification or through sequence misreads
or misalignments [65]. Illumina sequencing provides a ‘Q-score’ for each base in a
read, which serves as a confidence metric for read quality. Unique Molecular Identifiers
(UMIs) can also be used to assist in error-proofing read assembly as well as to identify
over-amplification biases.

The major advantage of NGS sequencing is its ability to capture extremely deep
(up to 10® [4]) samples of the VH or VL repertoire, although not capturing VH-VL
pairings results in a loss of resolution equivalent to three CDR regions of every binding
site. However, recently, single-cell RNA sequencing technologies have emerged that

allow us to deduce entire binding site sequences [66-68].

1.4.1.2 Paired-chain (‘Single-Cell’) Sequencing

Over the past five years, a range of sequencing techniques have been developed that

are able to capture genomic or transcriptomic data at the resolution of individual
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cells [69]. Single-cell filtering leads to similar protocols as used in NGS sequenc-
ing, including molecular barcoding, amplification, and short-read sequencing followed
by assembly. Amongst these new technologies are platforms such as 10X Genomics
Chromium, which (with the appropriate bead /primer kit) can capture the IGHV/D/J
and IG[K/L]V/J genes encoded by the individual B-cells present in a blood sample.
Building on these advances are platforms such as Libra-seq and CelliGo, which have
the potential to combine combine single-cell sequencing with high-throughput in vitro
antigen specificity assessment (see Section 1.6.1) in a single pipeline [70, 71]. Freely
available ‘VDJ’ (immune repertoire) single-cell sequencing data is now starting to
emerge in a range of disease contexts [2, 70, 72-78] and exciting discoveries are al-
ready starting to be made, such as the fact that individual B-cells may be able to
contemporaneously express different BCRs on their surface [2]. The current major
limitations of VDJ single-cell sequencing are data availability, high expense, and that
sampling is currently limited to around 10* B-cells, which may prove to be too small

a number to be representative of an entire repertoire.

1.4.2 Latitudinal and Longitudinal Sequencing Regimens

There are two primary regimens for repertoire sequencing experiment design. Lati-
tudinal studies focus on sequencing very large cohorts of volunteers at a single point
in time. For example, they are used to sample the antibodies that typically exist
in people’s naive repertoires when they are at a particular age [79], are apparently
healthy [4, 80], or when they have a particular disease [81], chronic condition [82],
or allergy [83]. Sampling many different individuals helps researchers to learn gen-
uine immune repertoire features rather than personal gene expression preferences.
In contrast, longitudinal studies focus on capturing immune system dynamics upon
perturbation, and so usually focus on a narrower cohort of volunteers whose blood is
taken at multiple time points. Experiments in this category include studying BCR
repertoire changes in response to vaccination [73, 84], controlled disease exposure, or
natural infection® [82]. Both regimens aim to identify commonalities in the antibody
repertoires of different individuals, which, given the theoretical diversity of the im-
mune repertoire, are statistically unlikely by chance and so should reflect underlying

antigenic selection pressures.

SThese studies usually occur when diseases are endemic to a population, so there is a high
likelihood that a reasonable number of an initial cohort of healthy patients will become ill within a
certain time frame.
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1.4.3 Repertoire Sequence Databases

To unite these dispersed sequencing datasets into a single location with consistent
annotation, several adaptive immune repertoire sequence databases have been devel-
oped [85-88]. Each repository has its own particular focus — for example, iReceptor
seeks to capture the totality of freely available BCR and T-cell receptor (TCR)” se-
quence data [87], while the Observed Antibody Space (OAS) database focuses just on
BCR/antibody Ig-seq studies with sufficient sequencing quality and annotates all se-
quences with potential liabilities and metadata [88]. As of September 2020, iReceptor
contains ~ 2.7Bn sequences, while OAS contains ~1.65Bn (predominantly VH chain
reads). The unifying features of all repertoire sequence database efforts are consistent
formatting and free data accessibility, the two major obstacles that prevent impactful
data analysis.

In this thesis, we use the OAS database as the source of Ig-seq data [88]. This
is because it pre-filters datasets to only list sequences in which every CDR is re-
solved, pre-numbers every sequence in the IMGT numbering scheme, and supplies
vital metadata such as antibody isotype, volunteer age, and disease state, allowing
for the interrogation of specific sub-populations. A large portion of the Ig-seq datasets
contain VH sequences only, as the established method of high-throughput sequencing
(NGS sequencing, see Section 1.4.1.1) is unable to preserve native pairings, and the
VH is prioritised as it contains the most diagnostic loop, CDRH3. Since we seek to
recreate entire Fv binding sites, we have focussed instead on the smaller subset of

unpaired sequencing studies that also supply VL data [83, 84, 89].

1.4.4 Repertoire Bioinformatic Analysis

Bioinformatic analysis of natural BCR repertoire data has the potential to resolve
many important immunological questions. A new network of researchers (known as
the ‘Adaptive Immune Receptor Repertoire’ [AIRR]| community) has emerged, con-
necting the immunologists with the expertise to sequence antibody repertoires with
the bioinformaticians with the statistical background and high-performance comput-
ing resources to study them [90].

AIRR community researchers, bolstered by increased sequence data accessibility
and novel statistical approaches such as deep learning, have made significant strides

forward that have improved our understanding of immunology [91]. To name just

"T-cell receptors are another crucial component of the adaptive immune response that recognise
short linear antigen peptide fragments presented by the Major Histocompatibility Complex.

15



a few advances, far more is now known about the relatively small number of naive
antibodies able to initiate an immune response against a near endless array of pos-
sible pathogens [4, 80, 92, 93]. Improvements have also been made in our ability to
distinguish the features of each species’ antibodies [94-96], to track how the reper-
toire changes with age [79] or maturation state [96, 97], and to identify which similar
antibodies tend to be raised by different individuals against the same pathogenic
stimulus [3, 73, 84, 98].

Many advances in this latter category of investigation have relied on a clustering
technique known as ‘clonotyping’. Clonotyping harnesses the underlying genetics
and biological selection of antibodies to group them into sets likely to have derived
from similar ancestors. Numbered sequences are aligned to reference V and J genes
(e.g. by ANARCI [18]) and the closest gene loci identified. Sequences with the same
predicted V/J origins are then clustered by CDR3 sequence identity, at a threshold
ranging from 80% [80] through to 100%® [4]. Clonotyping is usually performed only
on the VH chain, assuming that most of the selection pressure in antigen recognition
falls on the CDRH3 loop. It does not explicitly consider the structural component
of complementarity, instead assuming that high sequence identity is a good proxy for

structural similarity.

1.5 Therapeutic Antibodies

When the role of antibodies/BCRs to selectively identify and eliminate antigens be-
came apparent, the Pharmaceutical industry began investing heavily into efforts to
isolate and engineer soluble antibodies as therapeutic agents. Since 1990, over 600
therapeutic antibodies have been registered with the World Health Organisation [99].
A report for Fortune Business Insights in May 2019 valued the therapeutic antibody
industry at around $123B and projected it to grow at a compound annual growth rate
of 14% to reach a value of $350B in 2027°. This section first describes the dominant
therapeutic format (the ‘monoclonal antibody’), then related engineered formats, and

finally walks through the ‘three generations’ of therapeutic antibody discovery.

8This is the most common way to perform clonotyping; occasionally D gene identity is incorpo-
rated into the VH clonotype definition, though accurate D gene assignment is challenging given the
high levels of somatic hypermutation throughout the CDRH3 loop.

9See the report here: https://www.fortunebusinessinsights.com/monoclonal-antibody-therapy-
market-102734, noting that the health/economic implications of the COVID-19 pandemic could
significantly change these forecasts in either direction.
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1.5.1 Monoclonal Antibodies (mAbs)

Monoclonal antibodies (mAbs) are equivalent to natural antibodies insofar as they
are homodimeric complete immunoglobulins with two identical binding sites (Fig.
1.4). The first mAb, Muromonab, was approved in 1990 and was a murine an-
tibody designed to prevent rejection in kidney transplantation and a host of other
autoimmune conditions. MAbs, both in isolation and covalently linked to other drugs
(antibody-drug conjugates, ADCs), are now in widespread use in the clinic [100, 101]
for therapeutic use in a wide range of indications from cancers and viral infections to
migraines and allergies [99]. To date (September 2020) there are 98 unique antibodies
approved by the FDA or EU for therapeutic use, 25 of which were first approved in
2017-2019 alone, and 79 novel antibody drugs in the late stages (Phase-I1I+)!! of clin-
ical trials [101]. These biotherapeutics have a broad array of targets, from membrane
proteins to cytokines and even amyloid peptide chains [102].

Therapeutic mAbs can be known by several different names, including a develop-
mental name, a ‘mab’ name, and (if approved) a trade name. Throughout this thesis,
therapeutic antibodies are consistently labelled by their ‘mab’ name, as the extended
suffix has historically provided context on development methodology (i.e. whether
the antibody is murine [-omab], chimeric [-ximab], humanised [-zumab], or fully hu-
man [-mumab]; see Section 1.5.3.1). It should be noted that this convention was
terminated during the course of this DPhil and will not continue for future antibody
therapies [103].

As the whole mAb format resembles that of naturally-secreted antibodies, it is
expected to offer the highest probability of immune system tolerance, reducing im-
munogenicity (see Section 1.7.2) and achieving a long serum half-life necessary to stay
within the ‘therapeutic window’'? between hospital visits. Preserving the Fc region
also enables efficient activation of other components of the immune system against
the bound target. The modular structure of mAbs means that their specificity for
a single target can be coupled with the cytotoxicity of a small molecule through
an engineered linker in the constant region (‘antibody-drug conjugates’), or with a

diagnostic radioactive element [104].

10Tt was later discontinued due to a poor safety profile.

' The core stages of therapeutic assessment are Preregistration, Phase-I, Phase-II, Phase-III,
Preapproval, and Approval/Phase-IV. Phase-I testing is primarily to assess safety and dosage using
healthy volunteers, then progressively larger cohorts of patients are recruited to access drug efficacy
during Phases IT and III. Phase-IV monitors the performance of the drug in the clinic after approval.

12The ‘therapeutic window’ refers to the concentration span within which a drug remains ther-
apeutically active. At concentrations above the therapeutic window a drug causes adverse effects,
while at lower concentrations it offers little to no therapeutic benefit.
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Figure 1.4: A selection of therapeutic immunoglobulin formats. Darker colours signify
the VH domain, light colours signify the VL. domain, and colour schemes (purple/pink,
green/turquoise, brown/orange) signify different binding specificities.

However, the Fc also represents additional molecular weight. This means whole
mAb therapies are not orally available, and instead rely on subcutaneous injection
for their delivery. They are therefore delivered in a clinical setting infrequently and
in high concentrations, which can lead to formulation issues (see Section 1.7). As a
result, many alternative immunoglobulin-like formats have been explored that pre-
serve the variable domain component (to selectively recognise antigen epitopes), but

alter the constant regions to achieve particular biophysical profiles.

1.5.2 Immunoglobulin-like Formats

An enormous variety of immunoglobulin-like formats now exist, some natural and

others engineered (Fig. 1.4). A list of the primary categories follows:

1.5.2.1 Constant Domain Truncation: Fabs and scFvs

Some of the first engineered antibody therapeutics were whole mAbs with sections

of the constant domain removed to improve therapeutic pharmacokinetic properties,
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enable deeper tumour penetration, and to access more cryptic antigen binding sites
[105]. Fab-format therapeutics are created by excising the entire Fc domain from a
whole antibody. This can be expected to dampen some immune system recruitment
mechanisms, while others (such as neutralisation) can still occur so long as the variable
domain retains high complementarity for the antigen active site. Avidity'® can be
retained by connecting two Fab regions with a flexible glycine/series linker.

This principle can be extended further to remove the CH1/CL domains, a format
known as the single-chain Fv region (scFv), which this time requires a linker to
replace the lost CH1-CL disulfide bridge [105]. Formats also exist where the VH and
VL domains of the same peptide chain contribute to different binding sites; these are
termed ‘domain crossover’ Fabs/scFvs.

More recently, engineered formats incorporating some regions of the constant do-
main have been proposed. These ‘mixed’ formats include scFv-CH2-CH3, scFv-CH3,

and scFv-Fe.

1.5.2.2 Bispecific and Trispecific Antibodies

Another branch of antibody engineering involves incorporating two or more distinct
antigen binding sites into the same molecule [106, 107]. Therapeutics with two binding
site specificities are termed ‘bispecific’, and those with three are labelled ‘trispecific’.
These binding sites can be displayed on whole antibody, Fab, scFv, or mixed formats.
The main goal of multispecific antibodies is either to target multiple epitopes on the
same antigen (e.g. against a viral protein making mutational escape more challenging)
or to deliberately draw together the targeted antigen and components of the immune
system [106]. The approved trispecific therapeutic Catumaxomab, now withdrawn
for financial reasons, targets EpCAM with its first Fab region, CD3 (presented on
T-cells) with its second, and the Fc region recruits other cytotoxic immune cells [99].

A challenge of bispecific antibody engineering is ensuring intended binding site
coupling (known as the ‘chain-association’ issue) [106]. This can be solved trivially
(for example by designing both binding sites to use the same VL), or by engineering

technologies such as ‘knobs into holes’ to ensure a heterodimeric product [108].

13 Avidity is the compound of binding site affinity plus the additional binding energy that results
from having multiple binding sites on the same protein scaffold. The expectation is that as one Fv
domain is engaging with the antigen, the antigen is co-localised into the same neighbourhood as the
other Fv domain, and that this pre-organisation lowers the entropic cost of binding.
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1.5.2.3 Foreign Immune Proteins: Nanobodies

Unlike antibodies, which use homodimeric couplings of two heavy and light chains,
nanobodies (Nbs/VHHs) are monomeric comprising a single contiguous protein chain
weighing just 15kDa. Their lightness brings numerous pharmacodynamic and phar-
macokinetic advantages, including the ability to penetrate even more deeply into
tumours than engineered antibody formats [109] and also to target intracellular anti-
gens, opening up entire new disease control strategies [110]. The first nanobody
therapeutic, Caplacizumab, developed by AbLynx, was approved in 2019 for the
treatment of thrombotic thrombocytopenic purpura.

Deriving from camelids and cartigenous fish, the nucleotide composition of the
VHH gene loci is distinct from the human VH gene loci. However, the resulting pat-
tern of diversity is similar, as V, D, and J gene fragments recombine to create three
CDRs of which one is hypervariable (CDR3) since it lies across both gene junction
points. The nanobody CDR3 loop is on average longer than the antibody CDRH3,
and can access its own distinct array of conformations [111]. This extra CDRH3
length can be challenging from a developability perspective (see Section 1.7), but can
also make accessible previously untargettable concave antigen binding sites, such as
those of HIV viral antigens [112]. Recent engineering developments have enabled the
development of libraries of synthetic nanobodies (‘sybodies’) with well-characterised
binding site topographies (concave, flat, or convex). The primary uncertainty over-
shadowing nanobody therapeutics is their potentially high rate of clearance/degree of
unintentional immunogenicity, given that heavy chain-only antibodies are not native

to humans (see Section 1.7).

1.5.3 Therapeutic Antibody Discovery Platforms

Sormanni et al. in a 2018 review framed therapeutic antibody discovery as tran-
sitioning through three technological ‘generations’ [113]. Below, we summarise the
principles of each one, from in vivo discovery (‘1°* Gen’), to in vitro discovery (‘274

Gen’), to in silico discovery (‘3™ Gen’).

1.5.3.1 In vivo Antibody Discovery

In vivo antibody discovery harnesses the power of a natural immune system to identify
promising prophylactic antibodies. The technology was first developed in animal
models (usually mice). In this context, a pathogen is subcutaneously injected to

‘challenge’ the murine immune system. After around two weeks, the B-cells are
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harvested from the murine immune organs, immortalised using hybridoma technology,
and are ‘panned’ for binding against the antigen of interest (see Section 1.6.1) [114].
Engineering is usually required to improve the longevity and tolerance of these murine
antibodies within the human body (see Section 1.7.2): either the CDRs from the
murine antibodies can be grafted onto a human constant region (‘chimerisation’), or
portions of the binding mouse Fv can be back-mutated to human germline residues
(‘humanisation’). Recently, in vivo antibody discovery has seen a revival in both
the context of transgenic animals and human immune responses. Technology now
exists to genetically incorporate human immune gene loci into animals (e.g. Kymab’s
Intelliselect® mice [115], or Open Monoclonal Tecnology’s Omnirats® [95]), as well
as to isolate blood serum from infected (or ideally convalescent) human patients and
to rapidly pan it for antigen-binding antibodies [116]. Serum biopanning was pivotal
in the rapid development of potential neutralising antibody therapies against SARS-
CoV-2 (see Chapter 5).

1.5.3.2 In wvitro Antibody Discovery

In wvitro antibody discovery exploited advances in recombinant DNA technology to
remove living organisms from the lead generation process. The phage display technol-
ogy, discovered by George Smith and developed by Sir Gregory Winter'*, incorporates
genes of proteins of interest into the gene encoding the cell wall of the M13 filamen-
tous phage, allowing them to be ‘displayed’ on the surface [117]. In the context of
antibodies, enormously diverse phage display libraries (on the order of 10'°+ unique
antibodies) are typically generated by recombinantly inserting heavy and light chain
genes into the phage DNA. Each distinct antibody binding site is presented on the
surface of the phage as an scFv. Similar technology also exists to display antibodies
on eukaryotic (e.g. yeast) cell surfaces [118].

These libraries then undergo several cycles of ‘washing’ over antigens of interest
fixed to the wells of a 96-well plate, to identify which Fv binding sites stick most
persistently [117]. These complementary Fvs are detected by fluorescent emission
caused by the catalytic decomposition of an added substrate by horseradish peroxi-
dase, which is conjugated to the surface of each phage.

Phage display libraries are reliable sources of sets of antibodies for further devel-
opment. However, because these antibodies are selected ex vivo using recombinant

DNA and without selection against native proteins, extensive engineering is usually

18ir Gregory Winter and George Smith shared the Nobel Prize in Chemistry in 2018 for developing
this technology.
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required to convert them into promising therapeutics [113]. Display technologies are
also currently inefficient, as many non-complementary candidates must be accessed

to find the small complementary subset.

1.5.3.3 In silico Antibody Discovery

With recent improvements to computer processing speed, several computational meth-
ods have emerged seeking to streamline the process of antibody drug discovery [113].
These vary from tools to predict biophysical characteristics that affect developabil-
ity (see Section 1.7) to engineering approaches that modularly combine a frame-
work and set of CDRs into antibodies likely to be complementarity to given antigen
surface. Many apply advanced statistical techniques to find correlations between
the antibody sequence properties and antibody phenotype [119-122]. An increasing
number, including OptMaven/OptCDR [123, 124], AbDesign [125], and RosettaAnti-
bodyDesign [126], incorporate structural features to find complementary geometries
for the predefined antigen binding site, with subsequent iterative mutation of the CDR
residues to maximise attractive interaction energy according to an energy forcefield'®
(in silico affinity maturation [128]). Overall, these tools currently have a relatively low
accuracy rate when experimentally validated on conformational epitopes (see Section
1.6.2.2), however are expected to propose a set of antibodies significantly enriched
over the random selections generated by recombinant library generation techniques,
improving efficiency [119]. A key target for the field is the ability to propose more
diverse candidates against a given binding site, as design suggestions can easily get
trapped in local minima that differ by a few trivial (e.g. non-binding) residues, rely
on the optimisation of known binders, or focus only on engineering CDRH3 while
holding the rest of the CDRs constant [121, 122].

In the next two sections, we expand upon the two crucial factors in therapeu-
tic antibody design: measuring/estimating target complementarity and predicting

antibody developability.

1.6 Target Complementarity

For a drug to be approved for clinical use, it must have a clear theorised mechanism of
action (MOA). This almost always translates to evidence that the therapeutic binds

to a native protein that is uncontrollably over-expressed or dangerously mutated, or to

15This often assumes the conformation does not change upon mutation, which — particularly for
CDRH3 — can lead to inaccuracies [127].
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a foreign pathogenic entity, with the implication that antibody binding will dampen
the antigen’s deleterious signals and return the body to homeostasis. It is therefore
critical to prove that a therapeutic antibody binds selectively to its intended target
with sufficient strength to account for the proposed MOA . This section describes
how this is done experimentally in a qualitative or quantitative manner, followed by
the primary computational method for predicting complementarity to a particular

antigen surface: antibody-antigen complex modelling.

1.6.1 Experimental Affinity Measurement

There are many experimental ways to qualitatively and quantitatively measure bind-
ing affinity, most of which either calculate or estimate the ratio between the math-
ematical product of the concentration of free antibody and antigen, and the con-
centration of the antibody-antigen complex (the ‘dissociation constant’, kq), or the
concentration of antibody required to bind 50% of the antigen substrate (the ‘IC50’
concentration)!”.

Intensity readouts from isothermal calorimetry [129] and surface plasmon reso-
nance [130] experiments are correlated to binding strength and can be calibrated
against reference complexes of known affinity. For high-throughput purposes, the
enzyme-linked immunosorbent assay (ELISA) has emerged as a dominant semi-
quantitative technique, where assessed antibodies are fixed in the wells of a plate
and are washed repeatedly with antigen bound to a secondary enzyme-conjugated
antibody [131]. A substrate is then added, which is broken down into a fluorescent
compound by the enzyme, to identify which wells contain antigen-specific antibody.
ELISA can also be run in a competitive sense to assess whether the tested antibody
can outcompete the reference/binds to an overlapping epitope. Similar setups can be
used in ‘directed evolution’ experiments, where only antibodies that bind the antigen
survive and proceed to the next round of chemical modification [132].

Alternative techniques such as bio-layer interferometry [133] can offer a more
quantitative measurement of binding affinity, but have not yet been applied to high-

throughput binding assessment.

ncreasingly, binding kinetics (so called ‘on/off rates’) are being shown to be highly impor-
tant in determining binding proclivity. Throughout this thesis, we focus on complementarity from
the view of free energy (interaction profiles), but it should be noted that an antibody with good
thermodynamic properties but a poor kinetic profile may not be efficacious in vivo.

"In both cases, lower values indicate stronger binding.
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1.6.2 Computational Affinity Estimation

If sufficient quantitative experimental binding affinity data exists to the epitope of
interest, machine learning protocols can capture the crucial sequence patterns that
correlate with high affinity. This has already been implemented to classify modified
Fv sequences as complementary to the same target [122]. However, this is only ever
practical for the most intensely studied epitopes where sufficiently diverse antibodies
have been investigated to avoid overfitting. In the absence of such data, the most
popular option is antibody-antigen (Ab-Ag) complex modelling, a structure-based
pipeline involving binding site prediction, binding pose generation (‘docking’), and
pose quality assessment (‘scoring’) [1] (Fig. 1.5). The following subsections outline

the state of the art approaches in this field.

Pathogen

_—Antigen DOCkIng

Epitope

_»

Paratope ﬁ
) e,

-sample poses
Antibody -rank poses

Figure 1.5: Antibody-antigen complex modelling, the current paradigm for in sil-
ico complementarity assessment. An epitope region on a pathogen’s antigen is
defined or computationally determined, while the antibody’s most likely bind-
ing residues (paratope residues) are predicted. ‘Docking’ then occurs between
the crystallographically-solved or structurally-modelled co-ordinates of the putative
paratope and epitope pair, to determine if any generated pose meets the energetic
threshold for binding.
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1.6.2.1 Structural Data

The accuracy of Ab-Ag complex modelling ought to be optimal with solved crystal
structures of the antibody and antigen. However, it is impractical to assume that
solved structures exist for each antibody of interest in a drug discovery campaign,
so high-quality antibody models are essential. Fortunately, the typical accuracy of
antibody modelling (assuming short-moderate CDRH3 length) is commensurate with
the experimental uncertainty (resolution) of a typical antibody crystal structure [44,
134]. However, sufficiently high quality antigen modelling currently relies on the
existence of other homologous proteins [135], and so antigen crystal structures are
typically a necessity. The following subchapters assume the comparison of high-

quality antibody models and a solved antigen structure.

1.6.2.2 Antibody Paratope Prediction

A sensible first step of Ab-Ag complex modelling involves identifying which residues
are likely to comprise the antibody paratope, as this guidance helps improve and
accelerate pose generation (see Section 1.6.2.3). Antigen binding typically involves
residues in the CDR loops; on average, across all definitions, CDRs capture over 80%
of the antigen-binding residues [136, 137]. Several computational methods exist to
accurately predict paratopes with sufficient speed for use in high-throughput contexts.

The majority of these methods take only a variable domain sequence as input.
Kunik et al. [137] developed their Paratome software by harnessing sequence and
structural data to estimate the energetic importance of each structurally-conserved
antibody position to antigen binding. By incorporating binding residue patterns into
a random forest model, proABC can also predict paratope residues on any given
input antibody sequence [138]. Most recently, Liberis et al. [139] have built Para-
pred, which trains a neural network on non-redundant Ab-Ag complexes to predict
paratope residues, achieving an impressive ROC AUC of 0.878 + 0.004 across 10-fold
cross validation. They also show that this improvement in prediction accuracy trans-
lated into better subsequent docking performance, strongly suggesting that further
improvements in paratope prediction will return tangible benefits to the reliability of
Ab-Ag complex modelling.

The Antibody i-Patch software [140] utilises structures of both the antibody and
antigen to generate its paratope prediction. It assigns a binding likelihood score
to each input antibody residue based on the frequency of triplets of binding residues

observed across antibody-antigen crystal structure interfaces. As it takes into account
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the structure of both partners, this tool returns more bespoke results for the particular

cognate antigen of interest.

1.6.2.3 Antigen Epitope Prediction

An epitope of an antigen is defined as a subset of its surface residues to which an
antibody can bind. Epitopes fall into two categories: linear and conformational.

Linear epitopes are contiguous polypeptide chains, and are relatively easy to pre-
dict through sequence analysis. Alignment or sliding windows can highlight residues
likely to contribute to binding, distinguished by their predicted surface-exposure
alongside their intrinsic chemical properties [141-146].

Conformational epitopes are collections of sequentially-discontinuous residues
brought into close proximity by protein folding. Most antibodies target conforma-
tional epitopes on proteins, as residues across multiple CDRs engage different regions
of the antigen surface to create a more specific, complementary interface [9].

Attempts to predict conformational epitopes began with generic protein-protein
interface prediction algorithms (see review by Esmaielbeiki et al. [147]). However, the
types of contacts found in Ab-Ag complexes were soon shown to be different from
those found in general protein-protein interactions [148-150], displaying a unique pat-
tern both in terms of amino acid usage and in binding site interactions [140, 148, 149].
More recent predictors seek improved performance by accounting for this specialised
binding, for example by retraining existing protein-protein interaction predictors only
on Ab-Ag structures [151-153]. While progress has been made, prediction precision
is still close to random for most tools, meaning we remain unable to distinguish the
region(s) of an antigen surface that are generally more prone to being bound by
antibodies.

Increasingly proteins are found to have multiple epitopes, implying that many,
often overlapping, surface patches on a protein antigen can engage an antibody
[154, 155]. Epitope prediction algorithms have therefore evolved to incorporate prop-
erties of the partner antibody as inputs [156-162]. With this new perspective, both
graph-based approaches [158-160] and neural networks [161] have demonstrated an
improvement in epitope prediction.

Recently, Bourquard et al. [163] have released a pipeline that performs global
molecular docking of an antibody into an antigen, and demonstrated the potential
of in silico epitope mapping. Their algorithm, MAbTope, predicts epitope residues
based on consensus epitopes shared by top-ranked poses [163]. This protocol is highly

relevant if a number of antigen binders are known, but their respective epitopes remain
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unclear. However, its lack of scalability severely limits its use in high-throughput

modelling contexts.

1.6.2.4 Antibody-Antigen Docking and Scoring

With atomic representations of the antibody and antigen, docking proposes potential
binding configurations of two molecular partners by assessing surface complementar-
ity. The first docking methods were designed for use in small molecule drug discovery,
predicting protein-ligand binding interfaces [164]. Since 2005 [165], molecular docking
tools have been generalised to allow macromolecular docking, enabling the prediction
of protein-protein binding interfaces. Docking algorithms typically survey the confor-
mational space for many binding pose guesses (‘decoys’), and then rank them based
on a scoring function to highlight the most probable, low-energy configuration(s). In
recent, years, improvements have been made to both sampling and scoring.

As the initial positioning of binding partners heavily biases sampling towards a
particular binding site, global docking algorithms were developed to offer an unbi-
ased sampling of potential binding sites across the antigen surface [165-170]. They
generate coarse representations of each complex structure, followed by an evaluation
of the shape and physicochemical complementarity at the interaction site. These
approaches are very computationally expensive, and so high-throughput modelling
currently requires we accept the sampling bias resulting from predefined paratopes
and epitopes.

Many docking algorithms are ‘rigid-body’, meaning that both binding partners
are prevented from exploring conformational degrees of freedom during pose gener-
ation. The payoff for this is that these methods are very rapid, taking advantage
of fast Fourier transform algorithms. However, some binding sites are not accessi-
ble through a ‘lock and key’ binding analysis, and removing these conformational
constraints can improve binding site identification, as well as ranking [171]. For each
pose, the backbone and side chain conformations at the interface can be optimised for
interfacial energy and conformational entropy [124, 172-175]. Such approaches could
be especially advantageous in Ab-Ag complex modelling, as compensation could be
made for CDR loops with lower predicted accuracy [44], higher predicted flexibil-
ity [176], or to capture cooperative binding, in which the Ab, Ag, or Ab and Ag
structures distort from their apo conformations into new co-complementary modes
as they approach one another. Though knowledge-based constraints [172-174] and
the advent of algorithms optimised for graphical processors [177] have improved their

efficiency, flexible docking methods remain too slow to use on more than around a
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hundred candidate antibody models. This means early stages of any high-throughput
docking protocol would only be able to consider rigid-body complementarity, likely
precluding the identification of partners that bind through an induced fit mechanism.

Bespoke Ab-Ag scoring functions have been built that take into account the unique
binding tendencies of antibodies. For example, by comparing the epitope of the
docked complex to its predicted likelihood of being the actual epitope, Krawczyk et
al. [160] used their EpiPred score to improve the ranking of docked poses. Ramirez et
al. [178] developed uniquely-weighted scoring schemes for several classes of protein-
protein complex, including Ab-Ag complexes. Through their FRODOCK algorithm,
they proved that these optimised weights can improve the scores of correct complexes
in each class. However, there is still considerable room for improvement, as even class-
specific ranking schemes have limited success in consistently recognising the near-
native decoy as the ‘top hit’ [160, 178]. Until this is the case, it may be advantageous

to examine the properties of several top-ranking decoys.

1.7 Developability Issues

Achieving the desired target affinity is just one of many characteristics that a thera-
peutic antibody must possess. This section discusses the many undesirable properties
that should be avoided, termed ‘Developability Issues’ in the field. We cover their
biological consequences, potential biophysical origins, and how researchers attempt

to detect them experimentally and computationally.

1.7.1 Self-Association: Reversible (Viscosity) and Irreversible
(Aggregation)

When antibodies in a medium do not distribute evenly as a colloid, they are likely
to be self-associating. This can take the form of reversible self-association, which
results in higher viscosity, or irreversible self-association (‘aggregation’), which results
in precipitation [179]. High viscosity affects drug delivery and pharmacodynamics,
while aggregation not only reduces the efficacy of the antibody therapy, but can also
trigger a strong anti-drug immune response. Owing to the serious phenotypic effects,
most work has been done to find reliable methods of predicting antibody aggregation.

Aggregation commonly results when antibodies have many co-localised non-polar
residues on their surface, where the hydrophobic effect drives self association [180].
It is also possible to trigger aggregation through partial unfolding to a non-native

structure, as this can force once-buried hydrophobic residues onto the surface [181].
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Charge/dipolar effects have also been implicated in both aggregation and viscosity
[182-185].

A range of experimental in vitro methods have been developed to predict aggrega-
tion propensity, including Hydrophobic Interaction Chromatography, Size-Exclusion
Chromatography, and Standup Monolayer Adsorption [186]. All create conditions
in which aggregating particles are expected to take longer to progress through the
experimental apparatus. Recently, a directed evolution approach has been used to
filter out aggregating antibodies within the periplasm of E-coli [132] — the first to
our knowledge to measure aggregation propensity in vivo. In silico aggregation pre-
diction methods have historically focussed on identifying atypically large hydrophobic
patches in solved structures [187, 188], or on finding correlations between sequence

properties and in vitro assay values [186, 189].

1.7.2 Immunogenicity

Antibodies are immunogenic if, on injection into the body, a strong immune response
is mounted against them'®. These anti-drug antibodies severely reduce efficacy and
the shock to the body can lead to an extremely serious condition known as a ‘cytokine
storm’ [190]. An antibody can be intrinsically immunogenic, either through its bind-
ing site resembling a commonly-encountered antigen [191] or being able to interact
with the Major Histocompatability Complex (MHC), or they can be immunogenic
through colloidal instability (see Section 1.7.1). Older antibody therapies were highly
immunogenic, as they were developed with hybridoma technologies (fusing affinity-
matured mouse/rabbit B-cells with myeloma cells, see Section 1.5.3.1). Chimerisation
and humanisation play a key role in reducing the immunogenicity of animal-expressed
antibodies [191]. More recently, recombinant human antibody technologies and trans-
genic mice allow us to generate panels of ‘fully human’ antibodies, reducing — though
not eliminating — immunogenicity risk!'®.

Predicting human immunogenicity is notoriously difficult. Pre-clinical testing of
in vivo immunogenicity always takes place in animal models rather than humans,
while n vitro immunogenicity assessment is limited as it relies on biopanning against

panels of common self-antigens [179]. Several different in silico approaches exist to

18 Immunogenicity’ as a developability issue often causes confusion, as antibodies are intentionally
immunogenic against their antigen target. In this thesis, we always refer to ‘immunogenic antibodies’
as those that are recognised as non-self by the body and against which an immune response is
triggered.

9Even some approved antibody therapeutics trigger anti-drug antibodies, but this is tolerated
owing to the severity of the condition they are designed to treat [192].
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estimate sequence ‘humanness’ and by extension the likelihood of an antibody being
immunogenic [94, 193, 194].

1.7.3 Poor Expression

Therapeutic antibodies need to be readily expressable in industrial quantities to be
commercially viable. Researchers routinely check the expression levels of their can-
didates in their chosen system, commonly Human Embryonic Kidney 293 (HEK293)
or Chinese Hamster Ovary (CHO) cells [186]. Poor expression is likely to result from
an inherent instability in the antibody structure. Computational methods have been
used to detect rarely-used framework residues in a particular sequence context, which
is linked to conformational instability [195], but CDR properties can also be respon-
sible [196]. More generally, thermal stability is tested experimentally via Differential
Scanning Fluorimetry (DSF) [197]. In this technique, the temperature is raised un-
til the antibody begins to denature, revealing its once-buried hydrophobic residues
and these cause the DSF reagent to fluoresce. The higher the temperature before

denaturation begins, the more intrinsically stable the antibody.

1.7.4 Polyspecificity

If an antibody binds to multiple biological targets (i.e. is ‘polyspecific’), it is likely to
result in serious side effects, and much reduced efficacy against the intended target
owing to its shortened half-life. Experimental methods to test for polyspecificity
include biopanning for binding against ‘poly-specificity reagent’ or panels of common
antigens [186], or cross-interaction chromatography [198]. In silico assessment of this
property is not routine, but may theoretically be performed through comparison to

solved complexes of antibodies targeting other antigens.

1.7.5 Chemical Instability

If an antibody residue is prone to chemical modification in vivo, then it leads to
product heterogeneity, which reduces efficacy and could induce immunogenicity (see
Section 1.7.2). This is especially the case if the post-translational modification results
in fragmentation of the structure. Prediction of these hotspot residues is typically
performed in silico through sequence motif similarity [179]. N-linked glycosylation
and non-conserved cysteine residues are trivial to identify, while sites of lysine gly-
cation, aspartate isomerisation, and asparagine deamidation require more complex

statistical methodology to predict [199].
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1.7.6 The Trade-off Between Affinity and Developability

Therapeutic discovery and development requires the simultaneous optimisation of
affinity and all the aforementioned developability properties. This is extremely chal-
lenging, as frequently improvements in one property lead to a corresponding deterio-
ration of others [113, 200, 201]. Several aspects of developability ought therefore to
be actively considered at each step of an antibody development pipeline (as per the
Modular method proposed by Sormanni et al. [113]), for example as part of a cost
function in machine-learning-based affinity maturation algorithms, to yield the most

amenable therapeutic candidates possible.

1.8 From Human Antibody Repertoires to Thera-
peutic Antibodies

1.8.1 Our Proposed Structure-Aware Approach

Here, we describe our proposed computational pipeline to identify natural antibodies
that represent promising therapeutic leads against a predefined antigen epitope (Fig.
1.6). By uniting the principles of in vivo and in silico drug discovery, we believe this
approach has the potential to dramatically accelerate drug development — partic-
ularly against previously uncharacterised epitopes — reducing resource expenditure
and crucially leading to more human-compatible lead candidates.

The pipeline would work in several stages. First, an appropriate set of Ig-seq
datasets should be selected. These may be chosen to reflect particular health states
(e.g. healthy/convalescent) and/or B-cell types (e.g. naive/mature/memory) of in-
terest. If the data is unpaired, heavy and light chain pairings would need to be com-
putationally assigned. If required, a subset of antibodies could be chosen from across
the repertoires, using methods such as sequence and predicted structural clustering,
to obtain a more computationally tractable number. Each representative antibody’s
full Fv structure should then be predicted using a sufficiently rapid and accurate
homology modelling tool. At this point, in silico developability assessment should
take place to highlight which antibodies may be particularly prone to developabil-
ity issues. Separately, a structure of the antigen of interest should be collected (or
accurately modelled), and an epitope of interest determined. Each antibody model
should be marked up with their most probable paratope, docked, and scored for com-
plementarity against the selected epitope. Multiple rounds of docking and scoring

may be required to first hone in on the most promising binding site topologies, then
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to reintroduce sequence diversity around these geometries, and finally to account for
flexibility once candidates have been narrowed down even further.

Two of the software packages described in this thesis (Repertoire Structural Pro-
filing, and the Therapeutic Antibody Profiler) can be applied in concert to convert
Ig-seq samples of BCR repertoires into structurally representative sets of Fvs and
assess them for their propensity for developability issues. Work is ongoing to develop
the final tool to rapidly assess antibody-antigen complementarity (see Chapter 6).
The two databases reported in this thesis (Thera-SAbDab and CoV-AbDab) repre-
sent ancillary resources with many applications, including providing training data for
future docking scoring function development, or for the in silico functional annotation

of BCR repertoire Ig-seq datasets.

1.8.2 Chapter Walkthrough

In Chapter 2, we describe our novel database — the Therapeutic Structural Antibody
Database (Thera-SAbDab) — which documents the sequences, solved structures, and
metadata of every therapeutic antibody recognised by the World Health Organisation.
We use Thera-SAbDab to show that natural BCR repertoires contain near-therapeutic
sequences and so ought to be represent promising starting points for future therapeutic
development.

In Chapter 3, we describe Repertoire Structural Profiling, a new method we have
developed to capture the maximum modellable binding site structural diversity within
Ig-seq datasets, leading to ‘Antibody Model Libraries’. We show how these Antibody
Model Libraries can act as a basis set for designing novel screening libraries for in
vitro and in silico therapeutic antibody drug discovery.

In Chapter 4, we describe our set of five computational developability guide-
lines derived from the physicochemical properties of therapeutic antibody models
and BCR repertoire Antibody Model Libraries. We introduce the Therapeutic Anti-
body Profiler, a software package for early-stage drug discovery that flags therapeutic
candidates likely to have disadvantageous biophysical properties.

In Chapter 5, we describe our contribution to the COVID-19 research effort, cen-
tered around our novel database (CoV-AbDab) that contains sequence and structural
information on all antibodies empirically proven to bind coronaviruses. We describe
how this database has already found use in SARS-CoV-2 response repertoire profiling.

Finally, we describe the logical next steps from our work, in particular those
required to complete the hypothesised therapeutic design pipeline and to benchmark

its performance.
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References and an Appendix containing supplemental methods, tables, and figures

are provided at the end of the thesis.
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Chapter 2

The Therapeutic Structural
Antibody Database: Implications
for Drug Discovery from Natural
Repertoires

2.1 Chapter Abstract

Since our long-term goal is to develop a novel structure-based pipeline for therapeutic
antibody discovery, we conducted a thorough survey of all existing clinically-tested
therapeutics with B-cell genetic origin, focussing on documenting their structural
properties. We found that over three times the structural data was available for
therapeutic antibodies/nanobodies than had been documented in existing databases.
We collated this knowledge into a new database (Thera-SAbDab), made it freely
downloadable as a single file, and added an array of search features not offered by
other repositories.

Thera-SAbDab has played an important role in developing and benchmarking
many of the methods described in this thesis; a study facilitated by Thera-SAbDab
is described later in this chapter, in which we evaluated the proximity of advanced-
stage therapeutic antibody sequences to natural B-cell receptor (BCR) repertoires
sampled using immunoglobulin gene sequencing (Ig-seq). The results demonstrate
the immense potential that natural repertoire sequencing holds for future therapeutic
antibody design. The chapter concludes with an update on the current status of the

database, alongside a discussion on how its contents may develop over time.
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This chapter contains reproduced material from the following papers:

Raybould, M.I.J., Marks, C.M., Lewis, A.P., Bujotzek, A., Taddese, B., Deane,
C.M. (2020) Thera-SAbDab: the Therapeutic Structural Antibody Database. Nucleic
Acids Res. 48(D1):gkz827. [99]

Krawczyk, K., Raybould, M.I.J., Kovaltsuk, A., Deane, C.M. (2019) Looking for
Therapeutic Antibodies in Next-Generation Sequencing Repositories. mAbs. 11(7):1197-
1205. [202]

2.2 Thera-SAbDab: the Therapeutic Structural An-
tibody Database

2.2.1 Introduction

Immunotherapeutics derived from B-cell genes are an increasingly successful and sig-
nificant proportion of the global drugs market, designed to treat a wide range of
diseases [100, 203, 204]. Whole monoclonal antibody (mAb) therapies dominate the
industry — drugs that mimic natural antibodies by containing two identical variable
domain structures with a particular specificity [100]. The broader class of mono-
clonal therapies also includes Fragment antigen binding (Fab) regions (a single arm
of a whole antibody), single-chain Fv (scFv) regions (a heavy and light chain variable
domain connected by an engineered glycine-rich linker), and single-domain variable
fragments. These fragments can be expressed in dimeric form to improve avidity,
or conjugated with polyethylene glycol (‘pegylated’) for slower clearance [205], with
radioisotopes for diagnostic purposes [206], or with radioisotopes or noxious small
molecules/peptides for cytotoxicity [207].

Recent developments in protein engineering have resulted in bispecific immunother-
apies, where two distinct variable domain binding sites are incorporated into a single
protein. As of June 2019, bispecific mAbs, linked Fabs, linked scFvs and linked
single-domain variable fragments had all been assessed in clinical trials [106].

A primary source of information on immunotherapies is the World Health Or-
ganisation (WHO), which publishes biannual ‘Proposed’ [208] and ‘Recommended’
[209] International Nonproprietary Name (INN) lists. These INNs serve as globally-
recognized generic names by which pharmaceuticals can be identified. To be granted
an INN, applicants must include a full amino acid sequence, the closest V and J gene,
the IG subclass, and the light chain type (https://extranet.who.int/tools/inn_online_
application). This information, coupled with the $12,000 cost of application (as of
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August 2019), makes INN lists a useful source of therapies that companies intend to
carry forward into clinical trials.

Several databases already harvest this information; three non-commercial repos-
itories that specifically record antibody data are the IMGT Monoclonal Antibody
Database (IMGT mAb-DB) [210], the AntiBodies Chemically Defined (ABCD)
database [211], and WHOINNIG (http://www.bioinf.org.uk/abs/abybank/whoinnig).

The Therapeutic Antibody Database (TABS; https://tabs.craic.com) is antibody-
specific and commercial, also scraping patents for therapies. Other databases not
specific to antibodies can also capture WHO information, such as ChEMBL
(https://www.ebi.ac.uk/chembl), DrugBank (https://www.drugbank.ca) and KEGG
DRUG (https://www.genome.jp/kegg/drug).

Most databases supply additional metadata for their therapeutic entries, such as
clinical trial status, companies involved in development, target specificity, and alter-
native names. For example, the ABCD database provides antibody synonyms, antigen
UniProt links and publication references [211]. However, while these repositories sup-
ply sequence information (either on individual summary pages or through reference
to the primary literature), it is currently not possible to query them by sequence,
nor to bulk-download relevant sets of therapeutic sequences for direct bioinformatic
analysis. The largest previous effort to assimilate therapeutic antibody sequences for
analysis was a set of 137 collated by Jain et al. in January 2017 [186].

Structural knowledge about both the intended target and the therapeutic lead
compound is of high importance for rational drug discovery [1, 212]. For example,
co-crystal complexes reveal where a drug binds to its target (the surface ‘epitope’),
and separately-solved structures enable more accurate docking experiments. It can
also assist subsequent development and optimization, as homology models of mutants
derived from a known structure are in general more accurate than those for which no
close structural partner is available [213]. The Protein Data Bank [19] (PDB) now
contains over 150 000 solved structures, and though it is highly biased towards certain
protein classes, many diverse targets of pharmacological interest are represented. A
significant fraction of these structures contain antibody variable domains, and these
are recorded by the Structural Antibody Database (SAbDab [9]; 7184 variable domain
structures over 3663 PDB entries as of 5™ August 2019). Both IMGT mAb-DB and
TABS report a set of known therapeutic structures in the PDB, but their reported
structural coverage of therapeutic space is low. For example, neither database reports

any known structural information for bispecific immunotherapeutics.
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To address these deficiencies, we created the Therapeutic Structural Antibody
Database (Thera-SAbDab; http://opig.stats.oz.ac.uk/webapps/therasabdab). We har-
vest sequences as they are released by the WHO, number them with ANARCT [18],
and perform a weekly sequence alignment of all therapeutic variable domain sequences
to the sequences of known structures stored in SAbDab. Structures with sequence
identity matches of 100%, 99% and 95-98% are recorded and categorized, with align-
ments on each therapeutic summary page to show precisely where each near-identical
structure differs from the therapeutic sequence.

Thera-SAbDab can be queried by INN, by a combination of metadata, such as
INN proposal year, clinical trial status, or target, or by sequence (including over
a specified region of the sequence). We make available all therapeutic sequences

contained within Thera-SAbDab, alongside metadata, to facilitate further research.

2.2.2 Data Sources
2.2.2.1 Sequence Data

Proposed INN lists [208], published by the WHO, are the source of the majority
of sequence information in Thera-SAbDab. These are released biannually (one in
January/February and another in June/July) and—since list P95 in 2006—repre-
sent a reliable record of variable domain sequences for all antibody- and nanobody-
related therapeutics granted a proposed INN. Of the 129 antibody-related therapeu-
tics proposed before 2006, we were able to find sequence information for 47 (36.4%)
through the IMGT mAb-DB (http://www.imgt.org/mAb-DB/). Although we con-
tinue to search, and joint academia-industry initiatives such as Abvance encourage
their release (https://www.pistoiaalliance.org/projects/abvance/), sequences for the
remaining 82 may never become public knowledge.

All sequences are then numbered by ANARCI [18], which uses Hidden Markov
Models to align input sequences to pre-numbered germline sequences. Assigning a
numbering allows users to more easily interpret the significance of mutations in near-
identical sequence matches. For example, if the mismatch occurs in the extremities
of the framework region, it may be judged to have minimal effect on binding site

structure.

2.2.2.2 Structural Data

Thera-SAbDab compares all numbered therapeutic sequences to the structures in
SAbDab [9], which pre-filters the PDB [19] for all structures whose sequences align to
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B-cell germline genes. As all SAbDab structures are also pre-numbered, the compari-
son of therapeutics to public structural space is efficient. All the existing functionality
of SAbDab (e.g. interactive molecular viewers and numbered structure downloads) is

made easily accessible from Thera-SAbDab search results.

2.2.2.3 Therapeutic Metadata

Therapeutic metadata comprises a mixture of inherent characteristics and continually-
changing status updates.

Certain static properties can be acquired automatically. For example, light chain
type is identified through our ANARCI germline alignment [9], while isotype, INN
Proposed and Recommended years, and intended target(s) can be harvested directly
from the INN lists. Sequence comparison can also be used to identify where different
INN names refer to identical variable domains. Other characteristics, such as which
companies are involved in therapeutic development, must be manually curated at the
time of deposition.

Time-dependent characteristics for new entries are also manually curated after
sequence identification, and thereafter every 3 months. We obtain clinical trial in-
formation, developmental status, and investigated condition data from a range of
sources including Adislnsight (https://adisinsight.springer.com), ClinicalTrials.gov
(hitps://clinicaltrials.gov), and DrugBank (https://www.drugbank.ca). These web-
sites are updated more regularly, and so are preferable sources for this time-sensitive
metadata; we include these fields in Thera-SAbDab to allow for more pharmacologi-
cally relevant searches, as well as to identify all post Phase-I candidates for inclusion
in our five updating developability guidelines [214] (described in Chapter 4). The
SAbPred links provided allow users to build a homology model of a therapeutic anti-
body sequence with ABodyBuilder [44] using the latest loop template database from
SAbDab [9] (updated weekly) and to evaluate length-independent canonical classes of
the non-CDRH3 loops using the latest SCALOP [25] definitions (updated monthly).

2.2.3 Contents

As of 5™ August 2019, Thera-SAbDab was tracking 558 INNs, representing 543 unique
therapeutics. Of the 558 INN names, 473 could be mapped to variable domain se-
quences (87.1%), representing 461 unique therapeutics with sequence data. 436 were
monoclonal therapies (three pairs of which share identical variable domains: avelumab

& bintrafusp, losatuxizumab & serclutamab and radretumab & bifikafusp), and 25
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Figure 2.1: The number of antibody- and nanobody-related therapeutics assigned an
International Nonproprietary Name (INN) by year. A record number of 72 of these
therapeutics were recognised by the WHO in 2018.

were bispecific therapies. Plotting the cumulative sum of these unique therapeutics
by year deposited in a WHO ‘Proposed INN’ list shows an exponential increase since
the early 2000s (Fig. 2.1).

We searched the IMGT mAb-DB [210] and TABS databases (on 28" June 2019)
for structures of these 461 therapeutics. IMGT mAb-DB identified 72 structures
of therapeutic variable domains, across 36 different monoclonal therapeutics, while
TABS reported 53 structures of therapeutic variable domains, across 32 different
monoclonal therapeutics. In contrast, Thera-SAbDab (at the 100% sequence iden-
tical threshold) contained 152 therapeutic variable domain structures, across 84 dis-
tinct monoclonal therapeutics and 7 distinct bispecific therapeutics. A further 21
monoclonal therapeutics had maximum sequence identity matches of 99% (up to two
mutations away from a publicly-available structure), and 13 monoclonals and 4 bis-
pecifics had maximum sequence identity matches of 95-98%. We concluded that,
at this time, around a quarter (27.1%) of WHO-recognized monoclonal therapeutics
had exact or close (> 95% sequence identity) structural coverage. 44.0% of bispecific
therapeutics had at least one variable domain with exact or close structural coverage,

and two had exact matches for both variable domains.
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Thera-SAbDab contains structural information for even the most diversely format-
ted therapeutics. Ozoralizumab, a bispecific therapy in active Phase-III clinical trials
for rheumatoid arthritis, has a VH(TNFF-a)-VH(ALB)-VH(TNFF-«) configuration,
where VH(TNF-«) is a heavy chain designed to bind to Tumour Necrosis Factor alpha
(TNF-a, an inflammatory cytokine), and VH(ALB) is another heavy chain designed
to bind human serum albumin (ALB, an abundant human serum protein that can be
targeted for an improved serum half-life). Thera-SAbDab has identified a structure
for the TNF-a binding domain with sequence identity of 95.65% [5m2j; chain D].
Inspection of the sequence alignment shows that 5m2j has a 100% Chothia-defined
CDRH3 sequence match to VH(TNF-«), and in fact only differs by one mutation
across all Chothia-defined [23] CDRs: D31 in VH(TNF-«) is N31 in 5m2j. 5m?2j
is a VHH2 llama nanobody, suggesting that SAbDab’s coverage of nanobody struc-
tural space will be increasingly highlighted by Thera-SAbDab as more single-chain
therapies arrive in the clinic.

Therapeutically-relevant structures are continually being deposited in the PDB,
even many years after initial development. For example, since 2009, the WHO have
recorded nine antibody-related therapeutics against IL17A—seven monoclonals and
two bispecifics. The first, secukinumab, was recognized in 2009, and since 2014 has
been approved for use in certain types of arthritis, psoriasis, and spondylitis. As
of early June 2019, there were no close structures for any of these IL17A-binders.
However, on 19*" June 2019, Eli Lilly deposited an exact variable domain structure
for ixekizumab (an IL17A-targetting monoclonal antibody, 6nov) and a close structure
for tibulizumab (an IL17A-binding and TNFSF13B-binding bispecific antibody, 6nou)
in the PDB [215]. SAbDab detected and numbered them in its weekly update, making
Thera-SAbDab the first antibody database to link to the structures of IL17A-binding

therapeutic antibodies.

2.2.4 Usage

There are multiple ways to search Thera-SAbDab. Thera-SAbDab can be queried
directly by INN if structural information about a particular therapeutic is needed.
Alternatively a combination of metadata can be specified to identify structures for a
particular subset of therapeutic space, for example binders to a particular antigen, or
therapeutics at a particular stage of clinical trials (Fig. 2.2A). Results are returned
in a table format, with links to each therapeutic summary page and a selected array
of metadata (Fig. 2.2B).
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A { Search therapeutics by attribute

Therapeutic format
Year INN Ploposed
Highest Clinical Trial
Developmental Status
Target

Restrict to Known Structures

:l:empev:.hc(s) match your criteria. Click on the therapeutic name to open a summary page
[NFD = No Further De‘,’elopmenh (w) = Withdrawn, Semicolons delimit separate variable domains for bl&peclflcs]
Therapeutic Format Highest Est. Status Target Year 100% SI 99% SI 95-98%
Clinical (June '19) Proposed Struc. Struc. SI
Trial (June Struc.
'19)
Whole mAb o\ ce-11 Active ERBB2 2018 no no no
ADC
scFv Phase-II Discontinued ERBB2 2018 no no no
whole mAb Phase-III Active ERBB2 2013 no no no
whole mAb Phase-II Active ERBB2 2013 no no no
whole mAb Approved Active ERBB2 2003 YES YES YES
whole mAb Approved NFD ERBB2 1997 YES YES YES
whole mAb Approved NFD ERBB2 1997 YES YES YES
Bispecific
Phase-II Active ERBB3;ERBB2 2017 YES;YES no;no no;no

mAb

Figure 2.2: Searching by Attribute (http://opig.stats.oz.ac.uk/webapps/therasabdab).
(A) Here, we search for any therapeutic designed to bind to ERBB2 (often over-
expressed in breast cancer). (B) Eight therapeutics are designed to bind to ERBB2,
seven monoclonals and one bispecific. Four have exact structural information for the
ERBB2 binding site. Click the therapeutic name to enter the therapeutic summary

page.

Each therapeutic summary page lists a structural summary (including our database
sequence), with links to relevant SAbDab entries (with PDB codes and chains),
and alignment charts (if structures with 95-99% sequence identity are detected).
Each SAbDab link redirects the user to the SAbDab summary page for the relevant
PDB entry, where all existing functionality can be accessed. Links to appropriate
SAbPred [216] informatics tools (such as ABodyBuilder [44] for variable domain
structure modelling, and the Therapeutic Antibody Profiler [214] [see Chapter 4]
for developability assessment) are also provided. Finally, we list all the remaining
metadata that we have recorded for the therapeutic, ranging from records of investi-

gated conditions, to which companies are developing the therapeutic, to its estimated
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Figure 2.3: Searching by Sequence (http://opig.stats.oz.ac.uk/webapps/therasabdab).
(A) Here, we search for therapeutics with at least 70% sequence identity across
the heavy and light chain CDRs of the input sequence. (B) Any results are returned
alongside sequence identity across the specified region. Alignments show any sequence
mismatches across the variable domain sequence.

developmental status.

A third way to search Thera-SAbDab is by sequence (Fig. 2.3). This can be
harnessed in numerous ways. For example, by querying with a known therapeutic
sequence, researchers can look for sequence commonalities between therapeutics over
any region of the variable domain. Alternatively, by querying with a developmental
candidate sequence, researchers can search for similarity to any other therapeutic, or
specifically to those designed to bind to the same target. This could identify potential
patenting issues, highlight a risk of polyspecificity, or suggest a binding mode to the
intended target.

A case study workflow harnessing Thera-SAbDab is available at
hitp://opig.stats.ox.ac.uk/webapps/therasabdab/about.
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2.2.5 Implementation

The original web application for Thera-SAbDab (released on paper submission, July
2019) used a combination of PHP and JavaScript to dynamically handle user search
queries. For consistency with our new SAbBox Virtual Box suite, the latest version
(with the assistance of Dr. Claire Marks) has been transferred to a Flask database
framework (https://github.com/pallets/flask), which handles dynamic inputs using
Python.

2.2.6 Conclusion

We have created Thera-SAbDab with the central aim of collating all public structural
knowledge for WHO-recognized antibody- and nanobody-related therapeutic variable
domains. Rather than relying on text-mining approaches, which can miss PDB de-
positions that omit reference to the structure’s therapeutic relevance, Thera-SAbDab
uses a systematic approach at the level of sequence identity to detect exact and close
matches to our repository of therapeutic variable domains.

This approach has not only enabled us to identify over twice the number of mono-
clonal therapies with 100% sequence-identical structures in the PDB than in existing
databases, but has also identified exact variable domain structures for several bis-
pecific therapies. Our approach can also distinguish between PDB structures with
100%, 99%, and 95-98% sequence identity matches. Sequence alignments guide the
interpretation of structures of near-identical sequence. Therapeutics without solved
structures can be passed directly to our homology modeller, ABodyBuilder, to approx-
imate their structure using a continually-updated loop template database [9, 26, 27].

Like IMGT-DB, Thera-SAbDab can be queried by metadata, but uniquely it can
also be queried by variable domain sequence. This enables researchers to identify
therapeutics proximal over any variable domain region to their query sequence.

As shown for IL17A-binding therapeutics, new clinically-relevant structures are
continually being released. Accordingly, Thera-SAbDab checks SAbDab after each
weekly update for new matches, ensuring that this data is rapidly captured. Thera-
SAbDab’s sequence database is updated with new sequence information twice per
year, in line with the release of new WHO Proposed INN lists. An updated list of all
therapeutic variable domain sequences with metadata is supplied as a single file to
facilitate further analysis. We have already used the data pooled by Thera-SAbDab
to probe how similar therapeutic sequences are to natural antibody sequences; this

study is described in the next section.
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2.3 Do Natural Repertoires Harbour Therapeutic
Antibody Sequences?

2.3.1 Introduction

One of the major requirements for a therapeutic antibody is that it does not initiate
harmful immunogenicity when delivered to the body. This is usually mediated by
triggering anti-drug antibodies (ADAs), which are most likely raised in humans if the
injected therapeutic has discernibly ‘foreign’ (i.e. non-human) characteristics or if it
is self-reactive to native human antigens.

At the time of publication, the vast majority of later-stage (post-Phase I) thera-
peutic antibodies referenced in Thera-SAbDab [99] were developed from parent anti-
bodies identified using established industrial protocols. These protocols fall broadly
into three categories: animal immune challenge, transgenic animal immune challenge,
or recombinant human antibody phage display panning!. While the latter two meth-
ods harness human V(D)J gene transcripts, none of the techniques guarantee that the
parent antibody is naturally expressible in humans, nor that it is unable to bind to
human auto-antigens®. In addition, subsequent engineering is usually required to op-
timise binding affinity or other biophysical properties, and this process can introduce
issues not present in the parent mAb.

Nevertheless, regardless of developmental origin, advanced clinical-stage thera-
peutic antibodies could owe their progression to convergence on some characteristics
of naturally expressed human antibodies, thus avoiding both detrimental properties
that correlate with ADA production. To investigate the likelihood of this happen-
ing at the variable domain sequence level, we tested the sequence proximity of the
clinical-stage therapeutic (CST) antibodies in Thera-SAbDab to a large number of
natural human antibodies/BCRs identified in high-throughput repertoire sequencing

studies.

2.3.2 Methods

By April 2019, the Observed Antibody Space (OAS) database, our source of BCR
repertoire sequences, had been expanded by four datasets since its publication [88].
The largest of these was the Peripheral Blood Mononuclear Cell (PBMC) IgG/IgM

'Recent years have seen the development of many new antibody engineering and formatting
methods, leading to modifications of the original INN antibody naming convention [217].

20ne discovery method that favours both of these qualities is the direct ‘peptide baiting’ of
therapeutic candidates from antigen-responding human antibody repertoires, see Section 2.4.
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repertoire study by Briney et al. [4]. All the sequences in OAS were obtained using
[Nlumina MiSeq or Roche 454 platforms, meaning heavy and light chains are sequenced
separately and native pairings are not preserved (see Section 1.4.1.1).

The CST sequences were numbered using ANARCI [18] according to the IMGT
[11] numbering scheme. Each CST was classified into four groups (chimeric, human-
ised, human, mouse), based on their International Non-proprietary Names [103, 218].
Sequences with names containing ‘-xizumab’ or ‘-ximab’ were labeled as ‘chimeric’.
Sequences not matching this criterion but containing ‘-zumab’ in their name were
classified as ‘humanised’. Sequences that contained only ‘-umab’ in their name were
labeled as ‘fully human’. Three mouse antibodies (muromonab, abagovomab and
racotumomab), were labeled as ‘mouse’.

We separately aligned the heavy chain, light chain, the combination of the three
heavy or light chain IMGT-defined CDRs, and the IMGT-defined CDR-H3 of CSTs
to each of the sequences in OAS [88]. We noted a match if an IMGT position in
a ‘query’ CST is also found in a ‘template’ sequence from OAS, and they have the
same amino acid residue. For the full sequence alignments, the number of matches
was divided by the length of the query and by the length of the template, producing
two sequence identities. The final sequence identity is the average between these
two values; calculating the sequence identity in this way prevents the scenario where
one sequence is a substring of another, creating an artificially high sequence identity
with a large length discrepancy. The CDR alignments were performed only when the
IMGT-defined loop lengths matched.

2.3.3 Results

All code comparing therapeutic antibody sequences to the Observed Antibody Space
database was written and run by Dr. Konrad Krawczyk, who conceived this study. I
analysed the resulting data and wrote the code to evaluate pairwise sequence identity

between therapeutic sequences (Section 2.3.3.3).

2.3.3.1 Sequence Identity over Different Regions

We used a set of 242 clinical-stage therapeutic (CST) antibody sequences, all of which
have completed Phase 1 clinical trials® (post-Phase-I therapeutics have the advantage
that they have already been trailed in healthy human volunteers and found not to
yield significant ADAs). We separately aligned the CST variable regions (VH or VL),

3These represented all the post Phase-I therapeutics identified in the prototype version of Thera-
SAbDab [99].
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Figure 2.4: Comparing therapeutic sequences to OAS. (A) The highest therapeutic
heavy (VH) and light (VL) variable domain sequence identity matches to the BCR
repertoire sequences in OAS. (B) The highest therapeutic concatenated heavy CDR
(H1-H2-H3) and light CDR (L1-L2-L3) sequence identity matches to the BCR reper-
toire sequences in OAS. seqlD: sequence identity.

combination of the three CST complementarity-determining regions (CDRs) from VH
or VL, and CST CDR-H3 sequences to all the sequences in the Observed Antibody
Space (OAS) database of BCR repertoire sequencing studies [88] (see Section 2.3.2).
We performed the search across all organisms, individuals and immune states to
be comprehensive and to reflect the myriad antibody types, including fully human,
humanised, chimeric or fully mouse [186]. The individual identities of the CSTs with
respect to the closest match from OAS are given in Fig. 2.4 and their distributions
are plotted in Fig. 2.5. The aligned sequences and raw sequence identity values are
available in the Supplementary Information of Krawczyk et al. [202].

The highest sequence identity matches of CST variable regions to naturally sourced
BCR repertoire datasets in OAS are given in Fig. 2.4A. Ninety (37.1%) CST heavy
chains had matches within OAS of > 90% sequence identity (seqID), with 18 (7.4%)
> 95% seqID. We found 158 (65.2%) therapeutic light chains with > 90% seqID to
an OAS sequence, with 96 (39.7%) > 95% seqlID, and 28 (11.5%) with 100% seqID.
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Figure 2.5: Violin plots showing the median, distribution, and ranges of the closest
therapeutic sequence identity matches to OAS across different regions of the antibody
sequence.

For 16 (6.6%) of the CSTs, we found both heavy and light chain matches > 95%
seqID. In the most extreme case, Enfortumab, we were able to find both heavy and
light chain matches of 98% seqID (the differences are H38: N-S, H88: S-Y, L37: G-S,
L52: F-L, where the first amino acid comes from Enfortumab and the second from
an OAS sequence).

The largest discrepancy between the CSTs and OAS antibodies is typically con-
centrated in the CDR regions that determine antigen complementarity [218]. The
next investigation measured the extent to which the highly mutable CDR loops of
engineered therapeutics differ from those that are expressed naturally, by searching
for the closest CST matches to the CDR regions in OAS. The sequence identity was
calculated across the entire CDR region testing if all three CDR lengths matched
between the CST and a BCR repertoire sequence. The search was performed us-
ing the international ImMunoGeneTics information system® (IMGT)-defined CDR
triplets [11] from the heavy or light chain, disregarding the framework region (i.e., we
concatenated sequences of the CDRH1-3 loops, or CDRL1-3 loops; Figs. 2.4B and
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2.5). We found 46 (19.0%) of CST heavy chain CDR triplets to have matches to an
OAS CDR triplet with > 90% seqID, 15 (6.1%) with > 95% seqID and 4 (1.6%) with
100% seqID. There were 156 (64.4%) CST light CDR triplets with > 90% seqID to an
OAS CDR triplet, with 110 (45.4%) > 95% seqlD, and 90 (37.1%) with 100% seqlID.
For Obiltoxaximab and Zanolimumab, we found BCR repertoire sequences where all
three heavy and light chain CDRs were identical.

Of the six CDRs, CDR-H3 is the most sequence and structurally diverse [219, 220].
Due to its key role in binding, it is subjected to extensive antibody engineering [221,
222]. We checked how frequently CST-derived CDR-~H3s were observed in naturally-
sourced sequences by searching for the highest CDR-H3 sequence identity match
between each CST and OAS, irrespective of framework region or canonical CDR
identity (Fig. 2.5). Of our 242 CST CDR-H3s, we found 54 identical matches in OAS
distributed among all antibody types (23 humanised, 22 fully human, 8 chimeric and
1 mouse; 21.9%, 22.0%, 22.8% and 50.0% of each category respectively).

These matches tended to be for shorter CDR-H3s, but some longer loops also
recorded 100% sequence identity matches (see Fig. A2.1). We note that finding such
close matches is highly unlikely by chance alone, accounting for the potential for se-
quencing errors throughout the CDRH3 sequence. This is illustrated in Table A2.1,
where the probability of matching a single sequence with 960 million random sam-
ples is compared for each CDR length. This simple comparison does not account for
underlying biases such as the existence of a D gene or inter-residue mutation proba-
bilities, and so is likely to be an overestimate of the realistically-observable sequence
space (accurate consideration of these biases is very difficult to achieve). However,
particularly for longer CDRs in which D gene influence is diluted, it provides a rough
order-of-magnitude contextualisation for the probability of the observed convergence
by chance alone — even if understated by a significant factor, the probability of
finding five independent 100% sequence identity length-13 CDRH3 matches would be
minute.

Twenty-nine therapeutic CDRH3s were found in just one recent deep sequencing
study by Briney et al. [4], which sampled the diversity of the IgG/IgM human antibody
gene repertoires of ten unrelated individuals at unprecedented depth. Forty-seven
perfect matches were found in a version of OAS excluding Briney et al., showing
that artificial CDR-H3 sequences can be independently observed even in less deeply-
sequenced BCR repertoires. Twenty-two of these matches were found in both Briney
et al. and the other OAS datasets (9 humanised and 13 fully human CSTs).
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Figure 2.6: Violin plots showing the median, distribution, and ranges of the highest
therapeutic (A) heavy chain (VH) sequence identity and (B) light chain (VL) sequence
identity matches to OAS binned by developmental category.

These results indicate that, despite the enormous theoretical sequence space ac-
cessible to the CDR-H3 region [4], over 20% of proven therapeutically exploitable
CDR-H3 loops have been seen in just ~960 million heavy chain sequences from 60

BCR repertoire sequencing studies.

2.3.3.2 Dependence on Developmental Origin

The proximity of the closest CST variable region match to OAS appears to be highly
dependent on the CST’s discovery platform (Fig. 2.6). Antibodies produced via more
artificial protocols such as humanization have lower variable region sequence identities
to sequences in OAS from those of fully human molecules. For the majority of the
fully human sequences we find matches of 90% seqlD or better, whereas matches
to the majority of humanised molecules fall below 90% seqID (Fig. 2.6). Chimeric
antibodies appear to have seqlD values intermediate between the two classes.

The CST developmental origin is usually consistent with the organism that pro-
duced the closest BCR repertoire seqID match. Of the 100 fully human CSTs, the
90 (90.0%) most similar heavy chains, 100 (100.0%) most similar light chains, and 55
(55.0%) most similar CDR-H3 loops come from human antibody repertoires. Of the
105 humanised antibodies, 82 (78.0%) of heavy chains, and 79 (75.2%) of light chains
found closest matches in human repertoires, while 71 (67.6%) of the closest CDR-H3s
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matches were identified in mouse repertoires. This further reflects the dominance of
CDR-H3 in binding, as companies often graft this loop from binding mouse antibod-
ies to transfer specificity and binding affinity. It also suggests that mining a dataset
such as OAS could provide a more accurate measure of antibody ‘humanness’ than
the state-of-the-art metrics as of April 2019 [193, 223].

2.3.3.3 Comparison to Inter-Therapeutic Similarity

It was previously suggested that finding a therapeutic antibody variable domain that
closely overlaps a natural BCR repertoire sequence may cause issues during patenting
[224]. To help quantify this risk, we calculated the pairwise similarity between every
therapeutic VH and VL (Fig. 2.7) and compared these distributions to the similarities
to BCR repertoire sequences reported in Fig. 2.4A.

The multimodal nature of these distributions can be explained by B-cell biology.
The right-hand-most peak in both distributions can be attributed to within-germline
pairs - i.e. the median similarity between two different chains from the same V gene
lineage. This is centred at a higher sequence identity for light chains given their
absence of a D gene, that they only have one rather than two junctional regions, and
that they typically display lower levels of somatic hypermutation. The left-hand peak
in the VH distribution and the central peak in the VL distribution can be attributed
to comparisons between chains belonging to different V germlines from the same gene
locus (IGH-IGH for VH, or ‘kappa’-‘kappa’ [IGK-IGK]/‘lambda-lambda’ [IGL-IGL]
for VL). Most pairwise comparisons of VHs or VLs will involve different V gene
origins, accounting for why this this peak has the highest count in both Fig. 2.7A
and Fig. 2.7B. Again, this VL peak is centred at a higher median sequence identity
owing to the aforementioned genetic differences. Finally, the VL distribution has a
third mode, centred at around 47% sequence identity. This reflects comparisons made
between VLs originating from the two distinct light chain loci (‘kappa-lambda’; IGK-
IGL), which have markedly different framework sequences. The same phenomenon is
not present in the VH distribution, where all chains derive from the IGHV locus. The
paucity of therapeutics with lambda light chains (see Chapter 4) explains why inter-
local comparisons are of lower abundance than intra-local comparisons, dominated
by IGK-IGK.

Only four pairs of CSTs have VH sequence identity matches of greater than 94%
to each other. In three of the pairs, both sequences originate from the same company
while the fourth is the original patent-expired antibody and its derivative. This

compares to 18 therapeutic heavy chains with matches to an OAS sequence > 95%.
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Figure 2.7: The pairwise sequence identities between (A) all therapeutic VH chains,
and (B) all therapeutic VL chains. In only four cases is it possible to find VHs across
two different therapeutics that are more than 94% sequence identical: Ravulizumab &
Eculizumab (Alexion Pharmaceuticals), Ranibizumab & Bevacizumab (Genentech),
and Palivizumab & Motavizumab (MedImmune). Tomuzotuximab (Glycotope), is
based on Cetuximab (Bristol Myers Squibb), the patent on which expired several
years ago.
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This confirms that therapeutics have already strayed closer to natural sequence space
than to each other, given existing commercial protections. In light of ongoing efforts
to further consolidate antibody NGS data and make it more accessible [88, 90, 225],
it follows that the risk of finding therapeutic candidate sequences in published BCR

repertoire sequencing datasets will only become greater.

2.3.4 Discussion

These results demonstrate that, despite the theoretically large diversity accessible to
antibodies, and developmental engineering [4, 226], there exists a nontrivial conver-
gence between CSTs and BCR repertoire sequences. Closest matches were found in
48 of the 60 (80.0%) independent studies available in OAS, indicating that finding a
close match to at least one CST is likely in most BCR repertoire datasets. Such a
close overlap strongly suggests that it should be possible to data-mine BCR repertoire
repositories for promising therapeutic leads.

A letter to Nature in 2018 [224] raised concern that the increasing number of
BCR repertoire sequences becoming publicly available may be adjudged to represent
‘prior art’ that would be considered when assessing the novelty of a therapeutic anti-
body during patenting?. This would hinder progress towards the adoption of natural
repertoire mining techniques to discover novel therapeutic agents. In this work, we
provided a quantitative basis for discussions in this area. However, a recent article
suggests that European Union directive (98/44/EC) and the European Patent Office’s
(EPO’s) Guidelines for Examination leave room to commercialise some naturally oc-
curring human proteins (https://www.taylorwessing.com/synapse/ti-patenting-gene-
sequences.html). They cite the statement “the prior publication of a sequence of the
human genome does not harm the novelty of the sequence claimed in an isolated
state”, alongside guidance from the EPO (https://www.epo.org/law-practice/legal-
texts/html/quidelines/e/g_ii_5_2.htm). They also suggest protection in the USA is
possible through the interpretation that sequenced complementary DNA (cDNA)
does not constitute a naturally occurring product of nature. In addition, we note
that several factors pertinent to the specific case of BCR repertoires. Isolation of an
antibody sequence from a repertoire still requires molecular characterisation to prove
a mechanism of action. Antibodies stimulated by synthetic vaccines may not be ad-
judged to have occurred ‘naturally’. Most BCR repertoire sequencing technologies

yield VH and VL chains unpaired, so the entire natural binding site can never be

4This was a broader interpretation of the original ruling against Myriad Genetics in 2013
(https://www.supremecourt.gov/opinions/12pdf/12-398-1b7d.pdf ).
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proven®. Finally, artificial nucleotide mutations can be introduced at random to an-
tibody sequences by Next-Generation Sequencing techniques as well as during DNA
sample preparation. Altogether, we conclude that pharmaceutical companies world-
wide should be emboldened to start harnessing BCR repertoire data for therapeutic
discovery.

Beyond directly mining repertoires for novel therapeutics, an increased apprecia-
tion of the relatedness between engineered antibodies and their naturally expressed
counterparts should facilitate the selection of better candidate biotherapeutics, as-
suming that those that are more closely related have largely favorable biophysical
properties [214]. This assertion could be explicitly tested by investigating the covari-
ance of important clinical indicators, such as affinity, immunogenicity and solubility,

with measures of similarity to naturally occurring antibodies.

2.4 Update and Chapter Conclusion

Thera-SAbDab continues to record the growing number of therapeutic antibodies
and nanobodies entering clinical trials. Since publication, Thera-SAbDab has grown
from 473 to 601 (+27.1%) therapeutic Fv/VHH sequences, of which 162 (~27%)
have been structurally characterised. We expect the degree of structural coverage
to increase over the coming years, since a large portion of the database is in early-
stage trials and structural data tends to be released later in the process. Due to the
COVID-19 pandemic of 2019/2020, we also anticipate that SARS-CoV-2 will become
the dominant antibody/nanobody target in the database by 2021; according to The
Antibody Society, over 100 anti-SARS-CoV-2 biologics had entered development by
early June 2020.

The need to rapidly develop safe anti-SARS-CoV-2 prophlyactic antibodies led
many companies to attempt direct ‘peptide baiting’ of therapeutic candidates from
the human antibody repertoires of convalescent patients [228] (see Chapter 5). The
results of clinical trials on these candidates will be a pivotal moment; on top of the
mounting body of computational evidence, success would represent direct empirical
proof that BCR repertoires should play a central role in the future of antibody drug

discovery.

5This is still true for the vast majority of publicly-available data, although this may soon change
with the advent of single-cell sequencing platforms from 10X Genomics, Illumina, Takara Bio, and
others [227].
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In the next chapter, we will describe a novel algorithm (‘Repertoire Structural
Profiling’) that transforms BCR repertoire sequencing datasets into ‘Antibody Model

Libraries’, directly exploitable in drug discovery.
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Chapter 3

Repertoire Structural Profiling:
Implications for Immunology and
Antibody Screening

3.1 Chapter Abstract

In Chapter 2, we outlined the evidence that natural B-cell receptor (BCR) reper-
toires contain variable domain sequences proximal to antibodies already identified
as promising prophylactics. This convergence was particularly striking given that
these therapeutics target a wide range of proteins, are likely to have been extensively
engineered, and were derived agnostic to their theoretical expressibility in humans.
We considered this a strong indication that future drug discovery campaigns could
harness the power of human BCR repertoire sequencing to reliably generate human-
compatible therapeutics against a broad array of antigens.

However, the diversity of the BCR repertoire in humans is enormous (estimated as
on the order of 10'6-10'® unique variable domains), of which most deep BCR reper-
toire samples contain 105-107 unpaired heavy (VH) and light (VL) chains. Given
the expanse of natural sequence space, and the potential combinatorial diversity ob-
tained by pairing these unpaired samples, how can researchers hope to efficiently pan
the repertoires to find antibody variable domains with a desired complementarity?
The solution is to develop methods that can effectively cluster immunoglobulin gene
sequencing (Ig-seq) samples of BCR repertoires into sets of potentially functionally-
equivalent antibodies for further investigation.

In this chapter, we describe our novel method, ‘Repertoire Structural Profiling’,
which uses predicted variable domain (both VH and VL) binding site structure as

a means of clustering repertoire samples. This is based on the theory that a highly
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conserved property across same-epitope binding antibodies will be the adoption of
similar structures, as this avoids prohibitive steric clash and enables chemically-
complementary residues to be displayed within their interaction distance of the epi-
tope. Our method does not impose any restrictions on predicted V or J gene origins,
so is therefore able to pool together a much greater sequence diversity of antibod-
ies than clonotyping!. Instead, the binding site structural topology of each putative
VH:VL sequence pairing is first approximated by mapping each of its 6 CDR loop
sequences onto a structural template from the PDB. Greedy ‘structural clustering’
then uses a precomputed matrix of root-mean-squared distances (RMSDs) between
all CDR structural templates to evaluate whether two binding sites are likely to adopt
‘distinct structures’ (see Section 3.3). This allows us to approximate the structural
diversity of an Ig-seq dataset without modelling each VH:VL pair, which is compu-
tationally intractable. Finally, a representative VH:VL sequence pairing from each
predicted distinct structure is formally homology-modelled to yield a full 3D repre-
sentation of the binding site for use in structure-based drug discovery.

The new representation of BCR repertoires we present here provides the first com-
putational supporting evidence for baseline (naive) repertoire functional commonality
across many individuals and can detect convergent structural drifts in response to vac-
cination analogous to convergent clonotypes. We also demonstrate, by building an
‘Antibody Model Library’ from the baseline structures predicted to exist in ten unre-
lated individuals, that shared variable domain geometries are proximal to many solved
therapeutic antibody structures against a large diversity of targets. This highlights
Repertoire Structural Profiling’s potential to capture the pluripotency of the naive
repertoire, allowing for the rational design of general in wvitro or in silico screening
libraries.

The chapter concludes with suggestions for further benchmarking and improve-

ments to the technology.

This chapter contains reproduced material from the following preprint:

Raybould, M.I.J., Marks, C.M., Kovaltsuk, A.K., Lewis, A.P., Shi, J., Deane,
C.M. (2020) Evidence of Antibody Repertoire Functional Convergence through Public
Baseline and Shared Response Structures. bioRwziv. doi: 10.1101/2020.03.17.993444
[229]

!Clonotyping is an alternative and more established method for repertoire clustering based on
matched genetic origins and high CDR3 sequence identity; see Section 1.4.4.
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3.2 Introduction

A key component of the human immune system is the antibody/B-cell receptor (BCR)
repertoire, a diverse array of immunoglobulins tasked with identifying pathogens and
initiating the adaptive immune response. Broad pathogenic recognition is achieved
through enormous variable domain sequence diversity, with an estimated 10'° unique
heavy variable domains (VH) circulating at any one time from a theoretical set of 10'2
(or 10%6-10'8 full antibodies if light variable domain (VL) combinations are considered
[4])-

On antigenic exposure, ‘baseline’ (resting-state) antibodies with sufficiently com-
plementary binding sites to an antigen surface epitope are positively selected. The
corresponding parent B-cells subsequently migrate to the marginal zone of the lymph
nodes, where intentional mutations are introduced to their sequence and only the
highest-affinity binders survive in the competition for cognate T-helper cells [2].

Therefore, sequencing antibody repertoires before and during an immune response
(e.g. vaccination) can reveal how different people respond to the same antigenic
challenge, and can both improve our understanding of immunology and inform future
vaccine or therapeutic design [84, 230, 231]. Similarly, comparing the repertoires of
healthy individuals against immunosuppressed (e.g. HIV) patients may also reveal
the origins of increased disease susceptibility [232-234].

However, sequencing an entire antibody repertoire is challenging; they are so
large that conventional sequencing techniques, such as Sanger sequencing, do not
capture enough of the diversity to be informative. Instead, high-throughput Ig-seq
technologies (e.g. Ilumina MiSeq) are used (see Section 1.4.1.1). These methods
create snapshots that are typically on the order of 10°-107 VH and/or VL (unpaired)
chains, up to a recent upper bound of around 10° [3, 4, 88]. Single-cell sequencing
methods, capable of preserving VH-VL chain pairings, are now emerging, however
their current throughput yields datasets that are too small to study entire repertoire
diversity [70, 72, 235] (see Section 1.4.1.2).

Since most publicly-available BCR repertoire data covers only the VH domain
[88], the vast majority of whole-repertoire analysis has been performed over this
region alone [91]. The primary analytical method is currently ‘clonotyping’ [236-238].
Clonotyping is a computational technique used to sort sequencing datasets into sets
of functionally similar chains based on sequence features, and can be performed in

several ways. The most common implementation groups sequences with the same
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predicted V and J gene transcript origins and above a certain percentage (same length)
Complementarity-Determining Region H3 (CDRH3) sequence identity.

Such sequence-based approaches have contributed significantly to our knowledge
of core immunology. For example, to estimate the true level of sequence similarity that
exists across individuals, Briney et al. performed deep sequencing and clonotyping
of the circulating baseline VH repertoires of ten volunteers [4]. They found that
just 0.022% of observed clonotypes were ‘public’ (seen in everyone) and a similar
study by Soto et al. found just ~1% of clonotypes were public across three unrelated
individuals. In a complementary approach, Greiff et al. trained a Support Vector
Machine on public and private clonal sequences to identify their high-dimensional
features, proving that they have distinct immunogenomic properties [92].

Clonotyping can also be used to detect antigen-specific immunoglobulins, through
the identification of expanded clones after vaccination, or those present in unusually
high proportions in individuals immune to certain diseases. Explorations of expanded
lineages have yielded high-affinity antibodies and T cells against numerous pharma-
cologically interesting antigens, such as HIV proteins [232], cluster of differentiation
proteins [239], botulinum neurotoxin serotype A [240], proteins implicated in type-1
diabetes [241], and many more.

However, clonotyping is only likely to identify a small subset of the true num-
ber of functionally equivalent antibodies. This is because it assumes that antibodies
require a similar genetic background and high CDRH3 sequence identity to achieve
complementarity to the same epitope. In reality, similar binding site structures and
paratopes can be achieved from different genetic origins [242] and with surprisingly
low CDRH3 sequence identity [127] (conversely, false positives can arise where an-
tibodies with high CDRH3 sequence identity and the same genetic origins adopt
markedly different binding site topologies [127]). It is also the case that not every
epitope is naturally suited to CDRH3-dominated binding, instead preferring broader
engagement by multiple CDRs [9], putting less selection pressure on CDRH3 sequence
identity.

It is difficult to reliably pool together these hidden functionally equivalent an-
tibodies within a clonotyping framework, as simply reducing the CDRH3 sequence
identity threshold value lowers confidence in paratope residue similarity and increases
the risk of grouping antibodies with fundamentally different binding site topologies.
An alternative approach to relaxing the clustering criterion would be to initially
ignore CDRH3 residue similarity, and instead to group antibodies with similar three-

dimensional structures, as binders to a given epitope are likely to adopt a similar ge-
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ometry. Geometrically-similar antibodies with sufficiently similar residue interaction
profiles could then be capable of recapitulating key binding interactions at equivalent
topological locations.

Experimental structure determination (e.g. by X-ray crystallography) remains too
slow to solve representative portions of antibody repertoires [243]. However, struc-
tural annotation approaches are now fast enough to geometrically characterise the
individual CDRs of millions of sequences a day with increasing accuracy [96, 244].
So far, these analyses have focussed solely on the VH chain, and none have con-
sidered the impact of VL on binding site configuration. This can most accurately
be captured through variable domain (Fv) modelling, and recent developments have
afforded homology approaches with sufficient throughput to analyse meaningful por-
tions of the repertoire [44, 245]. For example, we developed a prototype structural
profiling method that creates representative Fv model libraries from large repertoire
snapshots, with applications in developability issue prediction (the Therapeutic An-
tibody Profiler [214], described in Chapter 4).

Here, we further refine this prototype and apply it to cluster antibody repertoires
based on predicted binding site topology. We first analyse 41 naive antibody reper-
toires from unrelated individuals, and find that the same representative (‘distinct’)
binding site structures are predicted to appear across many individuals (‘Public Base-
line” structures). We also show, through the construction of ‘Random Repertoires’,
that this level of structural sharing is far greater than would be expected by chance.
Our data therefore represents the first supporting computational evidence that con-
siderably more functional commonality than suggested by clonotyping could exist in
the baseline repertoires of different people. We then implement the same pipeline on
pre- and post-vaccination datasets from three unrelated individuals, detecting a sig-
nificant increase in structural commonality, and identifying all convergent response
structures that may recognise similar epitopes (‘Public Response’ structures). We
built Antibody Model Libraries (AMLs) by homology modelling a VH-VL sequence
pairing predicted to adopt each Public Baseline or Public Response structure. In silico
analysis of these AMLs suggests that they represent a powerful geometric basis set of
low-immunogenicity candidates exploitable for general or target-focused therapeutic

antibody screening.
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3.3 Methods

Immunoglobulin Gene Sequencing Datasets

The cleaned and translated antibody repertoire datasets [83, 84] were downloaded
directly from the Observed Antibody Space (OAS) database [88]. For the nailve
baseline repertoire study (Gidoni et al. [83]), only individuals for whom > 100,000
IgM VH and > 100,000 VL sequences were recorded were analysed. For the influenza
vaccination response study (Gupta et al. [84]), we used all three individuals (‘V1’ =
‘FV’, V2’ = ‘GMC’, and ‘V3’" = ‘IB’). The ‘Before Vaccination’ data was defined as
all VH and VL sequences recorded at 8 days, 2 days and 1 hour before vaccination.
The ‘After Vaccination’ data was defined as all VH and VL sequences recorded at 1
week, 2 weeks, 3 weeks, and 4 weeks after vaccination. Sequences recorded 1 hour
and 1 day after vaccination were discarded to avoid ambiguity. The ‘Pure After
Vaccination’ data contained ‘After Vaccination’ sequences that did not fall into the
structural clusters defined by each individual’s ‘Before Vaccination’ repertoires. The
seminal work in which ‘FV’, ‘GMC’, and ‘IB’ were vaccinated is detailed in Laserson
et al. [231], however the data we use derives from Gupta et al. [84], who re-analysed

each antibody repertoire snapshot with Illumina sequencing.

Repertoire Structural Profiling Pipeline

The described structural profiling pipeline was optimised from the protocol outlined
in Chapter 4 [214] as follows:

Using FREAD to predict canonical loop modellability. CDRH1-2 and
CDRL1-3 are termed the ‘canonical’ CDR loops. This is because, for each cate-
gory of CDR, their backbone conformations can be broadly clustered into a relatively
small number of distinct canonical forms (though a significant minority of uncluster-
able structures remain [25]). In the first AML generation procedure [214], we used
SCALOP, a machine learning algorithm that can reliably predict canonical forms
from loop sequence alone [25]. We assumed that if SCALOP can assign the loop to a
canonical form, it is likely to be ‘FREAD-modellable’. The main benefit here was an-
ticipated to be speed; using SCALOP as a pre-filter to FREAD would ensure that not
every sequence has to pass through the more time-intensive processes of framework

assignment and loop grafting.
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However, not every SCALOP loop conformation prediction agrees with FREAD’s
predictions and imposing canonical form conformity on each sequence has the con-
sequence of narrowing accessible extra-CDRH3 structural diversity. Additionally, as
FREAD has to be run on all modellable VH/VL CDRs at some point in the algo-
rithm, and as the number of loops trimmed out for canonical CDR non-modellability
is relatively small, the time saved by running SCALOP was a small fraction of the
overall algorithm run-time. The additional time taken to pass every chain through
FREAD directly rather than via SCALOP was nearly entirely compensated by adapt-
ing an efficiently parallelised version of FREAD written by Jinwoo Leem for the
abodybuilder_parallel module [44].

Deriving More Appropriate Environment-Specific Substitution Scores
Thresholds for Ig-seq Data. The original antibody Environment-Specific Substi-
tution (ESS) score threshold used by FREAD (25 for all loops, and loop lengths) was
derived by Choi and Deane [26, 27| based on benchmarking of loop modelling perfor-
mance using the Protein Data Bank (PDB). This involved first excising the CDRH3
loop from known PDB antibody structures, then feeding the framework structure
and excised CDRH3 loop sequence into FREAD tasked with predicting the next-best
(non-self) PDB CDRH3 template for modelling. The achieved root-mean-squared
deviations (RMSDs) were averaged for different thresholds and an ESS cutoff of
> 25 proved to be the best compromise between accuracy and coverage (propor-
tion of loops for which at least one template exceeded the threshold). However, the
CDRHS3 loops in Ig-seq samples of natural antibody repertoires deviate significantly
in sequence from the heavily-engineered PDB, which has high redundancy and many
closely-related structures that help to improve mean performance. To show this, we
calculated the typical ESS value of the top-ranked FREAD CDRH3 template for
an Ig-seq study of natural antibodies [84] (Fig. 3.1A), comparing it to the ESS of
the top-ranked FREAD CDRH3 template obtained when modelling-in PDB CDRH3
loops (Fig. 3.1B), blinding access to the same structure as a template). The highest
ranked template has the lowest anchor residue C, RMSD, after surpassing the base-
line threshold of ESS 25. The Ig-seq data benefits from far fewer high ESS scores,
so application of the original thresholds on Ig-seq data would be expected to achieve
below-headline performance. To both estimate our true performance on Ig-seq data,
and derive new CDRH3 loop ESS score thresholds more appropriate for Ig-seq data,
we subsampled the PDB comparison set to match the top-ranked ESS distributions
seen for each length bin in the aforementioned Ig-seq sample. Based on this sample,

we calculated that we should achieve a good accuracy (mean RMSD of 2.54A over

62



Ig-seq, Length 11

8
&
Ig-seq, Lengths 15+

PDB, Length 11

50
40
30

Ig-seq, Lengths 9-10

30
20
10

10

&
&
Ig-seq, Lengths 13-14

)

40
30
20

ESS
PDB, Lengths 9-10

0
0
0.

Ig-seq, Lengths 5-8

s,
1.l
" forS0r +
205677 w
[ oo O
— G, Y6
"rSe ©n
o S
ISR~
< o0
o,,o,%N (=)
[ vwd.o o
L o,%,%,o —
— v%.%% -
-6 Y M
— vv,,wv a
— mm,,%v o,
—— vmd%
O,N;%m,
3 > e
20
7.
66 O
vm,h%w <
6., i
Q%Qm 1
59
m.%,Q% i
Sseoow
<o S
69. =)
b9 ) on!
Q%,Qb =]
e @
2o 3
— Gy S -
— vv.w,v m
— m%,%v ()
—— vmd% [a®)
a..,v,%m,
£ o <

4
30
20
10

20
10

j‘
&
Ig-seq, Length 12

30

PDB, Lengths 5-8

ER g

abejuadliad

30
20
10

o

abejuadiad

PIIFRELEENR
WEESeSESERS
PDB, Length 12

10

Figure 3.1: The percentage of each FREAD [26, 27| top-ranked CDRH3 templates
with an Environment Specific Substitution (ESS) score within the labelled bin for

(A) a typical Ig-seq dataset [84], and (B) the Protein Data Bank (blinded to self).
The two sets have very different distributions; notably Ig-seq datasets rarely contain

CDRHS3 loops with extremely high ESS scores to dataset templates.
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all lengths) with acceptable coverage on Ig-seq data using the following CDRH3 ESS
cutoffs: Lengths 5-8, ESS > 25; Lengths 9-10, ESS > 35; Lengths 114, ESS > 40.

Determining the Most Important Residues for VH-VL Interface Orien-
tation Prediction. Billions of comparisons are made between different VH and VL
chains to determine which pairings have orientations that are considered modellable
(i.e. have an interface residue identity greater than a threshold value to at least one
reference Fv). Each pairwise comparison in the original version of this algorithm (see
Section 4.3) considered all 120 residue positions found to be less solvent-exposed in
the context of a complex than they were when the co-ordinates of their partner chain
(VH if a light chain position, or VL if a heavy chain position) were deleted.

This interface comparison step was very time-intensive and so we sought to reduce
the number of compared residue positions to a smaller set of key interface positions.
We downloaded the 1,129 sequence non-redundant Fvs with resolution < 2.5 A from
the SAbDab database [9] (12" February 2019) and identified all residues found to lie
in the VH-VL interface. This was achieved by first calculating the relative solvent
accessible surface area (SASA,q, Shrake-Rupley Algorithm [246]) to determine the
absolute SASA of each residue and dividing this number by the theoretical maximum
SASA for that residue. The SASA,. of each position in the complex was then com-
pared to the value for the equivalent position in the separated VH and VL chains
(coordinates of the partner chain deleted), yielding the 120 positions that increase in
surface-exposure. These were trimmed to 52 positions that appeared in at least 80%
of complexes, and whose SASA, . was reduced by an average of at least 5% in at least
10% of those complexes. Their identities are listed in Fig. 3.3.

To reduce this number further, we performed a Random Forest regression analysis
[standard scikit-learn implementation, 500 estimators| over these 52 residues to the
6 ABangle parameters [20] that have been shown to characterise VH-VL orientation.
Firstly, we confirmed that the 1129 interfaces constituted a representative sample of
all ABangle parameter space — essential to learn genuine residue to ABangle param-
eter responses. Each interface was then flattened and one-hot-encoded (21 columns
for each position, for the 20 natural amino acids or a deletion/missing residue) to
yield a 1129x1092 matrix which was separately regressed against each ABangle pa-
rameter (6 x (1129x1) vectors). Out-of-bag validation was used to estimate R? values,
and showed predictive performance ranging from an estimated R? of 0.35-0.54. We
calculated feature importance, and derived a new one-hot-encoded interface for each

complex using only the 20 positions (Fig. 3.3) that were present in the top-5 most
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Figure 3.2: The distribution of orientation RMSDs observed between Fvs of identical
heavy and light chain sequence. The vast majority (92%) have orientation RMSDs
below 1.5A.

important features across the 6 parameters. Predicted performance dropped by a
mean estimated R? of only 0.05 across the six parameters (min: 0, max: -0.11).

The coverage and accuracy of the 52 and 20 residue interface definitions at predict-
ing orientation RMSD was also assessed. Orientation RMSD between two complexes
was measured by first aligning their VH domains and measuring the C, distances
between common VL positions, then by aligning their VL. domains and measuring
the C, distances between common VH positions, and finally dividing by two. A
‘correct/incorrect’ orientation threshold RMSD of 1.5 A was chosen by measuring
the variation in pairwise orientation RMSD observed for sequence-identical SAbDab
complexes, i.e. an estimate for the experimental limitation on what constitutes a
‘correct’ orientation RMSD. A threshold of 1.5 A captures 92% of sequence identical
Fvs (see Fig. 3.2). An orientation sequence identity threshold was then chosen for the
20-residue and 52-residue interface definitions that balanced acceptable coverage with
a high proportion of Fvs within 1.5 A above the threshold (see Fig. 3.4). We chose
82% for the 52-residue definition, and 85% for the 20-residue definition. Coverage
was comparable and accuracy only slightly reduced (80.2% to 77.8%) on narrowing

the interface definition to 20 residues.
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Interface Residues

Heavy Chain | Light Chain
44 36
47 37
48 38
49 40
50 42
52 44
55 47
57 48
66 49
68 50
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103 66
107 68
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109 101
113 103
114 105
115 107
116 108
117 109
118 114
119 115
120 116
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Figure 3.3: The 52 heavy and light chain IMGT-numbered [11] residues tending to
lie in the heavy-light chain interface. Residue numbers in bold were determined to
be amongst the five most important in the Random Forest regression model when
predicting the six different ABangle parameters. A pymol molecular visualisation of
a typical Fv region is provided, with the backbone chain displayed as a ribbon; the
heavy chain is coloured dark red and the light chain is coloured pink. Heavy chain
North-defined [15] CDR regions are highlighted in ‘salmon red’, while light chain
North-defined CDR regions are highlighted in ‘violet’. The C, atoms of the 20 most
important residues are highlighted by spheres and are labelled, to show their relative
disposition within the VH:VL interface.
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Figure 3.4: Graphs showing the orientation RMSD observed at each interface se-
quence identity value for (A) all 52 interface residues and (B) the 20 most important
interface residues. The thresholds for (A) are set at 1.5A and 82% sequence identity,
while for (B) are set at 1.5A and 85% sequence identity. The proportions above the
sequence identity threshold and within 1.5A orientation RMSD are 80.2% (982/1224)
and 77.8% (954/1227) respectively.
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Pipeline Summary

CDR Modellability Analysis. Each BCR repertoire sequence was first numbered
using ANARCI [18] according to the IMGT numbering scheme [11], and the closest
framework region (variable domain with North-defined CDRs [15] excised) in the
SAbDab [9] database (12" February 2019) was identified. In the IMGT numbering
scheme, the North CDRs lie between the following residue numbers: CDRH1: 24-40;
CDRH2: 55-66; CDRH3: 105-117; CDRL1: 24-40; CDRL2: 55-69; CDRL3: 105-117.
FREAD [26, 27] was then used to attempt to map each BCR repertoire sequence
to a length-matched North CDR template. The FREAD CDR databases contained all
structures released up to 12" February 2019 that passed the resolution and B-factor
quality controls [27], with the following numbers of templates per region - CDRHI:
2,526; CDRH2: 2,575; CDRH3: 2,502; CDRL1: 2,355; CDRL2: 2,373; CDRL3:
2,376. Templates were not restricted only to those with ‘human’ PDB organism as-
signments for multiple reasons. Antibodies in the PDB are highly engineered, both
through point residue mutations and entire loop transplantation, meaning single or-
ganism origin labels are only accurate for a small number of entries. In addition,
internal benchmarking of FREAD [26, 27] and ABodyBuilder [44] showed that includ-
ing “non-human” templates in our FREAD loop databases (particularly the CDRH3
database) leads to greater structural coverage and a net improvement in CDR struc-
ture prediction accuracy. All loop templates contain the North-defined CDR loop and
5 ‘anchor residues’ before and after the loop. Selection of CDRH3 templates was per-
formed according to a bespoke set of Environment-Specific Substitution Score (ESS)
thresholds established using Ig-seq data: Lengths 5-8, ESS > 25; Lengths 9-10, ESS >
35; Lengths 114, ESS > 40 (see above). Each template surpassing the threshold was
subsequently grafted onto the corresponding framework anchor residues. The loop
template with the lowest calculated C, anchor RMSD was selected. Any sequences
for which at least one loop could not be modelled were removed from the dataset.
Sequence Clustering. The modellable chains were then sequence clustered using
CD-HIT [247] at a 90% sequence identity threshold and requiring all cluster members
to be of the same length. CD-HIT is a greedy clustering algorithm that reduces
the complexity of sequence clustering from the theoretical order of N? wvia ‘short-
word filtering’, an algorithm which precludes unnecessary comparisons between chain
sequences of very low sequence identity through substring analysis. Overall, this
clustering step trims the number of VH-VL pairing comparisons to a computationally-

tractable number.
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Predicting Modellable VH-VL Orientations. The 20 most important VH-
VL interface residues for orientation prediction were derived (see above); a sequence
identity of 85% over these 20 residues resulted in an orientation RMSD of < 1.5A ~
80% of the time.

All remaining VH and VL domains after sequence clustering were paired together,
and their 20 key interface residues were recorded. If the sequence identity over these
residues was > 85% to at least one of 1,129 reference Fvs, the interface was classed
as modellable — otherwise the VH-VL pairing was discarded. If multiple reference
Fvs shared > 85% identity, the predicted modellable VH-VL pairing inherited the
orientation parameters of the Fv reference with highest sequence identity.

Identifying Distinct Structures. At this stage, each predicted modellable VH-
VL pairing (Fv) has eight associated parameters: its orientation template, its six CDR
templates, and a length vector recording the combination of North CDR lengths [15]
present in its binding site. Fvs were then structurally clustered to identify ‘distinct
structures’ according to the following process. First, identically-predicted binding
sites (for which the eight predicted parameters were the same) were identified. The
retained pairing was randomly chosen, except in the overlap studies — if one of
the pairings was present as a distinct structure of the first dataset, this pairing was
selected and recorded as a shared structure across both repertoires.

Next, singleton length clusters (where a unique combination of 6 CDR lengths
was observed in a modellable Fv) were identified and assigned as separate distinct
structures, avoiding RMSD comparisons between loops of differing length. The re-
maining interfaces were split by their CDR length combinations, and were greedily

clustered with all other pairings sharing the same length vector as follows:

1. Select the first pairing as a distinct structure (cluster centre).

2. Select the next pairing. If the orientation RMSD to all existing cluster centre
orientation templates exceeds 1.5 A, classify the new pairing as a distinct structure.
Otherwise:

3. Calculate the RMSD between the CDR templates of the new pairing with those

of all existing cluster centres using the formula:

(H1—H3,L1-L3) 19
X DX12LX

(H1-H3,L1-L3) I
X X

where the sum over X refers to each of the six CDRs, Ly is the length of North
CDRX, and Dy,, is the C, RMSD between the CDRX in Fv 1 and Fv 2. If this
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value exceeds 1 A to all existing structural cluster centres, the pairing is assigned as
a distinct structure. Otherwise the pairing is stripped from the dataset.

4. Return to step 2 until all pairings have been analysed.

Overlap Comparison

To identify shared structures between two BCR repertoire snapshots, the distinct
structures from the first snapshot were listed followed by all predicted modellable Fvs
of the second repertoire snapshot, as an input file to the clustering algorithm. The
greedy clustering ensured that all distinct structures from the first dataset remained
as cluster centres, and allowed for the identification of pairings in the second dataset

that were also predicted to occupy the same structural neighbourhood.

‘Random Repertoires’

To contextualise the structural diversity displayed in human antibody repertoires,
we derived ‘Random Repertoires’ (RRs) according to the following method. First,
a set of Modellable Repertoire Structures (MRS) was generated. When generating
a structure, one of any of 663 orientation templates, 2,051 CDRH3 templates, and
2,125 CDRL3 templates previously assigned by FREAD to a human Fv/CDR se-
quence were available for selection. To mirror the genetics of the immune system (as
they would be encoded on the same V gene transcript), CDR1 and CDR2 templates
were restricted to being selected from the same SAbDab structure, limiting our choice
to one of 789 CDRH1/2 templates and 912 CDRL1/2 templates, again all of which
FREAD had previously assigned to human sequences. Each of these five sets was
randomly sampled over 180 million times to create the MRS dataset. This was then
filtered to create 41 Length-Accessible Repertoire Structure (LARS) datasets, con-
taining only the combinations of CDR lengths observed in each baseline repertoire
snapshot. Finally, RRs were created by sampling each LARS set the same number of
times as the number of predicted modellable Fvs in the corresponding baseline reper-
toire snapshot. For example, ‘RR_S64" was created by sampling the subset of the MRS
with a CDR length combination seen in the natural S64 repertoire 6,420,211 times
(the same as the number of modellable Fvs predicted during Repertoire Structural
Profiling).

To obtain statistically expected values for structural overlap across individuals,
the distinct structures from ‘RR_S64’ were randomly subsampled the same number

of times as the number of distinct structures seen in ‘S64’ itself, yielding random
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distinct structure samples occupying the same proportion of LARS-space. The process
was repeated for each RR dataset, normalising to each respective baseline repertoire
snapshot. Overlap comparison was then performed as described above, starting from
the ‘RR_S64" distinct structures, followed by all the pairings that fell into the selected
‘RR_SH7’” distinct structures, etc.

Germline Proximity

The closest heavy and light V gene germline to each assessed antibody was evaluated
using ANARCI [18] aligning to IMGT-supplied [11] germlines. Sequence identity to

germline was then calculated at the amino acid level.

Clonotyping

Clonotyping was performed to group antibodies with the same closest V and J gene,
and either identical CDRH3 sequences, as in Briney et. al [4], or with CDRH3s
within 80% sequence identity, as in Soto et al. [80].

Antibody Model Library Construction

Antibody model libraries (AMLs) were constructed with a parallel implementation
of ABodyBuilder [44], using the FREAD [26, 27] Environment Specific Substitution
Scores derived from Ig-seq benchmarking (see above). Some predicted modellable
Fvs are not entirely homology modellable, as loop modellability is considered on a
per-chain basis and does not take into account inter-chain loop clashes that become
evident only upon full Fv homology modeling. Fvs that required any degree of ab

initio modelling to fix such issues were trimmed out of the dataset.

Structural Comparison to Antibody Therapeutics

The set of 89 therapeutics with 100% sequence identical structures (as of November
2019) were retrieved from Thera-SAbDab [99]. A single structure was chosen for
each therapeutic for the RMSD analysis; if multiple structures were available, we
selected unbound structures with the best resolution. RMSD comparisons were only
made between therapeutics and AML structures with matching combinations of CDR
lengths. Fv RMSD was calculated over all C, atoms after alignment of backbone

atoms, using an in-house script.
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3.4 Results

The ‘Pipeline Summary’ in Section 3.3 outlines our ‘Repertoire Structural Profiling’
algorithm in detail. As a brief overview (Fig. 3.5), Repertoire Structural Profiling
takes as input an antibody/BCR repertoire snapshot containing heavy (VH) and
light (VL) chain reads. It eliminates VH and VL chains for which not every CDR
is modellable. All modellable VH and VL chains are then sequence clustered to
reduce computational complexity. Surviving cluster centres are then paired together
and the resulting Fvs that are likely to be successfully modelled are retained. Finally,
predicted modellable Fvs with the same combinations of CDR lengths are structurally
clustered based on the orientation and CDR loop templates forecast to be used during
homology modelling. Antibody Model Libraries (AMLs) can then be built from these
representative Fv sequences.

This study comprises two main investigations. Firstly, we analyse a Ig-seq study
by Gidoni et al. [83] to investigate the degree of structural overlap in the circulat-
ing baseline naive antibody repertoires of many unrelated individuals (Section 3.4.1).
From this we derive an ‘Antibody Model Library’ based on the predicted structures
common to ten individuals, and analyse its properties. Secondly, we analyse a longi-
tudinal Ig-seq flu vaccination study by Gupta et al. [84] to measure three individuals’

structural responses to exposure to a common antigen (Section 3.4.2).

3.4.1 Structurally Profiling the Baseline Immune Repertoire

3.4.1.1 Evaluating the Numbers of Distinct Structures in Real Reper-
toires

We first investigated the structural diversity present in the 41 selected Gidoni baseline
repertoire datasets. Separately, each dataset was fed through our Repertoire Struc-
tural Profiling pipeline to identify the set of sequence diverse modellable VH and VL
domains, then the number of predicted modellable Fvs, and finally the number of
distinct structures in each dataset (Table 3.1, full table is available in the Appendix,
Table A3.1).

The most structurally diverse dataset was ‘S64’ (209,394 distinct structures from
~6.4M Fvs), and the least was ‘S4’ (78,588 distinct structures, from ~750K Fvs).
Datasets with a larger number of modellable sequence diverse VHs tended to result
in a larger number of distinct structures. Datasets with a moderate/low number
of modellable sequence diverse VHs but very large numbers of modellable sequence

diverse VLs were amongst the least structurally diverse (e.g. ‘S95’). This is consistent
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Figure 3.5: A schematic illustrating our Repertoire Structural Profiling algorithm.
Heavy (VH) and light (VL) chain sequences from a repertoire snapshot are first
analysed separately for their FREAD [26, 27] modellability (unmodellable chains are
crossed out). Modellable VH and VL chains are clustered by sequence identity using
CD-HIT [247] (90% threshold) for computational tractability. All VH and VL cluster
centre chains are subsequently paired, and VH-VL orientations that cannot reliably
modelled are removed (again shown by crosses). Finally, predicted modellable Fvs
with identical combinations of CDR lengths are structurally clustered to identify
‘distinct structures’.



Dataset | All VH | All VL | Modellable | Modellable | Predicted Distinct
VH VL Modellable | Structures
[90% SIC] | [90% SIC] | Fvs
1(S64) | 177,603 | 123,934 | 10,087 6,779 6,420,211 209,394
2 (S57) | 169,805 | 118,020 | 9,860 7,922 7,225,630 201,039
3 (SH) 159,544 | 139,845 | 8,999 8,526 6,827,419 200,708
4 (Sh6) | 162,446 | 136,874 | 9,309 7,168 6,628,683 195,061
5(S83) | 152,299 | 112,733 | 9,048 8,076 6,170,373 193,384
6 (S67) | 173,722 | 120,237 | 9,349 6,424 5,544,952 193,061
7 (S84) | 164,017 | 138,874 | 8,702 8,232 5,634,598 191,617
8 (S76) | 148,180 | 126,713 | 8,778 7,047 5,856,150 191,162
9 (Sh4) | 121,993 | 133,921 | 7,581 9,066 5,074,822 181,290
10 (S89) | 152,710 | 144,340 | 8,923 9,293 5,414,820 177,829
39 (S95) | 118,576 | 162,377 | 5,412 11,748 5,901,443 91,855
40 (S17) | 102,405 | 111,669 | 5,310 7,945 2,690,081 91,229
41 (S4) | 100,689 | 128,986 | 4,688 1,761 745,977 78,588

Table 3.1: Structurally profiling the baseline repertoire snapshots [83]. A full table
containing the values for all 41 baseline datasets is available in the Appendix (Table
A3.1). In order, the columns show: the dataset label, the number of VH and VL
reads within each snapshot, the number of FREAD-modellable VH and VL reads
(once clustered at 90% sequence identity), the number of predicted modellable Fvs
resulting from these VH-VL pairings, and the number of distinct structures (cluster
centres) identified in each dataset. SIC = Sequence Identity Clustered.

with our understanding of both length and structural variability in VH (particularly
in CDRH3) relative to VL [15, 248, 249].

3.4.1.2 Expected Numbers of Distinct Structures via. ‘Random Reper-
toires’

To contextualise the numbers of distinct structures observed for each baseline reper-
toire, we generated ‘Random Repertoires’ to obtain expected numbers of distinct
structures assuming each genuine repertoire sampled randomly from modellable, ac-
cessible structure space. To achieve this, we derived:

(a) The Modellable Repertoire Structures: a sample of over 180 million structures
built from a random combination of any orientation template, a CDR3 template, and
a pair of CDR1/CDR2 templates from the same SAbDab entry (mimicking V gene-
encoded predetermination). All CDR templates used had been previously assigned
by FREAD to a human CDR, and all Fv templates used had been previous assigned

by interface residue comparison to a human VH-VL pairing.
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(b) The Length-Accessible Repertoire Structures for each baseline snapshot: the
subset of the Modellable Repertoire Structures with a CDR length combination ob-
served in that individual.

(¢) A ‘Random Repertoire’ for each baseline snapshot: the appropriate Length-
Accessible Repertoire Structures dataset was sampled the same number of times as
that individual’s number of predicted modellable Fvs. Clustering these RRs then pro-
vided a reference number for the expected number of distinct structures per repertoire,
given the depth of sampling in each dataset and assuming random sampling.

To derive a set of Modellable Repertoire Structures, we took the same num-
ber of samples as the number of Fvs derived from all baseline repertoire snapshots
(183,544,740, Table A3.1). Upon structural clustering, these samples yielded ~24.4M
distinct structures over ~39.9K distinct combinations of CDR lengths, roughly 100x
as many distinct structures as seen in any baseline repertoire sample. However, as
each repertoire snapshot typically only contained between 2,000-3,500 different CDR
length combinations, many of these 24.4M distinct structures could never be observed
in the real data. Therefore, 41 ‘Length-Accessible Repertoire Structures’ datasets
were created, limiting the Modellable Repertoire Structures to the CDR, length com-
binations seen in each snapshot. For example, considering only the 3,468 CDR length
combinations observed in our most structurally diverse individual (‘S64’) reduced
the Modellable Repertoire Structures to a Length-Accessible Repertoire Structures
dataset of ~154.5M structures. This clustered into ~18.0M distinct structures (a
26.2% reduction from the Modellable Repertoire Structures, while the number of
CDR length combinations dropped ~91.3%), implying we have good structural sam-
pling over the CDR length combinations typically seen in humans. Every Length-
Accessible Repertoire Structures dataset contained a number of randomly-selected
structures roughly 20-30 times larger than the number of predicted modellable Fvs
observed in the corresponding baseline repertoire.

Finally, 41 separate ‘Random Repertoires’ were created to determine the expected
number of distinct structures assuming random structural sampling and given the
observed structural sampling depth. To do this, each individual’s Length-Accessible
Repertoire Structures were sampled randomly, without replacement, the same number
of times as the number of predicted modellable Fvs (Table 3.2).

Again taking ‘S64’ as an example, the 6,420,211 samples comprising ‘Random
Repertoire S64’ yielded 2,092,117 distinct structures, equating to an average of 3.07
Fvs per distinct structure, compared to 30.66 (9.99x more) Fvs per distinct structure

in the genuine repertoire. This provides strong evidence that the modellable portions
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Figure 3.6: Comparing genuine repertoire snapshot to synthetic ‘Random Repertoires’
(RRs). Each dot represents a distinct structure mapped onto a two-dimensional rep-
resentation of ‘Length-Accessible Repertoire Structure’ space. The genuine repertoire
snapshots of all three individuals (red = repertoire 1, blue = repertoire 2, green =
repertoire 3) exhibit focused structural sampling, covering ~10% of the space as the
corresponding RRs. Overlap analysis shows a high proportion of genuine repertoire
distinct structures can characterise an Fv in all three individuals (‘public structures’,
represented by black circles). When the same overlap analysis is performed on the
equivalent ‘Random Repertoires’, far fewer public structures are observed.

of antibody repertoires occupy a highly focused region of modellable structure space
- roughly 10% of the expected number given the sample size (Fig. 3.6), and 1% of a

theoretical maximum estimate, across the same CDR length combinations.

3.4.1.3 Deriving ‘Public Baseline’ Structures in Unrelated Individuals

We next investigated whether structural commonality exists between baseline reper-
toire snapshots. This phenomenon would be statistically extremely unlikely by chance,
given the focussed structural sampling observed in each repertoire. To do this, we
performed structural clustering on pairs of repertoire snapshots, looking for evidence
of structural overlap (i.e. distinct structures assigned to a predicted modellable Fv
seen in both datasets, see Section 3.3 and Fig. 3.7).

Repertoire snapshots were ordered by their internal structural diversity (‘S64’
first, through to ‘S4’). The 209,394 distinct structures of S64 act as a reference set of
cluster centres. The 7,225,630 Fvs from snapshot S57 were then compared to these
S64 cluster centres. Structures present in both S57 and S64 were termed public across

two individuals, while S64 and S57 distinct structures unique to their own dataset
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Figure 3.7: Structural overlap analysis. Datasets are arranged in order of their in-
ternal structural diversity (most diverse first). Distinct baseline structures from in-
dividual 1 are clustered sequentially with all other repertoire snapshots. Distinct
structures present in every tested dataset are classed as ‘public structures’, whereas
those that are absent in at least one individual are termed ‘private structures’.

were termed private. Next, the 6,827,419 Fvs from S5 were compared to all public
and private distinct structures observed in S64 and S57. We again evaluated the
number of public structures, this time present in all three datasets. We repeated this
analysis for all remaining baseline repertoire snapshots (first ten results in Table 3.2,
all 41 results in the Appendix — Table A3.2).

To date, all in silico analysis of antibody repertoires has suggested that this num-
ber should drop rapidly towards 0. For example, a recent clonotype analysis of the
baseline circulating repertoire estimated that only around 0.022% of clonotypes were
public across ten unrelated individuals [83]. However, using our methodology, we
found that the number of public distinct structures decreased at a far slower rate,
still totalling 27,389 structures after ten unrelated individuals (Table 3.2). This rep-
resents 3.06% of all distinct structures observed up to that point, over 100 times
the number of public clonotypes found by Briney et al. in their much deeper reper-
toire samples. Clonotyping our baseline snapshots, even at the lower 80% CDRH3
sequence identity threshold used by Soto et al., revealed < 0.01% public clones after
five individuals (Table A3.3).

To provide a statistical estimate for how many distinct structures would be ex-
pected to be shared across these ten baseline repertoires, the Random Repertoire

distinct structures were subsampled to match the corresponding number of baseline
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# Reps. Predicted Cumulative | Public Distinct Expected

(Dataset Modellable Public and | Structures Public Distinct

Added) Fvs Added Private (Ovr. % Public) | Structures
Distinct (Ovr. % Public)
Structures

1 (S64) 6,420,211 209,394 209,394 209,394

2 (4+557) 7,225,630 340,915 100,824 (29.57%) | 12,307 (3.10%)

3 (+S5) 6,827,419 445,045 71,743 (16.12%) 1,600 (0.28%)

4 (+S56) 6,628,683 527,668 58,043 (11.00%) | 322 (0.06%)

5 (+583) 6,170,373 604,124 48,703 (8.06%) 86 (< 0.01%)

6 (+S67) 5,044,952 670,833 42,277 (6.30%) 31 (< 0.01%)

7 (+S84) 5,624,598 734,374 37,151 (5.06%) 17 (< 0.01%)

8 (4+S76) 5,856,150 793,831 33,572 (4.23%) 9 (< 0.01%)

9 (+S54) 5,074,822 846,670 30,474 (3.60%) 6 (< 0.01%)

10 (+S89) | 5,414,820 896,328 27,389 (3.06%) 4 (< 0.01%)

Table 3.2: Public structure analysis across the ten most structurally diverse baseline
repertoire snapshots. A table tracking the public structures across all datasets is
available in the Appendix (Table A3.2). A statistical estimate for the number of
public structures was derived by randomly sub-sampling each Random Repertoire to
the yield the same number of distinct structures as its equivalent baseline repertoire
snapshot. The ‘Public Baseline” Antibody Model Library was derived from the 27,389
shared structures up to volunteer S89. Reps. = Repertoires; Ovr. = Overall.

repertoire distinct structures (see Section 3.3). In contrast to the genuine repertoires,
the Random Repertoires overlapped sparsely, reaching < 0.01% public structures by
just the fifth volunteer (Table 3.2).

We also tracked the cumulative number of public and private structures over all
41 baseline repertoire snapshots (Table A3.4). Even after the first few most diverse
datasets, the deviation from an expected number of distinct structures (given the
same ratio of distinct structures:modellable Fvs observed in S64) is quite substantial.
This suggests that we might not expect much deviation from our observed fraction
of public baseline distinct structures upon deeper repertoire sampling.

Finally, we tested whether the observed proportion of ‘Public Baseline’ structures
would have been significantly different if the experiment had been run using an ear-
lier FREAD database. We repeated Repertoire Structural Profiling for the two most
structurally diverse datasets S64 and S57 removing any modellable F'v pairing whose
best predicted template for any region was released by the PDB in 2018 or later. As
expected, the number of predicted modellable Fv distinct structures in each sample
fell from 209,394 and 201,039 to 186,677 and 179,763 respectively (a fall of around

10%). We then performed structural overlap analysis on these sets of distinct struc-
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tures, finding a total of 305,948 distinct structures across both datasets, of which
87,920 were public to both S64 and S57. This degree of structural sharing (28.7%)
is comparable to the degree observed with access to the entire FREAD database
(29.6%).

The existence of such a large number of ‘Public Baseline’ structures would be
statistically extremely unlikely without the presence of underlying functional com-
monality. Clonotyping is fundamentally unable to capture the same depth of signal,
even on much deeper sequencing samples, as functional selection is occurring at the
level of structural and paratopic similarity, which may not correspond with conserva-
tion of gene transcript origin or high CDRH3 sequence identity. Repertoire Structural
Profiling is therefore the first computational method to provide supporting evidence
that the naive repertoires of different individuals are structurally biased to target cer-
tain epitopes, as suggested by high levels of clonal convergence amongst individuals’

affinity-matured antibodies.

3.4.1.4 Characterising the ‘Public Baseline’ Structures

CDR3 Length Usages. We compared the North-defined [15] CDRH3, CDRL3 and
CDRH3+CDRL3 distributions of the S64 Fv sequences assigned to a ‘Public Base-
line” structure against those assigned to a ‘Private Baseline’ structure (Fig. A3.1).
The CDRL3 and CDRH3+CDRL3 length usages demonstrate that ‘Public Baseline’
structures are not an artefact of using shorter CDR3 loops with more limited con-
formations. In fact, we find that modellability bias is likely to be overstating the
proportion of ‘Public Baseline’ distinct structures with longer CDRH3 loop lengths
(Fig. A3.1). The structural space available to long CDRH3 (20+) loops is enor-
mous, and we have relatively poor template structural coverage. As a result, if an
Fv containing a long CDRH3 loop is considered modellable, it is more likely to be
assigned to a structural template further away from its true structure, thus artificially
inflating the numbers of long CDRH3s that look structurally similar. These longer
CDR length ‘Public Baseline’ structures should therefore be treated with caution and,
as more templates of longer CDRH3 loops emerge improving CDRH3 modellability,
we would expect their numbers to decrease to the public:private ratios seen at more
moderate CDRH3 lengths.

Germline Proximity and Usages. We also investigated whether S64 Fv se-
quences assigned to ‘Public Baseline’ distinct structures were more proximal to germline
than those assigned to ‘Private Baseline’ structures (see Section 3.3; Fig. A3.2).

The germline proximity of both ‘Public’ and ‘Private’ Fvs to their closest IGHV
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and IG[K/L]V genes is very similar, indicating that ‘Public Baseline’ structures are
not solely an artefact of human V gene biases. Finally, we considered the con-
stituent paired V genes across the ‘Public Baseline’ structures. As our pairing al-
gorithm only predicts modellable Fv pairings based on PDB structures, we compared
our IGHV/IG[K/L|V pairing frequencies with those observed in DeKosky et al.’s
study of over 2000 natively-paired antibodies (Fig. A3.3) [235]. Our ‘Public Base-
line’ gene pairing frequencies were very similar to DeKosky et al.’s native sample,
with the IGHV1/IGKV1-4, IGHV1/IGLV1-3, IGHV3/IGKV1, IGHV3/IGKV3, and
IGHV3/IGLV1-4 pairings the most abundant.

CDR Template Usages. We investigated the number of different structural
templates that were assigned to each CDR in a ‘Public Baseline’ distinct structure
(Table A3.5). As expected, the lowest median number of different templates per dis-
tinct structure was recorded for the CDRH3 loop (2 templates/structure), consistent
with the large structural variation within the region driving the definition of distinct
binding site structures. Collectively, the light chain CDRs recorded considerably more
FREAD templates per structure (median of 20 templates/structure) than the heavy
chain CDRs (median of 9 templates/structure).

3.4.1.5 Building and Characterising a ‘Public Baseline’ Antibody Model
Library

We used ABodyBuilder [44] to construct an Antibody Model Library (AML) based on
the 27,389 ‘S64’ pairings predicted to adopt a ‘Public Baseline’ structure (as defined
by the ten most structurally diverse repertoire snapshots). Some Fvs failed to be
entirely homology modelled. For example, occasionally the CDRH3 template clashes
irreparably with the CDRL3 template during construction of the full Fv model, ne-
cessitating ab initio treatment. Overall, 23,700 (86.53%) of 27,389 pairings were
entirely homology modelled and comprise our ‘Public Baseline AML’ (downloadable
from http://opig.stats.oz.ac.uk/resources).

Proximity to Therapeutics. Predicted structures shared between many in-
dividuals might represent good starting points for therapeutic development. Their
widespread nature could point to their binding versatility, and also to broad immune
system tolerance across many individuals, lowering the risk of drug immunogenicity.
To test whether our ‘Public Baseline AML’ already contains binding site topologies
proximal to known therapeutics, we mined Thera-SAbDab [99] for all 100% sequence
identical structures of WHO-recognised therapeutics, selecting one per therapeutic
(see Section 3.3). Of the 66 therapeutics with known structures that had at least
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PB Structure Therapeutic RMSD (A) | CDR Lengths Antigen
H101/L64549 Ofatumumab | 0.148 13-10-15-11-8-9 | CD20
H11835/1.101012 | Durvalumab 0.162 13-10-14-12-8-9 | CD274
H19709/1.100051 | Tanezumab 0.181 13-9-15-11-8-9 NGFB
H35853/1.102278 | Tremelimumab | 0.255 13-10-18-11-8-9 | CD152
H11488/1.100048 | Olokizumab 0.278 13-12-11-11-8-9 | IL6
H10992/1.14321 | Tezepelumab | 0.481 13-10-15-11-8-11 | TSLP
H13677/L17885 | Avelumab 0.525 13-10-13-14-8-10 | CD274
H14012/1.14649 | Ustekinumab 0.638 13-10-12-11-8-9 | IL12B
H38817/1.68369 | Aducanumab | 0.681 13-10-17-11-8-9 | APP
H26854/1.108275 | Imalumab 0.730 13-10-11-11-8-9 | MIF
H30607/L11664 | Quilizumab 0.730 13-10-10-16-8-9 | IGHE

Table 3.3: The eleven clinical-stage therapeutic antibodies with a solved crystal
structure within 0.75A variable domain (Fv) root-mean-squared deviation (RMSD) of
an antibody model structure from the Public Baseline Antibody Model Library (PB
AML). The root-mean-squared deviation (RMSD) is calculated over all Fv residues
and comparison were only made between AML structures and therapeutics with an
identical combination of CDR lengths. This combination of North-defined [15] CDR
lengths is provided in the table, listed in the order H1-H2-H3-L1-L2-L3. PB: Public
Baseline.

Reference PDBs: Ofatumumab - 3giz (HL), Durvalumab - 5xj4 (HL), Tanezumab - 4edw
(HL), Tremelimumab - 5ggu (HL), Olokizumab - 5tru (HL), Tezepelumab - 5j13 (CB), Avelumab
- 4nki (HL), Ustekinumab - 3hmw (HL), Aducanumab - 6cnr, Imalumab - 6foe (HL), Quilizumab
- 3hr5 (HL). Antigens: CD - Cluster of Differentiation protein, NGFB - Nerve Growth Factor B,
IL - interleukin, TSLP - Thymic Stromal Lymphopoietin, APP - Amyloid Precursor Protein, MIF
- Macrophage Migration Inhibitory Factor, IGHE - Immunoglobulin Heavy Constant Epsilon.
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one antibody in our ‘Public Baseline AML’ with identical CDR lengths, all had a
structural partner in the AML within a C, Fv RMSD of 1.84A, and 37 (56.1%) had a
structural partner within 1.00A Fv RMSD. Eleven therapeutic structures lay within
0.75A Fv RMSD of a ‘Public Baseline AML’ structure (Table 3.3); these therapeutics
spanned a wide range of targets and were primarily successful or promising drugs (4
approved, 5 active in Phase III, 1 active in Phase II, and 2 discontinued).

This result demonstrates that the antibody models within our ‘Public Baseline
AML’, without any explicit design, can display high levels of geometric similarity
to known therapeutics. To show that similar binding site residue profiles can also
be found by Repertoire Structural Profiling, we examined ‘Public Baseline’” distinct
structure ‘H140124+114649’ as a case study (Fig. 3.8).

This structure lies within 0.64A of the therapeutic Ustekinumab (Table 3.3). Ex-
amining the backbone-aligned structures shows this difference lies in slightly different
CDR loop structures assigned to the CDRH2, CDRH3, and CDRL3 loops (Fig. 3.8A).
We then examined all 4,911 Fv sequences assigned to this distinct structure across
the ten individuals (S64 through S89), looking for the closest CDR sequence identity
matches to Ustekinumab. The most similar of the 155 sequence-unique VH sequences
assigned to this distinct structure is shown in Fig. 3.8B. While both the Ustekinumab
and ‘Public Baseline’” VH sequences most closely aligned to the same V and J genes
(IGHV5-51/1GHJ4), the CDRH3 sequences are only 66% sequence identical, and
so would not have been assigned to the same VH clonotype (the typical minimum
threshold is 80% identity, as used in Soto et al. [80]). This VH was observed coupled
both with the VL sequence shown in Fig. 3.8B and with the VL sequence shown
in Fig. 3.8C. The VL in Fig. 3.8B is more identical across the three CDRs (22/26,
85%), while the one in Fig. 3.8C is closer in CDRL3 identity but considerably less
so in CDRL2 identity. Both these VLs derive from different IGKV germlines to the
Ustekinumab VL (Ustekinumab: IGKV1D-16, Fig. 3.8B VL: IGHV1-9, Fig. 3.8C
VL: IGKV3-15). Overall, the Fv described in Fig. 3.8B is 75% sequence identical to
Ustekinumab across all 6 CDRs.

The degree of sequence and structural similarity between clinical-stage therapeutic
antibodies and representatives of the ‘Public Baseline’ structural repertoire suggests
that Repertoire Structural Profiling could prove an effective tool for designing general
screening libraries containing promising drug leads.

VH Sequence Profiling the ‘H14012+41.14649° Distinct Structure. We
performed clonotyping (80% sequence identity threshold [80]) on the 155 sequence

non-redundant VH chains to determine the diversity of heavy chain clonotypes mapped
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] Ustekinumab
B H14012+L14649

B

Ustekinumab, Gidoni

CDRH1 CDRH2
VH: EVQLVQSGAEVKKPGESLKISCKGSGYSFTTYWLGWVROMPGKGLDWIGIMSPVDSDIRYSPSFQGQV
VH: -VQLVQSGAEVKTRGESLKLSCKGSGYSFTSYWTGGVROMPGKGLEWTGIIYPGDSDTSNSPSEFQGQV

CDRH3

TMSVDKSITTAYLOWNSLKASDTAMYYCARRRPGQGYFDFWGQGTLVTVSS
TISADKSSSTGYLQWSSLKASDTAMYYCARREVGMGYFDYWGQGTLVTVSS

CDRL1 CDRL2
VL: DIQOMTQSPSSLSASVGDRVTITCRASQGISSWLAWYQQKPEKAPKSLIYAASSLQSGVPSREFSGSGSG
VL: DIQLSQSPSFLSASVGDRVTITCRASQGISSSLAWYQQKQGKAPKVLIYAASTLQSGVPTREFRGSGSG

CDRL3

TDFTLTISSLOPEDFATYYCQQYNIYPYTFGOGTKLEIK
TEFTLTISSLOPEDFATYYCQQLNSCPPTFGQGTRLEIK

C CDRL1 CDRL2

VL: DIQMTQSPSSLSASVGDRVTITCRASQGISSWLAWYQQOKPEKAPKSLIYAASSLQSGVPSRFSGSGSG

VL: EIVMTQSPATLSVSPGARATLSCRASQSVNSNLAWYQQOKPGOAPRLIIFGSSTRSTGIPVRESGGGSG
CDRL3

TDFTLTISSLOPEDFATYYCQQYNIYPYTFGQGTKLEIK

TEFTLTISGLQSEDFEVYYCQQYNNWPYTFGQOGTKLEIK

Figure 3.8: (A) Alignment of the solved Ustekinumab crystal structure (3hmw) and
the closest Public Baseline AML structure (H14012+L14649). (B) Comparison of
the Ustekinumab Fv sequence and a Gidoni et al. naive Fv sequence assigned by
Repertoire Structural Profiling to the H14012+1.14649 Public Baseline structure. The
North-defined CDR regions of each chain are highlighted in bold. (C) An alternative
VL sequence coupled to the same Gidoni VH sequence. This sequence has a more
sequence similar CDRL3 but a less similar CDRL2.
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to the ‘H14012+L14649" Public Baseline structure. The VH sequences clustered
into 141 distinct clonotypes, whose germline gene combinations as assigned by AN-
ARCI [18] are shown in Table A3.6. As clonotyping conditions on antibodies having
the same V and J gene identities, it would never pool these VHs into a single cat-
egory. Twelve of the 141 clonotypes have multiple occupancy (Table A3.7). Three
clonotypes were found across multiple individuals:

V5-51+ARPYGSGSYSDY+J4: seen in S64, S54, and S76
V5-51+ARQGYGDYVTDY+J4: seen in S67 and S76
V5-51+ARMGARPGYFDY+J4: seen in S89 and S76

This shows how Repertoire Structural Profiling could be used in conjunction with
clonotyping to add geometric support to convergent clones being functionally equiv-
alent. Novel methods currently being developed that can predict paratope similarity
across all six CDRs [250, 251] may be able to find considerably more antibodies
within each distinct structure cluster with similar enough interaction profiles to be

functionally equivalent.

3.4.2 Structurally Profiling a Flu Vaccine Response

3.4.2.1 Evaluating the Numbers of Distinct Structures Before and After
Vaccination

Clonotyping is commonly used in antibody drug discovery to identify ‘expanded
clones’ - novel genetic lineages present after vaccination/infection but that were ab-
sent, or low concentration, beforehand [236]. Often these expanded lineages are seen
across many different individuals after vaccination, implying particular pathogenic
epitopes are ‘immunodominant’ — more susceptible to immune recognition [252-254].
Here, we applied Repertoire Structural Profiling to investigate whether we could iden-
tify an analogous public structural response to vaccination.

To this end, we used a longitudinal 2009 seasonal flu vaccination study by Gupta
et al. [84], in which three unrelated individuals (‘V1-3’) were sequenced at many
time-points before and after vaccination (see Section 3.3). Using the same Repertoire
Structural Profiling protocol as above, we calculated the number of distinct structures
observed in each individual before and after vaccination (shown in Table 3.4).

To obtain an estimate for the degree of structural commonality pre- and post-
vaccination, we again used a greedy clustering approach to evaluate the structural
overlap between the ‘Before Vaccination’ datasets, and between the ‘After Vaccina-

tion’ datasets, separately (Fig. 3.9A; 3.9B). The first dataset in each overlap assess-
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Rep. All VH | All VL Modellable | Modellable | Predicted Distinct
VH VL Modellable | Struc-
[90% SIC] | [90% SIC] | Fvs tures
V1 Bef. | 241,630 | 679,472 | 13,230 93,422 33,376,943 | 471,650
V2 Bef. | 235,022 | 754,179 | 12,135 105,026 47,884,336 | 579,961
V3 Bef. | 307,067 | 825,587 | 16,124 113,239 77,186,291 | 772,844
V1 Aft. | 392,661 | 1,052,510 | 21,624 155,412 104,736,939 | 852,328
V2 Aft. | 331,573 | 1,173,628 | 16,047 158,439 91,023,995 | 809,341
V3 Aft. | 368,961 | 1,087,670 | 18,029 299,908 105,824,532 | 843,341
Table 3.4: Structurally profiling the ‘Before Vaccination’ (Before) and ‘After Vac-

cination’ (After) repertoire snapshots of three unrelated individuals (V1, V2, and
V3) [84] . In order, the columns show: the dataset label, the number of VH and
VL reads within each snapshot, the number of FREAD-modellable VH and VL reads
(once clustered at 90% sequence identity), the number of predicted-modellable Fvs
resulting from these VH-VL pairings, and the number of distinct structures (cluster
centres) identified through greedy structural clustering. Rep: Repertoire; Bef: Before
Vaccination, Aft: After Vaccination; SIC: Sequence Identity Clustered.

ment was the most structurally diverse (i.e. the V3’ individual before vaccination,
and ‘V1’ after vaccination).

Again, a significant number of public distinct structures were observed in ‘V1’ V2’|
and ‘V3’ (‘Public Before Vaccination’ structures, 17.78% (236,792/1,444,597) of all
‘Before Vaccination’ distinct structures). This indicates that the identification of
‘Public Baseline’ structures in the previous section was unlikely due to serendipitous
For context, the proportion of all clonotypes that were
public before vaccination was just 0.03% (Soto et al. definition [80], Table A3.8).

The degree of structural sharing appears to increase after vaccination, with 19.23%
(350,710/1,823,648) public structures across the three volunteers. This is consistent

with a degree of repertoire structural convergence driven by exposure to the same

[g-seq amplification bias.

pathogenic epitopes and with an increase in the proportion of public clonotypes after
vaccination to 0.13% (Table A3.8).

3.4.2.2 Deriving Convergent Structures that Only Occur After Vaccina-
tion

To derive these convergent structures, the structural overlap between each individual’s

‘Before Vaccination’ and ‘After Vaccination’ datasets was measured, only retaining

‘After Vaccination’ pairings that could not be clustered into the same individual’s

‘Before Vaccination’ distinct structures. ‘V1’ remained the most structurally diverse
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Figure 3.9: Venn diagrams showing the structural overlap between each individual’s
(A) ‘Before Vaccination’ dataset, (B) ‘After Vaccination’ dataset, and (C) ‘Pure After
Vaccination’ dataset (distinct structures arising only after vaccination). Total distinct
structures: Before Vaccination: 1,444,597; After Vaccination: 1,823,628; Pure After
Vaccination: 1,419,904. V1-V3 = Volunteer 1-3.

dataset, with 628,072 ‘Pure After Vaccination’ distinct structures. The overlap be-
tween these ‘Pure After Vaccination’ pairings (Fig. 3.9C) was then compared. This
yielded a mixed picture of convergent and private vaccination response structures -
27.7% (393,187/1,419,904) of distinct structures were shared with at least one other
individual, and 6.18% (87,793/1,419,904) were shared across all three individuals -
which we term ‘Public Response’ structures.

There are two potential causes of overlap in the ‘Pure After’ vaccination set. One
is a genuine common structural response to vaccination, while the other is that the
initial baseline repertoire was under-sampled - i.e. the overlap reflects residual shared
baseline structures. As a second test for baseline deviation, beyond absence before
vaccination, we compared how many of the 27,389 ‘Public Baseline’ distinct struc-
tures were within 1A of a ‘Public Before Vaccination’ binding site, versus the number
within 1A of a ‘Public Response’ Structure binding site. We observed that 80.0%
(21,922/27,389) of ‘Public Baseline’ structures were within 1A of a ‘Public Before
Vaccination’ structure, compared to just 24.2% (6,621,/27,389) proximal to a ‘Public
Response’ structure. This provides further evidence that a proportion of these con-
vergent ‘Public Response’ structures reside in a distinct region of structural space and
could harbour epitope-specific binding geometries. We have built a ‘Public Response
AML’ based on these 87,793 shared structures, with 74,181 Fvs (84.4%) successfully
homology modelled (downloadable from http://opig.stats.ox.ac.uk/resources).

86



3.5 Discussion

In this work, we have structurally profiled antibody repertoires to capture new in-
sights into the baseline and antigen-responding immune system, and to create novel
libraries of antibody model structures that could be exploited for immunotherapeutic
discovery.

All of the structural analysis in this paper is limited to the antibody chains that are
currently predicted to be modellable, and so there remain regions of natural structural
space uninvestigated, and, once these become characterisable, the currently observed
proportion of public structures may become diluted. Despite this, we show that anti-
body repertoires tend only to explore highly focused regions of currently-modellable
structural space (~10% of the diversity expected if templates were explored ran-
domly across the same combinations of CDR lengths). Coupled with our experiment
blinding Repertoire Structural Profiling to the most recent year’s templates, this sug-
gests that a large portion of structural commonality will remain across the currently
unmodellable regions of structural space, although we might expect the number of
‘Public Baseline’ structures with long CDRH3 loops to fall as modellability could be
increasing this figure.

The enormous sequence diversity exhibited across baseline antibody repertoires
has long appeared to run contrary to the theory of baseline functional commonality.
Here we have shown that, at least from a structural perspective, there is considerable
opportunity for functional commonality across the circulating resting-state reper-
toires of unrelated individuals (~3% of observed distinct structures are public across
10 individuals). The theoretical chemical diversity that could be displayed on each
of these scaffolds is large, so many of these grouped binding sites will not be comple-
mentary to the same antigen epitope. However, there is good reason to believe that
a certain proportion are, as geometric similarity is a likely prerequisite of functional
commonality, and our structural clustering approach offers a route to detecting and
analysing these antibodies. This knowledge could then be harnessed in vaccinology -
for example, identifying an epitope targettable by a ‘Public Baseline” structure may
lead to a more reliable and convergent response. We note that some edge cases, such
as geometric similarity obtained using loops of different lengths, or antibodies that
can use different CDRs to fit the same epitope via an alternative binding mode, are
currently undetectable using our framework.

Once grouped into public structures, Fvs can then be probed using an array of

methods designed to measure binding residue similarity to identify the subset likely
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to have common functionality. For example, finding convergent clonotypes within the
public baseline structures may bolster confidence in their functionally convergent role.
Alternatively, methods that do not condition on predicted antibody genetic origin,
such as paratyping [250] or Ab-Ligity [251], could identify more genetically divergent
antibodies capable of binding the same epitope. The public geometries themselves
could also be harnessed in vaccinology, such as identifying an epitope targettable
by a ‘Public Baseline’ structure which may lead to a more reliable and convergent
response.

We also hypothesised that human ‘Public Baseline’ structures were more likely to
display low levels of human immunogenicity and be versatile binders. Building full
three-dimensional variable domain models of these distinct structures (an ‘Antibody
Model Library’) produced geometries that were very close to several approved and
late-stage active therapeutic antibodies targeting diverse antigens. To chemically
elaborate this ‘Public Baseline’ structural basis set, a phage display library on the
order of 10%-107 sequence-unique human antibodies could be created from the many
different Fv sequences predicted to adopt each public distinct structure.

Target-focused screening libraries against immunodominant epitopes are com-
monly derived through sequence analysis of longitudinal Ig-seq studies that track the
immune response of many individuals to the same antigen. We show that when our
methodology is applied to a longitudinal flu vaccination case study, we detect a higher
level of structural convergence, commensurate with response to similar epitopes on
the same antigen. We can also derive a large number of ‘Public Response’ structures,
with divergent structural characteristics from the baseline repertoire. These could
contain useful binding site structures exploitable for antigen-specific library design.
One issue with this is that, currently, most disease-specific Ig-seq experiments only
sample heavy chain diversity. However, light chain diversity is far lower than heavy
chain diversity and may be able to be summarised by a representative set of sequences
regardless of individual or disease state. This ought to be investigated, as such a set
of representative chains would provide allow for the creation of considerably more
disease-specific Antibody Model Libraries.

Whilst ever we must artificially pair Ig-seq datasets, we cannot conclusively prove
that multiple individuals raised the same Fv binding site geometry in response to
vaccination. This could soon be rectified with the advent of single-cell sequencing
studies investigating vaccine response dynamics [73]. Repertoire Structural Profiling
could readily be applied to such data by skipping the combinatorial pairing step,

which would be expected to improve both speed and accuracy.
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It is important to appreciate that there are biases inherent in structurally profiling
human antibody repertoire data to suggest antibody leads for drug discovery. One
such biased property is CDRH3 length: very short CDRH3 lengths will be under-
sampled through their sparsity in natural human sequences [214], while very long
CDRH3 lengths will be under-sampled because they are more difficult to homol-
ogy model accurately. The former issue may be rectified by considering the public
structures over fewer individuals, while the latter is simply insoluble until structures
of more antibodies with longer CDRH3s are solved. Another consideration is that,
while inherent immunogenicity should be diminished by virtue of exploiting naturally-
expressed sequences, other developability issues may still arise, as not every human
antibody has the biophysical properties ideal for large-scale manufacture and long-
term storage [214]. Designing screening libraries around characteristics of the naive
antibody repertoire may lead to a trade-off between immunogenicity and promiscu-
ity /polyspecificity.

Nevertheless, we believe that our approach should find immediate applicability in
both n silico and n vitro screening. We have made available the ‘Public Baseline’
and ‘Public Response’ Antibody Model Libraries for further investigation, and will
continue to build and share the Antibody Model Libraries derived from other unpaired
and paired VH+VL datasets in the Observed Antibody Space database [88].

3.6 Update and Chapter Conclusion

Three months after our preprint was released, a group from Harvard preprinted a novel
statistical method that identifies ‘functionally-public’ antibodies from the apparently
sequence-private repertoire [93]. We expect that, through novel and creative ways of
analysing Ig-seq data, computational evidence will continue to build demonstrating
functional commonalities between the baseline repertoires of different individuals.

In light of our findings, we are encouraged to benchmark the performance of Pub-
lic Baseline AMLs and Shared Response AMLs in a mock in silico drug discovery
setting. Progress has been made by another group member (Constantin Schneider)
towards an effective convolution neural network rigid docking rescoring function (we
must initially use rigid docking when evaluating the order of 10* antibodies), but
we still need to perform considerable amounts of benchmarking to determine a suffi-
ciently accurate and rapid docking regime (see Chapter 6). In time, our goal is to be

able to computationally propose a genetically-diverse set of antibodies that appear
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complementary to a defined antigen epitope, and for this set to be considerably more
enriched for binders than an equivalently-sized conventional screening library.

However, finding an antibody with good binding affinity to a target does not
guarantee a successful therapeutic. Immunogenicity, instability, self-association, high
viscosity, poor solubility, polyspecificity, or poor expression can all preclude an anti-
body from becoming a drug [214]. Early identification of these negative characteristics
is essential.

In the next chapter, we compare the physicochemical properties of therapeutic
antibodies and Antibody Model Libraries built from human Ig-seq data. In particu-
lar, we assay properties with intuitive or documented links to chemical, physical, or
colloidal instability. This investigation led to a set of five computational antibody
developability guidelines, akin to the Lipinski ‘Rule of Five’ in small molecule drug
discovery, that can be applied in early-stage research to warn of candidates likely to

possess poor developability [214].
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Chapter 4

The Therapeutic Antibody
Profiler: Developability (Guidelines
through Antibody Model Libraries

4.1 Chapter Abstract

We have previously described a database containing molecular information on thera-
peutic antibodies (Thera-SAbDab, Chapter 2) and a protocol for building Antibody
Model Libraries (AMLs) that capture the maximal structural diversity of BCR reper-
toire sequencing datasets (Repertoire Structural Profiling, Chapter 3). This chapter
brings these two concepts together to compare and contrast the typical physicochem-
ical properties of clinical-stage therapeutics (CSTs) and natural antibodies. Led by
these datasets, analysis of prior literature, and core chemical principles, we aimed
to settle on molecular properties that ought to be held within a certain range to
guard against problems such as molecular instability, self-association, high viscosity,
polyspecificity, or poor expression (‘Developability Issues’, see Section 1.7).

The outcome of this chapter is a set of five computational developability guidelines
that can be used in antibody drug discovery to prioritise candidates less likely to suffer
with developability issues. Akin to the Lipinski ‘Rule of Five’, our guidelines can be
rapidly and computationally calculated on any given antibody therapeutic sequence.
We packaged the software into a web application, called the ‘Therapeutic Antibody
Profiler’ (TAP), which is publicly available as part of the SAbPred suite of antibody
informatics tools.

The chapter concludes with a discussion on how the guidelines may change in the

future and how TAP has been used by the community since its release.
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This chapter contains reproduced material from the following paper:

Raybould, M.I.J., Marks, C.M., Krawczyk, K., Taddese, B., Nowak, J., Lewis,
A.P., Bujotzek, A., Shi, J., Deane, C.M. (2019) Five computational developabil-
ity guidelines for therapeutic antibody profiling. Proc. Natl. Acad. Sci. USA.
106(10):4025-4030. [214]

4.2 Introduction

Monoclonal antibodies (mAbs) are increasingly used as therapeutics targeting a wide
range of membrane-bound or soluble antigens - of the 73 antibody therapies approved
by the EU or FDA since 1986 (valid as of June 12, 2018), 10 were first approved
in 2017 [255]. There are many barriers to therapeutic mAb development, besides
achieving the desired affinity to the antigen. These include intrinsic immunogenicity,
chemical and conformational instability, self-association, high viscosity, polyspeci-
ficity, and poor expression. In wvitro screening for these negative characteristics is
now routine in industrial pipelines [179].

While some cases of poor developability are subtle in origin, others are less ambigu-
ous. High levels of hydrophobicity, particularly in the highly variable complementarity-
determining regions (CDRs), have repeatedly been implicated in aggregation, viscos-
ity and polyspecificity [179, 183, 186189, 256]. Asymmetry in the net charge of the
heavy and light chain variable domains is also correlated with self-association and vis-
cosity at high concentrations [182, 183]. High rates of clearance and poor expression
levels have been associated with patches of positive [257] and negative [196] charge,
while heterogeneity (e.g. through oxidation, isomerisation, or glycosylation) often
results from specific sequence motifs liable to post- or co-translational modification.

An improved understanding of the factors governing these biophysical properties
has enabled the development of in silico assays, which are much faster and cheaper
than their experimental equivalents. Computational tools already facilitate the iden-
tification of sequence liabilities, e.g. sites of lysine glycation [258], aspartate isomerisa-
tion [259], asparagine deamidation [259], and the presence of non-canonical cysteines
or N-linked glycosylation sites [260]. A primary focus in recent years has been in
designing software that can better predict aggregation proclivity. Many algorithms
designed for this purpose use only the antibody sequence [183, 186, 189], although
some suggest an analogous equation to use if a structure is available [183]. One purely
structure-based method is the structural aggregation propensity (SAP) metric [187],
later included in the ‘Developability Index’ [188]. This has been shown to detect
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aggregation-prone regions, such as surface patches [261], and to be able to rank can-
didates relative to a known antibody developability profile [196], using a very closely
related antibody crystal structure. However, due to the laborious nature of X-ray
crystallography, it is inefficient to solve the structures of the many lead antibodies
implicated in the early stages of a drug discovery campaign. Therefore, to be of prac-
tical use, structure-based in silico approaches must prove they are informative when
applied to antibody homology models, which can be generated in a high throughput
manner only requiring knowledge of each antibody’s amino acid sequence. Though
proven on solved structures, an atomic-resolution analysis, such as that provided by
SAP, may prove too sensitive when comparing homology models of diverse antibodies,
judging by the current accuracy of structure prediction [134].

An alternative approach to predict antibodies likely to have poor developabil-
ity profiles is to highlight those candidates whose characteristics differ greatly from
clinically-tested therapeutic mAbs; a similar strategy in the field of pharmacokinet-
ics led to the Lipinski rules for small molecule drug design [262]. Here, we build
three-dimensional homology models of a large set of post-Phase I therapeutics and
survey their sequence and structural properties. These values are then contextualised
against human B-cell receptor (BCR) repertoire sequences and models, to see where
therapeutics share and deviate from the properties of human antibodies.

Using the distributions of these properties, we built the Therapeutic Antibody
Profiler (TAP), a computational tool that highlights antibodies with anomalous values
compared to therapeutics. TAP constructs a downloadable structural model of an
antibody variable domain sequence, and tests it against guideline thresholds of five
calculated measures likely to be linked to poor developability. It also reports potential

sequence liabilities and all non-CDRHS3 loop canonical forms.

4.3 Methods

All 242 CST sequences are supplied in Dataset S2 of Raybould et al. [214] and the
551,193 heavy and 1,359,745 light chain non-redundant, ‘healthy’ human VdH Ig-
seq sequences can be obtained from the Observed Antibody Space database [88]. The
4,587,907 heavy and 7,120,000 non-redundant human UCB Ig-seq sequences are avail-
able as separated CDR and framework regions at the OAS website [88]. Therapeutic
models and human VdH Ig-seq models can be downloaded from
hitp://opig.stats.ox.ac.uk/resources. Therapeutic antibody solved structures can be
found through the Thera-SAbDab web application [99].
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Human VdH Ig-seq Sequencing Techniques

The sequencing procedure followed to obtain the human VdH Ig-seq nucleotide reads

is described in the manuscript and SI of Vander Heiden et al. [89].

Human UCB Ig-seq Sequencing Techniques

The experimental procedure performed by our UCB collaborators to obtain this

dataset is described in the Appendix of this thesis.

Bioinformatic Annotation of Ig-seq Sequences

[gBLAST 1.4.0 [263] was used with Human V, D & J germline reference sets from
IMGT for both heavy and light chains to germline annotate the full length reads. A
custom Java pipeline was used to process the [gBLAST output and identify high qual-
ity sequences. The criteria for this were as follows: identified germline V & J genes;
full length variable chain sequence (1-2 bp missing at 5’ & 3’ end was permitted); ab-
sence of stop codons or ambiguous nucleotide calls. Sequences successfully extracted
were saved into flat files together with the identifiers of their assigned germline se-
quences. This Ig-seq dataset was translated, then IMGT-numbered and filtered by
ANARCI to remove poor-quality reads [264]. This parsing removes sequences that do
not align, have IMGT CDRHS3 lengths > 37, possess indels in the canonical CDRs or
framework regions, start at IMGT position 24 or later, or have a J gene with sequence
identity less than 50% to known IMGT germlines. It is at this stage that all Ig-seq
datasets in the Observed Antibody Space database are supplied to researchers [88].

Preparation of the Human VdH Ig-seq Dataset for Analysis'

For structural comparisons, where heavy and light chains must be paired and then
modelled, computational expense required us to reduce the size of the dataset, while
still retaining as true an indication as possible of the sequence and structural variation
inherent within the immunoglobulin repertoire. The chains were therefore filtered
and paired according to the following protocol, closely related to that described in
Chapter 3. The ANARCI-filtered dataset was trimmed to remove heavy and light
chain sequences that contained IMGT CDRs [23] (CDRH1-2, CDRL1-3) for which
SCALOP [25] could not predict a canonical form (inability to predict a canonical form
is highly linked to an inability to model the sequence). Then FREAD [26, 27, 306]

IThis procedure for capturing the structural properties of the Ig-seq datasets was a preliminary
version of the Repertoire Structural Profiling protocol described in Chapter 3.
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was run on each surviving heavy chain’s CDRH3 loop to remove chains for which
no viable CDRH3 template can be found. On this reduced number of heavy and
light chains, the full version of FREAD was then run to assign templates to all loops.
The Vi and Vi, sequences were then greedily clustered with a 90% sequence identity
threshold, and with a restriction that each cluster must only contain sequences of
identical length. Clusters with fewer than 10 members were discarded to remove
erroneous reads. From the surviving clusters, only the sequence with the lowest
median sequence identity to the rest of the cluster members was retained. The chains
were then paired by assigning the Vy-Vp, angle from a diverse set of 989 complete
antibodies from SAbDab [9] (selected in May 2016) to the heavy-light chain pair, if
the sequence identity across the heavy-light chain interface residues exceeds 0.82 [44].
If multiple viable templates exist, the one with highest sequence identity was chosen.
Low-resolution structural clustering of CDR binding sites was then performed in
a two-step process. If the orientation RMSD between the orientation template of
the newly-considered antibody and the templates of all other previously-considered
antibodies exceeds 1.5 A, the binding site was classified as distinct based on Vy-Vi,
angle alone, and the antibody was retained. Otherwise, CDR distance was evaluated

as:

(Ll—Lg,Hl—H3) )
dox DTWepp_xmax(Lepr-x1, Lopr-x2)

(L1-L3,H1—H3)
X maa7(LCDR—X,1a LCDR—X,Q)

where the summation is over all CDRs, DTW¢pg x is the Dynamic Time Warping [24]
distance between CDR templates, and max(Lepr.x1,Lepr-x 2) is the maximum length
of the two loops. The DTW algorithm is conventionally applied to identify similarities
between two objects that differ in speed; here it is applied to identify similarities in
loop structures that differ in sequence length (in other words, the position in the
peptide sequence is analogous to moving forward one quantised unit in the time
domain). The new antibody was retained if this equation returned a value greater
than 1.0 A to all other previously-considered antibodies. The surviving Fvs were then
homology modelled using ABodyBuilder [44], and these 14,072 models became the
Human VdH Ig-seq models dataset. The resulting total CDR length distribution of
this set of models proved to be similar to that of the set of 137 CSTs (Fig. A4.6A).

Preparation of the Human UCB Ig-seq Dataset for Analysis

The UCB dataset was prepared in an analogous manner to the VdH Ig-seq dataset,
but with a few modifications. As it was prepared before SCALOP [25] had been
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developed, FREAD was run on all chains at the beginning to remove chains without
three Chothia CDR loop templates. Being far larger than the VAH Ig-seq dataset
(about 10x the number of heavy and light chain sequences), around 66,000 models
were obtained after DTW clustering and ABodyBuilder modelling. To reduce this
number further, higher-resolution structural clustering was performed on the CDR
coordinates. The RMSD between common CDR residues in each pair of models, after
Kabsch alignment [265], was evaluated and stored in a matrix, which was clustered
using the Unweighted Pair Group Method with Arithmetic Mean (UPGMA) hierar-
chical method [266], with a 1.0 A cutoff. A representative of each cluster was selected
and the resulting 19,019 models became the Human UCB Ig-seq models dataset. The
resulting total CDR length distribution of this set of models also proved to be similar
to that of the set of 137 CSTs (Fig. A4.6B).

Antibody Structures and Models

Models of all antibodies were generated using the latest implementation of ABody-
Builder [44], used as published, except for the inclusion of PEARS [53] to model
side chains. For all antibodies, ABodyBuilder was prevented from using sequence-
identical templates, to ensure all structures were genuine models. The 31 unbound
and 25 bound Fab structures used to estimate therapeutic model accuracy were X-
ray crystal structures deposited in the PDB [19] (before May 4% 2018). Bound
structures were used only if no unbound equivalent existed. If multiple unbound
structures were available, the lowest resolution crystal structure was selected. If mul-
tiple bound structures were available, the crystals containing the native antigen were
prioritised over those containing synthetic constructs, and then the lowest resolu-
tion crystal was chosen. Accuracy was measured using an in-house backbone RMSD
calculator, with framework RMSDs obtained after aligning all Fv C, atoms, and
CDR RMSDs calculated after aligning only framework C, atoms - a standard pro-
tocol in the field [134]. Case study proprietary sequences were modelled on-site at
MedImmune for IP reasons. All MedIlmmune validation mAbs were models, despite
ABodyBuilder having access to additional in-house structural information and their
setup permitting sequence identical templates. The web version of TAP does not

permit sequence-identical templates in the ABodyBuilder modelling protocol.

Canonical Forms

A length-independent canonical form clustering protocol [24] was run on the North-
defined [15] CDR loops of a SAbDab [9] snapshot from 26th September 2017. Model
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loops were inferred to have identical canonical forms to the template used by ABody-
Builder [44].

Surface-exposed Residues

Residues defined as ‘surface-exposed’ have > 7.5% relative exposure [267] across side
chain atoms, compared to the open-chain form Alanine-R-Alanine, as calculated with
the Shrake & Rupley algorithm [246].

CDR Vicinity

The ‘CDR vicinity’ comprises every surface-exposed IMGT-defined CDR and anchor

residue, and all other surface-exposed residues with a heavy atom within a 4 A radius.

Salt Bridges

Salt bridges were defined as pairs of lysines/arginines and aspartic acids/glutamic
acids with a N*t-O distance < 3.2 A.

Hydrophobicity

Where R; and Ry are two surface-exposed residues with a closest heavy atom distance,
119, < 7.5 A and H(R,S) is the normalised hydrophobicity score (between 1 and 2) for
residue R in scheme S, the Patches of Surface Hydrophobicity (PSH) metric can be
calculated as: Y p p W
Doolittle [268], Wimley & White [269], Hessa et al. [270], Eisenberg & McLachlan [271]

and Black & Mould [272]. Salt bridge residues were assigned the same value as glycine

. The hydrophobicity scales tested were: Kyte &

in each hydrophobicity scale.

Charge

The following charges were assigned by sequence: Aspartic acid: -1, Glutamic acid:
-1, Lysine: +1, Arginine: +1, Histidine: +0.1 (Henderson-Hasselbalch equation ap-
plied: pk, 6, pH 7.4, and rounded-up to one decimal place). Tyrosine hydroxyl
deprotonation was not considered. Salt bridge residues were assigned a charge of 0.
The Patches of Positive Charge (PPC) and Patches of Negative Charge (PNC) met-
rics are analogous in form to PSH, with H(R,S) substituted for |Q(R)|, the absolute
value of the charge assigned to residue R. Structural Fv Charge Symmetry Param-
eter (SFvCSP) values were calculated as: | Y5 Q(RH)] [ZRL Q(RL)}, where Ry,

Ry, are surface-exposed Vy, Vi, residues respectively.
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Statistical Sampling for the TAP Metrics

We performed statistical sampling over all metric distributions to add error bars to the
threshold values. Across 1000 repeats, we randomly selected 200 of the 242 CSTs, and
calculated their amber (5th and/or 95th percentile value, depending on the metric)
and red (Oth and/or 100th percentile value, depending on the metric) thresholds. The
results are presented in Table A4.4 and show that our threshold values are relatively

robust to selecting different therapeutics.

Webapp Implementation

The original web application for TAP (released on paper submission, June 2018) used
a combination of PHP and JavaScript to dynamically handle user sequence inputs.
For consistency with our new SAbBox Virtual Box suite, the latest version (with the
assistance of Dr. Claire Marks) has been transferred to a Flask database framework
(hitps://github.com/pallets/flask), which handles dynamic inputs using Python.

4.4 Results

4.4.1 Sequence Data

As an initial dataset of mAbs unlikely to suffer with developability issues, we used
the variable domain heavy and light chain sequences of 137 post Phase-I clinical-stage
antibody therapeutics (‘137 CSTs’) [273]%. To contextualise the properties of the CST
set, we retrieved Vander Heiden’s recent snapshot of the human antibody repertoire
from the Observed Antibody Space database [88, 89] (‘human VdH Ig-seq’). We also
used a larger proprietary dataset procured by UCB Pharma Ltd. (‘human UCB Ig-
seq’). All comparisons in this chapter are made to the Vander Heiden data, with UCB
comparisons available in the Appendix. Each human Ig-seq dataset was analyzed as a
set of non-redundant heavy or light chains (‘human Ig-seq non-redundant chains’), and
as a set of non-redundant CDR sequences (‘human Ig-seq non-redundant CDRs’). We
chose these Ig-seq datasets as they contain simultaneously sequenced heavy and light
chains, and so are a promising starting point for realistic in silico pairing, required

to make sets of Ig-seq Fv models (a.k.a. Antibody Model Libraries, see Chapter 3).

2Before Thera-SAbDab, this was the largest collation of therapeutic antibody sequence data. For
metric testing, we used the additional post Phase-I therapeutic sequences from the prototype version
of Thera-SAbDab.
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4.4.2 Model Structures

High quality structural information is critical to accurately predict the surface prop-
erties of antibodies. However, ‘gold-standard’ representations such as solved X-ray
crystal structures are almost always unavailable in early-stage drug discovery. All
our comparisons are therefore made between models, proving applicability to a real-
world scenario. We build models even when a solved crystal structures is available,
to account for systematic biases associated with the modelling process (e.g. higher
values for the Patches of Surface Hydrophobicity metric; see Figs. A4.1 and A4.2,
and Section 4.4.4).

ABodyBuilder [44] was run on the 56 CSTs with a reference PDB [19] structure
(as of May 4%, 2018). Sequence identical templates were not included, and each re-
sulting model was aligned to its reference to evaluate the backbone root-mean-square
deviation (RMSD) across all IMGT regions (see Methods). The mean framework and
CDR RMSDs (Table A4.1) were commensurate with the current state of the art [134].
For our structural property calculations, we class surface-exposed residues as having
a side chain with relative accessible surface area (ASA,qx) > 7.5%, compared to
Alanine-X-Alanine for each residue X [246, 267]. Using this definition, we identified
all exposed residues in the models and PDB structures. Of the 7,057 exposed crystal
structure residues, only 265 (3.76%) were wrongly assigned as buried in the models.

As these results suggest that ABodyBuilder models are accurate enough for our
analysis, we used this software to model all 137 CSTs (“137 CST models”) and diverse
subsets of paired human VdH Ig-seq chains (14,072 ‘human VdH Ig-seq models’) and
paired human UCB Ig-seq chains (19,019 ‘human UCB Ig-seq models’). The pairing
and modelling protocol was designed to capture the sequence and structural diversity
in each dataset, within the constraints of modellability and computational expense
(see Section 4.3; this was an early version of the Antibody Model Library generation
protocol from Chapter 3). We then performed a series of in silico assays to determine
the typical physicochemical properties of CSTs and natural human antibodies, which

we then use to determine the TAP developability guidelines.

4.4.3 Physicochemical Properties
4.4.3.1 CDR Lengths

Loop length has a major impact on the nature of antigen binding. For example, if

an antibody has a long CDRH3 loop, it tends to form most of the interactions with
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Figure 4.1: Comparing the CDRH3 length distributions of the 137 CSTs (red),
105,458 human VdH Ig-seq non-redundant CDRH3s (blue), and 551,193 human Ig-
seq non-redundant heavy chains (green). The CSTs have a lower median CDRH3
length.

an antigen, while shorter CDRH3 loops tend to be part of concave binding sites with
other CDRs often assisting in binding [274].

The 137 CST and human Ig-seq sequences were IMGT-numbered [11], and IMGT
CDR definitions were used to split the sequences by region. The 137 CST CDRH3
loops had a median length of 12, compared to 15 for the human VdH Ig-seq dataset
(Fig. 4.1). In the case of CDRL3 the distributions were closer, with a median length
of 9 for the 137 CSTs and the human VdH Ig-seq data (Fig. A4.3E). The other CDR
loops, whose length diversities are restricted by V-gene encoding, displayed similar
ranges for both CST and Ig-seq datasets. An unexpected observation was a bimodal
distribution in CDRL1 length for the CSTs (Fig. A4.3C). No correlation was found
between shorter/longer CDRL1 length and antigen size (hapten/cytokine/receptor)
or kappa versus light chain usage.

To test whether hybridomal development might account for CST wversus Ig-seq
CDR length discrepancies — as it is known that mouse antibodies tend to have differ-
ent CDR length properties to human antibodies (e.g. shorter CDRH3 loops [275]) —
we split the 137 CST dataset by developmental origin (Fig. A4.5). Fully human thera-

peutics were disproportionately represented at longer CDRH3s (mean: 13.21, median:

100



12), compared to chimeric, humanised, or fully murine therapeutics (mean: 11.91, me-
dian: 12). However, both therapeutic subsets still have shorter CDRH3s than human-
expressed antibodies. On the other hand, the observed bimodal CDRL1 distribution
across all CSTs appears to be strongly driven by the humanised/chimeric/murine
subset (Fig. A4.5D).

The combined length of all CDRs for each antibody in the 137 CST dataset had a
median value 48 (Fig. A4.6). The 137 CST total CDR length was highly correlated to
CDRHS3 length (Pearson’s correlation coefficient of +0.77, with a two-tailed p-value
of 2.44¢28). This significant co-variance means that total CDR length can be used as
a reliable proxy for CDRH3 length (which is typically shorter in CSTs than human
Ig-seq heavy chains). As it can also capture global binding site topology, which may
be relevant to polyspecificity, total CDR length was selected for inclusion in the final
five TAP guidelines.

Neither human Ig-seq dataset is natively paired, so as described in the Methods
(Section 4.2) we generated artificially paired human Ig-seq models for subsequent
structure-dependent metric evaluation. These models displayed a similar range of
total CDR lengths to the CSTs, which a moderate bias towards longer lengths (Fig.
A4.6), meaning this property is unlikely to be a trivial determinant of differences
across structure-dependent metrics. The total CDR length difference is less profound
than one might expect given the difference in raw sequence CDRH3 lengths, as the
paucity of long CDRH3 structural templates frequently renders antibodies containing
longer CDRH3s unmodellable, imposing a compensatory negative selection pressure

against longer total CDR lengths in the models.

4.4.3.2 Canonical Forms

In natural antibodies, all CDR loops, apart from CDRH3, are thought to fall into
structural classes known as canonical forms [12, 22]. It may be advantageous from
an immunogenicity perspective to ensure that CST CDRs adopt canonical forms
previously observed in natural human antibodies.

We assigned canonical forms (see Section 4.3) to the 137 CST and human Ig-seq
model CDRs. All assignable CST model CDRs were labelled with a canonical form
also present in at least one human VdH Ig-seq model dataset (Figs. 4.2 and A4.7).
Fewer than 19% of CST CDRs were unassignable in each loop region, suggesting
that, despite engineering, a clear majority of non-CDRH3 CST CDR loops adopt

well-characterised canonical forms. While not an explicit TAP metric, we decided to
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Figure 4.2: Length-independent canonical form assignments for the 137 CST and
human VdH Ig-seq models.
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report the canonical form of each modelled loop, highlighting any CDR that cannot
be assigned as a potential developability liability.

4.4.3.3 Hydrophobicity

Hydrophobicity in the CDR regions has been repeatedly linked to aggregation propen-
sity in mAbs [179, 186, 188, 189]. Using our homology models, we estimated the ef-
fective hydrophobicity of each residue by considering not only its degree of apolarity,
but also whether or not it is solvent-exposed (side chain ASA,, > 7.5% [246, 267]).
As the energy of the hydrophobic effect is approximately proportional to the inter-
face area [276], we developed a metric (Patches of Surface Hydrophobicity, PSH, see
Section 4.3) that yields higher scores if hydrophobic residues tend to neighbor one
another in a region, rather than being evenly separated. We evaluated PSH for the
137 CST and human Ig-seq models across two regions (the CDR vicinity (see Sec-
tion 4.3) and the entire variable (Fv) region), and with five different hydrophobicity
scales [268-272].

The results of all hydrophobicity scales were highly correlated (e.g. R? > 0.91
between all scales in the CDR vicinity), and so we use the Kyte & Doolittle [268]
scale for all subsequent comparisons. The mean CDR vicinity PSH values for the
CST and human VdH Ig-seq distributions were 123.30 + 16.60 and 133.76 + 21.08
respectively (Fig. 4.3A). CSTs were noticeably underrepresented at higher CDR
PSH values; Galiximab is a rare example of a therapeutic antibody with a high
value (Fig. 4.3B). A similar divergence occurred across the entire Fv region, with
mean values of 357.69 + 22.95 and 370.56 + 24.45 respectively (Fig. A4.8), implying
the primary difference occurs within the CDRs. This supports the theory that the
high concentration conditions under which therapeutics are stored may render them
less tolerant of large patches of hydrophobicity in the highly-exposed CDR vicinity,
and also suggests that a subset of natural human antibodies would be unsuitable
therapeutic candidates. We therefore included the CDR vicinity PSH score as a TAP

metric.

4.4.3.4 Charge

Surface patches of positive or negative charge have also been linked to negative bio-
physical characteristics [196, 257]. We calculated two metrics designed to highlight
regions of dense charge: the Patches of Positive Charge (PPC) and Patches of Neg-
ative Charge (PNC) measures (see Section 4.3). All surface residues were initially

assigned the appropriate charge for their averaged pk, values, as neighboring residues
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Figure 4.3: (A) CDR vicinity Patches of Surface Hydrophobicity (PSH) scores across
the 137 CST (blue) and human VdH Ig-seq (red) models. The CSTs are underrep-
resented at higher PSH values. (B) Galiximab (Kyte & Doolittle CDR vicinity PSH
score of 167.89) has a large surface-exposed patch of hydrophobicity in its CDRH3
loop. Heavy and light chain surfaces outside the CDR vicinity are coloured in white.
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from higher scores. (C) Histogram of Structural Fv Charge Symmetry Parameter
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appear to have a limited effect at pH 7.4 [183]. The charge of residues found to be
engaging in salt bridges was then revised to zero.

The 137 CST models tend to avoid patches of charge in their CDR vicinities, with
88.32% and 80.30% having PPC (Fig. 4.4A) and PNC (Fig. 4.4B) values below 1,
respectively. The human VdH and UCB Ig-seq models displayed similar PPC and
PNC distributions. Both PPC and PNC assays were carried forward as TAP metrics.

When mAbs have oppositely charged Vi and Vp, chains, they typically have higher
in wvitro viscosity values [183]. This aggregate-inducing electrostatic attraction is
captured at the sequence level by the Fv Charge Symmetry Parameter (FvCSP)
metric - the mAb tends to be more viscous if the product of net Vg and Vi, charges
is negative [183]. Harnessing our structural models, we calculated a variant (the
Structural Fv Charge Symmetry Parameter, SEFvCSP), which only includes residues
that are surface-exposed, and not locked in salt bridges, in the evaluation of net
charge. In Galiximab, for example, we ‘correct’ the charge of arginine H108 and
aspartic acid L56 to 0, as the model indicates that they form a salt bridge. The
charges of the glutamic acid at position H6, the aspartic acids at positions H107,
L98, and 1108, and the histidine at position L.40 are ignored as their side chains are
buried. The FvCSP score for this antibody would be 0 (net heavy chain charge of
0, net light chain charge of -2.9), while the SFvCSP score is +2.0 (net heavy chain
charge of 42, net light chain charge of +1). A similarly low percentage of CST models
(21.9%) and human VdH Ig-seq models (20.8%) had negative SFvCSP scores (Fig.
4.4C), with mean values of 3.34 4 7.44 and 3.67 & 7.40 respectively. With such a bias
away from negative products in both natural and therapeutic antibodies, we chose
the SFvCSP as our final TAP property.

4.4.4 The Effect of Modeling

When comparing the TAP metric values obtained for the 56 CST structures and
their corresponding models, we saw positive correlations across all metrics, though
PSH correlation was weaker than the other three (Fig. A4.2). The positive trends
indicate that calculations performed on ABodyBuilder models are typically predictive
of the results that would be obtained from a crystal structure, and therefore that
threshold values derived from models are sufficiently informative across these metrics.
The weaker correlation observed in the PSH score, which depends on the proximity
of many residues’ side chains, exemplifies how more fine-grained analyses may be

expected to add noise rather than meaning to metric evaluation and highlights why we
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decided not to consider atom-by-atom contributions as per the SAP hydrophobicity
metric.

To confirm that the PSH values of natural and therapeutic antibodies differ even
without modelling, we mined SAbDab [9] to find all the human, non-engineered, non-
redundant (at 100% sequence identity) X-ray crystal structures in the PDB [19] (June
2018). We found only 33 such mAbs (identities listed in Dataset S1 of Raybould et
al. [214]), as most human mAb PDB entries involve some degree of engineering. We
found approximately the same difference in mean CDR Vicinity PSH score between
therapeutic and human crystal structures as we did between therapeutic and human
VdH Ig-seq models (-9.69 and -10.46 respectively, see Table A4.2). We note that if we
had compared human structures to therapeutic models, we would not have detected a
significant difference (therapeutic models: 123.30 £ 16.60; human structures: 124.61
+ 16.54). This systematic bias towards higher PSH values in models is seen most
clearly when comparing the values for CST crystal structures with CST models (Fig.
A4.1). Through inspection, we observed that this bias derives from our modelling
software frequently underestimating the tightness of intramolecular residue-residue
packing, leading to more residues being classified as surface-exposed and contributing
to the overall metric value. This effect is particularly amplified for the PSH metric, as
any surface-exposed residue can contribute to the score, whereas in the PPC, PNC,

and SFvCSP metrics, only charged residues can contribute.

4.4.5 Developability Guidelines

While CSTs predictably share many features in common with human antibodies, our
CDR length and hydrophobicity distributions imply that not every human antibody
would make a good therapeutic. Consequently, our developability guidelines were
set solely by CST values across the five selected metrics (Table 4.1); an amber flag
indicates that the antibody lies within the extremes of the distribution, whereas
a red flag indicates a previously unobserved value for that property. Total CDR
Length and PSH amber and red flags are set at the 5% and 95%, 0 and 100"
percentiles respectively, capturing unusually flat/concave binding sites and regions
of unusually high polarity, as well as longer protruding CDRH3s and regions of high
hydrophobicity. The PPC and PNC metrics only have upper-bound flags (amber: 95
percentile, red: 100*" percentile), as low values are not intuitively linked to instability.
Similarly, the SFvCSP metric only has lower-bound flagging (amber: 5% percentile,
red: 0" percentile), as strong inter-domain repulsion ought to aid colloidal stability.

These flagging percentiles were chosen to include the long-tail regions of each CST
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Metric Amber Flag Region | Red Flag Region

1. Total CDR Length | Bottom 5%, Top 5% | Above or Below
2. PSH, CDR Vicinity | Bottom 5%, Top 5% | Above or Below
3. PPC, CDR Vicinity Top 5% Above
4. PNC, CDR Vicinity Top 5% Above
5. SFvCSP Bottom 5% Below

Table 4.1: TAP amber and red flag cut-off thresholds, with respect to the clinical-
stage therapeutic distributions.

Metric Amber Flag Region | Red Flag Region
Total CDR Length 39 <L <43 L < 39
54 < L <60 L > 60

PSH, CDR Vicinity 83.84 < PSH < 100.71 PSH < 83.84
156.200 < PSH < 173.850 PSH > 173.850

PPC, CDR Vicinity 1.25 < PPC < 3.16 PPC > 3.16
PNC, CDR Vicinity 1.84 < PNC < 3.50 PNC > 3.50
SFvCSP -20.40 < SFvCSP < -6.30 | SEvCSP < -20.40

Table 4.2: TAP amber and red flag regions, as defined by the entire set of 242 CSTs.
PSH score is calculated with the Kyte & Doolittle hydrophobicity scale. L = Length.

distribution (but may change over time with industrial feedback) and allow a user to
know whether their tested antibody sits in the extremities of a CST physicochemical
property.

To confirm that these threshold definitions do not typically flag mAbs without
developability issues, we identified a further 105 mAb therapies (‘105 CSTs’, listed in
Dataset S2 of Raybould et al. [214]), not included in the 137 CST dataset, that had
advanced to at least Phase II in clinical development.

Only eight of this set (7.69%) were assigned a red developability flag according to
the boundaries set by the 137 CSTs, an average of 0.08 red flags per newly-tested ther-
apeutic (Table A4.3). Erenumab received the most red flags - for total CDR length
(60), CDR vicinity PSH (173.85), and CDR vicinity PPC (1.53). All other red-flagged
therapeutics received only one: rafivirumab for total CDR length (60), intetumumab
for CDR PSH (83.84), adacanumab, derlotuximab, lanadelumab and teprotumumab
for CDR PPC (2.67, 2.66, 2.48, and 3.16 respectively), and quilizumab for Fv charge
asymmetry (-20.40). That some of these 105 therapeutics were red-flagged is not
surprising for several reasons. Firstly, our threshold percentiles have not been cal-
ibrated and may well change over time. Secondly, the TAP metrics reflect average

properties across all CSTs and it is entirely possible for individual therapeutics to
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stray into extreme physicochemical space with compensatory measures (see Section
4.4.6 for an example where an amber-flagged PNC therapeutic candidate was rescued
by engineering to compensate for the necessary charge patch). Finally, monoclonal
antibodies are not delivered in isolation but rather in formulation, and advances in
this technology may also compensate for previously deleterious physicochemical char-
acteristics. Nevertheless, the low red-flagging rate confirms that the ranges of the
physicochemical distributions on which the TAP guidelines were based are broadly
representative of therapeutic-like antibodies.

Incorporating both sets of CSTs into a larger dataset (‘242 CSTs’) led to the
new guideline values shown in Table 4.2. While most metrics were only slightly
adjusted, the PPC thresholds changed quite significantly, showing the importance of
regularly updating the metric distributions as more CSTs are developed. As a result,
we performed statistical sampling over our TAP metric distributions to give a sense
of the error that might be inherent in these current threshold values (see Section 4.3;
Table A4.4). All 242 CST TAP metric values are listed in Dataset S3 of Raybould et
al. [214).

4.4.6 Case Studies

We tested whether these updated guideline values could highlight candidates with de-
velopability problems by building models and running TAP on two datasets supplied
by Medlmmune (Fig. 4.5). A lead anti-NGF antibody, MEDI-578, showed minor ag-
gregation issues during in vitro testing, of a level usually rectifiable in development,
whereas the affinity matured version, MEDI-1912, exhibited unrectifiably high lev-
els of aggregation [180]. This observation was rationalised through SAP score [18§]
values, indicating that a large hydrophobic patch on the surface was responsible.
TAP assigns MEDI-578 an amber flag, and MEDI-1912 a red flag - by a large mar-
gin - in the CDR vicinity PSH metric (Fig. 4.5A). The paper describes how back-
mutation of three hydrophobic residues in MEDI-1912 to those of MEDI-578 led to
MEDI-1912STT, fixing the aggregation issue while maintaining potency. TAP assigns
MEDI-1912STT no developability flags (Fig. 4.5A).

A lead anti-IL13 candidate, AB0O08, had no developability issues, but the affinity-
matured version, AB001, had very poor levels of expression (seven times lower than
ABO008) [196]. The authors highlighted the role of four consecutive negatively charged
residues in the L2 loop — mutation of the fourth negatively charged residue to neutral
asparagine (ABOOIDDEN) was able to stabilise the loop backbone, mitigating the

ionic repulsion of the DDE motif, and returning acceptable levels of expression. TAP
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Figure 4.5: The (A) CDR vicinity PSH and (B) CDR vicinity PNC metrics for the
combined set of 242 CSTs (light blue), and MedImmune case studies (coloured by
assigned flag). MEDI-578, MEDI-1912, and MEDI-1912STT all have the CDR vicin-
ity PNC value labelled by an asterisk. Amber and red dashed lines delineate the 242
CST guideline thresholds. Case studies with prohibitive developability issues (MEDI-
1912, AB0O1) are red-flagged for the PSH and PNC metrics respectively. Engineered
versions without developability issues (MEDI-1912STT, ABOO1DDEN) return to the
range of values previously seen in CSTs for all metrics. MEDI-578/1912/1912STT
are labelled as M-578/1912/1912STT, and AB-001/008/001DDEN are labelled as
A-001/008/DDEN for legibility.
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assigns no developability flags to AB00S8, but a red flag to AB001, and an amber flag
to ABOO1DDEN for its CDR vicinity PNC metric (Fig. 4.5B), again red-flagging the
candidate with prohibitive developability issues. Both AB001 and ABOO0S8, confirmed
monomers in solution [196], did not flag for CDR vicinity PSH score (Fig. 4.5A).

4.4.7 TAP Web Application

We have packaged TAP into a web application, available at http://opig.stats.oz.ac.uk/
webapps/sabdab-sabpred/TAP.php. TAP only requires the heavy and light chain vari-
able domain sequences as an input, returning a detailed profile of an antibody with a
typical run-time of less than 30 seconds. Flags (green, amber, or red) are assigned to
each of the TAP metrics, with accompanying histograms. An interactive molecular
viewer allows the user to visualise hydrophobicity (Fig. 4.6A), charge, and probable
sequence liabilities on the antibody model surface. Estimated model quality can be
easily accessed to help guide interpretation of the results (Fig. 4.6B). Finally, canon-
ical forms are assigned to each non-CDRH3 loop. A full sample output is shown in
Fig. 4.7.

4.5 Discussion

We have analyzed several properties linked to poor developability across 242 post-
Phase I therapeutics, with the assumption that mAbs that have reached this stage of
clinical trials have characteristics amenable to therapeutic development.

By analyzing these properties, we have found evidence that suggests that not
every human antibody would make a good therapeutic. This is somewhat intuitive,
as therapeutics suffer a range of stresses during development (including variation in
pH and temperature, sheer forces, and high concentration storage conditions) that
human-expressed antibodies are not exposed to. The TAP metrics therefore depend
on the values seen across CSTs alone.

Our simple TAP guidelines will not capture the whole spectrum of developability
issues. For example, they will not detect sources of immunogenicity, nor more subtle
mechanisms that lead to poor stability. Nevertheless, we have shown that the TAP
guidelines can selectively highlight antibodies with expression or aggregation issues
[180, 196].

We will regularly recalculate the threshold values to include new mAbs that have

entered Phase-II of clinical trials. This will also allow for the inevitable fluctuation in
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Figure 4.6: (A) An example TAP web application output showing the heavy atoms
of an antibody as spheres coloured by the hydrophobicity (Kyte & Doolittle scale,
normalised between 1 and 2) of each residue in the CDR vicinity. (B) The ABody-
Builder predicted model accuracy assignments [44] for each IMGT region, with heavy
atoms shown as spheres. These are coloured according to three backbone RMSD
thresholds at a 75% confidence interval (both thresholds and confidence intervals can
be modified in the web application). Better quality models will yield more reliable
TAP metric values.
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values are also shown against the distributions of the 242 CSTs. Amber and red
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value for the inputted antibody, coloured by assigned flag. (C) A molecular viewer
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antibody, the charge is evenly spread across the CDR vicinity, while there is a large
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model accuracy can be visualised across each IMGT region. The confidence interval
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PSH, PPC, PNC, and SFvCSP values returned by CSTs, as ABodyBuilder models
improve in accordance with the growing number of antibodies in SAbDab [9].

When enough CSTs are available, it may be possible to stratify the therapeutic
guidelines into subclasses. For example, separate thresholds could be considered for
mAbs involving kappa or lambda light chains. Lambda light chains tend to contribute
to higher average CDR Vicinity PSH values across our 242 CST, 14,072 human VdH
Ig-seq, and 19,019 human UCB Ig-seq models (Table A4.5); DeKosky et al. [277] also
found, across their 2,000 natively-paired models of mAbs, that lambda CDRL3 loops
are significantly more hydrophobic than their kappa equivalents. As only 25 of the
242 CSTs contain lambda light chains, we do yet not have enough data to safely
determine a guideline threshold. Nevertheless, as around 90% of post-Phase I CST's
are derived from kappa light chains, this could suggest that hydrophobicity-driven
developability issues are far more prevalent when using leads containing lambda light
chains.

Other subclasses could include clinical trial progression, active/discontinued trial
status, or therapeutic species origin. At this stage, neither splitting by clinical pro-
gression (Table A4.6) nor drug campaign status (Table A4.7) leads to significant dif-
ferences in mean metric values. Human and humanised mAbs have noticeably higher
mean PSH values than chimeric or mouse mAbs (Table A4.8) — with the caveat that
there are only 36 mAbs in the latter category.

As with the Lipinski rule of five, the thresholds themselves should not be inter-
preted as hard-and-fast rules, and the distance of red-flagged candidates outside the
previously-observed bounds should be taken into consideration. Advances in process

development and formulation may soon redefine the limits of permissible values [273].

4.6 Update and Chapter Conclusion

Since TAP was developed, we have found sequences of an additional 135 post Phase-I
CSTs through our Thera-SAbDab database [99] (see Chapter 2). Together with the
ever-growing number of loop structural templates from the PDB, this has resulted in
revised guidelines (Table 4.3). Most properties have seen only a modest adjustment
of their amber and red flag threshold values, remaining within 5% of their original
values. The exception to this is a marked increase in the red flag threshold for
Patches of Positive Charge (PPC) score, from 3.16 to 3.76 (+18.8%), overtaking
the maximum value seen for Patches of Negative Charge (PNC, 3.47). The amber
threshold (95" percentile) for the PPC metric actually reduced slightly from 1.25
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Metric Amber Flag Region | Red Flag Region
Total CDR Length 39 <L <42 L < 39
55 < L <60 L > 60

PSH, CDR Vicinity 88.29 < PSH < 100.79 PSH < 88.29
158.47 < PSH < 179.18 PSH > 179.18

PPC, CDR Vicinity 1.24 < PPC < 3.76 PPC > 3.76
PNC, CDR Vicinity 1.83 < PNC < 3.47 PNC > 3.47
SEvCSP -19.50 < SFvCSP < -6.02 | SFvCSP < -19.50

Table 4.3: TAP amber and red flag regions, as defined by all post Phase-I CSTs in
Thera-SAbDab as of July 2020. PSH score is calculated with the Kyte & Doolittle
hydrophobicity scale. L = Length.

to 1.24 (-1.04%), suggesting the red threshold increase is due to outlying mAbs.
This could be indicative of poor ABodyBuilder models, or could meaningfully reflect
improvements in formulation technology/antibody engineering that compensate for
larger charge patches (such as designed-in backbone hydrogen bond stabilisation as
seen in A-DDEN, Fig. 4.5).

As a component of the SAbBox suite of informatics tools, TAP is currently in-
stalled at eleven pharmaceutical companies and, thanks to our new academic SAbBox
license, will increasingly be used in an academic context. We hope that this will lead
to further refinements in metric formulation and threshold values, narrowing down
on optimal properties to hold constant during mAb drug discovery. As it stands to-
day, the TAP web application has already found use in drug discovery efforts against
Severe-Acute Respiratory Syndrome-related Coronavirus-2 (SARS-CoV-2) [278, 279],
filial antigen proteins [280], and the Human Papilloma Virus [281].

In the final research chapter of this thesis, we had intended to couple the Public
Antibody Model Libraries derived in Chapter 3 with the TAP guidelines described
here to run a mock in silico drug discovery experiment. This would involve bench-
marking of an effective tiered docking strategy that could handle the large number of
structural variants in each AML and rank binders reliably enough for positive exper-
imental validation, to be provided by Roche. However, in early 2020, a novel highly
infectious betacoronavirus began to spread around the world. The disease associated
with viral infection, COVID-19, quickly became associated with thousands of prema-
ture deaths and Government lockdowns imposed to regain control of the pandemic
threw the global economy into turmoil. We therefore adjusted our plans, instead

performing research to assist in the COVID-19 response effort.

115



Chapter 5
COVID-19 Research

5.1 Chapter Abstract

In early 2020, reports emerged from Wuhan, China of a novel, highly infectious be-
tacoronavirus (‘SARS n-CoV19’, later ‘SARS-CoV-2). This virus soon reached pan-
demic proportions around the world, infecting over 27.7 million people and being
associated with over one million deaths by October 2020.

Since the start of the pandemic, researchers have been working to better under-
stand the new virus and disease, including characterising its induced B-cell response
and understanding the properties of neutralising antibodies. Soon after the start of
the pandemic, the University of Oxford became a global hub of coronavirus research,
not least because of its role in developing the first coronavirus vaccine (‘ChAdOx1-
nCoV19’). The following chapter describes our work in the COVID-19 response effort,
centred around the creation of a novel repository, the Coronavirus Antibody Database
(CoV-AbDab).

Building off the expertise we gained in building the Therapeutic Structural An-
tibody Database (Chapter 2), we built CoV-AbDab to document pertinent sequence
and structural information on all existing published, preprinted, or patented coron-
avirus binders. In this chapter, we describe our analysis of the contents of the database
observing trends in developmental origins, targets, and heavy V gene family usages.
We then show how CoV-AbDab can already be harnessed to better understand the
functional properties of B-cell receptor (BCR) repertoire samples from COVID-19

patients. Finally, we discuss how CoV-AbDab could prove useful in the future.

This chapter contains reproduced material from the following papers:
Raybould, M.I.J., Kovaltsuk, A.K., Marks, C.M., Deane, C.M. (2020) CoV-AbDab:
the Coronavirus Antibody Database Bioinformatics. ():btaa739. [228]
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Galson, J.D., Schaetzle, S., Bashford-Rogers, R., Raybould, M.1.J., et al. (2020)
Deep sequencing of B cell receptor repertoires from COVID-19 patients reveals strong
convergent immune signatures. Front. Immunol. doi: 10.3389/fimmu.2020.605170
[31]

5.2 The Coronavirus Antibody Database

5.2.1 Introduction

To respond effectively to the recent Severe Acute Respiratory Syndrome Coronavirus
2 (SARS-CoV-2) pandemic, it is essential to understand the molecular basis for a suc-
cessful immune response to coronavirus infection [282]. In particular, characterising
the B-cell response is important as the identification of potent neutralising antibod-
ies could pave the way for effective treatments, aid in prior exposure diagnosis, or
assist in predicting vaccine efficacy [81, 98, 283-286]. Molecular characterisations of
binding/neutralising antibodies to SARS-CoV-2 antigens began to emerge in May
2020.

Early studies suggested that a large proportion of the SARS-CoV-2 neutralising
BCR response is SARS-CoV-2 specific, although some SARS-CoV-2/SARS-CoV-1
(the virus responsible for the 2003 epidemic) cross-neutralising antibodies were found
to exist [287-289]. This is possible because many of the SARS-CoV-1 and SARS-
CoV-2 spike protein domains, including the Receptor Binding Domain (RBD), share
high sequence and structural similarity [283]. Other SARS-CoV-2 surface proteins
also display high sequence similarity to more distantly related betacoronaviruses,
such as the Middle East Respiratory Syndrome coronavirus (MERS-CoV). Therefore,
molecular knowledge of any antibody able to bind a betacoronavirus antigen could
be relevant in treating SARS-CoV-2 infection.

In addition to the large existing body of work studying SARS-CoV-1 and MERS-
CoV, the number of investigations into SARS-CoV-2 is extremely high. As an indica-
tion, 1,134 SARS-CoV-2 preprints were uploaded to bioRxiv and medRxiv between
January-March 2020, while 6,039 were uploaded between April and July. We therefore
built the Coronavirus Antibody Database (CoV-AbDab) to collate molecular infor-
mation (i.e. sequence and structure) and metadata on all preprinted, published, and
patented anti-coronavirus antibodies. It will save valuable time in the fight against
COVID-19 and act as a central hub to consolidate knowledge and coordinate efforts
to identify novel antibodies that neutralise SARS-CoV-2. Researchers can use CoV-

AbDab to yield new insights, including deriving crucial sequence/structural patterns
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that distinguish neutralising from non-neutralising SARS-CoV-2 binders [282], or de-

ducing independent neutralising epitopes exploitable by combination therapies [290].

5.2.2 Data Sources

Academic papers and patents containing coronavirus-binding antibodies were sourced
by querying PubMed, bioRxiv, medRxiv, GenBank, and Google Patents with rele-
vant search terms. A full list of references is provided in Section 5.2.3. ANARCI [18§]
was used to number amino acid sequences in the IMGT [11] numbering scheme, and
to assign V and J gene origins. SAbDab [9], which tracks all antibody structures
submitted to the PDB [19], was mined to identify relevant solved structures. Our an-
tibody /nanobody homology modelling tool, ABodyBuilder [44], was used to generate

full Fv region structural models.

5.2.3 Database Contents

Where possible, the following information is documented for each entry:

1. The published name of the antibody/nanobody

2. Antigens that the antibody/nanobody has been proven to bind and/or neutralise.
3. The protein domain targeted by the antibody/nanobody (e.g. spike protein recep-
tor binding domain)

4. The developmental origin of the antibody/nanobody (e.g. engineered/

naturally raised, species information, etc.)

5. Sequence information including: (a) the entire variable domain sequence for the
antibody/nanobody, highlighting the CDR3 regions, and (b) V and J gene germline
assignments.

6. Links to any available structures involving the antibody/nanobody

7. (If Fv/VHH sequence available) A homology model of the antibody/nanobody

8. References to the primary literature on the antibody/nanobody

9. Timestamps to show when the antibody/nanobody was added and last updated
10. Any steps we are taking to follow up on the entry (e.g. to source its sequence
and/or add further metadata)

As of 5" August 2020, CoV-AbDab contains 1,402 entries. Of these entries, 147
bind to MERS-CoV, 483 bind to SARS-CoV-1, and 1,131 bind to SARS-CoV-2 (each

entry may be tested against multiple coronaviruses). All entries contain a minimum
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of germline information, the CDR3 sequence, or Material Transfer Agreement contact
information (a complete list of metadata is provided in the Supporting Information).
Currently, 1,303/1,402 entries (92.9%) contain full variable domain antibody (Fv) or
nanobody (VHH) sequences.

The CoV-AbDab entries originate from 67 papers [76, 78, 144, 287-350] and
21 patents (CN1664100, CN1903878, CN100374464, CN104447986, CN106380517,
EP1857116, EP2112164, JP2018203632, KR101828794, KR101969696, KR20190122283,
KR20200020411, US7396914, W0O2005/012360, WO2005/054469, W0O2005/060520,
WO02006/095180, WO2008/035894, WO2015/179535, W0O2016/138160, and
W02019/039891). Several reviews were helpful for tracing relevant literature [351—

355]. Overall, the numbers of binders to each epidemic coronavirus are as follows:

Number of SARS-CoV-2 Binders: 1,131
...of which neutralising: 271 [24.0%]

Number of SARS-CoV-1 Binders: 483
...of which neutralising: 95 [19.7%]

Number of MERS-CoV Binders: 147
...of which neutralising: 95 [64.6%)]

As of 5" August 2020, CoV-AbDab linked to 84 relevant CoV-antibody struc-
tures across 40 distinct antibodies/nanobodies, with structures of a further 10 an-
tibodies/nanobodies anticipated based on preprints. These solved structures indi-
cate that many coronavirus binding antibodies use both their heavy and light chain
complementarity-determining regions to engage the RBD (Fig. 5.1), highlighting the
importance of capturing full Fv information [254, 279, 287, 329, 334, 343, 356, 357].

Our database does not contain immunoglobulin gene sequencing (Ig-seq) sam-
ples of SARS-CoV-2-responding BCR repertoires [81, 98, 289]; case studies from such
studies will only been included if binding/neutralising activity has been confirmed ex-
perimentally. We are making such Ig-seq data available from our Observed Antibody
Space (OAS) database [88].

We have reached out to authors of new studies characterising coronavirus binding
antibodies to send us their data in Excel or CSV format (opig@stats.ox.ac.uk). We
require a minimum of the antibody/nanobody clonotype (closest heavy and light V

and J gene transcripts plus the CDR3 amino acid sequences) but ideally seek the full
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Figure 5.1: Pymol representations of the binding interfaces of three SARS-CoV-2
neutralising antibodies (B38 [343], CB6 [329], COVA2-04 [254]) that bind to the
Receptor Binding Domain. Paratope residues are defined as those with a heavy atom
within 4.5A of an antigen heavy atom, while epitope residues are defined as those
with a heavy atom within 4.5A of an antibody heavy atom. C, atoms of paratope
and epitope residues are marked with spheres. Raspberry: Heavy chain, Pink: Light
Chain, Teal: Antigen.

antibody variable domain [Fv] or full nanobody [VHH] sequence. We also require
binding data against at least one specified coronavirus protein reported in a preprint,
publication, or patent. Through these submissions and our own efforts to track the
scientific literature, we hope to provide a central community resource for coronavirus

antibody sequence and structural information.

5.2.4 Database Analysis

In this section, we describe a preliminary analysis of the contents of CoV-AbDab.

5.2.4.1 Biological/Synthetic Origins

First we investigated the reported biological/synthetic origins of each known binder
to SARS-CoV-1, MERS-CoV, and SARS-CoV-2 (Fig. 5.2).

An immediate observation was the increase in the role of nanobodies being used
to target MERS-CoV and SARS-CoV-2 relative to SARS-CoV-1. Nanobodies used
as MERS-CoV therapies tend to have natural sources (e.g. infected camels, reflecting

the geographical region of the epidemic), whereas the advance in ‘sybody’ (synthetic
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nanobody) technology has led to phage display becoming the primary origin of anti-
SARS-CoV-2 nanobodies.

The origins of antibody coronavirus binders have also significantly changed over
time, with a clear move away from harvesting animal (mouse, chicken, rhesus) an-
tibody response repertoires. Coupled with this, there has been a decrease in the
use of phage display to isolate human antibody binders, with antigen baiting tech-
nologies becoming dominant. Human B-cells are the biological origin of 96% of the
SARS-CoV-2 antibodies, compared to 42% of SARS-CoV-1 antibodies (excluding
cross-reactive SARS-CoV-1/SARS-CoV-2 antibodies isolated in 2020, this number
falls to just 23%).

Together these results indicate that there have been discernible shifts in the meth-
ods used to isolate binding antibodies/nanobodies since 2003. These trends should
be carefully considered when directly comparing the nature of published binders to

different coronaviruses.

5.2.4.2 Target Antigens

We next investigated the protein target for each documented antibody/nanobody
coronavirus binder, to the domain resolution if possible (Fig. 5.3). Note that many
of these categories are not theoretically mutually exclusive (e.g. an S; N-Terminal
Domain [NTD] binder would also fit into the category of S; S1 non-Receptor Binding
Domain [RBD], however there is experimental evidence to assign it specifically to the
NTD domain so we have classified it as such).

For all three coronaviruses, the RBD is the target for most binding antibodies
and nanobodies. It is unsurprising that the RBD is the most investigated domain,
as a well-understood mode for viral neutralisation involves direct competition for the
native human receptor (Angiotensin-converting Enzyme-2 (ACE-2) for SARS-CoV,
or Dipeptidyl Peptidase-4 (DPP4) for MERS-CoV). A future bias towards dispro-
portionately identifying RBD binders could also result from the use of RBD baits in
addition to entire spike protein baits to isolate potential prophylactic antibodies from

human serum.

5.2.4.3 Heavy V-Gene Germline Origins

We then compared the heavy V-gene (IGHV) germline origins of human antibody
binders to all targets of SARS-CoV-2, SARS-CoV-1, and MERS-CoV (Table 5.1).
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SARS-CoV-2 2019

(Ab) Human B-cells;
CoV-1 Patient [207]

MERS-CoV (2012)

(Ab) Human B-cells;
MERS-CoV Patient [23]

(Ab) Human PD Library
(Non-immune) [51]

SARS-CoV-1 (2003)

(Ab) Human B-cells;
CoV-1 Patient [176]

(Nb) Immunised Alpaca [3]

/ (Nb) Immunised Llama [14]

(Nb) PD Library (Non-immune) [147]

(Ab) Immunised Mouse [26]
(Ab) Human PD Library (Immune) [10]

(Ab) Human B-cells;
CoV-2 Patient [709]

(Nb) Immunised Llama Nb [1]
//(Nb) Humanised Llama Nb [1]

(Nb) Bone Marrow;
Infected Dromedary Camels [33]

(Ab) Immunised Rhesus Macaque [5]

(Ab) Immunised Mouse [14]

(Ab) Transgenic Mouse [19]

(Ab) Engineered/Humanised [9]
(Ab) Immunised Mouse [15]
/// (Ab) Chicken PD Display (Non-immune) [19]
___ (Ab) Transgenic Mouse [25]
___(Ab) Human PD Library (non-Immune) [25]
——(Ab) Human PD Library (Immune) [4]

(Ab) Human B-cells;
CoV-2 Patient [207]

Figure 5.2: Donut plots comparing the biological/synthetic origin of documented
binders to SARS-CoV-2 (2019 pandemic), MERS-CoV (2012 epidemic), and SARS-
CoV-1 (2003 epidemic). Absolute numbers of binders in brackets (as of 5™ August
2020). Ab: Antibody; Nb: Nanobody; PD: Phage Display.
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SARS-CoV-2 (2019)

S; S2 [22]

S; Unk [205]
S; NTD [42]
S; RBD [594]
S; S1 non-RBD [265]
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S; RBD [114]
SARS-CoV-1 2003
Unk [5
N [2]\ |n/S[; ]SZ [5]
|
S; Unk [184] S; RBD [156]

/4 — S; non-RBD/RBD [2]
~

S; NTD [4]
S; non-RBD [124]

Figure 5.3: Donut plots comparing the protein epitopes of documented binders to
SARS-CoV-2 (2019 pandemic), MERS-CoV (2012 epidemic), and SARS-CoV-1 (2003
epidemic). Absolute numbers of binders in brackets (as of 5™ August 2020). M =
Membrane Protein; N = Nucleocapsid Protein; NTD = N-Terminal Domain; RBD =
Receptor Binding Domain; S = Spike protein; Unk = Unknown.
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Number of SARS-CoV-2 Binders [Percentage]

IGHV Gene
3-30

118 [12.9%]

1-69 115 [12.5%]
3-53 55 [6.0%]
1-2 35 [3.8%]
3-23, 3-66, 4-39 34 [3.7%]
3-9,3-30-3 32 [3.5%]
1-46, 5-51 29 [3.2%]
4-4, 4-34 24 [2.6%]
3-7,3-33 23 [2.5%]
1-18 22 [2.4%]
4-59 20 [2.2%]
3-48, 7-4-1 19 [2.1%]
1-8,3-21 17 [1.9%]
1-24, 2-5 15 [1.6%]
1-58 14 [1.5%]
3-13 13 [1.4%]
3-11, 3-64(D), 4-31, 4-61 12 [1.3%]
3-20 9[1.0%]
3-49 8 [0.9%]
2-70, 3-15 7[0.8%]
2-26 5 [0.5%]
3-74, 4-38-2 4[0.4%]
1-3, 4-30-4 3[0.3%]
3-43, 5-10-1 2[0.2%]
3-23,3-72, 4-38 1[0.1%]

Number of SARS-CoV-1 Binders [Percentage]

B IGHV Gene
3-30

77 [16.7%)
1-69 75 [16.3%]
3-23 38 [8.2%]
1-18 19 [4.1%]
1-2,3-30-3 18 [3.9%]
3-7 17 [3.7%]
3-33,5-51 12 [2.6%]
1-46,3-9, 3-11, 4-4 11 [2.4%)
4-39 10 [2.2%]
4-34, 4-59 9 [2.0%]
2-5, 4-61 8 [1.7%]
3-13, 3-48 7 [1.5%]
1-8, 3-20, 3-21, 3-53, 7-4-1 6 [1.3%]
3-49, 3-66, 4-31 5[1.1%]
3-64(D), 3-72 4[0.9%]
1-24, 4-38-2 3[0.7%]
1-58, 2-26, 3-43, 3-64, 6-1 2[0.4%)
1-3,3-15,3-23,3-74 1[0.2%]

Number of MERS-CoV Binders [Percentage]

IGHV Gene
1-69

37 [39.4%)]
3-23 20 [21.3%]
4-39 6 [6.4%]
2-5 5 [5.3%]
3-30 4[4.3%]
4-59 3[3.2%]
1-3,1-18, 3-11, 3-15, 3-21 2 [2.1%]
1-2, 1-46, 3-9, 3-30-3, 4-4, 4-34, 6-1 1[1.1%]

Table 5.1: Comparing the human antibody heavy chain V-gene origin of docu-
mented binders to (A) SARS-CoV-2, (B) SARS-CoV-1, and (C) MERS-CoV. Num-

bers/percentages correct as of 5" August 2020.
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Certain germlines were expanded in both SARS-CoV-2 and SARS-CoV-1 human
antibody binders, for example the IGHV3-30 gene is represented in 13% of SARS-
CoV-2 human antibodies over at least 7 studies [254, 287, 289, 290, 295, 327, 328§]
and 17% of SARS-CoV-1 human antibodies over at least 10 studies ( [144, 254, 287,
289, 298, 306, 311, 328, 330] and patent CN1903878), but only in 4% of MERS-CoV
human antibodies over at least 4 studies ( [307, 331, 346] and patent WO2105179535).

In contrast, the IGHV3-53 gene represented 6% of SARS-CoV-2 human antibody
binders, yet appeared in just 1.3% SARS-CoV-1 human antibody binders and no
IGHV3-53 MERS-CoV binder has yet been reported. The SARS-CoV-2 IGHV3-53
epitopes have been explored structurally by Yuan et al. [358] and Wu et al. [357].

The IGHV1-69 gene was notably under-represented in reported SARS-CoV-2
binders until the study by Wec et al. [341], in which SARS-CoV-2 spike protein
baits were used to fish cross-reactive binders from an uninfected human who caught
and recovered from SARS-CoV-1 in 2003. The researchers found the VH1-69/VK2-30
germline gene pair to be highly over-represented (used by around 30% of all detected
SARS-CoV-2 reactive antibodies) and displayed high levels of somatic hypermutation,
implying substantial affinity maturation. That the IGHV1-69 gene family was asso-
ciated with SARS-coronavirus cross-reactivity is striking evidence towards this heavy
germline gene providing stable framework for long-CDRH3 broadly-neutralising an-
tibodies, as has previously been reported against influenza hemaggluttin. Wec et al.
are carrying forward the most promising candidates for clinical trials to investigate
whether these SARS-CoV-1-raised antibodies can confer protection against SARS-
CoV-2 infection. The results of these experiments will be profoundly useful for those
investigating the plausibility of the ‘herd immunity’ public health strategy and, if

found to be protective, will likely influence future vaccine design.

5.2.5 Web Application

CoV-AbDab is located at http://opig.stats.ox.ac.uk/webapps/coronavirus (Fig. 5.4A).
Users can download the entire database or search-filtered results as a CSV file and
bulk download all ANARCI numberings, IMGT-numbered antibody- or nanobody-
CoV structure files, and IMGT-numbered antibody/nanobody homology models (Fig.
5.4B). A summary of tracked (but not included) antibodies and coronavirus studies
is also provided.

The database can be queried by variable domain sequence (Fig. 5.4C) or by
attribute (Fig. 5.4D). Attribute search results can be further filtered by a search
term and ordered by any metadata field for maximum interpretability (Fig. 5.4E).
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(2 CoV-AbDab

The Coronavirus Antibody Database

t\\ sl W o A

B D - SeorCh DQtObcse by Att”bUte

To view all entries, leave all search fields as 'All' and click ‘Search’

Database (CSV)

ANARCI Numbenngs (]son) Type: Al ~
PDB Structures (tar.gz) Binds to:  All ~
Homology Models (.mr.gz) Doesn't bind to: ~ All -
Tracked Datasets (xlsx) Neutralising against: | Al -
Not neutralising against: Al .
> Search Database by Sequence Protein/Epitope: ~ All e~
Origin: Al -
Enter a sequence (either a full-length variak Heavy V Gene: | Al 5
your query.
Heavy ) Gene: Al .
Only database entries that are the same len
Light V Gene: Al -
g All ~
Query sequence. Light ] Gene
Search
E Show 10 v entries Search:  Yan Wu et al, 2020
Heavy V Gene Heavy J Gene Light V Gene Light J Gene CDRH3 CDRL3 Structures ABB Homology Model
TGHV3-53 I6KV1-9 PDB entry 7BZ5
1GHI6 (Human) I6KI2 (Human) — AREAYGMDV QQLNSYPPYT dtghetind (8 v
B38 s S
TGHV1-2 TGKV2-46
H4 TGHI2 (Human) IGKI4 (Human) — ARVPYCSSTSCHRDWYFDL MQRIEFPLT ND download or vic
(Human) (Human)

F

Database Entry CDR Sequence Identity Ab or Nb  Binds to

B38 H3 100.00% Ab SARS-CoV2

165 106 107 108 109 114 115 116 117
A R E A Y G M D v
A R E A Y G M D v

c148 H3 66.67% Ab SARS-CoV2

165 106 167 168 1609 114 115 116 117
A R E A Y G M D v
A R 1 A N Y M D v

Figure 5.4: The CoV-AbDab website (http://opig.stats.ox.ac.uk/webapps/coronavirus).
(A) CoV-AbDab homepage logo (background image credit: David Goodsell). (B) All
CoV-AbDab data can be downloaded. (C) The database can be queried by sequence
(full chain or CDRH3). (D) The database can be queried by attribute (neutralisation
profile, developmental origin, germlines, etc.). (E) All results filtered by a particular
study [343]. Shown is the information required for clonotyping, a solved structure
for B38, and a homology model for H4. (F) The result of using the sequence search
feature from panel ‘C’ with the CDRH3 from B38. Alignments and metadata are
given for the top ten closest matches. (G) The in-browser viewer displaying the
homology model of H4.
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Searching by sequence returns the top-10 same-length whole chain and/or CDR3
sequence identities to the query. Query-target alignments are displayed (Fig. 5.4F).
Any entry with a homology model can be viewed in-browser using our native molecular
viewer (Fig. 5.4G).

5.3 B-Cell Receptor Repertoire Profiling

The following investigations are examples of how CoV-AbDab can be used to add
putative functional annotations to BCR repertoire sequences and derived structures.
The first study analyses UK COVID-19 patients to derive B-cell clones found to be
uniquely convergent in response to SARS-CoV-2 (i.e. absent in a set of healthy and
influenza-response control repertoires). The second study compares all CoV-AbDab
probes to over 1 billion human VH chains from the OAS database [88], compris-
ing a further five SARS-CoV-2 studies (not including our UK dataset) and over 50
healthy /unrelated disease studies from before the start of the COVID-19 pandemic.
Finally, we show how the solved antibody-antigen structures in CoV-AbDab can be
used to ‘fish’ for similar topologies in the ‘Public Baseline’ Antibody Model Library
generated in Chapter 3.

5.3.1 Methods

Comparing Convergent Clones from SARS-CoV-2 Repertoires to CoV-
AbDab

A series of experimental and computational protocols performed by our collaborators
at Barts Healthy NHS Trust, Illumina, and Alchemab led to a total of 1,254 SARS-
CoV-2 convergent clones that were unobserved in healthy or influenza control groups
(full details in the Appendix). The CDRH3 sequences from the convergent clones were
clustered alongside all the non-redundant CDRH3 sequences in CoV-AbDab [228] (5
August version) using the cd-hit-2d package from CD-HIT [247], selecting an 80%
sequence identity threshold and allowing at most a CDRH3 length mismatch of 1
amino acid (indels penalised as a mismatch). Cluster centres containing at least one
CoV-AbDab CDRH3 and one convergent clone CDRH3 were further investigated for
clonotype matches (i.e. where the probe sequence and the convergent SARS-CoV-
2 clonotype share the same V and J gene origins). Due to their extremely similar
amino acid sequence identity, the following V gene pairs were permitted within the
same clone: IGHV3-30/IGHV3-30-3 and IGHV3-53/IGHV3-66.
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Proximity of CoV-AbDab Clonotypes to SARS-CoV-2 and pre-COVID-19
BCR Repertoires

The 905 non-redundant human antibody CDRH3 sequences in CoV-AbDab (at the
level of 100% sequence identity, as of 9" September 2020) were pooled as a set of
reference probes (their corresponding V and J genes were also recorded). Separately,
the OAS database was mined for the ~1 billion VH sequences belonging to all human
antibody Ig-seq studies from before November 2019 as well as five SARS-CoV-2 Ig-
seq studies conducted since the start of the pandemic [98, 309, 359-361]. We assume
that the vast majority of the pre-November 2019 sampled population is serologically
naive to both SARS-CoV-1 and SARS-CoV-2, given the estimated start date of the
pandemic and the relatively low case numbers of SARS-CoV-1 recorded in 2003. We
ensured no CoV-AbDab probes derived directly from the assessed Ig-seq studies to
avoid trivial hits.

For each CoV-AbDab probe, we searched for the set of human sequences assigned
to the same closest V and J genes, and thereafter recorded the maximum CDRH3
sequence identity seen within these common VJ pairings. Two different clonotype
definitions were investigated: ‘Briney V3J’ clonotype matches require the same V
and J gene identity and 100% CDRH3 sequence identity (as per Briney et al. [4]),
while ‘Soto V3J’ clonotype matches require the same V and J gene identity and to
be within 80% CDRH3 sequence identity (as in Soto et al. [80]).

Using a SARS-CoV-2 Complex Structure to Interrogate the Public Base-
line Antibody Model Library

We downloaded the IMGT-numbered [11] solved structure for the SARS-CoV-2 RBD-
binding antibody, B38 [357], from CoV-AbDab (original PDB code ‘7bz5’). Sepa-
rately, we filtered the ‘Public Baseline’” AML for the subset of structures with the
same combination of six North-defined [15] CDR lengths as B38. The SVDSuperim-
poser package from the Biopython suite [362] was then used to align the backbone
atoms of each model to the B38 crystal structure. This package finds the ideal rota-
tion/translation matrices to align two sets of points together, such that the RMSD
between the two structures is minimised. The high structural homology in the Fv
framework region ensures SVDsuperimposer generates reliable, consistent alignments
between Fvs and provides a good means for judging structural similarity between
antibody CDR regions. The Fv root-mean-squared deviation (RMSD) between each
AML model and B38 was calculated using the same in-house script as used in the com-

parison to therapeutic structures (see Section 3.3). Repertoire Structural Profiling
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and AML homology modelling (Chapter 3) were performed using FREAD databases
compiled in February 2019, and so neither tool had access to the framework/CDR
templates from the SARS-CoV-2 binding antibodies isolated during the pandemic.

On finding the closest model to B38 (H32304+L112151), the 105 Fv sequences
predicted to lie on this model structure were transplanted onto the model backbone
and the PEARS software (see Seciton 1.3.4.4) was used to model-in all mismatching
residue side chains.

As a measure of paratope similarity to B38, we used the Ab-Ligity tool, recently
developed in our group. Ab-Ligity converts antibody binding sites into hash ta-
ble representations that capture both structural (via relative Cartesian coordinates)
and chemical (by grouping residues based on interaction characteristics) features
of paratopes. Here, paratope residues were not algorithmically predicted, instead
the coordinates of the solved 7hzb complex were used to mark up the set of anti-
body residues within 4.5A of the cognate antigen. Through comparison of SAbDab
paratopes that bind to the same/highly similar epitopes, the authors determined a
threshold Ab-Ligity score (Tversky index) of > 0.1 as having optimal precision-recall
in distinguishing paratopes that are likely to bind the same epitope from those that
are not.

Ab-Ligity was run on each of the 105 side chain-remodelled derivatives to create a
hash table for each model paratope across the set of actual paratope positions. The
hash table for each of these variants was compared to the hash table for the true B38
complex, and the predefined Ab-Ligity threshold score of 0.1 was used to distinguish

paratopes with similar binding characteristics from those that are dissimilar.

5.3.2 Results

5.3.2.1 Comparing Convergent Clones from SARS-CoV-2 Repertoires to
CoV-AbDab

Thirty-one clusters involving a total of 50 CoV-AbDab reference CDRH3 probes and
39 SARS-CoV-2 convergent clonotypes were recorded. Twelve (38.7%) of these clus-
ters contained a CoV-AbDab probe VH and a SARS-CoV-2 convergent clone VH that
align closest to the same V and J gene; these are recorded in Table 5.2 with probe
sequences spanning 7 independent SARS-CoV-2 studies [254, 287, 289, 290, 327, 328,
350].

The metadata collated in CoV-AbDab for each of these reference hits can then
be used for further stratification of consensus clonotypes. For example, three of the
matched CoV-AbDab probes (COV2-2790, REGN10977, and COVA2-04) have been
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shown to strongly neutralise SARS-CoV-2 pseudovirus, and so their corresponding
convergent clonotypes (ALC_2318471, ALC_1780442, and ALC_498298) or combina-
tions thereof, might be chosen for further therapeutic development against SARS-
CoV-2. Alternatively, if more broadly neutralising candidates are required, the con-
vergent clones that map to CoV-AbDab references that bind and/or neutralise both
SARS-CoV-1 and SARS-CoV-2 could be investigated. Clinical prognosis data could
also be combined with the mapped CoV-AbDab probe neutralisation profiles to iden-
tify which of the convergent response antibodies may lead to the best outcomes at a
phenotypic level.

Matches to CoV-AbDab can also be used to learn more about the immune response
to SARS-CoV-2 infection. For example, five of the twelve convergent clones (42%)
map to ‘S1, not Receptor Binding Domain (RBD)’ binders, despite binders to this
epitope only constituting ~23% of CoV-AbDab probes, and one cluster mapped to S2,
despite the fact that only 22/1128 (2%) of the probes in CoV-AbDab bind this region
of the Spike protein. This indicates that natural infection can lead to a convergent
response against many different epitopes on the spike protein besides the RBD. More
studies into binders to other SARS-CoV-2 surface proteins such as the Nucleocapsid
and Envelope proteins are required to detect whether they too elicit a convergent

response.

5.3.2.2 Proximity of CoV-AbDab clonotypes to SARS-CoV-2 and pre-
COVID-19 BCR repertoires

In this work, we compared the CoV-AbDab reference sequences with human Ig-seq
datasets recorded in the Observed Antibody Space (OAS) database [88] to profile
which of the SARS-CoV-2 binding clonotypes are most diagnostic of a SARS-CoV-2
response. We first plotted the maximal CDRH3 sequence identity recorded between a
CoV-AbDab probe sequence and the OAS datasets, conditioning on matches having
the same V and J gene origins (Fig. 5.5; mean 76.9%, max 100%, min 30.4%). We
observed 39/930 (4.2%) coronavirus binding antibodies with a ‘Briney V3J’ clono-
type match to OAS, while 426/930 (45.8%) shared a ‘Soto V3J’ clonotype (see Sec-
tion 5.3.1 for definitions). Conversely, 92 CoV-AbDab VJ matches could only reach
peak CDRH3 sequence identities between 30%-60% when compared to the OAS VHs.
These coronavirus binders are distal in identity both to SARS-CoV-2 and non-SARS-
CoV-2 antibody repertoires, suggesting a significant proportion of the SARS-CoV-
2 binding antibodies in CoV-AbDab (which were largely baited from convalescent

human serum) represent part of a highly ‘private’ (bespoke to a single individual)
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CoV-AbDab CDRH3 Sequence | Epitope | CDRH3 SC2 Rep. | Isotypes
[Blue: SARS-CoV-2 Binder] Matches Matches | [B: Bulk]
(Studies) (Studies)
ARDGYGSGSDYYYYYYMDV S RBD 1 (1) 0% B
ARDSVAGIYYYYGMDV Sn-RBD | 1 (1) 0% M
AAPYCSRTSCHDAFDI S RBD 1(1) 100% (1) | G
ARVNSGSYYSYFDY Sn-RBD | 1 (1) 0% M
ARRGDGLYYYGMDV S Unk 1(1) 0% M
ARGVVAATPGWFDP Sn-RBD | 1 (1) 0% M
ARGPAATYYYYMDV S n-RBD | 2 (1) 100% (1) | M
AREDYYDSSGSFDY S RBD 6 (1) 0% M
ARAQGGNYYYGMDV S n-RBD | 250 (1) 100% (1) | G
AKDGSGSYYGWFDP S n-RBD | 2 (2) 0% M
ARVGGYYYYYMDV S RBD 14 (4) 0% D,M,B
ASSSWLRGAFDI S RBD 1(1) 100% (1) | G
ARVGSSSWYFDY S n-RBD | 573 (7) 98.3% (4) | A,G,M,B
ARLGGSSWHFDY S n-RBD | 117 (1) 100% (1) | G
ARDLDVSGGMDV S RBD 135 (1) 100% (1) | G
ARDGELLGWFDP S RBD 3 (1) 0% M
AKEIAVAGCFDY Sn-RBD | 1 (1) 0% B
AKATTVTTYFDY S Unk 7 (3) 14.3% (1) | M
ARSGDSDAFDI S RBD 1 (1) 0% M
ARDYGDYYFDY S RBD 13 (7) 38.5% (2) | D,G,M,B
ARDYGDLYFDY S RBD 3 (3) 66.7% (2) | G,M
ARDYGDFYFDY S RBD 75 (4) 96% (3) A,G,M,B
ARDRVVYGMDV SRBD |6 (3) 0% D,M,B
ARDLYYYGMDV S RBD 13 (4) 77% (1) | AM,B
ARDLVVYGMDV S RBD 26 (5) 84.6% (2) | A,G,.M,B
ARDLSEGGMDV SRBD |2 (1) 0% M
ARDLGPYGMDV S RBD 12 (4) 83.3% (2) | G,M
ARDFGEFYFDY S RBD 1(1) 100% (1) | A
VRDTDWAFDS S Unk 3 (2) 0% AG
ARDRSYYLDY SRBD |2 (1) 0% M
ASGPNYFDY S Unk 6 (2) 0% AG
ARRDTDFDY S n-RBD | 2 (1) 0% M
ARGAASFDY Sn-RBD | 1 (1) 0% M
AREAYGMDV S RBD 8 (4) 12.5% (1) | G)M
ARDLPPLDY S Unk 988 (9) 23% (1) | AD,G,M,B
ARGWYFDY SNTD | 27 (5) 3.7% (1) | G,M
AKPYCMDV S n-RBD | 110 (11) 7.3% (2) | AD,GM,B
ARGFDY S n-RBD | 20283 (19) | 98.0% (5) | All
AGNDY SRBD |6 (4) 0% M,B

Table 5.3: The CDRH3s and metadata of all ‘Briney V3J’ clonotypes shared between
CoV-AbDab and OAS repertoires [88]. NTD = N-Terminal Domain, (n-)RBD =
(not) Receptor-Binding Domain, S = Spike, SC2 Rep. = SARS-CoV-2 Repertoire.
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Figure 5.5: The highest CDRH3 sequence identity recorded between a CoV-AbDab
VH and the selected set of OAS VHs, conditioning on both sequences having the
same V and J gene origins. The dashed black line indicates a mean value of 76.9%
maximum sequence identity.

antigen response. Their rarity in the wider population could make them extremely
diagnostic of SARS-CoV-2 exposure, particularly considering the sampling depth of
pre-COVID19 repertoires (both healthy and diseased) in this investigation.

We then recorded the OAS metadata for the 39 datasets that shared a ‘Briney V3J’
clonotype with CoV-AbDab, presented in Table 5.3. The matched CDRH3s spanned
many lengths (5 through to 19). Several closest CDRH3 sequence identity clonotype
matches occurred to pre-COVID-19 BCR repertoires rather than SARS-CoV-2 BCR
repertoires, showing the presence of a CoV-AbDab clonotype match in itself is not
necessarily diagnostic of a SARS-CoV-2 response. This is particularly evident for
shorter CDRHS3 loops. However, some clonotype matches do appear to be more
characteristic of SARS-CoV-2 repertoires — seven clonotypes appeared only in SARS-
CoV-2 repertoires and in no others. In six out of these seven cases, the OAS metadata
shows evidence of maturation through class switching (five to IgG, one to IgA), which
may be diagnostically relevant. Another observation is that several of these matches
occurred many times but only to a single SARS-CoV-2 study, which suggests that
protocol-specific biases may be expected to detect particular clonal matches and miss
others. Finally, the number of pre-COVID IgM repertoire clonotype matches to CoV-

AbDab is consistent with most humans being able to initiate an antibody immune

133



response to several SARS-CoV-2 antigens, a finding which is in accordance with the

growing number of serum characterisation studies [98, 310, 358, 359, 363].

5.3.2.3 Using a SARS-CoV-2 Complex Structure to Interrogate the Pub-
lic Baseline Antibody Model Library

One such study by Yuan et al. [358] identified a structural basis behind a public
set of IGHV3-53 and IGHV3-66 antibodies with potential to neutralise SARS-CoV-
2 by binding to the same RBD epitope. Here, we interrogate our ‘Public Baseline’
Antibody Model Library (AML, see Chapter 3) with a solved IGHV3-53-derived RBD
binder (‘B38’ [357]) to see whether this complementary geometry is represented across
the naive repertoires of all ten healthy individuals, and if so, to compare the associated
baseline paratopes to the proven SARS-CoV-2 binder.

The closest ‘Public Baseline’” AML geometry to the B38 solved structure had an
Fv RMSD of 1.07A; an aligned structure is shown in Fig. 5.6A. This distance is
comparable to the mean closest geometry between the AML to solved therapeutic
structures (though if ABodyBuilder had been able to choose FREAD templates from
solved SARS-CoV-2 structures — as it was able to select fragments from most solved
therapeutic structures, so long as the resolution was < 2.5A — an even closer AML
binding site geometry might have been found).

Tracing back to find the Fv sequences predicted to adopt this structure across
ten individuals, we found 105 unique sequence pairings. These various VH and VL
sequence side-chains were then modelled onto the H32304+L112151 model backbone
and Ab-Ligity was run on each resulting structure to predict the number of shared
paratopes (see Section 5.3.1). A total of 86/105 (81.9%) models recorded an Ab-
Ligity score of > 0.1, indicating that they may have enough chemical and structural
similarity to bind to the same epitope as B38 (Fig. 5.6B). The top 18 Ab-Ligity
scores (0.268-0.459) belong to Fvs with an IGHV3-53 or IGHV3-66 heavy V gene
family origin, consistent with B38. However, several Fvs with other heavy germline
V genes yielded maximum Ab-Ligity scores significantly above the 0.1 threshold,
including IGHV3-13 (0.260), IGHV4-59 (0.257), IGHV4-34 (0.252), and IGHV4-4
(0.252). These germlines may represent alternative evolutionary maturation pathways
to engage the same RBD epitope as B38. From an industrial perspective, they may
also present opportunities for ‘germline hopping’ to expand lead compound diversity,
though their persistently lower Ab-Ligity scores suggest they might require targeted

mutations to improve affinity to the desired level.
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Figure 5.6: (A) The backbone structural alignment between the solved B38 crys-
tal structure and the closest ‘Public Baseline’ Antibody Model Library model,
H32304+1.112151. (B) The distribution of Ab-Ligity scores assigned to the 86/105
Fvs that surpassed the 0.1 threshold.

5.4 Update and Chapter Conclusion

At the time of writing (2°¢ October, 2020), CoV-AbDab contains 1,545 entries and
we are tracking at least 25 preprints likely to release sequence information upon
publication. As the global pandemic has accelerated throughout 2020, it seems likely

that many more immunological studies will be performed into SARS-CoV-2 infection
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and that CoV-AbDab will grow accordingly.

Debate still rages as to whether the B-cell or T-cell compartment of the immune
response confers most protection against the virus [364], and also as to the duration
of effective immunological memory [365, 366]. It has also been hypothesised that
some antibody responses might be associated with worse prognosis (via. mechanisms
as antibody-dependent enhancement) while others may be efficacious in accelerating
viral clearance from the body [81, 367-369]. At a general level, high titres of spike-
binding antibodies have been correlated with more severe clinical symptoms in natural
SARS-CoV-2 infections [370, 371]. Databases will play a key role in assimilating the
clinical findings of different hospitals around the world, to observe which characterised
antibodies are statistically significantly associated with various disease severities.

It is our hope that Ig-seq experiments, coupled with repositories like CoV-AbDab
and high-throughput repertoire functional characterisation experiments [70, 71], will
be harnessed to characterise vaccine responses to molecular detail. The level of un-
derstanding provided by such a framework has the potential to feedback into vaccine
design and yield a step-change improvement in both efficacy and safety.

Finally, we note that a rare positive consequence of the coronavirus pandemic
will be an unprecedented amount of publicly available antibody binding data against
a wide diversity of antigen epitopes. It is therefore likely that CoV-AbDab will
find use beyond the pandemic in providing training data and case studies for future

bioinformatics software packages.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This DPhil project has made significant advances towards a structure-based paradigm
for antibody drug discovery from natural repertoire sequences. We propose ‘Reper-
toire Structural Profiling” (RSP) as a computationally-tractable means of generating
structurally diverse natural antibody libraries for virtual screening. These represen-
tations of human antibody repertoires also hint at a set of ‘public’ naive binding site
topologies, which could be used to further understand epitope immunodominance
or to cluster together more sequence-diverse antibodies with same-epitope reactivity.
Coupled with RSP, our ‘Therapeutic Antibody Profiler’ (TAP) shows how statistical
and biochemical principles can be combined to prioritise more developable antibody
lead candidates in early-stage antibody development. These fully-in silico approaches
fit within our broader vision of informatics-driven antibody discovery. The next stage
for RSP and TAP is benchmarking within industrial pipelines, where sufficient data
can be retrieved to improve algorithmic performance and yield real-world impact.
Underpinning these discoveries is the groundwork performed in collating the Ther-
apeutic Structural Antibody Database (Thera-SAbDab). Once at critical mass, this
molecular information on clinically-investigated antibodies will be exploitable to dis-
cern further general features that distinguish successful from unsuccessful antibody
drugs. We applied similar principles in compiling the Coronavirus Antibody Database
(CoV-AbDab) during the early stages of the SARS-CoV-2 pandemic. The over 1,500
datapoints in CoV-AbDab are being used to guide prophylactic antibody design and
to better understand the protective capacity of both natural infection and vaccine
response B-cell receptor repertoires. The impact of this database, visited by over

3,000 independent users worldwide at the time of writing, builds a strong case for a
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pandemic preparedness strategy that includes advance curation of similar libraries of

immunoglobulins that can bind to all known infectious agents.

6.2 Future Work

The obvious next-step for this project is to complete the proposed pipeline by de-
signing a docking protocol that can both cope with the computational complexity
of assessment thousands of Antibody Model Library (AML) antibodies while simul-
taneously providing sufficiently accurate results that can stand up to experimental
scrutiny. This is likely to require a tiered process of multiple docking rounds, start-
ing with rapid rigid-body docking and adding more consideration for flexibility and
reintroducing sequence diversity around promising scaffolds as the most obvious non-
complementary AML topologies are weeded out.

A major challenge of molecular docking is accurate pose scoring. In recent years,
three-dimensional convolutional neural network (3D CNN) architectures, where in-
puts are voxelised binding site co-ordinates and outputs can be interpreted as com-
plementarity probabilities, have significantly improved small molecule pose ranking.
Consequently, another group member (Constantin Schneider) has developed a be-
spoke 3D-CNN antibody-antigen pose scoring function, trained on PDB-derived anti-
body model-antigen crystal structure complexes. This work has delivered promising
results and is nearing completion, so could be incorporated into this docking protocol
within months.

To achieve maximal impact on future antibody drug discovery, we must be able
to show that our methodology can computationally identify true antigen binders
from AMLs with considerably higher enrichment than existing in wvitro technologies
and with shorter lead-times. We have therefore negotiated a Confidential Disclosure
Agreement with Hoffmann-La Roche both for access to their database of binding
affinity data against a range of antigen epitopes and use of their in-house antibody
expression and binding assessment technology for experimental assessment of as yet
untested antibody lineages and antigen targets. Their existing database will be use-
ful for ‘post-diction’ studies, where we see how well a ‘blindfolded’ version of our
algorithm can identify known binders. It will also provide extra training data for
our CNN scoring function, which can learn from a greater diversity of true positives,
improving performance while not compromising Intellectual Property. Having access
to their antibody expression technology will be pivotal in benchmarking a subse-

quent computational affinity maturation protocol, which can suggest mutations in a
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developability-aware manner, to improve binding strength to the levels required by
industry.

A further investigation would be to analyse the effect of the light chain on observed
AML structural diversity. Many publicly-available BCR repertoire samples only con-
tain heavy chain information, and so cannot currently be analysed. Although deeper
paired-chain sequencing data is on the horizon, it is likely to take several years for the
full range of diseases analysed by Next-Generation Sequencing to be investigated at
the single-cell level. Therefore, the identification of a representative structural subset
of light chains to pair with any heavy-only dataset would enable the creation of a

greater diversity of disease-specific AMLs in the nearer-term.
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Appendix A

Supplementary Methods, Tables,
and Figures

Chapter 2
CDR-H3 Number of possible sequences Length Perfect Probability of
length frequency in matches finding a single
CSTs sequence in 960m
samples
5 3,200,000 3 3 1
6 64,000,000 5 3 1
7 1,280,000,000 2 0 0.75
8 25,600,000,000 9 3 0.0375
9 512,000,000,000 22 14 0.00187
10 10,240,000,000,000 21 7 9.375e-05
11 204,800,000,000,000 29 6 4.6875e-06
12 4,096,000,000,000,000 43 7 2.34375e-07
13 81,920,000,000,000,000 28 5 1.171875e-08
14 1,638,400,000,000,000,000 23 3 5.859375e-10
15 32,768,000,000,000,000,000 18 1 2.9296875e-11
16 655,360,000,000,000,000,000 14 1 1.46484375e-12
17 13,107,200,000,000,000,000,000 5 1 7.32421875e-14
18 262,144,000,000,000,000,000,000 7 0 3.662109375e-15
19 5,242,880,000,000,000,000,000,000 8 0 1.8310546875e-16
20 104,857,600,000,000,000,000,000,000 3 0 9.1552734375e-18
23 838,860,800,000,000,000,000,000,000,000 2 0 1.14440917969e-21

Table A2.1. The first two columns show the theoretical number of amino acid
sequences for each CDR length, assuming any amino acid can be chosen at any
position. The next two columns compare the number of times a tested therapeutic
had a CDR-H3 of that length, along with the number of therapeutic CDR-H3s that
recorded a perfect match to a CDR-H3 in the Observed Antibody Space database.
For context, the final column shows the probability of observing one perfect match

at each length, given 960 million random samples of the theoretical sequence space.
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Figure A2.1. Bar charts showing (blue) the distribution of CDR lengths across
all 242 tested therapeutics, (green) the distribution of CDR lengths across the 54
therapeutics with a perfect match to OAS, and (red) the distribution of CDR lengths
across the 22 therapeutics with a perfect match to OAS with and without the Briney
et al. dataset.
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Chapter 3

Dataset All VH All VL Modellable VH | Modellable VL Predicted Distinct
[90% SIC] [90% SIC] Modellable Fvs | Structures

1 (S64) 177.603 123,934 10,087 6,779 6,420,211 209,394
2 (S57) 169.805 118,020 9,860 7,922 7,225,630 201,039
3(S5) 159,544 139,845 8,999 8.526 6.827.419 200,708
4 (S56) 162,446 136,874 9,309 7,168 6,628,683 195,061
5 (S83) 152.299 112,733 9,048 8.076 6,170,373 193,384
6 (S67) 173.722 120,237 9,349 6,424 5,544,952 193,061
7 (S84) 164,017 138,874 8.702 8,232 5.634,598 191,617
8 (S76) 148,180 126,713 8,778 7,047 5,856,150 191,162
9 (S54) 121.993 133,921 7,581 9,066 5,074,822 181,290
10 (S89) 152.710 144,340 8,923 9,293 5.414.820 177.829
11 (S13) 127,321 134,485 7,276 8.654 5,314,377 174,105
12 (S93) 110,676 110,904 7,260 7,528 4,799,497 173,006
13 (S87) 120.424 104,440 7,569 6,145 4,043,317 172,200
14 (S86) 156,096 132,580 8,411 7,475 5.130,237 171,940
15 (S10) 109,552 134,816 6,816 8.351 5,152,331 167,153
16 (S50) 157,428 109,437 8,614 5,533 4,556,841 162,663
17 (S75) 105,099 119,470 6,576 7,711 4,174,078 156,510
18 (S8) 150,763 112,479 8.241 6,604 4,305,148 156,044
19 (S37) 137.951 103,825 7,815 5,983 3.565.942 156,034
20 (S59) 111,842 125,621 6,598 8,117 4,807,933 150,425
21(S22) 113.023 145,227 6,220 8.781 4,108,518 149,575
22 (S77) 118.326 114,384 7,407 7,195 3.821.870 148,950
23 (S58) 114.817 101,696 7,663 7,088 4,388,190 148,753
24 (S30) 112,518 107,459 6,383 6.842 3,667,996 148.691
25 (S27) 125,328 122,194 7,347 7,305 3.989.334 147,654
26 (S74) 119,371 104,430 6,375 5,753 2,961,937 146,049
27 (S12) 117,699 127,682 6,762 6,860 3.388.406 144916
28 (S19) 111,012 102,905 6,595 6,064 3,471,725 143,027
29 (S52) 109.826 113,067 6,450 5,760 3,397,333 142,110
30 (S60) 112,802 108,429 6,513 5,790 3,310,781 140,525
31(S11) 102,847 114,304 5,610 6,873 3,495,280 139,094
32 (S51) 117.156 122,970 6,187 6,652 3.828.676 139,024
33 (S25) 108,425 101,548 6,159 6,125 3,176,321 137,503
34 (S34) 114,748 174,784 6,195 11,937 6.404,104 136,973
35(S29) 100,214 143,027 5,369 9,501 3.819.414 136,811
36 (S72) 118.995 111,611 6,360 6,152 2,627,255 136,161
37 (S91) 114,196 118,422 6,175 8.304 4,256,118 132,851
38 (S65) 134,646 124,116 7,008 8.584 3,446,622 108,021
39 (S95) 118.576 162,377 5412 11,748 5,901,443 91,855
40 (S17) 102.405 111,669 5,310 7,945 2,690,081 91.229
41 (S4) 100,689 128,986 4,688 1,761 745,977 78,588
Overall 183,544,740

Table A3.1. Structurally profiling the baseline repertoire snapshots of 41 unrelated
individuals. In order, the columns show: the dataset label, the number of VH and
VL reads within each snapshot, the number of FREAD-modellable VH and VL reads
(once clustered at 90% sequence identity), the number of predicted modellable Fvs
resulting from these VH-VL pairings, and the number of distinct structures (cluster

centres) identified in each dataset. SIC = Sequence Identity Clustered.

161



# of Repertoires Modellable Fvs Cumulative Public & Private Public Distinct Structures
(Dataset Added) Added Distinct Structures (Overall % Public)
1 (S64) 6,420,211 209,394 209,394

2 (+S57) 7,225,630 340915 100,824 (29.57)
3 (+S5) 6,827,419 445,045 71,743 (16.12)
4 (+S56) 6,628,683 527,668 58,043 (11.00)
5 (+S83) 6,170,373 604,124 48,703 (8.06)
6 (+S67) 5.544,952 670,833 42,277 (6.30)
7 (+S84) 5,624,598 734,374 37,151 (5.06)
8 (+576) 5,856,150 793.831 33,572 (4.23)
9 (+S54) 5,074,822 846,670 30,474 (3.60)
10 (+S89) 5.414.820 896,328 27,389 (3.06)
11 (+S13) 5.314,377 940,957 25,621 (2.72)
12 (+S93) 4,799,497 980,905 24,015 (2.45)
13 (+S87) 4,043,317 1,023,105 22,052 (2.16)
14 (+S86) 5.130,237 1,061,003 20,867 (1.97)
15 (+S10) 5,152,331 1,100,394 19.468 (1.77)
16 (+S50) 4,556,841 1,130,974 18,421 (1.63)
17 (+875) 4,174,078 1,161,111 17,157 (1.48)
18 (+S8) 4,305,148 1,188,715 16,071 (1.35)
19 (+S37) 3,565,942 1,218,071 15,302 (1.26)
20 (+S59) 4,807,933 1,243,044 14,669 (1.18)
21 (+S22) 4,108,518 1,269,972 13,992 (1.11)
22 (+S77) 3.821.870 1,294,338 13.380 (1.03)
23 (+S58) 4,388,190 1,316,084 12,953 (0.98)
24 (+S30) 3,667,996 1,342,141 12,542 (0.93)
25 (+S27) 3,989,334 1,365,687 12,017 (0.88)
26 (+S74) 2,961,937 1,387,177 11.482 (0.83)
27 (+S12) 3,388,406 1,406,918 11,050 (0.79)
28 (+S19) 3.471,725 1,426,572 10,732 (0.75)
29 (+S52) 3,397,333 1,446,838 10,319 (0.71)
30 (+S60) 3,310,781 1,466,071 10,078 (0.69)
31 (+S11) 3,495,280 1,486,113 9.714 (0.65)
32 (+S51) 3,828,676 1,504,633 9.478 (0.63)
33 (+S25) 3,176,321 1,522,848 9.141 (0.60)
34 (+S34) 6,404,104 1,544,438 8,615 (0.56)
35 (+S29) 3.819414 1,564,003 8,226 (0.53)
36 (+S72) 2,627,255 1,581,699 7.966 (0.50)
37 (+S91) 4,256,118 1,598,785 7.818 (0.49)
38 (+S65) 3,446,622 1,614,661 6.891 (0.43)
39 (+S95) 5,901,443 1,629,262 5.935(0.41)
40 (+S17) 2,690,081 1,642,531 5.110(0.31)
41 (+S4) 745,977 1,650,922 4,573 (0.28)

Table A3.2. Evaluating the number of public distinct structures seen across multiple
baseline repertoire snapshots. In order, the columns show: the number of repertoires
compared (in brackets the identifier of the last dataset added), the number of pre-
dicted modellable variable domains (Fvs) added by the last dataset, the number of
distinct structures added by the last dataset, the (cumulative) number of public and
private distinct structures across all compared repertoires, and the number of pro-
portion of these structures that are public. The sharp drop-off in the proportion of

public structures in the final four repertoire snapshots can be rationalised by their

substantially lower internal structural diversity (see Table A3.1).
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Dataset Public Clonotypes (Briney Def’n, 100% seqID) | Public Clonotypes (Soto Def’n, 80% seqID)
Reference Clonotypes (S64) 70,255 [100%] 68,672 [100%]
Shared with S57 11 [<0.01%] 1,648 [1.30%]
And S5 0[0%] 358 [0.14%)]
And S56 0[0%] 194 [0.04%]
And S83 0[0%] 78 [< 0.01%]
And S67 0[0%] 49 [< 0.01%]
And S84 0[0%] 23 [<0.01%]
And S76 0[0%] 18 [< 0.01%]
And S54 0 [0%] 11 [<0.01%]
And S89 0[0%] 8 [<0.01%]

Table A3.3. Tracking the number of public clonotypes shared across all naive base-
line datasets analysed up to that point (e.g. 358 clonotypes are present in S64, S57,
and S5 according to the Soto V3J definition). The ‘Briney Definition’ clusters VHs
with the same V/J genes and 100% CDRH3 sequence identity, while the ‘Soto Defi-

nition’ clusters VHs with the same V/J genes and within 80% sequence identity.
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# of Repertoires Cumulative Cumulative Expected Cumulative
(Dataset Added) Modellable Fvs Distinct Structures Distinct Structures
1 (S64) 6,420,211 209,394 209,394
2 (+S57) 13.645.841 340915 445,057

3 (+S5) 20,473,260 445,045 667,732
4 (+S56) 27,101,943 527,668 883,925

5 (+S83) 33,272,316 604,124 1,085,170
6 (+S67) 38,817,268 670,833 1,266,018
7 (+S84) 44,451,866 734,374 1,449,463
8 (+S76) 50,308,016 793.831 1,640,461
9 (+S54) 55,382,838 846,670 1,805,975
10 (+S89) 60,797,658 896,328 1,982,578
11 (+S13) 66,112,035 940,957 2,156,232
12 (+S93) 70,911,532 980,905 2,312,767
13 (+S87) 74,954,849 1,023,105 2,444,639
14 (+S86) 80,085,086 1,061,003 2,611,960
15 (+S10) 85.237.417 1,100,394 2,780,003
16 (+S50) 89,794,258 1,130,974 2,928,623
17 (+S75) 93,968,336 1,161,111 3,064,760
18 (+S8) 08,273,484 1,188,715 3.205.172
19 (+S37) 101,839,426 1,218,071 3,321,474
20 (+S59) 106,647,359 1,243,044 3.478.284
21 (+S22) 110,755,877 1,269,972 3.612,283
22 (+S77) 114,577,747 1,294,338 3,736,932
23 (+S58) 118,965,937 1,316,084 3,880,052
24 (+S30) 122,633,933 1,342,141 3,999,683
25 (+S27) 126,623,267 1,365,687 4,129,795
26 (+S74) 129,585,204 1,387,177 4,226,398
27 (+S12) 132,973,610 1,406,918 4,336,910
28 (+S19) 136,445,335 1,426,572 4,450,139
29 (+S52) 139,842,668 1,446,838 4,560,943
30 (+S60) 143,153,449 1,466,071 4,668,923
31 (+S11) 146,648,729 1,486,113 4,782,921
32 (+S51) 150,477,405 1,504,633 4,907,793
33 (+S25) 153,653,726 1,522,848 5,011,389
34 (+S34) 160,057,830 1,544,438 5,220,257
35 (+S29) 163,877,244 1,564,003 5.344,827
36 (+S72) 166,504,499 1,581,699 5,430,514
37 (+S91) 170,760,617 1,598,785 5.569,326
38 (+S65) 174,207,239 1,614,661 5,681,737
39 (+S95) 180,108,682 1,629,262 5,874,212
40 (+S17) 182,798,763 1,642,531 5.961,948
41 (+S4) 183,544,740 1,650,922 5.986,278

Table A3.4. Tracking the total
seen across multiple baseline repertoire snapshots. In order, the columns show: the
number of repertoires compared (in brackets the identifier of the last dataset added),
the cumulative number of predicted modellable Fvs, the number of public and private
distinct structures seen across all compared repertoires, and the expected number

of cumulative public and private distinct structures if new distinct structures were

number of public

and private distinct structures

observed at the same rate per modellable Fv as seen in S64.
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CDR Templates/‘Public Baseline” Structure (Median)
CDRHI
CDRH2
CDRH3
CDRLI1
CDRL2
CDRL3

~N o0 W o B W

Table A3.5. The median numbers of unique FREAD templates assigned to each
CDR within a ‘Public Baseline” distinct structure.

V Gene | JGene | Count
V5-51 J4 83
V5-51 I3 18
V5-51 J6 3
V5-51 J5 2
V1-8 J5 9
V1-8 J6 3
V5-10-1 J4 8
V5-10-1 J5 1
Vi1-2 J4 7
Vi-2 J5 1
V1-3 J4 4
V1-46 I3 1
V1-69-2 J4 1

Table A3.6. The diversity of IGHV/IGHJ gene combinations represented across the
141 VH clonotypes assigned by Repertoire Structural Profiling to the H14012+4-1.14649

‘Public Baseline’ distinct structure.
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V Gene | J Gene CDRH3 (individual) | Overall Occupancy
V5-51 J4 | ARPYGSGSYSDY (S64) 3
ARHDGSGSYSDY (S54)
ARQYVSGSYSDY (S76)
V5-51 J4 | ARQGYGDYVTDY (S67) 3
ARQDYGDYVVDY (576)
V5-51 J6 | ARLGCYYYGMDYV (S5) 2
ARQGYYYYGMDYV (S5)
V5-51 J4 | ARQSSNWNGYVDY (S89) 2
ARQSSNWNGGDY (S89)
V1-69-2 J4 ATSRDGYNNLDY (S5) 2
ATARDGYNKLDY (S5)

V5-51 J4 | AGQDDYGDYVDY (S89) 2
ARQGDYGDYVDY (S89)

V5-51 J4 | AVGGGWYAVGDY (S5) 2
AVGGGWYGGGDY (S5)

V5-51 J4 | ARMGARPGYFDY (S89) 2
ARPGEDGLEFDY (S89)

V5-51 J4 AREETIARASDY (S76) 2

V5-51 J4 ARPDYAPSGIDY (S64) 2

V5-51 J4 | ARLKKKENWFDP (S67) 2

V5-51 J4 | ARRPMSYPEFDY (S67) 2

Table A3.7. The 12 multiple-occupancy VH clonotypes assigned by Repertoire
Structural Profiling to the H14012+1.14649 ‘Public Baseline’ distinct structure.

Dataset Public Clonotypes, Briney Def’n (% Public) | Public Clonotypes, Soto Def’n (% Public)
V1 Before (Reference Clonotypes) 48,459 [100%] 43,166 [100%]
Shared with V2 Before 310 [0.32%] 262 [0.34%]
And V3 Before 38 [0.03%] 321[0.03%]
V1 After (Reference Clonotypes) 86,837 [100%] 75,927 [100%]
Shared with V2 After 444 10.27%) 1,508 [1.02%]
And V3 After 33 [0.02%] 272 [0.13%]

Table A3.8. Tracking the number of public clonotypes shared across all ‘Before
Vaccination’ (Before) datasets and all 1After Vaccination’ (After) analysed up to
that point (e.g. 272 clonotypes are public across V1, V2, and V3 After Vaccination
according to the Soto V3J definition). The ‘Briney Definition’ clusters VHs with
the same V/J genes and 100% CDRH3 sequence identity, while the ‘Soto Definition’
clusters VHs with the same V/J genes and within 80% sequence identity.
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Figure A3.1. Bar charts comparing the (A) CDRH3 lengths, (B) CDRL3 lengths,
and (C) Combination of CDRH3+-CDRL3 lengths of S64 sequences assigned to ‘Public

Baseline’ (blue) and ‘Private Baseline’ structures (orange).
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Figure A3.2. Histograms comparing the (A) closest IGHV germline sequence iden-
tity, and (B) closest IGKV /IGLV germline sequence identity of S64 sequences assigned
to ‘Public Baseline’ structures (blue) against those assigned to ‘Private Baseline’

structures (orange).
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Figure A3.3. A heatmap showing IGHV:IGKV/IGLV gene family pairings across
the ‘Public Baseline” structures. The usage trends are consistent with the natural
pairings observed in DeKosky et al. (10.1038/nbt.2492).
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Chapter 4

Human UCB Ig-seq Techniques

1. Commercially Sourced RINA Samples. Three different total RNA samples at
Imug/mul were sourced from Clontech Laboratories comprising 50mug prepared from
normal human spleen (SP), pooled from 12 male/female Caucasians aged between 18
and 54 years, 10mug from normal bone marrow (BM) from 56 Asian males aged
between 22 and 85 and 10mug from normal human peripheral leukocytes (PBL) from
426 male/female Asians aged between 18 and 54 (PBL).

2. Reverse Transcription and C-region Specific Oligonucleotides. Multi-
ple reverse transcription (RT) reactions were done for each RNA source (SP: 12xVH,
6xVK, 6xVL BM: 6xVH, 2xVK, 2xVL PBL: 6xVH, 2xVK, 2xVL) using human anti-
body constant region reverse oligonucleotides specific for the 3’ ends of the CH1 gene
of IgM and the 3’ ends of the C-kappa and C-lambda genes. After an initial denatu-
ration at 65°C for 5 min in the presence of oligonucleotide and dN'TPs multiple 20mul
reactions each containing Imug RNA, 200U Superscript 111 (Life Technologies), 20U
RNasin (Promega), 5mM DTT, 500muM dNTPs and 1muM oligonucleotide were
incubated for 60 min at 50°C and 15 min at 70°C before being frozen at -20°C.

3. Primary PCRs. Twelve family-restricted primary PCRs (5xVH, 4xVK,
3xVL families) were done on each of the three cDNA template samples SP, BM
and PBL. Where a V-gene family required more than one oligonucleotide these were
mixed in proportions equivalent to estimates of sequence frequency. A total of 304
individual (192xVH, 64xVK and 48xVL) 25ul buffered reactions, each with 1ul of
cDNA as template, consisted of ImM dNTPs, 1.5mM MgSO4, 4uM forward and 4uM
reverse oligonucleotides and 0.5U KOD hot start DNA polymerase (Merck Millipore).
After an initial denaturation step of 96°C for 2 min, PCR cycling conditions for all
reactions were 96°C for 15s, 55°C for 15s, 72°C for 15s for 40 cycles followed by a
final extension step for 5 min at 72°C.

4. Secondary PCRs. An equivalent 304 (192xVH, 64xVK, 48xVL) 50ul in-
dividual secondary PCRs were done, keeping the DNA samples from the primary
reactions separate in order to maximise V-gene diversity. The reactions, each with
2ul of primary PCR as template, had matched components and cycling conditions
to the primary reactions except the cycle number was reduced to 30. Once again V-
region family oligonucleotide sets were kept separate and members within each family

were mixed at the pre-determined proportions.
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5. Sample Preparation for the Oxford Sequencing Centre. The sec-
ondary PCR products for each of the specific V-gene family (VH1-6, VK1-4, VL1-2)
were pooled, giving 12 samples. Approximately 1ug from each pool was analysed by
agarose gel electrophoresis (Invitrogen UltraPureTM agarose) and the DNA of ap-
proximately 400bp was excised, gel extracted (Qiagen) and eluted into 50ul of water
at a final concentrations of between 10-75ng/ul to be analysed by paired-end next
generation sequencing on an [llumina MiSeq machine at the Oxford Genomics Centre
(OGC) at the Wellcome Trust Centre for Human Genetics, Oxford.
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Therapeutic Unbound/Bound (PDB Code) ~ Framework (A) CDRH1 (A) CDRH2(A) CDRH3(A) CDRL1(A) CDRL2(A) CDRL3 (A)

1. Abituzumab Bound (4002) 1.357 1.101 1.494 2516 0.919 1.307 1.143
2. Adalimumab Unbound (4NYL) 0.711 0.646 0.539 2.871 0.922 0.435 0.932
3. Alemtuzumab Unbound (1BEY) 0.701 1.766 1.143 3.086 0.822 1.011 1.122
4. Anifrolumab Unbound (4QXG) 0.575 0.674 0.864 1.492 2.305 0.746 1.275
5. Atezolizumab Bound (5XXY) 0.734 1.146 1.785 3.403 1.481 0.552 1.451
6. Bapineuzumab Bound (40JF) 1.357 1.101 1.494 2516 0.919 1.307 1.143
7. Basiliximab Unbound (1MIM) 0.761 0.71 0.739 1.067 0.593 0.428 1.127
8. Belimumab Unbound (5Y9K) 0.714 3.499 1.012 3.940 4.354 0.809 2.451
9. Bimagrumab Unbound (SNHW) 0.819 1.842 0.858 0.553 1.027 0.606 4.669
10. Briakinumab Unbound (5N2K) 0.756 0.752 0.529 2.645 1.655 0.686 5.077
11. Canakinumab Unbound (4G5Z) 0.824 0.789 0.784 2.001 1.296 0.712 0.990
12. Carlumab Unbound (4DN3) 0.692 2.816 2.702 1.780 1.707 0.416 1.640
13. Certolizumab Unbound (SWUV) 0.578 1.215 1.253 3.648 0.412 0.195 2.362
14. Cetuximab Unbound (1YY8) 0.810 0.251 0.302 0.348 0.236 0.139 0.401
15. Crenezumab Unbound (5KMV) 0.658 0.829 0.618 0.733 1.127 0.579 0.405
16. Daclizumab Unbound (3NFS) 0.682 0.672 0.925 1.310 1.267 0.683 0.849
17. Drozitumab Bound (40D2) 0.840 0.530 1.134 4.999 2.073 2.118 2.265
18. Eculizumab Bound (5I5K) 1.752 1.028 1.077 2.006 1.114 0.589 1.345
19. Efalizumab Unbound (3EO9) 0.740 1.049 2.069 2.038 0.617 0.278 1.123
20. Epratuzumab Unbound (5VKK) - - 2.260 - 0.995 0.496 1.651
21. Fresolimumab Unbound (3EO0) 0.652 3.679 1.193 8.882 1.829 0.173 0.729
22. Gantenerumab Bound (5CSZ) 0.535 0.679 2.712 3.197 2.165 0.418 1.112
23. Gevokizumab Unbound (4G6K) 1.014 2.592 1.219 1.332 0.917 0.447 0.932
24. Guselkumab Unbound (4M6N) 1.290 0.431 0.485 3.180 1.371 0.518 1.490
25. Ibalizumab Bound (302D) 1.132 0.828 1.627 3.933 0.957 0.409 0.920
26. Infliximab Unbound (5VH3) 0.640 1.049 1.379 2732 0.636 0.176 0.330
27. Ipilimumab Bound (5TRU) 0.568 0.649 0.816 2.099 0.865 0.279 0.870
28. Lampalizumab Bound (4D9Q) 1.008 0.387 0.549 3.792 0.547 0.662 0.873
29. Lebrikizumab Bound (4177) 0.503 1.575 1.663 2.006 0.645 0.464 1.051
30. Matuzumab Unbound (3C08) 1.287 - 1.255 9.966 - 0.547 2.780
31. Motavizumab Bound (3QWO) 1.2381 3.299 1.684 3.827 1.949 0.504 3.314
32. Muromonab Bound (1SY6) 0.193 0.441 0.553 2.101 0.469 0.333 1.119
33. Natalizumab Bound (4IRZ) 0.838 3.180 0.874 4.652 1.161 0.512 1.476
34. Necitumumab Bound (3B2U) 0.696 1.472 1.372 5.869 0.648 0.733 0.744
35. Nimotuzumab Unbound (3GKW) 1.846 4.046 1.737 7.573 1.049 0.424 1.291
36. Nivolumab Unbound (5GGQ) 0.847 0.597 0.851 2.393 3.280 0.390 0.851
37. Obinutuzumab Unbound (3PP3) 0.792 0.746 0.368 5.147 2.972 0.726 0.804
38. Ofatumumab Unbound (3GIZ) 0.909 0.584 2.226 3.581 0.410 0.292 1.119
39. Olokizumab Bound (4CNI) 1.185 0.518 0.756 1.271 0.348 0.523 0.898
40. Omalizumab Unbound (4X7S) 1.180 1.760 0.896 3.177 0.807 0.341 1.287
41. Onartuzumab Bound (4K3J) 1.228 1.655 1.732 3.016 0.937 0.410 1.028
42. Palivizumab Unbound (2HWZ) 0.645 0.766 0.392 1.573 0.672 0.528 211
43. Panitumumab Bound (5SX4) 0.910 1.312 1.567 1.645 0.273 0.781 0.506
44. Pembrolizumab Unbound (5DK3) 0.755 0.424 0.466 3.536 1.175 0.553 1.099
45. Pertuzumab Bound (5JXE) 0.970 3.007 1.696 2.920 2.053 0.383 0.985
46. Pinatuzumab Bound (6AND) 0.909 1.643 3.983 3.554 2.754 0.422 0.441
47. Ponezumab Bound (3U0T) 1.438 1.837 0.753 4.425 1.882 0.339 0.758
48. Ramucirumab Unbound (3S34) 0.718 0.419 0.962 0.910 0.370 0.271 0.576
49. Ranibizumab Bound (1CZ8) 0.559 1.085 1.245 4.065 0.546 0.702 0.936
50. Rituximab Unbound (4KAQ) 0.942 0.359 0.804 4.815 0.477 0.373 0.693
51. Sifalimumab Bound (4YPG) 0.790 0.782 0.633 3.819 3.670 1.055 2,911
52. Tanezumab Bound (4EDW) 0.919 1.828 0.898 2.065 0.352 0.792 0.594
53. Tralokinumab Bound (5L6Y) 0.403 0.698 0.630 4.073 1.054 0.271 2.526
54. Trastuzumab Bound (4HKZ) 0.595 0.449 0.814 3.226 0.278 0.192 0.537
55. Tremelimumab Unbound (5GGU) 0.696 0.526 0.700 4912 0.525 0.214 0.957
56. Ustekinumab Unbound (3HMW) 0.495 0.411 1.054 2.363 0.254 0.254 0.592
MEAN VALUES 0.831 1.181 1.176 3.093 1.144 0.517 1.288

Table A4.1. Backbone Root-Mean-Square Deviation (RMSD) across each region
for the 56 of 137 CSTs with unbound/bound PDB reference structures. All models
were made with ABodyBuilder, without using sequence identical templates. Gaps are
assigned if the PDB structure has missing residues, precluding an accurate RMSD

assignment.
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Metric | 242 CST Models 14,072 VdH Ig-seq Models | 56 CST Structures 33 NE Human Structures

Total CDR Length (L) 48.02 + 3.77 49.75 + 3.49 47.64 £ 3.20 51.03 + 4.35
PSH, CDR Vicinity (Kyte) 123.30 £ 16.60 133.76 £+ 21.08 114.92 £ 14.00 124.61 £ 16.54
PPC, CDR Vicinity 0.24 £ 0.49 0.25 £ 0.52 0.19 + 0.36 0.44 +0.73
PNC, CDR Vicinity 0.41 +£0.66 0.38 £ 0.62 0.35+0.60 0.70 = 1.09
SFvCSP 3.34 £7.44 3.67 £7.40 3.81 +6.87 3.44 +7.56

Table A4.2. Average TAP Metric Values for the 242 CST models, 14,072 Human
VdH Ig-seq models, 56 CST crystal structures, and 33 Human non-engineered (NE),
non-redundant crystal structures. Results are reported as mean values £ one standard
deviation. The identities of the 33 human, non-redundant, non-engineered structures
are listed in Dataset S1 of Raybould et al. (10.1073/pnas.1810576116) and the 56

therapeutic structures are listed in Table A4.1..

Metric 137 CST Amber Flag Region ~ Number Amber Flagged 137 CST Red Flag Region =~ Number Red Flagged
Total CDR Length (L) 54 <L <59 6 L> 59 2*
PSH, CDR Vicinity (Kyte) 85.65 < PSH < 98.74 2 PSH < 85.65 1

155.76 < PSH < 171.91 5 PSH > 171.91 1*
PPC, CDR Vicinity 1.23 < PPC < 1.51 1 PPC > 1.51 5*
PNC, CDR Vicinity 1.90 < PNC < 3.50 4 PNC > 3.50 0
SFvCSP -19.50 < SFVCSP < -9.00 1 SFVCSP < -19.50 1

Table A4.3. The numbers of a test set of 105 CSTs that were assigned amber or red
flags across the five TAP guideline metrics (flagging thresholds set by the 137 CST
dataset).

Metric Amber Flag Threshold Value  Red Flag Threshold Value
Total CDR Length (L) 54.13 +0.32 59.97 £+ 0.21
PSH, CDR Vicinity (Kyte) 99.64 + 0.76 84.28 +1.20

156.48 4+ 1.57 172.84 +2.18
PPC, CDR Vicinity 1.24 £ 0.02 3.07 £0.20
PNC, CDR Vicinity 1.83 +0.08 3.47 £0.10
SFvCSP -6.49 £+ 0.56 -20.19 + 0.65

Table A4.4. Statistical Sampling of the TAP Metrics. Results are presented as
the mean value + one standard deviation, calculated over 1,000 repeats of randomly
sampling 200 CSTs.
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Dataset TAP Metric  Kappa Subset (1 &= 0)  Lambda Subset (1 + o)
242 CST Models PSH 120.89 + 15.10 142.03 + 19.09
PPC 0.21 047 0.53 £+ 0.56

PNC 0.38 £ 0.64 0.60 £ 0.77

SFvCSP 3.82 +7.38 1.67 £7.87

14,072 VdH Ig-seq Models PSH 131.27 £ 21.41 141.68 + 17.82
PPC 0.17 + 0.40 0.52 £0.73

PNC 0.27 +0.48 0.74 +£0.83

SFvCSP 456 + 7.44 0.84 +6.48

19,019 UCB Ig-seq Models PSH 125.40 £ 18.56 139.66 + 17.88
PPC 0.11 £ 0.31 0.31 +0.53

PNC 0.22 + 0.40 0.65 +0.88

SFvVCSP 3.67 +5.30 0.12 = 5.24

Table A4.5. Therapeutic Antibody Profiler metric values across the 242 clinical-
stage therapeutics and both repertoire sequencing datasets split by kappa/lambda
light chain identity.

TAP Metric 117 Phase ll (u £ o) 55 Phase lll (u = o) 69 Approved/Pre-registration (1 &= o)
Total CDR Length 48.12 £+ 3.90 47.55 + 3.30 48.23 + 3.86
PSH 122.82 +17.08 122.60 + 15.50 123.88 + 17.40
PPC 0.24 £+ 0.51 0.26 4+ 0.55 0.24 4+ 0.40
PNC 0.38 £+ 0.61 0.58 4+ 0.81 0.30 £+ 0.58
SFvCSP 3.08 + 7.00 459 +8.74 3.75+7.03

Table A4.6. Therapeutic Antibody Profiler metric values for the 242 clinical-stage

therapeutics split by clinical development.
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TAP Metric 178 Active/Approved (1 = o) 59 Discontinued (1 + o)

Total CDR Length 47.83 £+ 3.59 48.64 £+ 4.32
PSH 122.65 £+ 16.57 124.19 £+ 17.81
PPC 0.25 £0.52 0.20 £0.36
PNC 0.44 £+ 0.71 0.31 - 0.47
SFvCSP 3.05 £7.20 512 £ 7.84

Table A4.7. Therapeutic Antibody Profiler metric values for the 242 clinical-stage

therapeutics split by developmental progression.

TAP Metric 101 Human (u + o) 108 Humanized (i + o) 30 Chimeric (u = o) 3 Mouse (i + o)
Total CDR Length 48.68 +4.09 47.80 4+ 3.42 46.77 + 3.55 46.33 +1.25
PSH 127.76 £+ 18.56 120.90 4 14.20 115.73 £+ 15.58 117.26 £ 9.44
PPC 0.29 £ 0.58 0.20 £ 0.36 0.26 4+ 0.55 0.05 £+ 0.06
PNC 0.34 +£0.56 0.50 +£0.75 0.30 +0.63 0.50 £+ 0.50
SFvCSP 4.06 +£7.44 3.13£7.80 3.29 +5.99 7.58 £ 6.75

Table A4.8. Therapeutic Antibody Profiler metric values for the 242 clinical-stage

therapeutics split by species or engineering protocol.
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Figure A4.1. A comparison between CDR Vicinity PSH scores for 56 CST crystal

structures (red) and their models (blue). Models tend to result in higher PSH scores

(a mean bias of +7.96) than structures.
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Figure A4.2. Plots of therapeutic crystal structure values (x-axis) against ther-
apeutic model values (y-axis) for the CDR Vicinity (A) PSH, (B) PPC, (C) PNC
metrics and the (D) SFvCSP metric. The identity line (blue dashes) and a line of
best fit is plotted for each metric. Pearson correlation coefficients and p-values are as
follows. PSH: p = 0.558, p = 7.98 x 10%; PPC: p = 0.723, p = 3.04 x 10%; PNC: p
= 0.858, p = 2.78 x 107'7; SFvCSP: p = 0.835, p = 1.27 x 10715,
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Figure A4.3. Comparing the (A) CDRH1, (B) CDRH2, (C) CDRL1, (D) CDRL2,
and (F) CDRL3 length distributions of the 137 CST dataset (red), human VdH Ig-seq
non-redundant CDRs (blue), and human VdH Ig-seq non-redundant chains (green).
The VdH Ig-seq dataset contains 551,193 non-redundant heavy chains, 1,359,745
non-redundant light chains, and the following numbers of non-redundant CDR se-
quences: 86,345 CDRH1s, 39,449 CDRH2s, 105,458 CDRH3s, 107,721 CDRL1s, 5,276
CDRL2s, and 235,372 CDRL3s. Lengths which occur very rarely on the scale of non-
redundant chains can appear much more often on the scale of non-redundant CDRs
(e.g. CDRL2). This is because there are far fewer non-redundant CDR sequences for
each CDR type than there are non-redundant chains, and non-redundant chains can
contain the same CDR sequence (so frequently expressed CDRs of a certain length

dominate the distribution).
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Figure A4.4. Comparing the (A) CDRH1, (B) CDRH2, (C) CDRL1, (D) CDRL2,
and (£) CDRL3 length distributions of the 137 CST dataset (red), human UCB
Ig-seq non-redundant CDRs (blue), and human UCB Ig-seq non-redundant chains
(green). The UCB Ig-seq dataset contains 4,587,907 non-redundant heavy chains,
7,120,100 non-redundant light chains, and the following numbers of non-redundant
CDR sequences: 174,490 CDRH1s, 279,873 CDRH2s, 1,696,918 CDRH3s, 455,125
CDRLI1s, 8,708 CDRL2s, and 980,158 CDRL3s.
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Figure A4.5. The (A) CDRHI1, (B) CDRH2, (C) CDRH3, (D) CDRLI1, (F)
CDRL2, and (F') CDRL3 length distributions of the 58 human CSTs (red), 79 hu-
manized, chimeric, or mouse CSTs (yellow), human VdH Ig-seq non-redundant CDRs

(blue), and human VdH Ig-seq non-redundant chains (green).
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Figure A4.7. Length-independent canonical form assignments for the 137 CST and
human UCB Ig-seq models.
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Figure A4.9. Distributions for the 137 CSTs (red) and the 19,019 human UCB
Ig-seq models (blue) for the (A) CDR Vicinity PSH, (B) CDR Vicinity PPC, (C)
CDR Vicinity PNC, and (D) SEvCSP metrics. The mean values for the human UCB
Ig-seq models (for comparison with Table S2) are 130.10 + 19.53, 0.18 4+ 0.41, 0.36
+ 0.63, and 2.52 £+ 5.54 respectively.
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Chapter 5

Comparing Convergent Clones from SARS-CoV-2 Repertoires to CoV-
AbDab

The following protocols were performed by our collaborators at Barts Healthy NHS
Trust, Illumina, and Alchemab.

B-cell Sampling and Processing. Peripheral blood was obtained from pa-
tients admitted with acute COVID-19 pneumonia to medical wards at Barts Health
NHS Trust, London, UK, after informed consent by the direct care team (NHS HRA
RES Ethics 19/SC/0361). These samples were centrifuged at 150 xg for 15 min-
utes at room temperature to separate plasma. The cell pellet was resuspended with
phosphate-buffered saline (PBS without calcium and magnesium, Sigma) to 20 ml,
layered onto 15 ml Ficoll-Paque Plus (GE Healthcare) and then centrifuged at 400
xg for 30 minutes at room temperature without brake. Mononuclear cells (PBMCs)
were extracted from the buffy coat and washed twice with PBS at 300 xg for 8 min.
PBMCs were counted with Trypan blue (Sigma) and viability of >96% was observed.
5x106 PBMCs were resuspended in RLT (Qiagen) and incubated at room temperature
for 10 min prior to storage at —80 °C.

BCR Sequencing. Total RNA from 5x106 PBMCs was isolated using RNeasy
kits (Qiagen). First-strand cDNA was generated from total RNA using SuperScript
RT IV (Invitrogen) and IgA and IgG isotype specific primers 32 including UMIs at
50 °C for 45 min (inactivation at 80 °C for 10 min).

The resulting cDNA was used as template for High Fidelity PCR amplification
(KAPA, Roche) using a set of 6 FR1-specific forward primers (vanDongen et al.,
10.1038/sj.1eu.2403202) including sample-specific barcode sequences (6bp) and a re-
verse primer specific to the RT primer (initial denaturation at 95 °C for 3 min, 25
cycles at 98 °C for 20 sec, 60 °C for 30 sec, 72 °C for 1 min and final extension at 72
°C for 7 min). The amount of Ig amplicons (~450bp) was quantified by TapeStation
(Beckman Coulter) and gel-purified.

Dual-indexed sequencing adapters (KAPA) were ligated onto 500ng amplicons per
patient using the HyperPrep library construction kit (KAPA) and the adapter-ligated
libraries were finally PCR-amplified for 3 cycles (98 °C for 15 sec, 60 °C for 30 sec,
72 °C for 30 sec, final extension at 72 °C for 1min). Pools of 10, 9 and 12 libraries
were sequenced across three runs on an [llumina MiSeq using 2x300 bp chemistry.

Sequence Processing. The Immcantation framework (docker container v3.0.0)

was used for sequence processing (Vander Heiden et al., 10.1093 /bioinformatics/btul38;
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Gupta et al., 10.1093/bioinformatics/btv359). Briefly, paired-end reads were joined
based on a minimum overlap of 20 nt, and a max error of 0.2, and reads with a mean
phred score below 20 were removed. Primer regions, including UMIs and sample
barcodes, were then identified within each read, and trimmed. Together, the sample
barcode, UMI, and constant region primer were used to assign molecular groupings
for each read. Within each grouping, usearch (Edgar et al, 10.1093/bioinformat-
ics/btqd61) was used to subdivide the grouping, with a cutoff of 80% nucleotide
identity, to account for randomly overlapping UMIs. Each of the resulting groupings
is assumed to represent reads arising from a single RNA. Reads within each grouping
were then aligned, and a consensus sequence determined. Finally, duplicate reads
were collapsed into a single processed sequence for analysis. Collapsing duplicate
reads ensures that each processed sequence represents a sequence from a single B cell
and our analysis is not confounded by expression level.

For each processed sequence, IgBlast (Ye et al., 10.1093/nar/gkt382) was used to
determine V, D and J gene segments, and locations of the CDRs and FWRs. Iso-
type was determined based on comparison to germline constant region sequences.
Sequences annotated as unproductive by IgBlast were removed. The number of mu-
tations within each sequence was determined using the shazam R package (Gupta et
al., 10.1093/bioinformatics/btv359).

Public BCR Sequence Data Processing. As a control set of resting-state
repertoires, we used a healthy BCR sequence dataset previously described in Ghraichy
et al. (10.3389/fimmu.2020.01734). This dataset was chosen as it was prepared using
the same primer set as the SARS-CoV-2 samples, mitigating the risk of protocol-
specific biases. The subset of samples from the peripheral blood of participants aged
10 years or older were used. This resulted in samples from 40 different participants,
with a mean age of 28 (range: 11-51). Furthermore, only class-switched sequences
were considered.

As a control set of repertoires responding to an unrelated virus, we use influenza
vaccine datasets from two different studies across 6 different participants (Tipton et
al., 10.1038/1i.3175; Gupta et al., 10.4049/jimmunol.1601850). All participants were
administered a seasonal influenza vaccine, and peripheral blood was taken for BCR
sequencing 6-9 days following vaccination. The processed data from these studies
was obtained directly from the Observed Antibody Space database (Kovaltsuk et
al., 10.4049/jimmunol.1800708), and again only the class-switched sequences were

considered.
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Clonotyping. BCR sequences were clustered to identify those most likely to
arise from clonally related B cells; a process termed ‘clonotyping’. Clonotyping was
performed using a previously described algorithm (Galson et al.; 10.1038 /icb.2015.57);
briefly, clonotype members must have identical V and J gene segment usage, identical
CDRHS3 length, and are allowed 1 amino acid mismatch for every 10 amino acids
within the CDRH3. Cluster centers were defined as the most common sequence
within the cluster.

Additionally, the datasets containing the 31 COVID-19 patients, the 6 influenza
vaccine participants, and the 40 healthy controls were each internally clustered to
identify the convergent clonotypes within each study. Convergent healthy and SARS-
CoV-2 clonotypes were defined as those present in at least four patients, while con-
vergent influenza clonotypes were defined as those present in at least two patients

(owing to a smaller number of participating individuals).
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