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Abstract
The adaptive immune system defends the host against the invasion of foreign

molecules known as the “antigens”. These antigens are recognised by two main
types of antigen receptors: T-cell receptors (TCRs) and antibodies. While both
proteins share a globally similar β-sandwich architecture and are encoded by
similar genetic mechanisms, TCRs are polyspecific and have medium affinity to
their peptide antigens, while antibodies are highly specific and have high affinity
to their targets. Their different behaviours are thought to be at least partially
dictated by their binding site features. In this thesis, we aim to analyse their
binding site structures and develop tools that can leverage the greater breadth of
binding site diversity unveiled by repertoire sequencing.

In both types of proteins, the majority of the binding site is constituted by
the complementarity-determining region (CDR) loops. In this thesis we first
describe the development of a rapid sequence-based canonical form prediction tool
(SCALOP) for antibody CDRs and for TCR CDRs. Based on this initial structural
annotation, we then explored the structural differences between antibody and
TCR CDRs and found that TCR CDRs tend to adopt multiple conformations,
more often than their antibody counterparts. To capture the potential ensemble
of binding site conformations, we built a TCR modelling tool, TCRBuilder.

Moving on from the structure of CDR alone, we then developed Ab-Ligity, a
structure-based method that identifies sequence-dissimilar antibodies against the
same epitope. This method incorporates the predicted antibody structure and the
physicochemical properties of the binding site. Finally, as Ab-Ligity is dependent
upon prediction of the paratope, we evaluated the leading paratope prediction
method, Parapred. We attempt to highlight possible features that could portray
paratopes with interpretable statistical models. The thesis concludes with the
potential future directions of the work on binding site analysis for antibodies and
TCRs.
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molecules known as the “antigens”. These antigens are recognised by two main
types of antigen receptors: T-cell receptors (TCRs) and antibodies. While both
proteins share a globally similar β-sandwich architecture and are encoded by similar
genetic mechanisms, TCRs are polyspecific and have medium affinity to their
peptide antigens, while antibodies are highly specific and have high affinity to their
targets. Their different behaviours are thought to be at least partially dictated
by their binding site features. In this thesis, we aim to analyse their binding site
structures and develop tools that can leverage the greater breadth of binding site
diversity unveiled by repertoire sequencing.

In both types of proteins, the majority of the binding site is constituted by the
complementarity-determining region (CDR) loops. In this thesis we first describe
the development of a rapid sequence-based canonical form prediction tool (SCALOP)
for antibody CDRs and for TCR CDRs. Based on this initial structural annotation,
we then explored the structural differences between antibody and TCR CDRs and
found that TCR CDRs tend to adopt multiple conformations, more often than
their antibody counterparts. To capture the potential ensemble of binding site
conformations, we built a TCR modelling tool, TCRBuilder.

Moving on from the structure of CDR alone, we then developed Ab-Ligity, a
structure-based method that identifies sequence-dissimilar antibodies against the
same epitope. This method incorporates the predicted antibody structure and the
physicochemical properties of the binding site. Finally, as Ab-Ligity is dependent
upon prediction of the paratope, we evaluated the leading paratope prediction
method, Parapred. We attempt to highlight possible features that could portray
paratopes with interpretable statistical models. The thesis concludes with the
potential future directions of the work on binding site analysis for antibodies and
TCRs.
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In this chapter, the section on paratope prediction was adapted from a joint �rst

author review published inMolecular Systems Design and Engineering(Raybould

et al., 2019b). In this publication, I wrote the majority of the sections on paratope

and epitope predictions, and on complex modelling that are used in the text below.

1.1 Introduction

In humans, the adaptive immune system defends the host against a wide range

of foreign molecules, or �antigens�. These antigens are recognised by two types of

receptors: T-cell receptors (TCRs) and antibodies (Janeway et al., 2001). Despite the

similar genetic mechanisms and architecture in these two antigen receptors (Dunbar

et al., 2014a; Sillitoe et al., 2015), they carry out distinct biological functions and
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1. Introduction

exhibit di�erent binding properties. This distinction is thought to be driven by

di�erences in their antigen-binding sites. Understanding their binding site properties

is critical to inform how to bene�t from the desirable binding pro�les of both types

of proteins to design molecular machines (Nguyen et al., 2017).

The aim of this thesis is to study the binding site structures of antibodies and

TCRs. This introductory chapter covers an overview of antibodies and TCRs,

and the existing methods to model their binding sites and interactions with the

antigen. We start with the structural and sequence characteristics of antibodies

and TCRs, and elaborate on the similarity between their genetic mechanisms and

architecture. Next we brie�y mention the rise of high-throughput immunoglobulin

sequencing, how the volume of sequencing data adds breadth to our understanding

of antibody space, and how it is possible to leverage structural knowledge to enrich

sequence analysis and study antigen receptor binding. We then describe the common

experimental assays used to characterise antibody-antigen binding in early-stage

antibody discovery, along with the complementary computational models that have

been employed to predict binding sites and interactions. This chapter �nishes with

an overview of the thesis chapters.

1.2 Structural diversity in antigen receptors

The two main types of antigen receptors, TCRs and antibodies, have di�erent

biological functions but similar architecture. TCRs typically recognise peptide

antigens presented via the major histocompatibility complex (MHC; Rudolph et al.,

2006), while antibodies can bind almost any types of antigen, including proteins,

peptides and haptens (Sela-Culang et al., 2013). TCRs are known to be polyspeci�c

(i.e. one TCR can bind to di�erent peptides) and they tend to have lower a�nity

to their antigen (Rudolph et al., 2006). On the other hand, antibodies can bind

to their target antigen with high speci�city and a�nity (Alberts et al., 2002; Sela-

Culang et al., 2013), making them an ideal class of molecules for diagnostic and
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1. Introduction

therapeutic applications (Chames et al., 2009). Despite their di�erent roles in the

immune response, these proteins share a� -sandwich fold (Figure 1.1; Dunbar et al.,

2014a; Sillitoe et al., 2015). Below we describe each of these receptors in more detail.

Figure 1.1: Illustrations of T-cell receptor (TCR) and antibody structures. TCRs and
antibodies share a globally similar structure. Both proteins are heterodimers, characterised
by a set of six CDRs that form the majority of the binding site. Comparable chains
and CDRs share colouring schemes; for example, the TCR� and antibody heavy chain
are coloured grey, while CDR� 1 and CDRL1 are coloured purple. Figure reproduced
from (Wong et al., 2019b).

1.2.1 Antibodies

Antibodies are produced by B-cells in the immune system (Alberts et al., 2002). It

was thought that each B-cell could produce only a single species of antibody, but

recently this notion has been challenged as Shi et al. (2019) found that multiple

heavy chains may be encoded by a single B-cell. The antibody presented on the

B-cell surface is known as the B-cell receptor (BCR). When a naive or memory

B-cell is activated by an antigen and proliferates, it di�erentiates and becomes an

e�ector cell that secretes soluble antibodies (Alberts et al., 2002). In the remainder

of this thesis, we use �antibody� and �B-cell receptor� interchangeably.

3



1. Introduction

A standard human antibody has a Y-shaped con�guration composed of two

pairs of heavy and light chains (Figure 1.2A and B). The antigen-binding fragments

(Fab) are located on the two �arms�. Within the Fab region, the variable domains

of the heavy and light chains (collectively known as the Fv region) have the greatest

sequence diversity between di�erent antibodies. In particular, sequence variation

is concentrated in the six hypervariable loops, known as the complementarity

determining regions (CDRs). The three CDRs in the heavy chain are called H1,

H2 and H3, whereas those in the light chain are L1, L2 and L3. The CDRs form

the majority of the antibody binding site and largely determine the speci�city and

a�nity of the antibody to its cognate antigen (Kabat and Wu, 1991).

Figure 1.2: A standard human antibody structure and V(D)J recombination. A. A
schematic diagram of a standard human antibody. Fab and Fv regions are labelled.
The heavy chains are in grey, light chains in white and CDRs are in red.B. A cartoon
representation of the Fv region of a paired antibody. Blue, green and red loops represent
the �rst, second and third hypervariable loops (i.e. the CDRs) on each of heavy and light
chains. The framework of the heavy chain is coloured in grey and that of the light chain is
coloured in white. C. A schematic diagram of the V(D)J recombination. V, D and J gene
variants are represented by di�erent shades of pink, green and purple respectively. The
orange regions are the junctions where the segments join: addition and deletion occur
at these junctions, introducing �junctional diversity�. The CDR-encoding regions are
labelled with the respective CDR types; somatic hypermutation (SHM) concentrates in
these regions (Avnir et al., 2014; Francica et al., 2015).
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1.2.1.1 Sequence diversity in antibodies

The sequence diversity of the Fv regions arises from V(D)J recombination and

somatic hypermutation (SHM; Alberts et al., 2002). The random joining of the

V, D and J genes for heavy chain (V and J for light chain) and the random

addition and deletion of nucleotides at the junctions (�junctional diversity�) di-

versify the genes encoding the third hypervariable loops of each chain � H3 and

L3 (Figure 1.2C; Janeway et al., 2001). Spontaneous mutations and insertions-

deletions (�indel�) in SHM can introduce further sequence diversi�cation in the

other CDRs (Avnir et al., 2014; Francica et al., 2015), leading to a wide range of

binding site structures (Tiller and Tessier, 2015).

1.2.1.2 The characteristics of antibody-antigen binding sites

In order to understand the underlying mechanisms of antibody-antigen recognition,

the binding sites of antibodies and antigens have been analysed to identify key

features for their binding. The antigen-binding residues on the antibody form the

�paratope� (Figure 1.6), the bulk of which is from the CDRs (Kunik et al., 2012b).

The CDRs have been extensively studied and a plethora of structural prediction

tools for these hypervariable loops has been developed (see Section 1.2.1.3). Since

the CDRs only broadly de�ne the paratopes, there has been signi�cant interest in

pinpointing the exact residues involved in antigen recognition. The mainstream

sequence-based and structure-based paratope prediction tools will be discussed in

Section 1.4.2.1.

An epitope of an antigen is de�ned as a subset of its surface to which an

antibody binds (Figure 1.6). Epitopes can be divided into two categories: linear

and conformational epitopes. Linear epitopes are continuous sequences, typically

found in peptide antigens. This class of epitopes can be recognised by its primary

structure (Pai et al., 2011). Conformational epitopes are groups of non-sequential
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residues that are proximal in three-dimensional space (Najar et al., 2017).

The gold standard method for determining paratopes and epitopes is the

inspection of antibody-antigen co-crystal complexes (Martin and Thornton, 1996;

Nguyen et al., 2017). However, crystal structures are often hard to obtain and

not scalable (Chiu et al., 2019). Otherin vitro assays have served as surrogates

to characterise the binding landscape of a large set of antibodies at early stage

antibody screening. For instance, competition assays can cluster antibodies by

their epitopic speci�city; while small-angle scattering, mass-spectrometry-based

techniques and mutagenesis followed by kinetics analysis can identify binding

regions at varying levels of resolutions. These methods will be discussed further in

Section 1.4.1. Complementing these wet-lab approaches, computational techniques

have been used to help identify antibodies for more re�nedin vitro experimental

validations. Sequence features, binding site structures and energetics have inspired

the development of various descriptors (see Section 1.4.2).

1.2.1.3 CDR structures

One of the most common ways to analyse antibody binding sites is to focus on

the CDRs. The six CDR loops make up the majority of the binding site. Five of

the six CDRs (except CDRH3) have a limited set of conformations known as the

�canonical forms� (see an example in Figure 1.3). This model was �rst proposed for

antibodies in 1987 (Chothia and Lesk, 1987) using only �ve antibody structures

and clusters were de�ned manually. Martin and Thornton (1996) clustered the

CDRs in the torsional space by hierarchical models and derived sequence templates

automatically for each cluster. North et al. (2011) also clustered in torsional space

but with an a�nity propagation algorithm. All of these methods �rst strati�ed the

CDR structures by their sequence lengths. However, Nowak et al. (2016) found that

CDRs with di�erent lengths could fall into the same structural cluster. The authors

developed a length-independent clustering scheme with the dynamic time warping
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algorithm, to extract CDR canonical forms. The de�nition of canonical classes has

been revisited multiple times as more structures become available (e.g. Chothia

and Lesk, 1987; Martin and Thornton, 1996; Kuroda et al., 2009; North et al.,

2011; Nowak et al., 2016). Canonical forms have been used forin silico antibody

design (Pantazes and Maranas, 2010; Lapidoth et al., 2015). Sequence features,

such as the presence of speci�c amino acids within or near the CDR loop, may be

used to predict the canonical forms (e.g. Martin and Thornton, 1996; North et al.,

2011; Nowak et al., 2016), and has been used to predict the structures of CDR

sequences from immunoglobulin gene sequencing (Ig-seq) datasets (Nowak et al.,

2016; Kovaltsuk et al., 2020).

Figure 1.3: An illustration of two CDRL1/ � 1 canonical forms. CDRL1/alpha1
structures from two canonical forms (� 1,L1-6-A in white and � 1,L1-6-C in blue) were
superimposed, aligning �ve residues before and �ve after the CDR. See Chapter 3 for the
nomenclature of the canonical forms.

In the case of CDRH3, analysis of its anchors has found that the majority of

CDRH3 loops adopt a �kinked� base (Weitzner et al., 2015; Finn et al., 2016). The

conformation of the central part of the loop is highly variable, and its computational

structural prediction remains a challenging area for all current types of methods

in database-search,ab initio and de novomodelling (e.g. Choi and Deane, 2010;

Leem et al., 2016; Weitzner et al., 2017; Marks et al., 2017). Aside from the

crystallographic conformation, the dynamics of the CDR3 loops on heavy and light
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chains have been studied with molecular dynamic (MD) simulations that attempt

to reproduce the potential loop movements in solutions (Fernández-Quintero et al.,

2019a,b). These studies covered speci�c cases to �nd out the potential role of loop

motions in antibody binding and a�nity maturation. These MD analyses have

reported di�ering results on the correlation between structural rigidity and binding

a�nity, depending on factors such as the simulation timescale and whether the

datasets were from crystal structures or models (Jeliazkov et al., 2018; Fernández-

Quintero et al., 2020a).

1.2.1.4 Physicochemical properties of the binding surfaces

Human proteins including antibodies and TCRs are formed of 20L-amino acids (Janeway

et al., 2001), that share the same backbone composition (Ca, C, N and O), but

di�erent side chains. These side chains govern the physicochemical features of

the paratopes and epitopes (Janeway et al., 2001). We will �rst outline the

physicochemical properties of each of these amino acids, then describe existing

views on the binding site features.

The 20 amino acids have distinct side chains. Evolutionary analysis suggested

that some residue substitutions are more favourable and may functionally replace

another, and these statistical potentials have been summarised in matrices such

as BLOSUM and PAM (Wilbur, 1985; Heniko� and Heniko�, 1992). Similarity

between their physicochemical properties such as hydrophobicity and polarity can

be inferred from a continuous scale (e.g. Meiler et al., 2001). An alternative way

to describe the similarity between their functions is to cluster the 20 amino acids

into seven physicochemical groups (Figure 1.4). Aliphatic residues are relatively

small (e.g. Glycine and Alanine) and do not contain aromatic, hydroxyl or charged

groups in their side chains. Aromatic residues typically have the ability to form

� -stacking using their aromatic ring. Basic and Acid groups are characterised by

their charged amine groups (=NH+ -,=NH +
2 ,-NH+

3 ) and carboxylic acid (-C(=O)OH)
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Figure 1.4: The chemical structures of amino acids, grouped by their physicochemical
properties.

groups respectively. Residues in the �Amine� group have an amide (-C(=O)NH2),

and those in the �Hydroxyl� group all have a hydroxyl (-OH) group in their side

chains. Finally, the �Sulphur� group has a sulphur atom in their side chain enabling

the formation of disulphide bridges.

The residue composition in the paratope collectively determines the physicochem-

ical features of the paratope and how it interacts with the epitope (e.g. MacCallum

et al., 1996; Ramaraj et al., 2012; Qiu et al., 2015; Nguyen et al., 2017). Aromatic

residues are enriched in paratopes compared to general protein-protein interfaces (Ra-

maraj et al., 2012; Kringelum et al., 2013). Ramaraj et al. (2012) quanti�ed the

residue �substitutability� and found that paratopes are inherently more speci�c

than general protein surfaces. Both of these observations point towards a distinction

between antibody paratopes and general protein-protein interfaces.

The intermolecular interactions at the antibody-antigen interface have also been

studied. Qiu et al. (2015) developed chemical �ngerprints to describe the residue
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types in the paratope involved in interactions. Nguyen et al. (2017) observed the

prominence of water bridges at the antibody-antigen interfaces. These �ndings

suggest that both the physicochemical properties and interaction patterns in the

antibody paratopes are important to the complementary binding with the epitopes.

1.2.2 T-cell receptors (TCRs)

TCRs are found on the surface of T cells and recognise peptide fragments from

foreign molecules. They bind to peptides presented by the MHC, and their binding

is known to be polyspeci�c (Rudolph et al., 2006). There are two types of TCR

heterodimers: �� TCR and 
� TCR (Janeway et al., 2001). In humans, most TCRs

are �� TCRs (Figure 1.1). Similar to antibodies, their� and � chains are formed by

the somatic rearrangement of the respective V, D and J genes of the TCR loci. The

random combination of these genes, alongside further diversi�cation mechanisms

(e.g. junctional diversity), can produce great variations of up to millions of unique

TCRs (Attaf et al., 2015). TCRs, unlike antibodies, do not undergo SHM (Janeway

et al., 2001). They rely only on gene rearrangement and junctional diversity to

attain CDR variability.

TCR� chain is made from the V and J genes, while TCR� chain is assembled

from the V, D and J genes (Schroeder and Cavacini, 2010; Attaf et al., 2015). As

in antibodies, the sequence and structural diversity of TCRs is concentrated in the

six CDRs: three in the TCR� chain (� 1 � � 3) and three in the TCR� chain (� 1 �

� 3). These six CDRs make up the majority of the antigen binding site of the TCR.

Structurally, TCR heterodimers share a similar� -sandwich architecture to that

seen in antibodies (Figure 1.1; Dunbar et al., 2014a). The six CDRs are responsible

for engaging di�erent parts of the peptide-MHC complex. CDRs 1 and 2 on both

the � and � chains typically contact the MHC's conserved� -helices (Blevins et al.,

2016; Sharon et al., 2016), while the two CDR3's almost always contact the peptide
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antigen (Cole et al., 2014; Glanville et al., 2017). The structural complementarity

between the binding site of a TCR and its cognate antigen governs the binding

interactions. As the CDRs form the majority of the binding site, their conformations

are critical to the binding.

1.2.2.1 TCR structural characteristics

There are far fewer TCR structures than antibody structures available (� 440 PDB

structures containing TCRs and� 4200 for antibodies as of September 2020; Dunbar

et al., 2014b; Leem et al., 2018a). This lack of data has limited the number of

cross-TCR structural studies. As noted in Section 1.2.1.3, the canonical form model

has been widely studied in antibody structures, but only two studies have so far

applied the concept to TCR CDRs (Al-Lazikani et al., 2000; Klausen et al., 2015).

In the two studies, only 7 and 116 structures were used to yield 4 and 38 canonical

forms respectively (Al-Lazikani et al., 2000; Klausen et al., 2015). In the non-

canonical CDR� 3, similar dynamic studies to those carried out in antibodies have

been done to study their �exibility and conformational selection upon polyspeci�c

binding (Holland et al., 2018; Crooks et al., 2018; Fernández-Quintero et al., 2020b).

We will discuss TCR canonical forms and their �exibility further in Chapter 3.

The limited structural coverage necessitates structural modelling to be able

to expand the structural studies of TCRs. TCR homology modelling approaches

were typically adapted from that in antibodies. LYRA calculates the BLOSUM

similarity when selecting templates (Klausen et al., 2015). TCRModel considers

germline and sequence similarity, with an option to re�ne CDR conformers with

energy functions (Gowthaman and Pierce, 2018). Repertoire Builder uses multiple

sequence alignment to select templates for modelling (Schritt et al., 2019). All

of these tools have a similar accuracy of� 1Å for CDRs 1 and 2, and� 2.5Å for

CDR3 loops on both� and � chains (see Chapter 3). Some were extended to model

how the query TCR engages with the MHC by template modelling (Pierce and
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Weng, 2013; Ho�mann et al., 2018; Jensen et al., 2019). These tools provide a single

snapshot of the potential TCR conformations and do not consider any potential

conformational selection or binding site �exibility.

1.2.3 Similarity and di�erences between antibody and TCR

As described in the above sections, antibodies and TCRs are both formed of the

repertoire V, D and J genes from the respective antibody and TCR loci, and share

similar � -sandwich folds (Dunbar et al., 2014a). More speci�cally, antibody light

and TCR� chains are encoded by V and J genes, while antibody heavy and TCR�

chains are formed of V, D and J genes. These will therefore be considered as

analogous pairs for all comparative analyses later in the thesis.

Various studies have commented on the binding site �exibility in these two types

of proteins. A�nity-matured antibodies were observed to be more rigid (Mishra and

Mariuzza, 2018). MD simulations and energy calculations revealed the �exibility in

the TCR binding sites (Garcia et al., 1998; Morris and Allen, 2012; Rossjohn et al.,

2015; Fernández-Quintero et al., 2020b). This could be the di�erentiating feature

for the polyspeci�city in TCRs but high speci�city in antibodies.

1.3 Sequencing immune repertoire

Co-crystal structures contain valuable information for binding site analysis. The

distances between the antibody and antigen residues and how these residues and

atoms are con�gured with respect to each other are used to describe the region of

the paratope and epitope and infer their interactions (Krawczyk et al., 2013, 2014;

Stave and Lindpaintner, 2013; Jubb et al., 2017). As of September 2020,� 4200

antibody structures have been deposited in the Protein Data Bank (PDB; Berman

et al., 2000), of which� 3000 structures are complexed with their antigens (Dunbar

et al., 2014b; retrieved September 2020). However, our current structural data
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su�ers from two problems: a strong bias towards engineered antibodies and technical

constraints in crystallising long loops (Dunbar et al., 2014b). Around 2700 PDB

structures containing antibodies have been marked as �engineered� (Dunbar et al.,

2014b), that implies only a small snapshot of the natural diversity of antibodies has

been captured. Moreover, the constraints in crystallography techniques mean that

antibodies with longer (and potentially �exible) loops are not well represented in

the PDB (Marks and Deane, 2017). The limited structural coverage of the possible

immune repertoire prompts the need to seek an alternative data source.

A possible alternative source of antibody data is the large set of antibody

sequences generated by the next generation sequencing of the immunoglobulin

repertoire (Ig-seq). These antibody sequences cover a greater breadth of antibody

variability. There are several repertoires of this data in the Observed Antibody

Space (OAS): almost two billion unpaired antibody sequences have been collected

and collated (Kovaltsuk et al., 2018). With the rise of single-cell sequencing, an

increasing number of natively-paired antibody sequences has also been curated

(� 100,000 paired sequences in OAS as of September 2020; Kovaltsuk et al., 2018).

However, without structural information, sequence data alone does not provide

insights into antibody-antigen engagement. Methods to quickly annotate sequencing

datasets with structural information are desired to act as a �rst �lter, before carrying

out detailed modelling procedures on the paired antibodies of interest (DeKosky

et al., 2016; Krawczyk et al., 2018; Kovaltsuk et al., 2020).

1.3.1 Challenges in characterising antibodies in large anti-
body sequencing datasets

Sequence-based techniques have been used to characterise the repertoire dynamics

during disease progression or vaccine response (e.g. Galson et al., 2015; Trück et al.,

2015; Soto et al., 2019). These techniques are based on the premise that B-cells from

the same clone, those with the same V and J genes and with highly similar CDRH3
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sequences, will bind to the same epitope (e.g. Scheid et al., 2011; Hsiao et al., 2020).

Whilst this �clonotype� analysis can identify antibodies with similar binding modes,

intra-clonal diversity and inter-clonal convergence have been observed (Krause et al.,

2011). For example, anti-lysozyme antibodies with di�erent CDRH3 sequences

and genotypes have been found to engage the same epitope (Pons et al., 2002).

Sequence identity and germline origin alone may not fully re�ect the binding modes

of antibodies.

Alternative approaches are now appearing that involve combiningin vitro

screening and deep learning algorithms. Mason et al. (2019) presented a high-

throughput algorithm that can predict on a 108 in silico screening library which

sequence will bind to a desired target. However, the method required104 antibody

sequences with assayed target antigen speci�city as a training set. The initial

training set generation is highly resource-intensive. Therefore, the method is unable

to generalise to other targets.

Adding structural information can better inform the potential binding site struc-

tures captured by the sequences. To capture the three-dimensional con�guration of

paratopes, computational antibody modelling tools (e.g. Sircar et al., 2009; Maier

and Labute, 2014; Biasini et al., 2014; Almagro et al., 2014; Klausen et al., 2015;

Leem et al., 2016; Li et al., 2019) have been developed to predict antibody structures

from their sequences. These structural models can contribute to paratope analysis

and give insights into possible interactions with the antigen (Kovaltsuk et al., 2017).

A key drawback of modelling approaches is their scalability: one of the fastest tools

takes � 30s per antibody sequence (Leem et al., 2016). Modelling the two billion

antibody sequences available in the Observed Antibody Space (Kovaltsuk et al.,

2018) on 100 cores would take over 19 years to complete. A faster way to gain

structural insights across the large amount of sequences is required to unravel the

paratope shapes and physicochemical features.
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1.3.2 Enriching sequence repertoires with structural infor-
mation

The ever increasing volume of sequencing data has the potential to add to our

understanding of antibody binding. Various studies have demonstrated how to

enrich sequencing datasets with binding site structure annotation (DeKosky et al.,

2016; Krawczyk et al., 2018; Kovaltsuk et al., 2020; Richardson et al., 2020), which

in turn could aid in understanding antibody binding.

Figure 1.5: Datasets and clustering metrics for analysing immune repertoires and
antibody structures. Data from repertoire sequencing and crystal structures can improve
our understanding of antibody variability and binding site features. Important features are
extracted by the clustering metrics: clonotype is a sequence-based metric that considers
the sequence identity and germline origin; binding site structural comparison captures
the geometric and physicochemical similarity between two surfaces; and a hybrid method
�paratype� calculates the predicted paratope identity between two antibodies.

Figure 1.5 summarises the available data formats and the main approaches

employed to study antibody variability and binding pro�les. Sequence-based

approaches tend to consider the sequence identity and germline origins alone,
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for example in clonotype analysis. These methods are fast and scalable, but

may miss structurally similar paratopes that di�er in sequence (see Section 1.3.1).

At the opposite end of the spectrum, comparing binding site structures often

revolves around geometric and physicochemical similarity of the surface patches

(see Section 1.4.2.2). Structure-based approaches face a bottleneck in the scalability

of the homology modelling in the context of large Ig-seq datasets.

Hybrid methods use rapid prediction of structural features and/or the binding

site from sequence. An example of such a method is paratyping that, instead of

only considering the sequence identity and germline, clusters antibodies using the

predicted binding site positions (Richardson et al., 2020). It is able to �nd highly

sequence-dissimilar antibodies that bind to the same epitope, and is more scalable

than structural modelling.

1.4 Antibody binding sites characterisation

As described in Section 1.2.1.2, the features of an antibody binding site determine

its binding behaviour. The highest resolution method for studying antibody-

antigen binding con�gurations is co-crystal complex structures. These give atomic

level information but co-crystal complex structures are expensive and di�cult to

obtain (Dunbar et al., 2014b). In this section, we discuss thein vitro and in silico

techniques that infer antibody binding at di�erent levels of resolutions (Figure 1.6).

1.4.1 In vitro assays

1.4.1.1 Competition assay / epitope binning

Competition assays exploit the cross-blocking e�ect of antibodies that displace one

another if they bind to similar or neighbouring epitopes (Kwak and Yoon, 1996;

Abdiche et al., 2017). One of the most popular epitope binning methods is the

array surface plasmon resonance (SPR). In epitope binning array SPR, a classical
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Figure 1.6: Binding site analysis techniques. (Left) De�nition of antibody (heavy chain
in grey, light chain in white), antigen (in yellow), paratope (in blue) and epitope (in
red). Paratope on the antibody and epitope on the antigen are considered as residues
within 4.5Å of the binding partner. (Middle) Computational approaches to study binding
mode. The global antibody and antigen structures or models are used as starting points.
Their binding sites and potential interactions are predicted, to constrain docking and
pose generation. These poses are then scored for complementarity. The top-rank docked
pose is selected as the modelled complex. (Right) Experimental binding assays at varying
levels of resolutions. Competition assays inform the epitopic speci�city of the antibodies.
Small-angle X-ray Scattering (SAXS) outlines the overall shape of the complex and
Hydrogen-Deuterium exchange (HDX) coupled with mass spectrometry describes upto
peptide-level resolution of the binding regions. Mutagenesis identi�es the per-residue
contribution to binding.

�sandwich� format is used: the �rst speci�c antibody (�ligand�) is immobilised

on a sensor chip and captures its speci�c antigen, while the second antibody

(�analyte�) �ows on the sensor chip. If the two antibodies compete with each other,

or displaces one another, a reduced binding is detected and they are considered

�blocked� (Abdiche et al., 2017). Binding events change the refractive index and

resonance angle of the base surface �lm. This is detected and calculated as the

variation in response units over time. These quantities can be translated back

to the binding kinetics of the two ligand and analyte antibodies (Malmborg and

Borrebaeck, 1995). In epitope binning studies, pairwise comparisons between all

antibodies in a set are used to create a competition pro�le, from which clusters

of antibodies with similar blocking behaviours are identi�ed. This method gives a

coarse representation of which binders may share similar target sites, as minimal
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epitope overlap (or even neighbouring epitopes) can be su�cient for a pair of

antibodies to compete with each other (Abdiche et al., 2017). No binding mode

information can be extracted directly from the competition matrix.

1.4.1.2 Small-angle X-ray scattering (SAXS)

Small-angle X-ray scattering (SAXS) informs the global molecular shape of protein

complexes. Unlike the gold-standard X-ray crystallography, a crystalline sample is

not needed; SAXS can capture �exible molecules in solution (Sutton et al., 2018).

In contrast to nuclear magnetic resonance that does not generally tolerate large

molecules, the sensitivity of SAXS increases with the molecular size (Göbl et al.,

2014). Even though SAXS is unable to determine the exact atomistic coordinates, it

has been used in conjunction with molecular modelling techniques to study antibody

binding (Castellanos et al., 2017; Sutton et al., 2018).

1.4.1.3 Hydrogen�deuterium exchange mass spectrometry (HDX-MS)

A more re�ned approach is hydrogen�deuterium exchange mass spectrometry (HDX-

MS). This technique measures the solvent accessibility of the antibody or antigen

surface. The backbone amide hydrogen of the peptide is displaced by deuterium. If

the stretch of peptide is at the binding interface, the rate of exchange is reduced (Sevy

et al., 2013). It can also re�ect the allosteric e�ects upon binding. A key advantage

of HDX-MS is that it requires relatively low amounts of proteins for the analysis,

which is desirable at early-stage antibody discovery (Puchades et al., 2019). The

mainstream protocols only allow up to the range of peptides in the immediate

proximity of the binding site (e.g. Zhang et al., 2018; Puchades et al., 2019).

However, a more recent version incorporating electron transfer dissociation was

shown to improve the resolution to reach residue-level re�nement of the binding

interface (e.g. Pan et al., 2015; Huang et al., 2020).
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1.4.1.4 Mutagenesis

To achieve residue-level resolution, point mutations of the interacting proteins have

been used to highlight key binding residues. Mutagenesis studies measure the

binding kinetics upon mutation of a single or a set of residues (e.g. Greaney et al.,

2020). Two main types of mutations are typically introduced: a site-speci�c mutation

to alanine (�alanine scanning�) or a complete mutagenesis covering mutations to

all of the 20 amino acids at the selected positions. Mutants are expressed in yeast

or other bacterial or mammalian systems. Single, double or triple mutants can be

made following the protocol. Misfolded proteins are removed by �ow cytometric

sorting (Cherf and Cochran, 2015), and the binding kinetics of the antibody to

the mutant antigen are measured by SPR or other biosensing platforms (Greaney

et al., 2020). This method unravels the binding contribution of each position in the

paratopes and epitopes. However, structural integrity may be compromised by the

mutations, leading to spurious results (Abbott et al., 2014).

1.4.2 Computational techniques

As mentioned in Section 1.2.1.4, antibody-antigen binding interfaces have di�erent

compositions to that of general protein-protein interfaces. It is important to

identify the speci�c binding residues in the paratope and epitope to aid interface

design. Figure 1.6 shows a common computational pipeline of binding site analysis.

Following the structural prediction of both the antibody and antigen of interest,

their binding sites (paratopes and epitopes) and potential interactions are predicted

and mapped onto the model structures. These two binding sites are used to

guide complex modelling that involves selecting a top-ranked docked pose. Since

macromolecular docking has been as challenge (Lensink et al., 2019), alternative

avenues have been explored and borrowed from small molecular-protein binding.

An example of this is binding site comparison. Below, we focus on the antibody

and discuss the existing methods for paratope prediction and surface comparison.
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1.4.2.1 Paratope prediction

Paratope features have been widely studied to pinpoint which residues on the

antibody are likely to contact the antigen. As discussed in Section 1.2.1.2, the

majority of the paratope is covered by the CDR loops. Across di�erent de�nitions of

the CDRs, these loops cover 80% of the antigen-contacting residues on average. The

additional antigen-binding regions are in the framework, especially between CDRs

2 and 3 as they are often situated in the proximity of the antigen (Kunik et al.,

2012a,b). On the other hand, the CDR loops may contain residues that do not

participate in binding. To accurately predict paratopes, a number of sequence-based

and structure-based methods have been proposed to annotate Ig-seq datasets and

will be discussed below.

Sequence-based paratope prediction methods have been built upon structural

paratope features and their sequence motifs. Paratome aligns the input sequence or

structure to the existing antibodies and selects the structurally conserved regions

as the paratope (Kunik et al., 2012a). Liberis et al. (2018) recently built Parapred,

that uses recurrent and convolutional layers to process a curated set of antibody

CDR sequences by their physicochemical properties, aggregating di�erent CDR

types for training and returning the binding probability of each CDR residue in

an antibody. Parapred reported its performance by the area under the Receiver

Operating Characteristic (AUROC) curve of 0.878� 0.004, over the CDR regions

of the antibody only. Taking a further step to predict the types of intermolecular

interactions that a predicted paratope residue would participate in, proABC and

proABC-2 were developed using a random forest and a convolutional neural network

respectively (Olimpieri et al., 2013; Ambrosetti et al., 2020). Compared to Parapred

using the Parapred's training set, proABC-2 has a reported AUROC of 0.91 in

paratope prediction that is slightly superior to Parapred. The authors also used

the predicted interactions to inform antibody-antigen complex modelling. These

sequence-based approaches only require the antibody sequence as the input, and their

fast run-time has enabled the annotation of large sequencing datasets (Richardson
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et al., 2020).

Structures can inform the surface exposure of the residues and how they are

positioned with respect to each other. Graphlet-based comparison (Krawczyk

et al., 2013), Zernike descriptors (Daberdaku and Ferrari, 2019) and geometric

convolutional neural network (Pittala and Bailey-Kellogg, 2020) leverage the spatial

and physicochemical features to identify paratopes on an input antibody structures.

The three tools have AUROC's of 0.84, 0.95 and 0.95 respectively in the evaluation

of Pittala and Bailey-Kellogg (2020). In the context of analysing the paratope

diversity in sequencing datasets, model structures would need to be built. This

would be a limiting factor as the current structural modelling tools are not yet

scalable.

As an antibody may use di�erent paratope residues to bind to di�erent anti-

gens (Bostrom et al., 2009; Lee et al., 2017), an additional and important feature for

paratope prediction is the antigen information. Partner-aware paratope prediction

considers the cognate antigen and suggests paratope residues on the input antibody

sequences or structures. Antibody i-Patch is a structure-based method that uses

the structures of both the antibody and antigen to compute the binding likelihood

of residues on the antibody (Krawczyk et al., 2013). With sequence information

alone, Deac et al. (2019) extends the original Parapred model to incorporate antigen

sequence information through attention layers in the neural network architecture.

As both of these tools consider the properties of the cognate antigen, they should

in theory be able to make bespoke predictions for antibody-antigen pairs.

All of these paratope predictions tools were trained on structural datasets.

However, to apply them on Ig-seq datasets, we need to address the challenges

outlined in Section 1.3.1. It is necessary to validate these on sequencing datasets

that could potentially cover a more diverse �paratope space�, for example the larger
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percentage of longer CDRH3 than seen in crystal structures (Kovaltsuk et al., 2020).

1.4.2.2 Searching for similar binding sites with surface descriptors

The surface shape of a paratope can determine the type of its cognate antigen. Lee

et al. (2006) showed that small molecule and peptide antigens prefer a deep pocket

in the paratope, whereas most of the paratopes for a protein antigen adopt a

�planar� shape. Similar messages were brought about by applying 3D Zernike

descriptors to antibody-antigen binding site structures (Di Rienzo et al., 2017).

More detailed descriptors have also been applied to compare paratope shapes.

Below we included six major families of surface descriptors that have been used to

capture the surface shape and chemical features of protein binding sites (Figure 1.7).

Tessellation

Surface tessellation is built upon triangulation of the surfaces, whereby triangles

are created from all of the atomic coordinates on the protein surface (Figure 1.7A).

The surfaces are then aligned and the overlap of triangles between two surfaces is

used as a similarity measure (Liang et al., 1998; Xie and Bourne, 2008; Schalon

et al., 2008; Albou et al., 2009; Zhou and Yan, 2014). It can also be used to compare

the depth of two cavities (Albou et al., 2009).

Surface curvature

Fractal atomic density, e.g. Surfactal (Kuhn et al., 1992), measures the surface

curvature by the gradient of atomic density. The atomic density of a point is the

number of surrounding atoms within a de�ned radius. For instance, in Figure 1.7B,

the red circle encloses four atoms, while the blue circle only includes one atom. The

atomic density is higher around surface points which are deeper in the grooves (red

circle), and lower around surface points which are more exposed (blue circle). By
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Figure 1.7: Shape descriptors.A. Tessellation. The surface is triangulated from all
the atomic coordinates. Discrete �ow analysis removes triangles with any edges that
fall outside the surface region.B. Surface curvature. The atomic density of a point is
re�ected by the number of surrounding atoms within a de�ned radius. C. Grid-based
methods. A grid is blocked if it is buried in the protein. A probe surveys its neighbouring
grids when rolling over the surface, to vectorise the degree of buriedness.D. Geometric
hashing. All possible triplet combinations of atoms in the small molecule or protein
pocket are extracted. These triangles are hashed by their edge distances and vertex types,
represented by the three-dimensional cube. The total number of triangles in each hash
bin is tallied and recorded into a frequency table (�hash table�). Molecules with similar
geometries should have comparable hash tables.E. Ultrafast Shape Recognition (USR;
extracted from Ballester and Richards (2007)). USR is an alignment-free method that
identi�ed four reference points (explained in the chapter) on the molecule and computed
the pairwise distances as vectors for comparison.F. Distance map-based algorithms. The
inter-atomic distances of the binding site are used to build a distance matrix. To search
for the best alignment between the two binding sites, dynamic programming algorithms
optimise an objective function that considers structural and chemical matches.
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this scheme, the atomic density is continuous across the surface. MacCallum et al.

(1996) suggested a threshold for the de�nition of surface concavity based on this

measure, which could categorise surfaces by their depths.

Grid-based methods

A grid-based approach can facilitate the calculation of the cavity opening,

elongation and other shape descriptors. For instance, in PocketPicker (Weisel

et al., 2007) and Vectorial Identi�cation of Cavity Extents (VICE; Tripathi and

Kellogg, 2010), a 3D-grid is placed to discretise the surface of the protein. A grid

is blocked if it is buried in the protein structure; otherwise it is exposed. A probe

is rolled over the surface of the protein to survey its environment to calculate the

percentage, and vectorise the positions of buried neighbouring grids (Figure 1.7C).

In the example shown in Figure 1.7C, the red probes hit four and six blocked grids

in the surrounding eight grids, which implies that they are positioned in a buried

cavity. The blue probes only hit two and three blocked grids, suggesting that they

are situated on a more exposed region. The set of vectors gives an indication of

cavity dimension and shape including the width of opening, elongation and sphericity.

Geometric hashing

Geometric hashing has been widely used in computer vision to compare similar

objects. It involves identifying reference points on an image, constructing triangles

from all possible triplets of points set, and encoding the information of the triangles

into a hash table. By comparing the hash tables of two images, a similarity score

suggests how likely the two images contain the same object.

In the application of geometric hashing to small molecule binding, the spatial

coordinates and chemical features (e.g. by element or atom types) are encoded

(Figure 1.7D). The pharmacophores (atoms that participate in interactions) in a
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small molecule are used to build �triangles�. All triplet combinations are hashed

by the edge features: the length of the edge that is put into discretised bins of

distances, and the vertices' chemical types at the two ends of the edge. A frequency

table of the hashes (�hash table�) is constructed for each molecule. The more

overlap there is between the hash tables of two molecules, the more similar the

molecules are. Previous methods have shown success in identifying geometrically

similar surfaces in protein-ligand and protein-protein applications (Wallace et al.,

1997; Shulman-Peleg et al., 2004, 2005; Wood et al., 2012; Núñez-Vivanco et al.,

2016).

More recently, Ligity (Ebejer et al., 2019) extends to consider tetrahedrons of

pharmacophore quadruplets in protein-ligand structures. With the fourth points,

this method is able to consider the chirality in the small molecule conformers by

calculating the volume of the tetrahedrons and encoding chirality as a feature in

the hash function. Ligity was used to screen for conformers which are similar to

the ligand in the query protein-ligand complex structures, and showed consistent

results with docking but was much faster.

These methods have shown promises in small molecule characterisation and

discovery. However, when they were adapted for protein-protein interfaces, the

larger protein-protein interfaces compared to the protein-ligand pockets substantially

increased the algorithm run-time (Shulman-Peleg et al., 2004, 2005). The all-atom

comparison between protein surfaces becomes unscalable to datasets in the size of

Ig-seq datasets. More details will be covered in Chapter 4.

Ultrafast Shape Recognition (USR)

USR (Ballester and Richards, 2007) was introduced as an alignment-free method

to compare the geometry of small molecules (Figure 1.7E). Four reference points are

identi�ed in a small molecule based on the molecular centroid and three extrema
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of the molecule: (a) the closest atom to the molecular centroid; (b) the farthest

atom to the molecular centroid; and (c) the atom farthest from (b). Selecting

the same reference points based on the extrema on every structure avoids the

need to align the structures during the structural comparison. Instead, USR uses

the vectors corresponding to each reference points to compute their structural

similarity. The pairwise distances between each atom and these reference points

are calculated and the list of distances are stored for each reference point. The

�rst (mean), second (variance) and third (skewness) statistical moments of the

distances with respect to each of the reference points are encoded in 12 descriptors

(three moments for each of the four reference points). By comparing the vectors of

descriptors, similar surfaces should have a small numerical di�erence in the vectors.

Extensions of the USR method incorporated physicochemical features of the atoms

such as electrostatics in Electroshape (Armstrong et al., 2010) and CREDO atom

types in USRCAT (Schreyer and Blundell, 2012) as additional vectors. These

extensions provided means for describing the topology and chemical features, but

their applications on protein-protein interfaces has not been evaluated yet.

Distance map-based algorithms

Distance maps have been extensively used in protein structural alignment, for

example in combinatorial extension (Shindyalov and Bourne, 1998) and Dali (Holm

and Sander, 1995). Recently, they have been applied more locally to quantify

the similarity between binding sites, independent of sequential orders of the

residues (Figure 1.7F). For example, Gao and Skolnick (2013) and Mirabello

and Wallner (2018) developed di�erent objective functions and applied stochastic

approaches to speed up the optimisation process. APoc (Gao and Skolnick, 2013)

uses the Linear Sum Assignment Problem to optimise for the �Pocket similarity

score�, calculated from the backbone geometry, side chain orientation and chemical

similarity. InterComp (Mirabello and Wallner, 2018) considers the distance and

BLOSUM substitution between the aligned residues as their objective function for
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simulated annealing. These methods have shown promising results in identifying

similar protein surfaces. However, the main bottleneck is the inherently long

computational time of dynamic programming methods.

1.5 Thesis overview

In this work, I have analysed and predicted properties of antibody and TCR binding

site structures. Inspired by initial structural analysis, we describe the development

of descriptors optimised for application on BCR sequencing datasets, to explore the

binding site structure diversity captured by immune repertoires.

1.5.1 Chapter 2

In this chapter, we focus on the CDR canonical forms in antibodies and propose

a fast, sequence-based predictor for canonical forms annotation, SCALOP. We

show that SCALOP makes consistent predictions to a database-search method

on an Ig-seq set, but in a much shorter time. As more structural data becomes

available, we see an increase in the number of canonical forms and implement an

auto-updating database in SCALOP to ensure that it has captured the most recent

information about the canonical forms. We further demonstrate its application on

a mutagenesis set to show that SCALOP is able to rapidly highlight the binding

site structural di�erences of a set of antibody sequences.

1.5.2 Chapter 3

This chapter covers the analysis of antibody and TCR binding site structures, in

an attempt to decipher the mechanisms that di�erentiate their biological functions.

We �nd that TCR CDRs can adopt multiple conformations, more often than

their antibody counterparts. Building on the increased variability of TCR CDR

conformations, we develop a multi-state TCR modelling tool, TCRBuilder, to
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capture this phenomenon. We show that TCRBuilder is comparable to the existing

tools, with the additional bene�t of portraying the multi-state conformations of

TCR binding sites.

1.5.3 Chapter 4

The majority of the sequence-similar antibodies adopt the same binding mode

against their cognate antigens. However, sequence-dissimilar antibodies can also

bind to the same epitope. Sequence-based metrics would have missed these cases,

and a structural descriptor is needed. This chapter introduces Ab-Ligity, a structure-

based metric that identi�es paratopes against highly similar epitopes. We compare

Ab-Ligity with an existing surface comparison tool built for general protein surfaces.

1.5.4 Chapter 5

Paratope analysis and prediction have been built upon available structural data

that is biased towards structures with shorter loops due to technological constraints.

To apply these tools to sequencing datasets that capture a more diverse space, we

need to assess the applicability of these paratope prediction tools. This chapter

covers the preliminary results of our paratope analysis and an appraisal of a deep

learning paratope prediction tool, Parapred. We then incorporate some key paratope

features into simpler, more interpretable machine learning models. To assess the

length-dependence of the models, we observe their behaviours when trained on

shorter loops and tested on longer loops, and compare to that of Parapred. Due to

the interpretable nature, we further identify the features that the simpler models

use to determine paratopes against protein or peptide targets.
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1.5.5 Chapter 6

In this chapter, we conclude the �ndings of this DPhil thesis. Based on the results,

we propose future directions that can be pursued to harness the data we currently

have and �ll the gaps to understand antibody and TCR binding.
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This chapter is adapted from my published work �SCALOP: sequence-based an-

tibody canonical loop structure annotation� in Bioinformatics (Wong et al., 2019a).

2.1 Introduction

With the development of next generation sequencing, over 500 million antibody

sequences are now available and collated in the public domain (Kovaltsuk et al.,

2018). A rapid way of gaining structural insights across large sequencing datasets is

necessary. As mentioned in Section 1.2.1.2, CDRs form the majority of the paratope

and canonical forms have been observed in �ve of the six CDRs. These canonical

forms are known to be predictable from sequence alone (e.g. Chothia and Lesk,

1987; Martin and Thornton, 1996; Nowak et al., 2016). Thus a canonical form

predictor can give a rapid approximation of the paratope shape. A sequence-based
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predictor of paratope shapes can be used to screen for possible binders with the

preferred geometries against the target epitope.

Since the introduction of CDR canonical forms in 1987 (Chothia and Lesk,

1987), they have been revisited many times, but each update has been a static

snapshot of the data available at that time point (see Section 1.2.1.3). By examining

these renewals, we are able to illustrate how the growth of structural data has

continuously modi�ed our understanding of CDR loop structures, from the 10

canonical forms seen in 1987 (Chothia and Lesk, 1987) to the 26 in 2016 (Nowak

et al., 2016). Based on these de�nitions of canonical forms, several sequence-based

canonical form prediction methods have been developed (e.g. Chothia and Lesk,

1987; Martin and Thornton, 1996; Nowak et al., 2016). Chothia and Lesk (1987)

suggested structurally-determining residues for canonical form assignment. Using

a similar approach, Martin and Thornton (1996) published a freely available web

server that takes as input complete and paired antibody sequences, but lacks a

software package for bulk processing. Hidden Markov models have also been built

for cluster assignment but are not readily available (North et al., 2011; Nowak et al.,

2016). AbDesign within Rosetta uses position-speci�c scoring matrices (PSSMs)

of the canonical forms for predicting the CDR backbone conformations (Lapidoth

et al., 2015). However, none of these tools uses an auto-updating database, and none

provides both a web interface and a freely available software package for large-scale

sequence analysis.

Below we describe our fast, sequence-based antibody canonical loop structure

prediction method, SCALOP, supplemented with an auto-updating database. This

tool is publicly available at http://opig.stats.ox.ac.uk/webapps/scalop .
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2.2 Method

The database of SCALOP is built following the de�nition of Nowak et al. (2016),

and PSSMs are then constructed for each of the structural clusters when making a

prediction. SCALOP takes one or a set of amino acid sequences of full antibody

chains as input. It then numbers the sequence with ANARCI (Dunbar and Deane,

2016), and scores the extracted CDR sequences against PSSMs of its clusters. The

input CDR sequence is then assigned to the cluster with the maximum score above

a scoring threshold. The Protein Data Bank (PDB; Berman et al., 2000) code and

chain identi�er of the assigned cluster's median structure is returned along with the

canonical class. The database is updated monthly. Below is a detailed description

of the steps taken.

2.2.1 Length-independent clustering of CDR loop struc-
tures

We followed the protocol outlined by Nowak et al. (2016) to carry out length-

independent clustering of the CDR structures.

2.2.1.1 CDR loop extraction from protein structures

All X-ray structures available in SAbDab (Dunbar et al., 2014b) as of 10th July

2017, with a resolution of� 2.8Å, were used initially (hereafter the �SAbDab set�).

For this work, we adopted the IMGT numbering scheme (Lefranc et al., 2015)

and the CDR de�nition described by North et al. (2011). CDR loops with no

missing residues and no B-factors of backbone (C, C� , N and O) atoms� 80 were

considered (Nowak et al., 2016).
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2.2.1.2 Cluster formation

Five residues before and �ve after the CDR termini were used as the anchors

for structural alignment. The CDRs were superposed using only the 10 anchor

residues and the pairwise backbone root-mean-square deviation (RMSD) between

loop structures were calculated as follows:

RMSD(v; w) =

vu
u
t 1

n

nX

i =1

((vix � wix )2 + ( viy � wiy )2 + ( viz � wiz )2); (2.1)

wherev and w are two sets each ofn atoms, andx, y and z refer to the x-, y- and

z-coordinates of these atoms.

The RMSDs between all the atoms in the loop structures were used to form

the cost matrix. For loop structures that di�er in length, a dynamic time warping

(DTW) algorithm was used to �nd the optimal structural alignment between the

backbone atoms (in a method similar to Needleman-Wunsch sequence alignment

algorithm; refer to Nowak et al., 2016 for detailed implementation). Density-based

spatial clustering of applications with noise (DBSCAN; Ester et al., 1996) was

used to carry out the structural clustering due to its ability to search for densely

populated regions and group the neighbouring points, without knowing the number

of expected clusters. Nowak et al. (2016) selected optimal distance cut-o�s by the

Ordering Points to Identify the Clustering Structure (OPTICS; Ankerst et al.,

1999) algorithm. The clustering thresholds used in this study are the same as

those in Nowak et al. (2016), except for L2 where a clustering threshold of 1Å was

used. This led to three H1, four H2, twelve L1, one L2 and seven L3 clusters. The

summary statistics of the clusters are shown in Appendix A.1.

2.2.2 Building the position-speci�c scoring matrix

2.2.2.1 Constructing PSSMs for the clusters

Consistent with the description in Nowak et al. (2016), we de�ned a cluster for

use in prediction as a set of CDR structures with at least six unique sequences. A
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cluster is named as follows: the �rst two letters represent the type of CDR (H1 or

H2 etc.), followed by the sequence lengths found in the cluster, and completed with

an alphabet representing the rank of the cluster in descending sizes. For instance,

an L3 cluster which contains length-10 and length-11 sequences (10,11), and has

the second highest number of unique sequences among all clusters which contain

both length-10 and length-11 sequences (B), is called �L3-10,11-B�.

We constructed a PSSM for each cluster based on the frequency of amino acids

found at a given position within the cluster:

M k;j = log2
pk;j

bk
; (2.2)

whereM k;j is the element score andpk;j is the probability of observing the amino

acid k at the IMGT-numbered position j in the cluster, andbk is the background

probability of amino acid k, which is considered to be the same for all amino acid

types (i.e. 0.05; alternative background probability derived from the distribution

of amino acids in antibodies could also be used, but is not considered in this

study for simplicity). A pseudo-count of 0.001 was added to all elements with

no observations to prevent computational errors.

2.2.2.2 Scoring the PSSM and making a prediction

To make a prediction, we only considered clusters that contain members of the

same sequence length as the target sequence. For instance, a length-10 L3 sequence

will be considered against PSSMs of L3-9,10-A, L3-10-A, L3-10-B and L3-10,11-A.

The PSSM score for a target sequence for clusterc is sc given by:

sc =
JX

j = J0

M k;j ; (2.3)

whereJ is the set of positions in the target sequence. If the highest total score is

above an assignment threshold (see Section 2.2.3 and Appendix A.2), an assignment

is made to the cluster with the highest total score.

Nearly all of the L2 loops (2741/2765) in the SAbDab set are of length eight

and we observed that 99.3% (2721/2741) of these length-8 L2 loops are clustered

34



2. SCALOP

in our L2-8-A. Henceforth, all length-8 L2 loops were assigned to a single cluster;

loops of other lengths were not assigned to any clusters as we did not have any

clusters of other lengths. This resulted in the same precision and recall as the

selected threshold (see Table 2.1).

Table 2.1: Recall, precision and coverage at the selected thresholds.

CDR (threshold) Recall (%) Precision (%) Coverage (%)
H1 (0.5) 99.45 89.26 93.75
H2 (-1.5) 99.89 93.6 97.54
L1 (-0.5) 99.84 95.67 97.38
L2 (-1) 100 99.13 98.5
L3 (0) 99.26 93.31 91.69

2.2.3 Cross-validation for threshold selection

We carried out leave-one-out cross-validation on the SAbDab set. Within a cluster,

only unique sequences were used. For non-clustered sequences, only unique sequences

in the set were retained for cross-validation.

For each loop, if the backbone RMSD between the actual structure and any

members of the assigned cluster was< 1.5Å, this was labelled a true positive

(TP); otherwise this was labelled a false positive (FP). If the loop was not in

any cluster and was not assigned to any cluster, this was labelled a true negative

(TN). If the loop was in a cluster but was not assigned to any cluster, this was

labelled a false negative (FN).

We used the following de�nitions for the calculation of recall, precision and cover-

age:

Recall =
TP

TP + FN
; (2.4)

P recision =
TP

TP + FP
; (2.5)

Coverage=
TP + FP

TP + TN + FP + FN
: (2.6)
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For each CDR, we calculated the precision and recall for di�erent assignment

thresholds. We then calculated theF1 score for each threshold:

F� = (1 + � 2)
precision � recall

(� 2 � precision) + recall
; (2.7)

where � = 1.

The maximum total scores were between -4 and 4 (Figure 2.1). We performed

a parameter sweep between these values using an increment of 0.5.

Figure 2.1: Maximum total score distributions for di�erent CDR loops during cross-
validation.

We selected the scoring threshold with the highest F1 score (Appendix Table A.3).

Table 2.1 shows the corresponding recall, precision and coverage of the selected

threshold for each CDR type.

2.2.4 Benchmark with FREAD

FREAD is a database-search method for loop structure prediction (Deane and

Blundell, 2001; Choi and Deane, 2010). The algorithm extracts fragments in loop

structures to build its database. To query FREAD, it takes as input a sequence and

the anchor separation in the structure that the query sequence is to be grafted on.

The environment substitution score (ESS) is calculated by the dihedral angle ranges
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and amino acid substitution patterns in the query and database fragment structures.

In this study, FREAD was run using only structures whose PDB code and

chain identi�er are found in the SAbDab set. As in SAAB (Krawczyk et al.,

2018), we selected the antibody framework structure onto which the query loop was

grafted, by sequence identity to the native framework. To select a prediction, we

used length-dependent environment substitution score (ESS) cut-o�s (Krawczyk

et al., 2018; Kovaltsuk et al., 2020):

ˆ Lengths < 13: 25

ˆ Lengths 13-16: 40

ˆ Lengths > 16: 55.

As with the standard FREAD protocol, the decoy with the top ESS above

the length-dependent ESS cut-o�, and the lowest anchor RMSD with the model

framework was selected as the FREAD prediction. FREAD does not make a

prediction if none of the decoys are above the corresponding ESS cut-o�, or when

the decoy has an anchor RMSD of� 1.0Å.

2.2.4.1 Coverage and precision of FREAD on loops in the SAbDab set

We ran a leave-one-out cross-validation on all structures within the SAbDab set. For

each case, the frameworks and CDR loops from identical antibody sequences were

eliminated. The same measures of correctness were used for FREAD as for SCALOP.

A true positive prediction refers to a case where the backbone RMSD between the

actual and predicted structures was< 1.5Å; otherwise it was a false positive. If the

minimal backbone RMSD between the actual structure and any loop structures was

� 1.5Å, it was considered a true negative if FREAD does not make a prediction;

otherwise the lack of a FREAD prediction was considered a false negative. The

calculation for the coverage and precision are the same as in Section 2.2.3.
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2.2.5 Predicting on the Immunoglobulin gene sequencing
(Ig-seq) set

To assess the speed and portion of consistent predictions made by SCALOP and

FREAD, we ran both predictors on a set of 8,380,540 light chain and 4,925,532

heavy chain sequences (referred to as �Ig-seq set� in this chapter). We carried out

the SCALOP and FREAD prediction and analysis on all of the redundant sequences.

For unique CDR loops, there are 513,143 H1, 523,536 H2, 353,229 L1, 77,689 L2

and 496,229 L3. The �overlap coverage� is the percentage of sequences for which

both FREAD and SCALOP made a prediction. Within the overlapped predictions,

if the FREAD prediction was < 1.5Å backbone RMSD from any member of the

cluster assigned by SCALOP, it was considered a �consistent prediction�.

2.2.6 Backdating the SCALOP database

We used the whole SAbDab set as the test set. For the back-dated set, we retained

structures whose deposition dates were before the end of the year of interest. We

selected the representative years based on previous publication dates of canonical

forms de�nitions (Al-Lazikani et al., 1997; North et al., 2011; Nowak et al., 2016).

For each back-dated set, we carried out a leave-one-out cross-validation for all

the loops in the SAbDab set:

ˆ for loops that existed on or before the given year, we did not include the loop

of interest in the construction of PSSMs, and

ˆ for loops that came into existence later, we built the PSSMs based on all

loops present in the back-dated set.

2.2.7 Observing the correlation between CDR canonical
forms and the antibody binding

We tested for a correlation between the CDR canonical classes predicted by SCALOP

and their relationship with the binding a�nity. Adams et al. (2016) curated a

dataset of mutated H1 sequences and the resultant antibodies' binding a�nity to the
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target antigen. In the experiment, single, double or triple mutations were introduced

to the H1 sequence of a �uorescein-binding antibody (PDB code: 1FLR; referred

to as wild-type/WT). They used a high throughput binding a�nity measurement

technique, Tite-seq, to calculate the a�nity (K D ) of these� 2800 antibodies with

mutated H1 sequences. A variant with femtomolar a�nity (PDB code: 1X9Q;

referred to as OPT) was also assayed.

The dataset was curated using the CDR de�nition according to Kabat and Wu

(1991). Therefore we constructed the PSSMs of SCALOP according to this de�nition.

SCALOP was then used to predict the canonical classes of all these mutated CDRH1

sequences. The measured binding a�nity and the predicted canonical classes were

then plotted to see if the changes in the canonical class in�uenced the binding a�nity.

2.3 Results and Discussion

2.3.1 Performance of SCALOP and FREAD on SAbDab
set

We evaluated the performance of SCALOP on the SAbDab set using a leave-one-out

cross-validation protocol and compared its performance to FREAD. We compared

with FREAD because it is used as a high quality, high coverage CDR structural

predictor (Leem et al., 2016). The prediction coverage and precision of both methods

for all non-H3 CDR loops are shown in Table 2.2. In general, SCALOP has slightly

poorer coverage than FREAD. The average coverage for SCALOP across all CDRs

is 95.8% against 97.2% for FREAD. This is likely to be caused by a lower coverage

of the structures captured by the SCALOP clusters, as some loops fall outside of

any canonical cluster, preventing us from predicting structures of that type. On

the other hand, FREAD does not depend on cluster formation but surveys the full

structural database. The precision of FREAD and SCALOP are both high (average

90.19% and 94.19% respectively), suggesting that SCALOP predictions can be used
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to rapidly predict the structures of non-H3 CDR loops.

Table 2.2: Coverage and precision of SCALOP and FREAD on SAbDab set.

Metric Method H1 H2 L1 L2 L3

Coverage
SCALOP 93.75 97.54 97.38 98.50 91.69
FREAD 96.79 93.38 98.76 98.89 98.02

Precision
SCALOP 89.26 93.60 95.67 99.13 93.31
FREAD 80.19 88.50 92.72 98.27 91.29

2.3.2 Performance of SCALOP and FREAD on the Ig-seq
set

We ran SCALOP and FREAD on the Ig-seq set and assess their overlap coverage,

consistency and speed. Figures 2.2 and 2.3 present the prediction coverage of

SCALOP and FREAD on the Ig-seq data. Between 78.58% and 98.02% of the

predictions for the �ve CDRs overlap between SCALOP and FREAD. FREAD

once again gives higher coverage than SCALOP. In heavy chain CDRs (Figure 2.2),

FREAD has approximately 20% (H1) and 16% (H2) more coverage than SCALOP,

compared to the 2% (L1) and 1% (L2) in light chain counterparts (Figure 2.3A�B).

There is also a small portion of loops (< 1%) which were not predicted by FREAD

but were predicted by SCALOP. In most of the CDRs (Figures 2.2 and 2.3A�B),

apart from L3, only a tiny portion of the loops were predicted by neither FREAD nor

SCALOP (0.11% to 0.58%). In L3 loops (Figure 2.3C), FREAD has approximately

10% more coverage than SCALOP. No FREAD or SCALOP predictions were

made for 1.75% of the loops, a percentage that is considerably higher than the

< 1% in the other CDR types. We had expected L3 loops to be slightly more

diverse, thus comparatively less predictable, than the other four CDRs, owing to the

junctional diversity added to the third hypervariable loop of each chain as described

in Section 1.2.1.1.
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A. B.

Figure 2.2: Prediction coverage of SCALOP and FREAD on the Ig-seq data, for each
heavy chain CDR types. FREAD has a higher coverage than SCALOP in all cases.
A. CDRH1. The overlap coverage is close to 80%. Only 0.34% of sequences were not
predicted by either FREAD nor SCALOP. B. CDRH2. The overlap coverage is above
80%. Only 0.11% of all sequence data is predicted by neither method.

The percentage of consistent predictions a�rms that SCALOP makes very similar

predictions to FREAD (Table 2.3). For CDRs on the light chain, all predictions

made by SCALOP and FREAD agree. In heavy chain CDRs, the 5% disagreement

could be caused by the fewer number of clusters in the heavy chain CDRs leading

to less informative PSSMs. It is also possible that, since SCALOP and FREAD are

predictors, either, or both of the methods could make incorrect predictions in this

comparison.

One of the major advantages of SCALOP is its speed. On a single core, predicting

100 sequences takes 227s using FREAD, but 0.292s using SCALOP. This nearly

800-fold speed up suggests the possibility of running SCALOP as a fast and reliable

�rst-screen for a large sequencing dataset.
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