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Abstract

Antibodies are proteins of the adapative immune system. Structural diversity
in an antibody’s two variable domains, Vi and Vi, allow it to bind almost
any molecule with high affinity and specificity. This thesis focuses on charac-
terising such variations to develop computational tools for antibody design,
with a particular interest toward engineering antibodies as therapeutics.
First, we describe a method to predict the binding affinities of antibody—
antigen interactions. Using the contacts at the antibody—antigen interface,
we show promising results, but the performance is too poor for extensive
design applications. Since several factors can influence antibody binding, we
investigate V-V, pairing, one of the largest sources of antibody structural

variation. Based on our data, we describe a structure-based mechanism
to describe V-V, pairing. In particular, the high conservation of contacts
at the V-V, interface in over 6000 antibody sequences provides support
for random Vy-Vp, pairing.

Following this analysis, we introduce our antibody modelling pipeline,
ABodyBuilder. We demonstrate that ABodyBuilder can rapidly build accurate
models, and is useful for mapping the antibody structural landscape from
sequence. Furthermore, ABodyBuilder calculates the model’s expected accu-
racy in order to help the decision-making process for users during antibody
design. To complement ABodyBuilder’s current setup, an antibody—specific
rotamer library and side chain prediction algorithm are described. Although
the maximum achievable accuracy is near 100%, the actual accuracy is closer
to 80%, suggesting that the algorithm needs further refinement before full
integration into the ABodyBuilder pipeline.

Finally, we discuss how the tools presented in the thesis can be improved,
and applied to other problems in computational antibody design. We also
present an overview on the potential avenues for expanding the work herein.
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Abstract

Antibodies are proteins of the adapative immune system. Structural diversity
in an antibody’s two variable domains, Vi and Vi, allow it to bind almost any
molecule with high affinity and specificity. This thesis focuses on characterising
such variations to develop computational tools for antibody design, with a
particular interest toward engineering antibodies as therapeutics.

First, we describe a method to predict the binding affinities of antibody-
antigen interactions. Using the contacts at the antibody—antigen interface, we
show promising results, but the performance is too poor for extensive design
applications. Since several factors can influence antibody binding, we investigate
Vu-VL pairing, one of the largest sources of antibody structural variation.
Based on our data, we describe a structure-based mechanism to describe Vy—
V1, pairing. In particular, the high conservation of contacts at the V-V, interface
in over 6000 antibody sequences provides support for random Vy—-Vy, pairing.

Following this analysis, we introduce our antibody modelling pipeline,
ABodyBuilder. We demonstrate that ABodyBuilder can rapidly build accurate
models, and is useful for mapping the antibody structural landscape from
sequence. Furthermore, ABodyBuilder calculates the model’s expected accuracy
in order to help the decision—-making process for users during antibody design.
To complement ABodyBuilder’s current setup, an antibody-specific rotamer
library and side chain prediction algorithm are described. Although the max-
imum achievable accuracy is near 100%, the actual accuracy is closer to 80%,
suggesting that the algorithm needs further refinement before full integration
into the ABodyBuilder pipeline.

Finally, we discuss how the tools presented in the thesis can be improved,
and applied to other problems in computational antibody design. We also
present an overview on the potential avenues for expanding the work herein.
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Never say never, because limits, like fears, are often just
an illusion.

— Michael Jordan
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In vertebrate organisms, the adaptive immune system can specifically recog-
nise almost any foreign molecule or pathogen (collectively known as ‘antigens’).
In particular, a class of antigen-binding proteins, known as antibodies, detect
antigens and recruit the immune system for defence against them. The ability
of antibodies to bind many different molecules has attracted interest, e¢.g. as a
specialised case-study of protein—protein interactions, and as a platform for
designing bespoke biotherapeutics.

This thesis concerns the building and refining of computational methodolo-
gies for antibody design. The work presented harnesses the wealth of antibody
structural data in the Protein Data Bank (PDB; Berman et al., 2000).

This Chapter will provide the context for the thesis. It will start with an

introduction to the structure and biological function of proteins. The Chapter



1.1. Proteins: the engines of biology

will then cover the structure and biological role of antibodies, followed by an
overview of methodologies in experimental and computational antibody design.

To finish, the Chapter will provide an outline of the rest of the thesis.

1.1 Proteins: the engines of biology

Proteins are the primary functional units of a cell. The sequence of DNA
nucleotides is transcribed to messenger RNA (mRNA); the mRNA is then
translated by ribosomes into a chain of amino acids. This chain usually folds
into a three-dimensional (3D) protein structure, which determines its function.
These functions range from, but not limited to, biochemical catalysis (enzymes),

transport (membrane proteins), and molecular recognition (receptors).

1.1.1 Amino acids and protein sequences

Amino acids form the building blocks of a protein. Each block, or ‘residue’, is
composed of four atoms in its ‘backbone’: nitrogen (N), the alpha carbon (Ca),
the carbonyl carbon (C), and the carbonyl oxygen (O). Attached to the Ca is
a functional group, or side chain (R) (Figure 1.1A).

Starting from the N—-terminal end of the protein (i.e. the end that features a
free NH; group and is first translated by the ribosome), each successive residue
is covalently bonded by a peptide bond to the previous residue (Figure 1.1A).
Every non-terminal amino acid in a protein has two torsion angles (Figure 1.1B).
The ¢ torsion angle refers to the angle about the N-Ca bond, whereas the
¢ angle refers to the torsion angle about the Ca—C bond. Each amino acid
adopts a series of ¢/ angles, and each amino acid is flexible within steric
constraints (Figure 1.1C).

The chemical structure of the side chain affects the conformational freedom
of the amino acid. For instance, Gly does not have a side chain, and is thus
much more flexible in comparison to Phe, whose side chain has an aromatic
phenyl ring. In addition to size, each amino acid side chain has unique chemical

features (Appendix Figure A.1).
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Figure 1.1: A. Two-dimensional structure of three amino acid residues. The ‘backbone’
of an amino acid, highlighted in green, consists of nitrogen (N; blue), the a—carbon (Ca),
carbonyl carbon (C), and oxygen (O; red). Apart from glycine (i + 1th residue), each
amino acid has a distinct chemical group at the side chain (R; pink). Each residue is
linked to another by a peptide bond, highlighted within the yellow quadrangle. B. 3D
structure of three amino acid residues. Each non-terminal amino acid residue has two
torsion angles along the backbone: the ¢ angle and the ¢ angle. C. Ramachandran plot
of Ala residues. In proteins, Ala residues can adopt a limited combination of ¢ and ¥
angles due to steric constraints. Combinations are coloured in decreasing order of steric
allowance: green, blue, and pink. Plot adapted from Nelson and Cox (2004).

These chemical properties may also play key roles in a protein’s function.
For example, Ser residues of proteases are responsible for cleaving proteins, and
Tyr residues in antibodies are often a key part of the binding to the antigen.
Ultimately, a protein is defined by its amino acid sequence, which is thought
to determine its fold (Anfinsen, 1973), and function.

For simplicity, it is common to use the single-letter alphabet to represent

a protein’s sequence (Appendix Figure A.1). For example, a protein with
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the sequence GIn—Val-Leu can be written as ‘QVL’". Comparing two (or more)
protein sequences offers an avenue to find the relationship between proteins. In
principle, proteins with similar sequences are assumed to share structural and

functional characteristics (Sander and Schneider, 1991; Orengo et al., 1994).

1.1.2 Protein structures

The amino acid chain usually folds into a series of local, or ‘secondary”’ structure
elements. These secondary structures are often organised in 3D space to form
a ‘tertiary’ structure. There are three major types of secondary structures: a—
helix, p—strand, and loops (Appendix Figure A.2). The a-helix is characterised
by hydrogen bonds between the backbone oxygen of the ith residue and
the backbone nitrogen of the i+4th residue (Appendix Figure A.2). On the
other hand, multiple B—strands connect together in parallel or anti—parallel
directions to form pB-sheets. Similar to the a—helix, both types of f—sheets are
characterised by their hydrogen bond patterns (Appendix Figure A.2). Loops
are an irregular secondary structure that serve multiple purposes, and connect
the other secondary structures.

The collection of secondary structures that form a stable, independent unit is
known as a ‘domain’ (Alberts et al., 2008). A protein domain can be classified
as predominantly a—helical, B—sheet, or a mix of both; they are also grouped
into ‘families” according to topological and sequence similarities (Murzin et al.,
1995; Orengo et al., 1997).

Smaller proteins often have only one domain, and it is possible for a single
chain to have multiple domains. A classic example is an antibody, where one
antibody chain has multiple ‘immunoglobulin” domains (Edelman, 1973). Once
a single chain is folded, it can associate with other chains to form a ‘quaternary’
structure (Appendix Figure A.2). Multiple antibody chains form interactions

to form a quaternary structure (Section 1.2).
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1.1.2.1 Acquisition of protein structural data

Analysing protein structures has been facilitated by the availability of data in the
PDB (Berman et al., 2000). As of September 2016, over 110,000 protein structures
have been released. Ninety percent of the protein structural data in the PDB has
been acquired via X-ray crystallography. Other methods such as solution—state
nuclear magnetic resonance (NMR) and cryo electron microscopy (cryo-EM)
contribute a small, but significant, portion to the PDB.

In an X-ray crystallography experiment, proteins are first crystallised by
concentrating the protein in crystallisation media. Within the crystal, proteins
form an ordered lattice. An X-ray beam is then directed at the crystal, and
atoms within the protein diffract the X-ray; the detected electron diffraction is
transformed into an electron density map. Finally, a model is fitted onto the
electron density to infer the protein’s atomic coordinates (Alberts et al., 2008).
Although X-ray crystallography can provide a high-resolution image of the
target protein, crystallisation may force the protein into a non—native environ-
ment that can affect its structure (Sander and Schneider, 1991). Furthermore,
crystallisation is a non—trivial task (Wlodawer et al., 2013).

In solution-state NMR, a protein is exposed to an external magnetic field
and electromagnetic radiation. This excites certain atoms (e.g. hydrogen) within
the protein, which then emit different spectra of electromagnetic radiation
depending on its local chemical environment (i.e. amino acid). The hydrogen
atoms’ emission spectra can also be used to infer the relative distances between
atoms. Multiple models are fitted to the spectrum, which represent the possible
3D states of the protein (Alberts et al., 2008; Wiithrich, 1990). Although NMR can
provide information on the conformational variance of a protein, the method
is limited to small (~30-50kDa) proteins.

Finally, cryo—EM is becoming an increasingly popular method for studying
protein structures. Proteins are flash frozen, then examined in an electron
microscope. The images are used to reconstruct the atomic coordinates of the

protein. Currently, cryo-EM generates lower resolution images in comparison to
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X-ray crystallography, though it is useful for obtaining the structures of larger

macromolecular complexes (Amunts et al., 2015).

1.2 Antibody structural biology

In most vertebrates, antibodies are characterised as a Y-shape protein, consisting
of four protein chains: two ‘heavy’ chains and two ‘light” chains. The heavy
chain has a higher molecular weight, and can be one of several isotypes:
immunoglobulin M (IgM), IgD, IgE, IgA, and IgG. The choice of the isotype
is dependent on biological context. The light chain has two isotypes: x and
A; as the name implies, a light chain has a lower molecular weight. Often,
one light chain pairs up with one heavy chain, and two sets of heavy-light
chain pairs form the antibody’s quaternary structure (Figure 1.2A). An antibody
with a IgG heavy chain is considered an IgG antibody, regardless of whether
it is paired to a x or A light chain.

Throughout the thesis, antibodies will be assumed and illustrated in the IgG
form, unless otherwise stated. As discussed later in Section 1.3, the structure of

antibodies provides the foundations for their function in the immune response.

1.2.1 Quaternary structure of antibodies

In an IgG molecule, the two heavy chains are held together by inter—chain
disulphide bonds and non—covalent bonds (Chothia et al., 1998). In vivo, both
heavy chains and both light chains of an IgG are identical. However, synthetic
IgG antibodies can be engineered to have up to four different chains in one
antibody (Lewis et al., 2014). Antibodies can also be synthesised and/or

engineered in various formats (Figure 1.2B).

1.2.2 Antibody chain architecture

Each antibody chain has a series of folded units (domains) known as im-
munoglobulin (Ig) domains. An Ig domain is known as a variable (V) or

constant (C) domain. As their names suggest, the amino acid sequences of two
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A. Fv Region CDR Loops Immunoglobulin
Domains

V: Variable

~ G C: Constant
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Figure 1.2: A. An immunoglobulin G (IgG) antibody molecule has four protein
chains: two heavy (green) and two light (cyan) chains. Each chain has a series of
immunoglobulin domains: variable (Vy, Vi), and constant (Cy1, Cx2, Cx3, Cr). The
Vh domain has three ‘complementarity—determining’ region (CDR) loops: CDRHI,
CDRH2, and CDRH3. The Vi domain also has three CDR loops: CDRL1, CDRL2, and
CDRLS3. The six loops combine to form the majority of the antigen-binding site. The
Vu and Vi domains associate with each other via non—covalent interactions; together,
this Vg—V, pair is known as the variable fragment (Fv). Most antibody structural data
in the PDB are solved as antigen-binding fragments (Fab), which consists of the Fv,
Chl and Cp. The tail of the antibody is known as the crystallisable fragment (Fc),
which is formed by Cy2 and Cy3. B. Antibodies come in many shapes and sizes. The
single—chain variable fragment (scFv) is an engineered antibody format, where the
Vh and Vi domains are held together by a protein loop (i.e. a linker). Nanobodies, such
as camelid antibodies, only have the heavy chain, and thus only the Vi domain; they
usually have a long CDRH3 loop (red; >15 residues). Some antibodies are only made
of the Vi domain; these are known as Bence—Jones proteins.



1.2. Antibody structural biology

different antibodies” variable domains can be different. However, their respective
constant domains’ sequences are almost identical (assuming the antibodies are
of the same isotype) (Sela-Culang et al., 2013).

In an IgG antibody, the heavy chain has four Ig domains (Vy, Cxl, Cux2,
Cg3), and the light chain has two Ig domains (Vy, Cp) (Figure 1.2A). The Y-
shape of the antibody can be divided to two fragments by treating the antibody
with the papain enzyme: the antigen-binding fragment (Fab; Vy, Vi, Cql,
CL), and the crystallisable fragment (Fc; Cy2, C3) (Schroeder and Cavacini,
2010). Within the Fab fragment, the Vg and Vi, domains are collectively known
as the variable fragment (Fv) region.

Within each variable domain, there are three linear stretches of amino acid
residues whose sequences show the largest difference between different variable
domains. These regions are known as the ‘complementarity—determining’
regions (CDRs) (Wu and Kabat, 1970; Chothia and Lesk, 1987). The Vg domain
has CDRH1, CDRH2 and CDRH3, and the V| domain has CDRL1, CDRL2,
and CDRL3. Collectively, the first, second and third CDRs of both domains
are known as CDR1, CDR2, and CDR3. The regions flanking the CDRs are
known as the ‘framework’ region (FR). Each domain has four FRs, known
as FR1, FR2, FR3, and FR4.

The sequence diversity of the CDRs is reflected in antibody structures. The
CDRs’ structures vary significantly between antibodies (Figure 1.3). The six
CDR loops combine to form the majority of the antigen-binding site, known

as the paratope (Kunik et al., 2012; Krawczyk ef al., 2013, 2014).

1.2.3 Tertiary structure of immunoglobulin domains

The Ig domain is a f—sheet sandwich structure made of ~100 amino acids. Each
domain has two anti—parallel f—sheets, which are held together by a disulphide
bond. The Vy and Vi, domains pack together to form the Vu—Vy, interface
(Figure 1.4A). In the variable domains, the f—sheet facing the interface (i.e.
the interfacial sheet) typically has five strands, whereas the peripheral sheet
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Figure 1.3: The CDR loops show the most structural variation between different
antibodies. The following colour scheme is used for the CDRs: purple (CDRL1), blue
(CDRL2), light-green (CDRL3), yellow (CDRH1), orange (CDRH2), and red (CDRH3).
FRs are coloured white. Of these, CDRH3 shows the greatest variation.

(away from the interface) has four (Figure 1.4C). The constant domains have
seven B-strands (4 + 3 strands; Chothia et al., 1985)). The number of f—strands
is not static between different variable domains. Some structures may have

extra strands (e.g. near the N-terminus), or lack some strands (e.g. strands

flanking CDRH2 and CDRL2).

1.2.4 Annotation of variable domains

The original concept of FRs and CDRs is owed to work by Wu and Kabat (1970).
Here, the authors aligned 77 Vi, domains’ sequences. They observed that certain
positions in their alignment showed greater variation in amino acid frequencies
over other positions. These positions were denoted as the CDRs. From here,
the positions of their alignment established the foundations of a ‘numbering

scheme’ for antibodies, and the boundaries for demarcating CDRs.

1.2.4.1 Variable domain numbering

The goal of an antibody ‘numbering scheme’ is to annotate an antibody sequence
in order to facilitate the comparison of two (or more) sequences. In principle,

a given position should capture features such as amino acid frequencies, and
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Figure 1.4: Immunoglobulin domain structures in antibodies. A. 3D structure of
an antibody Fv. CDRHI1 (yellow), CDRH2 (orange), CDRH3 (red), CDRL1 (purple),
CDRL2 (blue), CDRL3 (green) are coloured under North ef al. (2011)’s CDR definitions
(Section 1.2.4.2). B. The Vy and Vi domains are f—sandwiches, where the interfacial
sheet (white) has five strands, and the peripheral sheet (grey) has four strands. Each
sheet is connected by a disulphide bond (yellow sticks). C. Each p-strand of the Vy and
V1. domains is represented as a square; CDR loops are coloured as in A. The location of
the Vu—Vy interface is represented by the arrow. Based on Chothia and Lesk (1987).
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Table 1.1: Comparison of major antibody numbering schemes.

Kabat Chothia AHo IMGT
Vu positions  1-113 1-113 1-149 1-128
Vy insertions 35, 52, 82,100 31, 52, 82, 100 111, 112
Vi positions  1-107 1-107 1-149 1-127
V1 insertions 27, 95, 106 30, 95, 106 111, 112

the position’s role on an Ig domain’s structure. Ideally, a position p should
represent a particular location with respect to an Ig domain’s 3D structure.

There are four major numbering schemes for annotating antibody variable
domains: the Kabat (Kabat ef al., 1983), Chothia (Chothia and Lesk, 1987),
AHo (Honegger and Pliickthun, 2001), and IMGT (Lefranc et al., 2003) numbering
schemes. For each scheme, the general notation for a position is to use the
chain, followed by the position number. If an insertion occurs in the domain,
typically a letter is used. For example, heavy chain position 24 would be
"H24’, whereas light chain position 95 with two consecutive insertions would
be ‘L95A" and ‘L95B’.

The Kabat scheme is the oldest numbering scheme, and is based solely on
sequence analyses. Under the scheme, each variable domain has insertions in
certain positions (Table 1.1; Kabat ef al., 1983). The Chothia scheme is largely
based on the Kabat scheme, though insertions for the CDRH1 and CDRL1 loops
were corrected from the Kabat scheme following structural analyses (Table 1.1;
Chothia and Lesk, 1987).

Despite the historical and widespread use of the Kabat and Chothia schemes,
there are two disadvantages. The annotations for the Vi and Vi, domains are
different, making it difficult to establish structural equivalence between the
two domains (Figure 1.5A). Arguably, the bigger limitation of both schemes is
their unidirectional insertion notation. This is particularly problematic when

comparing CDR loops of different lengths (Figure 1.5B).

11
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Figure 1.5: Comparison of the Chothia and IMGT numbering schemes. A. The light
chain (white) of an antibody has been superimposed onto the heavy chain (black). The
Ca atom of the superimposed structures for given positions are shown as red (heavy
chain) or blue (light chain) spheres. In the IMGT scheme, a position on either domain
refers to a similar location within the f—sandwich. However, this is not necessarily
the case in Chothia numbering (e.g. H74/L74). B. Superimposing two CDRH3 loops
shows that a position in the Chothia scheme (e.g. H100C) can refer to very different
areas of a CDRH3. In the IMGT scheme, CDRH3 positions tend to have good structural
equivalence between antibodies. C. Unidirectional insertion in the Chothia scheme
(H100A-F) compared to symmetric insertion in the IMGT scheme, centred around
residues H111 and H112.
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Table 1.2: Numbering method for CDRH3 loops in the IMGT scheme.

Length

7 ... 109 110 114
13 ... 109 110 111 113 113 114
15 ... 109 110 111 111.1 1121 112 113 114

The AHo and IMGT numbering schemes are more recent methodologies
for antibody numbering (Honegger and Pliickthun, 2001; Lefranc et al., 2003).
Both methods use the same numbering for the Vi and Vi, domains to establish
structural equivalence (Figure 1.5). Both methods also use a larger base range of
residue numbers, leading to a different number for almost every residue in the
sequence (Table 1.1). In the IMGT scheme, insertions and deletions are handled
symmetrically around one central residue (Table 1.2). For example, when
annotating CDRH3 loops in the IMGT scheme, insertions are added in increasing
order until the centre residue (i.e., approximately the apex of the CDRH3 loop).
From here, insertions are added in decreasing order (Table 1.2). In both AHo
and IMGT schemes, excess positions are deleted as necessary. For instance, in
the IMGT scheme, a CDRH3 loop that is seven residues long will only have
numbers H105-H110, then H114-117 (i.e., H111-H113 are deleted; Table 1.2).

Throughout the thesis, all references to antibody positions will be in the
IMGT numbering scheme unless otherwise stated. A slight variation will be
made, where instead of decimals, insertions will be represented by letters. For

instance, H112.2 will be represented as H112B.

1.2.4.2 CDR boundaries

Historically, the numbering schemes in Section 1.2.4.1 were developed to identify
hypervariable positions, i.e. the CDR loops, of an antibody sequence (e.g., Wu
and Kabat, 1970; Chothia and Lesk, 1987). The CDR loops can be defined

from three different perspectives: sequence variability, structural variability, or

13



1.2. Antibody structural biology

Figure 1.6: Comparison of CDR loop definitions on a Vi domain. CDRs are coloured
in the same scheme as Figure 1.4.

relevance to antigen binding. Based on these definitions, a different set of IMGT
positions from the Vi or Vi, will be classified as a CDR (Figure 1.7).

The Kabat CDR boundaries are based on the variations of antibody amino
acid sequences (Kabat ef al., 1983). As this definition of CDRs was developed
without structural information, the correspondence between certain CDRs and
loop structures is low. For example, in the case of the Kabat-defined CDRH1
and CDRH2, these CDRs cover a portion of the interfacial f—strands (Figure 1.6).

The Chothia definition is arguably the first structure-based definition of
the CDR loops. Chothia and Lesk (1987) analysed six antibody structures, and
identified conserved positions within the f—sheets. This established the anchor
points of the CDR loops — the residues flanking the CDR loop. The residues
between the anchors were labelled as the CDRs. Other definitions, such as
those by North ef al. (2011), detined new boundaries for the CDR loops based
on Honegger and Pliickthun (2001)’s structural alignment. The IMGT definition
is a hybrid definition that uses sequence and structural variation to demarcate

the CDRs (Lefranc ef al., 2003).
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Finally, the CDRs have also been defined in the context of antigen bind-
ing. MacCallum et al. (1996) analysed positions that were involved in forming
interatomic contacts with the antigen. The CDRs were then defined on the
basis of contact profiles. Kunik ef al. (2012) also use a contact-based definition
to define the antigen-binding residues, which have a high overlap with the
Chothia—defined CDRs.

A comparison of the Kabat, Chothia, IMGT and North CDR definitions are
shown in Figure 1.7. There are overlaps between the various definitions, and
each definition has its merits. For the remainder of the thesis, CDRs will be
defined as those set by North ef al. (2011) unless otherwise stated. The IMGT
numbering and North et al. (2011)’s CDR definitions are represented as a Collier
de Perles diagram (Figure 1.8) (Lefranc ef al., 2009).

1.2.5 Classification of CDR loops

Although the CDRs have an enriched level of sequence variability, the extent of
structural diversity is relatively limited for CDRH1, CDRH2, CDRL1, CDRL2,
and CDRL3. These five CDR loops have been clustered into groups of common,
or ‘canonical’, structures (e.g. Chothia and Lesk, 1987). Collectively, these five
CDRs are also known as the canonical CDRs.

Early investigations manually clustered the CDR loops into the canonical
forms. These decisions were based on visual inspection of a limited number of
structures. The underlying assumption in the canonical model is that certain
residues, are determinants of the loops” shapes (Chothia et al., 1989). Currently,
it is well-established that this is a broad generalisation, with several outliers
that do not fit in any cluster (Martin and Thornton, 1996; North et al., 2011;
Nowak et al., 2016).

CDR categorisation is now often automated (e.g. Martin and Thornton, 1996;
North et al., 2011). The general paradigm for clustering is to separate each of

the canonical CDRs into length bins, and using sequence information to define
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Figure 1.7: Comparison of the CDR boundaries. For each CDR loop, the IMGT numbers
are written in white circles on the top row. Circles are filled in for each CDR definition
under the IMGT scheme. For example, the Kabat-defined CDRHI1 loop spans from
H36-H40, whereas the Chothia—defined CDRH1 spans between H27-H37.
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Figure 1.8: Collier de Perles diagram (Lefranc et al., 2003), showing IMGT positions
in the variable domains with North ef al. (2011)’s CDR definitions. FR positions that
are often deleted (e.g. position 10 in V) are offset from the chain. FR positions that
form pB-strands are coloured grey (Chothia and Lesk, 1987). Positions with conserved
Cys are coloured yellow, and aromatic residues at the end of CDRH1, CDRH3, CDRL1,
and CDRLS3 loops are coloured purple. CDR loop anchors are labelled as solid squares,
except for the C—terminal anchor of the CDRH2 and CDRL2 loops (dotted squares).
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memberships for loops. An exception is the methodology by Nowak et al. (2016),
where CDRs are categorised by a length-independent method.

The CDRL3 and CDRH3 loops also been investigated independently, given
their greater diversity, role in antigen binding and influence on V-V, pair-
ing (Kuroda et al., 2009; Townsend et al., 2016). Currently, CDRL3 structures
can be clustered into canonical forms (e.g. Kuroda et al., 2009; Teplyakov and
Gilliland, 2014), and CDRH3 loops can not. Several rules have been developed
to classifty CDRH3 loops according to structural motifs (Shirai et al., 1999;
Kuroda et al., 2008). However, these rules have poor generality, and often

make incorrect assignments.

1.2.6 V-V interface

The Vu-Vy interface has been studied extensively for its potential role in
stability (Masuda et al., 2006; Hsu et al., 2014), antigen binding (Foote and
Winter, 1992; Nakanishi et al., 2008; Fera et al., 2014), and Vy-V1, pairing (Igawa
et al.,2010; Lewis ef al., 2014). The interfacial f—sheets of the Vi and Vi, fold into
a concave, barrel-like structure at the interface (Chothia ef al., 1985; Novotny and
Haber, 1985). Furthermore, the B—sheets pack against each other with extensive

conformational flexibility (Abhinandan and Martin, 2010; Dunbar et al., 2013).

1.2.6.1 Contacts at the Vg-V| interface

Early analyses of the V-V interface focussed on characterising residues
that influenced the association of the variable domains. Chothia et al. (1985)
described positions H50, H113, H118, L50, L116, and L118 as the key residues
in V-V packing; these positions were twisted toward the centre of the V-
VL interface in all three structures of their dataset. These six key positions
have since been revised, based on an expanded dataset of 23 structures (Vargas-
Madrazo and Paz-Garcia, 2003). Despite the small dataset sizes in both studies,
the common theme is that the interface is formed from the interaction of FR

and CDR residues.
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Several types of interactions stabilise the V-V, interface (Novotny and
Haber, 1985). Interdomain hydrogen bonds, such as the hydrogen bond between
two Gln residues at H44 and L44, appear to play a key role in Vy—-Vy, pack-
ing (Novotny and Haber, 1985; Chothia et al., 1985; Kuroda and Gray, 2016).

A recent analysis on 547 V-V, structures confirmed the importance of hy-
drogen bonds in the association of Vi and Vi, (Kuroda and Gray, 2016). Despite
the hydrophobicity of the V-V, interface, the H44-1.44 GIn—-GIn hydrogen bond
and the ‘asymmetric” hydrogen bond network is highly conserved. Residues in
the Vi domain, particularly CDRH3 residues, tend to use backbone atoms to
form interdomain hydrogen bonds, whereas V1, residues tend to use side chain
atoms. This asymmetric usage of atoms in the Vi and Vi, may be deliberate.
Kuroda and Gray argue that diverse side chains are embedded in the CDRH3
for antigen binding, and thus it is likely that the remaining invariant set of

backbone atoms would be used to form stabilising interdomain contacts.

1.2.6.2 Interfacial contacts and V-V pairing

The H44-144 GIn-GIn hydrogen bond is well-conserved, and this interaction
has been mutated to control V-V pairing. For instance, the H44 and 44
have been mutated to Lys and Asp (or Glu), respectively, to generate specific
Vu-VL, pairings (Igawa et al., 2010; Lewis et al., 2014).

In vivo, heavy chains may be screened on the basis of their ability to form
interdomain contacts. In particular, there seems to be a focus on probing the
CDRHS3 loop to form such contacts. During the B—cell maturation process
(Section 1.3.3), the B—cell uses the ‘surrogate’ light chain (SLC) to positively
select for heavy chains that will form pairs with a Vi, domain. Absence of
the SLC has been linked to several diseases, though its precise role remains
elusive (Martensson et al., 2010).

In humans, there is only one SLC, which is comprised of the VpreB and A5

proteins (Melchers, 2005). VpreB and A5 have strong structural resemblance to
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Figure 1.9: Comparison of the pre-BCR (left) and a Fab fragment (right). The structure
of the SLC resembles a typical light chain. Most components of a Vi, have an analogous
counterpart in VpreB, with the exception of CDRL3 and FR4. The equivalent of CDRL3
is the “‘unique region” of VpreB, and the equivalent of FR4 comes from the N-terminus
of A5. The approximate unique regions of VpreB and A5 are shown in red. Several
residues are missing from the unique regions of both VpreB and A5 in the structure
by Bankovich et al. (2007).

a typical Vi and Cy, respectively (Figure 1.9). An antibody heavy chain pairs
up with the SLC to form the pre-B—cell receptor (pre-BCR).

The SLC uses two ‘unique regions’, a flexible string of amino acids from the
C—terminus of VpreB and the N-terminus of A5, for Vi screening. Although the
SLC has fewer contacts across the entire interface with a Vi domain, most of
its contacts are concentrated between the unique regions and the CDRH3 loop.
The Vy-SLC interface also has a greater buried surface area than traditional
Vu-VL interfaces (Bankovich et al., 2007). These two pieces of evidence suggest
that the SLC may check for a specific set of contacts as the determinant of a
heavy chain’s ability for pairing. However, the lack of structural data of other

pre-BCRs, and the fact that some heavy chains can pair with functional light
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chains, but not the SLC, prompts further investigation (Smith and Roman, 2010).
In Chapter 3, the thesis will cover the mechanism of V-V, pairing in more

detail, with an emphasis on the V-V, interface structure.

1.2.6.3 Antibody orientation

The relative arrangement of the variable domains is described as the antibody’s
orientation (Abhinandan and Martin, 2010; Dunbar et al., 2013; Marze et al.,
2016). The orientation is highly dependent on the composition of the Vy-
V1 interface (Masuda et al., 2006), and is known to affect an antibody’s binding
properties (Fera et al., 2014) and ‘humanness’, i.e. its closeness to a human
structure (Nakanishi et al., 2008; Bujotzek et al., 2016).

The analysis by Chothia et al. (1985) was one of the first to describe the
concept of antibody orientation, quantifying it using a packing angle between
the two variable domains. Since then, antibody orientation has been described
in several ways, and quantified as a metric (Narayanan et al., 2009; Chailyan
et al., 2011; Abhinandan and Martin, 2010; Dunbar et al., 2013; Marze et al., 2016).

Narayanan et al. (2009) and Chailyan et al. (2011) describe antibody ori-
entation as a relative measure. A distance-based metric is used to describe
how the arrangement of the variable domains varies between different anti-
bodies. Narayanan ef al. (2009) use an orientation root-mean square deviation
(RMSD; Appendix C.3) value; only one of the domains is used for structural
alignment, and the deviation of the opposing domain is computed as the o-
RMSD. Chailyan et al. (2011) uses the global distance test (GDT) score, and
cluster structures on the basis of their pairwise GDT scores, leading to three
orientation groups.

An early attempt at defining an absolute sense of orientation was the work
by Abhinandan and Martin (2010). Here, the orientation is only described
by the V-V packing angle, which represents the torsion angle between two
vectors fitted through the Vi and Vi, domains. However, the vectors are fitted

differently for each structure, making it difficult to compare the orientation

21



1.2. Antibody structural biology
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Figure 1.10: Vy—Vy orientation parameters as described by ABangle (Dunbar ef al.,
2013). Each variable domain has a tilt (HC1/LC1) and twist angle (HC2/LC2). The HL
angle refers to the packing angle between the two variable domains. The dc parameter
refers to the distance between the variable domains.

between different antibodies. Furthermore, having only one metric does not
fully capture the movements of the variable domains.

ABangle is a method that defines the V-V, orientation in terms packing, tilt,
and twist angles, along with the distance between the variable domains. In order
to define these parameters, Dunbar et al. (2013) aligned a non-redundant set of
antibody structures using the most structurally conserved sites of the Vi and
V1, framework regions. The aligned coordinates were then used to define two
reference planes, one for each variable domain. The planes can be fitted to any
antibody structure in order to calculate the orientation between the two domains.
Recently, Marze et al. (2016) have also described antibody orientation in a similar
manner to ABangle. Their parameters are nearly identical to those of ABangle;
the exception is that the twist angles are omitted in their description. In the thesis,

an antibody’s orientation will be described by its ABangle terms (Figure 1.10).
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1.2.7 Antibody-antigen contacts

Each antibody has a unique paratope that allows it to bind a unique structural
motif of the antigen, known as the ‘epitope’. The CDR loops are often considered
to define the antigen-binding site, despite the fact that segments of some CDR
loops are not involved in contacting the antigen (MacCallum et al., 1996). In fact,
the precise definition of the paratope has been subject to debate (e.g. Padlan
et al., 1995; MacCallum et al., 1996; Kunik et al., 2012). With the increasing
volume of structural data, paratopes have been defined according to the contacts
between an antibody and its antigen. For instance, Kunik ef al. (2012) used
a multiple structural alignment of antibody-antigen complex structures to
define a consensus set of binding residues, known as the ‘antigen-binding
regions’. However, these new definitions for the paratope often overlap with
the CDR loops.

Restricting the binding site to a subset of residues, such as the antigen-—
binding regions, can limit the number of sites that need to be tested for mutation.
Several methods are dedicated to predicting the paratope (e.g. Kunik et al., 2012;
Krawczyk et al., 2013; Olimpieri ef al., 2013). For example, Paratome uses a
combination of BLAST and structural alignment to predict the antigen-binding
regions of an antibody. On the other hand, Antibody i-Patch annotates a
per-residue score which reflects the likelihood that a residue on the antibody
would bind a residue on the antigen. Similarly, proABC uses a random forest
model to predict the probability that residues on the antibody would form
contacts with the antigen. Ultimately, these methods aim to identify key regions
of the antibody structure in order to help the decision-making process for
antibody design.

Antibody-antigen interfaces are characterised by unique amino acid distri-
butions that are different from general protein—protein interfaces (Raghunathan
et al., 2012; Krawczyk et al., 2013). For instance, Tyr residues are enriched on

the surfaces of antibodies (Clark et al., 2006b). Other residues, such as Ser, are
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often used by antibodies to form a combination of interactions that help it to
bind specific types of antigens (Raghunathan et al., 2012).

A wide range of interactions are formed between the antibody and antigen,
including hydrogen bonds (Kuroda and Gray, 2016), hydrophobic, and electro-
static interactions (Clark ef al., 2006a). It is the combination of these interactions
which affect the binding strength, or affinity, of an antibody-antigen interaction.
The affinity can be quantified in many ways (Appendix Section C.2). One of
the most common is Kp, the dissociation constant. The Kp value represents the
ratio of the unbound antibody and antigen with respect to the bound antibody-
antigen complex. A chief design aim is to improve an antibody’s affinity by
mutating the paratope; in Chapter 2, we will discuss our approach to predicting

antibody-antigen binding affinities.

1.3 Antibodies and the adaptive immune response

B—cells are one of the main mediators of the adaptive immune response; they
secrete antibodies following antigen stimulation. A single B—cell often produces
one type of antibody, which matures to bind a specific epitope on the antigen.
Following binding, antibodies recruit other components of the immune system

to clear the antigen.

1.3.1 Biological function of antibodies

Antibodies bind a particular antigen with high specificity and high affinity.
In principle, a given antigen has multiple epitopes that can be recognised by
different antibodies (Schroeder and Cavacini, 2010; Krawczyk et al., 2014). A
‘specific’ antibody is one whose paratope recognises one particular epitope. On
the other hand, a “polyspecific’ antibody is one that can bind multiple antigens,
typically with low affinity per antigen (Clark et al., 2006b; Willis et al., 2013).
Once bound to its antigen, antibodies directly neutralise the antigen, or

recruit other members of the immune system for reinforcements (Figure 1.11).
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The series of responses that follow recognition, collectively called effector

functions, largely depend on the isotype of the antibody (Table 1.3).

Table 1.3: Types of effector functions triggered by human antibodies.

I[gGl IgG2 IgG3 IgG4 IgA IgM IgD IgE

Neutralisation ++ ++ ++ ++ ++ o+

Opsonisation +++ ++ +

Complement activation ++ + +++ + F++

ADCC (by NK cells) ++ ++

Activation of mast cells + + +++

‘+++’: major effector function; ‘++’: minor effector function; ‘+’: very minor effector
function. Adapted from (Janeway et al., 2001). ADCC: antibody—dependent cellular
cytotoxicity. NK cells: natural killer cells.

Neutralisation is the simplest, yet most direct method in which the antibody
defends the host against antigens. For instance, antibodies can neutralise
and prevent ligand molecules from interacting with cancer cells” receptor
proteins (Weiner, 2015). After an antibody binds the ligand, the exposed Fc
region of the antibody (Section 1.2) acts as a tag to recruit monocytes for
phagocytosis (Figure 1.11A).

Similarly, antibodies can ‘opsonise” the membranes of pathogens or aberrant
cells. For example, cancer cells display an exclusive range of antigens on their
membranes (Weiner, 2015). Antibodies recognise these antigens and form a
coat (opsonise) along the cancer cell’s membrane (Figure 1.11B). Opsonised
cells are then recognised by monocytes or cytotoxic cells (e.g. natural killer
cells) via the Fc regions.

Antibody Fc regions can also be recognised by proteins of the complement
system (Janeway et al., 2001). Complement proteins work in a cascade to form

pores that destroy target cells via cell lysis.
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1.3.2 Antibody diversification

In humans, B—cells can theoretically produce over 103 possible antibodies.
In practice, only 10!! are produced, owing to the number of B—cells in the
body (Market and Papavasiliou, 2003; Georgiou et al., 2014). Genes encoding
antibody chains are partitioned into multiple gene segments, which later re-
combine to form a complete ‘coding joint’. This is a parsimonious method of
maintaining diversity; a relatively low number of gene segments is used to
generate an immense number of different functional antibody chains. Antibody-
coding genes are further modified by several enzymes for added layers of

diversity (Tonegawa, 1983; Janeway et al., 2001; Georgiou et al., 2014).

Specific
Antibodies (IgG)
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-
g Neutralisation
L\ Ygr
¥
J +Complement
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Y§r : 2
Phagocytosis ADCC/Phagocytosis Cell Lysis ’

Figure 1.11: Effector functions triggered by IgG antibodies.A. Antibodies can bind
soluble antigens that are found in the extra—cellular environment. Once the antigen is
neutralised by antibodies, monocytes engulf the antibody—-antigen complex (phagocy-
tosis). B. Antibodies can also form a coat across the surface of a pathogen or aberrant
cell (e.g. cancer cell). The ‘opsonised” cell is then recognised by white blood cells for
antibody—dependent cellular cytotoxicity (ADCC) or phagocytosis. C. Alternatively,
antibodies can be recognised by components in the complement pathway, which trigger
cell lysis.
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1.3.2.1 V(D)J recombination

Three types of gene segments assemble together to form an antibody chain. They
are the variable (V), diversity (D), and joining (J) gene segments. In humans,
these gene segments are found in chromosome 14 (heavy chain), chromosome
2 (A light chains) and chromosome 22 (x light chains). The heavy chain gene
contains 39 V gene segments, 27 D gene segments, and 6 | gene segments. The
x light chain has 40 V and 5 | gene segments, and the A light chain has 32 V
and 4 | gene segments (Schroeder and Cavacini, 2010).

V(D)] recombination generates combinatorial diversity; if every combination
of V, D, and | genes can form a functional heavy chain (or V and | genes
for light chains), this alone generates a large number of possible antibodies.
Furthermore, random nucleotides are added during the joining of the V, D,
and | genes, leading to junctional diversity (Market and Papavasiliou, 2003;
Schroeder and Cavacini, 2010).

V(D)] recombination is mediated by the recombination—activating gene
recombinase enzyme (RAG). These enzymes first bind to recombination signal
sequences (RSS) downstream of the V, D and | gene segments. RAG then
introduces double-stranded DNA breaks between the gene segment and the
RSS, yielding a hairpin at the end of each gene segment. The hairpins are nicked,
leaving an overhang of DNA. TdT then adds random, non-templated nucleotides
to the single-stranded overhangs at the end of each gene segment. The overhangs
are then paired to form the coding joint (Figure 1.12). The V-D] junctions (or
V and | for light chains) overlap with the CDR3 amino acid sequence. In other
words, junctional diversity is one of the primary determinants of sequence and

structural diversity in CDR3 (Janeway ef al., 2001; Schatz and Ji, 2011).

1.3.2.2 Notation of antibody genes

Each of the germline V, D, and ] segments are often grouped into families by
their nucleotide sequences’ identity (Kirkham and Schroeder, 1994; Matsuda
et al., 1998; Vargas-Madrazo et al., 1997). The IMGT database provides an

27



1.3. Antibodies and the adaptive immune response
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Figure 1.12: Mechanism of V(D)J recombination. A. V(D)] recombination starts with
the heavy chain; the D and | gene segments are first joined together, followed by the
V segment. Light chain recombination starts with the recombination of V and ] gene
segments in « light chains. If the synthesised « light chain is unsuitable (e.g. creates
self-reactive antibodies), then A light chains are used (not shown). The mechanism of
V] recombination is identical for A light chains. The V, D, | gene segments ultimately
encode for different components of the Vi and Vi, domains. B. When two gene segments
are joined by RAG, the hairpins are nicked. TdT randomly adds nucleotides to the ends
of each overhang. Any unpaired nucleotides between the overhangs are removed by
exonucleases. The segments then pair up, and the remainder of the overhang is filled by
palindromic nucleotides.
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ontology for these families, i.e. a notation for relating the germline origins of
antibodies (Giudicelli and Lefranc, 1999; Lefranc et al., 2009). In the thesis,
the likely germline genes that encode for Vi and Vi, domains will be given

in this ontology (Figure 1.13).

Gene
I |
IGHV1-2*02
L1 | L | | |
Chain Gene Gene Allele

| Type Type | Number

Subgroup

Figure 1.13: IMGT ontology for antibody germline genes under the classification
concept (Giudicelli and Lefranc, 1999). For antibodies, there are three chain types: heavy
(H), x-light (K) and A-light (L). The gene type is either V, D, |, or constant (C), where
C is an antibody isotype. Each gene is identified by a number, and polymorphs of the
gene have an allele number. A set of genes with >75% nucleotide sequence identity
is collected under one subgroup. This example is a member of the IGHV1 subgroup,
representing a V gene from the heavy chain with gene-2, allele-2.

1.3.2.3 Somatic hypermutation

Antigen—activated B—cells migrate to the germinal centres (GCs) for affin-
ity maturation (Section 1.3.3). Somatic hypermutation (SHM) is the engine
driving affinity maturation, where the antibody—coding gene is mutated at a
rate of 1073 mutations per base pair. In context, this represents a 10°~fold
higher mutation rate over basal mutation rates in somatic, non-lymphocyte
cells (Peled et al., 2008).

SHM is initiated by the activation-induced cytidine deaminase (AID). AID
introduces a lesion in one of the DNA strands by deaminating a cytosine into a
uracil. The U-G base pair can be handled in three different mechanisms: repli-

cation, base—excision repair and mismatch repair (Appendix Figure A.3). These
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1.3. Antibodies and the adaptive immune response

pathways are not mutually exclusive, and the combination of these pathways
leads to the overall accumulation of mutations in SHM (Peled ef al., 2008).

As discussed in Section 1.3.3, B—cells producing higher—affinity antibodies
survive. B—cells can also synthesise antibodies with lower affinity, or self-reactive
antibodies as a result of SHM; in either case, the B—cell undergoes apoptosis
in the GC. Analyses by Clark et al. (2006b) have shown that residues such as
Tyr and Ser tend to be replaced by other residue types, such as His during
this process. In terms of the antibody’s structure, SHM has been observed to
influence positions that contact the antigen (Cauerhff et al., 2004; Barderas et al.,
2008; Burkovitz et al., 2014). Mutations are not strictly limited to increasing
affinity, and may have supporting roles that stabilise the antibody (Wang et al.,
2013). Furthermore, computational analyses have observed that SHM can reduce

the flexibility of the antibody (Wong et al., 2011; Willis et al., 2013).

1.3.3 Clonal selection of antibodies

B—cells undergo rigorous control mechanisms in the bone marrow. The B—cell’s
IgM antibody must meet two criteria: the antibody’s heavy chain must be able
to form pairs with light chains (Section 1.2.6.2), and the antibody cannot be
self-reactive (Janeway ef al., 2001; Nemazee, 2006). If a B-cell’s antibody does not
meet either criteria during its maturation process, it is eliminated by apoptosis.

After a B—cell passes these internal checks, it migrates to peripheral lymphoid
organs (lymph nodes). Once it binds an antigen, it is activated, and further stim-
ulated by helper T—cells in the lymph node. Antigen—stimulated B—cells either
differentiate into plasmablasts for quick secretion of low—affinity antibodies, or
participate in the germinal centre (GC) reaction for affinity maturation (Appendix
Figure A.4, De Silva and Klein, 2015; Nutt et al., 2015).

The GC is a transient microenvironment within lymph nodes, formed by an
activated B—cell. Inside the GC, B—cells clone rapidly, and the clones participate in
‘affinity maturation’. This is an iterative process where a B—cell clone’s antibody-

coding gene undergoes rapid mutation (somatic hypermutation; Section 1.3.2.3),
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and each clone is selected by its antibody’s affinity. Mutant clones with high—
affinity antibodies survive by binding to follicular dendritic cells in the GC,
whereas those with low—affinity or self-reactive antibodies are displaced and
discarded via apoptosis. The surviving B—cell clone expressing the ‘matured’
antibody then switches its antibody isotype depending on stimuli (e.g. cytokines).
Typically, antibodies swap to IgG isotypes. The surviving clone also differentiates
into plasma cells or memory B—cells for immediate antibody synthesis or future

immune response against the same antigen (De Silva and Klein, 2015).

1.4 Therapeutic antibody design

Since Ehrlich’s “‘magic bullet” proposal, the idea of developing highly—specific
drugs has dominated drug design paradigms (Imai and Takaoka, 2006). Given
the ability of antibodies to bind a wide range of targets with high specificity and

high affinity, they have generated major interest as biotherapeutic candidates.

1.4.1 Antibodies in the clinic

Therapeutic antibodies are currently used to treat various diseases, including
various forms of cancer (trastuzumab for breast cancer, cetuximab for colorectal
cancer), Crohn’s disease (vedolizumab), and asthma (mepolizumab) (Imai and
Takaoka, 2006; Mullard, 2015, 2016). Antibodies are administered to patients
whose immune systems are not responsive to antigens that cause these disease
states (e.g., receptor proteins on tumours). They form the largest class of

biotherapeutics, and many are currently in Phase II or Phase III of clinical trials.

1.4.2 Antibody design objectives

A major objective of designing a new therapeutic antibody is to improve the
antibody’s affinity and specificity. There are two additional concerns that are
pertinent to therapeutic antibody design: safety and stability (Hansel et al., 2010;
Jarasch et al., 2015; Seeliger et al., 2015). In theory, even a fully-human antibody
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can trigger an immune response (Nelson ef al., 2010). Furthermore, the antibody
must be stable, both in vivo and ex vivo (Jarasch et al., 2015).

Antibodies can be modified from the standard IgG format to develop alterna-
tive, bespoke therapeutics. For example, antibody—drug conjugates use antibod-
ies as the vehicle to localise toxic chemicals toward disease environments (Imai
and Takaoka, 2006; Mullard, 2013). Other engineering campaigns discard the
traditional IgG format. Popular formats include bispecific antibodies where each
Fv of the antibody binds to a separate antigen. Nanobody-based therapeutics
(i.e. camelid VyH antibodies) are also gaining increased popularity due to its

long CDRH3 and small size (Holliger and Hudson, 2005; Krah et al., 2016).

1.4.3 Experimental methods for designing antibodies

Therapeutic antibodies are developed, matured, and isolated by a range of
techniques. The main methods for antibody engineering include: hybridoma
technology (Kohler and Milstein, 1975), antibody humanisation (Jones et al.,
1986), transgenic, ‘humanised” mice (Jakobovits, 1995), and phage display (Mc-
Cafferty et al., 1990).

Hybridoma technology is one of the oldest methods of isolating a “mono-
clonal” antibody, i.e. an antibody from a specific B—cell clone. Although it was
once widely used to generate therapeutic antibodies, hybridomas synthesise
murine (mouse) antibodies, leading to an immune response against the antibody
drug (Kohler and Milstein, 1975).

Safer alternatives to murine antibodies include chimaeric and humanised
antibodies. Chimaeric antibodies have mouse variable domains, but human
constant domains, which limits the immune response (Imai and Takaoka,
2006). Humanisation takes this one step further, where the CDR loops from a
murine antibody are excised and grafted into an otherwise human antibody
construct (Jones ef al., 1986). Many therapeutic antibodies are now either either

chimaeric or humanised (Nelson ef al., 2010; Hansel et al., 2010; Mullard, 2016).
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Murine Antibody Chimaeric Humanised Human Antibody
Antibody Antibody
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Figure 1.14: Therapeutic antibodies were first discovered as murine antibodies. Several
efforts have been made to make them more ‘human’. Chimaeric antibodies have human
constant domains, but mouse variable domains. Humanised antibodies have human
variable domains as well, but the CDRs are directly grafted from murine antibodies.
Murine antibody components are coloured yellow, and human antibody components
are coloured purple.

A comparison of murine, chimaeric, humanised and fully human antibodies
is shown in Figure 1.14.

It has also become increasingly popular to use transgenic, or ‘humanised’
mice for engineering therapeutic antibodies. Antibody—coding genes in murine
embryonic stem cells are knocked out and replaced by human antibody—coding
genes (Jakobovits, 1995). These humanised mice are then immunised with the
antigen of interest, and the isolated monoclonal antibody from the mouse is
a fully human antibody (Marasco and Sui, 2007).

Phage display uses phage viruses to synthesise human antibodies on a
large scale. Typically, >107 different antibody sequences are synthesised and
screened (McCafferty et al., 1990; Georgiou et al., 2014). Phage viruses are used to

express different antibody genes for a specific target, and viruses are iteratively
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selected (Marasco and Sui, 2007). A particular advantage of phage display is the
level of control that is available. For example, predictions from computational
methodologies can be used to inform the design of antibody sequences, leading

to bespoke phage libraries (e.g. Barderas et al., 2008; Tiller et al., 2013).

1.4.4 Next-generation sequencing based antibody discovery

A major advance in antibody discovery and informatics has been the increased
availability and application of next—generation sequencing (NGS) methods (Math-
onet and Ullman, 2013; Robinson, 2015). By using NGS equipment, DNA
sequencing has become highly parallelised, thus generating thousands of se-
quences for analysis. NGS methods have been used to understand the adaptive
immune response, particularly an individual’s antibody repertoire (e.g. Wang
et al., 2015; Zhu et al., 2013; DeKosky et al., 2016). Until recently, the main disad-
vantage of NGS methods was that the information regarding V-V, pairing was
lost. However, by restricting sequencing to single B—cells and using novel PCR
methods, it has become possible to retain some of this information (DeKosky
et al., 2013). In Chapter 4, we will discuss how our antibody modelling tool,
ABodyBuilder, can potentially be coupled with NGS to provide an overview

of the structural landscape of antibodies.

1.5 Bioinformatics—driven approaches to antibody de-
sign

Computational methods are increasingly being used to inform decision-making
in antibody design (Kuroda et al., 2012). Previously Lippow et al. (2007) have
computationally matured the binding affinities of four antibodies, and Choi et al.
(2015) have computationally humanised a mouse antibody. These studies, along
with several others (e.g. Clark et al., 2006a; Barderas et al., 2008), demonstrate

the growing use and importance of in silico antibody design.
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1.5.1 Computational antibody design pipelines

Computational protein ‘design’ refers to engineering a protein de novo, whereas
‘re—design’ refers to the modification of an existing protein (Jackel et al., 2008;
Khoury et al., 2014). In either scenario, the aim is to develop a new protein
through mutations. Extending from these ideas, a computational antibody
design pipeline aims to generate an antibody de novo (e.g. Pantazes and Maranas,
2010; Li et al., 2014), or re—design an existing antibody (e.g. Lewis et al., 2014).
Most computational antibody ‘design’ pipelines have actually been used for
re—design. However, there is growing interest in de novo computational de-
sign, especially in cases where the antibody’s structure is not available (e.g.
Miklos et al., 2012).

Several computational antibody design pipelines have been released, though
only a few are freely available (e.g. Kaufmann et al., 2010; Pantazes and Maranas,
2010). Rosetta’s protein design tool is capable of both de novo design and
re—design. For example, Miklos et al. (2012) built a homology model of the anti-
MS2 scFv, and introduced mutations to increase its affinity and stability. Lewis
et al. (2014) used the structures of two anti-HIV antibodies (PDB: 3tv3, 3tcl)
to introduce mutations at the Cy1-CA and V-V interfaces; these mutations
were then used to produce bispecific antibodies. OptCDR is another freely
available tool, which designs CDR loops de novo for a given antigen epitope.
The protocol was used to design CDR loops for peptide (hepatitis C virus
capsid peptide), hapten (fluorescein), and protein (vascular endothelial growth
factor) antigens (Pantazes and Maranas, 2010). Since OptCDR only provides the
CDR loops, OptMAVEn was recently developed as an extension of the OptCDR
algorithm to model the remainder of the Fv (Li ef al., 2014).

For both Rosetta Antibody Design and OptMAVERD, there are several common
components (Figure 1.15), which include, but not limited to: sequence analysis
and design (e.g. Abhinandan and Martin, 2008), antibody structure predic-
tion (e.g. Sivasubramanian et al., 2009), and function prediction (e.g. epitope

prediction, Krawczyk et al., 2014). These components have often been developed
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Figure 1.15: Computational antibody design pipeline for de novo antibody design.
Several tools are available for designing antibodies de novo, such as Rosetta Antibody
Design (Kaufmann et al., 2010) and OptMAVEn (Li ef al., 2014). For de novo designs, the
design campaign starts with a target antigen or an antibody sequence whose structure
is not yet available. Subsequently, structural models are built for function prediction
and subsequent mutations are introduced for improving the antibody. The designed
candidate can then undergo further re-design by mutating the sequence.

independently, and have also been used as separate applications for various
problems. This Thesis is focussed on developing these components to ultimately
develop a fully automated, computational antibody design pipeline.

We have recently built SAbPred (Dunbar et al., 2016), a computational
antibody structural prediction suite. SAbPred is a collection of tools that are
aimed at facilitating antibody design. For instance, SAbPred allows users to
model antibody structures (ABodyBuilder, Chapter 4) and submit the model for
subsequent predictions, e.g. paratope predictions by i-Patch (Krawczyk et al.,
2013). Unlike Rosetta and OptMAVEn, SAbPred currently does not offer a
method for mutating antibody structures and sequences; in other words, it is not
a design pipeline per se. However, a long—term aim for SAbPred is to introduce

such design features, e.¢g. mutation of amino acids by PEARS (Chapter 5).
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1.5.2 Antibody structure prediction

Predicting a protein’s structure is key to understanding and designing pro-
teins (Marti-Renom et al., 2000). Likewise, having a structural model of an anti-
body is valuable for optimising many antibody design objectives (Section 1.4.2,
Almagro et al., 2014). Experimentally solving an antibody’s structure is not
always feasible; for example, obtaining a crystal for X-ray crystallography
can be difficult. Thus, models provide a valuable source of data in these
scenarios. Structural predictions can also help users investigate the impact of
mutations or grafting loops. Often, modelling efforts have focussed on the Fv (e.g.
Marecatili et al., 2014; Sivasubramanian et al., 2009), though there have been several
investigations that focussed on predicting the CDR loops (e.g. Choi and Deane,
2011; Messih et al., 2014), or the V-V, orientation (Bujotzek et al., 2015b).
Structure prediction can be broadly classified as ‘template—free” or ‘template—
based” methods; both types of methods have been applied to antibody structure
prediction. The latter is more widely used as antibody structures are highly

similar and consistently share high sequence identity.

1.5.2.1 Template-based modelling of protein structures

Template-based, or homology modelling techniques, are based on finding an
appropriate ‘template’ structure for a ‘target’ protein sequence (Marti-Renom
et al., 2000). The underlying assumption of homology modelling is that proteins
with similar amino acid sequences tend to have similar structures. Template—
based approaches can be used to model an entire protein (e.g. Sali and Blundell,

1993), or parts of a protein (e.g. loop regions, Deane and Blundell, 2001).

Template search and identification The initial step in a homology modelling
pipeline is to search for a structural template. Templates can be selected from the
entire PDB (Berman ef al., 2000) or a curated subset (e.g. Bujotzek et al., 2015a).
There are two main methods of searching a template. First, the target protein’s

sequence is compared to the sequences of proteins with known structures.
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Typically, the structure with the highest sequence identity or sequence similarity
is selected (Fiser, 2010). Alternatively, templates can be identified by structural
alignment (e.g. Holm and Sander, 1995). For some tools (e.g. MODELLER, Sali
and Blundell, 1993), multiple structural templates can be used to generate

the model structure.

Model building Once a template is found, the model structure can be gener-
ated by several methods. Models can be formed by using spatial restraints (e.g.
MODELLER Sali and Blundell, 1993). Here, the template(s) structure’s profile
(e.g. dihedral angles, hydrogen bonds) is used to place constraints on building
a model for the target sequence. Effectively, the model is built with the aim
of maximally satisfying all restraints (Fiser, 2010).

Another method for building models is ‘rigid body assembly’. The aligned
region of the template and target is copied from the template structure; this is
used as a ‘core’ scaffold for further model building (e.g. Schwede et al., 2003).
The core scaffold can be a single template, a weighted average structure (Sutcliffe
et al., 1987), or a series of fragments that correspond to aligned regions between
the target and template (e.g. Zhang and Skolnick, 2004a).

Subsequently, non-aligned segments, e.g. loops, are modelled; the predicted
loop structure is ‘grafted” between two ‘anchor’ points of the model structure
(Figure 1.16). Loop prediction can be done ab initio (e.g. Sali and Blundell, 1993;
Zhang and Skolnick, 2004a), or by a database search method (e.g. Fernandez-
Fuentes et al., 2006; Deane and Blundell, 2001). For example, FREAD is a database
search method that selects fragments based on anchor Ca separations (Deane
and Blundell, 2001). Predicted structures, or ‘decoys’, are filtered according to
their backbone environment-specific substitution score (ESSS), and are ranked
by their RMSD (Appendix C.3) to the anchors.

Once the core and loops are modelled, if they have not yet been added during
these stages, the side chains are then added to complete the model (Marti-Renom

et al., 2000). When predicting the side chains, the aim is to place the side chains
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Figure 1.16: When modelling loops using template-based approaches, it is common to
select a prediction fragment (red) to be grafted onto the scaffold (white) via the anchor
residues (blue). For methods such as FREAD (Deane and Blundell, 2001), the anchors
are defined as the two residues flanking the loop. Predictions, or decoys, are filtered by
their anchor RMSD to the scaffold structure’s anchors.

in the correct configuration, whilst avoiding van der Waal'’s clashes. Side chain
prediction methods rely on a database of side chain conformations, known as a
‘rotamer library’ (e.g. Shapovalov and Dunbrack, 2011; Towse et al., 2016). These
libraries provide conditional probabilities that an amino acid’s side chain would
adopt a particular conformation, given certain structural features, e.g. the ¢ /¢

angles of the protein backbone (Shapovalov and Dunbrack, 2011).

Measurement of model accuracy In order to measure the accuracy of struc-
tural prediction, it is common to use the RMSD between two sets of coordinates,
i.e. the native and model structures’ coordinates (Appendix C.3). A caveat
of the RMSD value is that it does not follow the rules of triangle inequality;
furthermore, a single RMSD value can be generated from multiple possible
predictions. Other methods are also used for evaluating model quality, such

as the TM or GDT scores (Zhang and Skolnick, 2004b; Zemla, 2003); however,
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1.5. Bioinformatics—driven approaches to antibody design

RMSD is much more widely used for historical reasons and its simplicity.
Despite the success of template-based modelling methods, especially in
antibody modelling (Almagro et al., 2011, 2014), they have several limitations.
Template choice, for example, has a major influence on the quality of the final
model (Marti-Renom et al., 2000). Furthermore, template-based modelling
is limited by the database and can have poor coverage. For example, when
predicting loop structures, a suitable template structure may not be available,

in which case no prediction may be made (Choi and Deane, 2011).

1.5.2.2 Template-based modelling of antibody structures

The Antibody Modelling Assessment competitions in 2011 and 2014 were held
to benchmark and compare antibody modelling methods (Almagro et al., 2011,
2014). In the second competition (AMA-II), seven methods were benchmarked
on their ability to model eleven Fvs as a blind test. The competition was
divided into two stages: modelling the entire Fv (stage I), or only the CDRH3
loop, given the crystal structure of the remaining Fv (stage II). In stage I,
most Fvs were modelled relatively well (average RMSD of the Fv backbone:
1.1A), though the CDRL1, CDRL3, CDRH]1, and the CDRH3 loops were often
modelled with lower accuracy.

Three of the methodologies (RosettaAntibody, PIGS, and Kotai Antibody
Builder) are freely available, whereas the others (Macromoltek, CCG, Accelrys,
Schrodinger) are commercial. For each of these methods, they follow a four—
stage workflow, with minor variations in the steps. Most pipelines are automated,
though some allow manual intervention (Marcatili et al., 2014; Fasnacht et al.,
2014). Initially, a template structure is chosen for the target antibody, either
for the Vi and Vi domains separately, or for both domains combined. The
Vu-Vy orientation is then modelled after choosing the framework template if
necessary. In the third stage, the canonical CDR loops are modelled, followed by
CDRHS3. The models may also be refined. A simplified overview of our antibody
modelling tool, ABodyBuilder (see Chapter 4), is shown in Figure 1.17.
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Annotate and number

antibody sequence. EVQLQQSGAE... DIVMTQSQKEF...

Search framework template
VitV (single), or
Vu/Vy (multiple).

Predict orientation for
multiple templates.

Search CDR loop templates
FREAD searches for CDR loop
fragments based on:

Ca separations
ESS Score
Anchor RMSD

Model side chains
Keep side chains from
template if target shares
identical sequence (blue).
Model remaining side chains
(magenta).

Annotate model accuracy
Estimate the expected RMSD
value for a confidence
threshold (e.g. 75%), based on
framework superimposition
data and FREAD benchmark.

Figure 1.17: Antibody structure prediction typically involves four steps: framework
template selection, orientation prediction, CDR loop prediction, and refinement (e.g.
side chain prediction). This figure shows how ABodyBuilder predicts an antibody
structure from sequence; other pipelines (e.g. PIGS, Marcatili et al., 2014) follow a similar
procedure. Unlike other antibody modelling tools, ABodyBuilder can estimate the
model’s accuracy as a conditional probability (Chapter 4).
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1.5. Bioinformatics—driven approaches to antibody design

Framework region templates are searched on the basis of sequence identity
or sequence similarity. Pipelines often use a single framework template (e.g.
Berrondo et al., 2014; Shirai et al., 2014) though some offer the option to use
multiple templates (e.g. Marcatili ef al., 2014). MoFvADb is an exception, which
uses a fragment-based method to assemble the Vi and Vi domains (Bu-
jotzek et al., 2015a).

Similar to framework region prediction, canonical CDRs are predicted by
searching templates with sufficient sequence identity or similarity, often with
a loop length restriction (e.g. Fasnacht et al., 2014; Maier and Labute, 2014;
Zhu et al., 2014). Some pipelines also allow users to input the canonical class
information for template selection (e.g. Marcatili et al., 2014; Shirai et al., 2014).
Other methods use geometric criteria, e.g. loop anchor geometry, to predict
the CDR loops” structures (e.g. Choi and Deane, 2011). The CDRHS3 loop is
often modelled last, and independently by database (e.g. Choi and Deane,
2011), machine learning (e.g. Messih et al., 2014), ab initio (e.g. Zhu and Day,
2013; Finn et al., 2016), or hybrid methods that combine database and ab initio
methods (Marks et al., 2016).

In model refinement, side chains are placed given the model’s backbone
geometry. This is typically done by side chain prediction methods (e.g. Krivov
et al., 2009), and/or energy minimisation (e.g. Zhu et al., 2014; Sivasubramanian
et al., 2009). Through refinement, interatomic clashes are resolved to yield a

physically sensible structure.

Prediction of Immunoglobulin Structures (PIGS) PIGS, by default, chooses
a single antibody template with the highest sequence identity. PIGS also allows
manual template selection along with various options. For instance, a user
can choose to select a single framework template, as long as it has the same
canonical CDR loops as the target sequence. PIGS also offers the ability to use
multiple templates. Next, users can specify the method for modelling the six

CDR loops. For example, the template antibody’s CDR loops can be used if they
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share canonical classes with the target. In the case of CDRH3, ‘canonical” forms
refer to whether the CDRH3 is predicted to have a bulge structure (Marcatili
et al., 2014). By default, the CDR loop with an identical canonical structure and
maximal sequence similarity is used. Orientation is predicted thereafter based
on a fingeprint of residues in the framework region. Finally, side chains are
modelled by SCWRL (Krivov et al., 2009). PIGS is available as both a standalone
tool and web application (Marcatili et al., 2014).

RosettaAntibody RosettaAntibody is a tool within the Rosetta modelling suite.
It first selects two structural templates for the framework region based on
the BLAST bit-score (Altschul et al., 1990); the Fv structure with the highest
sequence similarity is used as the orientation template. Templates for the
canonical CDR loops are searched by a length—specific BLAST search, again
using the template with the highest bit score. The CDRH3 loop is then modelled
de novo by assembling three-residue long fragments. Simultaneously, the
V-V orientation is adjusted by Rosetta’s docking algorithm. Finally, the
model structures are refined by gradient-based minimisation (Sivasubramanian
et al., 2009). RosettaAntibody is also available as a web application and a

standalone tool.

Kotai Antibody Builder Kotai Antibody Builder selects two templates for
the framework region based on weighted sequence identity, structural motifs
(e.g. the framework region motif), and the MolProbity score (Yamashita et al.,
2014). The non—-H3 CDR loops are selected based on their canonical class and
a position—specific substitution matrix (PSSM) score. For the CDRH3 loop,
structural rules are used along with the PSSM score for template search (Shirai
et al.,, 1999). Models are then built using MODELLER, and side chains are
predicted using OSCAR-star (Liang ef al., 2011). Finally, models are minimised
using myPresto (Shirai ef al., 2014). Currently, Kotai Antibody Builder is only

available as a web application.
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Macromoltek Macromoltek’s SmrtMolAntibody tool is similar to Rosetta Anti-
body. It selects two framework region templates and the canonical CDR loop
templates based on BLAST; the CDRH3 is then modelled ab initio (Berrondo et al.,
2014). The Vyx-Vy, orientation is based on the orientation from the template light
chain’s native structure. Side chains are predicted using an energy function,

and the structure is refined by energy minimisation.

Schrodinger Schrodinger’s antibody modelling tool starts with a single tem-
plate, based on a sequence similarity search. For all six CDR loops, the loops
are clustered according to their anchor RMSD. The CDR loop with the highest
sequence similarity is used as the representative. Subsequently, the side chains
are predicted, and the structure undergoes energy minimisation by an implicit

solvent energy model (Zhu et al., 2014).

Chemical Computing Group (CCG) The CCG ‘autoFv’ pipeline selects one
or two framework region templates based on sequence identity. All six CDR
loops are selected by sequence similarity. The Vy-Vy orientation is set as
the template’s orientation if both Vi and V|, frameworks are from the same
structure. Otherwise, the orientation of the highest-ranking single (Vy+Vy)
template is used. Using the MOE homology modeller, the CDR loops are
grafted onto the framework template, followed by side chain prediction and
energy minimisation. Ten initial models are built, and clustered to build a final

‘consensus’ structure (Maier and Labute, 2014).

Accelrys Accelrys’ antibody modelling pipeline offers multiple options for
selecting the framework region template. Based on sequence similarity, either a
single Vg+V1, template, a ‘chimaeric’ template from two different antibodies, or
a consensus template from five different antibodies can be used. The canonical
CDR loops were modelled using sequence-similar templates; if the template
framework has an identical CDR loop, the template’s CDR loop is used. The

CDRHB3 loop can either be modelled using the most sequence-similar template,
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or ab initio using Looper. Finally, the model structure is refined via CHARMm

energy minimisation (Fasnacht et al., 2014).

MoFvAb MoFvAD is a fragment-based antibody modelling method (Bujotzek
et al., 2015a). It searches for a template for each of the seven regions of the
antibody: the four framework regions (FR1-FR4), and the three CDR loops.
Templates are ranked by four filters, such as sequence similarity, and the
template region’s RMSD to a consensus Fv structure. MoFvAb also offers
manual intervention, and the option to model CDRHS3 loops de novo. Side
chains are then predicted by a neighbourhood-based method; a 4.0A shell
is placed around a query position, and chemically similar environments are
searched to model the side chains. The orientation is then predicted by a
random forest regression (Bujotzek et al., 2015b), and the model undergoes

energy minimisation.

1.5.3 Antibody sequence annotation

Numbering antibody sequences facilitates the comparison of two (or more)
antibody sequences. For instance, sequence identity can be calculated by
counting the number of matches between aligned IMGT positions. Numbering
also helps to build multiple sequence alignments, and identify amino acid
preferences at specific positions (e.g. Li ef al., 2014). These preferences can then
be used to guide mutations for design.

Two common methods for numbering are Abnum and ANARCI (Abhinandan
and Martin, 2008; Dunbar and Deane, 2016). Abnum numbers sequences by
using the conserved anchors of the CDR loops as the starting points. In
contrast, ANARCI uses a set of HMMs to number sequences (Eddy, 2004;
Dunbar and Deane, 2016).
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1.5.4 Antibody binding prediction methods

Computational methods have also been developed to predict how antibodies
bind to their antigen. For instance, the paratope (e.g. Kunik et al., 2012; Krawczyk
et al., 2013) and epitope (e.g. Krawczyk et al., 2014) residues are predicted in
order to enhance the accuracy of antibody-antigen docking protocols.

Another area of interest in computational antibody design is predicting
antibody-antigen binding affinities via scoring functions (Kitchen et al., 2004).
Scoring functions are based on empirical or statistical parameterisations of
structural data in the PDB. These methods collect structural features, e.g.
frequencies of interatomic contacts, to evaluate a score, and thus predict binding
affinity. In the context of computational affinity maturation, an accurate scoring
function can be used to select for mutations which would ultimately enhance
an antibody’s binding affinity.

Traditionally, scoring functions have been designed for predicting the binding
affinities of all types of protein—protein complexes (e.g. Moal and Fernandez-
Recio, 2013; Vangone and Bonvin, 2015). Most methods have poor correlations
to binding affinities (Kastritis and Bonvin, 2010), which may be due to the
non-specific nature of these scoring functions (Ross et al., 2013). In Chapter 2,
we describe our knowledge-based, antibody-specific statistical potential for

predicting antibody—antigen binding affinities.

1.6 Thesis overview

This Chapter is an introduction to the work presented in the Thesis, with a
synopsis on antibody structures, biology, and therapeutic antibody design. The

rest of the Thesis is composed of the following Chapters.

1.6.1 Chapter 2, Affinity prediction

Chapter 2 discusses the work on predicting the binding affinities of antibody-

antigen complexes. Here we describe CAPTAIN, a statistical potential that uses
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the weighted interatomic contacts between antibodies and antigens. Despite the
correlation between binding affinities of antibody—protein complexes and their
CAPTAIN scores, the method does not apply to antibody—peptide complexes.
Further, the data sparsity in training CAPTAIN has prompted us to approach

other aspects of antibody design, namely modelling.

1.6.2 Chapter 3, Vy—VL pairing

Chapter 3 is an investigation on the Vy—V1, pairing of antibodies. We discuss
the V-V, pairing landscape based on antibody sequences from the public
domain, and complement sequence analyses with structural data from SAbDab.
We demonstrate that pairing frequencies can act as a proxy for predicting the
thermal stability of antibodies. We also propose a structure-based mechanism

to support random V-V, pairing.

1.6.3 Chapter 4, ABodyBuilder

This Chapter describes our antibody modelling pipeline, ABodyBuilder (Leem
et al., 2016). The tool is able to model antibodies with comparable accuracy
to other publicly—available methodologies, and provide estimates of model
accuracy. Further, ABodyBuilder identifies sequence motifs that can potentially
cause issues during experimental development. We also provide a commentary

on the scalability of ABodyBuilder, especially in light of analysing NGS datasets.

1.6.4 Chapter 5, Side chain prediction

This Chapter describes our antibody-specific rotamer library, PEARL. We
first describe the rotamer distributions of antibody side chains. Given the
tendency for some amino acids’ side chains to adopt a limited number of
conformations, we use this information to model side chains on crystal and
model antibody structures using our algorithm, PEARS. We comment on how
side chain prediction can facilitate computational antibody design, and on some

of the current algorithmic challenges for PEARS.
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1.6.5 Chapter 6, Closing remarks

In Chapter 6, we conclude and summarise the Thesis, and place its findings in

the context of therapeutic antibody design. We also comment on extensions for

the work, with a particular interest in NGS and humanisation.

A
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Failure taught me things about myself that I could have
learned no other way.

— J.K. Rowling

A knowledge-based framework for
antibody affinity prediction.
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2.1 Introduction

In the previous Chapter, we reviewed the importance of antibodies, particularly
as a platform for designing new biotherapeutics. A key design challenge is
computational affinity maturation, where antibodies are mutated in silico to
achieve a higher binding affinity. In this Chapter, we discuss a methodology for
predicting the affinity of antibody—antigen interactions for use in computational

affinity maturation.
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2.1.1 Computational antibody affinity maturation

Natural affinity maturation can be experimentally emulated via iterative mu-
tagenesis and selection, leading to an antibody with a desired set of binding
properties. Identifying ‘favourable’ mutations for affinity maturation is a huge
combinatorial problem (Barderas et al., 2008). Typically, there are ~60 residues
across the six CDR loops. If each position can mutate to any of the 20 standard
amino acids, this alone leads to 20%° antibody combinations.

The push to develop a high-throughput in silico framework is the potential to
reduce this experimental search space. There exist a small number of previously
published computational methods that can identify positions for mutation (e.g.
Barderas et al., 2008), and predict the effects of mutations (e.g. Lippow et al.,
2007; Kiyoshi et al., 2014).

The simplest computational affinity maturation pipeline would first require
the structure of the antibody—-antigen complex (experimental or model). The
pipeline would then assess the binding affinity of the complex, and predict
how mutations would change the antibody’s binding affinity. Once favourable
mutants are identified, mutations can then be validated experimentally.

Following this paradigm, three studies have previously attempted compu-
tational affinity maturation on crystal structures. Clark et al. (2006a) matured
the anti-VLA1 antibody AQC2 and achieved a ten—fold improvement. They
also crystallised the mutant antibody to illustrate the structural impact of their
four suggested mutations. Lippow et al. (2007) experimentally validated their
predictions on two case studies, demonstrating a 140—fold affinity improvement
for the anti-lysozyme antibody D44.1, and a 10-fold improvement for cetuximab.
Their method was computationally expensive; testing 1080 single mutants of
D44.1 required 24 hours on a 100-CPU cluster. Kiyoshi et al. (2014) used software
packages from MOE and Discovery Studio to improve the 11K2 antibody’s
affinity by 4.6—fold. They proposed twelve mutations to increase affinity, though

experimental validation showed that only five of these mutations were beneficial.
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The central problem in these studies was the ability to predict the antibody’s
binding affinity. For example, one of the single mutants of D44.1 from Lippow
et al. (2007) had a calculated affinity change (AAG) of —0.97kcal-mol~! and an
experimental AAG of 0.45kcal-mol~!. This difference of 1.42kcal-mol~! between
the calculated and experimental values represents an 11-fold error in estimating
Kp values (see Appendix C.2 for conversion factor). Similarly, Kiyoshi ef al.
(2014) predicted that mutating an Asn residue on the CDRL1 loop would lead
to a AAG of —15.4kcal-‘mol~!. However, the actual affinity change was only

~1.0kcal-mol~!, which represents a 10° fold error in Kp values.

2.1.2 Affinity prediction methods

Predicting the binding affinities of protein—protein interactions (PPIs), such as
antibody-antigen interactions, is a formidable challenge (Kastritis and Bonvin,
2010; Pallara et al., 2013). Previously, molecular dynamics (MD) simulations,
machine learning methods, and scoring functions have been used to predict

binding affinities.
2.1.2.1 Molecular dynamics for affinity prediction

MD simulations calculate the trajectories of atoms and molecules as forces; the
force acting on each atom can be decomposed into bonded and non-bonded
terms (Durrant and McCammon, 2011). The simulations can be “all-atom’, where
each atom is considered for calculating the trajectories, or ‘coarse-grained’,
where atoms are grouped into pseudo—molecular entities (May et al., 2013).
The ensemble average trajectories from MD simulations can then be used to
calculate the binding energy.

MD has been successful at estimating the binding energy of protein—peptide
interactions. The binding affinity of the major histocompatibility complex
with twelve different peptides was successfully predicted by Wan et al. (2015),
achieving a correlation up to 0.91. However, their analysis required over 4000

cores and nine hours of computation per run. On the other hand, May et al.
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(2013) used a coarse—grained MD method to predict the binding affinities of
two protein—protein complexes. Although their coarse—grained approximation
only required 30 minutes, the method was only accurate for one of the two
complexes. Currently, MD is not yet an established method for predicting the

binding affinities of protein—protein complexes, especially at a large scale.

2.1.2.2 Machine learning methods in affinity prediction

A wide range of machine learning methods have been used in protein—protein
binding affinity prediction (e.g. Moal et al., 2011; Yugandhar and Gromiha, 2014).
Such methods often use a large number of descriptors, and can be prone to
overfitting errors. For example, the random forest model by Moal et al. (2011)
relied on 200 descriptors for a training set of 57 protein—protein complexes.
Although the random forest prediction showed strong correlation to binding
affinities in the training set (Pearon’s r = 0.70), the correlation dropped to
r = 0.48 for the entire dataset consisting of both the training and test sets (Moal
et al., 2011). The SVM method by Yugandhar and Gromiha (2014) used a set of
nine descriptors (from an initial set of 610) to separate high and low-affinity
protein—protein complexes. However, the biological significance of certain
predictors, e.g. a—helix content, was not described in detail, making it difficult

to evaluate the practicality of their methodology.

2.1.2.3 Scoring functions in affinity prediction

Scoring functions are models that use a combination of terms to estimate the
energy of a protein or protein—protein complex structure (e.g. Vangone and
Bonvin, 2015). Scoring functions have been used for a range of applications,
such as structure prediction (e.g. Samudrala and Moult, 1998a) and docking (e.g.
Vreven et al., 2011).

Scoring functions are classified as either force field-based, empirical, or
statistical (knowledge—based) potentials (Kitchen ef al., 2004). Force—field based

methods explicitly calculate physicochemical terms based on parameters from
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molecular mechanics force fields. For example, the AutoDock scoring function
calculates terms from the AMBER force field (Kitchen ef al., 2004). Empirical
scoring functions calculate a sum of weighted terms (e.g. electrostatics, van
der Waal’s energy) which have been parameterised on a set of protein struc-
tures (e.g. Pierce and Weng, 2007; Cheng et al., 2007; Vangone and Bonvin, 2015).
Knowledge-based scoring functions, also known as statistical potentials, can
be used as an independent function (e.g. Samudrala and Moult, 1998a), or can
also be part of a term in an empirical function (Vreven et al., 2011). These
functions reflect the probability that an observed molecular feature (e.g. set of
interatomic contacts) appear in a structure, given a reference state (Samudrala
and Moult, 1998a; Cossio et al., 2012).

In a systematic evaluation of scoring functions in a protein—protein binding
benchmark, it was found that no scoring function was able to predict the
affinities of protein—protein interactions (Kastritis and Bonvin, 2010). FireDock
scores showed the strongest correlation to binding affinities (absolute Pearson’s
correlation, |r| = 0.32), followed by other empirical functions such as PyDock
(Jr] = 0.22) and ZRANK (|r| = 0.18).

Since this analysis by Kastritis and Bonvin (2010), new scoring functions have
been developed to predict the binding affinities of protein—protein complexes,
and have had mixed success (e.g. Vreven et al., 2012; Vangone and Bonvin,
2015). Moal and Fernandez-Recio (2013) demonstrated that scores from their
interatomic contact potential showed a |r| value of 0.33 with the binding affinities
of protein—protein complexes in the SKEMPI dataset. Vreven et al. (2012)’s
ZAPP function predicted the binding affinities of enzyme—inhibitor complexes
(Jr] = 0.66), but showed poor correlations to the binding affinities of antibody—
antigen complexes (|| = 0.24). The PRODIGY function by Vangone and Bonvin
(2015) showed a four—fold cross—validated correlation of || = 0.73 to the binding
affinities of 81 complexes. Despite using an Akaike Information Criterion for
model selection, the final model had the most number of parameters, which

may make the function susceptible to overfitting errors.
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2.1.3 Developing an antibody-specific scoring function

The analysis by Ross et al. (2013) suggested that scoring functions should be
ligand-specific. Several scoring functions have now been developed for specific
types of protein-ligand complexes. For instance, SPA-PN has been designed to
predict the affinities of protein—nucleic acid interactions (Yan and Wang, 2013).
Antibody-specific scoring functions have previously been developed (e.g. Brenke
et al., 2012; Krawczyk et al., 2014), though these functions were used to assess
docking decoys, rather than predict binding affinities.

In this Chapter, we follow Brenke et al. (2012) and Krawczyk et al. (2014)
and develop an antibody-specific scoring function, but in our case for affinity
prediction. We introduce CAPTAIN (Computational Affinity Prediction Tool
for Antibody—Antigen Interactions), which is a weighted form of the RAPDF
statistical potential (Samudrala and Moult, 1998a) that was trained using only
antibody—-antigen complexes. Previously, Wang et al. (2004) have weighted
RAPDF to emphasise contact types that are more common in high—quality
structural decoys. Extending from this formalism, we have weighted RAPDF by
two weighting schemes, following on from the works of Moal and Fernandez-
Recio (2013) and Robin et al. (2014).

Moal and Fernandez-Recio (2013) developed a scoring function weighted by
experimental AAG, whereas Robin ef al. (2014) suggested that AAG predictions
from FoldX can identify energetically important residues in an antibody-antigen
complex. Thus, we weighted RAPDF by either theoretical AAG values or by
experimental binding affinities (In Kp) of antibody—antigen complexes. These
weighting schemes should highlight the contact types that are predicted to make
large contributions to the binding energy, or emphasise contacts that are more
prevalent in high-affinity antibodies. To our knowledge, CAPTAIN is the first
scoring function that is specifically tailored for predicting the binding affinities
of antibody—antigen complexes. We demonstrate that using and weighting

antibody-specific information is key to successful affinity prediction.
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2.2 Methods
2.2.1 Datasets

Antibody—protein complexes with resolution <4.0A were downloaded from
SAbDab in October 2013 (Dunbar ef al., 2014). We defined an antigen as a protein
antigen if it was longer than 50 residues. Complexes were clustered at 99%
antibody sequence identity and 90% antigen sequence identity by CD-HIT (Li
and Godzik, 2006). For each cluster, the antibody—antigen complex with affinity
information (Kp) and the best resolution was chosen as the representative
member. If none of the members in a cluster had Kp data, the antibody-antigen
complex with the best resolution was used. Overall, the non-redundant set
used to train our antibody-specific functions consists of 241 antibody-antigen
complexes, 70 of which have Kp data (Figure 2.1).

For our test set, the 170 antibody—antigen complexes with Kp data in SAbDab
were taken. Of the 170 complexes, 70 were excluded as they overlapped with
antibodies in the training set. An additional ten complexes were excluded as
their antibodies shared >99% sequence identity to a member of the training
set. The final test set features 90 complexes, 55 of which are antibody—protein
complexes, and 35 are antibody—peptide complexes (Figure 2.1).

Our protein—protein complex dataset consists of 1882 non—antibody protein—
protein complexes selected from the PDB using the criteria from Hamer et al.
(2010). The protein—protein set was used to train our general protein functions.
The protein—peptide complex set consists of 221 complexes from the PDB, based
on the same set of conditions from Hamer et al. (2010); peptides were defined as
PDB chains with <50 residues. Both these sets were obtained in December 2014.

The binding affinity benchmark set (AffBM set) from Kastritis ef al. (2011)
consists of 124 non-antibody protein—protein complexes (e.g. enzyme—inhibitor
complexes) with Kp data. Four complexes (PDB: 1de4, 1m10, 1nb5, 1uug) were

removed, as in Moal et al. (2011). The remaining 120 complexes were used
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Test Set Training Set
n=90 n=241
Training set
with K data
n=10 n=70

Antibodies with ~ Antibody 99%, Antigen 90%
Kp, data; n=170 Resolution <4.0A; n =241

Figure 2.1: Datasets used for training and testing our antibody-specific scoring functions.
The training set features 241 non-redundant antibody-antigen complexes from SAbDab,
whereas the test set has 90 antibody—antigen complexes. Datasets are described in
Section 2.2.1.

to test the ability of the methods on predicting the affinities of non—-antibody

protein—protein complexes.

2.2.2 Comparing binding interfaces

Two residues at the binding interface were considered a contact if any of their
non-hydrogen atoms were within 4.5A. Individual amino acid frequencies
of antibody—protein, antibody—peptide, protein—protein and protein—peptide
complexes were compared by a x? test (Collis et al., 2003).

2.2.3 Benchmarking methodologies for affinity prediction

We investigated 16 different scoring functions for predicting antibody-antigen
binding affinities. We also considered the simple measure of the change in

solvent—accessible surface area.
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2.2.3.1 Change in solvent-accessible surface area

The change in solvent-accessible surface area upon complex formation, ASASA,
was evaluated by NACCESS (Hubbard and Thornton, 1993). ASASA approxi-
mates the solvation effects of binding (Liang et al., 2007), and has been used to
approximate the binding affinities of general protein—protein interactions (e.g.
Vangone and Bonvin, 2015). To evaluate the solvent-accessible surface area,
NACCESS traces a 1.4A—probe around the surface of an input structure. The
solvent-accessible surface area was calculated for the antibody-antigen complex
structure and the antibody alone. ASASA was then calculated as the difference

between these two surface areas, i.e.,
ASASA = SASAcomplex — SASAantibody.

2.2.3.2 Statistical potentials

We tested three different statistical potentials which rely on the DFIRE reference
state (DCOMPLEX, dDFIRE, and GOAP; Liu et al., 2004; Yang and Zhou, 2008;
Zhou and Skolnick, 2011). DCOMPLEX uses the total sum of interatomic contact
energies between two atoms within 4.5A. dDFIRE uses the sum of contact
energies over atoms within 15A, and contains three angle terms. GOAP considers
the distance and orientation of atoms, using five angle terms along with a
distance term. GOAP failed to evaluate one complex (PDB: 2nz9). DockSorter is
a statistical potential that uses the sum of docking precision scores (Krawczyk
et al., 2013). The docking precision score represents the likelihood that a docking
algorithm (e.g. ZDOCK; Chen et al., 2003) will place an antibody residue within
4.5A of an antigen residue (Krawczyk ef al., 2013). DockSorter failed on three
cases (PDB: 2fx8, 2fx9, 3eys).

2.2.3.3 Empirical scoring functions

We tested seven different empirical scoring functions (EMPIRE, FireDock, IRAD,
ZRANK, PyDock, and Rosetta; Liang et al., 2007; Andrusier et al., 2007; Vreven
et al., 2011; Pierce and Weng, 2007; Cheng et al., 2007; Chaudhury et al., 2010)
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EMPIRE, FireDock, IRAD, ZRANK, PyDock, and Rosetta are empirical scoring
functions that are used for evaluating docking decoys, whereas PRODIGY has
been specifically developed for predicting binding affinities. EMPIRE is a scoring
function with parameterised terms for hydrogen bonds, electrostatics, and
ASASA. FireDock is a decoy refinement and re-scoring algorithm; it features a
set of parameterised terms for electrostatics, solvation and van der Waal'’s forces.
For each complex, FireDock performs side chain and rigid-body optimisation
prior to scoring. ZRANK is a scoring function consisting of weighted terms
for electrostatics, van der Waal’s forces, and desolvation. IRAD uses the terms
from ZRANK, along with an additional desolvation energy term and a statistical
potential term. PyDock is a scoring function that combines electrostatics, van der
Waals, and desolvation terms. The Rosetta scoring function uses a combination of
energy terms (e.g. 71—7t interactions, hydrogen bonds) with different weights for
each term; four different weighting schemes (‘scorel2’, ‘talaris2013’, ‘docking’,
and ‘interface’) were used. PRODIGY uses a combination of weighted terms
based on the types of contacts at the binding interface, and residue characteristics
at the non-interacting surface. EMPIRE failed on one case (PDB: 2nz9), FireDock
failed on one (PDB: 2nz9), IRAD failed on two (PDB: 2hrp, 3ifl), and Rosetta
failed on four cases (PDB: 2fx8, 2fx9, 3e8u, 3eys).

2.2.3.4 Other functions

FoldX is an empirical force field with terms for van der Waal's forces, electrostat-
ics, solvation and hydrogen bonds (Schymkowitz et al., 2005). The AnalyseCom-
plex routine was used to estimate the binding affinity for each antibody—antigen
complex. FoldX version 3.0b6 was used with default parameters.

We used Gromacs (v. 4.6.5) to perform MD energy minimisation for 500ps.
Minimisation was performed in the GROMOS 53a6 force field with spc water
molecules (Pronk et al., 2013). Gromacs could not minimise the energies of 54
structures, due to missing atoms in the PDB structure (Appendix Table B.2). The

minimised energy of the complex was used as the predictor of binding affinity.
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2. A knowledge—based framework for antibody affinity prediction.

2.2.4 Construction of CAPTAIN

CAPTAIN is a weighted statistical potential based on RAPDF (Samudrala and
Moult, 1998a). RAPDF is a residue-specific, all-atom function that utilises the
log ratio of interatomic contact probabilities. Atom types that were used for

building our scoring function are listed in Appenidx Table B.1.

2.24.1 Unweighted residue-specific all-atom function (RAPDF)

Interatomic contacts were discretised into 1A-wide bins, ranging from 3A to
10A. Contacts were symmetric; in other words, a contact between an antibody
Tyr OH and an antigen His ND1 is the same as a contact between an antibody
His ND1 and an antigen Tyr OH. Contacts within 3A were placed into a single
bin (0-3A), leading to a total of eight distance bins (Figure 2.2). The score for

an interatomic contact ij at distance bin d, s(d;;), can be expressed as
N(d;;)
Yq N(dij)

> N(dij)
Ya Xij N(dij)

N(d;j) is the number of contacts between atom types i and j in distance

[RAPDEF] 5(d;;) = —In 2.1)

bin d. It then follows that }; N(d;;) represents the number of contacts for
contact 7j across all distance bins, whereas ) ;; N(d;j) represents the number
of contacts across all contact types at distance bin d. ), Yij N (dij) represents
the number of contacts for all contact types across all distance bins. To avoid
zero counts, every contact type at every distance bin was given a default count
of 1 (Samudrala and Moult, 1998a).

We built the RAPDF scores based on several different datasets. PPI-RAPDF
was built from contacts between non-hydrogen atoms in non-antibody, protein—
protein complexes from the protein—protein complex dataset (Section 2.2.1). Ab—
RAPDF was built from contacts between the antibody and the antigen within
the non-redundant set. In addition, both the protein—protein complex dataset

and our non-redundant antibody set were combined to build PPI+Ab-RAPDE.
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Figure 2.2: Construction of RAPDF using interatomic contacts. A. The antibody is
shown in white, and the antigen in grey. The yellow dashes indicate contacts between
Tyr OH atoms (red spheres) and His ND1 atoms (blue spheres). When building RAPDF,
two atoms were considered to be in contact if they were within 10A of each other.
B. Every contact was discretised into 1A wide bins, with the exception of contacts
within <3A, which were placed into one bin (0—3A). In A., there are eight Tyr OH-His
ND1 contacts; one contact in bin 3-4A (3.9A), two in bin 5-6A (5.5A, 5.9A), one in bin
6-7A (6.9A), one in 7-8A (7.5A), two in 8-9A (8.3A, 8.6A) and one in 9-10A (9.7A). PDB:
3mxw.
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2. A knowledge—based framework for antibody affinity prediction.

2.24.2 Weighted residue-specific all-atom function

The Ab—-RAPDF function was weighted by the affinities of antibody—-antigen
complexes in the training set. The weighted Ab—-RAPDF is constructed in similar
fashion to Equation 2.1. The weighted RAPDF follows Wang et al. (2004) by
introducing a weight, wy, to Equation 2.1.

In Wang et al. (2004), the weight of a decoy x was proportional to its
normalised density score Sy. Sy is the average Ca RMSD between a decoy
x and all other decoys in the dataset. Sy is then normalised to a value between

-1 and 1 by the median S value (Wang et al., 2004). The weight w, was obtained by

where ¢ is a constant. The weights were then used to weight the counts, lead-

ing to

( Y wxN(djj) )
xN di' x
s(dij) = —In La L N () . (2.2)
Lij Xox WxN(dif)x
Y Lij L wxN (dij)x

2.24.3 Weighting by predicted AAG

Ab-RAPDF was first weighted using predicted affinity changes using FoldX;
we refer to this version as Ab—fRAPDF (Schymkowitz et al., 2005). For each
antibody in the training set, an antibody residue r with at least one heavy
atom within 10A of the antigen (except alanine and glycine) was mutated to
alanine, similar to Robin et al. (2014). The affinity change for each mutant,

AAG,, was calculated as
AAG?’ - AGmutant - AGwild—’cype-

Two mutants were not used for weighting due to high values of AAG
(JAAG| >10kcal-mol™!). To determine the FoldX-dependent weight for an
antibody residue r, wy ,, the AAG values were first scaled to the range of 0-2 by
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o — —AAG, — min(AAG)
Fr = “max(AAG) — min(AAG)

The wy,, values were then scaled as in Wang et al. (2004) by
wf,?‘ — e(c(wf,i‘_l)),

where c is a constant; for our work, ¢ was set to 4. Since we built RAPDF as
an all-atom potential, we applied the same weight for every atom i in residue r.
Thus, ws; = wy,. The weight was applied in a similar fashion to Equation 2.2,
making the revised equation
wy,iN(djj)
Y wy,iN(d;)
Lijwy,iN(dij)
Yoa Xijwy,iN(dij)

(2.3)

[Ab—fRAPDF] s(d;;) = —In

2.2.44 Weighted by Experimental Affinity Data

Ab-RAPDF was also weighted using affinity—based weights, which are specific
for each antibody-antigen complex in the training set, a. This form of Ab-
RAPDF will be referred to as Ab—-wRAPDF. In this scheme, every contact ij in

complex a was given the same weight, wy ,. The weights were set by

o InKp , — max(InKp)
k7 705 x max(InKp)

where Kp , represents the affinity of an antibody-antigen complex a. Antibody-
antigen complexes in the training set without affinity data (171 complexes) were
given a wy, value of 1. We revise Equation 2.2 to
Y0 WeaN(dif)a
Yd Yo WaN(dif)a
Yii Lo WiaN(dif)a
Yoa Xij g WkaN(dij)a

[Ab-wRAPDF] 5(d;) = —In (2.4)
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2. A knowledge—based framework for antibody affinity prediction.

Both the FoldX-dependent (wy ) and affinity-dependent (wy ;) weights were
used to create a combined weighted scoring function, leading to
Yo Wawy iN(dij)a
Yo Xa s, iN(dif)a
Y ijwy,iN(djj)
Yo Xoa Yij wr,iN(dij)a

To account for cases that have more contacts, a structure’s total score was

[Ab-wfRAPDF] s(d;;) = —In (2.5)

a

divided by its number of contacts.

2.2.4.5 Hybrid scoring method

The ‘hybrid score’” method allows an observed distribution of interatomic
contacts, hy, to be complemented with a saturated ‘reference’ distribution
of interatomic contacts, hy (Sippl, 1990; Studer et al., 2014). Mixing the two
distributions depends on a convergence parameter, ¢. This allows h; and
hy to be mixed more finely, as opposed to a simple sum (as in the case for
PPI+Ab-RAPDF). Thus, the target contact distribution g;; between atom types

i and j is approximated by

oL g Neo
81~ 1 ¥ Ne W T 11 No 27"

The negative log ratio of g;; with respect to hy;; represents the hybrid
score, hs(d;;). Thus,

hs(dl]) = —In (l’lgl_l]>
"]

= ln(l + N(T) — ln(hlli]‘ + NU’hz/,‘]‘). (2.6)

We used the contact data from the protein—protein complex dataset (1882
structures) as hy ;. Our affinity-weighted set of contacts from the non-redundant
training set (241 complexes) was used for hy;;. Higher values of ¢ increase
the contribution of hy;; to hs(d;;); in contrast, lower values of ¢ favour the

saturated dataset.
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Figure 2.3: The ten most frequently—contacting positions in 214 paired antibodies of
our non-redundant training set. A position was considered to be in contact if any of its
heavy atoms were within 4.5A of the antigen. Positions are coloured according to the
scheme in Figure 1.3.

2.3 Results
2.3.1 Statistical analyses of binding interfaces

In our training set of 241 antibody—protein complexes, 214 are Fv structures. Of
these, 180 use at least one residue from both the CDRH3 and CDRL3 loops to
form a contact with the antigen (i.e., within 4.5A of the antigen). Seven of the
most frequent contact positions were from Vi3 CDR loops, and three were from
VL CDR loops (Figure 2.3), suggesting that paired antibodies use a combination
of Vi and Vi, CDR loops to bind an antigen.

A x? test showed that, overall, antibody—protein complexes had different
amino acid frequencies compared to antibody—peptide, protein—protein and

protein—peptide complexes (Table 2.1). In terms of individual amino acids,
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2. A knowledge—based framework for antibody affinity prediction.

Table 2.1: x? test of amino acid usages at the binding interface.

Antibody—peptide Protein—protein Protein—peptide
complexes complexes complexes

Antibody-protein 57 g9 (1) — 8.30 x 1076) 4187.31 (p < 107) 1084.50 (p < 10~°)

complexes

Antibody—peptide 1490.64 (p < 107°) 542.28 (p < 107°)
complexes

Protein—protein -6
complexes 160.21 (p <107°)

p-values were calculated based on a x? distribution with 19 degrees of freedom.

antibody—protein and antibody—peptide complexes only showed a significant
difference in their usage of His. When comparing the antibody—protein set
and the protein—protein complex set, significant differences (p < 2.63 x 107°)
were observed for 17 amino acid types (Figure 2.4). The general difference is
that antibodies use polar amino acids such as Tyr and Ser, whereas protein—
protein complexes use hydrophobic and charged amino acids, such as Leu, Lys
and Glu. These differences will be automatically captured in our antibody-

specific potential.

2.3.2 Affinity prediction

The crystal structures of the 90 antibody—antigen complexes in the test set were
scored with 16 different scoring functions (Section 2.2.3). We also calculated
the change in solvent—accessible surface area (ASASA). We used the absolute

Pearson’s correlation coefficient (|r|) to measure the correlations between a score

(or ASASA) and binding affinities (In Kp).

2.3.2.1 Benchmarking the performance of scoring functions

All methods had low correlations to In Kp (Table 2.2). The best predictors were
IRAD (Jr| = 0.264), and ASASA (|r| = 0.311). These correlations compare to
|r| = 0.23 for IRAD and |r| = 0.54 for ASASA when they were used to predict

the affinities of general protein—protein complexes (Vreven et al., 2012; Kastritis
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Figure 2.4: Normalised amino acid frequencies in the binding interfaces of each dataset.
N(d;) represents the number of times that amino acid of type ¢ is found within distance
d (4.5A), and ¥, N(d;) represents the number of times that we see all amino acid types
within d. Asterisks indicate significant differences (p < 1.32 x 10~°) with respect to the
antibody—protein dataset.

et al., 2011). Subdividing the test set into protein-binders and peptide-binders

also gave low |r| values (Figure 2.6; Table 2.2).

2.3.2.2 Performance of standard RAPDF

RAPDF was first trained on the protein—protein dataset; this version, PPI-
RAPDEF, showed a correlation of |r| = 0.292 with antibody-antigen binding
affinities (Figure 2.6, Table 2.3). ASASA and IRAD showed stronger correlations,
suggesting that a standard RAPDEF, without any antibody information, is poor

at estimating antibody-antigen binding affinities.
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2. A knowledge—based framework for antibody affinity prediction.

Table 2.2: Absolute Pearson’s correlation of predictions and binding affinity.

Method L sy vy Pepide Ve
DCOMPLEX 0.224 0.001 0.355
dDFIRE 0.053 0.041 0.077
DockSorter 0.154 0.033 0.104
EMPIRE 0.073 0.065 0.227
FireDock 0.123 0.033 0.171
FoldX 0.083 0.039 0.141
GOAP 0.170 0.071 0.085
Gromacs 0.075 0.050 NA
IRAD 0.264 0.186 0.287
ASASA 0.311 0.057 0.336
PRODIGY 0.115 0.204 0.280
PyDock 0.026 0.012 0.106
Rosetta (Docking) 0.098 0.085 0.063
Rosetta (Interface) 0.117 0.076 0.209
Rosetta (Scorel2) 0.086 0.069 0.046
Rosetta (Talaris2013) 0.085 0.085 0.048
ZRANK 0.203 0.196 0.229

2.3.2.3 Antibody information improves performance

We next trained RAPDF on the non-redundant set of antibodies from SAbDab
(Section 2.2.4); this version, Ab—-RAPDEF, showed a correlation of |r| = 0.411
to binding affinities. This improvement in performance supports the notion
that training RAPDF on antibody—antigen complexes is critical. Furthermore,
Ab-RAPDF scores showed a correlation of || = 0.492 to the subset of antibody—
protein complexes (Table 2.3).

A major issue for Ab—RAPDF has been the lack of data in the training set. The
most noticeable effect of a sparse set of counts is the tendency to have extreme

values of s(dl-]-), especially in the first two distance bins (0—3A, 34A; Figure 2.5).
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Figure 2.5: Ab—RAPDF score distributions depending on the distance bin. In the first
two distance bins, the interquartile ranges for the RAPDF score distributions are 1.218
(0-3A) and 1.190 (34A). In comparison, the last distance bin (9-10A) has an interquartile
range of 0.284.

Thus, we trained RAPDF using a combination of complexes (PPI+Ab-RAPDF)
to increase the size of our training set; however, PP1+ Ab—RAPDF showed lower

correlations with affinity (|r| = 0.313).

2.3.24 Weighting by affinity enhances prediction

So far, we have presented three different versions of RAPDF: PPI-RAPDF, Ab-
RAPDE, PPI+Ab-RAPDE. However, Ab—RAPDF, which showed the highest
correlation to In Kp, is still only weakly correlated. In order to overcome this,
two weighting schemes were implemented into the RAPDF formula. Using a
similar scheme to Wang et al. (2004) (Section 2.2.4, Equation 2.2), we applied
weights that were dependent on predicted affinity changes (Schymkowitz et al.,
2005) or experimental binding affinities (Dunbar et al., 2014).
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2. A knowledge—based framework for antibody affinity prediction.

For the first weighting scheme, FoldX (Schymkowitz et al., 2005) was used
to estimate binding affinity changes (AAG) of complexes in the training set;
these changes were used to weight Ab—-RAPDEF. In principle, a mutation whose
AAG > 0 indicates that the wild-type residue forms stabilising interactions
with the antigen. Hence, antibody—antigen contacts involving antibody atoms
with predicted AAG > 0 were up-weighted, and contacts involving atoms with
predicted AAG < 0 were down-weighted. We refer to this weighted form of Ab-
RAPDF with FoldX information as Ab—fRAPDF. Ab—fRAPDF showed weaker
correlation to binding affinities of antibody—-antigen complexes in the test set
(|r] = 0.399). Ab—fRAPDF showed stronger correlation to the subset of antibody-
protein complexes in the test set (|| = 0.536; Figure 2.6), and outperformed the
unweighted Ab—RAPDF potential. Thus, it appears that weighting contacts in
the non-redundant set enhances our prediction of antibody-protein complexes.

The level of improvement was small, and there are two possible reasons. First,
most mutations had been predicted to have |AAG| <0.5kcal-mol~!, meaning
that most contacts were up— or down-weighted by only a marginal amount.
Second, we chose to not mutate antibody alanines and glycines, similar to Robin
et al. (2014). Glycine residues are prevalent in antibodies and are thought to play
a key role in some antibody—-antigen interactions (Birtalan et al., 2008).

Our second weighting method used the experimental affinity data of the
training set, rather than predicted affinity changes. Effectively, contacts that are
prevalent in high—affinity antibody—antigen complexes are enriched, leading to
lower RAPDF scores. We refer to the second weighted form of the Ab—-RAPDF
potential with experimental affinity data as Ab—-wRAPDF. Ab-wRAPDF shows
stronger correlation to binding affinities (|r| = 0.431; Figure 2.6). Similar to our
other implementations of RAPDF, Ab—-wRAPDF showed stronger performance
on protein-binding antibodies (|| = 0.532; Figure 2.6), but weakly correlated
to the affinities of peptide-binding antibodies (|r| = 0.088).

The marginal improvement in prediction performance may be due to the

lack of affinity data; less than a third of the non-redundant set (70 out of 241)
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Figure 2.6: Absolute Pearson’s correlation between scores against In Kp for different
affinity prediction methods. The dotted line indicates the best-performing method from
the literature. Descriptions of the methods are given in the text. A. Antibody—protein
complexes of our test set (n = 55). B. Antibody-peptide complexes of our test set
(n = 35).
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2. A knowledge—based framework for antibody affinity prediction.

were weighted. Another possible explanation is that all contacts of an antibody—
antigen complex were given the same w, value. This may lead to false-positive
weighting of contacts that are generally destabilising.

A combined weighting scheme was developed to create an affinity—dependent,
contact-specific weighting system, i.e. using both wy , and wy; (Equation 2.5).
The combined weighting method, which we refer to as Ab—-wfRAPDF, showed
a relatively weak correlation to the entire test set (|r| = 0.416). Again, Ab-
wfRAPDF showed a stronger correlation to antibody—protein complexes (|r| =
0.586), which was stronger than either Ab—-wRAPDF or Ab—fRAPDF.

To account for antibody-antigen complexes that have more contacts, we nor-
malised the scores by the number of contacts between the antibody and antigen.
We refer to the normalised Ab-wRAPDF scores as our potential, CAPTAIN, as it
showed the best performance on subsets of the test set. CAPTAIN showed |r| =
0.586 to the binding affinities of antibody—protein complexes, and |r| = 0.121 to
the binding affinities of antibody—peptide complexes (Figure 2.6, Table 2.3).

We also tested CAPTAIN on non-antibody-antigen complexes from the
AffBM set (Section 2.2.1). As expected, CAPTAIN was unable to predict the
affinities in this set (|r| = 0.211). In contrast, DCOMPLEX (|r| = 0.363) and
ZRANK (|r| = 0.258) performed better. It seems that these scoring functions,
which follow the ‘one model fits all” approach, show moderate correlations (Ross
et al., 2013). However, they are unable to predict the affinities of antibody—antigen

complexes, confirming the necessity of ligand-specific scoring functions.

2.3.2.5 Hybrid scoring does not improve affinity prediction

Following the approach by Studer ef al. (2014), we introduced a convergence
parameter ¢ to combine contact data from the protein—protein complex dataset
and the affinity—weighted antibody contacts for CAPTAIN. We used a range
of ¢ values to control the contribution of general protein—protein contacts in

scoring. Larger ¢ values led to increased correlations to binding affinities
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Table 2.3: Absolute Pearson’s correlation between RAPDF and binding affinity.

RAPDF Version antibodies (n 90)  antibodies (- 55) _antibodies (r - 39
PPI-RAPDF 0.253 0.329 0.178
PPI+Ab-RAPDF 0.313 0.341 0.193
Ab-RAPDF 0.411 0.493 0.094
Ab—RAPDF 0.398 0.541 0.010
Ab-wRAPDF 0.431 0.532 0.088
Ab-wfRADF 0.414 0.556 0.012
(normaligel?:lpzﬁ—lsRAPDF) 0.401 0.586 0.121
Ab—fRAPDF (normalised) 0.410 0.575 0.098
Ab-w{RAPDF (normalised) 0.435 0.586 0.107
PPI+CAPTAIN, o = 0.001 0.202 0.473 0.121
PPI+CAPTAIN, o = 0.01 0.300 0.546 0.119
PPI+CAPTAIN, ¢ = 0.1 0.385 0.579 0.128
PPI+CAPTAIN, 0 =1 0.399 0.585 0.122
PPI+CAPTAIN, o = 10 0.400 0.586 0.119

(Table 2.3). However, none of the hybrid scoring functions showed stronger

performance than CAPTAIN.

2.4 Discussion

In this Chapter, we demonstrate that our weighted antibody—specific scoring
function, CAPTAIN, shows the strongest correlation to the binding affinities
of protein-binding antibodies compared to 16 other published scoring func-
tions and ASASA.

Unlike previous methods which used a variety of protein—protein complex
structures from the PDB (including antibody-antigen complexes), we used only
antibody—antigen complexes for training CAPTAIN. x? analyses demonstrated
that antibodies have distinct preferences for specific amino acids (Figure 2.4),
corroborating previous studies (e.g. Clark et al., 2006b; Krawczyk et al., 2013).

Our potential captures these features at the binding interface, and our results
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2. A knowledge—based framework for antibody affinity prediction.

highlight the benefit of using antibody-specific data for successful affinity
prediction, particularly antibody—protein complexes (Figure 2.6).

CAPTAIN showed promising results for antibody—protein complexes (|r| =
0.586), but predicts the affinities of peptide-binding antibodies poorly (|r| =
0.121). This could be attributed to the fact that only protein-binding antibodies
were used for training the function. Using peptide-antibody information should
improve the prediction of the affinities of peptide-binding antibodies. However,
combining peptide—antibody complexes in training CAPTAIN could introduce
noise that interferes with the prediction of protein-binding antibodies” affinities.

The main issue in building CAPTAIN was the sparsity of the contact data,
leading to extreme values in the score distributions (Figure 2.5). Combining
the contact data from the protein—protein complex dataset as a simple sum
(as in the case of PPI+Ab-RAPDF), or as a hybrid score did not improve
prediction (Sippl, 1990; Studer et al., 2014). In fact, the hybrid scores only
showed strong correlations at high ¢ values, reiterating the importance of
antibody-specific information. One possible solution to reduce the sparsity of
contact data is to produce antibody models and dock them to model antigen
structures, leading to a simulated, saturated set of antibody—-antigen contacts.
Alternatively, reducing the number of contact types to a set of ‘essential’
antibody-antigen contacts may stabilise the score distributions, and avoid
potential overfitting issues.

We also weighted the counts by using predicted AAG values and experi-
mental affinity data. Both methods improved the correlation of the scores with
respect to In Kp, but when combined, their benefits were not additive. Affin-
ity information, whether predicted or experimental, can enhance predictions,
though we advocate the use of experimental data where possible. A more
reliable prediction of AAG, or an increase in available affinity data are possible
paths to improve CAPTAIN’s predictions.

All methods, including CAPTAIN, showed poor correlations to the binding
affinities of antibody—-antigen complexes. CAPTAIN was the best performer
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among these methods, though further work is necessary to make a reliable
tool for applications such as affinity maturation. Throughout this Chapter, we
have assumed that the binding affinity of an antibody is purely determined by
contacts with its antigen. Considering other factors, such as conformational
entropy (Haidar et al., 2014), domain orientation (Dunbar ef al., 2013; Fera et al.,
2014), and germline V' gene pairing could further improve affinity prediction,
but the knowledge base is currently insufficient. Ultimately, we conclude that
affinity prediction remains a formidable challenge, which requires more affinity
data, a better understanding of how antibodies interact with their antigen, and
parsimonious models that are robust to data sparsity issues.

In the next Chapter, we will cover the mechanism of Vy-V pairing in
antibodies, as it provides one of the largest sources of structural variation.
Analysing the sequence and structural variation of antibodies should help
us understand how antibodies bind, and improve affinity for their targets.
Subsequently, Chapters 4 and 5 focus on building high-resolution antibody
models using the wealth of structural data in the PDB. We hope that in the
long—term, these modelling approaches will provide complementary data that

can enhance binding affinity predictions.
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People may see things differently, but they don’t really
want to.

— Don Draper, Mad Men

All Vi1—V1 pairs are equal; some are
more equal than others.
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3.1 Introduction

In the previous Chapter, we discussed the challenges of predicting antibody—
antigen binding affinities. In order to understand the antibody structural
landscape, we next looked at the largest source of structural variation: the
pairing of the Vi and V. In this Chapter, we propose a potential structural

mechanism for V-V, pairing.

3.1.1 Pairing: a determinant of antibody function

The pairing of the Vi and Vi, domains has an important role in the structure

and function of antibodies. We showed in the previous Chapter that ‘paired’
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antibodies (i.e. Fvs, scFvs) often bind antigens using the CDR loops from both
Vu and Vi domains, such as the CDRH3 and CDRL3 loops. Furthermore, the
Vu and Vi, domains pack together in a wide range of orientations, leading to
a huge diversity in the shape of the antibody’s binding site. This ultimately
allows antibodies to bind many different types of antigens (Muyldermans
et al., 2001). Although the relationship between pairing and Vy—Vy, orientation
is not clear, the different pairings do have an influence (Jayaram et al., 2012;
Dunbar et al., 2013). A recent analysis by Teplyakov et al. (2016) suggests that
pairing can affect the structure of the CDRHS3 loop, thus leading to changes
in the antigen binding site.

In vivo, pairing acts as a screening mechanism during the B—cell maturation
process (Sections 1.2.6.2, 1.3.3). For example, heavy chains are selected by their
ability to pair with the SLC (Melchers, 2005). Furthermore, if a putative V-
VL pair is autoreactive, the pre-B—cell recombines light V genes until the new
Vy—Vy pair is non-reactive (Nemazee, 2006).

From an antibody engineering perspective, Vy—V1, pairing attracts interest
as it is known to modulate antibody stability and binding. Certain Vy—V7, pairs
show greater thermostability, which is vital for antibody integrity and func-
tion (Ewert et al., 2003; Tiller et al., 2013). In addition, Vy-Vy, pairing has
been manipulated to engineer bispecific antibodies (e.g. Lewis et al., 2014; Klein

et al., 2012; Fischer et al., 2015).

3.1.2 Mechanism of Vy-Vy pairing

Despite the importance of V-V, pairing, the precise mechanism of V-V, pair-
ing is unknown. The general belief is that V-V, pairing is ‘random” (de Wildt
et al., 1999; Glanville et al., 2009; DeKosky et al., 2015). Pairing has previously
been shown to be flexible; a given heavy chain can pair with several different
light chains, and vice—versa (Edwards et al., 2003). On the other hand, several
studies suggest a preference in pairing, i.e. certain V' gene subgroups tend to

form pairs (e.g. Jayaram et al., 2012).
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Randomness in pairing is often defined from a statistical perspective; the
frequencies of paired IMGT subgroups (or alleles) is compared to their expected
frequency by a x? test of independence. If the frequencies of subgroup (or
allele) pairs are not significantly different from the expected distribution, V-
VL pairing is then considered ‘random’” (e.g. Glanville et al., 2009; DeKosky et al.,
2015). Statistical tests have also been used on subsets of paired subgroups. For
example, Jayaram et al. (2012) constructed several 2 x 2 contingency tables to test
for the enrichment or depletion of specific Vy—V1, pairs via Fisher’s exact tests.

Recently, Townsend et al. (2016) have analysed the physicochemical properties
(e.g. isoelectric points) of the CDRH3 and CDRL3 loops of antibody sequences
from DeKosky et al. (2016). Kolmogorov—Smirnov tests indicated that, for
instance, A CDRL3 loops are more hydrophobic than xk CDRL3. However, these
differences were not observed between the CDRH3 loops of k¥ and A antibodies.
Effectively, this test showed that CDRH3 loops can be paired with chemically
different CDRL3 loops. However, this study did not extensively discuss how
this association justifies random pairing. On the other hand, Kuroda and
Gray (2016) have provided a more structure—driven view on the mechanism of
pairing. Though the authors state that any chain can pair up with another, their
conclusions are largely based on shape complementarity and the number of
hydrogen bonds. There is little comment on antibody—specific characteristics
that may influence pairing, such as the sequence of the CDR loops.

In this Chapter, we seek to address how antibodies pair, and explicitly define
‘random’ pairing as the ability for a given heavy chain to pair with any light
chain. We first follow the works of Edwards et al. (2003), Jayaram et al. (2012),
and others and describe V-V, pairing on a sequence level, and determine
preferences between V' germline genes. Next, the structures of paired antibodies,
along with the structure of the pre-BCR, are analysed in further detail to
elucidate a structure-based mechanism for pairing. We also complement our
observations with thermodynamic data from Teplyakov et al. (2016) to investigate

the relationship between pairing frequency and antibody stability.
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We demonstrate that the apparent preferences in V-V, pairs seem to be
due to the significant over— or under-representation of some pairs. In addition,
it appears that ‘common’ pairs may be less stable. Therefore, while our data
supports the conclusion that any Vi can associate with any Vi, we also suggest

that there are costs in forming certain Vy—Vy, pairs.

3.2 Methods
3.2.1 Annotation of antibody sequences

All input sequences were numbered by ANARCI (Dunbar and Deane, 2016).
Briefly, ANARCI queries a sequence against a database of hidden Markov
models (HMMs; Eddy, 2004). Each HMM represents a multiple sequence
alignment of a particular allele, e.g. IGHV1-02*01. ANARCI then calculates the
sequence identity between the query sequence and IMGT germline sequences
to identify the most likely germline genes (Lefranc et al., 2009). Germlines
from a duplicate subgroup were grouped under one subgroup; for instance,
IGHV1D is treated as IGHV1.

In some cases, the matching HMM and the corresponding germline gene do
not necessarily agree. For example, a sequence can be matched to an HMM of a
rat heavy V gene, but share the greatest sequence identity to a mouse heavy V
germline gene. In this scenario, the sequence is deemed to be a mouse V gene
sequence. An antibody is considered to be from a particular species only if both
heavy V and light V genes are matched to the same species.

The numbering of the human SLC was based on the synthetic construct
by Morstadt et al. (2008). Their ‘single-chain” SLC was formed by truncating
the unique regions of VpreB and A5, and joining them thereafter. Without
the unique regions, the VpreB and A5 sequences are homologous to light V
and | gene sequences, respectively. ANARCI was used to number the single—
chain form of the SLC (PDB: 3bj9), and the numbering was mapped onto the
pre-BCR structure (PDB: 2h32).
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3. All Vy=Vy pairs are equal; some are more equal than others.

3.2.2 Datasets
3.2.21 Sequence datasets

We downloaded paired antibody sequences from DIG-IT (Chailyan et al., 2012),
abYsis (Swindells et al., 2016), and SAbDab (Dunbar et al., 2014) on 27 January,
2016. Sequences with missing framework positions (between H5-H122, L5-
L122), unknown amino acids, or those that could not be numbered by ANARCI
were discarded. This gave a redundant set of 13702 sequences. Sequences were
then clustered by 99% Fv sequence identity using CD-HIT (Li and Godzik,
2006). We call this dataset the non-redundant (NR) set, in which there are
6295 paired antibody sequences.

Human antibody sequences from our redundant set and the NGS dataset
from DeKosky et al. (2015) were combined to obtain a total of 205206 human
antibody sequences. The NGS set from DeKosky et al. (2015) represent paired
CDRH3-CDRL3 sequences from three human donors, obtained from single
B—cell sequencing.

These sequences were clustered by 97% CDRH3 sequence identity, similar
to DeKosky et al. (2015). We call this dataset the human CDRH3 (hCDRH3)

dataset, in which there are 132988 non-redundant human CDRH3 sequences.

3.2.2.2 Structural datasets

One thousand thirty—five Fv structures, including scFv structures, with reso-
lution <2.5A were downloaded from SAbDab on 27 January, 2016 (Dunbar
et al., 2014). These structures were clustered by 90% Fv sequence identity
to generate a non-redundant set of 527 structures; we call this dataset the
Vu-VL contact set. Together, there are 173 human and 298 mouse antibody
structures; the remainder are either rabbit (9), rat (1), or hybrid structures (e.g.
human/rhesus hybrid; PDB: 2a9m).

Sixteen antibodies (21 Fab structures) from Teplyakov et al. (2016) were used
to investigate the effects of germline pairing on CDRH3 loop structures and

antibody stability. Each antibody has a melting temperature (Tm) value, and
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the same CDRH3 sequence, but different germline V' gene pairings. Details of
these structures are listed in Appendix Table B.3; four structures were removed
due to missing coordinates in the structure, and three structures were removed
as they were duplicate structures in the asymmetric unit of the crystal. We

refer to the final set of 14 antibodies as the Teplyakov set.

3.2.3 Statistical analyses

Genes were collated at the IMGT subgroup level for statistical analysis. We
constructed a N x M matrix to count the frequency of V-V, subgroup pairs in
our NR set. Here, N and M represent the number of different V-V, subgroups.
We then used the x? test of independence to test for the dependence between
heavy and light subgroups in terms of pairing. The x? value represents a scaled
squared difference between the observed and expected counts of a heavy-light
subgroup pair, e.g. IGHV3:IGKV1. The x? value is then calculated for every
possible pair of heavy (h) and light (I) subgroups;

X= )

heH,leL

(O — Ew)?

o (3.1)

Oy represents the observed number of a pair hl, and Ej; represents the
expected number of hl. H and L represent the set of all heavy and light
subgroups, respectively.

Fisher’s exact tests were also used on 2 x 2 contingency tables of individual
pairs, similar to Jayaram et al. (2012):

hl Kl
hl' KWl

Here, I’ and I’ represent every heavy or light subgroup apart from # or .
For example, IGHV3":IGKV1 represents heavy-light subgroup pairs formed
from any heavy subgroup (apart from IGHV3) with the IGKV1 subgroup. The
p—value of Fisher’s exact test is calculated by

RI4+-H'IN (Bl 1V

)
X (3.2)
(hl—l—hl/)
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3. All Vy=Vy pairs are equal; some are more equal than others.

where T is the total number of antibodies in the contingency table, i.e. T =

W+ Hl+hl"+ KT
3.2.4 Entropy Scoring of V-V pairs
The entropy of a Vi subgroup is calculated from the conditional distribution

of Vi, subgroup counts. The normalised frequency of I for a given h is

nj

lh) = ,
pUlR) LieL™

where n; represents the number of light chains paired up with h. The
entropy of the heavy chain, E(h), is therefore
E(h) = =) p(I|h)log, p(i|h). (33)
leL
The same calculation is used for calculating the entropy of a Vi, subgroup,
where the conditional distribution of Vi subgroup counts (for a given Vi)
is used. The entropy of a pair, E(hl), is the sum of the individual chains’

entropies, i.e., E(hl) = E(h) + E(I).

3.2.5 Contact distributions in Vg—V1 interfaces

Contacts at the Vy—V, interface were analysed in the V-V, contact set. Two
residues were considered to be in contact if any one of their non-hydrogen

atoms were within 5A.

3.2.5.1 PCA of antibody regions

Similar to the approach by Scarabelli and Grant (2013), antibody structures
were analysed by principal components analysis (PCA). First, structures were
superimposed to a reference structure based on a core set of positions (e.g. the
framework). Only Ca atoms were used for structural alignment.

Next, a 3N x 3N covariance matrix C;; was constructed given the coordinates

(x,y,z) of the N equivalent Ca atoms between structures. Thus, if 70 Ca atoms
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are aligned, Ci]' is a 210 x 210 matrix. For each pair of coordinates i and j

within the entire set of coordinates 7,

Cij = (((ri = (ri)) - (rj = (1)) - (3.4)

Here, r; represents the ith coordinate of every aligned structure — for instance,
the x coordinate of Ca at position H44. (r;) denotes the average of the same
coordinate over all structures.

Next, the eigenvectors and eigenvalues of C;; were calculated; each eigenvalue
w has an associated eigenvector v. The eigenvectors with the largest eigenvalues
account for the majority of the variance between coordinates of the aligned Ca
atoms. The percentage of accounted variance is the fraction of the kth eigenvalue
with respect to the sum of all eigenvalues.

Structures were projected onto the principal component (PC) space by

q = (s —(s)) " vk, (3.5)

where g represents the projected position of structure s along the kth eigen-
vector, vx. Here, (s) denotes the average coordinate (centroid) of the structure.
For the PCA, we used the highest resolution structure as the reference
structure. All other structures were superimposed to the reference by using
common framework region Ca atoms. Positions that were used for PCA are

listed in Table 3.2.

3.3 Results
3.3.1 Germline pairings indicate pairing dependence

Similar to previous analyses (e.g. de Wildt ef al., 1999; Glanville et al., 2009;
Jayaram et al., 2012), we analysed the pairing behaviour of antibodies based on
germline V gene pairings. Since the number of sequences for each IMGT allele
was very low, we examined pairings at the IMGT subgroup level (e.g. IGHV2 as
opposed to IGHV2-01*03). Furthermore, IMGT subgroups are not equivalent
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Figure 3.1: Heatmap of human antibodies” Vy—V1, subgroup pairs in the NR set, with
histograms of the marginal distributions of Vi (top) and Vi, (right) subgroups. Each
cell in the heatmap represents the number of antibody sequences with a given V-
VL subgroup pair. For instance, the IGHV3:IGKV1 pair is the most common, hence it
is coloured dark orange, whereas the IGHV2:IGKV?7 pair is uncommon, and is thus
coloured light orange. Pairs with no data (e.g. IGHV1:IGLV10) are coloured white. Pairs
with significant differences (based on Fisher’s exact test, Section 3.2.3) are indicated by
+ (enrichment) or — (depletion).

85



3.3. Results

1000

750

500

250
0 || |- I mamaB.. = BN
IGKV2 250 B
IGKV3 [
ok - —
IGKV5 [ |
IGKV6 200 [ ]
IGKV7 |
IGKV8 [
IGKV9 B
IGKV10 . [ ]
IGKV11 |
IGKV12 [ |
IGKV13 100 |
IGKV14 = [ |
IGKV16 |
IGKV17 |
IGKV19 50 |
IGLV1 [ ]
IGLV2 |
IGLV3 |

S g g g g g8 gg s B

X2 value: 734.8; p < 0.0001

Figure 3.2: Heatmap of mouse antibodies” V-V, pairs in the NR set, with histograms
of the marginal distributions of Vg (top) and Vi, (right). Please see Figure 3.1 for more
details.

between species; e.g., a mouse IGHV1 does not correspond to a human IGHV1.
Hence, we divided the analyses into human and mouse antibodies.

In both human and mouse antibodies, the x? test indicated a significant de-
pendence between the heavy and light chains for pairing (p < 0.0001). However,
the apparent V-V, dependence may be due to the over-representation of a
subset of heavy-light chain pairs. More importantly, the x? test also requires
an expected value of 5 per cell; 61 of the 105 possible human subgroup pairs

(198 of 280 mouse subgroup pairs) did not meet this requirement, and thus
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the results should be interpreted with caution. Similar to Jayaram ef al. (2012),
we considered merging several Vi and Vi, subgroups. Although we merged
duplicate subgroups such IGHV1 and IGHV1D, we felt that merging others
(e.g. IGHV5, IGHV6, IGHV7?) could affect the biological significance of the
results. Removing “sparse’ rows did not change the results, and thus we used
the original frequency table for analysis.

We also constructed multiple 2 x 2 contingency tables for Fisher’s exact
tests. Unlike Jayaram ef al. (2012), we apply a Bonferroni correction fac-
tor. Despite the correction, five human subgroup pairs were considered sig-
nificant: IGHV1:IGKV1, IGHV1:IGKV3, IGHV2:IGKV1, IGHV3:IGKV2, and
IGHV3:IGKV3 (Figure 3.1). Among mouse antibody subgroup pairs, nine were
significantly different (Figure 3.2). Collectively, these results suggest that the
apparent subgroup dependence that is reported from the x? test is likely due

to the significant differences of a select set of Vy—V, pairs.

3.3.2 Pairing: a proxy for thermal stability

Vu-V1 pairing is often manipulated in the interests of antibody stability (e.g.
Tiller et al., 2013). We investigated the relationship between the frequency of
subgroup pairs and the thermal stability of antibodies. The frequency of pairing
was represented by an entropy measure (see Section 3.2.4). For a given pair,
its entropy will increase if its constituent heavy and light subgroups are more
promiscuous. For example, the IGHV5:IGKV1 pair has low entropy as IGHV5
tends to only form a pair with IGKV1. Pairing entropy was calculated from the
paired subgroup frequencies in the hCDRH3 set (DeKosky et al., 2015).

For the 14 antibodies in the Teplyakov set, their pairing entropy had a
negative correlation with melting temperature (Tm; Figure 3.3). This implies
that pairs with low entropy are more thermostable than pairs with high entropy.
Despite a significant correlation (p = 0.02), the small size of the dataset means

that these results are preliminary.
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Figure 3.3: Entropy of pairing E(hl) plotted against melting temperature (Tm) of
antibodies in the Teplyakov set. A fitted linear model is shown with a red line. The
Pearson’s correlation is —0.611, with a p—value of 0.02.

3.3.3 Paired sequences can be very different

The pairwise sequence identities of the NR set were used to investigate the
pairing landscape of antibodies at a finer resolution. Here, we considered two
Vh or two Vi, domains to be ‘identical” if they shared >99% sequence identity.
Thus, if there are two antibodies A and B sharing 99.5% sequence identity over
the Vi but 82% sequence identity over the Vi, then we assume that A’s V can
pair with two Vis. Extending from this formalism, if there are four sequences
with an identical Vy but four different light chains (each with <99% V1, sequence
identity), then the Vi domain is considered to pair with four different Vis.
In most cases, a given Vi domain or Vi, domain was observed to only pair
up with one unique Vi, or Vg domain. However, for certain Vi domains, we ob-
served more than ten different light chains (Figure 3.4). The same phenomenon
was observed for Vi s, where certain Vi s were paired with many different Vs

(Figure 3.5). Our results corroborate with previous observations that certain
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Figure 3.4: Number of different Vi domains that can pair with a given Vy domain
(left), and the sequence identity between two Vi domains that both pair up with a
given Vg (right). We considered two Vi domains to be ‘identical” if they shared >99%
sequence identity. Likewise, if two light chains shared >99% sequence identity, they are
also considered ‘identical’.
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Figure 3.5: Number of different Vi; domains that can pair with a given Vi, domain (left),
and the sequence identity between different Viy domains that both pair up with a given
VL (right). Please see Figure 3.4 for more details.
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Vi and Vi domains are ‘promiscuous’ (Edwards et al., 2003; DeKosky et al., 2015).

As expected, many of the ‘different’ heavy or light chains were point
mutants, with each domain often sharing >95% sequence identity (6769/10155
V1, sequence identity calculations; 6922/12621 Vi sequence identity calculations;
Figures 3.4, 3.5). For a given Vy, the average sequence identity between its
partner Vi, domains was 92%, whereas the average sequence identity between
Vu domains was 83%.

Very few Vi pairs shared <60% sequence identity, though we observed
as low as 36% sequence identity between two Vis. We observed a spike
between 60-70% Vi, sequence identity (878 Vi, pairs), which is likely due to
mutations of more than two CDR loops. For example, antibodies AY942079
and AY942110 (from Chailyan et al., 2012) are from the same IGLV1 subgroup,
but have 17 mutations across all three CDRs.

In contrast, the distribution of Vi domains’ sequence identities showed a
distinct peak of cases where the Vi domain had 40-60% sequence identity,
and two Vy domains can share as low as 32% sequence identity (Figure 3.5).
We expected a wider distribution of sequence identities as the CDR loops of
heavy chains tend to be more divergent.

The low Vy or Vi, sequence identities (<40% identity) may arise from
engineering; for example, 1a6v:]N (mouse IGHV:IGKV1) and 1ngb:AA (mouse
IGHV:IGLV1) share 35% V1, sequence identity. Although 1a6v seems to represent
an antibody from an immunised mouse (no publication found), Ingb is an
engineered scFv, meaning that the antibody would have paired via the linker (Pei
et al., 1997). However, in the case of 2ddq:HL (mouse IGHV1:IGKV1) and
2ipu:HL (mouse IGHV8:1GKV1), which share 32% Vi sequence identity, we
discovered that this is a demonstration of natural flexibility in pairing. Both
antibodies were raised from mice that were immunised with a hapten (2ddq:HL;

Akagawa et al., 2006) or peptide (2ipu:HL; Gardberg et al., 2007).
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3.3.4 Essential V-V contacts are not different

In >90% of structures in our Vy—V contact set, we observed 17 contacts at
the Vg—V1 interface. These contacts involve a set of framework and CDR
loop positions (Table 3.1). Using these contacts, we then extracted the amino
acids that are present at the two contacting positions among antibodies in

the NR set (Figures 3.6, 3.7).

Table 3.1: Essential contacts at the VgV, interface.

Vy Position Vi, Positions

H42 L118

H44 L44, 1103

H50 L118, L103, L50
H51 L118

H52 L118, L116, L115
H103 L50, L44

H115 L52

H116 L52

H118 L50, L42

H119 L49

Two positions were considered to be in contact if any of their atoms are within 5A of
each other. Contacts that are found in over 90% of structures in the Vg—V1, contact set
are shown. Positions are coloured if they belong to CDRH3 (red) or CDRL3 (green).

Regardless of the species (human, mouse, rabbit) and light chain isotype,
the contacts in Table 3.1 often involved the same, if not similar, amino acids.
For instance, positions H118 and L50, which make a contact in every structure
of our Vy-V contact set, are almost always a Trp—Pro contact in the NR
set (Figure 3.6). The H50-L118 contact occurs in all but one structure of our
dataset. Between these positions, there is almost always a Leu-Phe contact
in the NR set. The contacts at the Vy—V, interface are mostly hydrophobic,

with some hydrogen bonds. For example, two conserved GIn residues at the
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‘base” of the Fv (H44/1L44) form a hydrogen bond (Figure 3.7), and the Tyr
residue at H103 also points toward the base (Figure 3.8A). We also detected an
asymmetry in polar contacts, similar to Kuroda and Gray (2016). Heavy chains
tend to use backbone atoms, whereas light chains use their side chain atoms
for forming polar interactions. Considering the high conservation of contacts at
these positions and the amino acids at these sites, we believe that these positions
form a core set of ‘essential’ contacts that are key for Vy—Vy, pairing.

Most variations in contact residues featured chemically similar amino acids.
For instance, positions H118 and L50 feature a Trp and Pro, respectively. Five
human antibodies, e.g. the anti-tumour antibody FW418207 (Chailyan et al.,
2012), featured Arg and Pro at these positions. Since no structure in SAbDab had
an Arg and Pro at these sites, we constructed a model for these five antibodies
using our modelling tool, ABodyBuilder (Chapter 4). In all five models, the C
of H118 was within 5A of the Pro at L50, suggesting that the H118-L50 contact
may still be established in spite of the change at H118.

The fact that the ‘essential” contacts are so highly conserved across different
Vu-VL pairings suggests again that all pairings are possible. This is further

reinforced by the residues seen in the pre-BCR structure.

3.3.4.1 The SLC has the same contacts as a typical light chain

The structure of the pre-BCR by Bankovich et al. (2007) provides additional
clues toward the mechanism of pairing. In humans, there is only one SLC
for the entire immune repertoire. This suggests that either the unique regions
of the SLC are flexible enough to pair with several Vy structures (Melchers,
2005; Bankovich et al., 2007), or that there is a generic, non—specific binding
mechanism that allows any Vi domain to pair with any Vi, domain.

In the pre-BCR structure, we observed the same set of essential contacts
found in antibodies of our Vu—-Vi contact set. For example, the H118-L50
contact was a Trp—Pro contact; in addition, the H44-1.44 contact was a GIn-GIn

hydrogen bond (Figure 3.8). The residues at these positions also had similar side
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Figure 3.6: Amino acid pair distributions for the H118-L50 contact. We first observed
that all structures in our Vy—Vy, contact set have a contact between these two positions
(Section 3.2.5). We then extracted the amino acids at H118 and L50 for different antibody
types (e.g. human «) from our NR set of 6295 sequences. Although a small proportion
of mouse antibodies have a Trp—Val contact, these positions are highly conserved, with
a Trp-Pro contact.
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Figure 3.7: Amino acid pair distributions for the H44-1.44 contact. Apart from three
structures (PDB: layl, 4m1d, 5cgy), the other 524 structures of our V-V, contact set
had a contact between these two positions. Similar to Figure 3.6, we observe a high
conservation of a GIn-GIn contact for each antibody type.
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Figure 3.8: Comparing the contacting residues of a typical mouse antibody (A.) and a
human pre-BCR structure (B.). A. Positions H44, H50, H103, H118, L44, L50, L103, and
L118 have a cluster of highly conserved residues whose side chains point toward the
interface, with a hydrogen bond between H44-144. In the inset, we see that the side
chains point toward the interface. B. The same positions have a similar structural and
sequence profile in the human pre-BCR. The side chains of the SLC (yellow: VpreB,
blue: A5) are also oriented in a similar manner to a typical light chain.

chain configurations, thus confirming the role of these residues in interacting
with a Vg domain. Therefore, it seems that the satisfaction of these contacts
provides one of the necessary conditions for an SLC to approve a heavy chain

for pairing by light chains in the pre-B cell.
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Table 3.2: Positions aligned for PCA of antibody structures (Section 3.2.5.1).

H6+§ H7+§ HS8 H9 H11 H12 HI13 Hi14 H15 Hileé
H17 H18 H19 H20 H21 H23 HA41 H42  H43  H44
H45 H46*§ H47 H48 H49 H50 H51 H52  H53 Hb54
H67  H68 H69 H70 H71 H72 H74 H75 H76  H77
H78  H79 H80 H81 H82 H83 H84 H8  H86  H87
H88 H89+§ H90 HO91 H92 H93 HY%4 H9  H9%  H97
HO98  H99 H100 H101 H102 H103 H104 H118 H119 HI120
H121 H122 H123 HI124 H125 HI126 HI127+ H4§ H5§  H128§

L3*§ L4*§ L5*§ Le*§ L7*§ Ls8§ L9*§ L11 L2 L13
L4 L5 Ll L17 1L18 L19 120 L[21 122 L23
141 142 143 L[44 145 146 147 148 149  L50
151 152 153 154 L70*§ L71*§ L72*§ L74 L75 L76
L77 L78 L79 180 18 18 18 18 L8/ L83
189 190 191 192 193 194 195 196 197  L98
199 L100 L101 L102 L103 Ll0o4 L118 L119 L120 L121
L122 L123 L124 L125 L1§ L2§ L10§ L126§ L1278

+: position that was only used in human structures; *: position that was only used
in mouse structures; §: position that was only used for PCA of the Teplyakov set
(Table B.3).

For each position, the Ca coordinates were used for computing the principal compo-
nents.

3.3.5 Pairs are structurally flexible

Structures in the V-V, contact set were analysed by PCA to determine the
tlexibility of V-V, pairs (Figures 3.9, 3.11). PCA has previously been used to
monitor conformational dynamics of proteins such as kinesin (Scarabelli and
Grant, 2013), and we used the method to determine the relationship between
antibody pairing and framework region flexibility. We aligned human (or
mouse) structures in the V-V, contact set to the highest-resolution human
(or mouse) structure, and used common framework region Ca atoms (Table 3.2)

for computing the principal components (PCs).
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Figure 3.9: PCA plot of 173 human antibody structures in the V-V, contact set, using
framework positions for alignment (Table 3.2). The PCA procedure is described in
Section 3.2.5.1. A. Antibodies projected onto the first and second principal components
(PC1 and PC2), with five common pairs (>10 structures) labelled. Non-labelled pairs
are plotted with grey circles. B. Antibodies projected onto the first and third PCs. C.
Antibodies projected onto the first and second PCs, labelled either by their Vi subgroup
(left) or Vi, subgroup (right).
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Figure 3.10: Distribution of pairwise distances between human antibody structures in
the PC1-PC2 space (Figure 3.9). The pairwise Euclidean distances of antibodies within
a particular Vi subgroup (left) or Vi, subgroup (right) were calculated if there were
>10 structures for each subgroup.

The distribution of human antibodies in the PC space suggest that antibody
frameworks can adopt multiple conformations, regardless of its germline pairing.
High—frequency pairs, such as IGHV3:IGKV1, localised in a specific area of the
PC space, whereas low—frequency pairs such as IGHV4:IGLV3 were scattered
(Figure 3.9A). In addition, several different pairs were found in one area of the
PC space, i.e., there is a high degree of overlap. Antibody pairing has previously
been confirmed to have little relationship with orientation (Jayaram et al., 2012;
Dunbar et al., 2013). Our PCA corroborates these observations, as pairs were
distributed in various regions of the PC space. Mouse antibody structures also
showed pairing-independent flexibility (Figure 3.11).

When we labelled the antibodies according to their subgroup types, we
observed that antibodies from different Vi subgroups occupied distinct areas in
the PC space (Figure 3.9C). For example, human IGHV1 and IGHV3 antibodies
occupy two separate regions, with a clear boundary between them at PC1 = 5.
However, separation was not perfect; there were some overlaps between different
Vh subgroups, e.g. IGHV5 and IGHV1. On the other hand, when we labelled the

antibodies by their Vi, subgroups, there was no evidence for subgroup separation.
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In other words, multiple light chains occupied various areas of the PC space
with high overlap. In addition, antibodies of a particular Vi subgroup were
clustered more tightly than those in a specific Vi, subgroup, as shown by the
distribution of distances between antibodies in the PC1-PC2 space (Figure 3.10).
Thus, it seems that light chains are flexible and can fit onto several different
heavy chains. This supports the concept of a ‘promiscuous’ light chain (DeKosky
et al., 2015). Although the separation effect was not as clear as we saw in human
antibodies, mouse antibodies were also separated more distinctly in the PC
space by their Vi subgroup, rather than their Vi, subgroup (Figure 3.11). Similar
to human antibody structures, mouse antibodies of a particular Vi subgroup
were clustered more closely than those of an identical Vi, subgroup (Figure 3.12).

These observations were further reinforced by PCA on the Teplyakov set
(Figure 3.13, Appendix Table B.3). Similar to the PCA on human and mouse
structures of the V-V contact set, the distribution of pairs in the PC space
showed some overlap; for instance, the IGHV3:IGKV1 and IGHV3:IGKV3 pairs
occupy similar regions of the PC space. However, annotating antibodies by their
Vy subgroup showed clear separation (Figure 3.13C), where IGHV1, IGHV3,
and IGHV5 antibodies were projected onto three different areas of the PC space.
When annotating projected antibodies by their Vi, subgroup, it was clear that
there was more disorder, indicating inherent flexibility. Thus, we speculate that

VL domains are capable of ‘wobbling’ to fit and pair with different Vi domains.

3.3.5.1 Pairing effects on CDRH3 structures

Despite having an identical CDRH3 sequence, two of the antibodies in the
Teplyakov set (PDB: 5i17:HL [IGHV1:IGKV3], 5i1i:HL [IGHV3:1GKV4]) have
an ‘extended” CDRH3 conformation, and all other structures have a ‘kinked’
CDRH3. We first grafted the CDRH3 loops from each structure onto a different
framework in the Teplyakov set, leading to 182 different CDRH3-framework

combinations (Figure 3.14).
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Figure 3.11: PCA plot of 298 mouse antibody framework structures in the V-V, contact
set. Please see Figure 3.9 for more details.

In 47% of cases, the grafted structures had less than five clashes. However,
there was no apparent relationship between the number of clashes and the
structures that were grafted. When the kinked CDRH3 loop from 5i19:HL was
grafted onto the framework of 5ili:HL, this led to 55 clashes, despite having
the same Vi subgroup (IGHV3). In contrast, grafting the kinked CDRH3 loop
from 5i18:HL onto this framework led to zero clashes. Although 5i18:HL and
5ili:HL share the same V, subgroup (IGKV4), grafting the CDRH3 loop from
5i1h:HL onto the framework of 5i17:HL (sharing IGKV3) led to 16 clashes. Thus,
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Figure 3.12: Distribution of pairwise distances between mouse antibody structures in
the PC1-PC2 space (Figure 3.11). Please see Figure 3.10 for more details.

this suggests that two antibodies with the same Vy or Vi, subgroup may not
necessarily accommodate the same CDRHS3 structure.

We also considered the relationship between pairwise differences of the
ABangle parameters and the two CDRH3 conformations. Antibodies with
extended CDRHS3 loops were not different from those with kinked CDRH3
loops (Appendix Figure A.5). Furthermore, differences in orientation were
not correlated to the number of clashes from grafting (Appendix Figure A.6).
These two results indicate that one CDRH3 loop conformation may not be
specific to a particular orientation.

Based on our observations, it is unclear how the CDRH3 loop forms different
conformations for the various pairing environments. However, the lack of
clashes in grafting indicate that some pairs can accommodate both kinked

or extended structures.

3.4 Discussion

In this chapter, we have described V-V, pairing in a structure-based context.

Unlike previous analyses which have mainly focussed on the distribution of
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Figure 3.13: PCA plot of the antibody structures from the Teplyakov set. Please see
Figure 3.9 for more details.

V gene germline pairings to describe antibody pairing, we use a combination
of sequence and structural data to characterise antibody pairing. Given the
conservation of contacts and the flexibility of antibody structures, we propose
that V-V, pairing is ‘random’ — that is, there is no clear evidence suggesting
that any Vi domain could not pair with any Vi, domain.

We first performed a set of statistical analyses, following previous studies (e.g.
de Wildt et al., 1999; Jayaram et al., 2012; Glanville et al., 2009; DeKosky et al.,
2015). Given the sparsity of our dataset (e.g. human antibodies with IGLV4
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Density

o 10 20 30 40 50
Number of clashes from grafting

Figure 3.14: Grafting CDRH3 from each antibody in the Teplyakov set to a common
framework. A. The framework of 4kmt:HL is shown (white) with 13 different CDRH3
loops, excluding the native CDRH3. B. Histogram of clashes from grafting different
CDRH3 loops onto a single framework.

light chains), and the significant difference of a handful of pairs, we believe
that germline V gene annotations alone provide an incomplete picture of V-
V1, pairing. However, the pairing entropies showed a promising correlation to
Tm values, and the relationship between pairing frequency and thermostability
will need to be verified with a larger dataset.

The sequence identities of the various Vi domains for a given Vy (and
vice—versa) were much more informative, providing an overview of the pairing
landscape (Figures 3.4, 3.5). The number of different possible Vi, or Vy part-
ners for a given Vi or VI, supported the concept of a ‘promiscuous’ variable
domain (Edwards et al., 2003; Fischer et al., 2015; DeKosky et al., 2015). Despite
the diversity of sequences in forming V-V, pairs, we discovered a high level of
conservation in V-V, contacts. In fact, these contacts were also preserved in the
pre-BCR. Therefore, we describe these contacts as ‘essential” contacts (Table 3.1).

In comparison to the vast repertoire of heavy chains that must be screened
for pairing, the low number of SLCs (one in humans, two in mice and rabbits),
and the high sequence homology between SLCs (Ohnishi and Melchers, 2003;

Morstadt et al., 2008) reinforce the random pairing mechanism. For the filtering
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process, the interactions have to be non—specific, or involve a very limited set of
residues, such that every Vi domain can be checked by the SLC. The ‘essential’
contacts are not only frequent (e.g. H118-L50), but often utilise the same residues.
This generic method of screening Vg domains may explain why the SLC does
not perfectly screen for all Vi domains (Smith and Roman, 2010).

For both Vi—-Vi, and Vu-SLC pairing, restricting the pairing mechanism to
the essential contacts is a major simplification. Other contacts at the interface
involving a different set of residues may enhance, or weaken, the interaction
strength between the two domains. Furthermore, we have not discussed the
role of loops in the context of pairing in detail. For instance, the CDRH3 loop
and the SLC’s unique region are flexible loops whose structures depend upon,
and influence pairing (Melchers, 2005; Kuroda et al., 2009; Teplyakov et al., 2016).
In the case of antibodies, a more dedicated analysis on CDRH3 variation and
pairing is necessary. For pre-BCRs, more structures of pre-BCRs with different
Vu domains will shed light on the importance of the essential contacts and
the unique regions in the context of pairing.

The PCA on the V-V, contact set and the Teplyakov set point toward the
flexibility of light chains as a second driving force for random pairing. We
propose that light chains ‘wobble” to accommodate a variety of heavy chain
structures for V-V, pairing. Given the large sequence variation of Viy domains,
a Vi domain would need to be malleable in order to complement the various
sequences and shapes of the Vi domain.

Despite the apparent lack of a straightforward relationship between sub-
groups and orientation (Dunbar et al., 2013), the PCA presented in this Chapter
captures movements in the light chain due to a larger, high-resolution alignment.
Our PCA aligns as many framework positions as possible; when we performed
another PCA using only the ABangle-defined ‘coreset’ positions, there was
no separation between Vi and Vi, subgroups (not shown). In addition, the
covariance matrix probes coupled changes of each atomic coordinate; thus, we

obtain a more detailed view on the movement of each domain.
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For a given heavy chain, it will pair with any light chain, and vice—versa.
The association seems to depend on a series of conserved contacts, and the
light chain ‘wobbling” to fit onto the heavy chain. The grand challenge of
determining how antibodies pair is the absence of a negative dataset. The best
biological ‘negative” example would be a VgH antibody; however, there are no
known studies that have attempted pairing a camelid Vi domain with a V.. In
order to generate a negative set, a one—class support vector machine may be
a possible avenue (Scholkopf et al., 2000). Alternatively, structural models of
sequences in our NR set will provide insight on how antibodies pair, especially
those with rare V gene germlines (Dunbar et al., 2014). In the next Chapter,
we will describe our antibody modelling pipeline, ABodyBuilder, and how it
can be used to model thousands of sequences to create a structural map of

the antibody sequence space.
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Art begins in imitation, and ends in innovation.

— Mason Cooley

Automated antibody structure
prediction with data—driven accuracy

estimation.
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The chapter is largely based on the work in the following publication:
J. Leem, J. Dunbar, G. Georges, J. Shi, C. M. Deane. ABodyBuilder: automated
antibody structure prediction with data—driven accuracy estimation. mAbs,

8(7), 1259-1268.

41 Introduction

In the previous chapters, we covered the importance of an antibody’s structure
with respect to its biological function. In the context of antibody design, a
structural model offers a platform to test further engineering decisions, such as

mutations. Furthermore, with the explosion of available sequence data, e.g. from
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NGS datasets, modelling can help map the sequence diversity of antibodies on
a structural level (DeKosky et al., 2016). Antibody modelling usually refers to
predicting the structure of the entire Fv, which will be the focus of this Chapter.

As discussed in Chapter 1, a structural model of an antibody is valuable
for several applications, such as computational affinity maturation and hu-
manisation (Almagro et al., 2014). In particular, antibody modelling is a key
component of de novo computational antibody design pipelines, as it provides
a system for testing the effects of sequence design decisions (e.g. Miklos et al.,
2012). There is a wide selection of antibody modelling tools, some of which
are freely available, such as PIGS and RosettaAntibody (Marcatili et al., 2014;
Sivasubramanian et al., 2009).

Most pipelines break down prediction to four major steps: predicting the
framework region, Vy—-V|, orientation, the CDR loops, and the side chains
(Section 1.5.2.2, Figure 1.17). However, no current pipelines comment on the
expected accuracy of the model, so a model’s accuracy is only known post hoc,
once a crystal structure has been determined. From a user’s perspective, it is
impossible to determine how useful a prediction will be. This is particularly
problematic for the CDRH3 loop, which can be modelled extremely poorly
(RMSD >5A) in some targets (Almagro ef al., 2014). In addition, no current
freely available pipeline comments on the in vitro ‘developability” of the anti-
body (Jarasch et al., 2015; Seeliger et al., 2015). Antibodies are prone to several
post-translational modifications that hinder the production and retention of
the antibody. More importantly, these modifications can adversely affect the
antibody’s functional properties (Jarasch et al., 2015; Seeliger et al., 2015). Thus,
knowledge of these sequence liabilities prior to experimental work could reduce
the rate of failure of producing functional antibodies.

In this Chapter, we describe ABodyBuilder, an antibody modelling pipeline
that uses our increasing knowledge—base of antibody structures (Dunbar et al.,
2014) to guide decision—-making in modelling antibodies. The overall method-

ology behind ABodyBuilder is similar to other pipelines (see Chapter 1). We
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select template structures based on sequence identity, and if necessary, predict
the antibody’s orientation based on the ABangle parameters (Dunbar et al.,
2013). All six CDR loops are then predicted by FREAD using a CDR-specific
database (Deane and Blundell, 2001; Choi and Deane, 2010, 2011). The model’s
side chains are then completed by SCWRL4 (Krivov et al., 2009). ABodyBuilder
differs from other methods as it annotates the confidence of a model as the
probability that a region (e.g. the framework) will be modelled within a specific
RMSD threshold. ABodyBuilder also flags structural motifs within the model
antibody which are known to hinder in vitro development (Jarasch et al., 2015).
Finally, ABodyBuilder is the only freely available software that is capable of
modelling nanobodies (e.g. camelid ViH antibodies). Unlike other pipelines that
allow manual input (Fasnacht et al., 2014; Marcatili et al., 2014; Shirai et al., 2014),
ABodyBuilder is a rapid, fully automated method for antibody model generation,
making it ideal for challenges such as modelling large, NGS datasets (DeKosky
et al., 2015, 2016; Robinson, 2015). We also show that ABodyBuilder produces
models of similar quality to other leading methods in its fully automated mode,

and describe how it provides meaningful information for antibody development.

4.2 Methods
4.21 Numbering Sequences and Structures

All input antibody sequences are numbered using the IMGT numbering scheme
via ANARCI (Lefranc et al., 2003; Dunbar and Deane, 2016), and the CDR loop
positions are identified using North et al. (2011)’s definitions.

At the end of the modelling process, ABodyBuilder annotates model struc-
tures with all the major numbering schemes and CDR definitions (Section 1.2.4.1).

For all prediction steps, sequence-identical antibodies were ignored.
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Figure 4.1: Examples of unusual structures (PDB: loay, 1sjv). Some of the chains
are missing atom coordinates (left, yellow), or in the case of 1sjv (right, white), the
framework region following CDRH3 (red) trails off.

4.2.2 Datasets

Our initial dataset was a redundant set of antibodies with resolution <2.5A,
downloaded from SAbDab on 24 February, 2015 (Dunbar ef al., 2014). Structures
which could not be numbered, or those with unusual structures (e.g. PDB: 1oay,
PDB: 1sjv; Figure 4.1) were omitted, leaving 1170 structures (998 complete Fvs,
1104 Vy's and 1064 Vi’s). For benchmarking FREAD and the rotamer modelling
method, a non-redundant set of 541 antibodies was used (462 complete Fvs,
79 nanobodies; 522 Vy’s and 481 Vi 's overall), based on a 90% Fv sequence
identity cutoff using CD-HIT (Li and Godzik, 2006). A ‘blind test” set of 136
structures (with resolution §4.0A; 108 complete Fvs and 28 nanobodies) that
had been deposited in the PDB between 24 February 2015 and 20 December
2015 was used to blind test the ABodyBuilder pipeline. To test the efficiency of
ABodyBuilder, ABodyBuilder was run on a non-redundant set of 6267 paired
antibody sequences from DIG-IT (Chailyan et al., 2012), abYsis (Swindells et al.,
2016), and SAbDab (Dunbar et al., 2014) using a 99% Fv sequence identity cutoff.
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4.2.3 Calculation of Model Accuracy

For all measurements of accuracy, we represent RMSD as the backbone RMSD,
i.e. the RMSD between the backbone atoms of the model and native structures.
Fv RMSD is calculated by superimposing all backbone atoms between the model
and native structures. Similarly, the framework regions” RMSD is determined
for each chain of the model by superimposing the framework backbone atoms
to the corresponding chain in the native structure.

For each of the CDR loops, accuracy is calculated by first superimposing
the respective chain’s framework region backbone atoms, then calculating
the RMSD between the loops, similar to the method used in the AMA-II
competition (Almagro et al., 2014). The only difference is in the definition
of the CDR loops; we use North et al. (2011)’s definition as opposed to the
Chothia—defined CDR loops (Chothia and Lesk, 1987; Almagro et al., 2014).
However, for calculating the CDR loops” RMSD for the AMA-II targets, the
Chothia—-defined CDR loops were used. To measure the accuracy of the CDRH3
loop, the heavy chains’ framework regions are first superimposed, and the
RMSD is then calculated between the model and native CDRH3 loops. Likewise,
for the CDRL3 loop, the light chains’ framework regions are superimposed
before calculating the RMSD between the CDRL3 loops. In our initial analysis
when we determined the order of CDR loop modelling, the RMSD between
CDR loops was calculated after superimposing the backbone atoms of both

chains’ framework regions, a more stringent test.

424 Template Selection

As ABodyBuilder is a template-based modelling pipeline, the first step is
template selection. In order to identify templates, ABodyBuilder searches
SAbDab for structures with a resolution of 2.5A or better that are close in
sequence to the target. Template selection is based on sequence identity over
the framework region — i.e., residues that are outside of North ef al. (2011)’s

CDR definitions. ABodyBuilder can either select a single “global” template
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from one antibody (Vg and Vi, framework structures and the orientation) or
a "hybrid’ template, where two template structures — one for the Vi, and one

for the Vi, framework — are used.

4.2.5 Vy-Vyi orientation prediction

If a “‘global” template is selected, the V-V, orientation is given by that tem-
plate. For hybrid templates, the Vi and Vi, domains are re—oriented using
the orientation from the highest sequence identity global template. This re—
orientation procedure is carried out as previously described (Bujotzek et al.,
2015b). Briefly, the Ca coordinates of the ABangle consensus structure are
transformed according to the ABangle parameters from the global template.
The heavy and light chains of the hybrid template are then superimposed to

the rotated consensus structure.

4.2.6 CDR prediction

The CDR loops are modelled sequentially in an order determined by our ability
to accurately predict them, and the contacts between them. The CDR loops
are predicted by FREAD, which is a database search algorithm that selects for
potential structures based on anchor Ca separations, its environment-specific
substitution score (ESSS), and anchor RMSD (Deane and Blundell, 2001; Choi
and Deane, 2010, 2011). For each CDR loop, FREAD first searches for fragments
from a CDR-specific database. Each of the six CDR-specific databases contains
a particular CDR loop’s fragments; in other words, a CDRL1 database only
contains CDRL1 loop fragments. The six CDR-specific databases were built
using the redundant dataset to capture various conformations of sequence—
identical loops. If a suitable decoy cannot be found for a given CDR loop, a
second iteration of FREAD is performed on the missing CDR loop(s) using an
Fv-specific database. The Fv—specific database contains all possible fragments

of antibodies from the redundant dataset. If FREAD fails to find a decoy from
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4. Automated antibody structure prediction with data—driven accuracy estimation.

the CDR-specific or Fv—specific databases, the most sequence—similar, length—
matched CDR loop with resolution <2.5A is used as the template. Sequence
similarity is determined by using the BLOSUMS62 score (Henikoff and Henikoff,
1992) between the template and target CDR loops. If there are no length—
matched templates, an ab initio prediction is performed using MODELLER (Sali
and Blundell, 1993). Of the 3009 CDR loops in the non-redundant set, 164 loops
were predicted by using the most sequence-similar loop, and seventeen required
ab initio modelling. For our blind test set of 136 antibodies, 732 CDR loops were
predicted, of which 74 were predicted using the most sequence—similar loop,
and ten were modelled ab initio. In the AMA-II set, only one of the 66 was
modelled by using the most sequence—similar loop. Finally, for the 37602 CDR
loops from the set of 6267 paired antibody sequences (Section 4.2.2), 2166 were

predicted by using a sequence—similar template, and 230 were modelled ab initio.

4.2.7 Side chain prediction

SCWRLA4 is used to predict the side chain rotamers of residues that are not
identical between the template and target (Krivov ef al., 2009). The model is
then checked for backbone and side chain clashes; two atoms are considered
to be clashing if the distance between them is less than 65% of the sum of
their van der Waal's radii. For example, the van der Waal'’s radius of a carbon
atom is 1.7A; thus, two carbon atoms would be clashing if they are less than
2.21A apart. If clashes are detected, models are first relaxed by MODELLER
by only refining the clashing residues (Sali and Blundell, 1993). If clashes still
exist, then all side chains are refined by MODELLER. Rotamer accuracies were
calculated as the fraction of rotamers that were ‘correct’, that is, the fraction

of rotamers within +40° of the native rotamer.

4.2.8 Confidence measurements

The confidence we have in a segment of the model is calculated for a specific

RMSD threshold as a conditional probability, given the sequence identity
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of that segment. If the segment is a CDR loop, the loop length is used.
Confidence measurements for the framework region are based on the pairwise
superimpositions carried out on the redundant set. The probability that the
framework region will be modelled with < xA accuracy for a sequence identity

bin s is calculated as

P(x|s) =

(4.1)

and each bin is 1% wide. To obtain the probability of a sequence identity bin,
P(s), we first calculate the sequence identity of antibodies a and b, S(a, b), in the
set of all antibodies, A. We then divided the pairs of antibodies with sequence
identity s £ 2.5%, by the number of all possible antibody pairs, i.e.

. ZaeA Zb;«éa,beA I(S(&l,b) €s i2'5)
Ps) = AITAT— 1)

(4.2)

where |A| represents the cardinality of the set A, and I is the indicator
function. The joint probability, P(x N's), represents the probability that antibody
pairs with sequence identity s +2.5% will have RMSD < xA. Thus,

] peal(S(ab) € s+25 RMSD(a,b) <
P(xﬂS)ZZGAZb# pea l( (TA|)(|iT_1) (a,b) <x) 43)

For example, of the 608856 V—Vy superimpositions in the redundant set,

32904 are within sequence identity bin s = 80%. Thus,

32904

p = ~ 0.0540.
(80) 608856

Of the 32904 superimpositions within this sequence identity bin, 24696
superimpositions had RMSD <1.0A. Thus, the joint probability is calculated as

24696

0885 ~ 0.0406.

P(1.0N80) =

Thus, the conditional probability that a template framework region would

have <1.0A RMSD to a target antibody, given 80% sequence identity, is

04
P(1.0[80) = % ~ 0.752.
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4. Automated antibody structure prediction with data—driven accuracy estimation.

The framework regions’ confidence measures are separate for Vi and Vi, as
we do not have a method that will reliably estimate the accuracy of orientation
prediction (Dunbar et al., 2013; Bujotzek et al., 2015b). The CDR loops’ confidence
measures were based on the results from running FREAD on model framework
structures of the non-redundant set. The conditional probability is calculated as
a function of CDR loop length, I. As RMSD is dependent on length, it is possible
to encounter situations where the CDR loops have higher confidence values at
lower RMSD thresholds than the framework. For example, it is possible to have
75% confidence that CDRL1 is accurate to within 1A, and 75% confidence that
the framework is accurate to within 2A. Furthermore, the lack of data per loop
length bin for the CDR loops in comparison to a sequence identity bin for the
framework may lead to poorer estimates of accuracy for the CDR loops.

This probability-based metric was preferred over estimating an RMSD value
with error € (i.e., estimating that a region will be modelled at x + €A) as the latter
assumes that each sequence identity or length bin has the same distribution
of RMSD values. Our data showed that this is not the case (Figure 4.2), and
any measurement of € (e.g. standard deviation) will vary for each bin. Thus,
we opted for a distribution—free metric. Furthermore, the probability estimate
allows a more dynamic expectation of a model’s accuracy, as we can derive
the accuracy for a wide range of RMSD thresholds (x) or probabilities (P(x|s)),

depending on the user’s application.

4.2.9 Sequence liabilities

The target antibody’s sequence and structure is analysed for potential issues
that can conflict with in vitro development. This is based on data collected from
publications (Jarasch et al., 2015; Seeliger et al., 2015). Currently, ABodyBuilder
flags eleven possible issues with antibody development; a full list is given
in Table 4.1. For a predicted sequence liability, it is only visualised if the
position’s relative accessible surface area, calculated by DSSP, is greater than

10% (Kabsch and Sander, 1983).
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Table 4.1: Sequence liabilities and their motifs that are highlighted by ABodyBuilder.

Liability Motif* Reference

Unpaired Cys Free Cys (Brych et al., 2010)
N-linked glycosylation Asn-X-Ser/Thr (X not Pro)  (Gavel and von Heijne, 1990)
Met oxidation Free Met (Jarasch et al., 2015)

Trp oxidation Free Trp (Jarasch et al., 2015)

Asn deamidation Asn-Gly/Ser/Thr (Sydow et al., 2014)

Asp isomerisation Asp-Gly/Ser/Thr/Asp/His (Sydow et al., 2014)

Lys glycation Lys-Glu/Asp/Lys (Jarasch et al., 2015)
N-terminal Pyroglutamte N-terminal Glu (Liu et al., 2011)

Integrin binding Arg-Gly-Asp, Arg-Tyr-Asp  (Ruoslahti, 1996)
CD11c/CD18 binding Gly-Pro-Arg (Ruoslahti, 1996)
Fragmentation Asp-Pro (Vlasak and Ionescu, 2011)

*: The three-letter representation of amino acids is used to illustrate motifs (Appendix
Figure A.1).

4.3 Results
4.3.1 Structure-based decisions in ABodyBuilder

The decisions behind the ABodyBuilder methodology are based on observations
from antibody structural data in SAbDab (Dunbar et al., 2014).

4.3.1.1 Framework Selection

The first stage in ABodyBuilder is the selection of a single template, or two
templates (one for the Vi and one for the Vi), to model the framework region.
In order to determine how sequence identity between template and target
influences the accuracy of model building, the framework regions of all pairs
of structures in our redundant set were superimposed. First, both chains were
superimposed (Fv-Fv superimposition), and second, the heavy and light chains
were superimposed separately (Vi—Vy or Vi -Vy). The RMSD between the pairs
were compared to their sequence identities (Figure 4.2).

Given our observations, we use a single ‘global” template (both Vy and
VL structures and the V-V, orientation) if a single template structure for the

target could be found with >80% sequence identity for both heavy and light
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Figure 4.2: A. Boxplot of pairwise Fv—Fv framework region superimpositions in the
redundant set; only pairs with sequence identity >60% are shown. B. Boxplot of
pairwise Vy—Vy framework region superimpositions and V-V framework region
superimpositions where sequence identity >80%.
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Table 4.2: Two example cases of framework template selection.

Vu Template Vi Template

Target Antibody (% SeqID) (% SeqID) Orientation Template
1h0d:BA lejo:H (89%) 1lejo:L (86%)  lejo:HL
12e8:HL 3nig:E (90%) 1i3g:L (95%) 1i3g:HL

SeqlID: Sequence identity. In the case of 1h0d:BA, a global template is used as both
chains of 1ejo:HL have >80% sequence identity to the target. In the case of 12e8:HL, a
‘hybrid” template is used, as 1i3g:H has a sequence identity of 79.8%, and thus a second
structure is used to predict the Vi domain. However, 1i3g:HL had the highest global
sequence identity (87%) and is thus used for re—orientation of the Vi and Vi, domains.

chains’” framework regions. In this scenario, we expect to have a sub—Angstrom
template for the Vg and Vi, domains with a probability of 0.75. If either chain
has <80% sequence identity to the target, two separate structures are used,
and the orientation of the highest sequence identity global template is used

(example template selections are given in Table 4.2).

4.3.1.2 Modelling the CDR loops

Once a template framework structure is selected, ABodyBuilder uses FREAD, a
database method, to model the CDR loops (Deane and Blundell, 2001; Choi and
Deane, 2010, 2011). A CDR-specific database was used for each CDR loop; if a
suitable decoy was not found in the database, a Fv—specific database was used.
If no decoy is still found, the most sequence-similar, length-matched CDR loop
(based on its BLOSUMSG62 score) is used as the template. If no length-matched
templates are found, the most sequence—similar loop is then used as the template
for ab initio modelling by MODELLER (see Methods, Sali and Blundell, 1993).

Figure 4.3 shows the accuracy of individual CDR loop predictions from
FREAD on template framework structures for our non-redundant set. In this
initial assessment, the RMSD between the model and native CDR loops was
calculated after superimposing both chains’ framework regions’ backbone atoms

(i.e., excluding the CDR loops). CDRL2 was modelled with the highest accuracy
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Figure 4.3: RMSD distributions of the top-ranked decoy from FREAD for each CDR loop.
FREAD was used to model individual CDR loops on template framework structures
of our non-redundant set. The RMSD was calculated by superimposing the backbone
atoms of the framework regions of the template and target. Decoys with RMSD >4A are
not displayed. u: mean; o: standard deviation.

(average backbone RMSD O.SA), followed by CDRL1, CDRL3, CDRH2, CDRHI1.
CDRH3 was modelled with the lowest accuracy (average backbone RMSD 1.9A).

The order of CDR loop modelling is important as each modelled CDR may
influence the conformation of the next CDR loop. We used the accuracy of
predicting individual CDR loops and the occurrence of C—Cf contacts between
CDR loops (Figures 4.4, 4.5) to decide the ordering. The CDR loops are modelled
in the following order: CDRL2, CDRH2, CDRL1, CDRH1, CDRL3, and CDRH3.
The CDRL2 loop is modelled first as it is usually predicted with the highest
accuracy. Next, CDRH2 is modelled as it is the best predicted CDR loop within
the heavy chain, and is not in contact with CDRL2. CDRL1 and CDRH1 follow
on as they are the next-best predicted CDR loops on the light and heavy chains,
respectively. Finally, the CDRL3 is modelled before CDRH3. An alternative
order of CDRL2, CDRL1, CDRL3, CDRH2, CDRH1 and CDRH3 was considered

on the basis of FREAD accuracy per variable domain. However, results were
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unaffected, so the proposed order was retained. When modelling a nanobody,

the order is conserved, i.e. CDRH2, CDRH1, CDRH3.

4.3.1.3 Side chain modelling

At this stage in the ABodyBuilder methodology, we have a complete backbone,
and potential side chain predictions where the template and target share
identical residues. The side chains of the target antibody could be modelled
by two different methods. ‘Complete” prediction, where every side chain is
predicted, or alternatively, ‘partial’ prediction where side chains of identical
residues from the template are retained, and the remaining side chains are
predicted. The side chains of the framework region and the CDR loops were
either completely re-modelled or partially predicted using SCWRL4 (Krivov
et al., 2009). Side chain clashes occasionally arise from SCWRL4 predictions.
We removed these by subjecting the clashing side chains to an initial round of
relaxation by MODELLER (Sali and Blundell, 1993). If clashes are still found in
the structure, all side chains are relaxed. The x; angle and X1, angle accuracies
of the complete and partial predictions were compared. Our analyses showed
that preserving side chains of common residues leads to better accuracy than
re-modelling every side chain (Figure 4.6); however, MODELLER relaxation
marginally decreases the x; angle accuracy at the expense of resolving clashes

in the model structure.

4.3.1.4 Confidence Estimates

ABodyBuilder estimates the confidence of the model antibody structure as the
probability that a region (e.g. CDRL3) will be modelled within xA given the
sequence identity or loop length (Figure 4.7). Thus, the confidence calculations
can also be used to obtain the expected RMSD for a specified probability. The
confidence measures are data—driven, and are based on the results from the
pairwise framework region superimpositions or the FREAD predictions for the

individual CDR loops. They are empirical approximations, and are not de facto
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Figure 4.4: Histogram of C—Cp contacts between CDR loops of antibodies in the non-
redundant set. The number of contacts within 5A (red dotted line), and the accuracy
of modelling CDR loops (Figure 4.3) were used to determine the order of CDR loop
modelling.
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Figure 4.5: Mean and minimum CB-Cf distances between CDR loops. If a pair of CDR
loops’ minimum CB-Cp distance is >5A (Figure 4.4), it is not shown. Top: CB-Cp
contacts between CDR loops within each variable domain. Bottom: CB—Cf contacts
between CDR loops between variable domains. y: mean; J: minimum distance.
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Figure 4.6: Density plot of x1 angle accuracy (%) for side chain prediction, using only the
template’s rotamers, completely re-modelling every side chain using SCWRL4, or using
both the template rotamers where available, and SCWRL4’s rotamers elsewhere. The x;
angle accuracy of models that were refined by MODELLER is also shown. Note that the
X1 angle accuracy for “Template Only” is calculated from fewer rotamer comparisons as
it is based on comparing only the identical residues between the template and target.

RMSD values for the model. We use our ~1.2 million pairwise superimpositions
of framework regions (Figure 4.2) to estimate these confidence values.

We also estimate the accuracy of the CDR loops as a function of loop length.
The backbone RMSDs of the top-ranked FREAD predictions on template frame-
work regions for our non-redundant set were used to estimate the confidence

of modelling a CDR loop.

4.3.2 Benchmarking ABodyBuilder

In order to benchmark ABodyBuilder, it was tested on the antibodies in the
non-redundant set, and on our blind test set, a set of 136 structures that have
been deposited in SAbDab since we built our methodology. When modelling
these structures, sequence-identical antibodies were ignored. The accuracy of

the models was calculated as described in Section 4.2.3. Briefly, the Fv and
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Figure 4.7: A. Conditional probability (Equation 4.1) contours for Vy framework region
accuracy. Framework superimposition data on the redundant set (Figure 4.2) was used
to calculate the probability that a framework region will be modelled within xA. The
calculations depend on the sequence identity of the template. B. Conditional probability
curve for CDRL3 loop accuracy. The calculations depend on the length of the CDRL3

loop, and the three most common CDRL3 loop lengths are shown.
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framework regions” RMSD was calculated after superimposing the backbone
atoms for both chains (Fv RMSD), or for each chain separately (framework region
RMSD). For the CDR loops, the backbone atoms of each chain’s framework
region were superimposed, and the RMSD between the model and native CDR
loops was calculated thereafter, similar to the method used in the AMA-II com-
petition (Almagro et al., 2014). Our RMSD calculations use North et al. (2011)’s
CDR loop definitions, whereas the AMA-II competition calculated a model’s
RMSD using Chothia’s definitions (Almagro et al., 2014). As discussed later,
when benchmarking ABodyBuilder on the AMA-II dataset, we used the Chothia
definition to be consistent with the competition (Chothia and Lesk, 1987).
ABodyBuilder gives confidence estimates in its structural predictions. A
complete antibody is modelled as eight regions — two framework regions,
six CDR loops — and each of these is separately considered. Comparably,
a nanobody’s four regions (one framework, three CDR loops) are annotated
individually. In all our models, a default confidence of 75% was used to
calculate the expected RMSD. This value indicates, based on our framework
region superimpositions and FREAD results on individual CDR loops, that there
is a 75% chance that a component will be modelled within xA. These confidence
measures were used to identify components that were difficult to model.
ABodyBuilder modelled the 462 Fvs in the non-redundant set with an
average backbone RMSD of 1.3A. On average, the canonical CDR loops were
predicted with sub-Angstrom accuracy (average backbone RMSD 0.5A, 0.4A,
0.6A for CDRL1, CDRL2, and CDRLS3, respectively, and 0.6A, 0.6A, 1.9A for
CDRH1, CDRH2, and CDRHS3, respectively). The RMSD values are lower than
those in the original investigation using FREAD to predict CDR loops (Choi and
Deane, 2011). It appears that the increase in available structural data has led
to an improvement in CDR loop modelling. Sixty of the 79 nanobodies in the
non-redundant set were ViyH antibodies, with an average domain RMSD of
2.6A; the average backbone RMSD for the CDRH1, CDRH2, and CDRH3 loops
were 1.4A, 0.9A, and 3.5A, respectively. On the other hand, the domain RMSD
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30°

Figure 4.8: Example case where ABodyBuilder’s confidence metric can indicate regions
that may be poorly modelled. The native structure of 2vxv:HL is coloured white, and
the model is coloured blue (expected region accuracy: <1.0A with probability of 0.75),
yellow (expected region accuracy: 1.0-2.5A), or red (expected region accuracy: 2.5-4.0A).
The region with the worst expected accuracy (red; CDRH3) has the greatest RMSD with
respect to the native structure.

of the 19 Vi —only nanobodies was 1.0A; the average backbone RMSD of the
CDRL1, CDRL2, and CDR3 loops were 0.6A, 0.3A, and 1.1A respectively.
The confidence metric was particularly useful in identifying CDR loops
that were modelled poorly. For instance, the CDRH3 loop of 2vxv:HL was
estimated with 75% confidence to be modelled within 3.1A, and its actual RMSD
was 3.0A (Figure 4.8). However, there are some cases where, at the default
confidence level of 75%, ABodyBuilder can over—- or under-estimate a region’s
accuracy. For example, ABodyBuilder was 75% confident that the CDRHI1 loop
of 3aaz:HL is modelled within 1.3A, though its actual RMSD was 1.7A. The
framework regions’ confidence measure is relatively robust, but in the case of
the CDR loops, the lack of data can lead to less accurate confidence estimates.
ABodyBuilder was also used to build models of 136 structures (108 Fvs,
24 VyH antibodies, 4 Vi-only antibodies) that were deposited in the PDB
between 24 February 2015 and 20 December 2015 (our blind test set). Here, the
average backbone Fv RMSD of Fvs was 1.5A. Similar to the non-redundant set,
the ‘canonical” CDR loops of Fvs were predicted with sub-Angstrom accuracy

(average backbone RMSD 0.6A, 0.5A, and 0.8A for CDRL1, CDRL2 and CDRL3,
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Figure 4.9: Heatmap of average backbone RMSD in the blind test set of 136 antibodies,
divided into either Fvs, VyH, or Vi —only antibodies. The RMSD of each component was
calculated as described (Section 4.2.3). North et al. (2011)’s CDR definitions were used.
Fwk: framework; H1, H2, H3, L1, L2, L3 refer to CDRH1, CDRH2, CDRH3, CDRL],
CDRL2, and CDRLS3, respectively.

respectively; 0.6A and 0.7A for CDRH1 and CDRH2, respectively; Figure 4.9).
For the 24 VyH antibodies, the domain RMSD was 1.9A, and the CDRH1
and CDRH2 loops were predicted with average backbone RMSDs of 1.5A and
1.1A (Figure 4.9). In contrast, the Vi —only antibodies were predicted with sub—
Angstrom accuracy for the entire domain (0.6A), and for the CDR loops (0.4A,
0.2A and 0.6A for CDRL1, CDRL2, and CDRL3; Figure 4.9).

Despite the low averages, the blind test set posed several challenges. Some
canonical CDR loops were poorly modelled (e.g. the CDRL1, CDRL2, and
CDRLS3 loops of one target, 4yfl:HL), and ab initio modelling was necessary for
modelling the CDRL3 loop of 5cOn:CD. The average RMSD for the CDRH3 loops
in the blind test set was 2.1A for Fv antibodies, and 2.4A for VigH antibodies.
Fifty-nine of the CDRH3 loops in this set were long (>15 residues), which may
explain the high average backbone RMSD; furthermore, 51 of the CDRH3 loops
were not modelled by FREAD (50 were modelled by a sequence similar template,
one ab initio). For CDRH3 loops not modelled by FREAD, it was not possible to
determine the confidence, but we suggest that they are likely to be modelled
poorly. Overall, the results on these two datasets suggest that ABodyBuilder

can generate high—quality models for most targets.
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4.3.3 ABodyBuilder’s performance on AMA-II targets

ABodyBuilder was also tested on the eleven antibodies from the AMA-II
competition (Almagro et al., 2014). To replicate the blind test conditions as
far as possible, all structures that were deposited in the PDB after 31 March
2013 were omitted from the template search and FREAD databases. The
accuracy of the models was calculated as described in Section 4.2.3, and here the
Chothia—defined CDR loops were used as in the AMA-II competition (Al-
magro et al., 2014).

The ABodyBuilder models were of similar quality to that of the methods used
in AMA-II (Figure 4.10). The average RMSD for the whole Fv for our models was
1.2A; this is comparable to other publically available pipelines: RosettaAntibody
(1.1A), Kotai Antibody Builder (1.1A), and PIGS (1.5A). Except for the CDRL2
loop where the average backbone RMSDs of ABodyBuilder models (0.3A) were
marginally lower (RosettaAntibody: 0.4A, Kotai Antibody Builder: 0.3A, PIGS:
0.5A), the average backbone RMSD of all other CDR loops was far lower.

In particular, ABodyBuilder showed an improvement of >0.5A RMSD for the
CDRL3 and CDRH3 loops compared to the other pipelines. This is likely due
to the choices made by FREAD. For Ab06 (PDB: 4m60), ABodyBuilder selected
3hr5:HL as the template framework, as done by the Schrodinger group (Zhu
et al., 2014); however, ABodyBuilder used 1om3 over 2aab as its CDRH3 template.
Despite the differences in environment-specific substitution scores (ESSS; 1om3:
26, 2aab: 47), FREAD'’s ranking based on anchor RMSD (1om3: 0.188A vs. 2aab:
0.223A) led to this selection, which was ultimately a better template for CDRH3.
In many cases, ABodyBuilder generated the top, or joint-top prediction for a
component of an antibody. However, there were some cases which were more
challenging to ABodyBuilder in comparison to other pipelines, such as the
CDRL1 loop of Ab05 (PDB: 4m6m, RMSD 2.8A). Here, ABodyBuilder chose
1lgv as it had the lowest anchor RMSD (0.127A), despite its low ESSS (31). Of
the top 10 predictions, 3h42 had the highest ESSS (96) but was ranked fourth
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Figure 4.10: Backbone RMSD heatmap of different methods from the AMA-II
competition, including ABodyBuilder (top-left), Kotai Antibody Builder (top-right),
RosettaAntibody (bottom-left), and PIGS (bottom-right) (Shirai et al., 2014; Sivasub-
ramanian ef al., 2009; Marcatili et al., 2014). The RMSD of each region was calculated
as described in Section 4.2.3. ABodyBuilder was run using only structures that were
deposited in the PDB by 31 March, 2013, and the templates for each component are

described in Table 4.3.

129



4.3. Results

Table 4.3: Template selection for the AMA-II set.

Antibody Fl;ramework SeqID(%) Orientation CDR Loop Templates

emplate Template  CDRH1 CDRH2 CDRH3 CDRL1 CDRL2 CDRL3
Ab01 (4ma3)  4jo21-4jo2M 82.0 402IM 3vigH 2dquH  2pcpD  4jo2M  4jo2M  4jo2M
Ab02 (4kuz) 2w9dH-3mbxL  95.5 302dHL 2w9dH  2w9dH 1pg7Z  3mbxL 3mbxL 3hi5L
Ab03 (4kq3)  3macH-3eo9L 99.0 2cmrHL 3macH 3macH 1pg7l  3e09L  3e09L  3qpxL
Ab04 (4kq4) 3mxwH-3mxwL 85.0 3mxwHL  3mxwH 3mxwH 2g60H 3mxwL 3mxwL 3mxwL
Ab05 (4m6m) 2xwtA-2xwtB 90.5 2xwtAB 2xwtA  2xwtA  IwejH  1lgvA  2xwtB  2xwtB
Ab06 (4m60)  3hr5H-3hr5L 93.0 3hr5HL 3hr5SH  3hr5H  1om3K  3difC 3sgdl  3e8ul
Ab07 (4mau)  1f58H-1f58L 92.0 1f58HL 1f58H  1f58H  1f15B 1f58L  1f58L  1f58L
Ab08 (4m7k)  1d5iH-2ap2A 95.0 lap2BA 1d5iH  1d5iH  1xf3B 2ap2A  2ap2A  2ap2A
Ab09 (4kmt)  3nabH-3nabL 99.0 3nabHL 3nabH  1i3gH 302vH  3nabL  3nabL  2fr4A
Ab10 (4m61)  1kb5H-3ijhC 95.0 3ujtHL 1kb5H  1kbSH  1svzB  3ijhC  3ijhC lorsA
Ab11 (4m43) 2w9dH-4gw5C 91.0 4dgiHL 2w9dH 4hOgA  4hOhB  4gw5C 4gw5C  4gw5C

SeqlID: Sequence identity.

in terms of anchor RMSD (0.151A); using this template would have led to a
prediction with a backbone RMSD of 0.8A.

4.3.4 Large-scale modelling of antibody sequences

Given the growing availability of large datasets of antibody sequences (Robinson,
2015), in particular from NGS (DeKosky et al., 2015, 2016), a desirable aspect
of an antibody modelling pipeline is the ability to rapidly generate models.
To test the scalability of ABodyBuilder, the non-redundant set of 6267 (3490
human, 2373 mouse) paired antibody sequences from DIG-IT, AbYSis, and
SAbDab were modelled. For any sequence that required ab initio intervention by
MODELLER (Sali and Blundell, 1993), only one model was generated.

The average runtime for each sequence was 34 seconds, taking 222.9 seconds
at most. In total, the entire set of 6267 paired sequences was modelled in
3552 CPU minutes (Figure 4.11), which is approximately 9.45 CPU hours per
1000 sequences. This compares to approximately 250,000 CPU hours per 1000
sequences that were modelled in a recent study modelling antibodies from
an NGS dataset of human antibody sequences (DeKosky et al., 2016). In this
study, the framework region RMSD to a non-redundant set of crystal structures
was 1.0+0.29A. The CDR loops’ RMSDs were only calculated for models of
naive antibodies, ranging from 0.8-2.4A (DeKosky et al., 2016). In contrast,
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Figure 4.11: Time elapsed by ABodyBuilder in modelling the non-redundant set of
6267 paired antibody sequences. Time is measured from when the sequence is given as
input to ABodyBuilder until it finishes re-numbering models into the IMGT numbering
scheme. For each target requiring ab initio modelling by MODELLER (e.g. CDR loops),
only one possible model was generated.

for every ABodyBuilder model, model confidence is annotated where possible.
At the default 75% confidence level, the average expected RMSD values are
0.9A and 0.7A for the heavy and light chain framework regions, and 0.84,
0.7A, 1.0A, 1.1A, 1.0A, and 3.1A for the CDRL1, CDRL2, CDRL3, CDRH],
CDRH2, and CDRH3 loops, respectively. The models are currently hosted
on http://opig.stats.ox.ac.uk/webapps/abodybuilder/models, and the time

elapsed for each model is shown.

4.3.5 Server output

As described above, ABodyBuilder can rapidly build accurate models of anti-
bodies from sequence. Once a model has been generated, it can be downloaded
by the user, or interactively analysed. ABodyBuilder is available as a web—
app at http://opig.stats.ox.ac.uk/webapps/abodybuilder. For each model

structure, an annotations page is created using PV (Figure 4.12; Biasini, 2015).
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Here, the secondary structure elements, domains, solvent exposure, confi-
dence measures, and the sequence liabilities can be visualised on the model
structure. For example, if a particular target antibody has an N-linked glycosy-
lation motif in its CDRL1 sequence (Asn—X-Ser/Thr, where X is not proline),
this portion of the CDRL1 is then highlighted if its relative accessible surface
area is >10% (Gavel and von Heijne, 1990; Kabsch and Sander, 1983). Each
sequence liability is given a unique colour, allowing simultaneous visualisation
of multiple liabilities (should they be present). A full list of annotated sequence
liabilities is provided in Table 4.1.

Home  SAbDab~ | SAbPred~  Software~  Help~ o P I g
L.SER109 Accuracy: <1A
Annotation options:
Secondary structure
Estimated accuracy
. i Sequence liabilities
Dlsplay-' options: Solvent Exposed
Spacefil Domains
Wire
Ball&stick By CDR definition:
Cartoon
Spin: on off Kabat
Return to Chothia
Results Page IMGT
# North/AHo
Contact

within 1A unknown

Your model should be shown above (we recommend using google-chrome to load this page; also have WebGL enabled.).
To Alternatively, download your model (PDB file).

Estimated model accuracy annotations

+ Shown below ars the imgt-numbered sequences of the modslied VH and VL domains

~ Each position is coloured according to the level of confidence to which it has been modelled. [How?]

« For example, a blus coloured position is estimated be modelled to within LA with at least 85% confidence.
« Both the accuracy thresholds and the confidence threshold can be changed using the sliders below

2[zaezsfecferleslzssolssTacs uelas s cfsas]eafs e [eeles]s e sfsofsa]szfsafss[ss[sels s sefeales e <feslec s e[ e raf =[]

—————————— — ]
WVRQAPGQRLEWMG YSQKFRGR

Figure 4.12: Screenshot of an example ABodyBuilder output (annotations page),
generated using PV (Biasini, 2015). Users have the freedom to visualise specific features
and download the model and accompanying data.
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4.4 Discussion

In this Chapter, we have described an antibody modelling pipeline that builds
antibody models that are comparable to other current freely available method-
ologies, but is the first to offer model accuracy estimates. ABodyBuilder can
also model Fvs or nanobodies. ABodyBuilder follows the archetypal four—stage
workflow that is characteristic of most antibody modelling pipelines. In order to
design ABodyBuilder, we tested several strategies for every step and selected
the best method given the currently available structural data.

The framework region’s RMSD was rarely above 1.5A in all the models
generated in this chapter. The framework region had the highest average
RMSD after CDRHS3; this may be due to the length dependence of RMSD.
However, the relatively high RMSD value may also stem from two features: V-
V1 orientation, and the framework loops. Currently, ABodyBuilder re—orients
the Vi and Vi, chains using the ABangle parameters from the best available
global template. However, predictions from machine learning methods (Bujotzek
et al., 2015b) or energy minimisation (Sivasubramanian et al., 2009; Berrondo
et al., 2014; Marze et al., 2016) could be used to enhance prediction in the
future. The choice of the template could also be enhanced by the use of detailed
structural features — for example, ‘bulge” structures near the N-terminus of
the Vg domain (Shirai ef al., 2014).

ABodyBuilder models the ‘canonical” CDR loops with sub-Angstrom accu-
racy (on average) in the blind test and AMA-II datasets. In the AMA-II set, the
CDRL1 and CDRL3 loops were modelled particularly well in comparison to
the other methods (Figure 4.10), reinforcing the benefits of a knowledge-based
approach (Almagro et al., 2014). However, FREAD was incapable of generating a
decoy in some cases (e.g. CDRL3 of 5cOn:CD). This is perhaps due to the lack of
data in FREAD’s databases; for example, 5cOn:CD represents a rabbit antibody.
In 31 March 2013 (the deposition date cutoff for benchmarking with AMA-II

targets), there were only six rabbit antibody structures, and as of 27 January
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2016, there are only eleven in SAbDab (Dunbar ef al., 2014; Berman et al., 2000).
However, as FREAD’s performance has already improved since the previous
benchmark (Choi and Deane, 2011), and the ever increasing amount of antibody
data in the PDB, we expect predictions to continue to improve over time.

The choice of a poor framework template could have affected the prediction
of the CDRL1 loop of Ab05. The template’s light chain framework region had a
backbone RMSD of 1.5A. Furthermore, the target structure has an unusual tilt
angle, as previously commented (Bujotzek et al., 2015a); our chosen template had
a high deviation in tilt angle with respect to the target structure. Both features
could have affected the choice of the CDRL1 loop by FREAD.

Once ABodyBuilder generates a model structure, it displays several features
of the antibody model, including the confidence measurements and sequence
liabilities. Both metrics are intended to assist users in pursuing in vitro de-
velopment of their target antibody. The confidence measures successfully
identified structures that were modelled poorly. This feature of ABodyBuilder
will help users to identify cases where current methodologies may not be able
to produce high—quality decoys. However, the confidence calculations assume
that the distribution of antibody sequences in SAbDab is representative of all
antibody sequences. Therefore, if a query sequence is very different from those
in SAbDab, the assumptions underlying our confidence measures will not hold,
and incorrect estimates may occur.

Currently, the side chains are predicted with modest accuracy (average
X1 angle accuracy 71% using template’s rotamers, SCWRL and MODELLER;
Krivov et al., 2009; Sali and Blundell, 1993). Unlike other components, the side
chains do not have separate confidence measurements. Since the x; angle is
dependent on the backbone geometry (Krivov et al., 2009), side chain confidence
should be approximated by confidence estimates of the framework and CDRs.
However, improving side chain prediction is of interest, due to its influence on

antibody-antigen binding affinity (Chapter 2) and structure (e.g. orientation;
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Dunbar et al., 2013). In the next chapter, we will discuss the development of
an antibody-specific side chain prediction methodology.

ABodyBuilder currently identifies 11 possible sequence liabilities that are
known to affect antibody development (Table 4.1). In our non-redundant set,
ABodyBuilder identified an N-linked glycosylation site in the Vi framework
region of cetuximab (PDB: 1yy8, position H97) (Qian et al., 2007), and Asp
isomerisation sites in the CDRL1 of omalizumab (PDB: 2xa8, positions L34,
L36) (Sydow et al., 2014). However, these liabilities were identified solely on
the basis of the sequence motif and solvent accessibility. Thus, ABodyBuilder
will flag sequence motifs as liabilities despite the fact that they may only be
problematic in certain conditions (e.g. acidic environments).

ABodyBuilder automatically builds high—quality models for most targets
in ~30 seconds, allowing users to quickly obtain a model structure for any
antibody sequence. Our tool uniquely estimates the model’s confidence and flags
sequence liabilities; in particular, we demonstrate that the confidence estimate
can help identify components that have been poorly modelled. ABodyBuilder
serves to facilitate antibody design by translating candidate antibody sequences
into structural prototypes for further study, such as antibody—-antigen docking

and antibody humanisation.
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Simplicity is the ultimate sophistication.

— Leonardo Da Vinci
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5.1 Introduction

In the previous Chapter, we described our antibody modelling pipeline, ABody-
Builder. Side chains are predicted in the last stage, and this is currently the only
component that does not rely on antibody-specific data. Here, we describe the

development of an antibody—specific, position—-dependent rotamer library.

5.1.1 The side chain prediction problem

An amino acid’s side chain is described by a series of torsion angles, known
as the x angles. Apart from Ala and Gly, the remaining 18 amino acids have

between one and four x angles. For example, Met has three x angles; they
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Figure 5.1: Newman projection of rotamers. The rotameric states (g+, t, g—) are defined
according to their x angle. The x; angle, as shown here, represents the torsion angle
about the Ca—Cp bond. The g+ form peaks around 60°, the t form around 180°, and
the g— form around 300°.

represent the dihedral angle about the Ca—Cp bond (x1), the C—-C+y bond (x2),
and the Cy-Sé bond ()x3). Similar to the backbone’s ¢ and ¥ angles, the x
angles adopt a limited range of values, as some conformations can lead to
steric hindrance. There are three favourable low—energy conformations, which
peak at x angle values of 60°, 180°, and 300°. These low—energy forms are
known as the g+ (gauche +), t (trans), and g— (gauche —) rotameric states,
respectively (Figure 5.1; Shapovalov and Dunbrack, 2011).

The series of rotameric states for each x angle is known as the amino acid’s
‘rotamer” (Shapovalov and Dunbrack, 2011). For instance, Ser only has one x
angle; thus there are only three rotamers for Ser residues. However, residues
such as Met, with three x angles, have 27 possible rotamers. A Met residue
with x1 = ¢—, x2 = §+, X3 = t rotameric states is represented as the {g—, ¢+, t}
rotamer. On the other hand, groups of rotamers are represented by *. For
instance, Met {g+, ¢, *} represents all Met rotamers with x; = g+, xo = t.

Predicting a protein’s side chains can have an impact in many applications,
such as protein design, docking, and structure prediction (Krivov et al., 2009;
Harder et al., 2010; Colbes et al., 2016). In the context of antibody design,
recovering near-native side chains could help structural prediction, e.g. in

ranking CDR loop structure predictions. Furthermore, side chain prediction is
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vital for predicting the structural impact of mutations during computational
antibody design. For example, if a mutant side chain can be placed in the correct
location, any resulting changes in antibody—antigen contacts can then be used to
estimate differences in binding affinity. Ideally, the side chain prediction method
should be able to predict side chains in model structures.

Predicting the rotamers of a side chain remains a huge combinatorics
problem (Gaillard et al., 2016). If we have a protein with 100 residues, where
each residue has two x angles (i.e. nine rotamers), then 9% possible solutions
exist. Thus, when developing side chain prediction methods, both accuracy

and speed are highly desirable.

5.1.2 Rotamer libraries

Rotamer libraries are databases that describe the frequencies of specific rotamers,
and additional information relevant to the rotamer. Most libraries encode
rotamers by their average x angles (e.g. Dunbrack and Cohen, 1997); thus,
during prediction, side chains are reconstructed using an ideal set of bond
lengths. In contrast, some libraries explicitly contain the coordinates for each
observed rotameric structure (e.g. Xiang and Honig, 2001; Shetty et al., 2003).

Often, rotamer libraries reflect the observed distribution of rotamers in a
curated set of protein structures (e.g. Tuffery et al., 1991; Lovell et al., 2000;
Dunbrack and Cohen, 1997). The Dynameomics rotamer library goes beyond the
observed structural data from the PDB, and complements structural data with
MD simulations to calculate rotamer probabilities (Towse et al., 2016). Unlike
other rotamer libraries, BASILISK is a generative model trained on structures
from the PDB. It can then be used to predict x angles and the log likelihood
of a rotamer given the backbone (Harder et al., 2010).

Each of the aforementioned rotamer libraries can be categorised as backbone-
independent (e.g. Tuffery ef al., 1991), backbone-dependent (e.g. Shapovalov and
Dunbrack, 2011), or “alternative’, i.e., dependent on other structural features (e.g.

secondary structures; Lovell ef al., 2000). Backbone-independent libraries simply
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describe the distribution of a rotamer’s x angles (Tuffery et al., 1991; Towse et al.,
2016). Backbone-independent libraries only offer a low-resolution overview of
side chain conformations, and disregard the local protein environment (e.g.
solvent exposure).

On the other hand, backbone-dependent libraries describe an amino acid’s
rotamer probabilities as a function of the backbone’s ¢/ angles, as the ¢, ¢, x
angles are correlated (Dunbrack and Karplus, 1993). Typically, the ¢/ angles
are discretised into bins (e.g. 10°x10° bins), and conditional probabilities are
calculated for each bin (e.g. Dunbrack and Cohen, 1997). Recent versions of
backbone-dependent libraries have treated the backbone dihedrals as continuous
variables (e.g. Harder et al., 2010; Shapovalov and Dunbrack, 2011; Towse
et al., 2016), though some side chain prediction algorithms still use discretised
libraries (Peterson ef al., 2014; Colbes et al., 2016). Although backbone-dependent
libraries are the most popular, they depend on sufficient coverage of backbone
bins. Furthermore, they may not be suitable for side chain prediction on models,
as the backbone can be inaccurate.

Alternative rotamer libraries use other structural features to describe ro-
tameric probabilities. For example, rotamers have been classified depending on
their secondary structures (e.g. Lovell et al., 2000; Towse et al., 2016); effectively,
this groups a number of ¢/ angle bins. Rotamer libraries can also be dependent
on longer backbone conformations (Chinea ef al., 1995). In this method, protein
fragments (five or seven residues long) were grouped based on a Ca RMSD
threshold, and the amino acid type at the centre of the fragment. For both these
types of libraries, a rotamer’s probability is implicitly affected by the backbone.

For most rotamer libraries, probabilities are calculated using a non-redundant
set of proteins from the PDB. This assumes that, for example, all proteins with
identical backbone dihedral angles will have the same rotameric distribution.
However, it may be that within different classes of proteins, different rotameric
distributions may exist for identical backbone dihedral angles. Analyses on

membrane proteins have shown that their side chains are more difficult to
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predict (Peterson et al., 2014). This suggests that either the energy functions
underlying side chain prediction tools are not suited for membrane proteins, or
that rotamer libraries do not fully recapture rotamer distributions in membrane
proteins. Extending from these observations, and the fact that protein family—
specific predictions lead to better performance (Ross et al., 2013), it is also
possible that current side chain prediction methods will perform sub—optimally

for antibodies.

5.1.3 Side chain prediction methods

A wide range of tools have been developed to predict side chains (e.g. Krivov
et al., 2009; Miao et al., 2011; Liang et al., 2011). Most side chain prediction
algorithms require three components: a rotamer library (e.g. Dunbrack and
Cohen, 1997) for sampling, an energy function for filtering rotamers (e.g. Krivov
et al., 2009), and a search algorithm for determining the optimal solution (e.g.
Desmet et al., 1992).

SCWRL is one of the most popular side chain prediction methods, with
over 1000 citations for SCWRL3 and SCWRL4 combined (Krivov ef al., 2009).
SCWRL samples rotamers from a backbone-dependent library based on the
rotamer’s probability for the given backbone (Shapovalov and Dunbrack, 2011).
A rotamer’s energy is then calculated using a distance-dependent van der
Waal’s term and a hydrogen bond term. The possible rotamers for each residue
are then represented as a graph, where residues are the vertices, and edges
represent interactions between candidate rotamers in two residues. The graph
then undergoes edge decomposition, dead—end elimination (DEE), and tree
decomposition to determine a high—quality solution.

RASP (Miao ef al., 2011) is similar to SCWRL, with minor variations. It
uses an earlier version of the backbone-dependent library from Dunbrack’s
group (Dunbrack and Cohen, 1997). Rotamer energies are determined using
a variant of the OPUS-PSP energy function (Lu et al., 2008). A graph is then
constructed before DEE and Monte Carlo optimisation. OSCAR-star, which
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showed the strongest performance in a benchmark by Peterson et al. (2014), uses
the same rotamer library as RASP. OSCAR-star’s energy function is comprised
of distance and orientation-dependent terms, and the final solution is obtained
via Monte Carlo simulated annealing (Liang et al., 2011). BetaSCPWeb is a
recently—developed side chain predictor which uses the backbone-dependent
rotamer library from Shapovalov and Dunbrack (2011). It constructs a Voronoi
diagram to predict a protein’s side chains; however, it has lower accuracy than
other methods, such as SCWRL (Ryu et al., 2016).

Traditionally, a predicted side chain is considered ‘correct’ if its x angle is
within 40° of the native side chain (Peterson et al., 2014; Colbes et al., 2016).
Therefore, the x1 accuracy represents the fraction of side chains with the correct
X1 angle. Similarly, the X142 accuracy represents the fraction of side chains
where both the x; and 7 angles are correct. Under these criteria, the benchmark
by Peterson et al. (2014) reported a x; accuracy between 80-89% and a X142
accuracy between 57-72%,. However, a benchmark study by Colbes et al. (2016)
reported X1 and X142 accuracies of 86-89% and 75-80%, respectively. In both
benchmarks, the accuracy values are based on predicting the side chains on
crystal structures. Only a small number of studies have extensively tested such
prediction on model structures (Chinea ef al., 1995; Lu et al., 2008; Leem et al.,
2016). Both Lu et al. (2008) and Leem et al. (2016) show that predicting the side
chains of model structures is more difficult.

In order to improve side chain prediction accuracy, Colbes et al. (2016)
have argued that energy functions need to be more accurate. They calculated
the ‘maximum achievable accuracy’ by sampling for the best possible rotamer
from Dunbrack and Cohen (1997)’s library. Overall, the x; and x14» accuracies
had theoretical maxima of >97% and >95%. Although these values effectively
represent the coverage of each rotamer library, there are some caveats. By
using two ‘correct” predictions, the ‘best” prediction can lead to clashes; in other
words, not all predictions are feasible. Furthermore, this test will not reflect

the maximum possible accuracy for model structures.
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Given these values, Colbes ef al. (2016) argue that existing libraries have
a sufficient amount of rotamer data, and the challenge lies in scoring for the
‘correct’ rotamer. However, the study also showed that the correct rotamer is
not necessarily the most probable. Thus, it is possible that a more accurate
description of the rotamer landscape will provide better samples, which would
ultimately improve scoring, and increase prediction accuracy.

In this Chapter, we present PEARL (Position—-dEpendent Antibody Rotamer
Library), our antibody-specific, position-dependent rotamer library. To our
knowledge, no current rotamer libraries are specific for a particular protein
family. Given the structural similarity of antibodies, we use the concept of
position—dependence, where a position is defined in terms of an antibody’s IMGT
position. We first describe PEARL’s coverage of the antibody rotamer landscape.
Next, we apply our side chain prediction algorithm, PEARS (Position-dEpendent
Antibody Rotamer Swapper), using the rotamer data from PEARL. Despite using
antibody-specific information, PEARS shows lower accuracy than leading side
chain prediction methods (e.g. OSCAR-star, Liang ef al., 2011) in predicting side
chains on crystal structures. In contrast, PEARS outperforms other methods
when predicting side chains on model structures. These results suggest that
current side chain predictors are more applicable for crystal structures because
the backbone is correct. However, PEARS may be a better technique when
working with model structures as PEARL’s method of data encoding is more

robust to errors in the backbone from modelling.

5.2 Methods
5.2.1 Datasets

Antibody structures with resolution <2.5A were downloaded from SAbDab in
January 2016 (Dunbar et al., 2014). Structures were clustered by CD-HIT (Li and
Godzik, 2006), using a 90% sequence identity cutoff. This non-redundant set of
640 antibodies (617 Vy, 562 V|, chains) was used to build the PEARL library:.
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The same set of 640 antibodies was used to make two test sets. The “crystal
test set” is identical to the training set. We also made a ‘model test set’, where
ABodyBuilder was used to generate a model structure for each structure in the
crystal test set. Three structures in the crystal test set (1dzb:AA, 1yc7:B, 5d6c:HL)
were removed as RASP was unable to predict the side chains on these structures
(Section 5.2.5.2). However, all 640 model structures in the model test set were
tested. For all side chain predictions, self-predictions were not allowed.

The dataset for the backbone—-dependent rotamer library from Shapovalov
and Dunbrack (2011) (henceforth referred to as Dunbrack RL) was downloaded
in November 2015. The library contains 3983 protein chains; of these, nine

antibody chains (750 rotamers) were removed.

5.2.2 Construction of PEARL

For every side chain in the non-redundant set of 640 antibodies, we calculated
the x angles using the atom types listed in Appendix Table B.4. Side chain
angles were then discretised using rotamer definitions from the Dynameomics
library (Towse et al., 2016, Figure 5.2). Although some x angles (e.g. x2 angle of
Tyr) have previously been considered to be ‘nonrotameric’ (Shapovalov and Dun-
brack, 2011), we defined rotamers for these angles, following Towse et al. (2016).

PEARL is organised hierarchically, starting from the IMGT position; at the
next level, we categorise by amino acid type, then rotamer type. For each rotamer
type, we have a list of observed rotameric structures with their coordinates and
local tripeptide sequence (Figure 5.3). For example, position H21 has 62 Val {t}
rotameric structures. One of these is from 2cmr:HL; the Val in this structure
is preceded by a Lys residue at H20, and a Ser residue at H22. Therefore, its
local tripeptide sequence is KVS.

5.2.2.1 Density estimation of ); angle modes

For each amino acid type a at IMGT position p, we estimated the x; angle

density by using a Gaussian mixture model (GMM). To estimate the density,
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Figure 5.2: Definition of x angles for building PEARL. A. The x angles are torsion
angles between atoms in all side chains, apart from Ala and Gly. The rotamer of a side
chain refers to its set of discrete x angles. We show four separate rotamers for an Ile

residue. B. The x angle definitions used in this Chapter follow those from Towse ef al.
(2016).

we imposed a minimum number of 20 rotameric structures per amino acid at
an IMGT position. For example, at L109, 41 Asn residues are observed in our
non-redundant set; in contrast, only eight Lys residues are observed at the
same position. Thus, we estimated a x; angle mode for L109 Asn, but not for
L109 Lys. In total, there are 2384 ‘side chain types’, i.e., combinations of IMGT
positions and amino acid types, e.g. H24 Lys. Of the 2384 side chain types,

1664 have less than 20 observations in our data.
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Gt position | +~((119) (20 ) (r2r ) (22 ) (123 )

wmmoitore] - () ()G @) ()

Val Val Val
Rotamer type (e+) ( it ) C{g_}

PDB Atoms Coordinates Local Sequence
Rotameric Structures| 2cmr:HL N (15.40, -9.357, 34.120) KVS
Ca (15.011, -9.701, 32.752)

Cy2  (13.085, -8.104, 32.678)

4fq2:HL N (-9.347, 2.397, 194.484) SVT
Ca (-8.492, 3.568, 194.223)

Cy2  (-6.756,2.228, 193.018)

Figure 5.3: Organisation of rotamer data in PEARL. The library is categorised by IMGT
position, amino acid type, then rotamer type. For each rotamer type, we have a list of
coordinates for each observed rotameric structure from our non-redundant set of 640
antibody structures.
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Briefly, a GMM represents a weighted sum of K Gaussian distributions,

K
p(x) =Y mN (xlpr ox). (5.1)
P

The kth Gaussian distribution has three parameters, {7y, ux, 0% }, correspond-
ing to the weight, mean, and covariance, respectively. We represent the K-long
vector of weights as II; depending on the values of 71, we determine the
mode, X, for each «a at p.

Unimodal if max(IT) > 0.8

X(a,p) = < Bimodal  if min(IT) < 0.1 and max(IT < 0.8) (5.2)
Trimodal otherwise.

The number of components, K, was decided by calculating the Akaike

Information Criterion (AIC) for each GMM (Hastie ef al., 2009).

5.2.3 Maximum achievable accuracy estimation

We calculated the maximum achievable accuracy for PEARL and Dunbrack RL.
For each side chain, we searched for a ‘correct’ rotameric structure from non—
identical structures. Side chains were classified as xp correct and )i, correct if
its x angle(s) were within 40° of the native side chain. If the x; angle is incorrect
while the x, angle is correct, we classified this as an incorrect prediction as the
side chain would not be oriented in the correct location (Figure 5.4). Example
selections are shown in Table 5.1.

The x; accuracy represents the fraction of predictions with a correct x; angle.
Similarly, the x;11 accuracy represents the fraction of predictions where both

the x; and X, angles are correct.

5.2.4 Side chain prediction algorithm

A flow chart of our side chain prediction methodology, PEARS, is given in
Figure 5.5. When we select a rotameric structure from PEARL, we apply a filter

based on the number of clashes, rotameric energy, local sequence identity, and if
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A. Native: B. Native:
{g-,t,t,t} {g-,t,t,t}
Predicted: Predicted:
{g'/t/t/t} {g'/g'/t/t}
%142 Correct Source: %1 Correct

4pb0:HL Source:

Inbv:HL

C. Native: D. Native:
{g-/t/t/t} {g-/t/t/t}
Predicted: Predicted:
{g+.g+g+g+} {ttg+g+
Incorrect Source: Incorrect ¥ Source:

losp:HL

Figure 5.4: Classification of correct rotamers for an Arg residue at H57 (white; 2zkh:HL).
To determine a ‘correct” rotamer, the predicted x angle must be within 40° of the native
rotamer’s x angle. A. Rotamers are classified as 12 correct if both x; and x» angles
are correct. B. Rotamers are classified as x; correct if only its x; angle is correct. C.
Example of an incorrect rotamer where both x; and x; angles have >40° deviation to
the native side chain. D. If the predicted x; angle is incorrect, yet the x» angle is correct,
this prediction is still considered to be incorrect. This is because the incorrect x; angle
points the side chain toward a different environment, making the ‘correct’ x» angle
meaningless.

Table 5.1: Determination of correct side chain predictions.

Native x; Native x» Template x; Template x» Verdict

100° 160° 120° 172° X1+2 correct
30° 150° 65° 27° X1 correct
50° 60° 110° 50° Incorrect
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necessary, backbone RMSD. We first describe the order in which we make our

predictions, followed by our filter that selects rotameric structures.

5.2.4.1 Order of side chain prediction

We first predict IMGT positions of a target with a unimodal x; distribution.
For example, at L116, Tyr residues are unimodal, with a peak at x; = g—
(Figure 5.8B). If the target structure has a Tyr at this position, we predict this
residue, along with any other unimodal side chain types, first. When predicting
unimodal side chain types, we only sample rotameric structures with the same
x1 rotamer. Thus, for L116 Tyr, we only use rotameric structures whose xi
angle is in the g— rotameric state. If none of the rotameric structures pass
the backbone RMSD filter, Tyr structures with the g— rotamer are selected
from all positions in PEARL.

Once we predict the side chains of these unimodal side chain types, we
then predict positions with the greatest number of predicted residues within a
4.5A neighbourhood. In some cases, a position’s environment may be populated
entirely by unimodal side chain types. Hence, these positions are predicted next.

By this stage, PEARS is typically predicting the side chains of two or
more positions that are dependent on each other. In these cases, we make
three separate initial predictions for each position. Each of these three initial
predictions represent a rotameric structure for a different x; rotameric state. For
residues such as Ser, we have three initial predictions, {g+}, {t} and {g—}. In
the case of Glu, which has three x angles, we have the lowest-energy {g+, *, *},
{t,*,%} and {g—, %, *} rotamers as the initial predictions. In other words, we do
not specify the rotameric states of the X, and x3 angles. We then enumerate all
possible configurations; thus, if we need to predict three positions (e.g. Ser, Arg,
Tyr), with three initial predictions each, we evaluate all 27 possible solutions.
Among these combinations, we choose the set of rotameric structures that

minimises the number of clashes and the total energy in the target structure.
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Identify positions with
unimodal side chain types
Predict all positions with . . s
unimodal siFéle chain types YES Identify residues within
(see B.) 45A neighbourhood
A . itons? Is neighbourhood around | NO For each position, make three
Ty remaining posttions: target position 'fixed'? > predictions; specify x; bins (see B.)
¥NO YYES v
Predict target position Test every combination of predictions
FINISHED (see B.) and rank by clashes and energy
|
) Sample rotameric Sample rotameric
structures (s) from a s'h."uctures frqm all . NO No
£ A positions for amino acid, —> | Backbone RMSD <0.3A? | —> prediction
Spectiic position p subset by x; if specified
¥ ANO YYES
Amino acid unimodal at NO YES
e - | Backbone RMSD<0.1A? | — | Rankby clashes, energy,
position (e.g. L116 Tyr), or local sequence identity.

X1 rotamer specified?

¥No backbone Use backbone RMSD to
¥ YES N settle ties.
o
Use subset of S(p) prediction

with expected or
specified x; rotamer

Figure 5.5: Schematic overview of PEARS in side chain prediction. A. We first predict
the side chains of unimodal side chain types. Subsequently, for each remaining position,
PEARS identifies the position’s local neighbourhood defined by a 4.5A shell. If its
environment is completely fixed, i.e. all its surrounding residues have been predicted,
the side chain at p is predicted as explained in B. In contrast, if > 2 positions must be
predicted simultaneously, all positions are given three independent predictions, one for
each ) rotamer. The combination of predictions are then ranked by the total number of
clashes and total energy. This is repeated until all residues have been predicted on the
target structure. B. A rotameric structure, s, is selected based on a set of filters. First, the
X1 angle distribution is determined for the side chain type. Users can also specify the
x1 bin for sampling. All s with backbone RMSD <0.1A to the target structure backbone
pass for further testing. If there are no rotameric structures after the first RMSD filter,
rotameric structures are sampled from all positions, and the RMSD criterion is relaxed
to 0.3A. Rotameric structures are then ranked by the number of clashes, their rotameric
energy, and their local tripeptide sequence identity. For target structures without a
backbone, or cases where the backbone RMSD is always greater than O.3A, we do not
make a prediction.
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5.2.4.2 Selection of rotameric structures

We denote the set of rotameric structures at IMGT position p as S(p). A
candidate structure s from S(p) is selected if its backbone RMSD to the native
structure is <0.1A. We then check for clashes between s and the rest of the target
structure using a KD-tree algorithm (Section 5.2.4.3). If no rotameric structures
are found from S(p), the RMSD filter is relaxed to 0.3A, and searched from
all IMGT positions for the target amino acid type.

The energy of s (whose rotamer is r) at p, Ep(sr), is calculated using our
implementation of the SCWRL3 energy function (Canutescu et al., 2003). Finally,
we calculate the sequence identity between the local tripeptide sequence of s
and the local tripeptide sequence at p in the target structure.

Rotameric structures are ranked by the number of clashes, then their cal-
culated energy, and finally by sequence identity. The rotameric structure with
the lowest number of clashes and energy is grafted into the target structure. If
there are any ties after applying all three filters, we use the rotameric structure

with the lowest backbone RMSD.

5.2.4.3 Clash checking using KD-trees

A KD-tree (Bentley, 1975) is constructed for each input antibody structure
(Figure 5.6). At each iteration, the antibody’s atomic coordinates are split
into two groups using the median value of a dimension. Thus, in the first
iteration, we split the atomic coordinates according to the median value of the
x—coordinate. In the next two iterations, we split the atomic coordinates by their
y—, then z—coordinates. At the fourth iteration, we split the subsets by their
x—coordinate again, and so on. This process can also be visualised as growing a
binary tree, where each iteration creates two child nodes based on a separate
dimension. The algorithm cycles through each dimension until a subset (i.e. a
leaf in the tree) has < L coordinates; we set L to 10.

For each new rotameric structure s at p, its potential nearest-neighbours are

found from searching the KD—tree. The atoms of s and its nearest neighbours,
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Figure 5.6: Two—dimensional example of a KD-tree. In the first iteration, we split the
coordinates by the x dimension based on the median value of x (blue line). In the
second iteration, we split by the median value of the y dimension (red lines) for both
subsections. In the third iteration, we split again by the x—coordinate (green lines); in
other words, each qudrant is split by the median value of x of each quadrant. These
splits can also be visualised as a binary tree; the cycle continues until each leaf in the
tree has < L coordinates. When searching for the nearest neighbour(s) of a query (with
coordinates [82.9, 53.7]), the query is searched through the binary tree.

n, are considered to clash if they are separated by less than 65% of the sum
of their van der Waal’s radii. The KD-tree is reconstructed after grafting a

rotameric structure.

5.2.4.4 Energy function

The contact energy between atoms a and b, E(a,b), is dependent on their
distance, d(a,b), and the sum of their van der Waal'’s radii, dmax(a,b). We used
van der Waal’s radii of 1.70A, 1.55A, 1.52A, 1.80A for C, N, O, and S atoms,
respectively. We implemented our own version of the energy function from

SCWRL3 (Canutescu ef al., 2003):

0 d(a,b) > dmax(a,b)
’ d(a,b) ,
57.273 <1 — W) otherwise.
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Ey(s;) represents the energy of the rotameric structure s with rotamer r
placed on IMGT position p. It is calculated as the sum of contacts, along
with a probability term, Pr(r|p). The probability term, Pr(r|p), represents the
probability of finding a rotamer r at p; this is scaled relative to the most frequent
rotamer at p. If r is unobserved at p, the default value is set to 0.001. For
calculating the probabilities, rotameric structures from the target structure were
removed from PEARL. For example, there are 62 Val {t} rotamers in PEARL,
one of which is found in 2cmr:HL. When predicting H21 Val on 2cmr:HL, we
removed the native rotamer from PEARL prior to calculating the probability
of the Val {t} rotamer at H21.

Let BB(p) and SC(p) represent the set of backbone and side chain atoms at
p, respectively. Given two positions in the antibody p and p/,

Pr(r|p)
maxreR(p) PT’(T" p)

E,(SC,BB) = Z Y, )Y E@b)

lp—p'|>1a€SC(p) beBB(p')
P

E,n(SC,SC) = ) Y. ) E(ab)

p#p' acSC(p) beSC(p’)

Ep(sy) = — + E,,(SC,BB) +E,,(SC,5C) (54)

Here, Z is a constant, which is set to 3 (Canutescu et al., 2003). The side
chain-backbone contact energy, E, ,(SC, BB), is only calculated between the
side chain atoms of p and the backbone atoms of p’ if p and p’ are separated
by at least one residue. The side chain-side chain contact energy, E, ,»(SC, SC),

is calculated for every pair of positions.

5.2.4.5 Local tripeptide sequence identity

For each IMGT position p in the target structure, we obtain its local tripeptide
sequence, which is the amino acid sequence at the p — 1, p, and p + 1 positions.
This is then compared to the local tripeptide sequence of s (Section 5.2.2). This
is only used if there are two or more rotameric structures that have the same

number of clashes and the same energy.
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5.2.5 Benchmarking accuracy

PEARS was benchmarked against three other side chain prediction methods,
using two test sets (Section 5.2.1). x;1 and 147 accuracies were calculated using

the criteria in Section 5.2.3. For PEARS, self-predictions were not allowed.

5.2.51 SCWRL

SCWRL4 (Krivov et al., 2009) was used with default parameters. SCWRL
samples from a backbone—-dependent library (Shapovalov and Dunbrack, 2011),
using an energy function that combines van der Waal’s and hydrogen bond
terms. The optimal solution is determined by DEE and graph decomposi-

tion (Krivov et al., 2009).
5.2.5.2 RASP

RASP uses the backbone-dependent library from Dunbrack and Cohen (1997).
The method uses a variant of the OPUS-PSP energy function, including a
hydrogen bonding term. RASP uses a combination of DEE and a Monte Carlo
search algorithm to determine the best solution (Miao ef al., 2011). RASP did not
predict side chains for the crystal structures of 1dzb:AA, 1yc7:B, and 5d6c:HL as

one residue in each of these structures did not have a complete backbone.

5.2.5.3 OSCAR-star

OSCAR-star uses the same rotamer library as RASP. The energy of a rotamer
is determined by a series of distance and orientation—-dependent terms. The
best solution is determined using a Monte Carlo simulated annealing algo-

rithm (Liang et al., 2011).

5.3 Results
5.3.1 An antibody-specific rotamer library

PEARL was built using 640 non-redundant antibody structures downloaded
from SAbDab (Dunbar et al., 2014). This is a smaller dataset than other
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rotamer libraries (e.g. Shapovalov and Dunbrack, 2011, 1179 chains vs. 3974
chains). Comparing PEARL to Dunbrack RL shows that antibodies have unique
X angle distributions compared to general non-antibody proteins. A two-
sample Kolmogorov-Smirnov test between the backbone-independent x; and
X2 angle distributions of PEARL and Dunbrack RL showed significant differences
(p < 0.001; Figure 5.7).

5.3.2 Position—-dependent yx; distributions

PEARL groups rotamers by their structural position, rather than their backbone
¢/ angle profile. For each side chain type (i.e. combination of IMGT position
and amino acid type, e.g. H24 Lys), we calculate the probability of each rotamer
type. PEARL treats variations in the x angle as a backbone-independent prop-
erty, making it particularly useful for scenarios where the backbone dihedrals

may not be exact (e.g. predicting side chains on model structures).

5.3.2.1 Certain positions show limited range of ); angles

For 255 side chain types, the x; angle shows a unimodal distribution (Fig-
ure 5.8A). Generally, these unimodal side chains are found in the framework,
and are associated to known conserved amino acids (Igawa ef al., 2010). For
instance, the highly—conserved GIn residues at H44 and L44 (Chapter 3) show
a unimodal x; profile, adopting the x; = t configuration. This phenomenon is
also observed in the CDR loops. For example, L116 Tyr residues (CDRL3 loop)
show a unimodal x; angle distribution, with a peak correponding to the g—
rotamer (Figure 5.8B). PEARL captures the variation of x; angles in a backbone-
independent manner, which is partiularly useful for CDR loop positions as the
backbone ¢ /1 angles can vary extensively (Figure 5.8B).

A large number of side chain types do not have a defined x; mode; in total,
4482 side chain types’ x; angle modes are undefined (Figure 5.8A). One reason
for the lack of a mode annotation is the insufficient number of observations.

We used a threshold of 20 observations to calculate the x; angle mode, which
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Figure 5.7: Backbone-independent distribution of x; and x> angles in Ile (A.) and Lys
(B.). The Kolmogorov—-Smirnov test for both x angles for both amino acids indicated
significant differences (p < 10~°) between distributions.
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Figure 5.8: Rotamer preferences of amino acids are IMGT position—-dependent. A. For
each residue type at a given position, we determined the modality of the x; angle
distribution using a GMM. Amino acids at certain positions are coloured grey if they
have <20 data points (‘no mode’; e.g. L55 Arg), and white if they are never observed
(e.g. L69 Val). For simplicity, positions with insertions (e.g. H111A) are not visualised; in
terms of prediction, these positions are treated in the same manner as any other IMGT
position. B. Left: The distribution of the x; angle for L116 Tyr shows a peak at ~300°,
and a small peak around 180°. Right: The position—-dependent library captures the x;
distribution of L116 Tyr, despite the position’s wide range of ¢ /¢ angles. Points are
coloured according to their x; angle.
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is a more relaxed, but similar, threshold set by Shapovalov and Dunbrack
(2011). Based on this criterion, 1664 side chain types” x; angle modes were
undefined as they had 1-19 observations (coloured grey, Figure 5.8A). The
remaining 2818 possible side chain types’ x; angles modes were not defined
as they were never observed. This is likely due to the sequence conservation
of antibodies. For instance, H23 and H104 are always Cys residues that form
disulphide bridges. Therefore, we did not expect any other side chain type
at these positions. Likewise, other positions such as H98 and L98 always
feature an Asp. Furthermore, some positions are CDR positions that are only
found in a small number of antibodies. For example, H32 is only found in

two antibodies of our non-redundant set.

5.3.3 PEARL provides sufficient coverage

We tested the ability of PEARL to provide the correct rotamer for each side
chain, similar to Colbes et al. (2016). Briefly, for each structure in the crystal
test set, we find any rotameric structure in PEARL that would be a ‘correct’
prediction for the x; and x> angles. Again, we disallowed self-predictions.
Effectively, this avoids prediction errors that can be attributed to the algorithm,
e.g. the energy function. We then calculated the average x; and )i, accuracies
to represent the maximum achievable accuracy.

Based on a 40° cutoff, PEARL achieved maximum achievable average xi
and X142 accuracies of 99.97% and 99.92%, respectively. In other words, these
accuracy values indicate that a perfect side chain prediction algorithm will
achieve a x; accuracy of 99.97%, on average. Furthermore, the x14, accuracy
will be 99.92% in this scenario. The corresponding maximum achievable x; and
X142 accuracies using Dunbrack RL are 99.8 and 91.0%. Therefore, PEARL offers

a slightly higher coverage, despite having a smaller dataset.
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Figure 5.9: Density plots of x1 and X142 accuracies from predicting side chains of the
crystal test set. The x1 and x142 accuracies were calculated using a 40° cutoff.

Table 5.2: Average x1 and X142 accuracies for crystal and model test sets.

Crystal Model
Method test set test set
X1 X142 X1 X1+2
SCWRL 82.5% 654% 73.2% 55.5%
RASP 82.5% 64.2% 72.9% 54.2%
OSCAR-star 84.3% 66.4% 73.8% 54.9%
PEARS 79.7% 65.6% 77.1% 62.5%

5.3.4 Crystal structures refined by PEARS

Currently, no study has benchmarked side chain prediction methods on a large
set of antibody crystal structures. Thus, we initially predicted all side chains in
the crystal test set. For each query structure, self-predictions were disallowed
for PEARS. Among the four methods that we tested, OSCAR-star showed the
strongest performance, with an average x; accuracy of 84.3% and x14, accuracy
of 66.4%. Although PEARS had the poorest x; accuracy (Figure 5.9), its x142
accuracy was on par with other methods (Table 5.2).

We then examined the side chain types that PEARS predicted poorly (Fig-
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Figure 5.10: Sources of PEARS’ errors in the crystal test set. A. For ten of the most
poorly predicted positions by PEARS, we investigated their x; mode. Each cell is
coloured according to the same colour scheme in Figure 5.8A. The numbers at the centre
of each cell indicate the number of incorrect predictions for the amino acid type at the
position (only if there are >5 mistakes). B. Number of incorrect x; rotamers per amino
acid type; Ser and Thr residues are the most difficult to predict.

ure 5.10A). Among the ten IMGT positions with the largest number of incorrect
X1 predictions, the majority were associated to side chain types with a trimodal
X1 angle distribution. For instance, H51 Glu has a trimodal y; distribution; out
of 579 cases, 340 were predicted incorrectly. Likewise, Ser residues at L69, L22,
L7, and H18 show trimodal ) distributions, and in all cases, PEARS was unable
to predict the x; angle. In comparison, the number of incorrect predictions for
unimodal side chain types, e.g. L125 Thr, was far lower.

Overall, Ser and Thr residues were the most challenging for PEARS (Fig-
ure 5.10B). Again, this seems to be associated to the multimodal x; angle
distributions of both amino acids. For example, there are 108 IMGT positions
with >20 observations of Ser residues. Sixty—three of these are trimodal;
however, only 18 positions with Ser have a unimodal x; angle. Among 81 IMGT

positions with >20 observations of Thr residues, 36 are unimodal, whereas
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45 are multimodal.

OSCAR-star’s worst predictions were observed for different side chain types
(Figure 5.11A). In particular, OSCAR-star was unable to predict the x; angle of
327 Pro residues at L50. This is a unimodal position which PEARS predicted with
greater accuracy, making only 12 incorrect predictions. Likewise, while OSCAR-
star could not predict the x; angle in 55 cases with L51 Arg, PEARS only made
13 mistakes for the same side chain type. This shows the benefits of a position—
specific approach, especially when the side chain has a unimodal ); distribution.
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Figure 5.11: OSCAR-star’s errors in the crystal test set. A. For ten of the most poorly
predicted positions by OSCAR-star, we investigated the sources of error; cells are
coloured and labelled in a similar scheme to Figure 5.10. B. Number of incorrect x;
rotamers per amino acid type; Ser and Thr residues are, again, the most difficult to
predict.

There was some overlap between “difficult’ side chain types for both PEARS
and OSCAR-star; for instance, H18 Ser and L24 Arg. Again, both side chain
types have trimodal ) distributions. For both scenarios, it is possible that two
different rotamers can have similar E,(s,) values, as the probability term will

not strongly favour one rotamer at the target position. Furthermore, the energy
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function does not seem to discriminate correct rotamers properly; improving
its accuracy, e.g. by adding a hydrogen bond term, and/or an orientation-
dependent term (Miao et al., 2011), may enhance prediction quality at these

difficult positions.

5.3.5 ABodyBuilder models’ side chains predicted by PEARS

We next tested side chain prediction on the model test set. Predicting a model
structure’s side chains is a more stringent test, as the actual backbone geometry
is unknown. However, we believe that this is a more relevant test, especially
in the context of antibody design.

In contrast to our results on crystal structures, PEARS outperformed all
other methods in predicting the side chains of model structures (Figure 5.12). In
particular, the X147 accuracy was significantly higher. Our results demonstrate
the value of using antibody—specific information in predicting side chains on
model structures. Earlier, we showed that the ) angle of specific side chain
types is agnostic to the backbone dihedral angles (Figure 5.8B). Since PEARS
does not explicitly rely on the backbone dihedral angles for sampling, it is
more robust to modelling inaccuracies.

In order to test the impact of model prediction quality on PEARS’" per-
formance, we separated models based on their Fv backbone RMSD to the
native structure. Regardless of prediction quality, both PEARS and OSCAR-
star correctly predicted a large number of rotamers. However, PEARS slightly
outperformed OSCAR-star, predicting more unique rotamers across model
structures, especially for medium-quality (Fv backbone RMSD 1.0-2.5A) mod-
els (Figure 5.13).

We also divided models according to their CDRH3 backbone RMSD, as the
CDRHa3 is often the most poorly modelled region (Almagro et al., 2014), and is
usually a target for mutations (e.g. Barderas et al., 2008). Again, both PEARS
and OSCAR-star correctly predicted a common set of rotamers across all model

CDRH3 loops. For ‘good’ (CDRH3 backbone RMSD <1.0A) models, both PEARS
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Figure 5.12: Density plots of x; and X142 accuracies in predicting the side chains of the
model test set.
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Figure 5.13: Fv model quality does not affect side chain prediction by PEARS. Each
model was characterised by its Fv backbone RMSD: good (RMSD <1.0A), medium
(RMSD 1.0-2.5A), and poor (RMSD >25A). The bars show the number of rotamers that
were only predicted by PEARS, OSCAR-star, or by both methods.
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Figure 5.14: CDRH3 loop model quality does not affect side chain prediction by PEARS.
Each model was characterised by its CDRH3 loop backbone RMSD, similar to the criteria
in Figure 5.13.

and OSCAR-star predicted a similar number of correct x; rotamers, suggesting
that with an accurate set of backbone dihedral angles, the accuracies of the
two methods converge. However, as the model quality deteriorates, especially
for bad (CDRH3 backbone RMSD >2.5A) models, PEARS had a much higher
number of x1 and xi14, correct rotamers.

Both results highlight the advantage of our method. Since the predictions are
based purely on the observed rotameric preferences at specific IMGT positions,
rather than the accuracy of the backbone dihedral angles, it is robust to errors
arising from modelling. Despite sampling rotamers only based on their x;
rotameric state, we nonetheless recover more X1, correct rotamers, which will

be useful for design applications.

5.4 Discussion

In this Chapter, we presented our position—-dependent rotamer library, PEARL.
We also developed PEARS, which uses the data in PEARL for a position—
driven method of side chain prediction. To our knowledge, PEARS is the
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tirst antibody-specific rotamer library; furthermore, it is the first that categorises
rotamers according to their IMGT positions. Most rotamer libraries are based
on the distribution of rotamers in general proteins (e.g. Lovell et al., 2000;
Shapovalov and Dunbrack, 2011). Although protein—specific libraries have
been built before (e.g. Bhuyan and Gao, 2011), these libraries are query-specific,
as opposed to family—specific, e.g. antibodies.

Antibodies have a unique distribution of x angles in comparison to general
proteins. Calculating the backbone-independent probabilities for our dataset
showed clear differences against rotamers from general non-antibody proteins,
suggesting that antibodies use a different set of rotamers.

For antibodies, a position—specific rotamer library is sensible as the IMGT
positions are well-defined from large sequence alignments (Lefranc et al.,
2003). The principle behind the IMGT numbering is that a position should
consistently refer to the same location in different antibodies. Extending from
this assumption, we found that ~10% of side chain types in PEARL (255/2384)
have a ‘unimodal’ x; angle distribution. Unimodal side chain types are found
in both framework and CDR loop positions, though most side chains in the
CDR loops tend to be multimodal.

PEARL’s x; modes are based on the weights of GMMs; although angle data
is circular, we preferred using GMMSs over other kernels (e.g. Harder et al.,
2010; Shapovalov and Dunbrack, 2011, both have used von Mises kernels) for
two reasons. At high values of the concentration parameter (x > 10), von
Mises distributions converge to Gaussian distributions (Mardia et al., 2007). In
fact, Dunbrack RL used very high concentration parameters; the initial x value
for every amino acid was >35, suggesting that some bins” densities can be
approximated by Gaussian kernels. Furthermore, since most x angles form
distinct peaks (e.g. 60°, 180°, and 300° for x1), a GMM would better capture
variations centred around these x angle peaks.

When predicting the rotamers on crystal structures, OSCAR-star had the
highest x; and x4, accuracy. In fact, PEARS had the worst performance,
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suggesting that PEARS’ algorithm needs further development to select the
correct rotameric structure. Several aspects can be addressed; for instance,
the current energy function is not perfect; in some cases, the lowest energy
rotameric structure was not the best prediction. Similarly, when predicting
multiple positions at once, the configuration with the lowest energy was not
always the best configuration. A potential issue is the fact that the current
energy function does not incorporate a hydrogen bonding term (Canutescu
et al., 2003). Thus, we are aiming to develop our own antibody-specific energy
function for selecting rotamers; for instance, RAPDF has previously been used
to predict side chains (Samudrala and Moult, 1998b). In addition, considering
contact orientation (e.g. Miao ef al., 2011) may further enhance scoring. A
more important step in improving prediction quality would lie in developing
structure-based rules that select the correct rotamer. For instance, searching
for chemically—similar environments, as in the case of MoFvAb, may provide
clues on how difficult side chains should be predicted, given its local protein
environment (Bujotzek et al., 2015a).

More importantly, a more rapid and accurate search method is critical.
As a heuristic, when we need to predict >2 positions, we only make three
initial predictions per position, corresponding to a different )x; rotameric state.
However, this simplification can be highly problematic when we predict residues
with multiple x angles. For example, Arg can have 81 different rotamers, but
we only choose the three lowest—energy rotamers based on the x; rotameric
state. In other words, we choose the lowest—energy {g+,***}, {t,*,** and {g-
S5} rotamers. Thus, the method risks precluding the correct rotamer from
ever being tested. Furthermore, we currently test every possible configuration
when we predict multiple positions. Thus, if five positions are found within
a 4.5A neighbourhood, we test all 3° combinations. An implementation of
DEE (Desmet et al., 1992), or a graph-based method (e.g. Krivov et al., 2009;
Miao et al., 2011) would improve the speed of PEARS and allow it to efficiently

test more candidate rotamers at each position.
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PEARS had its biggest impact in predicting the side chains on the model
test set. The advantage of a position—-dependent approach is its robustness
against uncertainties of the protein backbone. In particular, for medium and
poor quality models, PEARS was able to provide more correct rotamers in the
model structure. In fact, OSCAR-star and PEARS had similar accuracies for
‘good” CDRH3 models, suggesting that OSCAR-star is more effective in cases
where the backbone is accurate. In particular, given the current speed advantage
of OSCAR-star over PEARS, it may be feasible to use both methods during
structure prediction. In the previous Chapter, we showed that ABodyBuilder can
estimate model accuracy. Thus, a possible implementation is to use backbone-
dependent side chain prediction methods (e.g. OSCAR-star) for antibody regions
that are expected to be modelled well, and PEARS elsewhere.

Overall, the results presented in this Chapter demonstrate the value of
antibody-specific information in side chain prediction. By harnessing the
unusual x; angle distributions in antibody side chains, we can restrict the
sampling space and provide high—quality predictions, especially for models.
We also demonstrated that PEARL provides excellent coverage. The maximum
achievable X7 and )1, accuracies were near 100%; improving PEARS is therefore
an algorithmic challenge. Ultimately, we envision that PEARS will be used as
a component in ABodyBuilder, and provide a method for testing the effects
of mutations from computational antibody design. In the next Chapter, we

describe strategies and future directions for the work presented in the Thesis.
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.. .the goal he set out initially to become the greatest of all
time was a very fickle one. When [the young basketball
player] realised that the most important thing in life is
how your career moves and touches those around you,
and how it carries forward to the next generation, then
he realised that’s what makes true greatness.

— Kobe Bryant
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Antibodies are a key component of the adaptive immune response, and are a
major class of biotherapeutics. Designing them in a computational framework
is ideal, as it allows rapid and efficient testing of candidates. In this thesis, the
structural variation of antibodies has been investigated to explain biological
phenomena. These observations were then used to rationalise decisions for
developing computational tools for antibody design. First, we proposed a
knowledge-based method for predicting antibody—antigen binding affinities.
We then focussed on elucidating a possible mechanism for Vy—Vy, pairing as
it is a major source of structural variation. Finally, we developed an antibody
modelling pipeline, and a side chain prediction method to construct structural

models for further computational or experimental tests.
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6.1 Binding affinity prediction remains a challenge

In Chapter 2, we described an antibody—specific statistical potential, CAPTAIN.
This is a weighted form of the RAPDF potential (Samudrala and Moult, 1998a).
We demonstrate that weighting interatomic contacts by affinity data improves
prediction performance. Although CAPTAIN showed the highest correlation to
binding affinities in comparison to 16 other scoring functions, its performance is
currently too weak for large—scale prediction. In particular, our function was
unable to predict the binding affinities of peptide-binding antibodies, suggesting
that the current training method is not suitable for peptide-binding antibodies.

Currently, CAPTAIN counts contacts across 207 different atom types over
eight distance bins. In total, there are 15407 contact types; for most of these
contacts, the data is sparse, leading to a wide distribution of scores. Although
we attempted to saturate the dataset by using contacts from a set of general
protein—protein complexes (Studer et al., 2014), our scoring function showed
weaker performance, confirming the importance of antibody—specific informa-
tion. Thus, we propose that developing a set of antibody—antigen docked poses
can generate a saturated dataset that can approximate and complement the
observed distribution of contacts in SAbDab.

In its current stage, our method assumes that contacts are the sole de-
terminant of an antibody’s binding affinity, and disregards other structural
features, such as loop flexibility (Haidar et al., 2014). These variations must
then be analysed in the context of an antibody’s binding affinity. Further
investigation on peptide-binding antibodies is also necessary to determine if
they have a unique binding mechanism compared to protein-binding antibodies.
Once these variations are identified, it may be possible to develop new scoring
functions that use a linear combination of terms, e.g. contacts and orientation
angles. Accurate affinity prediction still remains a topic of interest, not only
for computational antibody design, but also for the general community in

studying protein—protein interactions.
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6.2 Vyu-VL pairing is random

The findings from Chapter 3 aim to clarify the ongoing debate surrounding
the precise mechanism of V-V, pairing. Understanding Vy—Vy, pairing is not
only important for rationalising structural variation in antibodies, but also for
designing thermostable and/or bispecific antibodies (Jayaram et al., 2012; Lewis
et al., 2014). Although there is an accepted paradigm that pairing is ‘random” (e.g.
Brezinschek et al., 1998; DeKosky et al., 2015), no study has extensively viewed
V-V pairing from a structural context. In contrast to previous studies, we
defined ‘random’ pairing as the ability for any Vy to pair with any Vi, and
vice—versa. Both our sequence and structural data point toward the possibility
that any Vg can pair with any Vi.

Similar to previous studies, we first examined ViV, pairing from the level
of IMGT V gene pairings. Despite the apparent dependence between the Vi and
V1 subgroups, only a limited number of pairs showed significant enrichment.
Furthermore, our pairings were sparse and highly skewed; thus, using subgroup
information alone could not verify the ‘randomness’ in pairing. However,
pairwise sequence identities showed that a single Vg domain can have >10
potential Vi, partners, and vice-versa. Furthermore, these partners can range in
sequence identities from ~40 to ~100%, supporting previous observations that
Vh and Vi, domains can pair with a diverse set of partners (Edwards et al., 2003).

We then examined a non-redundant set of structures from SAbDab, featuring
human, mouse, and rabbit structures. Here, we report a series of contacts that is
ubiquitous in all structures, and each of these contacts almost always feature
the same pair of amino acids from the Vi and V. For instance, the H118-L50
contact is almost always a Trp—Pro contact in all antibodies. The high degree
of conservation suggests that these residues form a generic set of contacts at
the base of the Fv, and other contacts, e.g. between CDR loops, may provide
additional stability or destabilise the structure. This structural conservation was

also observed in the pre-BCR. Given that a single SLC (or two, e.g. in mouse)
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screens all Vi domains for their ability to form pairs, this provides further
support for a generic mechanism that allows the Vi and Vp, to pair together.
From the perspective of computational antibody design, pairing information
could be used to quantify antibody stability. We have demonstrated some
predictive ability on a small dataset of antibodies (Teplyakov et al., 2016), though
a larger—scale analysis is necessary. Given the random behaviour of pairing,
it may be possible to design antibodies using many different combinations of
VH and Vi to target a specific antigen. There are several unanswered questions
surrounding pairing, such as CDRH3 loop compatibility. It may be possible
that different Vy—V, pairs form unique microenvironments that allow CDR
loops to form a range of conformations. Thus, a pairing-dependent clustering

of CDR loops is a potential avenue for future research.

6.3 Antibody-specific data improves modelling

In Chapters 4 and 5, we described two methodologies for structure prediction:
ABodyBuilder and PEARS. ABodyBuilder is a rapid, automated tool that models
the structure of Fv’s and nanobodies. PEARS is a side chain prediction algorithm
that utilises the antibody—specific distribution of rotamers for its prediction.
ABodyBuilder follows a canonical four-stage workflow, similar to other
antibody modelling pipelines (e.g. Sivasubramanian ef al., 2009; Marcatili et al.,
2014). Models are typically built in ~30 seconds, making it scalable for larger
datasets, e.g. our database of >6000 paired antibody sequences from Chapter 3.
In addition, ‘liability” sites, e.g. glycosylation sites, may lead to issues during
development, and these are flagged on the model structure. ABodyBuilder’s
models are comparable to other pipelines in terms of accuracy, demonstrated
by our benchmark on the AMA-II set of antibodies. However, the advantage
of ABodyBuilder lies in its ability to estimate a model’s accuracy. It warns
users that specific regions of the model, e.g. the CDRL3 loop, are expected

to be poorly modelled.
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The accuracy metric represents the probability that a region is modelled
within a specific RMSD threshold. These probabilities are based on the wealth
of pairwise framework region superimposition data, or the performance of
FREAD on individual CDR loops. Currently, an Fv structure has eight separate
accuracy estimates: two for the framework regions, and six for the CDR loops.
As the error in V-V, orientation is difficult to quantify (Abhinandan and
Martin, 2010; Bujotzek et al., 2015b), we have not provided an explicit accuracy
measure for describing the orientation. To further improve ABodyBuilder, a
dedicated V-V, orientation prediction method would be ideal (e.g. Bujotzek
et al., 2015b; Marze et al., 2016); currently, we assume that the template’s
orientation sufficiently recaptures the orientation of the native structure. An
additional route for improving ABodyBuilder is an antibody-specific side chain
prediction method; existing methods (e.g. Krivov et al., 2009) use rotamer libraries
based on general proteins.

We explored the latter by developing our rotamer library, PEARL, and our
side chain prediction algorithm, PEARS. In PEARL, we present an antibody—
specific, position—specific library, which is the first of its kind. No rotamer library,
to our knowledge, describes the distribution of rotamers for a specific family
of proteins, such as antibodies. Although position—-dependence has previously
been explored (Chinea ef al., 1995), our method describes the rotamers for
absolute positions in the antibody structure. In particular, we demonstrate
that certain amino acid types have a unimodal x; angle distribution at various
IMGT positions. For these side chain types, prediction can be simplified by
using the most common rotamer.

PEARS was used to predict the side chains of crystal and model structures.
For crystal structures, backbone-dependent side chain prediction methods (e.g.
Krivov et al., 2009) were superior, whereas PEARS was more useful for model
structures. Given that PEARL is inherently backbone-independent, our side
chain predictions are more robust to inaccuracies in the backbone. At present,

PEARS is at an early stage, and needs more algorithmic improvements. The
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maximum accuracy test suggests that there is almost always an accurate (within
40°) rotamer in PEARL; thus, rotamer scoring must be improved to select
the best possible rotamer. Furthermore, PEARS is much slower than most
other side chain prediction protocols, especially when predicting >3 positions
simultaneously. This suggests that a search method (e.g. DEE Desmet et al., 1992)

is necessary to eliminate “poor” solutions from the search.

6.4 Future research avenues
6.4.1 NGS: the cornerstone of future analysis

NGS has fostered a new movement in antibody informatics, bringing an unprece-
dented volume of data for analysis and prediction. Throughout this thesis, we
have alluded the significance of our results and the scalability of our prediction
under the context of having an NGS dataset. As millions of sequences will
be profiled by NGS, a major challenge will be translating these sequences into
structural models. This will ultimately uncover the structural landscape of an
organism’s ‘antibodyome’, and also help discover antibodies, e.g. antibodies
unique to HIV-resistant humans. There is a huge amount of potential in these
datasets, which structural modelling (e.g. by ABodyBuilder) will complement
and provide new ideas for future research. Other aspects of structural variation,

such as V-V, pairing, will be further clarified by the availability of such data.

6.4.2 Computational antibody humanisation

For any antibody design campaign, especially in therapeutics, the aim is to
develop a safe antibody; this is often achieved by obtaining human antibodies or
‘humanising’” antibodies from other organisms. This is not limited to Fv’s, but
also nanobodies. Although humanisation has not been a key focus of this thesis,
this is a key property that must be satisfied, especially when designing antibodies
for therapeutic use. Key structural features that define the ‘humanness’ of an

antibody, such as V-V, orientation (Bujotzek ef al., 2016), should be analysed
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in greater detail before implementing strategies to humanise structures. Once
these features are identified, a scoring system (e.g. Choi et al., 2015) can be
developed as an objective function for humanising antibodies. To profile
structural ‘humanness’, we would first need to collect structural data from a
humanisation campaign; the data can then be complemented by building models
for sequences from various stages of humanisation. Structural changes can then
be corrleated to degrees of humanness. Here, we envision that ABodyBuilder

will play a central role by providing models for analysis and design.

6.5 Closing remarks

This thesis studies the structural variation of antibodies, and uses the unique
profile of antibodies to understand mechanisms, and develop tools for prediction.
CAPTAIN was first developed to predict binding affinities. Considering the
complexity of the problem, the thesis revisits one of the core components of
structural diversity: Vg—-Vy, pairing. The ‘random’ nature of pairing justifies
the decision to pair almost any two antibody chains for further modelling and
development. The increasing amount of antibody structural data in SAbDab
has been harnessed to develop our modelling tools, ABodyBuilder and PEARS.
Both methods provide high—quality models and annotations to facilitate compu-
tational antibody design. However, gaps in our current knowledge base must be

addressed in order to realise a fully computational antibody design pipeline.
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The greatest value of a picture is when it forces us to
notice what we never expected to see.

— John Tukey
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Figure A.1: The structures of 20 amino acids that are typically used in protein synthesis.
Amino acids have been grouped according to chemical properties (Nelson and Cox,
2004). Throughout the thesis, the three-letter format of amino acids is used.
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Figure A.2: Levels of protein structures. The protein sequence, or the “primary’ structure,
folds into local components (secondary structures). Secondary structures are formed by
hydrogen bonds between atoms in the protein backbone. The arrangement of secondary
structures form a tertiary structure. Each protein chain has one or more folded units
known as ‘domains’ in its tertiary structure. Multiple chains can assemble together to
form quaternary structures.
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Figure A.3: DNA repair mechanisms following AID deamination. A. The mutant DNA
strand can be replicated, thus propagating the mutation to daughter DNA strands.
B. In base—excision repair, the DNA base is removed from the uracil by uracil DNA
glycosylase. The abasic site is then filled with any of the four DNA nucleotides, and
propagated for repair. C. In mismatch repair, a segment of DNA is excised and replaced
by an error-prone DNA polymerase, namely DNA polymerase 7.
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Figure A.4: B—cell maturation. Aa. In the bone marrow, a stem cell rearranges heavy
chain gene segments via V(D)] recombination (Section 1.3.2.1). The newly—formed heavy
chain pairs with the SLC to form the pre-BCR, and thus the pre-B—cell. Ab. The pre-
BCR signals for light chain V] recombination to form a light chain. The heavy and light
chains pair to form an IgM antibody, and thus, a B—cell. If the IgM is self-reactive, V]
recombination is retried (i.e. receptor editing). Ba. An antigen—activated B—cell can clone
and form plasmablasts, which secrete early-stage, low—affinity antibodies. Bb. Antigen—
bound B—cells can migrate to the B—cell follicle to form GCs and proliferate rapdidly. The
B—cell clones then mature the affinities of their antibodies SHM (Section 1.3.2.3). Clones
are iteratively selected to favour the survival of a B—cell clone producing a high—affinity
antibody. The surviving clone then differentiates into plasma cells or memory B—cells.
SLC: surrogate light chain; BCR: B—cell receptor; SHM: somatic hypermutation; GC:
germinal centre. (Janeway et al., 2001; Nemazee, 2006; De Silva and Klein, 2015)
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Figure A.5: Pairwise absolute difference of the HL angle between antibodies in the
Teplyakov set. 5i17:HL shows the second largest deviation in the HL angle in comparison
to other antibodies, yet the largest difference in the HL angle was observed in 5ilc:HL,
which as a kinked CDRH3 loop. Other ABangles showed no difference (e.g. HC1), or
were not correlated to a kinked or extended conformation.
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Figure A.6: There is no relationship between the difference in the ABangle parameters
(e.g.A HL) and the number of clashes from grafting. Orientation differences were
calculated between the ‘source” antibody (i.e. antibody donating the CDRH3 loop) and
the “target” antibody (i.e. antibody framework for grafting the loop).
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If the statistics are boring, then you've got the wrong
numbers.

— Edward Tufte
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Table B.1: Atom types used for building CAPTAIN.

Residue Atom

ALA Backbone CB

ARG Backbone CB CG CD NE CZ NH1 NH2 OXT

ASN Backbone CB CG OD1 ND2

ASP Backbone CB CG OD1 0OD2

CYS Backbone CB  SG

GLN Backbone CB CG CD OEl NE2 OXT

GLY Backbone OXT

GLU Backbone CB CG CD OEl OE2 OXT

HIS Backbone CB CG CE1 CD2 ND1 NE2

ILE Backbone CB CGl1 CG2 OXT

LEU Backone CB CG CD1 CD2 OXT

LYS Backbone CB CG CD CE NzZ C OXT

MET Backbone CB CG SD CE C

PHE Backbone CB CG CD1 CD2 CE1 CE2 Cz C

PRO Backbone CB CG CD

SER Backbone CB  OG

THR Backbone CB OGl1 CG2 C

TRP Backbone CB CG CD1 CD2 CE2 CE3 C(CZz2 C(CZ3
CH2 NE1

TYR Backbone CB CG CD1 CD2 CE1 CE2 CZ OH
OXT

VAL Backbone CB CGl1 CG2

HYP Backbone CB CG CD OD1

PCA Backbone CB

SEP Backbone CB OG O1P O2P O3P C P

TPO Backbone CB OGl1 CG2 O1P O3P C P

‘Backbone’ refers to the backbone atoms, N, CA, C, O, which is common to every
residue type. HYP: hydroxyproline; PCA: pyroglutamate; SEP: phosphoserine, TPO:
phosphothreonine.
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Table B.2: PDB codes of antibody-antigen complexes in the affinity prediction test set.

1bjl  1bvk  1dgj
Imlc  Inmat 1lop9
1tzi luwxt 1vibt
2fjg 2fjh 2x7t
2j51t  2nz9t  2o0qjt
2ghrt  2qr0 2r0k
2xtjt  2zpkt 3a67
3bgf  3bkyt 3c09t
3gbvt 3gbyt 3ggwt
3iu3  3k2u  3l5w

1dzbt
1p2c

lyy9t
2fx8t
2019t
2r0zt
3a6b

3e8ut
3ghet
315yt

leo8
1p4bt
1za3
2fx9t
2p42
2vir
3a6bc
3eoa
3haet
3ma9

190t
1pz5
1lzmyt
2hfgt
2p43
2vis
3b2ut
3eob
3hil

3mact

1i8kt
1ri8t
1zv5+
2hkft
2p44
2wubt
3b2vt
3eyft
3iflt
3061t

1kxqt
1tett
2a6it
2hrpt
2p49
2wuct
3bdy
3eyst
3ifot
3o06mt

Tkxt
1tzh
2eh8t
2j4wt
2p4da
2xra
3belt
3eyut
ifpt
3qgskt

t: PDB codes that were not processed by Gromacs, as described in Section 2.2.3.4.
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Table B.3: Sixteen structures from (Teplyakov et al., 2016).

PDB Code Fab chains

Vy Germline Vi, Germline

5119 HL IGHV3-23 IGKV1-39
Sila HL, BA+ IGHV3-23 IGKV3-11
5ilc HL IGHV3-23 IGKV3-20
5i1d HL, BA* IGHV3-23 IGKV4-1

Sile HL IGHV3-53 IGKV1-39
5ilg HL IGHV3-53 IGKV3-11
5ilh HL IGHV3-53 IGKV3-20
5ili HL IGHV3-53 IGKV4-1

4kmt HL IGHV5-51 IGKV1-39
5ilj HL* IGHV5-51 IGKV3-11
5i1k HL* IGHV5-51 IGKV3-20
5i1l HL, BA+ IGHV5-51 IGKV4-1

5i15 HL IGHV1-69 IGKV1-39
5i16 HL, BA+ IGHV1-69 IGKV3-11
5117 HL, BA* IGHV1-69 IGKV3-20
5118 HL IGHV1-69 IGKV4-1

*

: structure removed due to missing coordinates; +: structure removed due to a
duplicate structure in the same PDB file.
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Table B.4: Atom types used for calculating x angles.

Angle type Atom types

Residue types

X1

N, Ca, CB, Cy

N, Ca, CB, Sy
N, Ca, CB, Oy

Arg, Asn, Asp, Gln, Glu
His, Ile, Leu, Lys, Met
Phe, Pro, Trp, Tyr

Cys
Ser, Thr

X2

Ca, CB, C, C6

Ca, CB, Cv, O6
Ca, CB, Cy, NO
Ca, CB, Cv, S6

Arg, Gln, Glu, Ile, Leu
Lys, Phe, Trp, Tyr

Asn, Asp
His
Met

X3

Ca, CB, Cv, Ne
Ca, CB, Cv, Oe
CB, Cv, Co, Ce
CB, Cv, Sé, Ce

Arg
Gln, Glu
Lys
Met

X4

Cr, C4, Ng, CZ
Cr, C4, Ce, NC

Arg
Lys
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This [science of operations] constitutes the language
through which alone we can adequately express the
great facts of the natural world, and those unceasing
changes of mutual relationship which, visibly or invisibly,
consciously or unconsciously to our immediate physical
perceptions, are interminably going on in the agencies of
the creation we live amidst.

— Ada Lovelace

C.1 Receptor editing

Receptor editing refers to the process where light chains are V]J-recombined
until a non-self-reactive antibody is produced (Nemazee, 2006). Pre-B—cells
tirst recombine the x chain’s V and | gene segments to form an IgM antibody; if

this fails, A light chains are V]-recombined until success (Appendix Figure A.4).

C.2 Quantifying affinity

The affinity of an antibody-antigen interaction can be measured in terms of
the dissociation constant, Kp. The Kp represents the ratio of the unbound
antibody and antigen with respect to the bound antibody—antigen complex. Kp is
represented as a molar unit, and a lower Kp value corresponds to higher affinity.
For example, an antibody—antigen complex with Kp = 2.5nM has a stronger
affinity than a complex with Kp = 2.5uM . Though less common, the affinity of

the complex can also be represented as the free energy of binding, AG, where
AG = —RT InKp.

R is the ideal gas constant (-8.314 J- K~1.mol™1), and T is the temperature,
e.g. room temperature, which is 298K. AG is measured in joules; converting to

calories uses the conversion factor of 1] = 0.239cal.
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C.3. Calculation of RMSD

Differences in affinity are often represented as AAG, or the ratio of the wild-
type and mutant antibodies” Kp values. For reference, a difference in 1kcal at

298K corresponds to a difference of 4184.1], which is a 5.4—fold change in Kp;

AANG = AGMutan’c - AGWild—’cype

41841] = —RTInKpmutant — (—RT In Kp wid_type)
4184.1 ] — In KD,Mutant
—RT Kp,wild-type

~ —b54

C.3 Calculation of RMSD

The RMSD is a value that is calculated between two protein structures A and
B. It represents the square root of the average distance between the atoms of
A and the atoms of B. RMSD does not follow the rules of triangle inequality;
for example, if two structures A and B have an RMSD of 2A, and structures
B and C have an RMSD of 14, this does not necessarily mean that A and C
will have an RMSD of 3A.

In order to calculate the RMSD between a structure A with respect to
structure B, common atoms must first be superimposed. This is typically
done by Kabsch’s algorithm (Kabsch, 1978). Briefly, a set of ‘equivalent” atoms
is extracted from A and B, for instance, the Ca atoms from both A and B. For
each Ca atom, there are three coordinates: the x, y, and z coordinates. This
leads to an n x 3 matrix where 7 is the number of common Ca atoms between A
and B. The Ca coordinates from A are then superimposed onto the coordinates
of B by finding the rotation and translation matrices that minimise the RMSD
between A and B. The coordinates of A are then transformed to yield A’;

thus, the RMSD between A’ and B is

1 2
RMSD(A/,B) - \/E Z((a;x - biX)z + (agy - biy)z + (agz - biz)z)
i=1
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