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ABSTRACT

Convergence across B-cell receptor (BCR) and antibody repertoires has become instrumental in prioritiz-
ing candidates in recent rapid therapeutic antibody discovery campaigns. It has also increased our
understanding of the immune system, providing evidence for the preferential selection of BCRs to
particular (immunodominant) epitopes post vaccination/infection. These important implications for
both drug discovery and immunology mean that it is essential to consider the optimal way to combine
experimental and computational technology when probing BCR repertoires for convergence signatures.
Here, we discuss the theoretical basis for observing BCR repertoire functional convergence and explore
factors of study design that can impact functional signal. We also review the computational arsenal
available to detect antibodies with similar functional properties, highlighting opportunities enabled by
recent clustering algorithms that exploit structural similarities between BCRs. Finally, we suggest future
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areas of development that should increase the power of BCR repertoire functional clustering.

Introduction

Naive B-cell receptor (BCR) repertoires have an enormous
theoretical diversity (c. 10'°) that is sampled at only a tiny
rate by any individual at one time (c. 10° naive B-cells), how-
ever we frequently observe functional convergence of the
humoral immune response across populations upon particular
(‘immunodominant’) antigen-binding sites (epitopes). This is
one of the great unsolved puzzles of immunology. Studies have
suggested various driving forces behind the observation of
epitope immunodominance (see Rees et al' for a recent
review), but regardless of underlying mechanism it follows
that overlapping epitope complementarities ought to preexist
within the naive BCR repertoires of different individuals to
result in these stereotyped antibody responses (Figure 1).

The capacity to identify same-epitope specificities across the
BCR or antibody repertoires of different individuals leads to
exciting opportunities to both improve our understanding of
immunology and ability to design effective pharmaceuticals.
For instance, given a pathogenic antigen, it would aid in the
prediction of epitope immunodominance, which in turn can
help us to predict how quickly/effectively certain population
cohorts are likely to respond to immunogen challenge. When
immunodominant epitopes are also linked to humoral immu-
nity, human monoclonal antibody cocktails can be designed to
mimic these low-risk, high-reward immune strategies across
broad cohorts of patients struggling to fend off a pathogen.
Alternatively, antibodies could be developed that target other
protective but less immunodominant epitopes. Such therapies
would be expected to enjoy a more durable period of clinical
benefit, since their binding sites are under lower mutation
pressure by natural selection. Another advantage of

understanding the limits of a BCR repertoire’s functionality is
the potential to reveal epitopes that cannot be recognized by
the repertoire (i.e. ‘functional holes’), that may be exploited by
pathogens or lead to increased disease susceptibility across
certain sub-populations. This logic could easily be inverted,
to investigate BCR functional commonalities amongst specific
sub-populations with chronic autoimmune conditions that are
absent from an equivalent cohort of healthy volunteers, or
across diseased patients with surprisingly high resilience.

The typical pipeline to identify repertoire functional conver-
gence involves sampling the B-cells of several individuals in
a particular immune state (healthy, post-vaccination, etc.),
obtaining the sequences of their BCRs, and comparing these
sequences across individuals to find shared/convergent BCR
clonal lineages that are inferred to bind to the same epitope.
Many reviews have documented and benchmarked the wide
variety of bioinformatics software packages that now exist to
process and perform clonal analysis on BCR repertoire sequen-
cing (BCR-seq) datasets.””” However, as yet undiscussed are how
decisions made throughout this pipeline, such as experimental
choices in the sourcing and stratification of B-cells or the impor-
tance and choice of reference BCR-seq datasets can significantly
impact how one should interpret these functional clustering
results. Moreover, only the review by Kovaltsuk et al. in 2017,%
which highlighted the potential for augmenting B-cell repertoire
analysis by incorporating structural data, expands upon using
BCR clonal lineage properties as an in silico strategy for BCR
functional clustering. The field has since expanded greatly, with
several novel published methods that can harness differing
degrees of structure prediction to cluster together more geneti-
cally diverse antibodies with same-epitope complementarity.
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Figure 1. The concepts of functional convergence/epitope immunodominance. Each individual possesses in the region of 10° naive B-cells together sampling a wide
range of B-cell receptors (BCRs). Upon antigen exposure, some of these ‘baseline’ BCRs will be sufficiently complementary to various epitopes (shown as a rectangle,
triangle, and circle) on the antigen surface and will initiate an immune response. In this example, BCRs exist across the two different individuals that can recognize the
“circle” epitope — they have BCR repertoire functional commonality. After differentiation into plasma cells and affinity maturation, the resulting antibody repertoires can
also be seen to converge around specificity to this epitope. The “circle” epitope is therefore ‘immunodominant’ over the other two epitopes, since it was the one was

able to engender an immune response in both individuals.

In this review, we start by recapping the immunogenomic
mechanisms that contribute to the theoretical BCR repertoire
sequence diversity of different B-cell compartments and out-
line the case for why, even though individuals’ B-cell reper-
toires sample only a tiny fraction of the theoretical BCR
diversity at any one time,® we might still expect to observe
the significant functional commonalities that are seen between
different individuals. We then cover key considerations when
designing a robust repertoire analysis study, and how they
influence the likelihood/significance of observing functional
commonality. These include donor recruitment and stratifica-
tion, B-cell extraction regimen, B-cell sorting, B-cell sequen-
cing, and finally choosing appropriate computational tools
with which to functionally cluster the BCR-seq data. Finally,
we discuss potential methods to further improve BCR func-
tional clustering protocols.

Immunogenomic mechanisms contribute to different
BCR repertoire diversities in different B-cell
compartments

The Y-shaped BCR polypeptide is modular, with separate
domains that are functionally distinct. Its cell signaling beha-
vior is governed by the ‘fragment crystallisable (Fc) region’,
a highly sequence-conserved ‘stalk’ which exists in only a small
number of discrete molecular ‘isotypes’ (IgM, IgD, IgG, IgA, or
IgE), each with their own wunique set of effector
characteristics.”'® By contrast, the antigen recognition func-
tion of a BCR relies on sufficient molecular complementarity
between its ‘variable (V) domain’ (at the tips of each ‘arm’) and
the foreign molecule.

Sequence diversity in the V domain is initially encoded by
a set of ‘germline’ gene segments (V and J, and D for certain loci)
which are stitched together in different combinations (via
a process known as ‘V(D)J recombination’'"). At the recombina-
tion junctions (VD, DJ, or VJ]), nucleotide deletions or ‘N’/’P’

nucleotide insertions can accentuate sequence and length diver-
sity beyond the pre-encoded germline. Once translated and
folded, the resulting polypeptide chain forms a stack of antipar-
alle] beta sheets connected by loop regions, of which three
‘complementarity-determining region’ (CDR) loops contribute
to antigen binding. These CDRs are highly diverse in sequence,
length, and structure, particularly the CDR3 that is encoded
across the gene recombination junction(s). Human BCRs com-
prise two chains encoded at different gene loci, a ‘heavy’ and
‘light’ chain (either kappa or lambda depending on the locus),
adding further combinatorial diversity and extending the anti-
gen recognition surface to a set of six neighboring CDRs. The
heavy chain of the V domain (VH) and the light chain of the
V domain (VL) are together termed the Fv region. VH is the
most sequence and structurally diverse, owing primarily to the
D-gene fragment contributing to the hypervariable CORH3 loop
(VL contains only a V- and J- gene).

The diversity described in the paragraph above explains the
sequence space available to the ‘naive BCR repertoire’ (char-
acterized as B-cells bearing high concentrations of BCRs with
the IgM and IgD isotypes, and expressing diagnostic cell sur-
face receptors such as CD21'?). The naive BCR repertoire is
responsible for initiating the B-cell-mediated adaptive immune
response against antigens that the body has not previously
encountered, typically with moderate (i.e. micromolar) affinity.
The theoretical number of sequence-unique naive BCRs has
recently been estimated at c. 10"%,® though far fewer B-cells
than this are expressed at any one time due to blood volume
constraints. Recent estimates for the number of circulating
naive B-cells in humans put the figure at around 10°'
a dynamically changing population whose sampled BCRs
change as the cells die and are replaced.

Once a naive B-cell’s BCR has been activated through an
antigen-binding event (and subsequent T-helper cell assis-
tance), it begins to differentiate into a plasma cell, which is
able to rapidly proliferate and secrete antibodies - serum-



soluble BCRs. Molecular modifications associated with this
transition include displaying different B-cell surface markers
and a process known as ‘class switching’ - where the Fc
region of the BCR swaps from an IgM or IgD isotype to an
IgG, IgA, or IgE isotype. Concurrently, the B-cell migrates to
the ‘germinal centre’ of the lymph nodes and on arrival yet
more sequence diversity can be introduced through the pro-
cess of somatic hypermutation (deliberate nucleotide muta-
tions made throughout the receptor V domain sequence of
both chains, though predominantly in the CDRs). Positive
selection acts to promote mutant BCRs with higher affinity
toward the antigen (‘affinity maturation’). Before or after class
switching, antigen-activated B-cells can differentiate into
long-lived memory cells (often characterized by expression
of cell-surface protein CD27'?), which persist as a high-
sensitivity, low concentration population able to be reacti-
vated and potentially undergo further maturation upon sec-
ondary infection.'® Many transitional B-cell states exist,
distinguished by their expression of unique combinations of
cell markers and cytokines; these were recently reviewed in
detail by Sanz et al.'?

The apparent paradox of BCR repertoire functional
commonality

As mentioned above, the size of the theoretical naive B cell
repertoire is thought to be of the order of 10" different
sequences, which would exceed the total number of cells of all
types in the body by 100 times, the total number of B-cells in the
body (~ 10'") by 10,000 times and more importantly, the num-
ber of circulating peripheral naive mature B-cells (~ 10° based on
numbers of CD27-/IgD+ naive B-cells) at any one time by
a million times. While new, immature B-cells are produced at
the rate of ~ 10° per day, only a small percentage of long-lived
B-cells are retained in the periphery as viable mature B-cells. The
majority are removed during ‘self-reactive’ depletion in the bone
marrow, while those that enter the periphery but fail to success-
fully enter lymphoid follicles, or experience anergy by recogni-
tion of soluble self-antigens, have a much shorter half-life. The
theoretical figure of 10" distinct naive BCRs is therefore likely to
be unachievable for an individual, and at any rate must be
sampled at an ratio of roughly 1/10° due to physical constraints.
Given such dilute sampling of potential BCR diversity per
individual, it might appear that searching for functional com-
monality in the BCRs of different people would be a fruitless
endeavor. This would follow if both (a) repertoire generation is
an entirely stochastic process, and (b) that each naive B-cell
clone is essentially functionally-distinct. However, there is
increasing evidence to suggest that naive BCR expression is
not a random process, and furthermore that BCRs with pro-
pensity to engage the same pathogen epitope are likely to be
contemporaneously sampled across individuals."*""”

The basis for widespread BCR repertoire functional
commonality

There is now a large body of evidence to suggest that certain
germline gene segments are used preferentially across indivi-
duals during V(D)] recombination. Both Boyd et al. in 2010"8
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and Glanville et al. in 2011" showed that the use frequencies of
individual IGHV genes in the naive antibody repertoire varied
between 0.1% and 10%, while IGHD gene usage can vary
between 1 and 15%, displaying a strong preference for one of
three reading frames.””*' Similar biases are observed in the
usage of the IGH] and light-chain genes, challenging the notion
that “all immunoglobulin genes are made equal”.”” Biases can
even be observed during the terminal deoxynucleotidyl trans-
ferase-catalyzed non-templated N-additions.”>"** After apply-
ing these estimates of the effects of biased gene selections,
effective naive BCR repertoire clonal diversity could be as low
as 107, closer to the levels frequently observed.!

Both Briney et al.® and Soto et al.*® have shown that the
frequency of shared clones across human naive B-cell
receptor repertoires is significantly higher than expected if
clones were generated at random, estimating that typically
around 1% of BCR clones are shared (‘public’) between any
two individuals (though the shared clones are not common
to all individuals, in fact clonal sharing drops to just ~
0.02% across 10 people®). By virtue of their highly similar
sequence features, the public naive clones are a priori
expected to have a good chance of initiating an immune
response to the same epitope.

There is much evidence from studies of convergent dis-
ease-/vaccine-response antibodies to support the fact that
BCRs with similar genetic characteristics often engage the
same epitopes. For example, in 2013, Parameswaran et al.'®
analyzed BCR sequences from the peripheral blood mono-
nuclear cells (PBMCs) of 60 individuals, 48 of whom were
infected with Dengue virus plus two control groups: 8 people
with either a non-Dengue febrile illness or healthy indivi-
duals with no previous history of Dengue infection. They
observed evidence of convergence in acute-infected dengue
patients, with their BCRs displaying similar CDR3 region
sequences that were entirely absent both from the control
datasets and a further large reference set of patients from
other clinical trials. In 2017, Robbiani et al. studied responses
to Zika virus across 400 donors in Brazil and Mexico, finding
that BCRs from infected individuals with high anti-Zika
serum responses displayed common germline gene
signatures.'” In the expanded memory B-cell clones of four
of six individuals expressing high titer neutralizing activity,
they detected the over-representation of the IGHV3-23/
IGKV1-5 gene pairing, as well as strong biases in the other
gene regions sampled. Even more strikingly, they found evi-
dence of selection for a common heavy-chain residue that
could only have derived from an N region addition. Ehrhardt
et al., by analyzing vaccinees B-cell responses to the Ebola
rVSV-EBOV vaccine during a Phase I trial in 2019,
observed that not only was there a preference for response
antibodies deriving from the IGHV3-15 heavy-chain germ-
line gene but also that preferential pairing with the IGLV1-40
light-chain gene was present in 17/24 isolated neutralizing
antibodies. Moreover, they detected an overlap in the hyper-
mutated sequence positions of both the heavy and light
chains from different individuals, and similarity in amino
acid replacements, leading the authors to conclude that the
affinity maturation process in different individuals had
a ‘reproducible pattern’.
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Experimental influences on BCR/antibody
repertoire functional signal
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Figure 2. The many experimental parameters that can influence the functional signal in BCR-seq data, spanning the broad categories of blood donor recruitment, B-cell

sampling and sorting, and B-cell sequencing and sequence processing.

More recent studies on BCR responses to SARS-CoV-2 by
Nielsen et al.'* and Voss et al.'”> have observed similar con-
vergence behavior. One of the largest of such SARS-CoV-2
studies by Robbiani et al.*® analyzed the memory BCR reper-
toires of 149 COVID-19 convalescent individuals. Focusing
on six individuals with antibodies displaying high and med-
ium to high neutralization activities, they found certain IGH
and IGL V-genes to be over-represented, and in some cases
found antibodies with almost identical amino acid sequences
(up to 92% identity for a IGHV30-3/IGKV1-39 lineage and
99% identity for a IGHVI1-58/IGKV3-20 lineage). The
authors’ conclusion was that these recurrent, clonally
expanded antibody sequences derived from a memory reper-
toire representing a rich source of anti-Receptor Binding
Domain SARS-CoV-2 antibodies, equating to < 0.01% of the
circulating B cell population. It is reasonable to assume that
such convergent antibodies must necessarily have been a by-
product of an historical epitope-convergent naive BCR
response.

Beyond infectious diseases, genetic convergence signatures
have also been observed in chronic disease contexts, such as in
a recent study by DeFalco et al. which examined the plasma-
blast repertoires of patients with metastatic but non-
progressing cancers.”” The authors found not only a bias in
the usage of heavy and light chain V] gene combinations, but
also identified several CDR sequence features common to
multiple individuals across cancer categories.

There is also growing evidence that same-epitope comple-
mentarity is not limited to BCRs from the same genetic
lineage.*'®'”*>%%% In these cases, convergence of markedly
different sequences toward ‘paratope structural signatures’ that
share shape and property complementarity occurs, embodying
what Jackson and Boyd refer to as ‘predictive features of
human adaptive responses’.>> This is supported by recent
computational analyses on BCR backbone structural usages
across repertoires,”®”” leading to the theory that ‘public base-
line structures’ might exist across naive repertoires that could
act as broad moderate-affinity templates for somatic-
hypermutation optimization against shape-complementary
epitopes.'®”

Overall, the frequency with which epitope immunodomi-
nance is observed raises the probability that considerably more
than 1% of naive BCRs across any two individuals, or 0.02% of
naive BCRs across 10 individuals, can initiate an immune
response against the same epitopes.® This higher probability of
same epitope convergence could be achieved through a form of
‘coding redundancy’ in the naive B-cell repertoire, where many
different heavy and light-chain sequences can assemble to pro-
duce a sufficiently similar sequence and structural paratope to
engage the same epitope. This theory has recently been further
bolstered by a computational study that found a limited voca-
bulary of paratope-binding motifs with restricted sequence
diversity across structurally solved antibodies.”® Since the same
paratope-binding motifs can span multiple-gene origins, the
level of antibody convergence we have detected so far through
clonal clustering of post-exposure BCR-seq data represents just
the ‘tip of the iceberg’, where evolution drives similar optimizing
mutations to push different individuals’ epitope-reactive clones
toward a consensus lineage.

Experimental factors that can influence functional
signals

Many different experimental strategies can be used to isolate
B-cells, with an associated impact both on the likelihood and
interpretation of observing convergent signals across indivi-
duals. Before we review the growing number of computational
tools available to functionally probe BCR-seq datasets, we first
discuss the factors of B-cell profiling study design known to
influence functional signal (Figure 2).

Recruiting donors

The first step in a study to investigate BCR repertoire func-
tional commonality is to recruit appropriate cohorts of indivi-
duals from whom to retrieve BCR sequences. A sufficient
number of individuals need to be recruited to achieve mean-
ingful statistical significance, and if possible the numbers of
individuals in each cohort are balanced.



What constitutes an appropriate cohort is intimately tied to
the research question posed. For example, if a study sought to
investigate the functional diversity of antibodies raised in
response to the first dose of a COVID-19 vaccine, blood donors
might be restricted only to those who hadn’t received a positive
SARS-CoV-2 antigen test result at some point prior to vaccina-
tion (since the first dose of vaccine is likely to induce
a secondary, and therefore distinct, immune response in pre-
exposed people). Alternatively, they might still be recruited
regardless but stratified into a separate cohort. In most cases,
particularly when considering human BCR repertoires, such
stratification is rarely perfect - in this case due to the inacces-
sibility of testing during the early months of the pandemic and
the large degree of asymptomatic SARS-CoV-2 infection.
Equally, another condition could be that no volunteer in either
cohort had previously been infected with SARS-CoV (which is
highly likely to bias any response BCRs through reactivation of
memory cells), or had any history of immunodeficiency or
chronic disease that could influence their ability to respond
effectively. In this context, recruiting a cohort of healthy
patients given the ‘placebo’ (unrelated) vaccine would provide
a set of negative control samples that should not only account
for antibodies that are highly expressed irrespective of health
status, but also the large proportion of bystander antibodies
that appear to be activated in any response and that do not
possess specific antigen-reactivity (as recently seen by Horns
et al. in their analysis of influenza vaccination®).

In addition to prior infection/vaccination history, broader
cohort characteristics can also be considered and either held
constant, balanced, or varied, depending on the research ques-
tion. Studies have found the immune response is dependent
both on age*™** and sex,*’ and that the properties of response
BCRs/antibodies depend strongly on maturation state®® (see
below). Another important, yet often under-considered trait, is
the geographical origin and/or ancestry of each volunteer. This
is relevant since gene loci are under the influence of local
environmental pressures, affecting allelic selection which in
turn can play a role in disease susceptibility through different
induced antibody responses.**™*® For example, IGKV2D-29*02
and IGHV3-23*03 have been found to be significantly over-
represented in North American and Asian populations respec-
tively, correlating with differential ability to engage
Haemophilus influenzae type b (Hib),*® while polymorphisms
in IGHV1-69 and several IGHV2 loci have been associated
with autoimmunity.””** A recent study has found that BCR
gene recombination profiles can vary even amongst human
monozygotic twins,* so it remains unclear to what extent
individual V(D)] recombination preferences can be accounted
for by controlling for volunteer genetics. The role of an indi-
vidual’s microbiome in shaping the nature of the baseline
immune repertoire is also becoming apparent.”®

Often animal models are used to study antibody responses
to a pathogen. This strategy is usually employed when sour-
cing human samples is difficult, to enable sampling of B-cell
compartments from primary and secondary lymphoid
organs,”' or to benefit from the rigor of laboratory rather
than clinical experimental conditions (i.e. allowing for easier
control of variables such as the precise time of exposure to
pathogen and pathogen load). However, difference in species
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biology can be significant in determining whether conclusions
drawn from the model are predictive of patterns in the
human antibody response to the same stimulus. For example,
from the perspective of antibody function, mice have been
seen to exhibit a lower frequency of amino acid mutation
resulting from somatic hypermutation than humans,’* poten-
tially by preferentially using different biochemical repair
mechanisms.”> As a result, different mice may be expected
to converge on more clonally-similar affinity-matured
response BCRs than humans. Mouse BCRs are likely to sam-
ple different regions of functional space, since antibodies with
reactivity against human proteins will not be selected against
by central/peripheral tolerance mechanisms (this is expected
to be the case even in transgenic mice with human immuno-
globulin loci).”* Additionally, if the mice are laboratory-
raised, their young age and sterile storage conditions may
also be expected to lead to a more predictable and convergent
response than would be expected by either mice or humans
with an established immune memory of prior antigen
exposure.”

Extracting B-cells

Once cohorts of volunteers have been selected, an experimental
regimen is chosen for the extraction of blood samples.

Typically as many clinical variables as possible are held
constant so as not to confound the results. These include taking
the same sample volume from each subject (as a proxy for
B-cell number that can be confirmed later) and extracting
samples at the same timepoint(s) post-infection/vaccination,
or when all volunteers are apparently healthy if studying base-
line BCR functional properties. Samples are usually processed
efficiently within a consistent timeframe, to minimize the risk
of sample degradation that might understate the diversity and
number of functional B-cell ribonucleic acid (RNA) transcripts
present at any one time.

The choice of sampling timepoint post-antigen exposure is
another variable that can have a large impact on functional
study conclusions. The B-cell immune response can go
through many stages of selection over time, not only for affinity
but, as is becoming apparent in SARS-CoV-2 vaccination, for
neutralization ability and breadth.*®*’

The naive component of the immune response should be
strongest in the first week(s) following exposure, overtaken
thereafter by class-switched plasma cells that over time benefit
from increased levels of affinity maturation.”® Antigen-
complementary memory B-cells can either be detected in
high concentration soon after exposure, or can develop only
after antigen-encounter if the subject was originally immuno-
logically-naive to the pathogen.” Early differentiated memory
cells (IgM™) are typically of moderate affinity but high promis-
cuity, able to respond to a range of homologous antigens (e.g.
viral variants), while later-differentiated class-switched (IgM~
and IgG*/IgA™) memory B-cells are likely to have higher affi-
nity to the initial immunogen but may exhibit a narrower
functional profile.®®

Most human studies are performed on the B-cell fraction of
peripheral blood mononuclear cells (PBMCs), as peripheral
blood is the most practical and ethical source of B-cells. As
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peripheral blood is not a lymphoid organ (and therefore not an
epicenter of the developing immune response) B-cell compart-
ments harboring true disease response BCR signal can be
heavily diluted.**%' To compensate for this, the decision
might be made to use enrichment tactics such as cell sorting
(see below).

Occasionally, the opportunity may arise to obtain samples
directly from lymphoid organs by studying subjects post
mortem.®> Such samples are more common in studies on ani-
mal models, where BCRs can be sourced from organs such as
the bone marrow, spleen, and lymph nodes upon harvesting;®’
analyzing these datasets would be expected to yield purer
clonal expansion signals with enhanced concentrations of
plasma and activated memory B-cells.®*

Sorting B-cells

Different BCRcompartments carry their own characteristic
functional signal that reflects their role in immune surveillance
or response.'> General methods that sort B-cells from T-cells
and other cell classes from the PBMC mixture result in the
mixing of distinct B-cell compartments, capturing the BCR
repertoire in bulk fashion. This can significantly dilute many
compartment-specific functional signals, such as those present
in certain memory B-cell components that exist at extremely
low concentration in peripheral blood.®* To combat this, dif-
ferent degrees of cell sorting (appropriate to project budget and
time constraints) are sometimes performed prior to sequencing
to enrich certain B-cell fractions.

This is usually achieved via fluorescence-activated cell sort-
ing (FACS), a specialized form of flow cytometry. It is a form of
immunophenotyping, making use of monoclonal antibody
reagents (covalently bound to a fluorescent probe) that bind
selectively to a particular surface marker protein or BCR iso-
type. As labeled and unlabeled B-cell droplets flow through the
cytometer, those tagged with a fluorescent antibody are
deflected into a separate vial, while those without stay on-
course. Sequential FACS experiments using different mono-
clonal antibodies can be used to isolate B-cell compartments
with complex diagnostic combinations of cell-surface markers
and BCR isotypes.'> Up to 38 distinct B-cell components can
currently be isolated through careful positive and negative
selection.” For example, activated class-switched memory
B-cells, which reveal BCRs from previous infections that also
have complementarity against the vaccine/pathogens, can be
enriched by ‘gating’ for the presence (+) or absence (-) of the
following B-cell surface markers: IgD-CD27+CD38-CD24-
CD21-IgG/IgA+CD95+CD86+ .'> They are distinguished
from resting class-switched memory B-cells via their absence
of CD38, CD24, CD21 and their expression of CD95.

Some studies go a step further and high-throughput sort
bulk B-cells (or pre-sorted B-cell compartments) directly for
antigen complementarity. Fluorescence-tagged antigens can be
introduced which gravitate toward complementary BCRs and
become co-encapsulated within the microfluidics droplet.®>~%®
FACS can then be used to enrich for the B-cells more likely to
be antigen-complementary before subsequent sequencing (see
below). In LIBRA-seq, several different antigens can be
assessed simultaneously using antigen-specific

deoxyribonucleic acid (DNA) barcodes, enabling antigen spe-
cificity to be revealed directly from the single-cell sequence
reads.® Alternative in vitro and in vivo antigen-specificity
sorting approaches, including methods of increased sensitivity
to analyze rare B-cell compartments such as magnetic enrich-
ment and recombinant phage-display library generation,®
have recently been reviewed by Boonyaratanakornkit et al.”

Antigen-specificity sorting is proving to be a transformative
technology in accelerating the process of rapidly homing in on
high-affinity B-cell clones specific to particular functions inter-
est. State-of-the-art approaches such as novel epitope display
technologies,””’*> second-generation LIBRA-seq techniques
including ‘ligand blocking’,”” or higher-throughput epitope
mapping approaches’* could soon make it possible to select
for binders to particular antigen regions.

BCR sequencing

Once B-cell samples have been isolated and potentially sorted,
the next procedure is to record the sequence of each B-cell’s
encoded BCR.

If the B-cells have been sorted for antigen-affinity in a low-
throughput manner (e.g. such as cell staining microscopy’”),
the number of implicated BCRs may be sufficiently low that
high-fidelity sequencing techniques such as Sanger sequencing
are applied. For any higher-throughput antigen-specificity
study, or any study without B-cell sorting for antigen associa-
tion, correspondingly high-throughput (‘Next-Generation’)
sequencing (NGS) techniques are exploited to handle the
scale of the data.

Single-chain sequencing

In single (‘unpaired’) chain sequencing, B-cells are bulk lysed,
V(D)JC regions are extracted via transcription and adjoined
with sequencing adaptors (and potentially DNA barcodes), and
subsequent polymerase-chain reactions (PCRs) are utilized to
amplify the signal and facilitate detection of the full spectrum
of reads. The bulk lysis process means that native cellular VH:
VL pairings are lost, but allows for a much deeper and faster
analysis of the transcript repertoire since B-cells do not have to
be handled individually. This represents a trade-off from
a functional signal perspective: while whole-binding site reso-
lution is lost, a much deeper sample of the repertoire offers
greater statistical confidence in the signal. Sequencing libraries
are produced from the amplicons and high-throughput short-
read sequencing is employed to retrieve a deep sample of the
VH and/or VL repertoire.

Many sequencing protocol choices can influence the result-
ing distribution of sequences obtained from the experiment.
One such choice is whether to analyze messenger RNA
(mRNA) or genomic DNA (gDNA). mRNA allows for detec-
tion of isotype information at the point of sequencing; in
gDNA the switch and constant regions are too distant from
the V(D)]J region. However, gDNA is more stable and controls
better for B-cell expression differences, ensuring read fre-
quency better reflects B-cell abundance and does not bias
toward high-expression compartments such as plasma
B-cells. DNA barcodes such as Unique Molecular Identifiers
(UMIs) can be helpful in correcting for amplification bias and



PCR error, since it is possible to trace multiple assembled reads
with the same UMI back to the same central progenitor
sequence. For full reviews of library generation protocols, see
Yaari et al. and Chaudhary et al.>>

Several NGS techniques have been developed since
2009,”*”7 each with their own advantages and disadvantages.
Mlumina sequencing remains the dominant platform for single-
chain BCR analysis, since it benefits from relatively low cost/
read and error rates, while achieving a good read depth, fast
speeds through parallel sequencing, and tolerable read length.
High fidelity typically lasts for a duration of ¢. 300 base pairs, so
the technology must be applied in the forward and then reverse
directions to span the complete VH or VL sequence. So, to
obtain contiguous nucleotide reads, the Illumina forward and
reverse amplicons must be ‘assembled’.

A variety of tools can achieve this, including pRESTO”® and
MIXCR.”” Quality assessment is usually performed during the
assembly pipeline to ensure that assembled reads are genuine
antibody sequences and do not contain sequencing or library
preparation errors. FastQ files obtained from the Illumina
sequencing data can offer an indication of nucleotide assign-
ment confidence, while a variety of tools exist to retain only
assembled sequences that align tolerably to known Ig germ-
lines, are in-frame, and do not contain stop codons. Several
tools can also perform UMI correction (given the barcodes
used) for correction of amplification bias. The many pipelines
available to go from raw reads to compiled sequence datasets
are comprehensively reviewed in Jacome et al.” Due to sequen-
cing technology biases, and the many parameters that can be
tuned during read assembly, comparisons made between data-
sets sequenced using the same platform and processed using
identical assembly pipelines will yield the most robust func-
tional conclusions.

Paired-chain sequencing

To preserve VH:VL pairings, and therefore analyze the func-
tion of the whole BCR/antibody binding site (paratope), single-
cell (‘paired-chain’) sequencing experiments are required.*

The dominant platform for single-cell transcriptome
sequencing is currently provided by 10X Genomics.*" It uses
a combination of microfluidics to encapsulate individual cells,
capsule-specific reverse-transcription oligonucleotides to label
complementarity DNA (cDNA) libraries with their cellular
origin, and short-read Illumina sequencing to rapidly capture
each cell’s gene expression profile. The Chromium single-cell 5
RNA-seq technology is designed specifically for generating
immunoglobulin (Ig) sequencing libraries, while other primers
can be used to create libraries for other gene transcripts. This
can be helpful to draw correlates between Ig expression and
B-cell state, offering finer resolution than FACS for differen-
tiating highly similar B-cell types,®” and is facilitated by new
algorithms such as Platypus.®” Reads are assembled and dede-
pulicated using the CellRanger package.®'

Despite parallisation of the technique, a maximum of
around 10,000 cells can be analyzed in each 10X run, meaning
it can be difficult, though certainly not impossible,** to gain
whole-repertoire functional insight (e.g. clonality) from single-
cell sequencing alone. Increasingly, 10X runs are run alongside
standard Illumina VH-sequencing, whereby the deeper VH
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repertoire samples from the NGS implicate expanded clones
of interest and mapping these to the 10X runs allows for entire
Fv binding sites of interest to be deduced.” Alternatively, cell
sorting is run prior to single-cell analysis to enrich for
a  diagnostic = B-cell = compartment or  antigen
complementarity.®’

BCR-seq databases and post-processing

The field of BCR-seq functional analysis has been facilitated by
efforts to aggregate BCR-seq data into repositories, including
the Observed Antibody Space (OAS)>* and iReceptor®® data-
bases, containing data shared in a consistent manner according
to standards established by the Adaptive Immune Receptor
Repertoire Community (AIRR-C).*” These AIRR-C standards
ensure that relevant metadata (including age, gender, and iso-
type) is preserved alongside each BCR-seq entry. The OAS
database also precompiles ‘data units’ (sequences associated
with a unique combination of metadata) within each BCR-
seq dataset.

While the increased availability of BCR-seq data opens the
door to comparative functional analysis across studies, it may
not always be appropriate. For example, finding that a dataset
sequenced without UMI correction has more expanded clones
than one publicly released post-UMI correction could simply
reflect the fact that PCR error has not been accounted for in the
first dataset. This and other significant protocol deviations
between any two studies impose severe limitations on the
validity of detecting differences in repertoire properties.
While machine learning methods may be able to distinguish
the two datasets, they are far more likely to have learnt biases
associated with the different sequencing, assembly, or proces-
sing methodologies rather than informative immunogenomic
features. AIRR-C standards and OAS data units enable better
evaluation of the suitability of comparing two datasets, given
all the potential influences on functional signal.

Additional post-processing steps can be applied to
assembled BCR-seq datasets to increase repertoire read fidelty,
and through the removal of data can also influence functional
signal.>*® For example, ABOSS® removes all assembled
sequences that lack key conserved features and thus are very
unlikely to adopt a stable immunoglobulin fold, while
sequences could be filtered by clonal redundancy, with the
inference that more commonly observed clones are higher-
confidence.’

Computational approaches for functionally analyzing
BCR-seq data

At this stage functional analysis strategies tend to diverge
depending on the quantity of BCR-seq data available. If a fine-
grained sorting regimen (e.g. LIBRA-seq) has been applied to
yield a tractable number of sequences for classic in vitro profil-
ing, one could proceed directly with antibody expression and
molecular characterization. However, in most cases the scale of
BCR-seq data necessitates computational analysis and/or clus-
tering to search for features indicative of functional conver-
gence or to home in on particular implicated clones for
subsequent experimental characterization.
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An array of computational approaches are used for this
purpose. We will first describe whole-repertoire immunoge-
nomic features that can be used to detect similar functional
shifts between repertoires, many of which can be automatically
calculated by processing pipelines.” We will then detail methods
that attempt to identify the particular BCRs in different indivi-
duals with propensity to engage the same epitope. In all cases
where the aim is to distinguish disease-response from baseline
BCR repertoires, the degree of overlap should be measured
relative to a size-matched healthy or simulated repertoire
data,* to account for serendipitous similarity between datasets
deriving from innate V(D)]J recombination biases.

Repertoire-wide sequence properties with functional
relevance

Isotype frequencies

Biases in the usage of different isotypes across volunteers can
be functionally informative, as certain isotypes are linked with
characteristic functions (e.g. the role of IgA in muscosal immu-
nity). Differential isotype usage relative to a healthy baseline
could highlight certain B-cell compartments as centers of
a developing immune response. It could also suggest
a sampling bias that can impact functional interrogation; if
a BCR-seq dataset contains 90% IgM and only 5% IgG
sequences, then the functional signal from plasma cells can
be expected to be significantly diluted.

CDR Lengths

CDR length usage differences from baseline can indicate
a whole-repertoire functional shift driven by selection toward
certain immunodominant pathogen epitopes. This is particu-
larly evident in the more variable CDRH3 loop. Infection with
the human immunodeficiency virus, for example, has been
shown to shift the lengths of the CDRH3s in the IgG repertoire
toward significantly longer lengths relative to healthy indivi-
duals or those with chronic cytomegalovirus infection .”

Gene usage profiles

Each read can be aligned to a reference set of known germline
genes using a variety of programs including IMGT/V-Quest”’
and IgBlast92 (for a nucleotide sequence) and ANARCI” (for
an amino acid sequence) to infer its genetic origins. Gene
usages can be considered on a per-segment basis (e.g. IGHV
only) or pairing frequencies can be considered between gene
transcripts encoding the same chain (e.g. IGHV-IGH]J usages),
or different chains (e.g. IGHV-IG[K/L]V usages). They can be
used to identify similar gene expression pattern drifts common
in diseased patients vs. healthy individuals or those with an
unrelated disease. Repertoire somatic hypermutation distribu-
tions can also be derived as a byproduct of gene assignment.
This can be useful for distinguishing whether an immune
response is driven by naive or affinity-matured B-cells; for
example, Galson et al. showed that patients with lower
COVID-19 disease severity tended to respond with a higher
proportion of unmutated sequences.”*

Clonal clustering (‘clonotyping’)

Clonal lineage clustering (often termed ‘clonotyping’) is an
extension to gene usage assignment that groups sequences
with common predicted V(D)J origins and greater than
a certain percentage (typically > ¢. 80%) CDRH3 amino acid
sequence identity.” It can be applied on single-chain (usually
VH) data or on VH:VL paired data.

Mapping BCR-seq sequences into approximate clonal
lineages allows for the calculation of properties that capture
repertoire diversity,” >’ such as the clonal diversification
index (Renyi entropy, capturing unevenness in the number of
V(D)]J sequences per clone’”) or the proportion of BCR-seq
data mapping to the ten largest clonotypes.

Proliferation and expansion of a clone is indicative of
immune selection and subsequent hypermutation, so can
reveal dominant antibodies raised in response to antigen sti-
mulation. In some patients the signal can be striking. For
example, the peripheral blood BCR repertoire samples of
some recipients of an influenza vaccine in 2016-2017 con-
tained up to 22% of sequences mapping to the same clonal
lineage.”® The direction and degree of evolution within mem-
bers of a clonotype can be estimated by constructing lineage
trees from the precursor germline sequence.”®

Structural Annotation of AntiBodies (SAAB+)

SAAB+,”® developed from the original SAAB program,” offers
a way to annotate BCR repertoires with estimated structure
usage distributions. Typically applied to VH BCR-seq datasets,
it uses SCALOP'® to predict the approximate structure as
given by the canonical class of CDRH1 and CDRH2, and
FREAD'"'” to homology model the structure of the
CDRH3 loop, which is binned into the nearest CDRH3 struc-
tural cluster. Repertoire-wide properties such as canonical class
usage, deviation of canonical class from germline, and CDRH3
structural cluster usage can be calculated. Recent studies have
shown structural usage pattern changes along the B-cell devel-
opment and maturation axis,”” as humans age,42 and during
a developing immune response.'®

Repertoire clustering to find BCRs with similar epitope
complementaries

Clonotyping

Clonotyping remains the dominant sequence-based methodol-
ogy for functionally grouping BCRs. It is applied across BCR-
seq datasets in a similar manner to intra-repertoire clonal
clustering, by aggregating a pair of datasets into a single
input file (each sequence labeled with its origin) and ‘public’
clonotypes are detected as those that contain at least one
sequence from both datasets. Clonotyping can also be applied
between a BCR-seq dataset and other reference datasets of
antibodies to search for convergent signals.”*'**

When used for functional annotation, clonotyping assumes
certain properties of the BCRs/antibodies that are able to
engage the same epitope: (a) that the heavy and (if available)
light-chain gene origins must be identical to achieve epitope-
complementarity, and (b) that high CDRH3 sequence identity



is required between any two antibodies capable of binding the
same epitope. These assumptions cluster a large proportion of
binders to some epitopes, but do not hold for many other
epitopes that can be engaged by a broad range of
lineages.****°

For example, some IGHV genes (such as IGHV3-53 and
IGHV3-66) are much closer in sequence identity to one another
than many other gene pairs. They are correspondingly more
likely to be misclassified for one another and, regardless of
classification, to be co-complementary to the same epitope, as
seen for in the context of a neutralizing SARS-CoV-2 epitope.””
However, clonotyping does not consider gene transcript
sequence similarity when assigning lineages, so would exaggerate
the difference between these lineages. In several other epitopes,
only a handful of contacts to the CDRH3 loop are observed.”*'*
In these cases CDRH3 identity would not be a good indicator of
common function, since the interaction motif necessary for
binding can be achieved with a markedly lower net sequence
identity than typical clonotyping thresholds.*

Leniency can be introduced to the clonotyping procedure,
either by reducing the CDRH3 sequence identity
threshold,”®*>** by requiring only a V-gene match instead of
V and J,>* or simply focusing on CDRH3 properties alone.'®
However, this comes with the disadvantage that clusters
become increasingly likely to contain antibodies that don’t
bind to the same site as the thresholds are relaxed.

Paratyping

Rather than imposing a sequence identity restriction across the
whole CDRH3 loop, paratyping” seeks to differentiate
between CDR loop residues whose identity can vary without
consequence and those whose identity is crucial for same-
epitope complementarity. This builds on recent improvements
in epitope-agnostic paratope prediction, to the point where
heavy chain (VH) paratope residues can now be predicted
with a Receiver Operating Characteristic Area Under the
Curve (ROC AUC) of over 87%.'% Paratyping clusters over
those antibody residues predicted to be in the paratope using
a threshold of 75% sequence identity. While paratyping is
sequence-based like clonotyping, some general features of anti-
body structure may be captured due to the use of predicted
paratope residues. Experimental validation on antigen-sorted
and bulk BCR-seq data from repertoires responding to pertus-
sis toxoid demonstrated that paratyping can successfully iden-
tify a higher proportion of antigen-complementary VH
sequences than clonotyping.33

Ab-Ligity

Ab-Ligity™* also uses predicted paratope residues,'’® but more
explicitly considers their relative spatial orientation by building
a homology model of the antibody using ABodyBuilder.'"”
Once built, the relative disposition of paratope residues is
converted into a hash table (using the algorithm originally
developed for the small-molecule tool, Ligityws), that can be
directly compared to other converted paratope hash tables to
determine binding site similarity. This method was shown to
selectively identify anti-lysozyme antibodies that engage the
same epitope despite exhibiting as little as 43% CDRH3
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sequence identity to one another, while ignoring an antibody
with comparable CDRH3 sequence identity that binds
a different protein.

Repertoire Structural Profiling

Repertoire Structural Profiling®” (RSP) is an approach that
attempts to capture the maximal (modellable) structural diver-
sity in a BCR-seq repertoire. By first predicting homologous
templates for each CDR sequence'*'%* and Fv orientation in
a VH:VL pair (artificially created or natural, depending on
sequencing methodology), the algorithm then performs rapid
greedy structural clustering on the selected templates to map
sequence pairings onto representative ‘distinct structures’. The
analysis can be performed for a single individual or for many
individuals. If multiple people are profiled, a set of ‘public’
model structures can be derived representing topologies likely
to be common to every repertoire. One or more sequences
from each representative structure, or the full set of sequences
assigned to a representative structure of interest, could then be
selected for in vitro or in silico screening library generation,'””
the latter of which can then be functionally probed using
methods such as high-throughput docking into an epitope of
interest.'””''* By holding predicted structure constant rather
than sequence, libraries designed by RSP could result in the
identification of disparate clones with sufficient structural con-
servation to engage the same epitope.

A related structural clustering technique has recently been
applied to the first virus family-specific antibody database, the
Coronavirus Antibody Database (CoV-AbDab),'** pooling
together antibodies from different lineages but with similar
model structures that are predicted to engage the same corona-
virus epitope.”* By clustering in this way, the binding domain-
consistency of multiple-occupancy structural clusters was
over 90%.

Comparing BCR-seq data to reference antigen-specific
datasets

Any of the above tools can be used to compare the properties of
the repertoire sequences against molecules shown experimentally
to bind the target of interest in antigen-specific datasets, such as
CoV-AbDab” or an antigen-filtered version of the Structural
Antibody Database (SAbDab).'”” Detecting hits to these data-
bases can be used to make a case for the functional ‘publicness’ of
a response BCR/antibody, if the same functional signal was
observed multiple times across independent investigations.

For example, Galson et al.”* compared the convergent
VH clonotypes from SARS-CoV-2 patients with CoV-
AbDab,' finding 10 clonal matches to molecules known
to engage SARS-CoV-2 or a related coronavirus. As each
CoV-AbDab entry comes with an array of metadata, this
knowledge facilitated the prioritization of antibody clones
with heightened neutralization potential for further precli-
nical development. Several other papers have since per-
formed clonotype comparison between BCR-seq data and
CoV-AbDab'''"''* to learn from the growing body of
knowledge (over 4,150 sequences as of 26" October 2021)
on antibodies able to engage coronaviruses.
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Discussion

Our current understanding of the extent of BCR repertoire
commonality has derived from repertoire-wide property ana-
lysis, or clonal lineage/ CDRH3 sequence comparisons between
antibodies raised across different individuals. However, with
the growing evidence that markedly different loop sequences
can result in co-complementary paratopes to a given
epitope,****° the possibility arises that the already strong
convergent signatures we identify in many disease response
repertoires represent only a fraction of same-epitope comple-
mentarity across individuals’ BCR repertoires. Several new
BCR-seq analysis tools have been released that attempt to
capture this missing signal.

In all cases, these methods relax the conventional genetic
constraints of clonotyping to detect molecules with suffi-
cient chemical and/or structural similarity that they may be
able to recognise the same epitope. This is likely to be
necessary to spot functional commonality between naive
BCRs, which only engage antigens with moderate (micro-
molar) affinity and typically belong to different clonal defi-
nitions from their affinity-matured counterparts. It should
also result in the identification of more diverse affinity-
matured antibodies able to engage the same target. This
will be highly valuable to early-stage antibody drug discov-
ery, where ‘hopping’ to a new clonal lineage may achieve
a common function but with improved developability.”
Further improvements to these algorithms are likely to
come from identifying more optimal balances between the
interaction and structural conservation necessary for same-
epitope engagement. Current methods will be facilitated by
redoubled efforts to solve structures of more diverse anti-
bodies in complex with a variety of pharmacologically rele-
vant antigens (we note also that the recent uptick in data
on antibody binders to coronavirus antigens is beginning to
lead to significant biases in databases such as SAbDab,'"
that will need to be considered when training/evaluating
future algorithms). Furthermore, recent dramatic improve-
ments in our ability to accurately model general protein
single-domain structures''>''® may soon be translated to
improved antibody structure prediction, and eventually to
accurate antibody-antigen complex structure prediction,
yielding orders of magnitude more training data and con-
comitant new computational methods.

An assumption in all (non antigen-sorted) BCR-seq cluster-
ing methodologies is that selection by the immune system is
sufficient to implicate antigen-complementarity. This is not
always the case, as shown recently by Horns et al.”® Further
accuracy improvements in BCR-seq clustering may therefore
come through harnessing prior understanding of the epitopes
of interest on an antigen. Recently, Akbar et al. have shown
proof of principle that knowing a solved epitope’s structural
interaction motif one can reasonably accurately predict the
corresponding paratope interaction motifs, each of which
tend to have restricted sequence identity.’® This may in the
future lead to improved “epitope-aware” paratope prediction,
building on earlier work''” that focuses more selectively on

necessary conserved features to engage the epitope and cluster
over just these regions. Along these lines, Dumet et al. recently
released data suggesting that their commercial MAbCluster
and MAbTope artifical intelligence methods are able to group
together RBD-binding antibodies from CoV-AbDab in
a manner consistent with our understanding of their
function."'® At this stage, such strategies are only possible
and interpretable with some prior knowledge of antibodies
able to engage the antigen of interest (e.g. solved structures,
or binding assay data), as epitope prediction on the antigen
structure alone remains too inaccurate.''® For application in
vaccinology, however, it is likely that some initial information
would be known about antibodies that can engage a conserved
epitope, and therefore epitope-aware methods could offer
insight into how likely such an immunogen is to elicit
a robust and specific antibody response across a population.

Continued symbiotic advances in both BCR-seq experimen-
tal design (such as deep paired-sequencing) and computational
BCR functional clustering algorithms could usher in an era
where epitope complementarities (and therefore ‘functional
holes’) are identified solely through analysis of patient BCR-
seq data. This would not only lead to step-change improve-
ments in drug discovery, but would also contribute to the
continued wider debate concerning the driving forces behind
repertoire selection.”>>'"
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NGS: Next-generation sequencing
OAS: Observed Antibody Space (database)
PBMCs: peripheral blood mononuclear cells
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