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Abstract

The rapid sequencing of antibody genes has accelerated vaccine development.
However, predicting synthetic antibodies capable of binding and neutralizing novel
antigens remains challenging due to a limited understanding of the rules of protein-
protein interaction at the surface of an antigen to which its cognate antibody protein
binds. While recent advances in single-cell sequencing of antibody-producing
B-cells sequences have improved precision in mapping B-cell receptors (or BCRs,
which are the membrane-bound forms of the antibodies) to their cognate antigens,
there remain additional challenges. We have developed a computational strategy,
the Antibody Specificity Predictor (ASPred), with which we have trained two
Large Language Models (LLMs) with known sequences of antigen-BCR pairs
to predict antigen-specific BCRs from the total BCR repertoire of immunized
mice. By leveraging pattern recognition capabilities of LLMs we successfully
classify novel B-cell receptors with a challenge antigen not represented in the
training set, without the need for preselecting the B cells by antigen binding. The
properties of the top 10 predicted candidates were validated by coarse-grained
molecular dynamics simulations. These results suggest that sufficient information
exists in BCR-antigen sequence pairs for LLMs to reliably predict antigen-antibody
interaction specificity, potentially opening new avenues for the computational
design of synthetic antibodies for vaccine and therapeutic development.

*email:karenpaco33 @gmail.com, https://mpacomendivil.github.io/paco-bio

Preprint. Under review.



1 Introduction

Adaptive immunity depends on mutation and recombination at antibody heavy (H) and light (L)
chain genes in immune cells [1]] which generate the diversity [2, 3] followed by the selection and
maturation of immune B-lymphocytes (B-cells) making the appropriate antibodies through signaling
by cell-surface receptors (B-cell receptors or BCRs) that are composed of their respective antibody
proteins in a membrane-localized form [4, [5]. B-cells are subsequently selected for maturation
through a complex process of multicellular signaling to expand clonally, followed by immunoglobulin
class switching by recombination to produce secreted antibody molecules with different constant
regions as scaffolds (IgG, IgA, or IgE) but with the same variable H and L chain regions, respectively
(6} 14, 13].

Monoclonal antibodies, which have become a cornerstone of medicine and biotechnology, are gener-
ally selected from pools of many antibodies by various in vitro methods including the hybridoma
technology, phage or yeast-surface displays, and more recently by B-cell cloning [7, [8]. Rapid
sequencing of genes encoding circulating antibodies following a virus infection has led to an un-
precedented speed in producing monoclonal antibody vaccines against an emerging pandemic [9].
One approach to accelerate this capability even further is to computationally predict the sequence of
synthetic antibodies that can potentially bind and neutralize a novel target antigen, a goal yet to be
realized [10].

The space of antibody diversity is immense, of the theoretical order of at least 10'%, although in
practice a far lower diversity is observed [[11, 12, [3]. Diversity is generated during the maturation
of B and T cell precursors in response to the presence of foreign antigens that are presented to
these cells through cell surface displays. The germline antibody gene sequences at their V-D-J and
V-J segments in H and L chain genes, respectively, undergo targeted cleavage, DNA nucleotide
insertion/deletion mutations, and recombinational repair, producing numerous sequence variants
in three segments of each H and L chain genes — the complementarity determining region or CDR
1 through 3, with maximum variation occurring in the CDR3 segment [0, [13]]. These variant H
and L chain CDRs, buried within the constant immunoglobulin M (IgM) scaffolds, assemble as the
antibody precursors and are displayed as membrane-bound forms on B-cell surfaces, the BCRs [14].
Those cells exhibiting (and encoding) relatively strong binders to the antigen selectively proliferate
in a process mimicking Darwinian evolution, and under selective pressure produce clones of highly
specific antibody-producing mature B-cells [14].

Factors contributing to the selection and maturation of specific B-cell clones are complex and poorly
understood [15}/16]. Only a small fraction (0.01-0.1%) of circulating B-cells in an antigen-inoculated
individual display BCR sequences specific to the challenge antigen, and the structural relationships
between the antigenic surface (epitope) and its corresponding antibody region (the paratope) that
specifically binds to the epitope are obscure. These and other factors make identifying the origins of
antibodies from the corresponding B-cell clones a challenging problem. Recent advances, such as
sorting B-cells that bind to labeled antigens and sequencing their BCRs, have enabled the identification
of antigen-specific BCRs [[17, [18]. However, these techniques remain time-consuming, expensive,
and laboratory-intensive. They are also technically complex, sensitive to experimental conditions,
and can introduce biases in cell selection. These labor-intensive processes generate vast and complex
datasets that require extensive computational analysis, yet often provide limited information about
the functional relevance of the antibodies thus identified [[19, 15]].

Recent advances in supervised machine learning, particularly deep learning techniques, have enabled
the prediction of novel protein 3D structures and protein complexes by training on vast protein
sequence datasets [20H23]]. Models like AlphaFold2[22]] and RoseTTAFold[20]] employ specialized
architectures to capture evolutionary and structural features within protein sequences, effectively
predicting protein folding and interactions. While protein language models (a form of LLMs)
help in modeling sequence patterns to folded protein structures by capturing short- and long-range
dependencies[24, 23} 21, [25]] and correlating these dependencies with known protein structures, the
reliable prediction of specific antigen-antibody pairs remains a largely unsolved problem. Challenges
include the scarcity of antigen-antibody paired sequence datasets, the flexibility of the protein
backbone and amino acid residues at binding interfaces, and potential biases arising from the clonal
nature of antibody evolution[26H28]].



Testing dataset
[m]

—

v
Immune cells
Mouse
immunization
o | with antigen

Single cell isolation
and VDJ sequencing

LLM Training and finetuning %

Transformer Module Transformer Module

Whole immune repertoire Computa.tional and
N Layers N Layers experimental
| validation
(Add & Norm a a
= Classification Module

) Binar Candidate
__lEmbeddings Embeddings c|assiﬂcayﬁon antigen
specific BCR

head

sequences

Positional Positional
Embedding Embedding

Input Input ‘
Embedding Embedding
In{;ul Inbul
250M sequences - 26,689 sequences
ESM2

Figure 1: Diagram of method for identification of antigen-specific B-cell receptors

Here we address the challenge of identifying antigen-specific BCR sequences without physically
pre-selecting B cells for antigen binding. We demonstrate that a fine-tuned Large Language Model,
ASPred, can classity a single B-cell V(D)J sequence repertoire of mice immunized with a challenge
antigen, successfully identifying antigen-specific BCR sequences. The binding properties of the 10
top candidates that were obtained from ASPred were tested to form complexes with the RBD from
the wildtype SARS-CoV-2 by different molecular simulation approaches. These findings suggest that
sufficient information exists within BCR-antigen sequence pairs for an LLM to uncover sequence
dependencies and reliably predict antigen-antibody interaction specificity.

2 Results

2.1 Prediction of antigen-specific B-cell receptors

To identify antigen-specific B cell receptors (BCRs) from the total repertoire of peripheral blood
mononuclear cells (PBMC), we employed three distinct approaches. The first approach utilized
the clustering tool InterClone [29], which introduces a novel method to cluster antibodies sharing
antigenic targets based on their complementarity-determining region (CDR) sequences, with MM-
Seq2 facilitating effective sequence clustering through homology alignment and gap management.
We constructed a dataset comprising 11,917 known SARS-CoV-2-specific antibody heavy chain
sequences sourced from CovAbDab [30] and an additional 310 heavy chain sequences obtained from
our own experimental single-cell testing dataset. Using a clustering threshold of 70% for the CDR
similarity index (SID) and requiring 90% coverage, we identified 96 candidate sequences from our
single-cell testing dataset, which clustered with known SARS-CoV-2 antibody sequences.

The remaining two approaches were based on advanced transformer models: the Evolutionary
Scale Modeling (ESM-2)[32] and the Protein structure-sequence T5 (Prot-T5)[31]]. For both mod-
els, we utilized pre-trained weights from established protein transformer architectures, specifically
esm2_t33_650M_UR50D and prot_t5_ xI_uniref50. We incorporated a binary classification head
in each model to differentiate between SARS-CoV-2-specific and non-specific antibodies.
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Figure 2: Predicted probability for the ESM-2 model (A and B) [21] and ProT-T5 (C and D)] [31].

Our antibody language models were fine-tuned on a comprehensive dataset of 26,689 sequences,
which included a balanced representation of both positive (antigen-specific) and negative (non-
specific) samples. To enhance performance and reduce computational burden during the fine-tuning
process, we utilized a technique known as Low-Rank Adaptation[33]], or LoRA. This method involves
fixing the weights of the pre-trained model while incorporating trainable low-rank decomposition ma-
trices into each layer of the Transformer architecture. By doing so, LoRA significantly decreases the
number of parameters that require adjustment for downstream tasks. This efficient adaptation process
enables our models to effectively learn task-specific nuances while maintaining low computational
overhead.

The ESM-2 model was fine-tuned with a dropout probability of 0.2, a learning rate of 265, a weight
decay of 0.01, a batch size of 4, and was trained for 10 epochs, achieving an accuracy of 90% on
the test dataset. Similarly, the Prot-T5 model was fine-tuned with a dropout probability of 0.1, a
learning rate of 262, a batch size of 8, and trained for 8 epochs, yielding an accuracy of 88% on its
test dataset. By applying a threshold of 0.4 on the predicted probabilities, the ESM-2 model identified
60 candidates, while the Prot-T5 model identified over 100 candidates. The selection of sequences
with the highest predicted probabilities indicates that our binary classification system effectively
distinguishes between binder and non-binder antibodies, with most probabilities clustering around
the extremes of 0 (non-antigen-specific) and 1 (antigen-specific).

We merged the three sets of candidate sequences, highlighting those selected by multiple models.
From this, we identified the top ten SARS-CoV-2-specific antibodies for further analysis and validation
of their binding to the receptor-binding domain (RBD) of the SARS-CoV-2 spike protein.

2.2 Antibody-antigen docking validates predictions

A multi-computational approach at the molecular level, integrating docking, a constant-pH coarse-
grained (CG) Monte Carlo (MC), and atomistic Molecular Dynamics (MD) simulations, was em-
ployed for the in-silico validation of the ASPred top candidates.

For the docking validation procedure, we initially pre-processed the candidate antibodies and the
RBD, addressing any structural issues before docking the structures using ClusPro 2.0.[34] Multiple
conformations were obtained for each antibody-RBD pair. The best conformation from each docking
was then selected for further analysis of binding energy using Prodigy[35]. We discovered that
antibodies 1 and 157 predicted to be antigen-specific exhibit the strongest binding affinity to the
RBD antigen compared to the other candidates, with a binding energy of -14.5 kcal/mol. The typical



Table 1: Top 10 SARS-CoV-2 antibody candidates from ASPred, including their predicted binding
probabilities and variable heavy region sequences (CDR1, CDR2, and CDR3). These selected
antibodies were further evaluated using the molecular simulation protocols.

ID CDR1 CDR2 CDR3 Predicted Probability
Abl GYTFTSYY INPSNGGT TRNEGHYFDY 0.990054846
Ab53  GYTFTSYW INPSTGYT ASSYYYGSSYYAMDY 0.999145985
Ab77  GFTFSSYA  ISSGGSYT ARPFYYGSSYFDY 0.853913486
Abl117 GFTFSNYW IRLKSNNYAT TRDDYYAMDY 0.594344974
Ab131 GYTFTDYA ISTYNGNT AYGNYWYFDV 0.977651179
Ab157 GYTFTSYV INPYNDGT ARDGNYWYFDV 0.989455283
Ab172 SYTFTDYA  ISTYYGNT ARGDGNYDFAY 0.989846647
Ab192 GYSFTGYT INPYNGGT AREGYRYDVEGLDY 0.992514193
Ab200 GYTFTSYW INPSNGRT ASRGYDEGYAMDY 0.991556287
Ab242 GYSFTDYN IDPYNGGT ARDHYGNYGDFDY 0.998622537
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Figure 3: Binding affinities of the top 10 antibody candidates specific to RBD. All K; values were
obtained from Prodigy. [36]

binding energy range for a specific antigen-antibody pair is -8 to -15 kcals/mole, nearer the latter for
more specific binding. These results suggest that the predicted antibodies should bind relatively well
to the antigens, as determined by docking and binding energy estimates.

2.3 Relative binding affinities at physiological pH condition

The computed free energies of interaction from the Fast cOarse-grained pRotein-proTein modEl
(FORTE)[37]] were used to assess the relative binding affinities between the top 10 candidates and the
wild-type RBD at pH 7.4 under physiological 1:1 salt concentration. Figure 4| presents a comparative
analysis of these top candidates, all of which exhibit binding affinities comparable with values typical
of high-efficiency monoclonal antibodies designed by other simulation protocols [37,38]]. Notably,
ASPred predicts antibodies with even higher affinities than those achieved by other multiscale in
silico approaches[37]. Among the top 10, the strongest candidate found by FORTE is ID 117,
closely followed by IDs 53 and 157, all demonstrating binding affinities surpassing those in previous
studies[37} 38]]. This finding further validates the success of ASPred in identifying ideal antibodies.

An additional important attribute of a designed antibody is its structural stability. FPTS[39]] was
employed to determine the averaged net charge of each titratable group of the antibodies under these
physicochemical conditions, and these values were then used to calculate the electrostatic stability
of the top 10 candidates at the same structural configurations used in the FORTE simulations. This
approach provides insights into the stability profiles of each antibody, complementing the binding



Figure 4. Computed binding af nities of the top 10 best antibody candidates speci c to the wildtype
RBD by FORTE. The minima free energy of interaction valués)were measured for the SARS-
CoV-2 RBD-mAbs (heavy chain only) complexation at g4 and 150 mM of NaCl. is the
thermodynamic beta (= kT wherek is the Boltzmann constant afidis the temperature). The
estimated error i8:01kT. Data for the antibodies P01 to P10 was obtained running FORTE for the
structures done by Neamét al [37].

af nity analysis to ensure robust antibody design. The main results, shown in Figure 5, indicate that
all antibody chains designed by ASPred display electrostatic stability values comparable to those
of other anti-SARS-CoV-2 antibodies, with some cases showing even greater stability. Notably,
candidate ID 117, one of the top candidates with the highest relative binding af nity (see Fjgure 4),
also demonstrates a high level of electrostatic stability. This conformational stability may enhance its
likelihood of successful binding iim vitro assays, supporting its potential as a strong candidate for
further experimental validation.

3 Discussion

The identi cation of antigen-speci c B cell receptors (BCRs) through a combination of clustering
techniques and advanced transformer models represents a promising avenue for discovering antibodies
within entire immune repertoires. While our approach serves as a proof of concept for targeting
SARS-CoV-2, it also lays the foundation for applying the ASPred algorithm to other antigens. This
versatility offers a signi cant advantage, as the methods and principles established in this study can
be broadly applied across various infectious diseases if suf cient data on antibody speci city is
available.

Currently, despite the abundant information on whole immune repertoires, there is a noticeable
de ciency in data regarding antibody speci city. One potential direction for future exploration is
leveraging existing immune repertoire datasets to uncover novel antibody sequences that may have
been missed due to technical limitations and experimental constraints commonly found in laboratory
settings.
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