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Abstract: Antibodies currently comprise the predominant treatment modality for a variety of diseases; therefore, optimizing their 
properties rapidly and efficiently is an indispensable step in antibody-based drug development. Inspired by the great success of 
artificial intelligence-based algorithms, especially deep learning-based methods in the field of biology, various computational 
methods have been introduced into antibody optimization to reduce costs and increase the success rate of lead candidate generation 
and optimization. Herein, we briefly review recent progress in deep learning-based antibody optimization, focusing on the available 
datasets and algorithm input data types that are crucial for constructing appropriate deep learning models. Furthermore, we 
discuss the current challenges and potential solutions for the future development of general-purpose deep learning algorithms in 
antibody optimization.
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1 Introduction 

Antibodies, also recognized as immunoglobulins 
(Igs), represent a class of specialized immune proteins 
synthesized by B lymphocytes in the adaptive immune 
system. As an important means for the human body to 
fight against foreign antigens in humoral immunity, 
antibodies demonstrate high specificity in recognizing 
and neutralizing a diverse array of foreign pathogens 
(Zurawski and McLendon, 2020; Young et al., 2022), 
including bacteria (Zheng et al., 2020), viruses (Sun 
et al., 2022), fungi (Boniche et al., 2020; Doron et al., 
2021), parasites (Thirumalai et al., 2019), and other 
extraneous substances (Akter et al., 2019). Antibodies 
adopt a “Y” -shaped architecture, comprised of two 
paired heavy chains and light chains connected by disul‐
fide bonds, with both heavy and light chains containing 

constant regions and variable regions (VRs). The high 
“variability” of these VRs arises from the recombina‐
tion reaction of V(D)J (V, variable; D, diversity; J, 
joining) genes, acting as the basis of antibody speci‐
ficity. This recombination process engenders a vast rep‐
ertoire of VR combinations, empowering antibodies to 
exhibit specificity for countless antigens sourced from 
diverse origins. There are three loops within each VR, 
called complementarity-determining regions (CDRs), 
which are pivotal for binding specificity. In humoral 
immunity, the initiation of processes such as somatic 
hypermutation (SHM) and class switching, induced by 
factors like T follicular helper cells, is indispensable 
for the maturation of B cells. These processes promote 
the gradual development of high-affinity antibodies, 
known as affinity maturation. Notably, a multitude of 
amino acid point mutations that augment antibody af‐
finity occur within CDRs, which is attributed to their 
characteristics of being hypervariable regions.

Over the past three decades, monoclonal antibodies 
(mAbs) have become the predominant treatment 
modality for a variety of diseases, including various 
mAbs for cancer treatment, due to their excellent 
binding affinity and specificity. Köhler and Milstein 
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(1975) introduced the hybridoma technique, which 
made it possible to obtain pure mAbs in large quanti‐
ties, greatly enhancing their potential for basic research 
and clinical applications. Since then, major technologi‐
cal advances have facilitated the discovery and devel‐
opment of more effective mAb therapies. As of July 
2024, the United States Food and Drug Administration 
(US FDA) had approved 142 mAbs, with efficacy rang‐
ing from mere blockade to the activation and enhance‐
ment of natural immune responses (Fig. 1) (Mullard, 
2021; Baldo, 2022; Kaplon et al., 2023; Crescioli et al., 
2024). Compared with conventional molecular-based 
medicine, therapeutic antibodies offer distinctive ad‐
vantages, including superior specificity, prolonged se‐
rum half-life, enhanced affinity, and strong immune 
effector function, thus occupying a central position 
in drug research and development. It is predicted that 
the global market for cancer mAbs will soar to ap‐
proximately $12 billion by the culmination of 2026 
(do Pazo et al., 2021).

Despite the tremendous commercial success of 
antibodies, their discovery and optimization for targeted 
applications remain a time-consuming and costly ven‐
ture. In fact, though effective individual mAb thera‐
pies can cost up to $100 000 per year (Hernandez et al., 
2018). As a result, the need for advanced diagnostics, 
therapeutics, convenient research tools, and an over‐
all quest for a healthier future has led to the develop‐
ment of computational methods, such as machine learn‐
ing (ML)-based approaches, to accelerate the rapid, 

inexpensive, on-demand generation of fit-for-purpose 
antibodies (Akbar et al., 2022). These in silico methods 
attempt to leverage advances in computational pro‐
cessing power to reduce costs and increase the success 
rate of lead candidate generation and optimization. 
Recently, deep learning (DL)-based methods have 
achieved great success in the field of biology, both in 
terms of tackling well-established problems (e.g., pro‐
tein three-dimensional structure prediction by Alpha‐
fold (Abramson et al., 2024)) and creating entirely 
new fields (e.g., novel antibody design by RFdiffusion 
(Bennett et al., 2024)). This has driven the introduc‐
tion of DL-based approaches into antibody engineer‐
ing in the last few years, yielding significant progress 
in areas such as the language-based modeling of anti‐
body repertoires and the DL-based generation of novel 
sequences (Graves et al., 2020; Wilman et al., 2022). 
Here, we briefly review the current research progress 
in leveraging DL-based methodologies for antibody 
drug design and optimization, then discuss the cur‐
rent limitations, and propose possible future research 
directions.

2 Deep learning-based antibody optimization

Artificial intelligence (AI) is a form of intelli‐
gent behavior achieved through computer programs, 
which can simulate human intelligence by autonomous 
learning, reasoning, judging, and decision-making on 

Fig. 1  Number of antibody drugs approved by the United States Food and Drug Administration (US FDA) as of July 2024. 
Data comes from official information released by the US FDA.
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the basis of large amounts of data. Since the emer‐
gence of AlphaGo (Silver et al., 2016) in 2016, AI has 
triggered a global industrial revolution, brought about 
research innovations in various fields, and become a 
crucial factor in technological revolution and social de‐
velopment. AI algorithms accelerate the innovative de‐
velopment of biopharmaceuticals, reshape traditional 
clinical drug screening and design methods, and offer 
new approaches for exploring biophysical mechanisms 
and engineering drug molecules. For instance, ML- 
and DL-based methods have been widely utilized in 
drug discovery and optimization processes, including 
peptide synthesis, virtual screening, toxicity prediction, 
drug monitoring and release, pharmacophore modeling, 
quantitative structure–activity relationship, drug repur‐
posing, polypharmacology, and bioactivity (Gupta et al., 
2021).

In addition to drug design and optimization, AI 
methods have provided a reliable solution for predicting 
protein‒protein interactions (PPIs), a crucial achieve‐
ment in understanding important biological processes 
at the molecular level (Guo and Yamaguchi, 2022). 
Accurate PPI predictions enable us to explore cellu‐
lar mechanisms, signal transduction pathways, and 
disease-related protein networks, offering valuable in‐
sights into therapeutic interventions such as antibody 
therapies. By leveraging large-scale protein datasets 
such as STRING (Szklarczyk et al., 2023) and the 
Protein Data Bank (PDB) (Berman et al., 2000), DL 
models have achieved high accuracy in predicting inter‐
action interfaces and binding affinities, outperforming 

traditional computational approaches (Chen et al., 2013; 
Soleymani et al., 2022). For example, algorithms such 
as graph neural networks (Wu et al., 2021; Lee, 2023; 
Mastropietro et al., 2023; Réau et al., 2023) and con‐
volutional neural networks (O'Shea and Nash, 2015; 
Guo and Yamaguchi, 2022; Soleymani et al., 2023) can 
capture the complex relationships between proteins 
encoded in sequence and structural features, thereby 
improving prediction accuracy. Moreover, the inter‐
pretability of DL models provides a reliable means for 
validating the physicochemical properties associated 
with PPIs, greatly helping researchers to explore and 
discover physicochemical principles using DL algo‐
rithms (Chen et al., 2013; Wang et al., 2023). These 
advances have not only accelerated research in struc‐
tural biology but also provided new avenues to ad‐
dress key bioengineering challenges, such as antibody 
optimization and functional enzyme design (Listov et al., 
2024; Notin et al., 2024).

In this review, we focus on using AI algorithms, 
especially DL-based methods, to assist in the design 
and optimization of antibodies. These emerging com‐
putational methods aim to predict and optimize anti‐
body properties faster and more accurately, reduce costs 
and risks, and provide a deeper understanding of the 
underlying mechanisms, thereby accelerating the de‐
velopment and clinical application of related down‐
stream antibody-based technologies (Fig. 2). On the 
one hand, DL-based methods are always data-intensive, 
as they rely on a curated dataset composed of a large 
amount of well-labeled data to effectively train and 

Fig. 2  Illustrative scheme showing that deep learning-based methods can accelerate the development of downstream 
antibody-based technologies, including the optimized ones for neutralizing toxins and viruses, antibody–drug conjugate (ADC)-
targeting tumors, bispecific T-cell engagers (BiTEs) for microenvironment targeting, and engineered immune checkpoint 
inhibitors. When building deep learning methods, a well-curated dataset is indispensable for training and optimizing the 
models, whereas sequence information alone or combined with structural details can be used as model inputs.
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optimize models. For instance, the high-accurate three-
dimensional structure prediction of proteins by Alpha‐
fold2 (Jumper et al., 2021) largely benefits from the 
accumulation of around 140 000 experimental struc‐
tures deposited in PDB. On the other hand, while se‐
quence information is always the primary input of 
DL-based methods, the featurization of structural de‐
tails as a complementary input is sometimes expected 
to improve model performance, such as binding affinity 
prediction (Meli et al., 2022). That is, DL-based methods 
can firstly use different inputs (sole sequence or com‐
bined sequence and structural information) and then 
combine varied model architectures to achieve their 
desired goals. Therefore, we introduce the recent prog‐
ress in DL-based antibody optimization from two per‐
spectives: available datasets and input data types. We 
hope that this review can guide experts to easily select 
appropriate datasets to train and optimize their own 
DL-based models, to choose the proper input data type 
according to their desired goals, and ultimately to esti‐
mate the upper/lower limits of the constructed model.

2.1 Available datasets

Firstly, we overviewed the main public datasets 
that are currently available for constructing DL-based 
antibody optimization models. These datasets con‐
tain PPI information related to antibodies or antigen–
antibody complexes, as well as affinity change infor‐
mation such as dissociation constants and free energy 
changes. Therefore, they are essential for DL models 
aimed at optimizing antibodies. Several notable pub‐
lic datasets are outlined below, and a summary is dis‐
played in Table 1.

Toseland et al. (2005) introduced the AntiJen data‐
base, a curated dataset of B and T cell antigens with 
experimental annotations, links to published experi‐
mental articles, and PDB entries. AntiJen has focused 
on continuous quantitative data on peptide binding 
with the transporter associated with antigen process‐
ing (TAP) protein complex and the major histocom‐
patibility complex (MHC). Douguet et al. (2006) pre‐
sented the DOCKGROUND database, which serves 
as a benchmark dataset for protein–protein complexes 
whose decoys were generated by the docking algorithm 
GRAMM-X (Tovchigrechko and Vakser, 2006). This 
database includes 61 real complexes and 100 generated 
negative data. Ansari et al. (2010) launched AntigenDB, 
a validated antigen database containing the structural, 

sequence, and binding data of verified antigens. Dun‐
bar et al. (2014) introduced the Structural Antibody 
Database (SAbDab), an automated, regularly updated 
structural antibody database that includes annotations of 
affinity data, CDR classifications, and other antibody-
specific information.

Since 2016, the quality and quantity of emerging 
datasets have been significantly improved. Sirin et al. 
(2016) presented the Antibody-Bind (AB-Bind) dataset, 
a collection of 1101 mutations in 32 different antibody-
antigen structures, including the experimentally deter‐
mined binding free energy change associated with each 
mutation, as well as the experimental conditions under 
which each mutation was tested. Vita et al. (2019) 
launched the Immune Epitope Database (IEDB), which 
contains sequence, experimental, and structural data 
information for 1 619 619 linear and discontinuous ep‐
itopes from 4505 antigens (as of July 3, 2024). Al‐
though the structure of each native protein complex is 
provided therein, it is up to the database users to simu‐
late any changes to the native structure caused by the 
mutations. Jankauskaitė et al. (2019) presented the 
Structural Kinetic and Energetic Database of Mutant 
Protein Interactions (SKEMPI) database, which collects 
a set of structurally resolved protein mutations and their 
corresponding binding free energy changes. As one of 
the latest datasets, the SKEMPI database has been em‐
ployed for model training and testing in several recent 
studies aimed at antibody optimization (Jankauskaitė 
et al., 2019; Soleymani et al., 2022).

In addition, there are some highly popular protein 
databases, such as PDB and PDBbind, which are also 
very useful for DL-based antibody optimization, al‐
though they are not specifically designed for this pur‐
pose. PDB was proposed by Berman et al. (2000) and 
is currently the largest and most famous protein data‐
base. Many curated datasets used in DL-based methods 
are collected from PDB. Wang et al. (2004) conducted a 
comprehensive screening of the complete protein data‐
base PDBbind and successfully identified 5671 protein–
ligand complexes from a pool of 19 621 experimental 
structures (as of January 2004).

Overall, the aforementioned public datasets pro‐
vide a rich source of sequence and structure informa‐
tion (as input) as well as binding data (as labels) for 
training and evaluating DL-based methods, forming 
the indispensable resources for developing DL models 
in antibody optimization. Furthermore, we hope that 
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continuously updated and emerging datasets that cover 
more sequence space and have well-defined labels will 
further improve the performance of DL-based methods 
in antibody optimization.

2.2 Input data types

According to the input data type, the current DL-
based antibody optimization algorithms can be roughly 
categorized into two classes: those based solely on se‐
quence and those based on both sequence and structural 

data. Since different input data types may result in 
varied model performances, we introduce these two 
types of algorithms separately below (Tables 2 and 3, 
respectively).

2.2.1　DL-based antibody optimization methods using 
only sequence data

Protein sequence data are relatively abundant and 
convenient to obtain. By leveraging DL methods, it is 
possible to quickly generate a large number of virtual 

Table 1  Summary of available datasets for deep learning-based antibody optimization

Database name

AntiJen

DOCKGROUND

AntigenDB

SAbDab

AB-Bind

Immune Epitope 
Database

SKEMPI

PDB

PDBbind

Reference

Toseland 
et al., 
2005

Douguet 
et al., 
2006

Ansari 
et al., 
2010

Dunbar 
et al., 
2014

Sirin et al., 
2016

Vita et al., 
2019

Jankauskaitė
 et al., 
2019

Berman 
et al., 
2000

Wang et al., 
2004

Number of 
entries

24 000 (as 
of July 3, 
2024)

102 678 (as 
of July 3, 
2024)

504 (as of 
July 3, 
2024)

8616 (as of 
July 3, 
2024)

1101 (as of 
July 3, 
2024)

1 619 619 (as 
of July 3, 
2024)

7085 (as of 
July 3, 
2024)

1 290 613 (as 
of July 3, 
2024)

27 408 (as 
of July 3, 
2024)

Website

https://www.ddg-
pharmfac.net/
antijen/AntiJen/
antijenhomepage.
htm

https://dockground.
compbio.ku.edu

http://crdd.osdd.net/
raghava/antigendb

https://opig.stats.ox.
ac.uk/webapps/
sabdab-sabpred/
sabdab

https://github.com/
sarahsirin/AB-
Bind-Database

https://www.iedb.org

https://life.bsc.es/
pid/skempi2

https://www.rcsb.org

https://www.
pdbbind-plus.
org.cn

Brief description

A curated dataset of B and T cell antigens with 
experimental annotations, links to articles, and Protein 
Data Bank (PDB) entries, which focuses on continuous 
quantitative peptide-binding data with transporter 
associated with antigen processing (TAP) and major 
histocompatibility complex (MHC)

A database offering extensive experimental data and 
computational models to aid in understanding protein–
protein interactions (PPIs), including comprehensive 
datasets, stringent structural quality assessments, and 
intuitive interface for easy access and retrieval

A validated antigen database containing structural, 
sequence, and binding data of verified antigens

An automated, regularly updated structural antibody 
database including affinity data annotations and 
complementarity-determining region (CDR) classification

A collection of 1101 mutations in 32 antibody-antigen 
structures, with associated changes in binding free energy 
and experimental conditions for each mutation

A database containing sequences, experimental, and structural 
data of 1 619 619 linear and discontinuous epitopes from 
4505 antigens

A compilation of protein mutations with resolved structures, 
including changes in binding free energy

Established as the largest and most renowned protein database, 
it serves as a primary source for numerous curated datasets 
utilized extensively in deep learning research.

This database was created on the basis of comprehensive screen‐
ing of the entire protein database up to 2024, identifying over 
22 000 protein–ligand complexes, with 19 443 containing 
experimental structures. It hosts 2852 protein–protein 
complexes with experimentally determined binding affinity 
data that are critical for understanding the molecular 
mechanisms of protein interactions, providing valuable 
resources for the study of PPIs. Openly accessible to 
researchers worldwide through the PDBbind database.
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mutant sequences, conserving significant biological 
experimental resources and reducing time costs. These 
methods have notably improved the efficiency of anti‐
body optimization. Here, we focus on representative 
studies in antibody optimization using DL methods.

Mason et al. (2021) harnessed DL to inquire and 
predict antigen specificity from a vast and diverse se‐
quence space. By building a well-designed experi‐
mental site-directed mutagenesis library using clus‐
tered regularly interspaced short palindromic repeats 
(CRISPR)/CRISPR-associated nuclease 9 (Cas9)-
mediated homology-directed repair (HDR) and using the 
resulting sequence data as input, the authors developed 
DL models to identify globally optimized antibody vari‐
ants of the therapeutic antibody trastuzumab. These DL 
models were trained on 5×104 antibody sequence mu‐
tations and eventually screened out thousands of ef‐
fective mutation sites as potential antibody optimization 
strategies. The results validated the feasibility and re‐
liability of DL algorithms for antibody optimization.

Subsequently, Kang et al. (2022) introduced an 
antibody optimization algorithm on the basis of the Hag-
Net neural network. They trained and validated their 
neural network on AB-Bind, the dataset from multiple 
antigen–antibody interaction pairs, and found that the 
neural network mainly focused on the CDRs of the 
antibody sequence, particularly the regions respon‐
sible for interactions with antigens, when learning the 
contributions of antibody sequences to binding affinity. 
This computational perspective corroborated the criti‐
cal binding patterns in antigen–antibody interactions.

Makowski et al. (2022) employed DL methods 
to collectively optimize various properties of the anti‐
body emibetuzumab. The authors experimentally mu‐
tated sites within the CDRs of the antibody, ranked 
the sequence library for high-affinity, low-affinity, 
and non-specific binding, and conducted deep sequenc‐
ing on the enriched library. They discovered that ML 
models trained on datasets with binary labels could 
predict continuous indicators that are closely related to 

Table 2  Summary of deep learning-based antibody optimization methods using only sequence data

Reference

Mason 
et al., 
2021

Kang 
et al., 
2022

Makowski 
et al., 
2022

Data source

Training set: approximately 5×104 antibody sequences 
generated through deep mutational scanning (DMS) 
along with their antigen-binding data, including 
both binding and non-binding variants

Test set: approximately 3×106 antibody sequence 
variants predicted by the neural network model 
from a combinatorial mutagenesis library of around 
1×10⁸ sequences, with subsequent experimental 
validation of their antigen specificity

Link: https://github.com/dahjan/DMS_opt

Mutated antibodies from AB-Bind
Link: https://github.com/sarahsirin/AB-Bind-

Database

Training set: approximately 1×106 antibody sequences 
generated by mutating the clinical-stage antibody 
emibetuzumab at eight positions within the heavy-
chain CDRs. These sequences were sorted using 
yeast surface display and deep sequencing to 
collect binding data, forming the training set for 
model building

Test set: a subset of the 1×106 sequences from the 
training set was used to evaluate the perfor‐
mance of the machine learning models in 
predicting antibody affinity and specificity

Link: https://github.com/Tessier-Lab-UMich/
Emi_Pareto_Opt_ML

Pros

1. Utilizes deep learning (DL) to 
predict antigen specificity from 
diverse sequence space;

2. Identifies globally optimized 
antibody variants using clustered 
regularly interspaced short 
palindromic repeats (CRISPR)/
CRISPR-associated nuclease 9 
(Cas9)-mediated homology-
directed repair (HDR)

1. Utilizes the Hag-Net neural 
network for antibody 
optimization;

2. Focuses on complementarity-
determining regions (CDRs) for 
affinity contributions

1. Uses DL to collectively optimize 
various antibody properties;

2. Demonstrates a trade-off 
between affinity and specificity 
in antibody optimization

Cons

Requires a well-designed 
mutagenesis library 
for effective training

Limited to certain regions 
of the antibody 
sequence; specificity 
beyond these regions 
not explored extensively

The trade-off between 
affinity and specificity 
limits the 
simultaneous 
enhancement of both 
attributes
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Table 3  Overview of deep learning-based antibody optimization methods using both sequence and structural data

mCSM-AB

Ens-Grad

TopNetTree

GeoPPI

Pires and 
      Ascher, 

2016

Liu et al., 
2020

Wang et al., 
2020

Liu et al., 
2021

Mutated antibodies from AB-Bind
Link: https://github.com/sarahsirin/AB-

Bind-Database

Training set: approximately 572 647 unique 
complementarity-determining region 
heavy chain 3 (CDR-H3) sequences 
obtained from the first round of phage 
display panning experiments against 
ranibizumab, bevacizumab, etanercept, 
and trastuzumab, with subsequent rounds 
generating 297 290 and 171 568 unique 
sequences. These were used to train the 
machine learning models to predict 
antibody enrichment and binding 
affinity

Test set: a subset of sequences including 
558 400, 265 563, and 96 912 unique 
CDR-H3 sequences from a replicate 
experiment with ranibizumab, along 
with additional sequences from 
experiments under stringent washing 
conditions, used to evaluate the model’s 
performance in predicting antibody 
affinity and specificity

Link: https://github.com/gifford-lab/
antibody-2019/tree/master

AB-Bind, SKEMPI

Training set: comprised of approximately 
7085 protein–protein interaction (PPI) 
mutation data points from the SKEMPI 
v2.0 database, including experimentally 
measured ΔG values and corresponding 
structural data from the Protein Data 
Bank (PDB)

Test set: comprised of a subset of PPI 
mutations not included in the training 
process, used to evaluate the predictive 
accuracy of the GeoPPI model, with 
independent experimental ΔG 
measurements for validation

Link: https://github.com/Liuxg16/GeoPPI

1. Utilizes graph neural networks for 
feature extraction from pre- and 
post-mutation antigen-antibody 
structural data;

2. Broad applicability to diverse 
antibody optimization scenarios;

3. Accessible as a comprehensive 
web-based tool

Designs CDRs of human 
immunoglobulin G (IgG) 
antibodies, resulting in higher 
affinity compared with phage 
display-derived antibodies

1. Integrates protein crystal structure 
data for antibody optimization;

2. Introduces a novel approach for 
the digital extraction of antibody 
structural information, enhancing 
predictive powers

1. Utilizes self-supervised learning 
to derive geometric representations 
from protein structures for mutation 
impact modeling;

2. Combines deep learning with 
gradient boosting trees to predict 
binding affinity changes, 
demonstrating superior 
performance on benchmark 
datasets

Requires a degree 
of familiarity 
with structural 
data analysis

Specific to 
optimizing 
CDRs, potential 
limitations in 
broader antibody 
optimization 
scenarios

Requires specialized 
knowledge in 
structural biology 
for effective 
utilization

Requires a 
pre-training step 
for geometric 
representation 
generation

Model name Reference Data source Pros Cons

To be continued
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antibody affinity and non-specific binding. The results 
indicated a strong trade-off between binding affinity 
and specificity, as increasing affinity along the Pareto 
frontier requires a gradual reduction in specificity, sug‐
gesting that DL methods can perform knowledge trans‐
fer in learning antibody affinity and specificity.

2.2.2　DL-based antibody optimization methods using 
both sequence and structural data

While sequence data are vastly predominant over 
structural data, many scientists believe that the inclu‐
sion of structural data can significantly enhance the 
accuracy of DL methods for antibody optimization. 
Therefore, many methods currently employ structural 
data (in addition to sequence information) to predict 
antibody optimization pathways (Table 3).

Pires and Ascher (2016) introduced mCSM-AB, 
which utilizes graph neural networks to learn and 
extract features from pre- and post-mutation antigen–
antibody structural information. This tool can be broadly 
applied to various antibody optimization scenarios and 
is available as a comprehensive web-based tool.

Liu et al. (2020) presented Ens-Grad, a method 
for designing the CDRs of human immunoglobulin G 

(IgG) antibodies, which yields antibodies with higher 
affinity than candidate antibodies derived from phage 
display experiments.

The graph-based DL method is pivotal in the 
realm of DL-based antibody optimization with struc‐
tural data. With the deepening understanding of anti‐
body protein structure information, researchers are 
gradually integrating algorithm design with geometric 
representation.

Wang et al. (2020) integrated protein crystal struc‐
ture information and proposed the TopNetTree model 
to predict changes in binding affinity caused by mu‐
tations in protein–protein complexes. The model inno‐
vatively extracts structural information topologically 
and introduces a practical approach for the digital ex‐
traction of antibody structural information.

Liu et al. (2021) developed GeoPPI, a DL frame‐
work designed to model the effects of mutations on 
protein–protein binding affinity using geometric rep‐
resentations. GeoPPI utilizes self-supervised learning 
to generate structural embeddings from protein com‐
plexes, which are then combined with gradient boost‐
ing trees to predict changes in binding affinity due to 
mutations.

An attention-
based 
geometric 
neural 
network

Shan et al., 
2022

Training set: primarily comprised of 
experimentally determined structures of 
antibody-antigen complexes. These 
structures were sourced from publicly 
available databases, such as the PDB. 
The dataset was augmented with synthetic 
mutations in the CDRs to generate a 
diverse set of training examples. The 
model trained on this data was designed 
to predict changes in binding affinity 
caused by these mutations

Test set: real-world examples, including 
various severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2) variants 
with mutations in the spike protein that 
could potentially affect antibody binding. 
These variants were not part of the 
training data, ensuring that the model’s 
performance was evaluated on its ability 
to generalize to unseen variants. 
Additionally, experimental validations 
were performed on selected antibodies 
optimized by the model to assess their 
neutralizing activity against these variants

Link: https://github.com/HeliXonProtein/
binding-ddg-predictor

1. Employs geometric deep learning 
algorithm to enhance antibody 
affinity, enabling broader 
neutralization activity against 
antibodies variations;

2. Valuable for therapeutic antibody 
drug development

Specific focus on 
affinity 
enhancement 
may overlook 
other critical 
attributes

Model name Reference Data source Pros Cons

Table 3 (continued)
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Shan et al. (2022) introduced a geometric DL al‐
gorithm that can effectively enhance antibody affinity, 
thereby enabling broader and more effective neutraliz‐
ing activity against antibody variations, ultimately fa‐
cilitating the development of therapeutic antibody drugs.

3 Discussion and challenges 

DL methods offer significant advantages for anti‐
body optimization by efficiently processing large and 
complex datasets of antibody sequences and structures. 
They can rapidly generate virtual mutants, significantly 
reducing experimental costs and time demand. In add-
ition, DL models can accurately identify and predict 
antibody specificity and affinity, improving the accuracy 
of antibody drug design (Chen and Wei, 2022). By in‐
tegrating sequence and structural data, these models can 
provide a more comprehensive simulation of antibody–
antigen interactions, thereby improving binding affinity 
predictions and offering a reliable option for the de‐
velopment of therapeutic antibodies.

Although significant advances have been made in 
DL-based antibody optimization in the past few years, 
various problems and challenges still need to be over‐
come to achieve the ultimate goal of rapid and efficient 
antibody drug design. Accordingly, we attempt to dis‐
cuss the existing challenges and possible solutions in 
this field from the perspectives of datasets and algo‐
rithms (input data types) below.

3.1 Challenges in public datasets

At present, both the quantity and quality of avail‐
able antibody-related public databases remain inad‐
equate. Compared with extensive repositories such 
as PDB and UniProt (Bairoch and Apweiler, 1997; 
Apweiler et al., 2004), which offer abundant sequence 
and structural information for general protein-related 
ML tasks, the curated datasets that could provide 
extensive antigen-antibody data and high-quality af‐
finity labels, both suitable for DL methods, are still 
limited in size and quality. Additionally, despite the 
significant contributions in generating high-throughput 
datasets through relevant biological experiments, many 
researchers have not yet made their data publicly 
accessible.

Although some datasets are dedicated to antigen–
antibody interactions, most of them encompass a variety 

of different PPI data, which require meticulous filter‐
ing and analysis. For instance, AB-Bind and SAbDab 
stand out as databases that exclusively record antigen–
antibody interactions and affinity changes due to mis‐
sense mutations, addressing antibody optimization tasks. 
However, certain instances of non-B-cell-secreted anti‐
body data still exist in the AB-Bind, which hinders 
the acquisition of the requisite pure antibody data for 
DL methods and necessitates essential manual filter‐
ing. Additionally, discrepancies in the length of anti‐
body sequences (full-length antibodies or only their 
CDRs) across these databases further complicate the 
pre-processing steps of DL-based antibody optimiza‐
tion tasks.

3.2 Current algorithmic landscape

The current realm of DL algorithms built on se‐
quence and structural data offers diverse approaches for 
antibody optimization. However, the general-purpose 
algorithms applicable to various antibody optimization 
prediction tasks are still subject to obvious limitations. 
That is, they almost rely heavily on structural informa‐
tion, which is usually expensive and low-throughput. 
While challenges such as the limited availability of well-
labeled structural data persist, ongoing efforts are mak‐
ing significant strides to address these issues. Recent 
developments of AI-driven structure prediction tools 
like AlphaFold-Multimer (Evans et al., 2021) and 
AlphaFold3 (Abramson et al., 2024) are rapidly gen‐
erating accurate antigen–antibody complex structures, 
reducing reliance on experimental methods, and have 
already demonstrated promising results in T-cell recep‐
tor and antibody structure prediction, as well as in ad‐
dressing antigen–antibody interaction prediction prob‐
lems (Zhao et al., 2023). We expect that the accurate 
predictions of the antigen–antibody complex by AI ap‐
proaches could significantly accelerate the acquisition 
of structural information and promote DL-based anti‐
body optimization in the future.

Currently, some efforts have been made to elimi‐
nate the reliance on structural data. Notably, the DL 
algorithm introduced in a recent study (Shan et al., 
2022) utilizes site-specific information at the antigen–
antibody interaction interface but does not depend on 
structural data entirely for antibody screening and opti‐
mization. Recently, a study employed a multi-head 
attention mechanism to perform in silico antibody opti‐
mization based solely on antigen–antibody sequence 
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information (Jin et al., 2024). This study introduced 
the innovative attention-based antibody sequence 
(AttABseq) model, which efficiently predicts affinity 
changes caused by amino acid point mutations and 
outperforms existing methods across multiple metrics.

Sequence-based algorithms may address multiple 
antibody optimization tasks. These algorithms are piv‐
otal not only for leveraging the vast amount of avail‐
able sequence data, which greatly exceeds current struc‐
tural data, but also for controlling the costs associated 
with redundant model training. By utilizing the poten‐
tial interpretability of DL methods, sequence-based 
approaches can facilitate the exploration of biophysi‐
cal binding patterns across diverse antigen and anti‐
body categories. Recently, current text-based language 
models exhibit significant advantages in predicting the 
properties of biomacromolecules and molecular gener‐
ation (Hou et al., 2023; Lubiana et al., 2023; Lam et al., 
2024), highlighting their potential in accelerating and 
enhancing research in this domain. Building on this 
progress, protein language model-based DL methods 
are poised to unlock further performance improvements 
in antibody optimization approaches, offering a pro-
mising avenue for advancement in this field.
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