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Abstract

In drug development, the efficacy of an antibody depends on how the anti-
body interacts with the target antigen. The strength of these interactions,
measured through “binding affinity”, gives an indication of how successful
an antibody is in neutralizing an antigen. Due to the high computational
complexity of traditional techniques for binding affinity quantification, deep
learning is recently employed for the task at hand. Despite the commend-
able improvements in deep learning-based binding affinity prediction, such
approaches are highly dependent on the quality of the antibody-antigen struc-
tures and they tend to overlook the importance of capturing the evolutionary
details of proteins upon mutation. Further, most of the existing datasets for
the task only include antibody-antigen pairs related to one antigen variant
and, thus, are not suitable for developing comprehensive data-driven ap-
proaches. To circumvent the said complexities, we first curate the largest and
most generalized (i.e., including a wide array of antigen variants) datasets for
antibody-antigen binding affinity prediction, consisting of more than 100K
sequence pairs, 8K structure pairs and the corresponding continuous bind-
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ing affinity values. Subsequently, we propose a novel deep geometric neural
network comprising a structure-based model, which is to account atomistic-
scale structural features, and a sequence-based model, which is to attribute
sequential and evolutionary information, while sharing the learned informa-
tion from each model through cross-attention blocks. Further, within each
parallel model, we mimic the interaction space of antibodies and antigens
through a set of multi-scale hierarchical attention blocks and the final la-
tent vectors of each model are obtained by considering antibody and antigen
representative vectors and the interaction vector. The proposed framework
exhibited a 10% improvement in mean absolute error compared to the state-
of-the-art models while showing a strong correlation (> 0.87) between the
predictions and target values. Additionally, we extensively discuss the model
optimization strategies, weight space analysis, and interpretability in a post-
hoc fashion. We release our datasets and code publicly to support the de-
velopment of antibody-antigen binding affinity prediction frameworks for the
benefit of science and society.
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1. Introduction

In the field of drug development, molecules can be categorized as large
and small molecules, based not only on their size but also on how they are
synthesized, mode of action, transportation, etc. Small molecules are sta-
ble, synthetic chemicals with relatively simple structures. These have been
around for decades and constitute the majority of the drugs currently in use.
The body can absorb small molecules through oral uptake. Common small
molecule drugs include “medicine cabinet” drugs such as aspirin and peni-
cillin. Large molecules, also known as “biologics”, have complex structures
and majorly consist of proteins produced by living cells. Their production
processes are complicated and time-consuming. Examples of biologics in use
include vaccines, blood/blood components, etc., and these are usually ad-
ministered through injections. Biologics have high specificity in destination
targeting, whereas small molecules may bind to off-targets and induce non-
target harmful effects (i.e. side effects). Eight out of ten global best-selling
drugs being biologics in 2018, indicates the increasing significance of biologics
in the field of pharmaceuticals [1].



The efficacy of drugs designed using biologics (and even using small
molecules) depends on how well they can bind or interact with the target
molecule(s). Thus, the strengths of those interactions must be evaluated
during the drug design phase to achieve the desired efficacy levels. The
binding affinity reflects the strength of the interactions. The free energy as-
sociated with the binding of two molecules is called the binding free energy.
Binding energy, which is generally a negative figure, is taken as a quantitative
measure of the binding affinity. Accordingly, the higher the binding energy,
the higher will be the binding affinity. Therefore, accurate binding energy
prediction is a helpful tool for designing drugs with higher affinity towards
their target.

In this work, we focus on antibody-antigen binding, which is a type of
biologics interaction. Antigens are foreign substances that induce an immune
response in a body, whereas antibodies are a part of the immune response
produced to fight off such antigens. The extent of interactions between an
antibody-antigen pair, evaluated through the binding affinity, decides the
suitability of the drug in subsiding the relevant pathogenic condition. Here,
we primarily consider the IC50 value, which is the concentration of the an-
tibody required to inhibit the antigen activity by 50%, as the quantitative
measure for the binding affinity. Further, we only focus on antibodies and
antigens that are classified as proteins in this work.

Currently, molecular docking is used to study how two or more molecular
structures fit together [2] through computer simulations. However, modeling
interactions between two molecules is complicated as this involves a range of
forces. To produce a stable bond between molecular structures, the binding
naturally happens via the lowest energy pathway. Molecular docking aims to
mimic these natural interactions that take place during the binding via the
lowest energy pathway. To achieve this, molecular docking calculates bind-
ing affinities at different binding poses to determine the optimum binding
pose and binding affinity. However, the accuracy of molecular docking heav-
ily depends on the ability of the utilized potential function to describe the
forces in the system in a precise manner. In contrast, molecular dynamics
(MD) simulation is a more sophisticated simulation technique that extends
the capabilities of molecular docking by including the temporal behaviour of
the structures of concern. Due to the over-dependency of MD simulations
on the number of atoms in the proteins of concern, conducting MD simula-
tions for large molecules remains a daunting task even to this date. To this
end, recent advancements in deep learning have led researchers to use deep



learning models as a faster alternative to time-consuming MD simulations
(3, 4]. But, the predictive performance of existing deep learning methods
when calculating the binding affinity is highly dependent on the quality and
resolution of the three-dimensional structures of the antibody and antigen.
To overcome the challenges of the above traditional methods, numerous
deep learning-based methods have recently been utilized to predict the bind-
ing affinity. To this end, Wang et al. [5] introduced a method involving
topology-based feature generation using element and site-specific persistent
homology to capture the structural characteristics of 3D protein structures.
This method employs a combination of convolutional neural network (CNN)
and gradient boosting tree (GBT) model in which the CNN is utilized to ex-
tract more concise features from the topological descriptors, followed by the
GBT as the prediction model. However, this approach is limited to predicting
the effects of mutations within protein-protein complexes. In [6], the authors
presented a geometric attention network that generates embeddings for mu-
tation and wildtype 3D complexes, capturing residue information based on
atom proximity while the attention is employed to identify crucial residue
pairs at the protein interface for binding affinity. However, in this approach,
capturing evolutionary details solely through 3D structures is ineffective and
presents poor performance. Li et al. [7] proposed a bi-directional attention
neural network for predicting compound-protein interactions and binding
affinity. This method models compound-protein interactions as a continu-
ous value prediction problem and employs graph neural networks (GNNs) to
process structural data, alongside convolutional neural networks (CNNs) for
processing sequence data. The network integrates both representations but
has limitations in efficiently capturing residue features due to fixed window-
ing over protein sequences. More recently, DG-affinity [8] proposed to utilize
large-language models to process amino-acid sequences to predict binding
affinity, which still lacks the capability to capture the atomistic information
through the structures for affinity prediction.
In this work, we introduce a novel deep-learning model that combines a ge-
ometric model utilizing graph convolution and graph attention operations
to process the antibody-antigen structures and a sequence model utilizing
self-attention and cross-attention to model the amino-acid sequences of the
antibody-antigen pair. One major goal of the study was to develop a general
deep model that is not confined to a specific family of antigens. Accordingly,
the proposed network was trained on a curated dataset comprising antibody-
antigen pairs for HIV, MERS, flu virus, etc. We observed a significant im-

4



provement in the mean absolute error compared to existing state-of-the-art
models. Therefore, the key contributions of this work can be summarized as
follows:

e We curate the largest and most generalized datasets for antibody-
antigen binding affinity prediction in the literature, including both pro-
tein sequences and structures.

e We propose an end-to-end deep learning framework for antibody-antigen
binding affinity prediction that combines a geometric model, which
processes the atomistic-level structural details of the antibody-antigen
pairs, and a sequence model, which processes the evolutionary details
of the antibody-antigen pairs. Through extensive evaluations on the
existing datasets and our curated datasets, we show that the proposed
framework consistently outperformed the state-of-the-art methods by
significant margins.

e We present a web-based platform where the users can obtain predic-
tions for the binding affinity of their desired antibody-antigen pairs
via uploading protein structure files. Further, we release the codes
and datasets openly to support the development of antibody-antigen
prediction frameworks for the benefit of science and society.

2. Methods

In this section, we delve into the details of the dataset curation process
and our proposed models: sequence model and structure model followed by
the model that combined both sequence and structure models. We discuss
the mathematical concepts associated with deep-learning models and the
justifications for employing specific techniques. In brief, the sequence model
processes the amino acid sequences of the input proteins, whereas the struc-
ture model treats the 3D structures of the proteins as graphs with nodes
and edges. In addition to the sequence and structure models, the combined
model has attention layers to share information between the said models.

2.1. Dataset Curation

Since publicly available datasets are tabulated in different formats, the
first task associated with curating a generalized dataset was to process the
datasets to have a similar format. In addition, as the models require the



3D structure of the proteins, suitable measures had to be taken to generate
the 3D structures that were unavailable in some public datasets. Homology
modeling [9] and AlphaFoldV2 [10] were employed in this regard. The Table
1 presents a summary of publicly available datasets.

Raw . Numerical
Dataset Datapoints Mutations|Data Type Value
Ab-Bind 1101 Available | Sequences AAG

Ab-CoV 1 964 Available | Structures [IC50, EC50

CATNAP| 129 686 Available | Names only ICE)I%;OCgO
SAbDab 1327 Available | Structures AAG
Affinity

SKEMPI 7 086 Available | Structures | Affinity
AlphaSeq| 1 259 700 N/A Sequences Ky

Table 1: Summary of the used publicly available datasets. Here, AAG, IC50, EC50, IC80,
ID50 and K4 refer to the change in the change in Gibbs free energy, half-maximal inhibitory
concentration, half-maximal effective concentration, 80% inhibitory concentration, 50%
inhibitory dose and protein-protein dissociation constant respectively.

Generally, experimental uncertainties can produce multiple IC50 values
for a given antibody-antigen pair over several trials. To negate the impact
of outliers, we first considered the median value of the provided IC50 values
for repeated entries of antibody-antigen pairs. In contrast, we extensively
discuss the structural modelling details in section 2.2 and Fig. 1 summarizes
the complete set of processing steps associated with the dataset curation.

2.2. Structural Modelling

We aim to either retrieve (directly from the datasets mentioned in Table
1) or model (using the methods mentioned in sections 2.2.1 and 2.2.2) the
3D structures of both antibodies and antigens wherever applicable. However,
it is to be noted that both experimental, such as from X-ray crystallogra-
phy and cryo-EM, and computationally predicted structures represent static
snapshots, often outside physiological conditions, and may not fully capture
the conformational dynamics present in vivo [11]. Crystallographic struc-
tures, for instance, are typically determined in the presence of detergents
and under non-physiological conditions, which can influence protein confor-
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Figure 1: The generalized flowchart describing the steps followed to curate the mentioned
datasets.

mation. Similarly, computational models are limited by the quality of input
data and the assumptions of the algorithms used.

In our computational workflow, based on the availability of the template
structure and the mutation profile, we then decided whether to use Homology
Modelling or AlphaFoldV2 to generate the 3D structure. If the mutation
profile, along with the template structure, was provided, then we utilized
homology modeling. If either of the two requirements was not satisfied, then
we used the AlphaFoldV2 pipeline.

2.2.1. Homology Modelling

Homology modeling is a reasonably accurate comparative protein struc-
ture modeling technique in which an atomic-resolution model of the target
protein is constructed using its amino-acid sequence and an experimental
3D structure of a related homologous protein [12]. We utilized a homology
modeling-based pipeline when the template sequence (original amino acid
sequence) and its 3D structure (PDB format) were available along with the
mutation profile. First, we created the mutated protein sequence based on
the mutation profile provided for the template sequence using a package
called MDAnalysis [13]. Homology Modelling was then employed to gener-
ate the 3D structure (in PDB format) of a mutated sequence (i.e. target
sequence) using the template PDB structure. For the sequence alignment
task between the target sequence and template sequence, a Python package
called Bio-python [14] was used instead of the default sequence alignment
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function available in the MODELLER for better results.

The first stage in structure derivation was backbone modeling, which is
responsible for estimating the positions of the amino group, a-Carbon atom,
and the Carboxyl group of each amino acid in the polypeptide sequence.
Backbone modeling was followed by loop modeling, which performs necessary
conformational adjustments to the modeled backbone. Finally, side chains
were modeled. To alleviate steric collisions, the estimated relative atomic
locations were fine-tuned to minimize the potential energy of the conforma-
tion of the protein. This was done during the model optimization step. At
last, the optimized model was evaluated. These steps were conducted using
‘MODELLER’ [15] freeware program.

Further, to improve the accuracy and reliability of the generated struc-
tures, we consider multiple templates, wherever possible, which is particularly
useful in regions where individual templates may lack coverage or accuracy.
Further, to ensure both local and universal structural quality, we carefully
align and rank the models using the well-accepted DOPE score to select the
most reliable and accurate structure [16].

2.2.2. AlphaFold-V?2

AlphaFold-V2 multimer model [10] is a state-of-the-art model with atom-
istic level accuracy for protein structure prediction from amino acid se-
quences, which is proven to be useful even in the absence of a homologous
structure, as shown by their superior performance at the 14* Community
Wide Experiment on the Critical Assessment of Techniques for Protein Struc-
ture Prediction.

In our implementation for generating the 3D structures of proteins where
the template structures were absent, we followed the pipeline from Colab-
Fold [17], which runs inference using the AlphaFold-V2 along with an accel-
erated combination of MMseqs2-based homology search where MMseqs2 [18]
refers to Many-against-Many-searching which is widely used to search and
cluster sequences.

Similar to homology modelling pipeline, we implement the following steps
to improve the accuracy and reliability of structural modelling in AlphaFold-
V2 pipeline. In summary, we leverage multiple templates, generate several
models and select the top-ranked model based on the defined scores. To be
specific, here, using the default settings of ColabFold [17], we generate mul-
tiple models (i.e., five per prediction) which provide per-residue and global
confidence metrics: pLDDT and pTM scores, to assess model reliability. We



select the top-ranked model based on these scores, as they have been shown
to correlate well with experimental accuracy [10].

2.3. Sequence-based Model

The input protein files were processed to obtain the FASTA sequences.
Since deep learning models require a numerical input we encode the complete
FASTA sequence (i.e., to be specific, not just complementarity-determining
regions) using a numerical scheme such as one-hot, BLOSUM, and VHSES
Our motivation behind the selection of these encoding schemes is in the
section, Ablations on Sequence Encoding Schemes in the appendix.

Suppose the encoded antibody and antigen sequences are of the dimen-
sions s; X d and sy X d, respectively. Initially, each d-dimensional vector
was projected onto another d-dimensional embedding space through a dense
layer. Then, the projected matrix was passed through separate, standard
attention blocks whose component layers were multi-head attention (self),
dropout, layer norm, and dense layers. The equation for the attention mech-
anism is given by, Vi =1,2,3,...,s

S ; k.
z; = Zsoftmax <%> \S (1)

J=1

where z; € R? is the output vector after the attention layer, s is the sequence
length (antibody pathway, s = s; and antigen pathway, s = s3), d is the
embedding vector dimension. Furthermore, < . > indicates the Euclidean
inner product. Moreover, q; = W;x;, ki = Wix; and v; = W,x; with x; € R4
being the input vector and W,, Wy, W, € R%“. The softmax operator is
defined as,

(s
Xp
softmax (< .k >) == vd (2)
Vd Z exp (QiTk1>
= vd

Along with self-attention/multi-head attention layers which are supposed to
extract a learned latent representation of the antibody and antigen sepa-
rately, cross-attention (CA) layers were also implemented to pass informa-
tion from the antibody pathway to the antigen pathway and vice versa to
imitate the antibody-antigen interaction space. As shown in Fig. 2, we
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included two pathways for cross-attention to mimic the hierarchical informa-
tion sharing. The cross-attention layer has a similar equation as in the case
of self-attention with a subtle difference in the limits of summation. Accord-
ingly, for cross-attention, we can provide the following equation considering
the flow of information from the antigen pathway to the antibody pathway.
SVe=1,2,3,...,51;

“ < qcA.i(ab), Kca jag) >
ZCAi(Ab) = Z softmax < A(AD) i(Ag) ) VCA.j(Ag) (3)
j=1

dca

where Zca jab) € R4 is the output antibody vector after the cross-attention
layer. Moreover, qca iab) = WeagXcaiab), Kcajag) = WearXcaiag)
and VCA.j(Ag) = WCA,vXCA,i(Ag) with XCA.i(Ab); XCA,i(Ag) € Rdca being the
input antibody latent vector and antigen latent vector, which are obtained
after the first few non-linear layers, respectively and Wea 4, Wea iz, Wea,w €
Rdcaxdea — Other symbols hold the same meaning as in the self-attention
layer. A similar equation can be provided for the flow of information from
the antibody pathway to the antigen pathway by interchanging ‘Ab’ (which
refers to antibody) and ‘Ag’ (which refers to antigen) subscripts in Equation
3 and changing the upper limit of summation to s; instead of ss.

The outputs from the antibody pathway, antigen pathway, and antibody-
antigen pathways were then concatenated into a single vector and further
processed through two dense layers to get the output.

2.4. Structure-based Model

Even though antibodies undergo conformational changes, upon binding
with antigens, leading to complex structures capturing the bound state (i.e.,
induced fit) [19], most antibody-antigen complexes lack experimentally re-
solved structures, thus, a limited information on binding sites for many data-
points, necessitating reliance on high-confidence predicted models of unbound
components [20] for a data-driven study. Therefore, despite the potential in-
formation loss, here we utilized individual structure details of antibodies and
antigens rather than the antibody-antigen complex structure details. Our
decision is further motivated by the following findings in the literature as
well: (1) unbound antibody and antigen structures are often used to simu-
late real-world scenarios where pre-binding conformations are unknown, like
in docking tools with ensemble of unbound structures [20]. Metrics like root
mean square deviations in complementarity determining region and epitope
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Figure 2: The network architecture for the sequence-based model. *MHA refers to Multi-
head Attention and other layers in the diagram hold conventional meanings as used in
deep learning.
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Figure 3: The network architecture for the structure-based model. *Here, GCN, GAT,
and GAP refer to Graph Convolution, Graph Attention, and Graph Average Pooling,
respectively.

in these unbound models correlate with docking success, emphasizing the
sufficiency of high-quality individual structures for capturing key interac-
tion motifs [21], and (2) simple interaction features such as contact counts
derived from unbound structures achieve classification performance compa-
rable to complex structural descriptors, suggesting the information loss is
mitigated by feature engineering focused on interaction hotspots [22].
In our implementation, we represented both antibody and antigen molecules

as graphs G = (V, £) that use atoms as nodes with their respective 3D coor-
dinates denoted as X € R3*", and initial atomic features F € R**". Edges
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include all atom pairs within a distance cutoff of 5A. Initial atomic features
include atomic number, implicit valance, charge list, and the degree of the
atom. Edge features include the bond strength which we calculate as the
reciprocal of bond distance.

The structure model architecture comprises two parallel branches that
simultaneously process antibody and antigen graph representations, as de-
picted by Fig. 3. Each branch consists of 4 graph convolutional layers [23],
followed by four graph attention layers [24] and a graph average pooling
layer. To aggregate the features of neighboring atoms, we passed the graph
representations of antibody and antigen molecules through a stack of graph
convolutional layers. The core property of the graph convolutional layer is
that it takes the weighted average of neighbours’ node and edge features,
including itself. A single graph convolutional layer, followed by a ReLU
non-linear layer, is denoted as follows.

Z' = ReLU (D—%AD—%ZWGCN> (4)

where Z € R3*" denotes the input feature matrix that includes coordinate
values, node, and edge features of n nodes. Here, A is the adjacency matrix,
A=A+ 1Iyand D;; = Zj flij. Moreover, Wgon is the weight matrix and
Iy is the identity matrix. Following the stack of graph convolutional layers,
a stack of four graph attention layers was applied to identify the atoms that
should be given more priority. The graph attention operator works as follows.

Z! = a; WaarZ; + Z @i jWeare; (5)
FEN(9)
N exp (LR (a” (WaarZi |[WaarZ;|| Weei;])) (6)
” >, exp(LR(a" [WaarZ; |WaarZi|| Weeik]))
keN (i)U{i}

where Z; is the input feature vector of the i node, W is the weight ma-

trix and LR denotes the LeakyReLU non-linear function. The coefficients
computed by the attention mechanism, «;;, in Eq. 5 are computed by fol-
lowing the original GAT paper [24] as shown in Eq. 6. To this end, a denotes
the attention mechanism which is a single-layer feedforward neural network
parametrized by a weight vector € R?f" where F’ is the cardinality of node
features after the layer in consideration. W, and e;; are the edge feature
weight matrix and edges in consideration.
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Figure 4: The network architecture for the combined model.

Afterwards, we fed the graph attention layer output to a graph average
pooling layer to reduce the spatial dimension. Subsequently, embeddings of
the antibody and antigen obtained via each pathway were concatenated and
processed further through two linear (dense) layers to retrieve the binding
affinity prediction from the structure model.

2.5. Combined Model

With the expectation of capturing evolutionary details through protein
amino acid sequences and atomistic details via protein 3D structures to en-
hance the prediction performance, the final combined model constitutes the
aforementioned sequence and structure models. We applied cross-attention
to propagate complementary information between the two domains. As in-
dicated by Fig. 4, the cross-attention output was concatenated separately
with the embeddings from each constituent model and passed through linear
(dense) layers to obtain two intermediate binding affinity predictions (se,
and ¢g,-). The final binding affinity prediction () is a weighted average
between those two predictions, and the weights were decided based on the
conducted ablation study.

Q - (51 X gstr) + (52 X QSEQ) (7)

Here, we used a weighted average function with hyperparameters; d; and 9s.
Through ablations, d; and d; were selected to be 0.45 and 0.55, respectively.
During the training phase of the combined model, for a given ground truth
value (y), the following combined loss function (Lstq) was calculated, and the
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error was backpropagated, updating the weights in the constituent sequence
and structure models, simultaneously.

'Ctotal =X MSE(?/, gstr) + n X MSE(:% gseq)

8
+v X MSE@stmgseq) )

where A\, 1 and v are hyperparameters selected through ablation studies. The
intermediate binding affinity predictions from the sequence and structure
models are denoted by ¢, and ¥, respectively.

2.6. FEvaluation Metrics

Throughout the experiments, the following metrics were utilized to eval-
uate the performances and compare the results between the models.

1 n
2>l )
where the evaluation parameter: mean absolute error is denoted as MAE.
y; and y; refer to the true value and predicted value, respectively.
The mean squared error (MSE) was mainly used as a loss function and
on certain occasions, it was also considered as an evaluation metric to further

validate the results. .

M= L3 a0

i=1
Further, to evaluate the correlation between the true values and predicted
values from our models, concerning linearity and ranks, Pearson correlation
coefficient (r) and Spearman’s correlation coefficient (p) were utilized respec-

tively. )
_ > i1 (Wi — 5i) X (g — 4i)
VI = ) % /S 6 — 51)?
2 im 6(d5)
(= 1) 1)

In Equation 12, d; refers to the difference between the two ranks of each true
and predicted value pair.

(11)

r

p=1-

14



3. Results

In this section, we discuss in detail our experiments and results in com-
parison with several baseline models from the literature. The impact of in-
corporating both evolutionary and atomistic-level details through sequence-
based and structure-based models, respectively, is exhibited in the results.
The results are presented and discussed in the following order of subsec-
tions: Dataset Curation, Combined Models, Sequence-based Models, and
Structure-based Models.

3.1. Dataset Curation

As publicly available datasets are compiled in different formats, they were
initially preprocessed through custom pipelines and the resulting curated
sequence and structure datasets were named P2PXML-Seq and P2PXML-
PDB, respectively. A detailed comparison of the curated datasets with the
publicly available datasets is provided in Table 2. P2PXML-Seq only contains
antibody-antigen pairs in the respective amino acid one-letter code (FASTA
format [25]) while the P2PXML-PDB contains 3D structures of the antibody-
antigen pairs in protein data bank (PDB) format as illustratively presented
in Figure 5. Both datasets comprise the IC50 values of the corresponding
antibody-antigen pairs, which are either experimental or estimated.

Usable
Dataset Datapoints™

Ab-Bind [26] 1 101
Ab-CoV [27] 1 420
CATNAD [2§] 11 208
AlphaSeq [29] 87 808

P2PXML-Seq (Ours)** 111 845
P2PXML-PDB (Ours)™ | 8 475

Table 2: Dataset comparison. *Here, usable datapoints refer to the remaining datapoints
after a defined set of preprocessing steps, including the duplicate removal and the exclusion
of datapoints with no numerical value for binding affinity. **P2PXML-Seq and P2PXML-
PDB are our curated protein sequence and structure datasets, respectively.

As per our knowledge, the datasets in Table 2 are the most extensive
datasets curated explicitly for the antibody-antigen binding affinity predic-
tion. Our datasets have a consistent format concerning the antibody-antigen
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() 0.001 (0.002) (g) 8.24 (6.05)

(i) 18.00 (22.10) (j) 50.00 (36.24) (k) 40.00 (32.07) (1) 52.40 (56.52)

Figure 5: py3Dmol [30]-based visualization of a randomly selected subset of our P2PXML-
PDB dataset. Here, in each sub-figure, the top protein structure is the antibody while the
below is the antigen. The caption for each antibody-antigen pair presents the correspond-
ing binding affinity in IC50 value whereas the predictions from our model is mentioned
within brackets.
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pairs and the corresponding numerical values (i.e. IC50; half-maximal in-
hibitory concentration). It is to be noted that we assumed specific parameters
or conditions including non-competitive inhibition, following [31, 32|, to ap-
proximate IC50 whenever needed. As shown in Figure 6, IC50 distribution in
our curated datasets densely covers the affinity variation in antibody-antigen
pairs while closely mapping to normal distributions. Moreover, the curated
datasets express sufficient generalizability since they contain numerous anti-
gens such as SARS-CoV-2, HIV, MERS, and flu, as shown in Figure 7, and
their related antibodies, in contrast to many datasets in the literature where
only one antigen is considered [29, 27].

6000

5000

4000

3000

Frequency
Frequency

2000

1000

6 B -2

-2 0 2 0 2
logyo (Target IC50 Value) logyo (Target IC50 Value)

(@) (b)

Figure 6: Distribution of binding affinity values (i.e., here, IC50 values) in the curated
(a) P2PXML-Seq dataset (mean: 0.4070, standard deviation: 1.2916, min: —5.3665, max:
5.6021 in log scale) and (b) P2PXML-PDB dataset (mean: —0.1196, standard deviation:
1.4454, min: —4.0000, max: 5.6021 in log scale). Here, the IC50 values (in x-axis) are
presented in log scale for better visualization.

3.2. Combined Models

The primary intuition behind the combined model is to incorporate the
evolutionary and atomistic-level details of antigens and antibodies through
the sequence-based model and the structure-based model, respectively, while
sharing the information learned through each pipeline to imitate the chemical
binding potential. Further, as depicted in Figure 8, it is evident that antibod-
ies corresponding to a particular antigen variant do not exhibit distinctive
clusters in low-dimensional space in both protein sequences and structures
which further emphasizes the importance of modeling an information sharing
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Figure 7: The number of antibody-antigen pairs (in log scale) vs the type of antigen strain
in the curated (a) P2PXML-Seq dataset and (b) P2PXML-PDB dataset. Here, N refers
to the number of antibody-antigen pairs and ”Other” refers to antigen strains, which do
not correspond to a specific bar in the plots, such as WIV1 [33] and SHC014 [34].

pipeline between antibodies and antigens while utilizing both their sequences
and structures.

The curated P2PXML-PDB dataset was used to train, test and compare
the performances of the models. As the proposed network comprises a se-
quence model in conjunction with a structure model, the results exhibited
by the proposed network were compared with state-of-the-art sequence-based
and structure-based models.

From Table 3, it is evident that our final Combined-V2 model outper-
forms all the considered state-of-the-art approaches at least by a margin
of 10.6% while improving the performance of our individual sequence-based
and structure-based models by 5.6% and 6.8% (in terms of MAE), respec-
tively. The performance of the proposed combined model underscores the
importance of incorporating both atomistic-level and evolutionary details in
predicting the binding affinity. In addition, to ensure the statistical signifi-
cance of the reported results, a paired t-test [39] and a Wilcoson signed-rank
test [40] were conducted between the target and predicted 1C50 values. The
paired t-test resulted in a p-value of 0.000163, suggesting that the differ-
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Figure 8: Component 2 vs component 1 of the low-dimensional t-distributed stochastic
neighbor embeddings [35] reduced from the (a) amino-acid sequence embeddings generated
by following ESM-2 [36]. The sequences are from a randomly-sampled subset of the anti-
body amino-acid sequences in the P2PXML-Seq dataset. (b) whole-graph embeddings of
the constructed graphs. The graph embeddings are generated by following graph2vec [37]
and the graphs are corresponding to a randomly-sampled subset of the antibody protein
structures in the P2PXML-PDB dataset. Here ”Other” follows the same definition as in
Figure 7.

ence between the predicted and target IC50 values is statistically significant
(specifically in regard to mean difference) while the Wilcoxon signed-rank test
yielded a p-value of 0.014451, re-confirming the significance of the differences
observed, specifically in regard to the distribution of differences.

As depicted in Figure 9, the correlation between the predicted and tar-
get values is significantly strong: the linear correlation evaluated through
Pearson correlation coefficient being 0.8703 and the rank-order correlation
evaluated through Spearman’s correlation coefficient being 0.9450 and con-
cordance index being 0.8560, which further highlights the better performance
of our approach. This is a significant improvement as prior works [7] and
[38] only exhibit Pearson correlation coefficients of 0.81 and 0.75 along with
the Spearman’s correlation coefficients of 0.83 and 0.78 respectively. Fur-
thermore, as illustrated in Figure 10a, the errors are randomly distributed
around zero while as in Figure 10b, the error distribution is approximately
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Model MAE MSE

1D CNN with attention [7] 1.1191 | 5.2266

GCN [38] 1.1348 | 5.2988
Parallel Transformer with

cross-attention (Ours) 1.1083 | 5.1986

Parallel GCN + GATConv (Ours) | 1.1338 | 5.3457
Combined-V2 + pre-trained
weights (Ours) 1.0005 | 4.6709

Table 3: Ovwerall results comparison for P2PXML-PDB dataset with respect to mean
absolute error (MAE) and mean squared error (MSE). Here, ‘1D-CNN with attention’
and ‘GCN’ refer to the respective state-of-the-art sequence and structure models whose
performances are compared with our sequence-based pipeline (Parallel Transformer with
cross-attention), our structure-based pipeline (Parallel GCN 4+ GATConv) and the final
combined model containing both pipelines (Combined-V2 + pre-trained weights). Only
the best-performing structure and sequence models out of the considered work found in the
literature are given. Other related research is mentioned under the subsections; Sequence-
based Models and Structure-based Models.

normal, with a mean close to zero, which collectively imply that the proposed
model does not exhibit significant bias in its predictions.

In our experiments, several variants of the combined model were tested
along with two different amino acid encoding schemes. An overview of varia-
tions and performance comparison between the combined model variants are
given below. See section 2.5 for more details.

e Combined-B: This refers to the combined base model where the outputs
from the sequence-based model and the structure-based models are
collectively considered for calculating the combined loss function.

e Combined-V1: The Combined-B model was modified such that the
output latent vectors from sequence-based and structure-based models
were concatenated. Then the concatenated vectors were propagated
through parallel paths to obtain separate outputs which were eventually
combined to calculate the combined loss function.

e Combined-V2: In contrast to the direct concatenation of latent vectors
from two pathways as mentioned in the Combined-V1 model, here,
the resulting vector from cross-attention between the two pathways
was concatenated separately with each latent vector from two mod-
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Figure 9: log,o(IC50) of the predicted values vs log;,(IC50) of the target values for
the test set of P2PXML-PDB dataset using our best performing model. The Pearson
correlation coefficient is 0.8703 and the Spearman’s correlation coefficient is 0.9450 between
the predicted and target values. The coefficient of determination is 0.7515.

els. The resulting concatenated vectors were processed similarly as in
Combined-V1. See Figure 4.

e Combined-V2 + pre-trained weights: Instead of randomly initializ-
ing the weights of the sequence model in the Combined-V2 model,
pre-trained weights obtained from training the sequence model using
the P2PXML-Seq dataset were utilized. Note that the weights in the
structure model of the Combined-V2 model were still initialized ran-
domly. Since the Combined-V2 model was trained on the P2PXML-
PDB dataset, pre-trained weights were not used for the structure-based
counterpart in the Combined-V2 model as it would have otherwise pre-
exposed the dataset to the model.
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Figure 10: Error analysis for the test-set of P2PXML-PDB dataset (a) Error (i.e.,
log o IC50target — 10810 IC50predicted) VS 10810 IC50predictea (b) Histogram of the error
(in log scale) distribution. The standard deviation of the errors is observed to be 0.77.

MAE
Model VHSES | Protein language
encoding® | embeddings**
Combined-B 1.0567 1.1209
Combined-V1 1.0039 1.0988
Combined-V2 1.0007 1.0951
Combined-V2 1.0005 1.0924
+ pre-trained weights

Table 4: Results comparison between the principal component score vector of hydropho-
bic, steric, and electronic properties (VHSES) encoding and pre-trained protein language
embeddings from ProtT5-XL-BFD [41] for protein amino-acid sequences. The dataset
used is our P2PXML-PDB dataset and the performance parameter is MAE. *VHSES en-
coding of an amino acid is an 8D Vector of Hydrophobic, Steric, and Electronic properties.
**Obtained from ProtT5-XL-BFD which is a pretrained model on protein sequences.

As given in Table 4, the Combined-V1 model outperformed the Combined-
B model by a margin of 5% which highlights the impact of sharing evolu-
tionary and atomistic details between sequence-based and structure-based
pipelines. Applying cross-attention when sharing information between the
sequence and structure models in Combined-V2 further improved the perfor-
mance of Combined-V1, validating the importance of learning the extent to
which information should be shared. At last, employing pre-trained weights,
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as described earlier, slightly improved the results further to obtain the best
MAE of 1.0005.

It can be deduced from Table 4 that the same pattern of performance
improvement was perceived when utilizing the protein language embeddings
from ProtT5-XL-BFD [41] instead of the principal component score vector
of hydrophobic, steric, and electronic properties (VHSES8) encoding scheme
to encode the protein amino-acid sequences. However, the superior perfor-
mance of VHSES encoding over protein language embedding in every com-
bined model variant suggests that it is better to use an encoding scheme
rather than deep learning-based protein language embeddings, given the fact
that we utilized the language embeddings from a pre-trained model rather
than a model which was fine-tuned to the task in hand. We further believe
that if we fine-tune the protein language model to our task, it might have
a comparable or superior performance than the traditional encoding scheme
since it could learn an enriched protein sequence representation tailored to
the task rather than an ill-posed generalized representation which would not
be sufficient to obtain the best performance.

3.3. Sequence-based Models

The sequence-based model was developed to capture evolutionary details
of the amino acid sequences of both antigens and antibodies while hierarchi-
cally sharing the information learned from parallel pipelines through cross-
attention. Based on this intuition, several approaches were tested and then
compared with the state-of-the-art approaches [43, 7], which utilize protein
sequences for the binding affinity prediction.

As per the results in Table 5, the sequence-based model with the best
performance is the ‘Parallel Transformer with cross-attention” model. The
results indicate that the selected sequence-based model surpasses the state-of-
the-art approaches under all three datasets by MAE margins of 4%, 44%, and
1% for VirusNet, P2PXML-Seq, and P2PXML-PDB datasets, respectively.
Consequently, it was incorporated into the combined model to extract the
information from protein amino acid sequences.

3.4. Structure-based Models

The structure-based model was developed to capture atomistic-level and
residue-level structural information of the antibodies and antigens to facili-
tate the antibody-antigen binding affinity prediction. Based on this intuition,
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Model Parallel | Cross MAE
ode Pipeline | attention [ VirusNet [42][P2PXML-Seq|P2PXML-PDB
SVR with RBF kernel [43] X X 102.1267 10.8236 2.4181
1D CNN with attention [7] v v 3.5124 0.0964 1.1190
LSTM v X 5.2853 0.2460 1.4448
LSTM v v 3.6288 0.0926 1.1275
Transformer v X 3.4995 0.0898 1.1175
Parallel Transforr.ner with v v 3.3707 0.0542 1.1083
cross attention
Transformer Wlth' m}:ltlple v v 3.4744 0.0553 1.1084
cross-attention
Transformer with distogram** v v 3.3882 0.0551 1.1108
Transformer with protein
language embeddings*** v v 3.4263 0.0623 1.1128

Table 5: Results comparison between the protein sequence-based models with MAE as
the performance parameter. The datasets used are VirusNet [42], P2PXML-Seq and
P2PXML-PDB. Apart from ‘SVR with RBF kernel’ and ‘1D CNN with attention’ mod-
els, the other models were developed during our study to check the impact of different
architectures on the MAE. *Here, ‘Transformer with multiple cross-attention’ refers to
having cross-attention blocks in each stage, in addition to the two hierarchical cross-
attention layers as in ‘Parallel Transformer with cross-attention’. **In the ‘Transformer
with distogram’ model, the calculated distograms were used as input instead of the encoded
protein sequences. ***The pre-trained protein language embeddings generated through
ProtT5-XL-BFD [41] (without fine-tuning the model to our task) were used as input to
the transformer instead of encoded protein sequences.

several approaches were tested and compared with the state-of-the-art ap-
proaches [44, 38|, which utilized protein 3D structures for the binding affinity
prediction.

As per the results in Table 6, the final structure-based model is selected to
be the ‘Parallel Graph Convolution (GCN) + Graph Attention (GATConv)’
model. The results depict that the proposed structure-based model has sur-
passed the state-of-the-art methods under our benchmark PDB dataset by a
slight MAE margin of 0.08% and an MSE margin of 0.04%. Accordingly, it
was integrated into the combined model to extract information from protein
3D structures.

4. Conclusions

In the field of drug development, the efficacy of a drug depends on the
extent to which the constituent molecules interact with the target molecules.
Thus, the strengths of those interactions must be evaluated during the drug
design phase to achieve the desired efficacy levels. In literature, such protein-
protein interactions are reflected by the binding affinity. Therefore, accurate

24



Model MAE MSE

Parallel GNN [44] 1.1633 | 5.5406
Parallel GCN [38] 1.1347 | 5.3490
Parallel GAT* (Ours) 1.1788 | 5.6719

Parallel GCN
+ cross-attention®* (Ours) 1.1409 | 5.3818
Parallel GCN + GATConv (Ours) | 1.1338 | 5.3457

Table 6: Results comparison between the protein structure-based models with MAE and
MSE as the performance parameters. The dataset used is our P2PXML-PDB dataset.
*Here, the parallel GAT model refers to a full graph attention network, which was de-
veloped under the hypothesis that identifying the most essential nodes through attention
would be sufficient for better binding affinity prediction. However, the performance of the
model indicates that such information alone is inadequate to yield better performance.
**The parallel GCN model with cross-attention was developed following the success of
our final sequence-based model with the expectation that the information sharing be-
tween the parallel paths would be beneficial for a better prediction. Surprisingly, it was
not as useful in the structure-based model as it was in the sequence-based model. We hy-
pothesize that the local aggregation of the node features in the intermediate stages lacks
or does not encapsulate sufficient global information, which is essential for the graph-level
prediction task.

binding affinity prediction is critical in designing drugs with higher speci-
ficity towards the target. Our study focused on antibody-antigen binding,
which is a subclass of protein-protein interactions. Currently, techniques
such as molecular docking and molecular dynamics simulations are employed
to determine the binding affinity at different binding poses, but they either
overlook the temporal behaviour, leading to lesser accuracy (in Molecular
Docking) or are computationally expensive and time-consuming (in Molecu-
lar Dynamics). Even though there is a trending interest in utilizing machine
learning to predict binding affinity, the predictive performance of existing
machine learning methods when calculating the binding affinity is highly de-
pendent on the quality of the antibody-antigen structures, and they tend
to overlook the importance of capturing the evolutionary details of proteins
upon mutation.

To overcome the said complexities and drawbacks, we proposed a novel
deep geometric network that comprises a structure model that could process
the 3D structures of the input proteins and a sequence model that could
handle the amino acid sequences of the input proteins. We employed atten-
tion mechanisms in both models to ensure that both atomistic-level infor-
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mation and evolutionary details are appropriately incorporated into neigh-
bor embeddings and/or between the pipelines for antibodies and antigens.
The proposed model was trained on our curated dataset, which consists of
sequences and structures of antigens and antibodies corresponding to a di-
verse set of common viruses such as Human Immuno-deficiency Virus (HIV),
SARS-CoV-2, etc., to ensure sufficient generalizability within the dataset.
After extensive ablation studies which were performed to select the en-
coding schemes, node and edge features, and model hyperparameters, it was
observed that the Combined-V2 model, which is our final model architecture
including selected sequence-based and structure-based models, surpassed the
state-of-the-art approaches at least by a margin of 10.6% in terms of the
mean absolute error. Furthermore, the stand-alone sequence-based model
was able to surpass the existing sequence-based state-of-the-art methods un-
der all benchmark datasets, and our structure-based model marginally out-
performed the existing works in the literature as well. Moreover, we devel-
oped a website as a community access tool to allow the interested community
to obtain prediction results for their input proteins via our hosted models.
In summary, we believe that the work presented in this study would
be beneficial in improving deep-learning-based binding affinity prediction of
antibody-antigen pairs, especially in the domain of drug development.
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Appendix A. Formulating antibody-antigen binding affinity pre-
diction as a regression problem

Given that the community is interested in both binding vs non-binding
classification (i.e., binary interaction determination) [45] as well as precise
binding affinity value prediction (i.e., quantifying the interaction strength) [8,
46], we intend to address the latter task in this work since a precise binding
affinity prediction is beneficial, over a macro-level classification (which can be
more effective for initial screening), for the downstream analyses in therapeu-
tic antibody engineering such as enabling fine-tuning for efficacy [47], which
is one of the core objectives in this work. In addition, the datasets mentioned
in Tables 1 and 2 comprise numerical values to represent binding affinity in
a continuous spectrum. Hence, to facilitate a macro-level binary classifica-
tion, the numerical binding affinities must be thresholded. However, there
is no universal threshold for IC50 value that can be used across all types
of antibodies and antigens [48]. Therefore, such thresholding will lead to
a sub-optimal problem formulation and downstream performance. Further,
the baseline and recent works in the literature [8, 7, 38] treat the binding
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affinity and closely affiliated metrics such as Kd and IC50 in a continuum
spectrum and thereby, utilize regression metrics such as distance errors and
correlation values to evaluate their performance. Given the above reasoning,
we formulate the problem at hand in a regression fashion.

However, it is trivial that the proposed method can also be extended
to obtain a binary output (i.e., as a proxy for screening “strong” vs “weak”
binders) as well, by thresholding the predicted value at a clinically motivated
cut-off n: if the predicted IC50 value from our method for the user input
antibody-antigen pair is below 7, then the users can safely assume that the
pair has a strong binding, and vice versa.

Appendix B. Dataset Descriptions and Selection
Below we briefly summarize the details and contributions of each dataset.

e Ab-Bind [26]: This dataset presents 1,101 mutants from 32 antibody
complexes with experimentally determined binding free energy changes.
More specifically, AB-Bind focuses on 403 alanine single-point muta-
tions and 242 non-alanine mutations and includes antibody-antigen,
antibody-Fc receptor, and nanobody complexes. Optionally, the dataset
also provides limited structural data from X-ray crystallography (1.50
to 3.79 A) and homology models for computational structural bench-
marking.

e Ab-CoV [27]: This dataset curates 1,780 coronavirus-neutralizing an-
tibodies with more than 3,200 data points on IC50, EC50, and Kd
values. Further, it includes epitope and paratope annotations, pre-
dicted mutation impacts on stability and affinity, and Collier de Perles
plots for optional structural analysis.

e CATNAP [28]: CATNAP contains HIV-focused resource integrating
neutralization data for 172 antibodies against 722 HIV-1 viruses (529
sequenced) from 49 studies. The datset links antibody potency, with
IC50 and IC80, with viral Envelope protein sequences and epidemi-
ological data and features Fisher’s exact test for detecting antibody
resistance and sensitivity signatures in viral sequences.

e SAbDab [49]: This is a structural antibody database containing an-
notated antibody-antigen complexes where annotations include exper-
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imental details such as resolution and method, affinity data, and se-
quence features such as CDR loops, and species origin. At the time
of our download, there were 1327 complex structures along with the
corresponding AAG or affinity value.

e SKEMPI [50, 51]: The dataset covers general protein-protein interac-
tions and their binding relationships including energy, kinetics, and
thermodynamics. In summary, this dataset of binding free energy
changes upon mutation contains 7085 binding data for structurally re-
solved protein-protein interactions. Further, the dataset reports kinet-
ics changes for 1844 mutations and entropy changes for 440 mutations.

e AlphaSeq [29]: The dataset presents quantitative binding scores of anti-
bodies against a SARS-CoV-2 target peptide collected via an AlphaSeq
assay. Raw dataset contains over a million datapoints whereas around
100K designs are attributed to the dataset as per the paper [29]. An-
tibody affinity values cover a wide range from 37pM to 22mM.

As described in section 2.1, we consider the median value of the pro-
vided IC50 values for repeated entries of antibody-antigen pairs to mitigate
the impact of outliers. As shown in prior works such as [52], this approach
is effective in accounting for extreme outliers (Fig. B.11), which can other-
wise disproportionately affect the mean (i.e., skewing the central trend and
thereby leading to an inaccurate representation), specifically given the nature
of IC50 values: potentially spanning several orders of magnitude. Further,
this approach is particularly reasonable in the task of binding affinity predic-
tion since extreme outliers in experimental IC50 measurements can predom-
inantly result from experimental variability (or rare, highly/lower potent
binding cases), but here a more representative value for typical antibody-
antigen interactions is preferred.

Appendix C. Ablations on Sequence Encoding Schemes

As discussed in the section 2, it is required to convert the letter se-
quences of protein amino acids into a numerical format before feeding into
the sequence-based models. Accordingly, two traditional encoding schemes,
namely, one-hot encoding and VHSES encoding, and one deep learning-based
protein language embedding were utilized for this task. Our inspiration be-
hind these selections is as follows:
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e In a high level, since the sequence encoding method is model-agnostic
(with respect to our learning approach) and is not a contribution of this
work, our objective of these encoding ablations was to quantitatively
compare the performance sensitivity of our approach in response to the
different representative encoding schemes in the literature.

e To this end, we selected the ”one-hot” scheme as a representative base-
line for conventional non-biased methods since it presents a simple
method where each amino-acid is represented independently of others.
Further, it is data-driven, without embedding any prior assumptions
or knowledge about amino-acid sequences.

e The VHSES encoding scheme is a representative of the methods which
are equipped with expert-based domain-specific knowledge. In this
regard, VHSES encapsulates key biochemical properties, such as hy-
drophobicity and steric effects, which are crucial and highly relevant
for protein interactions.

e The ProtT5-XL-BFD protein language embedding [41] is the represen-
tative for model learning-driven sequence encoding methods at which
the encoding is learned through a representation learning process via
a significantly larger amino-acid sequence dataset(s). Therefore, it
is reasonable to identify this approach as a hybrid of the above two
classes where domain-specific knowledge is learned through a data-
driven pipeline.
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As indicated in Table C.7, the VHSES encoding scheme was utilized in
the model implementations (including sequence-based models and the com-
bined models) due to its superior performance over the other two encoding
schemes. We believe that the chemical and physical properties of the amino
acids embedded within the VHSES encoding scheme are the reason for the
better performance compared to one-hot encoding, which is a sparse en-
coding scheme, and BLOSUM encoding, which is a domain-specific method
specifically targeting evolutionary relationships between amino acids based
on substitution frequencies.

Encoding scheme | MAE
One-hot 0.9757
VHSES 0.9682

BLOSUM 0.9774

Table C.7: Results comparison between different encoding schemes. Here, the P2PXML-
Seq dataset is utilized and the model is a parallel multi-layer perception model.

As discussed previously under the Results section, the protein language
embeddings from ProtT5-XL-BFD [41] were also utilized to numerically en-
code the protein amino acid sequences. However, it was shown in Table 4
that the performance of such an embedding representation is inferior to the
VHSES encoding scheme in this context.

Appendix D. Ablations on Model and Training Hyperparameter
Selections

In all our deep learning experiments, each utilized dataset is partitioned
into training, validation, and test sets using a ratio of 17 : 1 : 2, respectively.
Further, it is important to run extensive ablations for different combinations
of hyperparameters as we were trying to heuristically determine the param-
eters that would maximize the performance of the model. Accordingly, as
per Table D.8, it is evident that the best MAE is given by a learning rate
of 0.0001, along with the ADAM optimizer and a dropout of 0.05. The set
of hyperparameters that exhibit the best MSE is almost similar to those of
the best MAE except for the dropout, which is 0.10 in the case of the best
MSE. However, under the hyperparameters that produced the best MSE, we
obtain an MAE that is relatively worse than the best MAE. Moreover, note
that the MSE corresponding to the best MAE is quite close to the best MSE.
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Accordingly, it was decided to use the set of hyperparameters that produced

the best MAE value.

LR | Optimizer | D/O | EV MAE MSE
0.06 | X | 0.179275 | 0.049301
0.001 ADAM 0.1 X | 0.335331 | 0.116954
0.2 X | 0.130520 | 0.039792
0.05 | X | 0.054212 | 0.036044
0.1 X | 0.088051 | 0.036068
0.2 | X | 0.058286 | 0.035924
ADAM 0.05 | v | 0.103310 | 0.036906
0.0001 0.1 | v | 0.066851 | 0.035740
0.2 | v | 0.062289 | 0.035802
ADA- 0.05 | X | 0.089726 | 0.036105
0.1 | X | 0.091582 | 0.036193
DELTA 0.2 X | 0.094721 | 0.037684

Table D.8: Optimal hyperparameter determination through ablations by exposing the
proposed sequence model to the AlphaSeq dataset. *LR, D/O, EV refer to Learning Rate,
Dropout and Embedding Vector, respectively.

Appendix E. Model Optimization

We intend to incorporate both evolutionary and atomistic details into
our final antibody-antigen binding affinity prediction model through the em-
ployed sequence-based and structure-based models respectively. To this end,
we hypothesize that both aspects are equally critical for the task at hand
and therefore, we set the initial weights for sequence-based and structure-
based learning guidance and in the final model to be approximately 0.5.
However, according to our reported results (as in Tables 3, 5 and 6), our
sequence model slightly outperforms the structure model in general, even
though both models are better than the existing corresponding works in the
literature, respectively. However, to avoid a potential learning imbalance,
we (1) heuristically determine the hyperparameters in the objective function
(A, p and v) (by adjusting within the local search space through empirical
evidence as observed in ablation studies as in Fig. E.12a) that resulted in a
respective combination of {0.425, 0.525, 0.05} validating our previous obser-
vation on the slight edge in importance of sequences for the task. Note that
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Ab-CoV MAE 8.0124 | 7.2343 | 8.3865 | 7.0127 | 8.1923 | 9.3845 | 9.8632

Ab-Bind MAE 0.0004 | 0.0009 | 0.0008 | 0.0001 | 0.0003 | 0.0035 | 0.0055

Table D.9: Evaluation of node and edge features using the protein structures generated
(using AlphaFold-V2 multimer model) for the protein sequences in Ab-Cov and AB-Bind
datasets

the auxiliary third term (M SE(Ystr, Yseq)) is to minimize the potential dis-
parity between two supervision paths and thus, it is a complementary weight
of which the value is set to this auxiliary loss term after the assignment of
first two weights. Subsequently, we (2) carefully (and heuristically) select the
weights (d; and d5) of final binding affinity prediction (Eq. 7) to be {0.45,
0.55} which also aligns with above observations (Fig. E.12b). Therefore, we
believe that these measures are reasonable and sufficient to avoid (1) a poten-
tial learning imbalance while (2) respecting the superiority of the sequence
model and (3) adequately acquiring the impact of both models (by balancing
around 0.5).

To address the trade-off between the sufficiency of the model complexity
and overfitting risk, we implement the following steps accordingly:

e We equip the model with the potential to capture input data complexity
through:

— Sequence model is comprised of (1) a set of multi-head atten-
tion layers to learn a representative latent of the internal data
complexity of antibody and antigen separately whereas (2) hier-
archical cross-attention layers mimic the multi-scale information
sharing between antibody and antigen (Fig. 2)

— Structure model consists of (1) a set of graph convolution lay-
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ers to aggregate the local atomistic complexity through the N—
hop neighbourhood whereas (2) graph attention is employed to
determine the node relevance in a learnable fashion (Fig. 3).

— Further in combined model (Fig. 4), the domain and modality-
specific knowledge learned from sequence and structure-based model
is shared through a set of cross-attention layers.

e We minimize the risk of overfitting through:

— By following the standard machine learning practices, we add
dropout layers and regularization terms in both sequence and
structure-based model paths to combat the overfitting risk within
the model architecture.

— When splitting the samples for training and testing, we ensure
that there is a limited possibility for data leakage through (1)
eliminating sequences which have higher sequence similarity than
a set threshold and (2) encouraging the samples relating to same
antigen variant into same data split, apart from standard data
preparation procedures such as the removing the duplicates.

— Optionally, given that (1) amino-acid sequences are considerably
long and higher dimensional (as an example, in our P2PXML-Seq
dataset, the sequences can be as large as having 3.1 K amino-acid
letters, which are reduced to lower latent representations as in
Fig. 8a in the paper), whereas (2) protein structures are signifi-
cantly structurally-complex due to the larger number and variety
of atoms (which are reduced to lower dimensional representations
as in Fig. 8b in the paper), it is evident that there is a lesser risk
of overfitting to protein sequence and structure hyper-space.

Appendix F. Ablations on Graph Node and Edge Features

One of the most crucial steps in geometric deep learning, specifically
graph-based deep learning, is the initial graph representation, as it would
directly impact the subsequent node and edge level aggregations and infor-
mation flow.

Therefore, an extensive ablation study was performed to find an optimal set
of node and edge features for the graph representation of proteins and thereby
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Figure E.12: (a) Ablation study on the weight hyperparameters of the learning objective
(Eq. 8), and (b) Ablation study on the weight hyperparameter of the final prediction

(Eq. 7)

strengthen the chemistry-based intuition of the final model. The results un-
der two datasets, namely, Ab-CoV and Ab-Bind were used to compare dif-
ferent combinations. As per the results presented in Table D.9, the following
set of node features: x-coordinate, y-coordinate, z-coordinate, Atomic Num-
ber, Implicit Valence, Charge List, Degree, and edge features: Bond Strength
and Atomic Distance were selected to be used in the remaining experiments
associated with the structure-based model and the combined model.

Appendix G. Synergies between Sequence and Structure Learn-
ing

Given that our intuition behind the embedding combination in the com-
bined model, via the cross-attention and concatenation, is to share the in-
formation learned from both sequence and structure models in a learnable
fashion, we further extend our analysis on the patterns of learning and in-
tegration between two modalities, potentially to discover any learned cross-
sample synergies between the learning of two modalities. Here, our analysis
is two-fold:

e As the trivial approach, we first compare the predicted binding affinities
from both sequence and structure models before they are utilized to
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generate the final binding affinity. As shown in Fig. G.13a, it is evident
that the learning from both sequence and structure models is highly
synergetic and aligned, where both the Pearson correlation coefficient
and Spearman’s correlation coefficient are 0.998, and the coefficient of
determination is 0.995, denoting a higher level of (global alias high-
level) agreement between the sequence and structure encoders.

e Even though comparing the internal weight spaces of both sequence
and structure models is theoretically more rigorous and sound, such
a layer-wise comparison is impractical and impossible in our case due
to different model architectures. Therefore, as a workaround, we com-
pare the similarity between the most relevant latent space, i.e., the
regression layer weights immediately before the corresponding predic-
tions, from both sequence and structure models as a proxy towards
revealing their learned synergies or conflicts. As per our analysis, as
shown in Fig. G.13b, the overall matrix similarity, determined through
a range of metrics including cosine mean cosine similarity, Frobenius
ratio, between two regression layers is weak. This denotes that de-
spite the mutual information sharing, each model learns different and
unique representations that are primarily specific to the input types
and interaction spaces, as expected.

Further, as shown in Table 4, our combined model with cross-attention
outperforms simple concatenation and late fusion methods, while consistently
outperforming sequence-only and structure-only models (Table 3), demon-
strating that the modalities are complementary rather than redundant.

Appendix H. Weight Space-based Interpretability Analysis
Appendiz H.1. High-level Empirical Weight Space Analysis

To empirically investigate the internal learning patterns of the model, we
first objectively analyse the model weight spaces through visualizing the at-
tention layers of numerous dimensionality and nature. As depicted in the first
row of Fig. H.14, the evidences hint at a non-redundant and homogeneous
learning pattern where most of the linear biases are not null, but balanced
around zero. In addition, as shown in the second row of the same figure, the
learning weights are diverse, in both initial and deeper (from Fig. H.14 (f)
to (j) respectively) layers, suggesting both the corresponding importance of
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Figure G.13: (a) log;,(IC50) of the predicted values from sequence model vs log;,(IC50)
of the predicted values from the structure model for the test set of P2PXML-PDB dataset
using our best performing models, and (b) Weight space similarity metrics analysed on the
last regression layers of both sequence and structure models: here, we utilize a range of
diverse metrics such as mean cosine similarity, Frobenius norm ratio, minimum principal
angle, Procrustes error, mean weight ratio, and mean Pearson correlation. More details
on these metrics can be found at [53].

input features and an efficient learning process. Further, the first few lay-
ers (such as Fig. H.14(f)) hint that some features are more sensitive (i.e., a
higher variation in low and high weights) towards the output, whereas some
features seem to be complementary (i.e., visibly similar patterns or stripes).
The third row shows that the sequence transformers mostly learned a Gaus-
sian or mixture of Gaussian distributions across the feature space, hinting at
a similar normal distribution in the input data space, at least with respect
to the task at hand.

Appendiz H.2. Per-Sample Case Study

To further widen our analysis towards realizing the aspect of biological
interpretability of the proposed method, we conduct an input feature impor-
tance analysis for a selected antibody-antigen pair targeting the identification
of highly influential atoms and residues in the input graphs and sequences,
respectively. To this end, as our method combines different model architec-
tures with multiple non-linear learnable layers, it is non-trivial and ill-posed
to functionally map between the input features and the weight space. There-
fore, to circumvent this difficulty, we utilize a wide array of well-established
techniques, that are tailored to each model architecture (and by extension,
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Figure H.14: Weight space analysis: The first row depicts a representative sequence of
1D weight bias propagation (i.e., weight magnitude vs the feature dimension) of GCN
layers (a), cross attention (b), dense (¢) and output layers (d). The second layer shows a
representative sequence of 2D weights propagation (i.e., input feature dimension vs output
feature dimension of the layer in consideration) of graph attention (e and f) and cross-
attention layers (g and h). The colours refer to the corresponding weight value, as in
the colour bar on the left of each plot. The third layer is a representative sequence of
FASTA sequence transformer 1D weights (i.e., weight histogram of each layer) of linear
(i), output (j), antibody (k) and antigen MHA (1), and the legend in each plot presents the
mean weight, the standard deviation of the weight distribution, and the count of near-zero
weights in the weight distribution. The complete set of weight analysis figures can be
found at the project GitHub repository.
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to each protein representation type), to derive insights on the corresponding
feature importance. In summary, we implement GNNExplainer [54] to eval-
uate the structural importance whereas sequence-aware attention, gradient-
based saliency, and alanine scanning are utilized to assess the importance of
residues in the amino-acid sequences. We describe these techniques in detail
below.
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Appendiz H.2.1. Interpretability Methods

e GNNEzplainer [54]: This is a model-agnostic (i.e., applicable to any
GNN model) approach for providing interpretable explanations for pre-
dictions on any graph-based machine learning task. When operating,
for a given input, this technique identifies a compact subgraph struc-
ture and a small subset of node features that have a dominant role
in GNN’s prediction by maximizing the mutual information between
the prediction and distribution of possible subgraph structures. In our
implementation, we run the GNNExplainer for 100 epochs, under the
settings of masked node features and masked edges. In addition, the
specific values for the configuration parameters: mode, task-level, and
return-type, are set to regression, graph-level prediction, and raw values
respectively, considering the nature of our experiment.

e Sequence-aware attention analysis: Noting that we preprocess the amino-
acid sequences (i.e..first encode and subsequently flatten the encoded
sequences) as an architectural requirement, we utilize a gradient-based
approach to attribute the attention importance scores to the residue
level. This gradient-based approach is more reliable than directly ob-
taining attention scores learned from flattened sequences, as it is able
to capture the cumulative effect across the flattened encodings of the
input amino-acid sequences. To this end, here, we analyse how each
attention parameter is weighted (i.e., thereby their importance) at the
inference in predicting binding affinity for an antibody-antigen pair, as
shown in Algorithm 1. As below, we denote our (trained) combined
binding affinity prediction model as M, which is with the parameter
space: © = {61,0s,...,0,}, and L = >y where L and g are the loss
function and the final prediction respectively. Consequently, we assign
an importance score for each attention parameter 6; as:

oL where oL _ 8_L . %y

through backpropagation

(H.1)
We believe that this gradient norm serves as a measure of parameter
sensitivity, with larger values indicating that small changes in the pa-
rameter significantly affect the binding affinity prediction for the input
antibody-antigen pair.

-

45



o Gradient-based saliency analysis: Here, our objective is to explore
which specific residues in the antibody and antigen sequences would
most affect the predicted binding affinity if they were slightly changed.
To this end, our intuition can be presented threefold:

— Sensitivity: residues with high gradient magnitudes indicate that
small changes at those positions would significantly affect the
predicted binding affinity. These are likely critical residues for
antibody-antigen interaction.

— Feature importance: the saliency map identifies which sequence
features (i.e., residues) the model relies on most heavily when
making its prediction, and therefore, high saliency values hint at
important functional or structural residues.

— More interpretable attribution: Unlike attention weights that show
internal model computations, saliency maps directly show how in-
put features influence the output, providing a more direct inter-
pretation of feature importance.

Based on this reasoning, here (Algorithm 2) we define the saliency
map for a sequence tensor S as the absolute value of the gradient of
the model output with respect to the input sequence: G(S) = |g—g :
Therefore, for each residue position ¢ in the sequence, the saliency score

is: G(S); = ‘g—g .

e [n-silico alanine scanning: To further strengthen our analysis on ex-
ploring more biologically important residues for antibody-antigen bind-
ing, we utilize the direct computational equivalent of experimental ala-
nine scanning mutagenesis: n-silico alanine scanning. The core prin-
ciple behind this approach is to systematically measure the functional
importance of each residue by simulating the effect of mutating it to
alanine, the simplest amino acid. We specifically select Alanine since
it (1) contains minimal side chain (i.e., potentially removing functional
groups while maintaining the backbone structure), (2) leads to con-
servative mutations (i.e., minimal structural disruption), and (3) fol-
lows a standard benchmark with well-established experimental backing.
Therefore, in summary, this approach is presented as a more biologi-
cal grounded, interpretable (i.e., direct reflect on functional impact),
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model-agnostic and quantitative (i.e., present exact changes in pre-
dicted affinity) approach to evaluate the residue importance. As struc-
tured in Algorithm 3, the alanine scanning effect for residue 7 in se-
quence S is defined as: A(i) = M(S) — M (Smutation(i—4)) Where M (.S) is
the predicted binding affinity for wild-type sequence, M (Smutation(i—A))
is the predicted binding affinity after mutating residue ¢ to alanine,
and A(i) is the change in binding affinity due to alanine mutation.
Therefore, for a sequence of length L, the change vector would be:

A=[A1),A®Q),...,AL).

Algorithm 1 Gradient-based Attention Importance Analysis
Require: Combined model M, which includes self-attention and cross-

attention modules; Antibody and antigen data: Abgrseq), AGfstr,seq) T€-

spectively
Ensure: Attention importances A: dictionary mapping each parameter to
its cumulative gradient norm
Set model to evaluation mode: M.eval()
Forward pass: § <= M (Abgsr seqt> AGistr.seqt) > Get final prediction
Compute gradient: Vigm < V(3. 9) > Backward pass
for each module m € M do

if m is SELF-ATTENTION or CROSS-ATTENTION then

for each parameter 6 in m do
if V0 exists then
Compute gradient norm: g < ||V6||2
Store: A[m : 0] < g
end if
end for

12: end if
13: end for
14: return A

—_ =
— O

Appendixz H.2.2. Antibody-antigen pair

To conduct our per-sample case study, we select the following antibody-
antigen pair: antibody 10-107/, which is a well-studied potent, broadly neu-
tralizing monoclonal antibody that typically targets a specific site (i.e., the
V3 glycan supersite) on the HIV-1 envelope protein to prevent or treat HIV-1
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Algorithm 2 Gradient-based Saliency Map Analysis

Require: Combined model M; Antibody and antigen data: Abgurseq),

Agystr,seqy With sequence tensors Abgey, Agseq Tespectively

Ensure: Saliency maps G 45, G 44: gradient magnitudes for each residue

1:
2:

Set model to evaluation mode: M.eval()
Enable gradients: Abse,.requires_grad <— True, Agse,.requires_grad <—
True

3: Forward pass: 1 <= M (Abgsr,seqy» AG{str.seq}) > Get final prediction
4: Compute gradient: Vy < Wj’g}w > Backward pass
5: Compute saliency maps:

6: Gap ‘ 3 ,flz ” > Absolute gradients for antibody
7. Gag < ‘ TAgers > Absolute gradients for antigen

8: Disable gradients: Abg.,.requires_grad <— False, Agg.,.requires_grad <

False
return Gu, Gag

Algorithm 3 In-Silico Alanine Scanning

Require: Combined model M; Antibody and antigen data: Abguseq),

AQystrseqy With sequence tensors Abge,, Agseq respectively; Amino acid

set A={A,C,D,...,Y} (A=alanine at index 0)

Ensure: Effect arrays Ay, Ay, binding affinity changes for each mutation

e e
Sy 2o

Get baseline prediction: forig <= M (Abisir,seq}> AGystrseq})
for each residue position ¢ = 1 to Ly, in antibody sequence Aby., do
Create mutant: Ab™" <— clone(Abge,)

Set residue ¢ to alaniqne: Ab[i] < encode(A)
Compute mutant prediction: §mu < M (Ag?s?:j’se o AG(str,seq})
Record effect: Aap[i] < Yorig — Ymut

end for

for each residue position j =1 to L4, in antigen sequence Ags., do
Create mutant: Agii® < clone(Agse,)

Set residue j to alanine: Agii'[j] < encode(A)

Compute mutant prediction: Guue <= M (Ab{sir,seq)s Aoty seqy)
Record effect: A a4[j] < Yorig — Ymut

: end for
: return Ay, Ay,
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infection [55], and the antigen 0013095_2_11 [56], which is a clade C HIV-1
Env isolate whose gp120 loop D and V5 sequences are studied both as a neu-
tralization test virus and as donor sequences for loop-swap chimeras in coreE
gp120 constructs—thereby helping to map how specific gp120 loop elements
shape VRCO01-class antibody binding and neutralization.

Appendiz H.2.3. FEvaluation Method

To independently evaluate the closeness of the identified highly influential
residues against the structural biophysics, we employ the following steps and
metrics.

e We first generate the antibody-antigen complex using AlphaFold3 [57]
as it is one of the state-of-the-art methods for bio-macromolecule com-
plex structure prediction.

e Subsequently, we estimate the interface residues between the antibody
and antigen in the complex by utilizing a fixed distance threshold be-
tween any atom pairs from the antibody and antigen (i.e., 5A4), thereby
indirectly inferring the paratope through the interface residues in the
antibody, and the epitope through the interface residues in the antigen.

e We then numerically evaluate the similarity and overlap between the
inferred interface residues (in the complex) and the previously identified
residues (in their unbound forms) using the metrics below. Here, our
analysis is twofold: (1) the pairwise overlap between the inferred inter-
face residues and unbound residues in a strict sense, using metrics such
as precision, recall, F; score, and the enrichment p—value as shown in
Equations H.4, H.5, and H.6 respectively, (2) difference in the solvent-
accessible surface area (SASA) between the unbound structures and
complex structures considering both per-residue-level (Eq. H.7) and
collective residue-level (Eq. H.8 and H.9).

e In our residue overlap analysis, we denote the set of residues deemed
highly influential by model weight analysis as Pred,,pound, Whereas the
set of inferred interface residues is denoted by Predcompier. Further,
following the typical practise in the field, TP, FP, and FFN denote
true positives, false positives (Eq. H.2), and false negatives (Eq. H.3),
respectively.

TP = |Predcomplex N Predunbound| ; FP = |Predunbound \ Predcomplex|
(H.2)
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FN = |Predcomplex \ Predunbound| (H3)

TP TP
Precision = Z_P—I——FP and Recall = m—m (H4>
2 - Precision - Recall
F, = H.5
! Precision + Recall (H.5)
min(n,K) (K) (Nfll()

= )

e In our SASA analysis, we denote the SASA of residue r in the un-
bound structure as SASA npound(r), whereas SAS A ompies(r) denotes
the SASA of residue r in the complex structure (Eq. H.7). Further, S
denotes a set of residues in consideration.

ASASA(r) = SAS Aunbound (1) — SAS Acomplex(T) (H.7)

ASASA(S) = %' > ASASA(r) (H.8)
res
ASASAg = ASASA(S) (H.9)

where,

S € {all interface residues, predicted residues, non-predicted residues}
(H.10)

Appendiz H.2.J. Results € Discussion

First, we discuss and deduce insights from the results of each interpretabil-
ity method applied to the selected antibody-antigen pair in detail. Subse-
quently, we present and discuss the evaluation results based on the metrics
we present in Appendix H.2.3.

e GNNEzplainer [54]: As depicted in Fig. H.15, GNNExplainer high-
lights 12 (out of 3495 nodes) and 11 (out of 3828 nodes) nodes in anti-
body and antigen graphs respectively to hold dominant mean features
for the task at hand (i.e., beyond the statistical threshold of (x4 30)
where g is the mean importance score and o is the standard deviation
of importance scores), and thereby it is plausible to state that those
atoms are deemed to be crucial for binding affinity prediction (and
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Figure H.15: GNNExplainer [54]-based structure importance analysis for the selected
antibody-antigen pair in a post-hoc fashion. Here, the threshold for importance is defined
in a strict sense: three standard deviations away from the mean (i.e., u + 30). The
top 5 important nodes (i.e., ranked as 1 being the most important) are highlighted in
red, whereas other important nodes are colored. The background nodes (i.e., with lesser
importance) and edges are coloured in gray. (a) Top nodes in antibody graph (rank,
atom type, importance): {(1, N, 0.306), (2, C, 0.305), (3, N, 0.304), (4, O, 0.303), (5, C,
0.303)}, (b) Top nodes in antigen graph (rank, atom type, importance): {(1, N, 0.367),
(2, C, 0.311), (3, C, 0.310), (4, C, 0.308), (5, O, 0.307)}

potentially lie within the binding interface). For antibody graph, the
mean importance is 0.275 and the top node, which corresponds to a N
atom, carries an importance score of 0.306. In contrast, for the anti-
gen graph, the mean importance is 0.274 and the top node, which also
corresponds to a N atom, carries an importance of 0.367.

o Sequence-aware attention analysis: As depicted in Fig. H.16, the im-
portance scores, which are deduced through the cumulative gradient
norms of each attention parameter, hint that the sequence pipeline
within our combined model focuses heavily on the individual amino-
acid sequences of both antigen and antibody (i.e., indicated through the
top 7 self-attention or transformer layers with the highest importance),
while also adequately imitating the interaction space between the an-
tibody and antigen (i.e., by making 3 cross-attention layers into the
top 19 layers out of all 41 related layers). These post-hoc observations,
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Figure H.16: Gradient-based importance of each attention-parameterized layer for the
selected antibody-antigen pair at inference. Here, the threshold for importance is defined as
one standard deviation away from the mean (i.e., p+c). The complete naming convention
of the layers can be found at the project GitHub repository.

at least for the selected antibody-antigen pair, align with our initial
hypothesis, where we initially intend to extract self-contained evolu-
tionary insights from unbound sequences for binding affinity prediction
while also computationally replicating the sequence-based interactions
through a non-redundant learning mechanism.

o Gradient-based saliency analysis: Our residue importance results de-
duced through gradient saliency (Fig. H.17) point 20 residues (out of
458 residues) in the antibody sequence, and 16 residues (out of 486
residues) in the antigen sequence, as significant (i.e., beyond the sta-
tistical threshold of (4 + 20) where p is the mean importance score
and o is the standard deviation of importance scores) for binding affin-
ity prediction. This observation suggests that the changes to these
residues will significantly alter the binding affinity prediction, reveal-
ing them as important functional or structural residues. Notably, all
the important residues highlighted in the antibody sequence lie within
its heavy chain, hinting at a close alignment with the established bio-
physical knowledge (and potentially revealing the paratope region of
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Figure H.17: Residue importance deduced through the cumulative gradient saliency. Here,
the thresholds for importance are defined as two standard deviations away from the
mean (i.e., u + 20) separately for antibody and antigen. Top figure includes complete
important residue list of antibody (residue position, residue): {(29,N), (31,Y), (35,W),
(51,8), (54,E), (57,T), (58,Y), (63,N), (76,Q), (100,G), (101,Q), (102,R), (104,Y), (119,D),
(144,P), (151,G), (215,N), (219,K), (223,T), (226,D)}. Bottom figure includes complete
important residue list of antigen (residue position, residue): {(105,C), (108,A), (120,T),
(122,K), (155,L), (163,9), (191,F), (255,S), (268,H), (289,R), (318, W), (322,L), (329,L),

(364,C), (416.1), (427,T)}

the antibody when binding).

e In-silico alanine scanning: This approach is specifically aimed at high-
lighting the functionally important (i.e., indirectly quantifying each
residue’s contribution to the total binding affinity) residues while min-
imally disrupting the structure (i.e., since Alanine preserves structure
while removing side-chain functionality). Through our experiment,
while using the same statistical threshold of (u + 20), 17 residues are
found to be functionally important: either as essential or detrimen-
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Figure H.18: Residue functional importance deduced through the in-silico alanine scan-
ning. Here, the thresholds for importance are defined as two standard deviations away
from the mean (i.e., u + 20) separately for positive and negative A sets in both antibody
and antigen sequences. Top figure includes complete important residue list of antibody:
{Positive: (25,G), (27,9), (44,L), (142,L), (157,G); Negative: (63,N), (114,Y), (116,Y),
(127,V), (137,P), (144,P), (146,S), (183,T), (201,T), (220,P), (221,S), (254,G)}. Bottom
figure includes complete important residue list of antigen: {Positive: (3,N), (6,G), (128,C),
(163,S), (234,P), (321,T), (338,1), (363,Y), (373,T), (375,M), (389,S), (456,D); Negative:
(75,V), (216,G), (219,P), (329,L), (335,N), (364,C), (406,E), (418,G), (424,S), (433,R)}

tal, in the antibody sequence, whereas 22 residues are highlighted to
be functionally important in the antigen sequence (Fig. H.18). Here,
we denote the residues that, when removed, hurt the binding affinity
as essential residues, whereas the ones that, when removed, help the

binding affinity as detrimental residues.

For the selected antibody-

antigen pair, we observe that 5 residues, highlighted in green, in the
antibody sequence result in lower IC50 values (i.e., higher binding
affinity) than the corresponding wildtype IC50 values, thereby mark-
ing them as detrimental residues. Similarly, we find 12 such residues in
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Figure H.19: Predicted antibody-antigen complex structure by AlphaFold3 for the selected
antibody-antigen pair. As shown in the position error matrix, even though AlphaFold3
is significantly confident in predicting the individual antibody and antigen structures, it
has a higher predicted error for the interface, which is also reflected in lower predicted
interface TM-score: 0.19, which in turn, causes to reduce the overall predicted TM-score
for the complex: 0.49.

the antigen sequence. In contrast, the residues, highlighted in red, in
both the antibody (12 residues in antibody) and antigen (10 residues
in antigen) sequences result in higher /C50 values (i.e., lower bind-
ing affinity) than the corresponding wildtype /C50 values, and thereby
marking them as essential residues. Regardless of being essential or
detrimental, these residues, in general, contribute significantly to the
binding energy and likely form binding interfaces. In addition, sur-
prisingly, the residue positions marked by both gradient-based saliency
and alanine scanning exhibit a similar global positioning pattern, fur-
ther reinforcing the corresponding findings.

As presented in Appendix H.2.3, we first generate the antibody-antigen
complex structure using AlphaFold3 [57] as shown in Fig. H.19. Here, it is to
be noted that even though AlphaFold3 is significantly confident in predicting
the individual antibody and antigen structures, it has higher predicted error
for the interface, which is also reflected in lower predicted interface TM-
score: 0.19, which in turn, causes to reduce the overall predicted TM-score
for the complex: 0.49. This is expected as numerous studies show that even
the state-of-the-art bio-macromolecule complex structure predictors fail at
confidently predicting the antibody-antigen complex structures [20].
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As presented in Table H.10, the residue overlap between the inferred in-
terface residues and the highly influential residues (from both methods) is
not strong since the average Fj score is 0.4 and the enrichment p—value is
higher than the typical statistical threshold (except for residues in antigen
deduced through in-silico alanine scanning which results in a considerably
lower enrichment p—value). This observation suggests that there is no suf-
ficient , at least for the selected antibody-antigen pair, to claim that the
highly influential residues in unbound forms are enriched for inferred in-
terface residues. Further, for both methods, SASA analysis reveals a sim-
ilar pattern: (1) When antibody residues appear slightly more exposed in
the complex compared to the unbound structure when binding (suggesting
a conformational change), highly influential residues show a slight positive
burial (whereas non-predicted residues show much more exposure), (2) When
antigen residues tend to lose exposure (i.e., become buried upon binding as
expected), the highly influential antigen residues are more buried than aver-
age inferred interface residues (suggesting the model tends to prioritize the
deeply buried core epitope residues).

While acknowledging that these results exhibit a promising biophysical
signal (i.e., non-random) towards the interpretability aspect of our method,
we prefer to explicitly mention a set of limitations which may have caused
to introduce noise into the analysis as well: (1) While simple, gradient-based
saliency analysis is more prone to noise and saturation effects, (2) alanine
scanning assume additivity (i.e., does not capture epistatic effects between
mutations), and (3) the poorly predicted complex structure from AlphaFold3
(with lower pTM and ipTM) may hinder the true binding interfaces and thus,
limits the efficacy of the downstream analysis. We expect to explore more
on this direction in our future works.

Appendix I. Timing Analysis

One of the most critical challenges in traditional wet-lab-based or molec-
ular dynamics-based experiments for antibody-antigen binding affinity esti-
mation is the time complexity. However, through deep learning-based ap-
proaches, it is possible to obtain an accurate prediction for the binding affin-
ity within minutes or even seconds. Accordingly, our Combined-V2 model is
able to predict the binding affinity of a given antibody-antigen pair within 1
minute, provided a graphic processing unit (GPU) and within 3 minutes on
a CPU, as shown in Table I.11.

56



Metric Gradient-based saliency | In-silico alanine
analysis scanning
Residue overlap analysis (antibody/antigen)

Precisiont 0.39/0.38 0.27/0.44
Recallt 0.39/0.31 0.34/0.45

1 0.39/0.39 0.36/0.45

j2 0.5/0.45 0.5/0.24

SASA analysis (antibody/antigen)

ASAS Agii—inter face -6.65/17.34 -6.65/17.34
ASASA,cdicted 2.51/44.15 3.91/27.16
ASAS Avon—predicted -8.55/11.40 -8.30/15.65

Table H.10: Results of similarity and overlap analysis between inferred interface residues
(in the antibody-antigen complex) and the highly influential residues (in the unbound
forms) identified by either gradient saliency method or alanine scanning.

Machine Elapsed | Avg. Inference
Time (s) Time (s)*
GPU (NVIDIA T4) 2694 22
CPU 18621 149

Table I.11: Timing analysis for the Combined-V2 model. *Here, the elapsed time refers
to the time taken to run inference on a random sample of 125 antibody-antigen pairs from
the P2PXML-PDB dataset. The times are expressed to the nearest second.

Appendix J. Limitations

Even though the proposed method exhibits the state-of-the-art perfor-
mance in antibody-antigen binding affinity prediction, we observe that there
are cases where the predictions considerably differ from the true targets,
such as instances where the absolute error in the log domain exceeds the
limit: 3, indicating a catastrophic prediction failure (Fig. 10). Even though
such instances account for less than 0.32% in the total test set, we believe
that the deep insights, which are potentially retrievable through extensively
exploring the weight space of the model or categorically analyzing the cor-
responding input data, from such failures may reveal existing bottlenecks
about the method’s generalizability, which in-turn may be useful in future
developments, especially when handling open-set antibody-antigen pairs.

Even though we present a weight space analysis (in Appendix H in the
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appendix) as a way to partially address the interpretability of the method, we
acknowledge that a full white-box analysis on explainability is presumably
impossible given the current state and nature of the deep learning paradigms,
given that an end-to-end, across-sample interpretability analysis is also be-
yond the scope of this work. Even so, we believe that such a thorough inter-
pretability analysis would be beneficial in empirically bridging the knowledge
gap between established biophysical principles and the learned patterns from
the trained model, by drawing potential connections between them.

Appendix K. Future Works

Our future works will explore the following: (1) techniques to enhance the
interpretability of the proposed method, potentially by analytically exploring
the weight space while bridging connections with the established biophysical
principles, (2) a thorough quantitative study detailing the generalizability of
the proposed method across different antigen and antibody variants, and (3)
possibility of extending the proposed method into other closely related tasks
such as de novo antibody design.

Appendix L. Website, Project Page and Code Availability

The web platform is developed as a community access tool where anyone
interested can obtain the outputs from our Combined-V2, final sequence-
based, and structure-based models for their input protein sequences and/or
PDB files. The input format for each model on the website is as follows:

Model Input format
Combined-V2 PDB files
Final sequence-based model | Text sequences
Final structure-based model PDB files

Table L.12: The input format for each model hosted on the website. The units of the
output are the predicted binding affinity in pg/ml. The validity of the inputs is checked
before feeding to our models through rule-based conditioning.

The website is accessible through this link: https://p2pxml .azurewebsites.
net/ while the multimedia materials, including the curated datasets, demon-
stration videos and the codes, will be available on the project page: https:
//drug-discovery-entc.github.io/p2pxml/.

58



