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Abstract: The advent of antibody therapy has brought about a change in the treatment of diseases. The efficacy of
antibody modeling relies on the intricate atomic interactions between antibodies and antigens. Traditional methods
for determining antibody structures, such as X-ray crystallography, are costly and time-consuming. Computational
docking offers a faster and more cost-effective approach to obtaining complex antibody and antigen complexes even
in challenging scenarios. Rosetta, a widely employed software for protein structure modeling, incorporates a scoring
function specifically tailored for modeling antibody-antigen interactions. The unique characteristics of the antibody-
antigen interface can result in inaccurate predictions. Therefore, it is essential to understand the existing scoring
function and the behavior of the antibody-antigen interface. In this study, we evaluated specific parameters within
Rosetta-derived scoring functions, with a particular focus on the energy landscape of the structures they generated. We
found that performance in antibody-antigen docking simulations could be enhanced by omitting parameters related to
solvation. Also, we delved into the physico-chemical properties of antibody-antigen interfaces, paying special atten-
tion to the complementarity-determining regions and epitopes. Our exploration helped identify certain parameters that
significantly influence docking simulation performance. These insights pave the way for the creation of more accurate

scoring functions tailored for specific antibody-antigen interactions.

Keywords: antibody-antigen complexes, CDR loops, epitope, physico-chemical properties, scoring function

1. Introduction

Biological medicines, particularly antibody-based therapy,
have brought a transformation in the pharmacological treatment
of various disorders. As vital components of the immune system,
antibodies possess the ability to identify and eliminate foreign
entities such as bacteria and viruses. Understanding the mech-
anisms underlying the interaction between antibodies and anti-
gens has become a focal point of research in antibody-based treat-
ments [1], [2], [3].

Experimental techniques such as X-ray crystallography are
commonly employed to uncover the structures of antibody-
antigen (Ab-Ag) complexes. However, these techniques have
limitations in terms of throughput, cost, and applicability to a
wide range of proteins. Computational docking is a technique
used in computational biology and drug discovery to predict the
binding orientation and affinity of a small molecule (ligand) with
a target biomolecule, such as a protein or nucleic acid, and sig-
nificantly reduce the time and cost for predicting Ab-Ag binding
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structures. The objective of docking is to evaluate the interac-
tion between the ligand and biomolecule, enabling the predic-
tion of their three-dimensional structure upon binding [4]. This
enables the prediction of the binding affinity and interaction
mode between the two molecules. One widely used method for
protein-protein binding prediction is the optimization of a “Scor-
ing Function” which is an algorithm designed for rigid and well-
characterized protein structures. These scoring functions, found
in various systems [5], [6], [7], [8], [9], [10], [11], [12], are de-
rived to approximate the system’s typical chemical potentials.
They are incorporated into several docking software, as provided
in the supplementary document S1, which lists commonly used
computational docking software with the implemented scoring
function and included parameters. These scoring functions are
developed based on known protein structures. In this process, it
is often assumed that protein-protein interactions (PPI) are pri-
marily governed by hydrophobic interactions [5], [7], [8].
However, many studies have highlighted the presence of pecu-
liarities in Ab-Ag interfaces that can result in inaccurate predic-
tions [1], [2]. One such peculiarity is the enrichment of aromatic
residues, such as tyrosine (Tyr), tryptophan (Trp), and phenylala-
nine (Phe), in the antibody complementarity-determining regions
(CDR) loops responsible for direct antigen interaction [1], [2].
In addition, these CDR loops exhibit enrichment of hydrophilic
residues with short side chains, such as serine (Ser), threonine
(Thr), asparagine (Asn), and aspartic acid (Asp), alongside aro-
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Fig. 1 Goodness of the decoy distributions. a) and b) examples of bad decoy distributions. ¢) An example
of good funnel-like decoy distribution in scoring function. d) Distribution of good (blue) and bad
(orange) funnels in all three scoring functions. e) and f) Counts of funnel-like shape improvement

of two example structures respectively.

matic side chains [13], [14], [15]. The significance of Tyr and Ser
residues in the antibody side chain has been extensively studied,
with aromatic interactions involving aromatic residues in CDR.
Tyr is more prevalent than typical hydrophobic protein-protein
interfaces at the interfaces of the Ab-Ag complex [16].

The roles of short hydrophilic side chains in Ab-Ag interac-
tions have yet to be implemented into the Ab-Ag-specific scoring
functions. Due to the unique nature of Ab-Ag interactions, spe-
cialized scoring functions are required to thoroughly investigate
and understand their complexities.

In this study, we utilized the Rosetta software, which encom-
passes a range of packages and frameworks for protein modeling
and docking, to investigate the impact of different scoring func-
tions on the prediction of Ab-Ag binding structures [17]. Rosetta
has played a significant role in advancing computational biol-
ogy, enabling achievements in de novo protein design, enzyme
design, ligand docking, and the prediction of macromolecular
complexes [17]. For Ab-Ag docking, we employed the Rosetta
Antibody docking scoring function, a linear equation with prede-
fined weights based on positive interactions between the docking
partners. The scoring function operates on the principle that ener-
getically favorable structures, exhibiting lower energy, are more
likely to represent correct biological configurations [17]. It incor-
porates parameters related to electrostatic interactions, van der
Waals interactions, and molecular dynamic properties to calcu-
late the energy of the complex.

In the context of docking simulations, a “decoy,” also referred
to as a docking decoy or scoring benchmarking set, represents
an alternative binding pose or conformation of a ligand molecule
within a protein binding site [23]. Docking simulations involve
exploring multiple potential conformations, orientations, and in-
teractions to identify the most favorable binding pose. While
docking simulations, Rosetta generates multiple decoys, which
are subsequently plotted on a distribution graph showcasing the
energy score versus the Root Mean Square Deviation (RMSD)

© 2024 Information Processing Society of Japan

values, commonly known as the decoy distribution.

A practical criterion commonly used by researchers to assess
scoring function accuracy is the shape of the decoy distribu-
tion [18], [19]. Despite being a widely adopted and established
software for Ab-Ag docking and analysis, Rosetta is not immac-
ulate and may exhibit limitations when applied to antibodies [20].
The accuracy of Rosetta’s predictions is dependent on factors
such as the quality of input structures, the complexity of the Ab-
Ag interface, and the limitations of the scoring function [21], [22].
Additionally, Rosetta’s performance can be affected by the pres-
ence of non-specific interactions, such as hydrophobic interac-
tions, which are not explicitly accounted for in the scoring func-
tion. This can lead to false-positive predictions and inaccurate
assessments of binding orientation and energetics.

In this study, we improved the accuracy of the RosettaAb
Docking Scoring Function for Ab-Ag complexes through three
analyses.

First, we assessed the distribution of decoy shapes using var-
ious parameters and criteria. This helped us understand how ef-
fective the scoring function is at distinguishing between favorable
and unfavorable poses. We identified the most important param-
eters that affect the scoring function’s ability to find high-quality
docking positions.

Second, we studied the physical and chemical properties of the
interface between antigens and antibodies, focusing on specific
regions called CDR loops and epitopes. Our goal was to bet-
ter understand how these regions influence the docking process.
This analysis revealed the chemical makeup of CDR loops and
epitopes in binding interactions and their roles in antibodies and
antigens.

Lastly, we explored the connection between certain physical
and chemical properties and the accuracy of the decoy distribu-
tion. We aimed to identify the properties that significantly con-
tribute to the correct representation of docking positions. This
investigation helped us uncover the key factors that affect the ac-
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curate prediction of docking orientations.

These analyses provide valuable insights for refining the Roset-
taAb Docking Scoring Function and improving its ability to pre-
dict precise docking positions for Ab-Ag complexes.

2. Methods

2.1 Input Data Preparation

We retrieved the Ab-Ag bound structures from SabDab
Database [24] and created a dataset of 100 bound Ab-Ag com-
plexes with a structural resolution of 5A or less and a length of
antigen sequence is 25 amino acids or more (Supplementary doc-
ument S2). The data for CDR loops (L1, L2, L3, H1, H2, H3
fragments) is also retrieved from the SabDab Database [24]. The
dataset consists only of antigens that are peptides or proteins, and
the antibody complexes consist of human or human-like protein
sequences. Our dataset further consists of high-quality structures
with fewer than 10% missing residues and an R-factor of less than
0.4.

2.2 Ab-Ag Docking and Generating Decoys

To generate decoys, we used RosettaAb Docking which is
the Ab-Ag interface specified program of computational dock-
ing [16]. For the selected 100 Ab-Ag bound complexes, we gen-
erated 500 decoys of each complex, and decoy distributions were
created for each docking run. Then the total energy score was
calculated using the Rosetta scoring function.

2.3 Energy Scoring with Customized Weights

The Rosetta scoring function ref2015 is a linear equation with
pre-assigned weights, which are defined on the positive inter-
action between the docking partners with the assumption that
the correct biological structure is energetically favored and has,
therefore, the lowest energy [17]. The Rosetta energy function
approximates the conformational energy of biomolecules. This
amount, denoted by the symbol AE,,, is derived from a linear
combination of energy terms E; calculated for the ith parameter
as a function of geometric degrees of freedom, 6, chemical iden-
tities, aa, and a weight on each term, w as shown below,

AE o = Z w;E; (6;, aa;) (D

Rosetta Default scoring function has 20 default parameters
which represent different free energy. We developed three sets
of weights derived from the Rosetta scoring function: 1) The
Rosetta default weights (Wy.r) were considered the baseline of
weights; 2) all parametric weights were set to 1 (W;); and 3)
Rosetta energy scores were computed by omitting the solvation-
based parameters [(fa_sol, fa_intra_rep, fa_intra_sol xover4, and
lk_ball_wtd)] from the Rosetta default scoring function (W,,ys01)-
Using the three functions, the scoring energy for each Ab-Ag
complex’s generated decoys was then computed (Supplementary
document S3).

The docking funnel’s shape was evaluated using either the po-
sition of the decoy with the smallest RMSD and Pearson’s corre-
lation coeflicient. Decoys with the smallest RMSD indicate how
similar they are to the original complex. If these lowest RMSD

© 2024 Information Processing Society of Japan

decoys are also the ones with the lowest energy among all the
other decoys, the docking funnel shape is considered good, and
if this assumption is not met, the funnel is considered bad. In
the criteria using Pearson’s correlation coefficient, we labeled the
funnel shape good when the value is equal or greater than 0.4, and
bad when the value is smaller than 0.4.

2.4 Extracting Antibody CDR Loops and Antigen Features

We retrieved the information of epitopes of antigens from
The Immune Epitope Database (IEDB). IEDB is a resource
that is freely available to the public and is funded by NIAID
(www.iedb.org) [25]. It compiles experimental data on antibodies
and T cell epitopes that have been researched in humans, non-
human primates, and other animal species. These studies were
conducted in the context of infectious disease, allergy, autoimmu-
nity, and transplantation. The IEDB antibody epitope prediction
was carried out with BepiPred-2.0 [26], which is a sequential B-
cell epitope predictor. The BepiPred-2.0 server can determine B-
cell epitopes from a protein sequence by utilizing a Random For-
est algorithm that has been trained on epitopes and non-epitope
amino acids that have been determined from crystal structures.
Following that, a sequential prediction smoothing will be carried
out. The residues that have scores that are higher than the thresh-
old (the default value is 0.5) are thought to be part of an epitope.

The hydrophobic and hydrophilic residue distribution of each
CDR loop and the epitope is calculated using Kyte and Doolit-
tle’s (1982) hydrophobicity scale [27]. We used the Zimmerman,
Eliezer, and Simha (1968) polarity index [28] to determine the
distribution of high- and low-polar amino acids in CDR loops
and the Ag epitope to comprehend the polarity of the Ab-Ag in-
terface.

Understanding the surface area of the Ab-Ag binding pocket is
crucial. Therefore, we mathematically determined the area of the
interacting interface.

Asp-ag = AsAy 2

We determined the surface area of the Ab-Ag interface
(Aap-ag) by multiplying the surface area accessible (A;) to water
in the unfolded position of each CDR loop, as described by Miller
etal. (1987)[29], and the fraction of accessible area lost (A ) [30]
when a peptide folds. In this calculation, we assumed that the area
lost when the peptide folds contribute 100% to the Ab-Ag bind-
ing. Antibody CDR loops are typically enriched with aromatic
residues [31]. We calculated the distribution of aromatic residues
in the CDR loops of each Ab-Ag complex. The table containing
calculations of the physicochemical properties of amino acids can
be found in supplementary document S4.

2.5 Statistical Analysis

The Generalized Linear Model (GLM) is a statistical model
that provides flexibility in analyzing non-normally distributed
data. It allows for the modeling of response variables with dif-
ferent distributions and diverse relationships. In our study, we
employed the GLM function from the statsmodels.api Python li-
brary to identify explanatory variables that strongly correlate with
the response variable, which is the accuracy of the decoy distribu-
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tions represented by Pearson’s correlation coefficient of the Wy, ¢
scoring function and the W,,,,s,; scoring (W) is ignored because
all the funnels were bad).

The dataset used as input comprises the percentage occurrence
of various explanatory variables: hydrophilicity, polarity, pres-
ence of aromatic residues, and surface area of each CDR loop
and antigen epitope. The response variable reflects the outcome
of the decoy distribution for each scoring function, categorized as
either good (1) or bad (0) in a binary format.

3. Results

3.1 Docking Scoring Functions and Docking Funnels

The performance of a scoring function on an Ab-Ag complex
can be explained in terms of the distribution of the docking de-
coys. We evaluated three different scoring functions: a func-
tion with the Rosetta default weights (Wg,s), a function with all
changeable weights set to 1 (W;), and a function with Rosetta
default weights except for the solvation-based weights set to 0
(Wyonsor)- For each scoring function, the respective docking fun-
nels were created by plotting the generated decoys’ RMSD versus
energy score. As depicted in Fig. 1, certain decoy distributions
clearly display a funnel-like structure with low decoy energies,
whereas others lack any unambiguous structure. When studying
the accuracy of the decoy distribution we identified four charac-
teristics that distinguish a good decoy distribution from a poor
one.

Theoretically, a good distribution consists of decoys displaying
both the lowest RMSD and the lowest energy scores. Figure 1 (a)
and 1 (b) represent two distinctive representations of relatively
bad decoy distribution which lack a funnel-like decoy distribu-
tion shape. Figure 1 (c) is an example of a good distribution. The
decoy distribution in Fig. 1 (c) is an excellent example of a “fun-
nel” with a distinct form and low energy and RMSD decoys at its
tip.

Namely, Wa.r, Wi, and W51, We counted the number of
good and bad decoy distributions docking funnels (Fig. 1 (e) and
1 (f)). We revealed the impact of different scoring functions on the
decoy distributions for Ab-Ag complexes. Specifically, we ob-
served that the W, scoring function yielded 100 percent poor de-
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coy distributions, whereas the W5, scoring function achieved
a success rate of 25 percent (Supplementary document S5). To
assess the relationship between accurate decoy distribution (a
funnel-like distribution) and the scoring function, we conducted a
chi-square test of independence. The obtained chi-square value of
11.544 exceeded the critical value of 3.841, rejecting the null hy-
pothesis that the decoy distribution’s accuracy is unrelated to the
exclusion of solvation parameters from the default Rosetta scor-
ing function (p < 0.05). Excluding solvation parameters from the
scoring function significantly influences the outcome, resulting in
a more funnel-like decoy distribution. The analysis of three scor-
ing functions highlights the significance of considering solvation
effects to enhance protein-protein docking accuracy.

3.2 Amino Acid Composition in the Ab-Ag Interface

The amino acid properties of the 100 Ab-Ag complexes in our
dataset were analyzed, and the findings are depicted in Fig.2. A
comparison between the amino acid frequencies observed in our
study and those in the genome revealed three notable discoveries.

Firstly, Ser emerged as the most prevalent amino acid in an-
tibodies, particularly in the light chains CDR loops, constituting
21.8% of the total composition. Interestingly, Ser was completely
absent in the heavy chains of antibodies. It was consistently
present in the light chains of all 100 complexes but not observed
in the heavy chains.

Secondly, despite being generally infrequent in eukaryotes, our
study demonstrated a strong presence of Tyr in antibody-heavy
chain CDR loops, accounting for 15.6% of the total composition.
Tyr residues were found in the light chain fragments of 97 com-
plexes, the heavy chain fragments of 97 complexes, and 84 epi-
topes in our dataset. Notably, Tyr residues were more abundant in
the heavy chain CDR loops compared to the epitope regions and
the light chain.

Lastly, aromatic amino acids such as Phe and Thr exhibited
higher frequencies in the heavy chain CDR loops compared to
their relatively low occurrence in eukaryotic genomes.

3.3 Significance of Physico-chemical Properties
To assess the impact of different explanatory variables on the
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Wdef Wnonsol
Parameter Coefficient P Coefficient P
constant 3.832 0.076 -0.983 0.745
L1 -0.003 0.609 -0.010 0.266
L2 -0.004 0.307 0.005 0.356
L3 -0.005 0.210 -0.008 0.093
Hydrophilicity H1 0.004 0.478 0.003 0.670
H2 0.000 1.000 0.006 0.250
H3 0.000 0.904 -0.001 0.793
Ag -0.014 0.086 0.002 0.852
L1 -0.002 0.732 0.001 0.916
L2 -0.006 0.114 0.008 0.104
L3 0.007 0.076 -0.002 0.692
Polarity H1 -0.001 0.732 -0.006 0.272
H2 -0.004 0.228 0.001 0.804
H3 0.002 0.620 0.001 0.766
Ag -0.003 0.666 -0.011 0.287
L1 -0.016 0.259 -0.006 0.756
L2 -0.011 0.128 0.003 0.777
N L3 0.005 0.218 0.015 0.016*
Non-aromatic
residues H1 -0.003 0.578 -0.013  0.044*
H2 0.002 0.751 0.007 0.300
H3 0.006 0.106 0.003 0.545
Ag 0.012 0.273 0.010 0.514
L1 0.000 0.719 0.000 0.635
L2 -0.001 0.047* 0.000 0.954
L3 0.000 0.456 0.000 0.752
::’;:9 Surface H1 0.000 0.361 0.000  0.816
H2 0.001 0.116 0.001 0.098
H3 0.000 0.896 0.000 0.756
Ag 0.000 0.827 0.000 0.465
* Significant

Fig. 3 Significance of independent parameters in Generalized Linear Re-
gression (GLM). 1.0 < (P > |z]) < 0.05 Green, and yellow colors
reflect the positive and negative correlation of significant parameters
respectively.

accuracy of the decoy distribution, logistic regression with a gen-
eralized linear model (GLM) was performed on both the Wy,
and W, ns01 scoring functions. Figure 3 illustrates the results, in-
dicating that three variables demonstrated significant associations
(p < 0.05) with the predictive power of decoy distribution. These
variables include the presence of non-aromatic residues in the L3
and H1 regions (0.016 and 0.044, respectively) in the W,,,,,5,; Scor-
ing function, as well as the surface area of the Ab-Ag binding
interface in the L2 region (0.047) in the Wy, scoring function
[Supplementary documents S6-S7].

4. Discussion

Ab-Ag interactions play a crucial role in various biological pro-
cesses, including immune response modulation, disease diagno-
sis, and therapeutic interventions. Understanding the physico-
chemical properties underlying these interactions is essential for
evaluating their specificity, affinity, and overall stability. This ar-
ticle aims to delve deeply into the exploration of these physico-
chemical properties involved in Ab-Ag interactions, shedding
light on their significance in the realm of drug discovery and de-
sign.

4.1 Evaluation of Docking Scoring Functions

This research represents an initial effort to assess the efficacy
of Rosetta scoring functions in handling Ab-Ag complexes, em-
ploying both quantitative and qualitative measures through the
practical use of decoy distributions, a common practice among
scientists. The performance of scoring functions in Ab-Ag com-
plex docking was evaluated based on the distribution of docking
decoys. The analysis of three scoring functions (Wg,.r, Wi, and
Woonsor) Tevealed that the removal of solvation parameters had a
significant impact on the quality of docking performance, high-
lighting the need to account for solvation effects to improve the
accuracy of Ab-Ag docking predictions.

© 2024 Information Processing Society of Japan

While the results indicate that excluding solvation parameters
affects the quality of docking performance, they do not provide
a comprehensive understanding of all factors that influence the
precision of docking scoring functions. Other factors influenc-
ing docking accuracy, such as hidden scoring terms, energy func-
tions, and additional factors, were not directly addressed in this
study. There is a need for additional research and investigation
into the broader landscape of docking scoring functions and their
overall performance in various docking scenarios, but it is beyond
the goal of this research.

4.2 Influence of Physico-chemical Properties in CDR Loops
and Epitopes on Docking

In analyzing 100 datasets comprising Ab-Ag bound com-
plexes, we identified a conspicuous predominance of Tyr residues
in the heavy chain CDR loops of antibodies, particularly enriched
in the paratope regions. Conversely, Ser residues were completely
absent from these heavy chain CDR loops, and Cys residues were
notably sparse in both heavy and light chain CDR loops.

Previous studies have underscored the integral roles of Tyr,
Ser, and Cys in antibodies [36], [37], [38], [39], [40]; however,
they have predominantly done so within the confines of controlled
environments, involving mutations in the epitope interacting re-
gions of nonhuman immunoglobulins [36], [37], [38], and have
not provided CDR location-specific insights into amino acid com-
position. Furthermore, these investigations were performed on
unbound immunoglobulins, leaving the stability of Ab-Ag inter-
actions uncertain and suggesting that the molecular recognition
mechanisms of naive or unbound antibodies differ from those of
co-evolved or affinity-matured complexes [41], [42], [43], [44],
[45], [46], [47].

Our research conclusively demonstrates the significant correla-
tion of Tyr, Ser, and Cys with high-affinity, specific in-situ Ab-Ag
complexes. The distinct positioning of these amino acids within
the CDR loops of engaged Ab-Ag pairs is pivotal, highlighting an
area that requires meticulous attention in the refinement of dock-
ing scoring algorithms for enhanced precision.

While the analysis provides valuable insights into the distribu-
tion and prevalence of specific amino acids within Ab-Ag com-
plexes, there are limitations to consider. The results are confined
to the specific dataset and conditions of the study and may not
fully represent the entire population of Ab-Ag complexes or ac-
count for potential variations due to experimental setups, anti-
body types, antigen characteristics, or other factors. The observed
variations in amino acid composition do not necessarily provide
mechanistic insights into the functional implications or reasons
for their presence or absence in CDR loops. Therefore, further
research is necessary to explore the broader context, underly-
ing mechanisms, functional implications, and generalizability of
these findings.

4.3 Correlation between Physico-chemical Properties and
Decoy Distribution
Through GLM analysis, we identified three critical variables
impacting the predictive accuracy of decoy distribution within
CDR segments: 1) the prevalence of non-aromatic residues in
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L3; 2) the scarcity of non-aromatic residues in H1; and 3) a
smaller Ab-Ag binding interface in the L2 region. These findings
highlight how the scoring function’s accuracy fluctuates based on
the abundance of non-aromatic residues and the interaction’s sur-
face area. Notably, the influence of aromatic residues persists
even in scoring functions devoid of solvation parameters. While
omitting solvation parameters can enhance Rosetta’s performance
with Ab-Ag structures, this alone doesn’t fully negate the effects
of irregular amino acids. Therefore, the development of scoring
functions specialized for Ab-Ag interfaces is essential for more
precise future Ab-Ag structural predictions.

The study offers important insights but is limited by its spe-
cific dataset and conditions, not fully encompassing the diver-
sity of Ab-Ag complexes. A comprehensive understanding of
the mechanisms dictating amino acid presence in CDR loops is
missing, underscoring the need for broader research. This should
include how amino acids influence the Rosetta scoring function,
deeper exploration of Ab-Ag interactions, and enhancements in
bio medicinal prediction models for wider applicability.

5. Conclusion

Progress in computational modeling, experimental methodolo-
gies, and high-throughput screenings enhances our grasp of the
physicochemical intricacies involved in Ab-Ag interactions. The
notable performance enhancement achieved by omitting the sol-
vation parameter from the Rosetta scoring function highlighted
the critical role this parameter plays. Nonetheless, it remains a
crucial factor, necessitating a comprehensive evaluation of scor-
ing functions with careful consideration of solvation impacts to
accurately predict docking outcomes in Ab-Ag engagements. A
deeper exploration of physicochemical characteristics can eluci-
date these interactions more clearly, facilitating the development
of more refined scoring functions.

The physicochemical attributes of viable chemical substitutes
are pivotal in evaluating Ab-Ag relations. Elements like hy-
drophilicity, hydrophobicity, polar versus nonpolar interactions,
and the presence of particular amino acid residues contribute
valuable information regarding the stability, specificity, and ef-
ficacy of Ab-Ag complexes. The synthesis of these methodolo-
gies propels the sophistication of computational techniques used
in forecasting and enhancing Ab-Ag interactions, which is instru-
mental in the realms of drug innovation and formulation. Such
insights hold substantial promise in propelling advancements in
drug development, potentially leading to more effective therapeu-
tic strategies and improved patient prognoses.

However, further research is imperative to unravel the elaborate
nature of these interactions and their ramifications for therapeu-
tic antibody production. Capitalizing on this understanding could
elevate the precision and potency of antibody-centric treatments,
culminating in more targeted and effective remedies for various
ailments.

6. Abbreviations

Ab: Antibody
Ag: Antigen
CDR: Complementarity-determining region
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ELISA: Enzyme-Linked Immunosorbent Assay

Fab: Fragment Antigen Binding

ITC: Isothermal Titration Calorimetry

LK: Lazaridis-Karplus

PPI: Protein-protein Interactions

RMSD: Root Mean Squared Deviation

SPR: Surface Plasmon Resonance
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