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A B S T R A C T

Galectin-3 binding protein (Gal-3BP) is a clinically relevant oncology target, with overexpression associated with
poor prognosis across multiple tumor types. However, its therapeutic exploration has been hindered by extensive
glycosylation, conformational heterogeneity, and context-dependent oligomerization, which restrict epitope
accessibility. Antibody-based strategies remain promising for targeting such complex proteins, yet their devel-
opment is costly and experimentally demanding. To address these challenges, we established an integrative in-
silico workow tailored to the specic structural and biophysical features of Gal-3BP combining validated
methodologies of structural prediction, molecular dynamics (MD) simulations, and antibody engineering. By
mapping Gal-3BP across oligomeric states and characterizing its N-glycan conformational diversity, we identied
two glycan-free epitopes within the BACK domain, termed E1 and E2. Scaffold selection using 3D Zernike
descriptors–based similarity search identied BDBV-43 as a compatible candidate for E1. For E2, which lacked
similarity-based matches, naïve repertoire mining retrieved the unmatured antibody E2-Ab1, broadening the set
of viable templates. Engineering approaches included point mutations in BDBV-43 and full CDR swapping in E2-
Ab1. Iterative renement yielded variants with improved interaction proles and robust stability during heated
MD simulations. Furthermore, Gaussian accelerated MD (GaMD) revealed reorganized conformational land-
scapes together with modest shifts in the underlying free-energy proles for the engineered antibodies relative to
their native scaffolds, in line with the interpretative limits of GaMD reweighting. Collectively, this study posi-
tions Gal-3BP as a tractable therapeutic target and presents optimized antibody candidates capable of engaging
epitopes minimally affected by glycan shielding, illustrating the potential of integrative computational pipelines
for antibody design against structurally complex proteins.

1. Introduction

Cancer remains one of the leading causes of mortality worldwide,
reecting its biological complexity and the multitude of mechanisms
that sustain tumor progression [1]. Over the past decades, immuno-
therapy has emerged as a transformative strategy, harnessing the im-
mune system to recognize and eliminate malignant cells. Checkpoint
inhibitors targeting pathways like PD-1/PD-L1 or the CTLA-4 axis have
exemplied the clinical potential of this approach, paving the way for

the exploration of novel immunomodulatory targets [2]. Among these,
Galectin-3 binding protein (Gal-3BP, UniProt ID: Q08380) has attracted
increasing attention due to its involvement in cell adhesion, extracel-
lular matrix remodeling, and immune regulation [3]. Beyond its wide-
spread overexpression in diverse tumors, Gal-3BP enrichment in
cancer-derived extracellular vesicles facilitates antibody accessibility
and intratumoral uptake, positioning it as a compelling candidate for
therapeutic intervention in oncology [4]. Previous preclinical studies
have demonstrated the feasibility of targeting Gal-3BP using
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antibody–drug conjugates (ADCs) to deliver cytotoxic payloads to the
tumor microenvironment, with efcacy demonstrated across diverse
models, including neuroblastoma (SK-N-AS), melanoma (A375m), he-
patocellular carcinoma (HepG2), and even in human broblasts [5–7].

Gal-3BP is composed of three well-dened domains: the scavenger
receptor cysteine-rich (SRCR) domain, the Broad-Complex, Tramtrack,
Bric-à-brac/Poxvirus and Zinc nger (BTB/POZ) domain, and the C-
terminal Kelch (BACK) domain. These are followed by a terminal
extension (Phe361–Asp585) lacking detectable homology to any known
protein [5]. Despite this domain characterization, its complete structure
has yet to be experimentally determined, representing a signicant
bottleneck to target-oriented antibody design. Moreover, Gal-3BP
extensive glycosylation and context-dependent heterogeneity pose sig-
nicant obstacles to the design of selective therapeutics targeting epi-
topes that are both accessible and functionally relevant [8,9]. The SP-2
antibody, for example, was reported to target Gal-3BP galectin-binding
domain, responsible for glycan-mediated interactions with Galectin-3
[6,10]. However, the substantial glycan variability across tissues and
disease states can undermine the predictability of antibody-antigen
engagement and, ultimately, limit antibody efcacy [6,10]. Thus,
monoclonal antibodies (mAb) development against Gal-3BP requires
innovative strategies capable of overcoming glycan-driven variability,
ensuring precise recognition of non-glycosylated epitopes.

Regardless of these challenges, antibodies remain a cornerstone of
oncology therapeutics due to their specicity, long half-life, and ability
to engage immune effector mechanisms [11]. This specicity is driven
by the structural diversity of the complementarity-determining regions
(CDRs), whose length and sequence variability arise from V(D)J
recombination and somatic hypermutation. Among these regions,
CDR-H3 exhibits the greatest diversity and structural exibility, allow-
ing the precise recognition of distinct epitopes [12,13]. Exploiting such
diversity for rational antibody development has been accelerated by
advances in computational approaches that allow efcient modeling of
protein structures, prediction of antigen–antibody interactions, and
identication of candidate epitopes.

Established methods, such as molecular docking and molecular dy-
namics simulations, combined with advances in AI-based structure
prediction, have provided unprecedented insights into conformational
landscapes that are often difcult to capture experimentally, stream-
lining candidate prioritization and reducing the cost and time required
for experimental screening [14–16]. Among the applications empow-
ered by these predictive tools is antibody repurposing, which gained
prominence during the COVID-19 pandemic to rapidly identify existing
antibodies with cross-reactivity to new antigens [17]. Such
cross-reactivity frequently arises from sequence homology or structural
mimicry between epitopes and can be assessed in silico through sequence
alignment, structural superposition, paratope–epitope docking, and
other predictive workows [18]. More recently, the FP-Zernike frame-
work, which represents protein surfaces as three-dimensional (3D)
Zernike descriptors and quanties similarity via Euclidean distance, has
emerged as a promising approach for structure comparison and holds a
potential for application in the identication of cross-reactive scaffolds
[19].

Building on these advances and considering the central role of Gal-
3BP in cancer biology alongside the practical limitations of current
therapeutic development approaches for heavily glycosylated targets,
we developed a customized workow grounded in validated in silico
techniques to overcome the obstacles inherent to Gal-3BP's structural
complexity. Our strategy integrates surface-based 3D Zernike de-
scriptors to identify complementary antibody scaffolds [20], with naïve
repertoire mining and iterative engineering to rene epitope targeting.
This approach prioritizes functionally relevant, glycan-independent
epitopes and enables a systematic exploration of antibody design
space through iterative computational renement. As a result, it gen-
erates optimized candidates for subsequent in vitro validation while
reducing the experimental burden traditionally associated with

antibody development. Although specically tailored to the unique
challenges posed by Gal-3BP, the concepts and methodologies applied
here may inform future design efforts targeting other comparably
complex and heterogeneous antigens.

2. Methods

We developed an in silico workow integrating validated computa-
tional tools to propose novel antibody candidates capable of engaging
with Gal-3BP and prevent its oligomerization (Fig. 1 A). The workow
begins with structural modeling of Gal-3BP, followed by the identica-
tion of accessible, non-glycosylated epitopes. These regions served as
entry points for antibody discovery while minimizing interference from
the protein's extensive glycan shielding.

From this stage, the pipeline branched into two complementary
scaffold selection strategies (Fig. 1 B). The rst one relied on surface-
similarity screening across the AbSet database of antigen-antibody
pairs [27]. By identifying epitopes on Gal-3BP that resemble these
templates, we retrieved antibody candidates that interact with
geometrically similar epitopes. When no matches were detected within
the 2.5 Euclidean distance cutoff, we applied a second strategy con-
sisting of iterative docking rounds using naïve antibody scaffolds,
selecting variants using computational binding-energy scores and
quantitative interface metrics. Both routes converged on targeted
mutagenesis or CDR-swapping steps to rene binding specicity and
strengthen interactions with the selected epitope. Ultimately, all engi-
neered candidates underwent validation through heated molecular dy-
namics simulations, allowing the assessment of complex stability and
ranking the most promising binders under computational stress
conditions.

2.1. Gal-3BP three-dimensional modeling

Gal-3BP amino acid sequence (Q08380) was retrieved from UniProt
[21], excluding the signal peptide. Monomeric and multimeric forms of
Gal-3BP were modeled with AlphaFold2 and AlphaFold3, respectively
[22]. The best model for each protein form was selected using Alpha-
Fold's own local and global condence metrics (predicted Local Distance
Difference Test, pLDDT; Predicted Aligned Error, PAE). Additional
comparative evaluation was performed with VoroMQA [23] to assess
model quality based on the inter-atomic contacts.

Epitope identication was guided by a four-step selection strategy.
First, GlycoSHIELD [24] generated conformational ensembles of the
poly-N-Acetyllactosamine (poly-LacNAc) glycan linked to residues 69,
125, 192, 362, 398, 551, 580 of Gal-3BP. The resulting glycosylated
models were then evaluated using CPPTRAJ from AmberTools24 [25] to
quantify changes in protein solvent accessible surface area (ΔSASA)
following glycan addition. Second, structural condence scores were
used to exclude poorly dened and highly exible segments. Third,
experimentally supported predictions from UniProt, based on Protein
Epitope Signature Tag (PrEST) fragments [26], were integrated to rene
candidate regions. Beyond accessibility, patches were prioritized when
located at or near dimerization interfaces, allowing antibody binding to
sterically block or allosterically modulate oligomer formation.

2.2. Antibodies repurposing

Aiming to identify a starting scaffold for optimization, we applied the
antibody repurposing approach, which relies on the identication of
antibodies previously characterized against other targets that exhibit
potential cross-reactivity due to high structural similarity between epi-
topes. To implement this strategy, a similarity search was performed in
the AbSet dataset [27], using the protein surface (PS) mode of the
FP-Zernike software [20] to compute 3D Zernike descriptors for epito-
pe–paratope pairs (Almeida et al., to be published) . Two accessible
epitopes of Gal-3BP were used as queries for the similarity assessment.
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Antibodies interacting with epitopes structurally similar to those of
Gal-3BP, based on a Euclidean distance cutoff of 2.5, were curated ac-
cording to their original targets. Selected antibodies were subsequently
subjected to blind docking to assess whether the repurposed candidates
could recognize the new epitope in the absence of predened interaction
constraints. For the blind docking, CDR residues fromMartin's denition
[28] were designated as active, while all solvent-exposed residues across
the antigen surface were dened as passive, guiding the HADDOCK2.4
screening process [29]. Renement of the binding pose was then ach-
ieved through driven docking using the same program and the
top-ranked pose was selected through the REF15 scoring function [30].

2.3. Creation of the naïve antibody dataset

For epitopes that failed to generate cross-reactive candidates, we
developed a systematic pipeline to identify naïve antibodies compatible
with the target epitopes. Unique human germline pairs of the variable
heavy (VH) and light (VL) chains were selected from the PyIgClassify
database [31] on January 18, 2023. In total, 946 non-redundant pairs
were retrieved from antibody structures deposited in the Protein Data
Bank (PDB) [32]. To catalogue the sequences corresponding to each
germline pair, we queried the Observed Antibody Space (OAS) database
[33] on July 12, 2023. Filters were applied to select sequences meeting
the following criteria: human species, non-vaccine, and obtained from
naïve B cells. Sequences containing any non-canonical amino acid were
excluded, remaining 799 germline pairs in our dataset. The antibody
sequences were renumbered according to the Martin scheme using a
local installation of ANARCI [34]. For positions with missing residues,
the most probable amino acid was restored using the AbLang 1.0 lan-
guage model [35].

2.4. Selection of VH/VL sequence combinations based on CDR-H3

To reduce computational costs, we selected a representative
sequence per germline pair with the following procedure: (i) within the
group of sequences associated with each germline pair, the most
frequent CDR-H3 length was identied; (ii) among sequences of this
length, the most probable CDR-H3 sequence was determined using the
equation below:

P=
∏N

n=1
Prn

where P is the product operator, N is the length of the CDR-H3, r is the
residue under consideration, n is the position of r within the CDR-H3,
and Prn is the number of sequences with residue r at position n. The
positional entropy was calculated based on the dataset curated by
Sampaio et al. [36], providing the probability of residue occurrence at
each position of a CDR-H3 of a given length. For each germline pair, the
VH/VL sequence combination with the highest P value was selected as
representative. The three-dimensional structures of these representative
VH/VL pairs were then generated using ABodyBuilder2 [37].

2.5. Antigen–antibody docking protocol

HADDOCK2.4 was employed to generate antigen-antibody com-
plexes. Antibody active residues were dened based on the CDRs, while
epitope residues were designated as active. Although HADDOCK2.4
provides its own scoring function to rank the generated poses, all models
were additionally rescored using REF15 scoring function to establish a
complementary consensus. The underlying rationale was that if different
scoring functions rank a given pose highly, the likelihood of it repre-
senting a near-native binding mode increases.

Docking poses were ltered in two stages:
First stage. To minimize the selection of decoys, poses were ltered

according to the following conditions:

1. Poses with REF15 < 0 kcal mol1;
2. Poses present both in the most populated cluster and in the cluster
with the best HADDOCK score. If an antibody had more than one
pose satisfying the above conditions, the pose with the lowest REF15
value was selected.

Second stage. To ensure diversity among the ranked candidate
poses for molecular dynamics simulations, three pose sets were selected:

(i) the top 10 poses ranked by REF15;
(ii) the top 10 poses ranked by ΔHADDOCK score; and

Fig. 1. Overview of the computational pipeline for antibody engineering against Gal-3BP. (A) Linear schematic of the workow, beginning with structural modeling
of Gal-3BP and identication of non-glycosylated, accessible epitopes. (B) Detailed approach for antibody scaffold selection converging on mutagenesis or CDR-
swapping renement steps and validation through heated molecular dynamics simulations.
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(iii) the set of poses for which both the ΔHADDOCK score and REF15
values were ≤ 15 [30].

The ΔHADDOCK score reects the energy difference between the
rst and second lowest energy clusters of the same antibody. The
rationale for selecting poses based on ΔHADDOCK is that if the second
cluster exhibits an energy comparable to the rst, the most populated
cluster is not necessarily the most representative binding mode.
Conversely, if a signicant energy difference is observed (about 15
HADDOCK arbitrary units), this suggests that the rst cluster is not only
the most energetically favorable, but also the most representative. A
similar approach was successfully applied to distinguish true binding
conformations from decoys in antibody-integrin poses produced by
ClusPro [38].

2.6. Validation of the antibody/Gal-3BP interaction mode through hMD

The docking-generated complexes were subjected to pose validation
through heated molecular dynamics (hMD) simulations using the
AMBER24 package [39]. The FF14SB, TIP3P, and GLYCAM06 [40–42]
force elds were applied for protein, water, and carbohydrates,
respectively. Residues protonation states were assigned using PDB2PQR
at pH 6.8 [43]. Complexes were centered in a 12 Å octahedral box,
neutralized with Na+ or Cl– counterions, and adjusted to an ionic
strength of 0.15 M.

To prepare topology and coordinate les for production dynamics,
the systems were subjected to a relaxation protocol divided into 10 steps
[44,45]. Initially, water molecules were minimized with 1,000 steps
using the steepest descent method, followed by 9,000 steps of conjugate
gradient minimization under weak restraints of 1 kcal/(mol⋅Å2). The
system was then heated to 310 K under constant volume (NVT) for 0.5
ns, applying positional restraints of 100 kcal/(mol⋅Å2) to all atoms
except hydrogens and water molecules. Water density equilibration was
performed under constant pressure (1 bar) with 100 kcal/(mol⋅Å2) re-
straints for 1 ns. Subsequently, restraints were reduced to 10
kcal/(mol⋅Å2), and the system was equilibrated for an additional 1 ns. A
second minimization was carried out for 10,000 steps using the conju-
gate gradient method, applying restraints only to backbone atoms with a
force constant of 10 kcal/(mol⋅Å2). System release was performed in
three successive stages of 1 ns each under constant pressure and tem-
perature (NPT), gradually decreasing backbone restraints from 10
kcal/(mol⋅Å2) to 1 kcal/(mol⋅Å2) and nally to 0.1 kcal/(mol⋅Å2). The
equilibration protocol was completed with 1 ns of unrestrained molec-
ular dynamics (MD) under NPT conditions. Coulomb, Lennard-Jones,
and short-range neighbor list cutoffs were set to 8 Å.

Production dynamics were conducted using the CUDA implementa-
tion of the Partial Mesh Ewald Molecular Dynamics (PMEMD) engine
[46], combined with hydrogen mass repartitioning (HMR) [47], which
enabled simulations with a 4 fs timestep. Temperature and pressure
were controlled using the Langevin thermostat and Monte Carlo baro-
stat, respectively. Following the heated MD protocol described by
Radom et al. [48], simulations were conducted at 310 K for the initial 30
ns, followed by sequential temperature increases to 330 K and 360 K for
12.5 ns each, and nally to 390 K for the last 15 ns. Trajectory pro-
cessing and analysis was performed with CPPTRAJ from the Amber-
Tools24 package [49]. Interface RMSD (iRMSD) was computed using a
5 Å cutoff to discriminate native-like binding poses from decoys [38,48].
Interface residues were automatically dened as those located within 8
Å of the binding partner.

2.7. Antibody modification

Antibody modications were performed using the structural opti-
mization program Ab-SELDON [36], which seeks to mimic the biological
process of afnity maturation to enhance antigen binding. The program
relies on the analysis of data from human antibodies collected from the

Observed Antibody Space (OAS) database to maximize interactions
within the microenvironment. Ab-SELDON performs both conforma-
tional and sequence sampling through CDR grafting, in which each CDR
from the original antibody is replaced by that of another naïve antibody
to explore alternative conformations capable of maximizing in-
teractions. This step is followed by point mutation guided by statistical
data derived from memory antibody repertoires. Because OAS provides
limited representation of λ-chain memory repertoires, κ-chain (IgKV)
antibodies were prioritized during earlier selection steps.

Ab-SELDON offers modular execution of its design pipeline. Given
that antibodies retrieved through the repurposing workow already
possess afnity-matured CDRs, only the mutagenesis module was
applied to these candidates, introducing localized modications while
preserving the global architecture of the paratope. In contrast, the naïve
antibodies, whose CDRs remain unmatured, were subjected to both CDR
swapping and mutagenesis, aiming to rene loop conformations and
enhance chemical complementarity to the target epitope. All Ab-
SELDON parameters were kept at default values as recommended by
the developers. As CDR swapping can introduce loops of variable length
and potentially perturb the local secondary structure of the epitope, we
subsequently redocked the optimized CDR-swapped candidates against
Gal-3BP. The resulting complexes were evaluated using the REF15
scoring function and were further inspected for their global orientation
relative to the antigen.

To complement this strategy, we also employed RosettaAntibody-
Design (RAbD) [50], which iteratively modies CDR sequences and
conformations to increase binding afnity. A total of 100 outer cycles
were executed, generating ve designs per run. Proline and cysteine
substitutions were disallowed to prevent structural instability, and all
other parameters followed default congurations. As with Ab-SELDON,
repurposed antibodies underwent mutagenesis cycles (using the seq_-
design_cdrs ag), whereas naïve antibodies were also subjected to CDR
grafting (via the graft_design_cdrs ag). Designs that did not incorporate
any modications were removed from further consideration.

Finally, the resulting antibody panels were evaluated using BioPhi
[51] to assess humanness. CDR denition and antibody numbering were
dened according to the IMGT scheme, and the OASis prevalence
threshold was set to “relaxed” (≥10% subjects). OASis Identity and
Percentile were evaluated, after which all retained designs were sub-
jected to hMD simulations. Three independent simulation replicas were
performed for each system, allowing a robust evaluation of the confor-
mational stability of each modied antibody.

2.8. Evaluation of the potential mean force through Gaussian Accelerated
MD (GaMD)

To enhance conformational sampling and characterize the free-
energy landscape of the antibody–antigen complexes before and after
antibody modication, Gaussian Accelerated Molecular Dynamics
(GaMD) was employed [52]. Simulation systems, previously prepared
for hMD validation, were rst subjected to conventional MD equilibra-
tion for 400 ps, followed by an additional 400 ps of unbiased MD during
which potential statistics were collected, including the maximum,
minimum, average, and standard deviation. This was followed by 3.6 ns
of GaMD equilibration, during which boost potentials were applied but
potential statistics were not updated. Subsequently, three independent
200 ns production dual-boost GaMD simulations were performed for
each system. The sigma0P and sigma0D parameters, which dene the
upper limits of the standard deviation for the dihedral and total poten-
tial boosts, respectively, were set to 6 kcal/mol. All force elds and
simulation parameters were maintained from the hMD protocol. While
CPPTRAJ was used for trajectory processing and analysis, anti-
body–antigen interaction proles were quantied with PLIP 3.12.
Frames were extracted every 400 steps from each trajectory, yielding
100 uniformly spaced snapshots per replicate. Residue numbering and
chain identiers were standardized to match the reference PDB.
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Interaction frequencies were then averaged across frames. Conforma-
tional variability was assessed via principal component analysis (PCA) of
antibody-antigen interface Cα atoms using pyPcazip [53]. Finally, 2D
PyReweighting was applied to compute the systems’ corresponding
potentials of mean force (PMFs) [54] using the two rst principal
components as collective variables (CVs) for potential reweighting. For
systems subjected to extensive CDR swapping and subsequent redock-
ing, large variations in antibody orientation precluded projection into a
common antibody-based PCA space. In these cases, PCA and subsequent
energetic reweighting were restricted to antigen interface atoms to
enable consistent comparisons between pre- and post-modication sys-
tems. In parallel, PCA was also performed across the three GaMD rep-
licates of each system using antibody–antigen interface atoms to capture
internal conformational variability and to extract centroids of the most
populated clusters for conformational comparison.

3. Results

3.1. BACK domain identified as a key epitope region

The development of monoclonal antibodies (mAbs) targeting Gal-
3BP is constrained by the intrinsic complexity of this protein, charac-
terized by oligomerization and context-dependent glycosylation. In
order to direct antibody design towards accessible epitopes, we rst
modeled Gal-3BP structure using state-of-the-art modeling tool, Alpha-
Fold3, and incorporated N-linked glycosylation conformers (Fig. 2).
Prior to glycan modeling, we evaluated the predicted self-assembly
states of Gal-3BP (Supplementary Fig. 1) focusing on the mature pro-
tein, comprising residues Val19–Asp585 and excluding the signal
peptide.

The predicted aligned error (PAE) map (Fig. 2 B) indicated that the
dimeric model is globally well resolved, with elevated uncertainty pri-
marily conned to the SRCR domain. This pattern is consistent with
previous reports describing the intrinsic exibility of this region [8,9],
responsible for preventing steric hindrance during dimerization
(Supplementary Fig. 1). pLDDT scores further supported the reliability

of the model, with most residues scoring above 80 (Fig. 2C, Supple-
mentary Fig. 2). Lower condence was observed in the loop regions
spanning Ser386–Arg416, prompting the exclusion of these segments
from subsequent analyses related to epitope mapping. These results are
also corroborated by the predominance of high-quality scores obtained
with VoroMQA (Supplementary Fig. 3, blue).

Nevertheless, expanding the assembly beyond the dimer did not
yield improvements in structural quality. The tetrameric, hexameric,
and octameric models exhibited substantially lower local condence
scores (Supplementary Fig. 1). Most of these predicted assemblies also
failed to recapitulate experimentally observed states detected by mi-
croscopy, with the dimer and the hexamer being the only exceptions [8].
Therefore, the dimeric state was prioritized for subsequent analyses, as it
not only represents the predominant oligomeric form adopted in
extracellular context, but also stabilizes disordered loops that remain
solvent-exposed in the monomer.

Next, to capture the steric and conformational variability introduced
by distinct glycan ensembles, we added poly-LacNAc to seven N-linked
glycosylation sites of Gal-3BP (Fig. 2 A, purple diamond). The glycans’ 
conformational ensemble reveals a broad and dynamic spatial footprint,
generating a uctuating shield that can hinder access to the protein
surface, depending on glycan conformation and the surrounding
microenvironment. Notably, most glycans are positioned in exible re-
gions, leaving substantial areas of the BACK domain accessible for in-
teractions without glycan interference (Fig. 2 D). Thus, targeting
structurally rigid, glycan-free regions may provide a viable strategy for
designing monoclonal antibodies capable of disrupting multimer for-
mation and modulating Gal-3BP function.

To advance from structural modeling to epitope selection, we
focused on regions with reliable condence scores and minimal glycan
occlusion, excluding low-condence or inaccessible segments such as
the Ser386–Arg416 loop and the SRCR domain (Fig. 2 B). Complemen-
tary UniProt-based experimental evidence from Protein Epitope Signa-
ture Tag (PrEST) fragments (Supplementary Figure 4 A) identied the
BACK domain as immunogenic, further supporting its relevance as a
therapeutic target. In addition, candidate sites were prioritized when

Fig. 2. Structural evaluation of Gal-3BP. (A) The linear domain organization of Gal-3BP, highlighting the glycosylation sites (pink diamonds). (B) Predicted aligned
error (PAE) for the dimeric form of Gal-3BP. (C) Tridimensional arrangement of dimer. The protein is colored by the predicted local distance difference test (pLDDT)
in dark blue (pLDDT > 90), blue (90 > pLDDT > 70), yellow (70 > pLDDT > 50), and orange (pLDDT < 50). (D) Structure of Gal-3BP (cartoon representation, gray)
with seven distinct N-glycan conformers (sticks, green) generated with GlycoSHIELD. The SRCR, BTB/POZ, and the BACK are colored green, yellow, and blue,
respectively. (For interpretation of the references to color in this gure legend, the reader is referred to the Web version of this article.)
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located at or near dimerization interfaces (SRCR and BTB/POZ domain),
as antibody binding at these locations could sterically hinder or allo-
sterically modulate oligomer formation.

This four-stage integrative strategy converged on two principal re-
gions of interest. The rst one (E1) encompasses residues Thr220,
Phe227, Asp254, Ser256, Phe257, Met259, Pro260, Tyr264, and
Gln292–Val299. The second one (E2) is situated within the C-terminal
BACK/Kelch domain, where residues Trp258, Leu265, Ala292, Leu294,
Glu295, Leu297, Cys298, Leu302, and Ser330–Glu337 emerged as the
most promising epitope candidates (Supplementary Figure 4 B). While
glycan shielding markedly reduced overall protein surface accessibility,
with a global ΔSASA decrease of approximately 1299 Å2, the ΔSASA
values for E1 and E2 were 2.9 Å2 and 7.0 Å2, respectively, indicating that
these regions remain largely exposed and reinforcing their suitability as
accessible epitope sites (Supplementary Fig. 5).

3.2. Shape-based screening revealed BDBV-43 as a compatible scaffold
for Gal-3BP E1

Following epitope denition, a surface patch corresponding to each
candidate epitope was constructed and queried the AbSet dataset of
antibody–antigen complexes to identify antibodies that recognize
geometrically similar surfaces, leveraging the central role of shape
complementarity in paratope-epitope recognition and enabling the
repurposing of existing antibody scaffolds for the new target [55]. To
efciently perform this comparison, we employed 3D Zernike

descriptors, which represent local surface geometries as
rotation-invariant feature vectors. This descriptor-based strategy by-
passes the limitations of traditional alignment methods and supports
scalable matching between our epitope models and large collections of
structurally characterized epitope-paratope pairs [20].

Applying a Euclidean distance cutoff of 2.5 to retrieve structurally
similar epitopes without compromising precision, the Zernike-based
search identied ve antibody structures whose epitopes share signi-
cant similarity with E1, corresponding to PDB IDs 6B3S, 6VGR, 7KEW,
7UVO, and 8EPA (Supplementary Table 1). To reduce the set of candi-
dates, we removed structures containing unresolved regions or sequence
gaps, non-human antibodies to mitigate immunogenicity risk, and those
paired with λ light chains, given their limited representation in OAS
memory repertoires, which would restrict downstream optimization.

The search converged on a single scaffold from the PDB ID 7KEW.
Notably, this structure corresponds to BDBV-43, a broadly neutralizing
antibody that targets the glycan cap of ebolavirus, a structurally com-
plex and highly glycosylated protein [56]. To assess whether this scaf-
fold could engage the selected Gal-3BP epitope, we rst performed blind
antibody-antigen docking. Visual inspection of the generated binding
modes showed that 32 out of 250 poses were directed to the target site.
The spontaneous engagement of BDBV-43 with this region, without any
predened restraints, indicates an inherent compatibility. To rene the
binding orientation, we next carried out site-directed docking. Among
the top 250 water-rened antibody-antigen models, the nal pose was
selected based on a REF15 score ranking (Supplementary Table 2).

Fig. 3. BDBV-43 antibody engineering. (A) Three-dimensional representation of the parental antibody (light colors) and the Ab-SELDON-generated mutant, termed
Mut1 (dark colors). (B) Boxplot representation of the RMSD values for the heated simulations of the complexes containing Gal-3BP and the BDBV-43 antibody
(native) or the three variants generated with Ab-SELDON. Interaction network between Gal-3BP (gray) and (C) the native antibody or the (D) optimized candidate
(heavy and light chains represented in orange and blue, respectively). (For interpretation of the references to color in this gure legend, the reader is referred to the
Web version of this article.)
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While molecular docking can generate near-native binding confor-
mations, its main limitation remains in the difculty of distinguishing
correct models from decoys. To evaluate the reliability of our docking
poses, we employed heated molecular dynamics (hMD), a simulation
strategy that subjects the system to sequential thermal perturbations
[48]. Under this protocol, kinetically stable models remain intact,
whereas incorrect models destabilize and exhibit increased interface
RMSD. The unmodied BDBV-43 docked to Gal-3BP displayed remark-
able stability during hMD, maintaining a consistent structural arrange-
ment throughout the simulations, with RMSD values below the 5 Å
threshold (Fig. 3 B). These results support that shape compatibility,
identied via 3D Zernike descriptors and reinforced by molecular
docking, translates into a stable interaction in dynamic conditions,
conrming BDBV-43 as a suitable starting scaffold for subsequent anti-
body optimization.

In silico afnity maturation was performed using Ab-SELDON (Fig. 3)
and RosettaAntibodyDesign (Supplementary Fig. 6), incorporating tar-
geted mutational rounds to enhance local paratope–epitope comple-
mentarity while preserving the overall surface compatibility of the
BDBV-43 parental scaffold (Fig. 3 A, light color). RAbD produced ve
designs whereas Ab-SELDON yielded one rened antibody per run,
motivating the execution of three replicates. A subsequent ltering step
removed models without any introduced sequence modications rela-
tive to BDBV-43, resulting in the exclusion of four RAbD mutagenesis
outputs. We also discarded antibodies that exceeded the 5 Å RMSD
threshold in any of the hMD simulation replicates (Fig. 3 B). After
applying these criteria, one candidate remained, Mut1 from Ab-
SELDON. The selected BDBV-43 variant retained most of the original
binding interface, preserving the initial paratope–epitope shape
complementarity. Mut1 also exhibited OASis percentile and identity
scores comparable to those of the native antibody, indicating that the
introduced modications did not substantially affect its humanness
prole (Supplementary Table 3).

Interaction analysis was performed on the enhanced sampling tra-
jectories obtained via Gaussian accelerated MD (GaMD). Despite the
limited number of modications introduced by Ab-SELDON (two-point
mutations), the engineered antibody exhibited a strengthened interac-
tion prole. This enhancement was built upon the already robust
interface of native BDBV-43 with Gal-3BP, increasing the number of
unique interactions from 161 in the native complex to 165 in the engi-
neered variant (Fig. 3C and D). Polar interactions remained predomi-
nant, with hydrogen bonds accounting for approximately 67% of total
contact.

Most key interaction pairs were preserved, including Arg54–Glu338
and Ser76–Glu337. Additionally, the L58D mutation in CDR-H2 estab-
lished a persistent salt bridge with Lys187, observed in 50% of the
sampled conformations. Despite the CDR-L3 Y91D mutation not intro-
ducing novel stable interactions, the light chain contributed to several
persistent contacts. In CDR-L2, Arg54 formed both a hydrogen bond and
a salt bridge with Asp302 (83% and 79% prevalence, respectively). In
CDR-L3, Tyr92 engaged Arg105 through a hydrogen bond and a π-cation
interaction (55% and 49% prevalence, respectively). CDR-H3 continued
to play a central stabilizing role, with Ile103, Arg106, and Trp109
forming hydrogen bonds with Lys229, Ala233, and Ala269 at 38%, 75%,
and 34% prevalence, respectively (Supplementary Fig. 7, Supplemen-
tary Fig. 8). Collectively, these interactions support the sustained kinetic
stability observed throughout the simulations.

3.3. Naïve repertoire screening and optimization uncovered new binders
for the E2 epitope

For E2, no suitable antibody scaffold met the 2.5 Euclidean distance
cutoff in the Zernike-based similarity search. We therefore screened a
curated, non-redundant database of naïve antibody structures to identify
candidates with higher complementarity to the target region. Docking
simulations were performed, and the top-ranked structures were

selected based on the consensus between REF15 scoring and the
ΔHADDOCK score (Supplementary Table 4). This screening process
yielded three candidates: 3711081 (E2-Ab1), 765571 (E2-Ab2), and
1491303 (E2-Ab3). Among them, only antibody E2-Ab1 remained below
the 5 Å RMSD cutoff during hMD, whereas the others failed to remain
within the desired stability threshold (Fig. 4 B). This outcome is
consistent with the behavior of antibodies produced by naïve B cells,
which undergo afnity maturation and clonal expansion only after an-
tigen encounter and therefore often display limited initial stability [57].

A combined strategy of CDR swapping followed by targeted muta-
genesis was subsequently adopted aiming to enhance the afnity and
stability of the selected scaffolds. Ab-SELDON and RAbD were used for
antibody design, and REF15 scoring served as the primary ranking
metric, enabling the selection of the highest-performing variant for each
scaffold which was then evaluated through hMD (Fig. 4 B). Additional
ltering involved assessing humanness with BioPhi (Supplementary
Table 3). Notably, the substantial reduction in both OASis Identity and
Percentile for the RAbD-generated designs indicated that the introduced
modications rendered these variants with a signicantly less human-
like prole both relative to the 9-mer peptides represented in OAS and
to therapeutic antibodies included in the percentile calculation. Given
the potential increased risk of immunogenicity, these sequences were
not considered for further analysis. The Ab-SELDON CDR-swap outputs,
which displayed better OASis Identity and Percentile scores, were
prioritized and subsequently evaluated based on their structural stabil-
ity and epitope-interaction proles.

The hMD evaluation showed that only the E2-Ab1 variant consis-
tently stayed below the 5 Å threshold across all replicates, whereas the
remaining variants exhibited pronounced deviations, with RMSD values
reaching or surpassing 10 Å (Fig. 4 B). Notably, although the naïve E2-
Ab3 initially exceeded the 5 Å cutoff, successive optimization rounds
reduced its RMSD average to within the stability threshold. Although
this improvement was still accompanied by pronounced deviations
across replicates, it demonstrated the effectiveness of the adopted
antibody design strategy. Nonetheless, considering the high computa-
tional cost associated with enhanced sampling techniques required to
recover the free-energy landscape, we restricted our selection to the
most stable mutant of antibody E2-Ab1 for all subsequent analyses.

E2-Ab1, which already demonstrated notable stability in its naïve
form, retained this favorable behavior after CDR swapping. The incor-
poration of 20 engineered modications, primarily within CDR-H3 and
CDR-L3, reoriented the antibody into a new binding conguration while
preserving its overall alignment with the targeted epitope. This rear-
rangement led to the loss of specic native contacts, including the salt
bridge between antibody Arg36 and antigen Glu382. However, this loss
was offset by the emergence of new persistent hydrogen bonds in the
remodeled interface. Consistent with this, key antigen residues
remained engaged, including Asp473, Phe469, and Phe361 (Fig. 4 A–C,
D).

GaMD trajectory analysis revealed that CDR-H3 Tyr101 established
multiple hydrophobic contacts with Leu390 and Tyr394, maintained in
50% and 30% of the analyzed frames, respectively. Notably, the inter-
action between Tyr101 and Tyr394 occasionally adopted a geometry
compatible with π–π stacking, as dened by distance and angular
criteria, which was detected in ~13% of the frames, highlighting this
pair as a newly identied hotspot critical for stabilizing the interface.
Despite the polar character of the introduced S56R mutation, the residue
at position 56 formed novel hydrophobic interactions with Thr385 and
Pro469, observed in 49% and 22% of the frames (Supplementary Fig. 9,
Supplementary Fig. 10).

Nevertheless, the most persistent contacts were located in CDR-L1,
where Tyr29, Ser30, and Ser31 established stable hydrogen bonds and
hydrophobic interactions with Gal-3BP Gln374, all exceeding 77%
prevalence. Altogether, these results indicate that our optimization
workow, which seeks to emulate key aspects of afnity maturation,
effectively rened interfacial interactions and improved the kinetic
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stability of geometrically compatible antibody scaffolds identied
through naïve repertoire mining.

3.4. Conformational and energetic landscape of the mutant antibodies

To characterize the free energy landscape and identify the dominant
conformational states sampled during the simulations, the potential of
mean force (PMF) was calculated using collective variables derived from
principal component analysis (PCA) of the Gaussian Accelerated MD
trajectories. The antibody-antigen interface was compared between the
native BDBV-43 (Fig. 5 A) and the variant Mut1 (Fig. 5 B). Projection
onto the essential subspace revealed a clear separation between these
trajectories, with minimal PC1 overlapping and a marked conforma-
tional restriction along PC2 in the complex with the mutated antibody
(Fig. 5).

The PMF surface of BDBV-43 was characterized by a broad and
heterogeneous distribution, with multiple shallow minima spread over
an extended region of the conformational space, indicating substantial
exibility and the coexistence of several interfacial substates which al-
lows local rearrangements while preserving the overall interfacial ar-
chitecture across independent simulations (Fig. 5 A, Supplementary
Fig. 11A and B). In contrast, the Mut1-Gal-3BP complex displayed a PMF
prole dominated by a well-dened and localized free energy basin
(Fig. 5 B). Notably, the global minimum was deeper than that observed
for BDBV-43, indicating lower relative free energy and enhanced ther-
modynamic stabilization of the optimized complex. This stabilization
was accompanied by a reduced conformational dispersion, reecting the

reshaping of the accessible landscape toward a more restricted
(Supplementary Fig. 11 B, J) and energetically favorable ensemble.
Interaction analyses directly support this interpretation, demonstrating
not only an increase in the total number of unique interfacial in-
teractions but also the emergence of specic contacts involving the
mutated residue L58D. Additional vector analysis along PC1 and PC2
revealed an increased contribution from motions associated with the
BTB/POZ domain, which correlated with glycan displacement events
observed during the simulation (Supplementary Fig. 12). The separation
of conformational states and the modied contribution of the BTB/POZ
domain indicate that the mutation affects both structural exibility and
energetic preferences of the system.

For E2-Ab1 extensive CDR swapping and redocking led to pro-
nounced variations in antibody orientation, preventing projection into a
shared antibody-based PCA space. Consequently, the analysis was
focused on antigen interface atoms before and after optimization. As
expected, the modications introduced in the optimized E2-Ab1 did not
substantially alter the range of conformations explored by the antigen
interface (Fig. 5C and D, Supplementary Fig. 11C and D). Instead, they
reshaped the energetic landscape stabilizing specic interfacial states,
with the optimized E2-Ab1 exhibiting lower relative free-energy values
compared to the native complex. These results recapitulate the trends
observed for Mut1 relative to BDBV-43 and suggest that the twenty
engineered alterations exerted a discernible energetic inuence on the
system.

The deepening of the free-energy minimum observed upon optimi-
zation correlated with the interaction analysis, which revealed a

Fig. 4. Naïve antibody mining and optimization toward Epitope E2. (A) Three-dimensional representation of the parental E2-Ab1 antibody (light colors) and of the
Ab-SELDON-generated variant (dark colors) (E2-Ab1 Swap). (B) Boxplot representation of RMSD values from hMD simulations of the native naïve scaffolds 3711081
(E2-Ab1), 765571 (E2-Ab2), and 1491303 (E2-Ab3), along with their respective mutants. Interaction network between Gal-3BP (gray) and (C) the native antibody or
the (D) optimized candidate (heavy and light chains are represented in red and green, respectively). (For interpretation of the references to color in this gure legend,
the reader is referred to the Web version of this article.)
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reorganization of the interfacial contact network characterized by the
replacement of native salt bridges with persistent hydrogen bonding and
hydrophobic hotspots. Consistent with this behavior, PCA of the anti-
body–antigen interface across the three GaMD replicates of the native
E2–Ab1-Gal-3BP complex showed limited overlap in the sampled
conformational space, possibly reecting a more nonspecic recognition
mode (Supplementary Fig. 11C, D, G, H). In contrast, the interface with
the CDR-swapped antibody exhibited a highly consistent conformational
prole across replicates, reecting a more constrained and stable
interaction mode. Considered alongside the mutation-driven reorgani-
zation identied for Mut1, these ndings suggest that rationally intro-
duced alterations can modulate the accessible conformational landscape
while preserving the energetic features that govern interface stability.

4. Discussion

Gal-3BP structural characterization remains incomplete, creating
signicant challenges for the rational design of therapeutic antibodies.
To date, no full-length structure has been deposited in the Protein Data
Bank and only individual protein domains have been experimentally
resolved: the SRCR (PDB ID 1BY2) and the BTB/POZ domains (PDB ID
6GFB) [58,59]. The lack of a complete structural model limits a direct
evaluation of the protein dynamics and hampers the identication of
antigenic surfaces, thereby requiring computational predictions to
approximate its topological organization [11]. AlphaFold, a tool that has
reshaped the landscape of protein modeling by accurately predicting
even structurally complex proteins, provided a strong structural baseline
for Gal-3BP. Recent benchmarking indicated that AlphaFold2 and
AlphaFold3 perform similarly in global structure prediction, with

AlphaFold3 providing modest LDDT improvements for multidomain
proteins [60]. Accordingly, AlphaFold2 and AlphaFold3 were used to
model the monomeric and multimeric forms of Gal-3BP, respectively,
yielding global folds consistent with previous microscopy observations
[8].

The AF-Q08380-F1-v6 model presented high-condence regions
(pLDDT >80) while still revealing segments where predictive accuracy
is reduced. Intrinsically exible or post-translationally modied regions,
such as the Ser386–Arg416 loop, showed low local condence scores
and elevated predicted aligned error (PAE), underscoring uncertainty in
the absence of explicit glycan modeling. This limitation is consistent
with reports that AlphaFold2 does not capture conformational changes
driven by post-translational modications [61], and that regions with
low pLDDT scores (<50) should be interpreted as intrinsically disor-
dered or highly exible rather than misfolded [62]. Moreover, such
segments may undergo structural rearrangements upon glycosylation or
partner binding, adopting more ordered conformations under specic
extracellular contexts [9]. This observation emphasizes both the po-
tential regulatory role of such loops and the importance of integrating
glycan modeling to anticipate conformational plasticity.

Hyperglycosylation and glycan heterogeneity add substantial
complexity to both the structure and function of Gal-3BP. The protein
contains multiple N-linked glycosylation sites whose occupancy varies
across cell types and pathophysiological contexts, thereby modulating
interactions with lectins and extracellular matrix components [6,10,59].
In practice, this variability generates a dynamic glycan shield capable of
masking protein surfaces, making probabilistic assessment of glycan
coverage essential for rational antibody targeting. Similar observations
in other heavily glycosylated systems, such as the SARS-CoV-2 spike

Fig. 5. Potential of Mean Force distribution derived from Principal Component Analysis of interface residues (A) Native BDBV-43 Gal-3BP complex. (B) Optimized
BDBV variant Mut1. (C) Native E2-Ab1-Gal-3BP complex. (D) Optimized E2-Ab1 generated by CDR swapping. For E2-Ab1 systems, PCA was restricted to Gal-3BP
interface atoms.
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protein, demonstrate that glycans can restrict epitope accessibility and
inuence the effectiveness of neutralizing antibodies, underscoring the
importance of ensemble-based structural analyses [63]. Consistently,
computational strategies based on the insertion of N-linked glycans have
been successfully employed for high-throughput epitope proling [64].

In this context, our investigation revealed two accessible epitopes
within the BACK domain that are minimally perturbed by glycan oc-
cupancy and therefore represent promising target sites for antibody
engagement. Importantly, these regions coincide with oligomerization
hotspots, suggesting that their recognition could interfere with Gal-3BP
assembly and disrupt biologically relevant oligomeric states [3,9]. A
similar strategy was applied to block the Stimulator of interferon genes
(STING) protein, whose activity requires oligomer formation. Prevent-
ing STING assembly hampered downstream inammatory signaling
[65], exemplifying how disrupting oligomerization can effectively
modulate protein function.

Transitioning from structural biology to antibody engineering, our
design strategy builds upon established computational afnity matura-
tion frameworks, ranging from early docking- and force-eld–based
mutagenesis approaches to more recent automated workows that pri-
oritize rapid variant generation and cost efciency [66,67]. While
conceptually similar, our workow integrates distinct validated meth-
odologies for epitope mapping, scaffold selection, antibody optimiza-
tion, and candidate validation. Similarity search using 3D Zernike
descriptors provided a robust approach for scaffold selection, yielding
an antibody with putative cross-reactivity that displayed remarkable
intrinsic stability. This result aligns with the notion that shape
complementarity is a key determinant of antibody recognition [68].
Consequently, for antibody repurposing applications, only minimal en-
gineering may be required to preserve essential paratope geometry. In
such instances, targeted mutagenesis can be applied to ne-tune local
contacts and enhance chemical complementarity. This hypothesis was
further supported by the stability of Mut1, containing two mutations
relative to BDBV-43, during heated molecular dynamics (hMD) simu-
lations [48]. Such protocol, which employs a stepwise
temperature-ramping scheme to distinguish native-like binding poses
from decoys, has been successfully used in antibody–antigen systems,
including bispecic T-cell engager antibodies against CD3/CD117 and
antibody–integrin complexes, and is grounded on prior correlations
between molecular dynamics–predicted thermal stability and experi-
mental thermostability [69–71].

Principal Component Analysis (PCA) followed by energetic proling
revealed that optimization steered the antibody–antigen interface to-
ward newly accessible low-energy conformational states. Projection of
GaMD trajectories onto the dominant principal components showed
increased consistency in the conformational space sampled by replicates
containing optimized candidates, emphasizing the importance of repli-
cate simulations for robust convergence and sampling assessment when
using structurally sensitive techniques such as PCA [72].

Compared with the native antibody, the optimized BDBV-43–derived
variant led to a redistribution of interface conformational populations,
characterized by pronounced restriction along PC2 and concurrent
sampling of previously inaccessible regions along the PC1 axis. This
behavior, together with the improved interaction prole, is consistent
with a shift toward interface-competent conformations. The ability of
PCA to capture such reorganization of the conformational landscape has
been previously demonstrated [73,74]. The corresponding free energy
landscapes, constructed using the leading principal components as re-
action coordinates, highlighted the stabilization of specic low-energy
basins in the variants derived from BDBV-43 and E2-Ab1, consistent
with effective interface optimization toward thermodynamically
favored states.

It is important to recognize that the reliability of the PMF recon-
struction relies strongly on the Gaussian approximation (second-order
cumulant expansion), and that GaMD reweighting is susceptible to the
inuence of outliers and incomplete sampling [52,75]. As a result, subtle

energetic shifts should be interpreted with caution. Even so, the pre-
liminary energetic assessment indicated that minimal paratope modi-
cations can still induce measurable energetic alterations, potentially
translating into the modulation of the binding afnity [12,13]. This is
particularly relevant for the repurposed antibody, where such subtle
adjustments may help redirect its afnity toward the new antigen.

Despite the trends observed in the PCA analysis, it is essential to
consider potential sources of bias beyond the introduced mutations. The
starting GaMD structures differed between systems (originating from
docking for the antibody scaffolds and from the optimization pipeline
for the mutants) and may remain kinetically trapped throughout the
simulation, limiting transitions to alternative states despite the appli-
cation of boost potential. Moreover, as the systems were processed by
successive mutation and minimization steps, part of the observed dif-
ferences may arise from cumulative rearrangement rather than solely
from the mutations themselves.

Nevertheless, it is also important to recognize that the native and
mutant antibodies may intrinsically occupy distinct conformational
spaces and never converge to each other's structural states during the
interaction process. Such behavior would support the hypothesis that
the mutation directly modulates conformational sampling and stabilizes
an alternative energetic landscape. In addition, the glycan linked to
Asn192 increased the exibility in the BTB/POZ domain, located close
to the antibody interface. This enhanced mobility likely contributes to
the dynamic behavior detected in both PCA and PMF analyses and must
be considered an intrinsic factor inuencing collective motions and
energy calculations, rather than an effect exclusively associated with the
mutations.

For epitopes that lacked cross-reactive scaffolds, we propose that
starting from an unmatured antibody and mimicking the natural
maturation trajectory of B-cell receptors could yield variants with
improved stability and afnity while preserving epitope specicity.
Despite recent advances in articial-intelligence–based methods,
including protein language models and diffusion approaches applied to
de novo antibody design, experimental validation of the antibodies
engineered by these techniques remain relatively scarce. Moreover,
diffusion-based methods such as RFAntibody scale in runtime as O(N2),
where N corresponds to the number of residues in the system [76]. For
large protein targets like Gal-3BP, containing more than 600 residues,
the computational expense remains substantial even when the structure
is truncated to include only the relevant interaction domains.

By contrast, established strategies such as CDR swapping and tar-
geted mutagenesis possess a broader track record of success in afnity
and specicity optimization, as observed in engineering efforts against
the SARS-CoV-2 Spike protein [77] and in the optimization of antibodies
targeting PAD4 [78]. These approaches, which combine conformational
and sequence variation with iterative selection, were successful in
establishing stabilizing interactions for the E2-Ab1 antibody with a
solvent-accessible epitope of Gal-3BP. Going forward, hybrid workows
that integrate repertoire mining, CDR grafting, and AI-based methods
can build on our current strategy to accelerate the translation of
computational designs into experimentally validated therapeutic
candidates.

Overall, the translational implications of our study are direct, as
antibodies designed to bind glycan-free surfaces located at or near
oligomerization interfaces are most likely to modulate Gal-3BP function
with robustness and specicity. Two promising antibodies (modied
BDBV-43 and E2-Ab1) were proposed, which may represent a novel
avenue for therapeutic development targeting Gal-3BP. In summary, our
results demonstrate that integrating validated in silico approaches with
biologically grounded epitope selection criteria enables a rational and
efcient pipeline for antibody discovery against structurally complex
targets such as Gal-3BP, while remaining complementary to down-
stream experimental characterization.
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5. Conclusion

In this study, we presented a computational framework for anti-Gal-
3BP antibody engineering that integrates atomistic modeling, structural
comparison, and targeted redesign to rene antigen recognition. By
employing strategies based on 3D Zernike descriptors and surface
complementarity, we identied a structurally similar scaffold suitable
for engineering. The subsequent implementation of mutational rene-
ment highlighted the potential of combining structural information with
in silico assays to enhance antibody complementarity toward Gal-3BP.
Importantly, this dual strategy allowed us to retain favorable struc-
tural features of the native scaffold while simultaneously introducing
new stabilizing contacts that improved the binding interface.

Nonetheless, we also evaluated an end-to-end pipeline that starts
from naïve repertoire sequences and emulates key aspects of B-cell af-
nity maturation— including the consequences of V(D)J recombination
and somatic hypermutation— to reshape paratopes toward a predened
epitope. Applying this workow to BTB domain of Gal-3BP yielded a
viable design candidate for a site with surface distinct from all antibody-
antigen complexes with known structure, demonstrating that repertoire-
based maturation can complement repositioning strategies.

Given the relevance of Gal-3BP as a therapeutic target in cancer, the
antibody designs described here hold potential to interfere with tumor
progression, adhesion, and metastasis upon validation in preclinical and
clinical settings. Beyond their immediate therapeutic implications, this
work highlights the value of computational design as a powerful com-
plement to experimental antibody discovery. Although developed for
Gal-3BP, the integrative workow presented here is broadly applicable
and provides a generalizable framework to support early-stage antibody
engineering against other structurally challenging targets.
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Glossary

Gal-3BP: Galectin-3 binding protein
SRCR: Scavenger receptor cysteine-rich
BTB/POZ: Broad-Complex, Tramtrack, Bric-à-brac/Poxvirus and Zinc nger
BACK: C-terminal Kelch
ADCs: Antibody–drug conjugates
CDRs: Complementarity-determining regions
mAB: Monoclonal antibodies
PDB: Protein Data Bank
MD: Molecular dynamics simulations
hMD: Heated molecular dynamics simulations
GaMD: Gaussian Accelerated Molecular Dynamics simulations
PMEMD: Partial Mesh Ewald Molecular Dynamics
iRMSD: interface Root Mean Square Deviation
OAS: Observed Antibody Space
RAbD: RosettaAntibodyDesign

A.H.S. Costa et al. Computers in Biology and Medicine 204 (2026) 111550

13


