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ABSTRACT The emergence of resistance mutations in the SARS-CoV-2 spike (S) protein presents a challenge for monoclonal

antibody treatments like sotrovimab. Understanding the structural, dynamic, and molecular features of these mutations is essen-

tial for therapeutic advancements. However, the intricate landscape of potential mutations and critical residues conferring resis-

tance to mAbs like sotrovimab remains elusive. This study introduces an integrated framework that combines interface protein

design, machine learning, hybrid quantum mechanics/molecular mechanics methodologies, all-atom and coarse-grained molec-

ular dynamics simulations, and correlation analysis. Beginning with the interface-based design and analysis, this framework elu-

cidates the interaction between sotrovimab and the S-protein, identifying pivotal residues and plausible resistance mutations.

Machine learning algorithms then facilitate the identification of potential resistance mutations using structural-sequence-binding

affinity-energetics features. The hybrid quantum mechanics/molecular mechanics approach subsequently evaluates the role of

mutational residues as quantum regions, assessing their impact on stabilizing the macromolecular complex. To gain a deeper

understanding of the dynamic behavior of these mutations, multiscale simulations comprising all-atom and coarse-grained mo-

lecular dynamics simulations were performed, revealing their structural, biophysical and energetic impacts. These simulations

complemented the static predictions, capturing the conformational dynamics and stability of the mutants in presence of glycan in

the S-protein. The accuracy of the predictions is validated by correlating identified resistance mutations with clinical-sequencing

data and empirical evidence from sotrovimab-treated patients. Notably, two residues, E340 at the S-protein-sotrovimab interface

and Y508 distal from it, and their designs, align with clinically observed resistance mutations. Furthermore, machine learning

approaches predict novel S-protein sequences with enhanced/reduced affinity for sotrovimab, validated structurally using

AlphaFold. This integrated framework showcases its effectiveness in identifying potential resistance mutations, corroborated

with clinical insights and offering a multidimensional strategy for decoding resistance mutations in SARS-CoV-2. Its translational

relevance extends to understanding resistance mechanisms and designing novel antibody therapeutics in other systems.

INTRODUCTION

The postpandemic impact of COVID-19 continues to be a

global concern, with emerging SARS-CoV-2 variants

evolving due to genetic mutations (1). These mutations

impact the effectiveness of current drugs and monoclonal

antibody (mAb) treatments, necessitating continuous
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SIGNIFICANCE This study presents an integrated multiscale computational framework to explore SARS-CoV-2

resistance to monoclonal antibody sotrovimab. By combining computational protein design, machine learning, hybrid

quantum mechanics/molecular mechanics simulations, all-atom and coarse-grained molecular dynamics simulations, the

framework optimizes sotrovimab’s interaction with the spike protein receptor-binding domain and, eventually, identifies

resistance mutations including known ones like E340A/D/K/Q/V in the receptor-binding domain. It provides critical insights

into their biophysical impacts along with corroboration with clinical results. These findings underscore the potential of

computational frameworks in overcoming antibody resistance and advancing therapeutics strategies to combat rapidly

evolving pathogens like SARS-CoV-2.
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surveillance and adaptation. Variants like Alpha (B.1.1.7),

Beta (B.1.351), Gamma (P.1), Delta (B.1.617.2), and the

emerging Omicron (B.1.1.529), particularly its subvariant

JN.1, raise concerns due to their rapid spread and mutations

in critical protein domains (1). Addressing these variants

poses challenges for antiviral drug development, as genetic

changes can compromise drug efficacy and foster resistance.

Antiviral drugs like remdesivir, favipiravir, nirmatrelvir, and

molnupiravir and mAb therapies such as bamlanivimab, ca-

sirivimab/imdevimab, bebtelovimab, and sotrovimab face

challenges posed by viral evolution and resistance mecha-

nisms, emphasizing the need for ongoing surveillance and

adaptive strategies (2–6).

Sotrovimab (VIR-7831) is one such mAb that has ex-

hibited potential in combating SARS-CoV-2 infection and

reducing the severity of COVID-19 symptoms (7). By bind-

ing to the spike (S)-protein receptor-binding domain (RBD),

sotrovimab obstructs viral attachment and entry, thereby,

impeding disease progression. Clinical trials evaluating

the efficacy and safety of sotrovimab have yielded prom-

ising results (8). The COMET-ICE trial examined the use

of sotrovimab in high-risk nonhospitalized individuals

with mild-to-moderate COVID-19, demonstrating a sub-

stantial reduction in hospitalization or death (9,10). Further-

more, the ACTIV-3/TICO RECOVERY trial indicated a

potential benefit in reducing the risk of death or the need

for mechanical ventilation in patients receiving sotrovimab

(11,12). In 2021, sotrovimab received emergency use autho-

rization from the US FDA to treat high-risk patients suscep-

tible to progressing to severe COVID-19 (13,14). Moreover,

promising data suggested that sotrovimab retains its neutral-

izing activity against several variants of SARS-CoV-2,

including Alpha, Beta, Gamma, and Delta (15–17). This

broad-spectrum neutralization capability is crucial in the

face of viral evolution and the emergence of variants that

may exhibit reduced susceptibility to other therapeutics

(18). By effectively neutralizing a wide range of variants,

sotrovimab holds promise as a therapeutic option even in

the presence of viral mutations (19,20). Another critical

aspect of sotrovimab’s mechanism of action is its potential

to reduce the risk of viral escape through resistance muta-

tions. Studies have revealed that the binding site of sotrovi-

mab on the RBD overlaps with regions prone to mutations

associated with antibody resistance (21). This suggests

that the development of resistance to sotrovimab may neces-

sitate significant mutations that could potentially impact

viral fitness. Hence, the multifaceted mechanism of action

of sotrovimab may provide a higher barrier for resistance

development compared with antibodies targeting other

epitopes.

However, the continuous evolution of the SARS-CoV-2

poses a threat to sotrovimab’s efficacy due to reported resis-

tance mutations emerging in its primary target, the RBD of

the S-protein (22). These mutations have been observed in

immunocompromised patients after sotrovimab treatment,

raising concerns about its long-term effectiveness. However,

a comprehensive understanding of all potential resistance

mutations remains elusive. To address this, Greaney et al.

(2021) proposed a method to identify SARS-CoV-2 RBD

mutants using experimental approaches, though these

methods are time and resource-intensive, especially during

outbreaks (23). In contrast, efficient computational methods

can predict mutation hotspots relatively quickly that offer

the virus a selective advantage. A grasp of resistance mech-

anisms is vital for shaping therapeutic strategies and

advancing next-generation antibody treatments, foreseeing

concerning variants before they spread widely (24).

Taking these factors into account, we have devised an in-

tegrated multiscale computational framework for decipher-

ing resistance mutations in the SARS-CoV-2 S-protein

against not only sotrovimab but also any other mAb with

analogous binding characteristics (25,26). This framework

integrates computational protein design (CPD), machine

learning (ML) algorithms, hybrid quantum mechanics/mo-

lecular mechanics (QM/MM) simulations, all-atom and

coarse-grained molecular dynamics (MD) simulations,

RBD sequence predictions with enhanced/reduced binding

affinities, structural validation using AlphaFold, and corre-

lation analysis with clinical records and sequencing data,

resulting in a thorough grasp of viral resistance mecha-

nisms. To illustrate the effectiveness of our framework, we

investigated mutations of two clinically reported resis-

tance-causing S-protein residues: E340, situated at the so-

trovimab-binding juncture, and Y508, positioned distantly

(27–29). By linking computational insights and predictions

with real-world clinical evidence, we highlight the potential

of our framework in obtaining a cohesive and comprehen-

sive picture of resistance mutations and guiding treatment

strategies in the ongoing combat against COVID-19 and

possible future epidemics.

MATERIALS AND METHODS

Computational design of sotrovimab-resistant

S-protein mutants

To identify sotrovimab-resistance mutations in the SARS-CoV-2 S-protein

RBD, we employed a combined ResScan-design and Rosetta-based inter-

face design approach. The x-ray crystal structure of the Omicron variant

bound to sotrovimab (PDB: 7TLY) was used as the structural template

(Fig. 1 A) (30). The Molecular Operating Environment (MOE, version

2022.03) was utilized for structure preparation, followed by identification

of sotrovimab-interacting residues within the RBD (31).

ResScan-design approach

Using the ResScan-design protocol, a library of amino acid mutations was

generated to model potential resistance-conferring mutations in the

S-protein (32–34). Mutations were introduced at sotrovimab-binding resi-

dues and sampled using naturally occurring single nucleotide polymor-

phisms (SNPs) that have minimal or nondamaging effects on the virus

(32). The ensemble protein design module of ResScan-design was used
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to create 1191 designs across 136 residues of the S-protein, incorporating

backbone flexibility (root-mean-squared deviation (RMSD) cutoff:

0.5 Å), and using default parameters were set for other factors such as en-

ergy window, fix residues farther than, and conformation limit (10 kcal/mol,

4.5 Å, and 25 K, respectively). The relative binding affinity of the mutant

S-protein to sotrovimab was quantified as dAffinity, representing the Boltz-

mann-averaged binding energies of the designed ensembles (35). This

approach provided an indirect computational fitness assessment, sampling

only nondeleterious mutations that are more likely to occur in natural

settings.

Rosetta-based interface design

For structural refinement and interface design, the MOE-derived S-protein-

RBD-sotrovimab complex was further optimized using Rosetta’s relax pro-

tocol (36,37), generating multiple low-energy structures. The Rosetta

macromolecular modeling suite was then employed to redesign sotrovi-

mab-interacting residues while incorporating backbone flexibility (38). In

this process, 136 residues were redesigned using naturally occurring

SNPs, whereas noninteracting residues were repacked to maintain struc-

tural stability. A modified RosettaScript was implemented to account for

backbone movements and prevent steric clashes with sotrovimab postmuta-

tion (39,40). A total of 100,000 designed complexes were generated and as-

sessed based on Rosetta total score, RMSD from the initial structure,

Rosetta interface ΔΔG (binding affinity between the designed S-protein

and sotrovimab), and percentage sequence identity with the original

S-protein. To further analyze mutational trends, WebLogo was used to visu-

alize the frequency and type of designed mutations across the 136 sotrovi-

mab-binding residues, providing insights into the structural and functional

implications of resistance-conferring mutations (41). By integrating

ResScan-design and Rosetta-based CPD approaches, we systematically

explored the mutational landscape of sotrovimab resistance, identifying

key mutations that may alter binding affinity and contribute to viral escape.

Machine-learning-based prediction of sotrovimab

resistance mutations, novel RBD sequences and

AlphaFold-based structural modeling

To complement design predictions and overcome the constraint of relying

solely on structural information for predicting resistance mutations, we em-

ployed ML algorithms to identify SARS-CoV-2 S-protein mutations confer-

ring sotrovimab resistance. A comprehensive data set was curated,

incorporating wild-type (WT) and resistance mutations alongside features

such as CPD-generated designs, protein-protein interaction attributes

(e.g., number of interfacial contacts, noninteracting surfaces (NISs), pre-

dicted binding affinity (ΔG), dissociation constant (Kd) as obtained using

PRODIGY) (42), and various physicochemical properties such as Affinity,

dAffinity, Stability, and dStability (from CPD-generated designs). Simi-

larly, contact-based features such as number of intermolecular contacts,

number of charged-charged contacts, number of charged-polar contacts,

number of charged-apolar contacts, number of polar-polar contacts, number

of apolar-polar contacts, number of apolar-apolar contacts, percentage of

apolar NIS residues, percentage of charged NIS residues, ΔG (kcal/mol),

and Kd (M) at 25◦C were derived using PRODIGY. The data set was prepro-

cessed using OneHotEncoder for categorical amino acid features and split
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FIGURE 1 Structure of the sotrovimab-S-pro-

tein-RBD-glycan complex and relative binding af-

finities of sotrovimab-S-protein-RBD computed

from ResScan-design. (A) The cartoon represents

the complex structure of SARS-CoV-2 S-protein

RBD bound to sotrovimab, which illustrates the

intricate interaction between the heavy and light

chains of sotrovimab with the S-protein-RBD of

SARS-CoV-2. The N343-linked glycan is shown

as stick model. (B) The detailed interactions be-

tween the interface residues of the S-protein-

RBD that directly engage with both the heavy

and light chains of sotrovimab are shown as stick

models and labeled. (C) The N343-glycan interact-

ing residues of RBD and sotrovimab are shown,

where black dashed lines show polar interactions.

(D and F) represent the dAffinity values (positive

and higher relative binding affinities), suggesting

that the mutations at positions E340 and E345 re-

sulted in a reduction in binding affinity between

sotrovimab and S-protein-RBD. Conversely, in

(E), lower dAffinity values (negative changes in

relative binding affinity) were observed, indicating

an increased binding affinity between the designs

of S-protein-RBD with sotrovimab at the L441 po-

sition. In (G), a radar plot is shown depicting the

designs that experienced dAffinity of >1 kcal/

mol. The corresponding dAffinity values of these

designs are indicated on the plot. These designs

have the highest possibility of developing resis-

tance to sotrovimab as a result of high dAffinity

values as computed from the ResScan-design

protocol.
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into training (80%) and test (20%) sets (43,44). Three regression models—

linear regression, decision tree regression, and XGBoost—were evaluated,

with XGBoost ultimately selected for optimal performance (45). Hyper-

parameter tuning was conducted using GridSearchCV (46), and model ac-

curacy was assessed via 10-fold cross-validation, using the R2 regression

score (ranging from 0 to 1) to measure correlation with CPD-derived bind-

ing affinity. Resistance mutations were validated by comparing ML predic-

tions with CPD results and experimental data, and feature importance

analysis provided insights into key determinants of sotrovimab resistance.

Here,

R2 = 1 −
Sum squared regression (SSR)

Total sum of squares (SST)

R2 = 1 −

∑(
yi − yj

)2

∑
(yi − yk)

2

Where, yi = actual target values, yj = predicted target values, and yk =

mean of actual target values.

To further predict novel SARS-CoV-2 RBD sequences that enhance or

reduce sotrovimab binding, we developed a multiclass-multioutput random

forest regression model. This model integrated 136 designed positions with

CPD data (47), predicting sequences with varying binding affinities. Using

Rosetta interface ΔΔG scores, we identified affinity-enhancing and affinity-

reducing sequences, aiding therapeutic strategies. The ML-predicted se-

quences were structurally validated using AlphaFold 2.0 (48,49), where

the top-ranked structures were analyzed based on confidence scores and

predicted Local Distance Difference Test (pLDDT) scores. RMSD values

were computed by superposing (using the superpose module of CCP4)

the modeled structures onto the WT (PDB: 7TLY) (50), and statistical sig-

nificance was assessed using Student’s t-test. These integrative ML

approaches offer a robust framework for predicting sotrovimab resistance

mutations and optimizing therapeutic strategies against emerging SARS-

CoV-2 variants.

Hybrid QM/MM approach to compute the binding

affinity between S-protein RBD and sotrovimab

The starting structure for QM/MM simulations was obtained from RCSB

PDB (PDB: 7TLY). Mutant proteins were generated using Pymol with

side-chain orientation of mutant residue from the backbone-dependent ro-

tamer library. Rotamer selection was based on executive RMSD and mini-

mum strain concerning the proximal environment. The QM region in each

simulation comprised the side chain of the centered amino acid Glu340

(E340) and Tyr508 (Y508), along with side chains of interacting residue

within a 4 Å distance. To compare the free energy of the mutant, a set of

residues was kept constant in each system. The common residues’ side

chains within the QM of the E340 system included Ser31, Gly103,

Phe105, Phe106, Leu110, Leu335, and Phe338, and the mutational position

contains Lys, Ala, Val, Asp, Glu, and Gln residues. Y508 systems

comprised side chains of Val104, Gly404, Val107, Asn437, and Pro507.

It included Asn, Asp, Cys, His, Phe, and Ser residues in the mutational po-

sitions. The partitioning between QM and MM region was chosen to place

between Cα-Cβ atoms. The truncated bond was saturated with a dummy

link atom. MM partitioning accounted for the remaining system to be

described using the Amber ff14SB and GLYCAM force field (51). The

MM section is considered in these calculations as point charges (52). The

strategic partitioning of QM and MM regions offers an effective framework

for accurately capturing the electronic structure surrounding locally the

mutant residue. This method highlights critical interactions, such as

hydrogen bonding and π-π stacking. Additionally, changes in energetics

are fundamental to understanding the resistance mechanism, as they

distinctly reflected through the protein mutants. The reliability of QM

over MM is well documented for pharmaceutical systems (53). For the ge-

ometry optimization, all atoms in the QM region and side chains of residues

that are within 8 Å distance of the centered amino acid in the MM region

were relaxed. The backbone atoms of the protein were fixed to their starting

coordinate positions. Geometry optimization was performed at B3LYP/cc-

pVDZ//Amber level of theory. RIJCOSX approximation was used through

the resolution of identity for Coulomb (RI-J) and chain of sphere algorithm

and exchange integrals (X, RIJCOSX approximation) (54). Grimme’s D3BJ

damping variant was used for dispersion correction (55). The QM/MM cal-

culations were subsequently performed in Tcl-based Chemshell v3.7.0 (56).

The MM calculations were handled through the DL_POLY interface. The

quantum chemical calculations were performed using Orca v5.0.2 contain-

ing essential engine SHARK for evaluating Fock matrices and integral

transformation (57).

Assessing the structural dynamics and

biophysical behavior of affinity-modulating

designs using coarse-grained and all-atom MD

simulations

To complement our integrated computational framework, we analyzed three

sotrovimab-S-protein-RBD complexes: 1) WT (PDB: 7TLY) as a control,

2) E340G (a clinically relevant resistance mutation with reduced binding

affinity with sotrovimab), and 3) L441W (a designed mutation predicted

to enhance the binding affinity toward sotrovimab).

Coarse-grained MD simulations

Coarse-grained MD simulations enabled long-timescale conformational

analysis at reduced computational cost (58). Atomistic structures were con-

verted into their corresponding coarse-grained representations using Marti-

nize3, and system preparation involved solvation and ion addition via

‘‘insane.py’’ (59). After energy minimization (50,000 steps of steepest

descent), equilibration (50 ns, isothermal-isobaric NPT ensemble) was per-

formed with periodic boundary conditions. Temperature coupling was

maintained using Berendsen thermostat (60,61) and Parrinello-Rahman

barostat (62) regulated pressure at 1.0 bar. Production simulations ran for

5 μs per system, capturing the structural and conformational transitions.

All-atom MD simulations

All-atom MD simulations were subsequently used to capture the finer mo-

lecular details governing sotrovimab binding to the WT and mutant SARS-

CoV-2 RBDs. The atomistic resolution allowed for explicit modeling of

key interactions, including those mediated by the glycan at N343,

which plays a crucial role in antibody recognition and immune evasion

(63). All three systems were embedded in a fully solvated environment

using the CHARMM-GUI Solution Builder, ensuring precise system

parameterization, particularly for the N343 glycan, which was incorpo-

rated using predefined CHARMM-GUI glycosylation templates (64).

The CHARMM36m force field described both protein and glycan compo-

nents, accurately modeling carbohydrate-antibody interactions (65). Each

system was solvated in a rectangular water box with a 1.0-nm buffer to

prevent periodic boundary artifacts, and physiological conditions were

maintained with 150 mM KCl. After energy minimization via the steepest

descent algorithm, a two-step equilibration was performed: 1) an NVT

phase at 303.15 K with restrained heavy atoms to preserve structural integ-

rity and 2) an NPT phase at 1 bar using the Parrinello-Rahman barostat.

The LINCS algorithm (66) constrained hydrogen bonds for numerical

stability. Production simulations ran for 500 ns with a 2-fs timestep, em-

ploying PME (67) for long-range electrostatics (1.2-nm cutoff) and a

force-switch modifier for van der Waals interactions. Temperature control

was maintained via the V-rescale thermostat with distinct coupling for the

protein-glycan complex and solvent, whereas the C-rescale barostat regu-

lated isotropic pressure at 1 bar.
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Trajectory analysis of coarse-grained and all-atom MD sim-

ulations

Analysis of both coarse-grained and all-atom MD simulation trajectories

provided insights into structural stability, molecular flexibility, and binding

energetics of the sotrovimab-S-protein-RBD complexes. RMSD measured

overall stability, root-mean-square-fluctuation (RMSF) highlighted resi-

due-level flexibility within antibody-contact regions, and Rg assessed

global compactness. Principal component analysis (PCA) identified domi-

nant conformational motions, correlating with simulation-derived free en-

ergy landscapes (68). The covariance matrix of atomic fluctuations was

computed from the trajectory using ‘‘gmx_covar’’, followed by the calcula-

tion of eigenvalues and eigenvectors using ‘‘gmx_anaeig’’ to extract the

principal components and their associated motions for each system. The

free energy landscapes were subsequently constructed to depict energeti-

cally favored states as a function of the principal components, and 3D

contour plots of these landscapes were generated. The integration of

coarse-grained and all-atom MD simulations captured key conformational

transitions alongside atomic-level glycan-mediated interactions, offering

a comprehensive view of affinity-modulating mechanisms.

End-state binding free energy calculation

The end-state binding free energies of the sotrovimab-S-protein-RBD com-

plexes were computed from the final 250 ns of stable all-atom MD trajec-

tories using gmx_MMPBSA (69), which integrates the MMPBSA.py script

from the Amber package. The computational environment was set up with

Python3, Miniconda, and required dependencies in a dedicated Conda envi-

ronment. Key input files included the trajectory file (.xtc), topology (.top, .

tpr, .gro), structure (.pdb), and an index file (.ndx) defining the S-protein-

RBD and sotrovimab heavy chain as separate groups. The ff14SB force

field was applied, ensuring consistency in energy calculations. To assess

residue-level contributions to binding affinity, per-residue free energy cal-

culations were performed using gmx_MMPBSA_ana, focusing on residues

within 6 Å of the interface. This analysis quantified stabilizing and destabi-

lizing interactions across all three systems, offering insights into the ener-

getic determinants of antibody binding.

Intermolecular interactions between the S-protein

RBD and sotrovimab

To assess the impact of mutations on binding affinity, we quantified

hydrogen bond occupancy, salt bridge formation, and van der Waals inter-

actions from the all-atom MD simulation trajectories of the three systems

using GetContacts (70), identifying key stabilizing interactions disrupted

or enhanced by the E340G and L441W mutations (affinity-reducing and

affinity-enhancing designs, respectively). The gmx mindist tool in

GROMACS (71,72) was utilized to compute the minimum distance and

contact frequency within 4 Å between the SARS-CoV-2 S-protein RBD

and sotrovimab’s heavy chain in coarse-grained MD simulations, offering

quantitative insights into interaction persistence and structural proximity.

For a detailed energetic evaluation, PPCheck was used to analyze multiple

interaction types, including hydrogen bonding, electrostatics, van der Waals

forces, and overall stabilizing energy for the WT and affinity-modulating

designs (73). This assessment considered residue contacts, short-range in-

teractions, hydrophobic contributions, and salt bridge formations, offering

a comprehensive view of binding strength between sotrovimab’s heavy

chain-S-protein-RBD and sotrovimab’s light chain-S-protein-RBD. To

further evaluate the intermolecular interactions between the top-ranked af-

finity-enhancing and affinity-reducing designs of sotrovimab-bound

S-protein, we utilized PIMA (74). Multiple energy types and interactions

were analyzed, where the total number of interactions obtained provided in-

sights into the nature and strength of the interactions between the S-protein-

RBD-sotrovimab’s heavy chain and S-protein-RBD-sotrovimab’s light

chain. Additionally, to explore glycan-mediated interactions, MOE

(2022.03) was used to investigate the role of the N343-linked glycan in sta-

bilizing the sotrovimab-RBD interface. Here, the structural snapshots were

derived from stable all-atom MD simulation trajectories of WT, affinity-

reducing, and affinity-enhancing designs and used subsequently for visual-

izing and analyzing the glycan-interaction residues.

Validation of the design protocol and comparison

with clinical sequences and experimental

evidence

To validate our framework, we assessed the concordance between the pre-

dicted resistance mutations and SARS-CoV-2 S-protein sequences from

COVID-19 patients. We compared mutations generated through our

ResScan-design protocol with sequences from the Global Initiative on

Sharing All Influenza Data (GISAID) (75). By analyzing mutation fre-

quencies in the sotrovimab-binding site, we evaluated the predictive accu-

racy of our approach. Further, we examined predicted resistance mutations

at two key hotspot residues—E340 (interface) and Y508 (distal site)—

against experimentally documented sotrovimab-resistant mutations. To

quantify resistance, we computed dAffinity/ΔQM/MM energies for these

residues using three different methods, classifying them as resistant or

nonresistant. Mutations consistently identified as resistant by at least two

methods were compared with reported E340 and Y508 mutations in

GISAID. This systematic validation ensured the robustness of our approach

in predicting resistance mutations and their impact on binding affinities.

RESULTS

Analysis of interface and selection of sotrovimab-

interacting residues for designing

The x-ray crystallographic examination of the SARS-CoV-2

S-protein-RBD complexed with sotrovimab provided valu-

able insights into the specific amino acids involved in the

interaction between the protein chains as well as interaction

between N343-linked glycan with sotrovimab (Fig. 1 A–C).

Through this analysis, we identified a total of 136 sotrovi-

mab-interacting residues within the S-protein-RBD complex

that served as potential targets for further investigation

(Table 1). Subsequently, we selectively sampled and designed

these specific residues with SNPs to evaluate the emergence

of potential resistance mutations.

Identification of resistance mutations using

ResScan-design protocol

We employed our ResScan-design protocol to design the

136 sotrovimab-interacting residues within the SARS-

CoV-2 S-protein RBD. To identify potential resistance hot-

spots, we compiled a list of SNPs specific to these residues,

mimicking natural variations that may arise during viral

evolution. To evaluate the impact of mutations on sotrovi-

mab binding, we calculated the relative binding affinity

(dAffinity) of each design compared with the WT

S-protein-RBD-sotrovimab complex. Our analysis revealed

dAffinity values ranging from − 6.60 to 5.73 kcal/mol,

where positive values indicate reduced binding affinity.

The most significant reductions were observed for E340G

Sharma et al.
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TABLE 1 Sotrovimab-interacting residues of the SARS-CoV-2 S-protein-RBD. Each interacting residue was designed with a minimal number of residues to mimic the

naturally evolving mutations in the S-protein-RBD

SN Residues Sampled SNPs SN Residues Sampled SNPs SN Residues Sampled SNPs SN Residues Sampled SNPs

1 Ile332 RNLKMFSTV 36 Pro373 ARQHLST 71 Ile434 RNLKMFSTV 106 Leu492 RQHIMFPSWV

2 Asn334 DHIKSTY 37 Phe374 CILSYV 72 Ala435 DEGPSTV 107 Arg493 NCQGHILKMPSTW

3 Leu335 RQHIMFPSWV 38 Phe377 CILSYV 73 Trp436 RCGLS 108 Ser494 ACLFPTWY

4 Cys336 RGFSWY 39 Val382 ADEGILMF 74 Asn437 DHIKSTY 109 Tyr495 NDCHFS

5 Pro337 ARQHLST 40 Pro384 ARQHLST 75 Ser438 ACLFPTWY 110 Ser496 ACLFPTWY

6 Phe338 CILSYV 41 Leu387 RQHIMFPSWV 76 Asn439 DHIKSTY 111 Phe497 CILSYV

7 Asp339 ANEGHYV 42 Asn388 DHIKSTY 77 Leu441 RQHIMFPSWV 112 Arg498 NCQGHILKMPSTW

8 Glu340 ADQGKV 43 Leu390 RQHIMFPSWV 78 Asp442 ANEGHYV 113 Pro499 ARQHLST

9 Val341 ADEGILMF 44 Cys391 RGFSWY 79 Ser443 ACLFPTWY 114 Val503 ADEGILMF

10 Phe342 CILSYV 45 Phe392 CILSYV 80 Lys444 RNQEIMT 115 Gly504 ARDCESWV

11 Ala344 DEGPSTV 46 Thr393 ARNIKMPS 81 Val445 ADEGILMF 116 His505 RNDQLPY

12 Thr345 ARNIKMPS 47 Asn394 DHIKSTY 82 Ser446 ACLFPTWY 117 Gln506 REHLKP

13 Arg346 NCQGHILKMPSTW 48 Val395 ADEGILMF 83 Gly447 ARDCESWV 118 Pro507 ARQHLST

14 Phe347 CILSYV 49 Tyr396 NDCHFS 84 Asn448 DHIKSTY 119 Tyr508 NDCHFS

15 Ala348 DEGPSTV 50 Ala397 DEGPSTV 85 Tyr449 NDCHFS 120 Arg509 NCQGHILKMPSTW

16 Ser349 ACLFPTWY 51 Asp398 ANEGHYV 86 Asn450 DHIKSTY 121 Val510 ADEGILMF

17 Val350 ADEGILMF 52 Ser399 ACLFPTWY 87 Tyr451 NDCHFS 122 Val511 ADEGILMF

18 Tyr351 NDCHFS 53 Phe400 CILSYV 88 Leu452 RQHIMFPSWV 123 Val512 ADEGILMF

19 Ala352 DEGPSTV 54 Val401 ADEGILMF 89 Tyr453 NDCHFS 124 Leu513 RQHIMFPSWV

20 Trp353 RCGLS 55 Ile402 RNLKMFSTV 90 Arg454 NCQGHILKMPSTW 125 Ser514 ACLFPTWY

21 Asn354 DHIKSTY 56 Arg403 NCQGHILKMPSTW 91 Leu455 RQHIMFPSWV 126 Phe515 CILSYV

22 Arg355 NCQGHILKMPSTW 57 Gly404 ARDCESWV 92 Phe456 CILSYV 127 Glu516 ADQGKV

23 Lys356 RNQEIMT 58 Asp405 ANEGHYV 93 Phe464 CILSYV 128 Leu517 RQHIMFPSWV

24 Arg357 NCQGHILKMPSTW 59 Glu406 ADQGKV 94 Glu465 ADQGKV 129 Leu518 RQHIMFPSWV

25 Ile358 RNLKMFSTV 60 Val407 ADEGILMF 95 Arg466 NCQGHILKMPSTW 130 Ala520 DEGPSTV

26 Ser359 ACLFPTWY 61 Ile410 RNLKMFSTV 96 Asp467 ANEGHYV 131 Pro521 ARQHLST

27 Asn360 DHIKSTY 62 Ile418 RNLKMFSTV 97 Ile468 RNLKMFSTV 132 Ala522 DEGPSTV

28 Cys361 RGFSWY 63 Asn422 DHIKSTY 98 Ser469 ACLFPTWY 133 Thr523 ARNIKMPS

29 Val362 ADEGILMF 64 Tyr423 NDCHFS 99 Thr470 ARNIKMPS 134 Val524 ADEGILMF

30 Ala363 DEGPSTV 65 Leu425 RQHIMFPSWV 100 Glu471 ADQGKV 135 Cys525 RGFSWY

31 Asp364 ANEGHYV 66 Phe429 CILSYV 101 Ile472 RNLKMFSTV 136 Gly526 ARDCESWV

32 Tyr365 NDCHFS 67 Thr430 ARNIKMPS 102 Tyr473 NDCHFS

33 Leu368 RQHIMFPSWV 68 Gly431 ARDCESWV 103 Tyr489 NDCHFS

34 Tyr369 NDCHFS 69 Cys432 RGFSWY 104 Phe490 CILSYV

35 Leu371 RQHIMFPSWV 70 Val433 ADEGILMF 105 Pro491 ARQHLST
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and T345P, whereas L441W exhibited the lowest dAffinity

(Fig. 1 D–F). Applying a threshold of 1 kcal/mol, we iden-

tified 40 designs with significantly decreased binding affin-

ity, highlighting key hotspot residues such as D339, E340,

T345, R346, I358, L441, and R509 as susceptible to im-

mune and drug pressure (Fig. 1 G). Among 1191 designed

mutants, 621 exhibited positive dAffinity values, suggesting

potential resistance development. The Fig. 2 (along with

Figs. S1–S3) provide an overview of sotrovimab-interacting

residues, their resistance mutations, and corresponding

dAffinities.

Rosetta-based design of sotrovimab-S-protein-

RBD complex and analysis of physiochemical

features

After identifying single-point mutations in the S-protein-

RBD that could confer resistance to sotrovimab, we

A

D E F

G I

J K L

H

CB

FIGURE 2 The relative binding affinities of all the mutants designed through ResScan-design protocol. Radar plots showing the dAffinity (relative binding

affinity) of all the designed mutants computed using the ResScan-design protocol. In each plot (A–L) are represented the dAffinity values for all the S-protein-

RBD designs that interact with sotrovimab. The dAffinity values of E340 position are provided in Fig. 2 C, and the corresponding dAffinity values of all the

designs are indicated on the plots.
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employed Rosetta-based protein-protein interface design to

explore potential hotspot residues beyond these mutations.

A total of 136 residues interacting with the heavy and light

chains of sotrovimab were selected and mutated to naturally

occurring SNPs (Table 1). Only interfacial residues were

mutated, whereas others were repacked. We generated

100,000 designs and analyzed their physicochemical

properties.

To evaluate the designs, we examined the Rosetta total

score versus RMSD. Nearly all designs had RMSDs below

8 Å, with over half below 4 Å, suggesting minimal structural

perturbation despite mutational changes (Fig. 3 A). A con-

trol run involving only repacking helped distinguish affin-

ity-enhancing from affinity-reducing designs, with the

latter exhibiting increased RMSDs and unfavorable ener-

getics. Notably, the lowest total score designs had RMSDs

below 2 Å, indicating minimal conformational shifts

(Fig. 3 A). Binding affinities (interface ΔΔG) were analyzed

against Rosetta total scores. Affinity-reducing designs

showed significantly lower affinities and less favorable total

scores compared with affinity-enhancing and control de-

signs (Fig. 3 B). RMSD versus interface ΔΔG analysis re-

vealed that several affinity-reducing designs with lower

affinities exhibited RMSDs above 4 Å, indicating destabili-

zation due to mutations (Fig. 3 C). Some affinity-reducing

designs, however, retained RMSDs below 4 Å, suggesting

that side-chain rearrangements, rather than large structural

shifts, contributed to affinity loss. High RMSD affinity-

reducing designs exhibited structural alterations, weakening

sotrovimab binding (Fig. 3 C). Lastly, we analyzed interface

ΔΔG against sequence identity. Despite interactions span-

ning 136 residues, only a subset emerged as mutational

A

D

E

C

B

FIGURE 3 Rosetta-based interface design of

the Sotrovimab-S-protein-RBD complex, associ-

ated physicochemical features, and sequence

logo of affinity-reducing designs depicting Sotro-

vimab-interacting S-protein-RBD residue types

and frequencies. Physicochemical parameters ob-

tained from the interface-based design of the

sotrovimab-S-protein-RBD complex, where (A)

demonstrates the correlation between Rosetta total

score and RMSD (compared with the native struc-

ture) for all the 100,000 designs of the sotrovimab-

bound S-protein-RDP complex. (B) Relationship

between Rosetta total score and interface ΔΔG

(binding affinity) of the designs between sotrovi-

mab and the S-protein-RBD complex. (C) Inter-

face ΔΔG versus RMSD analysis of the designs

and (D) distribution of designs based on interface

ΔΔG and percentage of sequence identity of all

the sotrovimab-interacting residues of SARS-

CoV-2 S-protein-RBD complex. In panels (A)–

(C), the black lines represent the control values

where the sotrovimab-interacting residues of the

S-protein-RBD were not designed. (E) The

sequence logos provide a visual representation of

the top 30 affinity-reducing designs. The X-axis

corresponds to the index of native S-protein resi-

dues, whereas the Y-axis indicates the degree of

sequence conservation at each position. The sym-

bol heights reflect the relative occurrence of spe-

cific amino acids at those positions. Residues

demonstrating a wide array of sequence variations

and a relatively higher number of sampled amino

acids compared with the native S-protein-RBD

are highlighted within the red box. There are

notable differences in certain residues between

the affinity-reducing and affinity-enhancing de-

signs (shown in Fig. S4), indicating the plausibility

of resistance mutations. The lower panel presents

the native S-protein residues alongside their

respective residue indices.
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hotspots (Fig. 3 D). The designs maintained ∼72%–85%

sequence identity with the WT, and affinity-reducing de-

signs showed slightly lower conservation. This suggests

that SARS-CoV-2 can develop resistance through mutations

at select hotspot residues under evolutionary and immune/

drug pressures (Fig. 3 D).

Mutational landscape profiles of sotrovimab-

bound S-protein-RBD designs

To better understand the sequence diversity between affinity-

enhancing and affinity-reducing designs, we analyzed

the top 30 designs from each category. Key differences

were observed in residues Asn334, Leu335, Phe338,

Asp339, Glu340, Val341, Phe342, Ala344, Thr345,

Arg346, Phe347, Asn354, Asn360, Ser399, Leu441,

Asp442, Lys444, Val445, and Arg509, which exhibited the

highest sequence diversity (Figs. 3 E and S4). In contrast, res-

idues Asn354, Arg367, Ser359, Asn360, Val362, Tyr365,

Leu371, Pro373, Trp436, Ser438, Asp439, Asp443,

Ser446, and Tyr449 showed minimal variations. All other

residues remained nearly identical across both categories.

Comparing single-point mutants generated by ResScan-

design and Rosetta design, we identified several shared mu-

tations in the affinity-reducing category, including I332L,

N334D, F338L, D339 V/A, E340A, V341A, T345 A/S,

R346S, R357K, S359A, N360D/H, V362I, Y365N, L441Q/

I, K444R, N450S, and R509N (Figs. 2 and S1–S4). These

mutations significantly decreased sotrovimab binding affin-

ity. Additionally, Rosetta-based design uniquely identified

E340D and E340Q as resistance-associated mutations, which

were not classified as such by ResScan-design. The observed

mutation patterns suggest that specific hotspot residues may

undergo selective changes, potentially driving resistance

against sotrovimab and related monoclonal antibodies.

Machine learning prediction of binding affinities

and sotrovimab resistance mutations

We employed an ML-based approach to predict resistance

mutations in the SARS-CoV-2 S-protein against sotrovimab,

aiming to enhance our understanding of resistance mecha-

nisms and inform therapeutic strategies. To evaluate the

feasibility and speed of these predictions compared with

CPD approaches, we tested three algorithms—linear regres-

sion, decision tree regression, and XGBoost regression.

XGBoost was selected for its superior reliability and accu-

racy. Our model incorporated diverse features, including

1) native and mutated residues, mutation positions, affinity,

stability, and their respective changes from CPD calcula-

tions, 2) contact-based features such as ΔG (kcal/mol) and

Kd (M) from PRODIGY, and 3) structural-sequential data

from public sources. XGBoost regression achieved a high

correlation of 0.96 (Fig. 4 A), and even when trained solely

on sequence information, it maintained a strong correlation

of 0.91 (Fig. 4 B). Position and stability were identified

as key determinants of affinity and model accuracy

(Fig. 4 C). When analyzing hotspot residues E340 and

Y508, our model successfully identified all designed E340

mutations as experimentally validated resistance mutations

and Y508H as a clinically known resistance mutation

(Fig. 4 D and E). This strong alignment with experimental

and clinical findings underscores the efficacy of our ML

approach in predicting sotrovimab resistance mutations.

ML-predicted affinity-enhancing and affinity-

reducing designs and structural validation

Following the binding affinity computations, an ML-based

method, leveraging interface ΔΔG from CPD, was

employed to predict new RBD sequences into affinity-

enhancing and affinity-reducing groups. This approach

utilized the Rosetta total score or interface ΔΔG as input,

predicting mutations at 136 distinct positions and gener-

ating diverse RBD sequences. Our multiclass-multioutput

classification model revealed that affinity-enhancing

RBD designs exhibit higher interface ΔΔG compared

with affinity-reducing RBD designs. To validate these pre-

dictions, we generated 3D structures of selected designs

using AlphaFold v2.0 and assessed structural deviations

via backbone RMSD. Affinity-enhancing designs showed

lower RMSD values (0.97–1.10 Å) compared with affin-

ity-reducing designs (2.31–2.61 Å), indicating greater

structural stability (Fig. 4 F). Subsequently, the statistical

significance of the RMSD values between the affinity-

enhancing and affinity-reducing designs was assessed via

two-tailed t-test, which depicted the t-value to be

49.74386, the p-value to be <0.00001, and it is significant

at p < 0.05. Additionally, per-residue pLDDT scores above

90 affirmed the high accuracy of the predicted models.

These results highlight the robustness of our ML-based

approach in designing RBD sequences with altered binding

affinity for sotrovimab.

Interaction details and energetic evaluation using

hybrid QM/MM

The hybrid QM/MM approach provides detailed insights

into how mutations impact residue interactions and stability

within the binding interface. In the E340 system, the QM re-

gion plays a crucial role in resistance, with all E340 mutants

showing reduced stability compared with WT (Fig. 5 E).

Structural analysis revealed that A104, W105, and F106 in-

teracted with Glu340 within 2.7–3.0 Å (Fig. 6 A; Table 2).

Among the mutants, E340G and E340A exhibited the lowest

stability, likely due to their smaller side chains, though they

maintained key interactions with N334, T345, D339, and

K356 from RBD and Y100, E108, S109, and I111 from so-

trovimab (Fig. 6 B and D; Table 2). These findings align

with CPD and ML predictions, confirming Gly (G) and

Sharma et al.
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Ala (A) at position 340 as resistance-associated mutations

(Fig. 5 A and C). E340V, in contrast, maintained stability,

highlighting the importance of side-chain length in govern-

ing sotrovimab-RBD interactions (Fig. 6 F). Although

E340D, E340K, and E340Q showed similar energetic stabil-

ity, CPD failed to predict resistance for these mutants, un-

like QM/MM and ML (Fig. 6 C, E, and G). Notably, the

glycan region of the protein system is included in the MM

region and is described as classical point charges in the

overall simulations. Their contribution to the energetics is

accounted through the Coulombic field on the QM region.

Considering our QM region of interest, the glycan regions

are located distant, and hence their polarization effect to

the QM region is not significant.

For Y508, located near the receptor-binding motif but

away from the interface (Fig. 6 H), interactions with

P373, I402, and N437 were observed within 2.0–2.2 Å

(Table S1). Stability analysis showed Y508S as the least sta-

ble and Y508C as the most stable mutant (Figs. 5 F, 6 I, and

N; Table S1). Other Y508 mutants (D/F/H/N) exhibited

comparable stability (Figs. 5 F and 6 J–M; Table S1).

Notably, Y508H, a clinically confirmed resistance mutation,

aligned well with QM/MM, CPD, and ML predictions, rein-

forcing the model’s accuracy (Fig. 5 B–F). The QM/MM

findings further validated the resistance trend observed

across different computational approaches.

Biophysical mechanisms and molecular insights

underlying affinity modulation in sotrovimab-

RBD interactions

To elucidate the biophysical, structural, and energetic

determinants of sotrovimab binding to the SARS-CoV-2

S-protein-RBD, we performed extensive multiscale simula-

tions and interaction analysis. Coarse-grained MD simula-

tions revealed significant instability in the affinity-reducing

design (RMSD 1.02 nm), contrasting with the stable WT

and affinity-enhancing systems (RMSD 0.26 nm each)

(Fig. 7 A). Similarly, average RMSF profiles of coarse-

grained WT, affinity-enhancing, and affinity-reducing de-

signs for the RBD were found to be 0.12 nm, 0.11 nm, and

0.13 nm, respectively (Fig. 7 B). All-atom MD corroborated

FIGURE 4 Machine-learning-based assessment

of affinity correlation, computed physiochemical

features, and resistance mutations. (A) Comparison

of actual affinity values to predicted affinity values

using all features used in the XGBoost regressor.

(B) Comparison of actual affinity values to pre-

dicted affinity values for minimal feature sets. In

both (A and B), the X-axis displays the predicted

affinity values generated by the XGBoost model,

whereas the Y-axis represents the corresponding

actual affinity values from CPD. (C) Heatmap

showing the effect and contribution of all the fea-

tures on the affinity of the sotrovimab-S-protein-

RBD complex. (D and E) The computed binding

affinity of all the mutated residues of E340 and

Y508 obtained from the XGBoost regressor model,

where the X-axis indicates the mutated residues,

and the Y-axis displays the binding affinity values

of all mutants. Peaks demonstrating the affinity

values above the native position (denoted using

black lines) indicate the mutants potentially asso-

ciated with sotrovimab resistance since they have

reduced binding affinity. (F) Computed backbone

RMSDs between the AlphaFold modeled top-

ranked structures of the ML-predicted affinity-

enhancing and affinity-reducing RBD sequences

bound to sotrovimab with the wild-type structure

are shown. A two-tailed t-test revealed a highly

significant difference at p < 0.05 (t = 49.74386,

p < 0.00001) in RMSD values between affinity-

enhancing and affinity-reducing designs.

A framework for sotrovimab resistance
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these findings, showing the affinity-enhancing design with

the lowest RMSD (0.35 nm) and backbone fluctuations

(RMSF 0.16 nm), indicating enhanced stability (Fig. 7 G

and H). Conversely, the affinity-reducing design exhibited

the highest RMSD (0.41 nm) and RMSF (0.21 nm), reflecting

increased flexibility (Fig. 7 G and H). The WT exhibited an

average RMSD of 0.39 nm and average RMSF of 0.18 nm

for the RBD region (Fig. 7 G and H). Although coarse-

grained MD showed comparable Rg across all systems

(2.42 for WT, 2.41 nm for affinity-enhancing and 2.40 nm

for affinity-reducing designs), all-atom MD revealed a

slightly expanded but stable conformation for the affinity-

enhancing design (1.89 nm) compared with affinity-reducing

and WT (1.85 nm each), highlighting the favorable structural

properties of affinity-enhancing design for sotrovimab bind-

ing (Fig. 7 C and I).

The PCA and free energy landscape (FEL) analysis

further underscored these trends, with the affinity-

enhancing and WT complexes occupying lower-energy

states and the affinity-reducing design exhibiting a high-

energy conformational landscape. PCA identified domi-

nant collective motions in the WT and affinity-modulating

FIGURE 5 Comparative analysis and prediction of resistance mutations as determined using the integrated framework. (A) and (B) showcase the dAffinity

values of the E340 and Y508 mutants utilizing CPD. (C) and (D) represent the computed dAffinities utilizing the XGBoost machine learning algorithm. In

(A)–(D), Y-axis indicates the dAffinity scores, and X-axis highlights the respective mutants. (E) and (F) depict the ΔQM/MM energies of the mutants

computed from the QM/MM approach, where the Y-axis represents the relative QM/MM energy, and the X-axis highlights the mutants. (G) and (H)

show the mutants exhibiting resistance to sotrovimab as determined from the experimental findings (after sotrovimab treatment). The Y-axis represents

the resistance property corresponding to each mutant, whereas the mutant identity is given on the X-axis. The ‘‘+1’’ value on the Y-axis indicates the mu-

tations that are clinically reported and experimentally shown to be resistance to sotrovimab. (I) and (J) show heatmaps of all the clinically known mutations

and their frequency for E340 and Y508 residues as retrieved from GISAID. The sotrovimab resistance mutations as predicted from our framework are shown

within red boxes, which show a 60% and 55.5% concurrence with the clinically reported mutations for E340 and Y508, respectively.
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designs, with FEL analysis quantifying their energetic

preferences. The first two eigenvectors accounted for

most motions, with covariance matrix analysis showing

higher trace values for the affinity-reducing design

(233.45 nm2) compared with the WT (26.67 nm2) and af-

finity-enhancing variant (25.42 nm2) in the coarse-grained

MD simulations (Fig. 7 D–F), indicating increased flexi-

bility and instability. FEL results confirmed that the affin-

ity-enhancing and WT variants occupied lower-energy

states, whereas the affinity-reducing design exhibited a

more expanded, high-energy landscape. All-atom MD-

based PCA further supported these observations, with the

affinity-reducing design displaying the highest trace value

(391.10 nm2), followed by the WT (311.43 nm2) and the

affinity-enhancing design (268.51 nm2), reinforcing the

stability-enhancing effects of the affinity-enhancing muta-

tion and the destabilizing impact of the affinity-reducing

mutation (Fig. 7 J–L).

End-state binding free energies (MM/PBSA) were

computed over the final 250-ns all-atom MD simulations,

revealing binding affinities of − 58.59 kcal/mol (WT),

− 52.42 kcal/mol (affinity-reducing), and − 59.46 kcal/mol

(affinity-enhancing) (Table 3). Energy decomposition high-

lighted the contributions of van der Waals, electrostatic, and

solvation energies, with key residues Trp105 and Phe106

enhancing binding in the WT and affinity-enhancing com-

plexes, whereas residue Tyr100 played a significant role in

the affinity-reducing design (Fig. 7 M–O). Notably,

Leu110 contributed substantially to the enhanced binding

affinity in the affinity-enhancing design (Fig. 7 M–O). These

findings highlight the critical role of specific residue interac-

tions in modulating the sotrovimab-S-protein-RBD binding

FIGURE 6 Intermolecular and intramolecular interactions obtained from the QM/MM-generated structures of E340 and Y508 wild-type and mutants

bound to sotrovimab. The intermolecular interactions obtained from the QM/MM derived structures of E340 system bound to sotrovimab is shown.

Here, the S-protein RBD is depicted in magenta, whereas the heavy chain of sotrovimab is shown in green. The polar contacts between residues of the

RBD and the heavy chain of sotrovimab are shown in red dotted lines, indicating potential hydrogen bonding interactions. Specifically, (A) shows interactions

of wild-type E340 and (B)–(G) show interactions of E340A, E340D, E340G, E340K, E340V, and the E340Q mutants, respectively. Next, the intramolecular

interactions of Y508 system are shown. Here, the polar contacts are highlighted in red dotted lines, indicating potential hydrogen bonding interactions. (H)

shows the intramolecular interactions occurred within the wild-type Y508, whereas (I)–(N) show the intramolecular interactions of Y508C, Y508D, Y508H,

Y508F, Y508N, and Y508S mutants, respectively. In (H)–(N), the S-protein-RBD is shown in magenta cartoon.
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affinity across different complexes. In Fig. 7 M–O, the stan-

dard deviations are represented by solin lines within

the bars.

Intermolecular interactions between the

S-protein-RBD and sotrovimab

Hydrogen bond analysis revealed fewer interactions in the

affinity-reducing design (eight bonds) compared with the

WT (14 bonds) and affinity-enhancing design (13 bonds).

The resistance mutation E340G disrupted interactions at

position 340 with Ala104, Trp105, Phe106 and Gly107,

weakening the binding. This finding is consistent with

the results from the QM/MM analysis, which also revealed

the absence of interactions between G340 and sotrovimab

(Fig. 8 A). Additionally, both mutations introduced a new

bond between Tyr32 and Asp339, while also losing two

hydrogen bonds between Tyr32 and AFUC, and Gly113

and AFUC. The van der Waals contacts followed a similar

trend, with fewer interactions in the affinity-reducing

design (17) compared with the WT and affinity-enhancing

design (24 each) (Fig. 8 B). However, though G340 in the

affinity-reducing design made van der Waals interactions

with two other residues, seven interactions were also dis-

rupted at position 340 in the affinity-reducing design,

which were retained in the other two systems (Fig. 8 B).

Contact map analysis from the coarse-grained MD simula-

tions confirmed these findings, with shorter average con-

tact distances in the affinity-enhancing variant (0.35 nm)

versus the WT (0.37 nm) and affinity-reducing design

(0.52 nm), indicating stronger interactions and improved

binding stability (Fig. 8 C). It is evident that the WT main-

tained a slightly greater contact distance, indicating

moderate flexibility while preserving key interactions. In

contrast, the affinity-reducing design exhibited a signifi-

cantly larger contact distance, implying weakened interac-

tions and potential disruption of critical epitope contacts.

Additionally, analysis of contact frequencies revealed

that the affinity-reducing design exhibited significantly

reduced contact frequency (average 1.46) throughout

the coarse-grained MD simulations compared with the

WT (average 6.58) and affinity-enhancing design (7.30)

(Fig. 8 D). These findings highlight how specific mutations

modulate sotrovimab binding, with the affinity-enhancing

design reinforcing stable interactions, whereas affinity-

reducing design promotes structural destabilization, result-

ing in reduced binding.

A comparative analysis of interaction energy among WT

and affinity-modulating designs, including two affinity-

enhancing (D339Y, L441W) and two affinity-reducing

(E340V, E340G) designs, demonstrated higher stabilizing

energy in the affinity-enhancing designs (− 184.82 and

− 211.60 kJ/mol, respectively) compared with the WT

(− 181.66 kJ/mol) and affinity-reducing designs (− 154.18

and − 151.59 kJ/mol, respectively). The affinity-reducing

designs predominantly exhibited weaker van der Waals in-

teractions, whereas the affinity-enhancing designs formed

stronger hydrogen bonds and electrostatic interactions

(Table S2). The heavy chain exhibited significant energy

variations, highlighting its role in binding affinity modula-

tion. These results underscore the destabilizing effects of af-

finity-reducing mutations on sotrovimab-RBD interactions,

TABLE 2 Summary of interactions between SARS-CoV-2 RBD and heavy chain of sotrovimab at the residue level for the E340

system

System

RBD Heavy chain

Distance range (Å)Residue Atom name Residue Atom name

E340

E340A

E340G

E340K

E340Q

E340V (All System)

Asn334 OD1 (donor) Thr30 OG1 (acceptor) 2.73–2.92

Except E340K Asp339 OD2 (donor) Tyr100 OH (acceptor) 2.60–2.69

All System Asn343 ND2 (acceptor) Tyr100 OH (donor) 2.68–2.94

Except E340A Asn343 O (donor) Ile111 N (acceptor) 3.14

All System Thr345 OG1 (acceptor) Ser109 O (donor) 3.28–3.30

Except E340V Thr345 N (acceptor) Ser109 O (donor) 3.19

All System Lys356 NZ (acceptor) Glu108 OE1 (donor) 2.60–2.72

Interaction contributed by the wild-type and mutated residues

E340 Glu340 OE1 (donor) Ala104 N (acceptor) 2.70

Glu340 OE2 (donor) Phe106 N (acceptor) 3.00

Glu340 OE1 (donor) Trp105 N (acceptor) 2.92

E340K Lys340 NZ (acceptor) Ser31 O (donor) 2.92

E340Q Gln340 HE21 (acceptor) Ser31 O (donor) 3.08

It presents information on wild-type and mutated residues, their respective atoms in RBD, the interacting residues and atoms in the heavy chain of sotro-

vimab, and the distance range of the bonds formed.
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FIGURE 7 Comparative analysis of physicochemical properties, structural dynamics, Gibbs free energy landscapes (FELs), and per-residue binding en-

ergy for sotrovimab-S-protein-RBD complexes across wild-type, affinity-reducing, and affinity-enhancing designs during coarse-grained and all-atom MD

simulations. (A) Backbone RMSD profiles from coarse-grained MD simulations, reflecting overall structural stability. (B) RMSF profiles highlighting res-

idue-specific fluctuations in the RBD over 5-μs coarse-grained MD simulations. (C) Radius of gyration (Rg) profiles indicating structural compactness of

sotrovimab-S-protein-RBD complexes. (D–F) 3D FEL contour plots from coarse-grained MD trajectories for wild-type, affinity-enhancing, and affinity-

reducing systems, mapped onto the first two principal components. (G–I) RMSD, RMSF, and Rg profiles from 500-ns all-atom MD simulations, providing

insights into stability, flexibility, and compactness. (J–L) 3D FEL contour plots from all-atom MD simulations of wild-type, affinity-enhancing and affinity-

reducing designs, mapped onto first two principal components, where red indicates high-energy states, yellow and green represent intermediate states, and

blue/purple highlight the most stable, low-energy states. (M–O) Comparative per-residue binding energy contributions for (M) wild-type, (N) affinity-

reducing, and (O) affinity-enhancing complexes, with bar plots emphasizing key residues contributing to enhanced binding in affinity-enhancing and

wild-type complexes. Standard deviations are represented by solid lines within the bars.
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thereby causing resistance against sotrovimab. Further anal-

ysis of interface interactions revealed 19 fewer interactions

in the affinity-reducing design compared with the affinity-

enhancing design, though no changes were observed in

the light chain (Tables S3 and S4). Specifically, in the

high-affinity design, Arg102, Trp105, and Phe106 estab-

lished hydrogen bonds with Glu340, whereas Glu108

engaged in electrostatic interactions with Glu340 and

Arg346. These findings highlight the pivotal role of

hydrogen bonding and electrostatic interactions in modu-

lating sotrovimab’s binding efficacy and neutralization po-

tential (Fig. S5).

TABLE 3 Table showing the end-state binding free energy values between the S-protein-RBD and sotrovimab heavy chain from the

stable MD simulation trajectories of the wild-type, affinity-reducing, and affinity-enhancing designs from the all-atom MD simulations

Molecular system Energy component Average SD (prop.)a (SD)b SEM (prop.)c (SEM)d

Wild-type ΔBOND 0 10.25 0 0.65 0

ΔANGLE 0 16.71 0 1.05 0

ΔDIHED 0 8.77 0 0.55 0

ΔUB 0 3.14 0 0.2 0

ΔIMP 0 3.45 0 0.22 0

ΔCMAP 0 5.51 0 0.35 0

ΔVDWAALS − 55.58 8.68 6.08 0.55 0.38

ΔEEL − 132.96 55.98 24.77 3.53 1.56

Δ1-4 VDW 0 6.31 0 0.4 0

Δ1-4 EEL 0 26.7 0 1.69 0

ΔEPB 137.61 52.58 21.92 3.32 1.38

ΔENPOLAR − 7.56 0.51 0.5 0.03 0.03

ΔEDISPER 0 0 0 0 0

ΔGGAS − 188.53 57.11 25.27 3.6 1.59

ΔGSOLV 130.05 52.58 21.73 3.32 1.37

ΔTOTAL − 58.49 77.63 11.19 4.9 0.71

Affinity-reducing design ΔBOND 0 10.01 0 0.63 0

ΔANGLE 0 17.99 0 1.14 0

ΔDIHED 0 9.1 0 0.57 0

ΔUB 0 2.96 0 0.19 0

ΔIMP 0 3.81 0 0.24 0

ΔCMAP 0 5.12 0 0.32 0

ΔVDWAALS − 54.25 9.86 6.73 0.62 0.42

ΔEEL − 103.08 50.24 30.47 3.17 1.92

Δ1-4 VDW 0 6.51 0 0.41 0

Δ1-4 EEL 0 29.13 0 1.84 0

ΔEPB 112.87 33.21 26.37 2.1 1.66

ΔENPOLAR − 7.96 0.2 0.69 0.01 0.04

ΔEDISPER 0 0 0 0 0

ΔGGAS − 157.33 51.68 31.08 3.26 1.96

ΔGSOLV 104.91 33.21 26.05 2.1 1.64

ΔTOTAL − 52.42 61.43 7.81 3.88 0.49

Affinity-enhancing design ΔBOND 0 11.7 0 0.74 0

ΔANGLE 0 14.92 0 0.94 0

ΔDIHED 0 7.41 0 0.47 0

ΔUB 0 3.24 0 0.2 0

ΔIMP 0 3.54 0 0.22 0

ΔCMAP 0 5.13 0 0.32 0

ΔVDWAALS − 55.17 9.14 6.22 0.58 0.39

ΔEEL − 157.46 47.44 29.98 2.99 1.89

Δ1-4 VDW 0 5.91 0 0.37 0

Δ1-4 EEL 0 25.54 0 1.61 0

ΔEPB 160.79 37.08 24.94 2.34 1.57

ΔENPOLAR − 7.62 0.44 0.66 0.03 0.04

ΔEDISPER 0 0 0 0 0

ΔGGAS − 212.63 48.82 29.76 3.08 1.88

ΔGSOLV 153.17 37.09 24.64 2.34 1.56

ΔTOTAL − 59.46 61.31 9.45 3.87 0.6

All values are presented in kcal/mol.
aThe standard deviation (SD) is acquired through the propagation of the uncertainty formula.
bSD represents the sample standard deviation.
cThe standard error of the mean (SEM) is determined through the propagation of the uncertainty formula.
dSEM denotes the sample standard error of the mean.
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Role of N343-linked glycan in sotrovimab-RBD

interactions

Finally, we explored the role of N343-linked glycan in modu-

lating sotrovimab-RBD interactions. Analysis of structural

snapshots from the stable all-atom MD trajectories revealed

that the affinity-enhancing design exhibited the highest num-

ber of glycan-mediated interactions (6), involving key resi-

dues such as Thr57 (B), Arg98 (A), and Asp339 (C) (Fig. 9

C). The WT and affinity-reducing designs each showed four

glycan interactions, with the affinity-reducing design exhibit-

ing distinct interaction patterns involving residues like Tyr32

(A) and Asn370 (C) (Fig. 9 A and B). These findings suggest

that glycan interactions contribute to the overall binding

stability and affinity of sotrovimab to the RBD, with the

affinity-enhancing mutation potentially reinforcing these

stabilizing contacts. Here, chains B, A, and C represent the so-

trovimab light chain, heavy chain, and SARS-CoV-2

S-protein-RBD, respectively (Fig. 9). Furthermore, in pres-

ence of N343 linked glycan, clear differences in the stabilizing

interactions and energies were observed between sotrovimab

and S-protein-RBD for the WT and affinity-modulating de-

signs (Table 3), indicating the preferential role of glycan in

modulating binding affinity and governing resistance. As prior

studies have suggested that N343 glycan presence does not

significantly enhance sotrovimab binding, it is important to

note that it may play a role in immune evasion by reducing

accessibility to specific neutralizing epitopes. Overall, though,

our results indicated a loss of interactions and binding in the

affinity-reducing design, whether an affinity-reducing muta-

tion leads to a complete loss or partial retention of binding de-

pends on the interplay between direct residue interactions and

the structural influence of glycans like N343.

Validation of design protocol and correlation with

experimental observations

To validate our predictive framework, we first generated

mutated designs of the S-protein using ResScan-design and

shortlisted mutations within the sotrovimab-binding site.

Clinically sequenced mutations from COVID-19 patients

were obtained from the GISAID database, along with their

frequencies. Among 452 mutations from GISAID, 110

FIGURE 8 Clustograms illustrating interactions

between S-protein-RBD and sotrovimab for the

wild-type and affinity-modulating designs are

shown. (A) Hydrogen bond interactions and (B)

van der Waals interactions are shown across the so-

trovimab-S-protein-RBD complexes for wild-type

and the affinity-modulating designs. The gradient

from white to green represents the increased fre-

quency of interactions over the stable phase of

the all-atom MD simulations. In these clustograms,

‘‘A’’ denotes chain A (sotrovimab heavy chain),

and ‘‘C’’ denotes chain C (S-protein RBD), and

‘‘D’’ denotes chain D (N-343 linked glycan). The

red box shows interactions that are prominently

varied between affinity-enhancing and affinity-

reducing designs. (C) Temporal evolution of inter-

bead contacts (formed between S-protein-RBD

and sotrovimab heavy chain) over a 5000-ns

coarse-grained MD simulation for the wild-type

and affinity-modulating designs. The Y-axis indi-

cates the distance (nm) between interacting

coarse-grained beads, whereas the X-axis repre-

sents simulation time (ns). (D) Number of contacts

formed between S-protein-RBD and sotrovimab

heavy chain (within 4Å) over the course of MD

simulations for wild-type and the affinity-modu-

lating designs.

A framework for sotrovimab resistance

Biophysical Journal 125, 354–376, January 20, 2026 369



exhibited plausible resistance based on ResScan-design pre-

dictions, showing a 24% concurrence with documented clin-

ical mutations (Fig. 10). Notably, the G339 residue in the WT

S-protein, which naturally mutated to D339 in the Omicron

variant, highlights the selective pressure exerted by antiviral

drugs like sotrovimab, driving resistance evolution. Howev-

er, mutation frequencies in GISAID do not necessarily corre-

late with calculated affinity values. Next, we validated our

framework’s predictions—integrating CPD, ML, and hybrid

QM/MM simulations—against experimentally reported

resistance mutations at E340 and Y508 (Fig. 5 G and H).

Our model accurately identified E340 A/G/D/K/Q/V and

Y508H as resistance mutations, aligning with experimental

findings, and it additionally predicted Y508C, Y508D,

Y508F, Y508N, and Y508S as potential resistance mutations

requiring further investigation in sotrovimab-treated patients

(Fig. 5). To further assess real-world applicability, we estab-

lished a benchmark where a mutation qualifies as resistant if

its dAffinity/ΔE QM/MM values are positive and consistent

across at least two of the three computational methods.

Comparing our predicted resistance mutations with

GISAID-reported mutations, we found a strong correla-

tion—60% for E340 and 55% for Y508 (Fig. 5 I and J).

This alignment with clinical data reinforces the reliability

of our framework while highlighting additional positions

and mutations that may contribute to sotrovimab resistance.

DISCUSSION

The emergence of resistance mutations in SARS-CoV-2

poses a significant challenge to the efficacy of existing drugs

and mAbs. The continuous evolution of the virus and its

ability to develop resistance to therapeutics have under-

scored the need for a comprehensive understanding of the

molecular mechanisms underlying resistance (76). Resis-

tance to antiviral drugs and mAbs is a natural consequence

of the adaptive evolution of viruses (77). SARS-CoV-2, like

other RNA viruses, possesses high mutation rates due to the

error-prone nature of its replication machinery (78). This ge-

netic variability allows the virus to rapidly explore sequence

space and acquire mutations that confer resistance to anti-

viral drugs and antibodies. As a result, the development of

resistance has been observed for several antiviral drugs,

including remdesivir, favipiravir, and molnupiravir, as

well as mAbs such as bebtelovimab and sotrovimab.

Sotrovimab, targeting the SARS-CoV-2 S-protein, has

shown promising efficacy in the treatment of COVID-19

(3–5,34). However, as with other mAbs, the emergence of

resistance poses a significant threat to its long-term effec-

tiveness. Resistance to sotrovimab can arise through various

mechanisms, including mutations in the viral S-protein that

prevent antibody (27,28) binding or structural changes that

alter the conformation of the S-protein.

Our study aims to shed light on the resistance developed

by SARS-CoV-2 against sotrovimab and provide insights

into the molecular basis of this resistance. Through an inte-

grated multiscale framework combining interface-based

CPD, sophisticated ML, hybrid QM/MM simulations, and

multiscale simulations, we identified key residues, resis-

tance mutations, as well as biophysical mechanisms

involved in the interaction between sotrovimab and the

S-protein and causing sotrovimab resistance. Our findings

FIGURE 9 Two-dimensional interaction maps showing the interactions of N343-linked glycan in the sotrovimab-S-protein-RBD complexes obtained from

the stable all-atom MD simulation trajectories for the wild-type and affinity-modulating designs. (A) illustrates interactions of the N343-linked glycan within

the sotrovimab-S-protein-RBD complex for the wild-type, whereas (B) and (C) depict its interactions in affinity-reducing and affinity-enhancing designs,

respectively, obtained from the stable all-atom MD simulation trajectories. Here, ‘‘A’’, ‘‘B’’ and ‘‘C’’ shown within the nodes denotes the sotrovimab heavy

chain, sotrovimab light chain, and S-protein-RBD, respectively. The types of interactions are shown in the bottom of the figure.
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FIGURE 10 Heat maps illustrating the prevalence of S-protein RBD mutations interacting with sotrovimab, using data sourced from GISAID. Mutations

identified within the sotrovimab-binding site of the SARS-CoV-2 S-protein, obtained from the GISAID database, are presented. The frequencies of these

(legend continued on next page)
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revealed that certain hotspot residues, such as E340 and

Y508, are prone to developing resistance mutations against

sotrovimab. These mutations can significantly impact the

binding affinity between the antibody and the S-protein, ul-

timately leading to reduced efficacy of sotrovimab in

neutralizing the virus. For instance, mutations such as

E340G, E340A, and T345P significantly alter the strength

and nature of interactions within the sotrovimab-RBD inter-

face. Structural analysis revealed that these mutations

disrupt critical hydrogen bonds and van der Waals contacts,

thereby reducing binding affinity. For example, E340G and

E340A, which replace the negatively charged glutamate

with smaller, nonpolar residues, diminish key electrostatic

interactions with sotrovimab’s heavy chain, destabilizing

the complex. Similarly, T345P introduces conformational

rigidity that perturbs local backbone flexibility, preventing

optimal accommodation of sotrovimab.

Computational modeling further revealed that these resis-

tance mutations induce subtle but functionally significant

perturbations in protein conformational landscapes, shifting

equilibrium states toward less favorable binding-competent

conformations. The energetic analysis demonstrated a redis-

tribution of interaction hotspots, with resistance mutations

altering binding free energy contributions from key residues

(Fig. 7 M–O). Additionally, large-scale conformational sam-

pling indicated that the mutations not only weaken direct

protein-protein interactions but also induce allosteric effects

that propagate through the RBD, modulating the broader

structural framework essential for stable antibody engage-

ment (Fig. 7 A–F). Electronic structure calculations

confirmed that these alterations extend to local charge distri-

butions, subtly reshaping electrostatic complementarity at

the binding interface.

Beyond direct residue-level changes, our analysis also

highlights the critical role of glycosylation in modulating

these biophysical mechanisms. The glycan at N343 acts as

a structural and electrostatic mediator, contributing to the

stability of the binding interface. Resistance mutations indi-

rectly alter glycan positioning, affecting its shielding effect

and long-range interactions with the antibody (30,79).

Changes in glycan dynamics influence the accessibility of

key residues, thereby modulating sotrovimab’s ability to

engage the RBD effectively. Additionally, perturbations in

the glycan environment lead to shifts in local electrostatic

potential and binding energy landscapes, further exacer-

bating resistance. These findings underscore how an intri-

cate interplay between point mutations and glycan

rearrangements collectively drives sotrovimab escape while

highlighting broader implications for antibody design and

optimization.

Furthermore, our findings align with and extend previous

reports highlighting the role of mutations at E340 and P337

in driving sotrovimab resistance. Prior studies have demon-

strated that substitutions at these positions lead to significant

reductions in neutralization potency, with mutations such as

E340 A/K/Q and P337 L/R/K showing over 50-fold in-

creases in IC50 values (16,80,81). In agreement with these

observations, our study confirms a notable shift in binding

affinity at E340, reinforcing the critical role of this site in

sotrovimab escape (Fig. 5 A, C, and E). Although we detect

the presence of P337L, the absence of P337R and K356T in

our data set suggests potential differences in the prevalence

of these mutations across different viral populations or se-

lective pressures exerted during sotrovimab treatment

(Fig. 2 B and H) (82). Additionally, clinical studies have

identified a spectrum of resistance mutations in sotrovi-

mab-treated SARS-CoV-2 samples, with several mutations

at E340 and P337 emerging as dominant escape variants

(81). The association of E340 mutations with the acquisition

of a new glycosylation site further suggests that resistance

mechanisms may involve not only direct protein-protein

interaction disruptions but also glycan-mediated shielding

effects that enhance immune evasion (82). Beyond sotrovi-

mab, our findings underscore broader patterns of antibody

resistance that parallel those observed for other monoclonal

therapies. Resistance to bamlanivimab and etesevimab, for

example, is driven by key RBD mutations such as K417N,

E484K, and N501Y, which are also implicated in immune

escape against multiple therapeutic mAbs (83). Notably,

E340K—a mutation identified in our study—has been

linked to sotrovimab resistance in multiple reports and

shares mechanistic similarities with resistance-conferring

mutations affecting cilgavimab (K444 R/E, N450D) and

bebtelovimab (V445A) (84). The presence of these recur-

rent mutations across different antibody classes suggests a

degree of convergent evolution, where SARS-CoV-2 selects

for substitutions that optimize escape while preserving RBD

functionality. The identification of overlapping resistance

sites across different mAbs highlights the structural con-

straints within the RBD that govern antibody escape and

suggests that future therapeutic strategies should consider

mutational hotspots that facilitate cross-resistance.

Finally, the analysis of the interaction energy within the

sotrovimab-S-protein complex provided insights into the

contributions of different residues and chains to the binding

affinity. Our results highlighted the crucial role of hydrogen

bonds and electrostatic interactions in modulating the bind-

ing affinity of sotrovimab toward the S-protein RBD.

Changes in these interactions, caused by resistance muta-

tions, can result in decreased binding affinity and reduced

mutations obtained from the sequences of SARS-CoV-2-infected COVID-19 patients are indicated by a color gradient ranging from turquoise (low fre-

quency) to black (high frequency). Mutations highlighted within the red boxes represent the designed mutants, suggesting their potential adaptations and

resistance to sotrovimab. Our computational analysis showed approximately 24.3% correlation between the designed mutations and currently circulating

SARS-CoV-2 S-protein sequences, thereby indicating them as positively selected and resistant toward sotrovimab.
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efficacy of the antibody. It is important to note that the devel-

opment of resistance is a dynamic process influenced by

various factors, including viral replication dynamics, host

immune responses, and selection pressures from therapeutic

interventions. Additionally, the emergence of new variants,

such as the Delta and Omicron variants, further complicates

the landscape of resistance development. These variants har-

bor unique mutations in the S-protein, which may confer

resistance not only to sotrovimab but also to other mAbs

and therapeutics. Ongoing research efforts are focused to

address these challenges by developing novel therapeutics

that target different epitopes of the S-protein or employ alter-

native mechanisms to neutralize the virus (85). Combination

therapies, using multiple antibodies or a combination of an-

tibodies and antiviral drugs, have also shown promise in miti-

gating resistance and improving treatment outcomes (86).

Our study provides valuable insights into the molecular basis

of resistance and highlights the importance of understanding

the mutational landscape and structural changes in the

S-protein. By employing an integrated framework, we have

identified resistance mutations, validated our predictions

with clinical and experimental data, and elucidated the key

interactions involved in sotrovimab resistance. Our frame-

work demonstrates its potential utility for predicting

mutation resistance in other viral diseases and therapeutic

targets, presenting new possibilities for personalized and pre-

cision medicines. Continued surveillance, research, and

innovation are crucial to stay ahead of the evolving virus

and effectively control the ongoing COVID-19 pandemic.

Limitations of the study

We acknowledge certain limitations of this work. 1)

Although CPD results offers valuable insights into the mo-

lecular interactions and binding affinities of the protein-pro-

tein complexes, it also has inherent limitations. For instance,

due to the complexity of the protein-protein interactions,

the large-scale conformational changes may not be fully

captured by such computational models, thereby affecting

the prediction accuracy. 2) While our study integrates clin-

ical-sequencing data and experimental reports to validate

the predicted resistance mutations, it is important to note

that experimental validation is still crucial to confirm the

functional impact of these mutations. In vitro and in vivo

studies are necessary to evaluate the actual binding affinity,

neutralizing activity, and therapeutic efficacy of the identi-

fied resistance mutations. Despite these limitations, our in-

tegrated framework offers a multidimensional approach to

predict resistance mutations and enhance our understanding

of viral resistance mechanisms.

CONCLUSION

This study introduces an integrated framework utilizing

various state-of-the-art computational techniques to identify

hotspot residues in the S-protein-RBD of SARS-CoV-2,

elucidating potential mutations and resistance against

mAbs such as sotrovimab. This multidimensional approach

allows us to analyze the binding interface between sotrovi-

mab and the SARS-CoV-2 S-protein, identify key hotspot

residues, predict potential resistance mutations relatively

quickly, and obtain comprehensive biophysical insights

into resistance mechanisms. By correlating our predictions

with clinical-sequencing data and experimental reports

from sotrovimab-treated patients, we have validated the ac-

curacy and reliability of our framework. Our findings not

only align well with known clinical-sequencing resistance

mutations but also reveal additional resistance mutations

that were previously unidentified. This approach ensures

that our findings are relevant and applicable to the actual

challenges faced in clinical settings. Furthermore, our study

highlights the importance of combining interface-based

CPD, ML, hybrid QM/MM, and multiscale MD simulations

to unravel resistance mutations and optimize the design of

antibody therapeutics. In conclusion, this integrated frame-

work serves as a valuable tool for future research, providing

a framework for the development of more effective anti-

body-based treatments against SARS-CoV-2 variants. Mov-

ing forward, the continued investigation of resistance

mutations and the optimization of antibody treatments will

be crucial in combating the ongoing challenges posed by

SARS-CoV-2 and its variants.
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