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Abstract

Mutations in the SARS-CoV-2 Spike Receptor-Binding Domain (RBD) may influence viral infectivity and
transmissibility by modulating interactions with the human Angiotensin-Converting Enzyme 2 (ACE2)
receptor. This study examined the impact of RBD point mutations by integrating Molecular Dynamics (MD)
simulations, Normal Mode Analysis (NMA), and Machine Learning (ML). From the Global Initiative on
Sharing All Influenza Data (GISAID), SARS-CoV-2 lineages circulating in Brazil between January 2023 and
May 2024 were identified, and the prevalent RBD mutations, along with those reported in the literature, were
selected for analysis. Mutant models were prepared using CHARMM-GUI and simulated for 50 ns with
Nanoscale Molecular Dynamics (NAMD). Trajectories were analyzed in Visual Molecular Dynamics (VMD)
through Root Mean Square Deviation, hydrogen bonds, residue-residue distances, and intermolecular
contact persistence. NMA based on the Elastic Network Model, evaluated Root Mean Square Fluctuations
and collective motions, while ML identified patterns across mutants. The analyses suggested mutation-
specific differences in conformational dynamics and interactions. While some mutations increased
structural flexibility, others maintained behaviors comparable to the wild type, with most preserving
coordinated global motions. Observed differences were associated with compensatory structural
adjustments, redistribution of contacts, and modulation of local flexibility. These findings suggest that,
initially, RBD mutations may fine-tune the balance between rigidity and flexibility, enabling conformational
adaptations that are potentially relevant to receptor engagement and membrane fusion. The results support
the hypothesis that structural plasticity and transient conformational states are important for the Spike
protein function while preserving global motion of the RBD-ACE2 complex.

1. INTRODUCTION

A novel respiratory disease emerged in Wuhan, China, in December 2019, and, by March 2020, the disease,
then called Coronavirus Disease 2019 (COVID-19), was declared a pandemic (Flores-Vega et al. 2022; Haque
et al. 2020; Hu et al. 2021). The disease is caused by Severe Acute Respiratory Syndrome Coronavirus 2
(SARS-CoV-2), a betacoronavirus from the Coronaviridae family, related to SARS-CoV (2002) and MERS-CoV
(2012), both associated with severe respiratory infections (Jackson et al. 2022). It shares approximately
80% of its genome with SARS-CoV (Yan et al. 2020).

SARS-CoV-2 is a single-stranded RNA virus with a large genome that encodes two large polyproteins, four
structural proteins, and nine accessory proteins (Hatmal et al. 2020; Jackson et al. 2022; Peng et al. 2021).
The genome is organized in the 5-3' order, starting with replicase (ORF1a/ORF1b), followed by the structural
proteins Spike (S), Envelope (E), Membrane (M), and the Nucleocapsid (N), which is located inside the viral
particle along with the RNA (Haque et al. 2020; Hatmal et al. 2020; Hu et al. 2021; Flores-Vega et al. 2022;
Lomoio et al. 2023). Transmission occurs primarily through close contact with infected individuals via
respiratory droplets and aerosols released during coughing, sneezing, or speaking, and transmission through
contaminated surfaces may also occur (Balupuri et al. 2023).

The Spike protein is a homotrimeric glycoprotein anchored to the viral membrane by a transmembrane

region, and its ectodomain extends outward and decorates the surface of the virus. The protein is

glycosylated, which contributes to protein folding and stability, masks antigenic epitopes, facilitates immune
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evasion, and mediates interactions with lectins and antibodies (Flores-Vega et al. 2022; Jackson et al.
2022). Each protomer contains 22 N-glycosylation sites and 2 O-glycosylation sites, and variations in the
size and distribution of N-glycans can influence the dynamics and stability of receptor-binding domain (RBD)
conformations (Jackson et al. 2022; Harbison et al. 2022; Zhao et al. 2021). The RBD mediates the
interaction between the virus and the host cell receptor Angiotensin-Converting Enzyme 2 (ACE2) and
represents the primary target of antibodies elicited by both vaccination and natural infection (Jackson et al.
2022). Structurally, it consists of a five-stranded antiparallel beta sheet connected to alpha helices and an
extended loop known as the Receptor-Binding Motif (RBM) (Zhang et al. 2021). The Spike adopts two
distinct conformations: an "up" position, to expose the RBD and RBM for receptor engagement; and a "down"
position, where this domain remains closely packed, preventing receptor interaction (Jackson et al. 2022;
Peng et al. 2020; Peng et al. 2021; Zhang et al. 2021).

Mutations within the RBD of the S protein have influenced its interaction with the ACE2 receptor, enhancing
immune evasion and reducing the efficacy of monoclonal antibody (mAb) neutralization. These changes
have contributed to increased infectivity and transmissibility and have supported the virus's adaptation to
humans, with the potential to become a seasonal pathogen. This emphasizes the need for vaccines and
therapies that remain effective across diverse Spike variants, with periodic updates as the virus continues to
evolve (Balupuri et al. 2023; Chakraborty 2022; Fang et al. 2023; Magazine et al. 2022; Winger and Caspari
2021). The Spike comprises S1 and S2 subunits upon cleavage. Without this cleavage, S2 adopts a
premature conformation, rendering the protein non-functional (Jackson et al. 2022). To counteract this
instability and delay cleavage, the virus quickly acquired the D614G mutation, which became dominant in
over 95% of sequenced SARS-CoV-2 variants by January 2021 (Jackson et al. 2022; Khan et al. 2021;
Magazine et al. 2022). This mutation rapidly became dominant due to its association with enhanced viral
transmission and entry efficiency. It has also been linked to an increased incidence of anosmia (loss of
smell), which likely results from stronger interactions between the Spike protein and ACE2 receptors in the
olfactory epithelium (Chen et al. 2022 ; Khan et al. 2021).

Substitutions at key residues in the Spike RBD, including N501, L452, N439, E484, T470, and Q498, have
been reported to increase the virus binding affinity of the Spike-ACE2 complex, and mutations such as
N501Y, N439K, E484K, L452R, and S477N have been reported to stabilize the open conformation of the RBD
(Alaofi and Shahid 2021). In addition, co-occurring mutations such as K417N and E484K were shown to
increase receptor binding affinity (Chakraborty 2022; Bhadane and Salo-Ahen 2022), with E484K increasing
the number of interaction contacts and reducing HBs with ACE2 (Chakraborty 2022), while also being
associated with reduced efficacy of neutralizing antibodies from natural infection, monoclonal therapies,
and vaccination (Flores-Vega et al. 2022). Additionally, E484K and S477N, both located in flexible binding
loops, contributed to reduced structural stability in the RBD (Alaofi and Shahid 2021), and alanine
substitution at Y505 (Y505A) was reported to abolish ACE2 binding (Xu et al. 2021).

L452R and E484Q mutations were reported to disrupt electrostatic interactions with residue L31 of ACE2
and reduce intra- and intermolecular interactions (Antony and Vijayan 2021). L452R also showed increased
interaction with surrounding water molecules and enhanced Spike-ACE2 binding (Flores-Vega et al. 2022;
Antony and Vijayan 2021). Despite reduced intramolecular stability, L452R and N501Y were reported to form
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strong HBs with ACE2 (Alaofi and Shahid 2021). Mutations G339D, S371L, S375F, N440K, S477N, and T478K
were suggested to be the reason for the instability of the Omicron variant (Roy 2023), while N501Y
enhanced the Spike-ACE2 binding at the same variant (Flores-Vega et al. 2022; Mittal et al. 2022). High-
resolution Molecular Dynamics (MD) interaction analyses identified the N501Y substitution as a key
determinant of Spike-ACE2 affinity, associated with the formation of novel hydrogen bonds (HBs) (Balupuri
et al. 2023). Other studies reported that N501Y can reduce the total number of HBs and interfacial contacts,
while introducing -t stacking and cation—tt interactions that strengthen the binding interface (Chakraborty
2022; Tian et al. 2021).

Computational approaches, such as MD simulations and Normal Mode Analysis (NMA), have become
valuable tools in bioinformatics for exploring the structural behavior of viral proteins. These approaches
enable the investigation of conformational transitions that macromolecules undergo between
experimentally observable stable states, which are often critical for their functional and regulatory
mechanisms (Bahar et al. 2010; Perahia and Mouawad 1995; Resende-Lara et al. 2020). This work studied
the structural plasticity and dynamics of the RBD and ACE2 using Molecular Dynamics (all-atom), Normal
Mode Analysis (NMA) using Elastic Network Models (ENM) (Gasparini et al. 2023), and Machine Learning
techniques (ML) to compare the results with what is known in the literature.

2. MATERIALS AND METHODS

2.1 Database

The methodology is summarized in the Data Flow Diagram shown in Figure 1. Lineage frequency data were
obtained from the Global Initiative on Sharing All Influenza Data - GISAID - (GISAID 2025) to identify the most
prevalent SARS-CoV-2 variants circulating in Brazil during the one-year period from May 2023 to May 2024
(the maximum timeframe available for graphical visualization of the lineages on the platform). All selected
lineages, as well as all the mutations studied in this work, correspond to subvariants of the Omicron variant
(Arantes et al. 2025; Liu et al. 2024; Ma et al. 2024; Roy 2023).

Complete sequencing metadata that corresponds to these lineages were subsequently retrieved, and the
dataset consisted of genomic metadata that was selected based on the following inclusion criteria:
complete genomes (>29,000 nucleotides), virus designation “hCoV-19,” collection dates between January 1,
2023, and May 27, 2024, and geographic origin reported as Brazil. Additionally, only mutations occurring in
the Spike protein were considered, specifically, those annotated with the prefix “Spike”; from those, only
mutations observed at least twice were retained. Due to time constraints and study scope and considering
localization within the RBD (residues 319-528), only the most frequent mutations in the dataset together
with those most reported in experimental and in silico studies in literature (Bhadane and Salo-Ahen 2022;
Chen et al. 2022; Cheng et al. 2022; Fang et al. 2023; Kodchakorn and Kongtawelert 2022; Magazine et al.
2022; Roy 2023; Rucker et al. 2023; Zhu et al. 2022), were included in the study: D405N, E484A, E484K,
F486P, F490S, G339D, G339H, G446S, G496S, K417N, K417T, L452R, N440K, N460K, N501Y, Q493R, Q498R,
R408S, S371F, S371L, S373P, S375F, S477N, T478K, T487K, V445P, and Y505H.

2.2 In silico models
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PDB 6VW1 (resolution: 2.68 A) corresponds to the RBD (chimeric RBD: SARS-CoV RBD and SARS-CoV-2
RBM) in complex with the human ACE2 receptor and was used for this study. An X-ray crystallographic
structure that comprises four chains: A and B (ACE2; 597 residues each), and C and D (RBD, 217 residues
each), derived from Homo sapiens and a chimeric Severe Acute Respiratory Syndrome Coronavirus/Severe
Acute Respiratory Syndrome Coronavirus 2, respectively. The PDB contains no mutations. Structural
preparation was performed using the PDB Reader and Manipulator module available in CHARMM-GUI ( Jo et
al. 2014; Kong et al. 2024; Park et al. 2023).

Chains A (ACE2) and C (RBD) were retained, missing residues were modeled, and the final sequence was
aligned with the 2019 wild-type (WT) reference sequence retrieved from UniProt (ID: PODTC2-SPIKE_SARS?2)
(UniProt 2025), to ensure consistency for subsequent analyses (Figure 2). We acknowledge that fully
resolved SARS-CoV-2 RBD-ACE2 complexes were also available and may represent more direct structural
models of the interaction; therefore, this choice could constitute a limitation of the present study.
Nevertheless, we chose to use 6VW1, which was already available in CHARMM-GUI when the study started.
Besides this, our analyses were intended to characterize general dynamical features of the mutants in the
RBD-ACE2 complex rather than to compare alternative structural models, and the results should be
interpreted within this context.

Through Solution Builder available in CHARMM-GUI, mutations were prepared and analysed individually to
analyse their own characteristics, under physiological conditions: pH 7.0, 0.15 M NaCl, temperature of
310.15 K, and a rectangular water box with a 40.0 A side length, under the CHARMM36 m force field (Huang
and MacKerell 2013). Disulfide bonds were defined according to UniProt (UniProt 2025) annotations: for the
RBD (chain C), between residues 336-361, 379-432, 391-525, and 480-488; and for ACE2 (chain A), between
residues 133-141, 344-361, and 530-542. N-glycosylation was added at residues 33 and 331 for the RBD, and
53,90, 103, 322, and 546 for ACE2.

2.3 Molecular Dynamics and ENM Simulations

All systems underwent a 10 ns equilibration phase under the NVT ensemble, followed by 50 ns of production
MD simulations under the NPT ensemble. Simulations were performed using Nanoscale Molecular
Dynamics (NAMD) to characterize local structural characteristics, evaluate the initial dynamic effects of
point mutations on the Spike RBD-ACE2 complex, and generate representative conformations for
subsequent ENM analyses (Phillips et al. 2020). Analyses were performed using VMD (Humphrey et al.
1996). Simulation energy, pressure, temperature, and volume were monitored using the NAMD Plot plugin.
Intramolecular HBs were identified using a donor-acceptor distance cutoff of 3.5 A and an angle cutoff of
20°. Hydrogen bonds of specific interacting residues were analyzed separately using the same criteria. All
trajectories were structurally aligned prior to calculating the Root-Mean-Square Deviation (RMSD). The
trajectories were then used as representative conformations for subsequent Elastic Network Model
analyses, enabling the investigation of large-scale collective motions without the need for computationally
expensive microsecond-scale simulations.

For the ENM analyses, a PDB structure was extracted from the final frame of each MD trajectory and
analyzed using ProDy (Bakan et al. 2011). All ENM calculations were performed under vacuum-like
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conditions, without explicit solvent molecules or dielectric screening, allowing a comparative assessment of
the intrinsic flexibility predicted by the Anisotropic Network Model (ANM) through its collective motions. The
extracted structures were used to construct the Hessian matrix and compute the normal modes using a Ca-
based ENM. The coordinate set was then duplicated to define the initial and target conformations, and the
first 20 ANM modes were calculated for subsequent analyses. Although ENMs are typically calculated using
protein structures in vacuum, MD simulations were performed in explicit solvent to equilibrate each system
and obtain representative conformations for subsequent ENM analyses. This preprocessing step provides
structurally relaxed models that better reflect the solvated state before the vacuum-based ENM calculations.

2.4 Data used in the study for analyses

In the WT system, distances were measured between known interacting residue pairs through VMD: 417-30,
449-38, 449-42, 453-34, 455-41, 455-34, 456-30, 456-31, 475-19, 484-31, 486-330, 487-24, 489-31, 493-31,
493-35, 496-353, 498-353, 500-41, 501-41, 502-353, 505-37, 505-393, RBD and ACE2 residue respectively
(Hatmal et al. 2020). The mutations are all from the subsequent lineages: XDR, XBB.2.3, XBB.1.9,
XBB.1.5.86, XBB.1.5.70, XBB.1.5, XBB.1.18.1, XBB.1.16, XBB.1, JN.1.43.1, JN.1.4, JN.1.29, JN.1.23,
JN.1.16.1, JN.1.1, JN.1, JD.1.2, JD.1.1.1, JD.1.1, JD.1, GK.1.1, GK.1, FL.1.5.1, FE.1.2, FE.1.1, FE.1, EG.5.1, that
belong to Omicron variant (Arantes et al. 2025; Liu et al. 2024; Ma et al. 2024; Roy 2023). The pairs of
residues studied, the known interactions between RBD and ACE2, are detailed in Table 1.

The selection was based on the closest non-hydrogen atoms identified by visual inspection, considering
them in contact if at least one pair of non-hydrogen atoms was within 3.5 A of each other (Table 1) (Zhu et
al. 2022). In the mutant systems, the selection was replicated, and when the mutant changed the reference
atoms, the nearest available non-hydrogen atoms within the mutated residues were selected for the
measurements. The RMSD was also analyzed, and the HBs were calculated for the whole complex and
between these highlighted residue pairs. The datasets from MD simulations were subsequently
concatenated into a single dataframe to work with Machine Learning supervised and unsupervised models,
with all variables aligned by trajectory frame. The class label was assigned in accordance with the type of
amino acid substitution in each mutant, based on the physicochemical properties of the side chains (Table
S1).

The final dataset comprised 14,000 rows and 51 columns. After processing and analysis, 38 of the 51
columns were retained for subsequent work (Table 2). For comparative analyses, the data were stored both
in sequential order and in randomized form.

Table 1 Atom pairs for distance measurements in VMD. Distance measurements were performed in VMD by
selecting atom pairs, enabling consistent comparisons between WT and mutant structures
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Interactions (RBD-ACE2)

417 (NZ) - 30 (OD2)
449 (CE2) - 38 (OD2)
449 (CZ) - 42 (NE2)
453 (CET) - 34 (CD2)
455 (CD1) - 31 (N)
455 (CD2) - 34 (ND1)
456 (CD1) - 30 (OD1)
456 (CZ) - 31 (CB)
475 (0) - 19 (0)

484 (CD) - 31 (N2)

Interactions (RBD-ACE2)

493 (OE1) - 31 (N2)
493 (NE2) - 34 (CB)
493 (NE2) - 35 (CG)
496 (0) - 353 (CE)
498 (OET) - 353 (CG)
500 (0G1) - 41 (CE2)
501 (ND2) - 41 (CZ)
502 (C) - 353 (0)
505 (CZ) - 37 (OET)
505 (CZ) 393 (CZ)

Exceptions (RBD-ACE2)
E484A - 484 (CB) - 31 (CE)
K417N - 417 (ND2) - 30 (CG)
K417T - 417 (CB) - 30 (OD1)
N501Y - 501 (CE2) - 41 (CD2)
T487K - 487 (NZ) - 24 (OE1)
Y505H - 505 (CE1) - 37 (OE1)
Y505H - 505 (CE1) - 393 (CZ)

489 (CD1) - 31 (CG) : ]

To facilitate visualization of the Root-Mean-Square Fluctuation (RMSF) obtained from NMA, min-max
normalization (feature scaling) was applied due to an extreme peak in the WT and some mutants. Values
were rescaled to a range between 0 and 1. This transformation was performed exclusively for comparative
visualization and not for statistical analysis, enabling the comparison of relative motion patterns between
mutants and WT structures.

2.5 Exploratory and statistical analyses

The dataset described in Table 2 comprised 14,000 rows and 51 columns. To reduce dimensionality, an
exploratory statistical analysis was conducted. Since the data did not follow a normal distribution, non-
parametric approaches were considered appropriate. Feature redundancy was initially explored through
Pearson correlation analysis to identify highly correlated variables and detect potentially redundant
attributes. Subsequently, multicollinearity was quantitatively assessed through the Variance Inflation Factor
(VIF) to allow the identification of variables whose information could be largely explained by combinations
of other predictors. To further evaluate feature relevance, the Kruskal-Wallis test was used to assess
whether individual features significantly differed across mutation groups. Features with statistically
significant differences (low p-values <0,05) were considered informative for distinguishing mutation classes,
whereas variables showing low discriminatory power or high redundancy were excluded. Following this
feature selection process, 38 out of the original 51 columns were retained to use in machine learning
analysis. Statistical differences were evaluated using the Mann-Whitney U test with Benjamini-Hochberg
false discovery rate (FDR) correction for RMSD, contact, and HB analyses to adjust p-values since multiple
comparisons were performed.

2.6 Machine Learning
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Table 2 presents the dataset prepared for Machine Learning applications. All extracted features before the
feature selection process are listed, whereas the features retained for Machine Learning analyses are

highlighted.

Table 2 Complete set of features included in the dataset for Exploratory and Machine Learning
analyses. Features highlighted are those retained after data processing and statistical evaluation for use in
the clustering and Random Forest analyses

COLUMNS / ATTRIBUTES

frame hbond_500_41 hbond_456_31 dist_449_38 dist_500_41 dist_475_19
mutation hbond_417_30 hbond_489_31 dist_502_353 dist_496_353 dist_501_41
hbond_453_34 hbond_502_353 hbond_484_31 dist_455_31 dist_493_34 dist_417_30
hbond_449_38 hbond_486_330 hbond_487_24 dist_456_31 dist_493_35 rmsd
hbond_493_31 hbond_455_31 hbond_505_393 dist_453_34  dist_455_34 hbond
hbond_501_41 hbond_498_353 hbond_493_34 dist_493_31 dist_486_330  substitution
hbond_496_353 hbond_449_42 hbond_455_34 dist_449_42 dist_505_37 -
hbond_493_35 hbond_505_37 dist_487_24 dist_489_31 dist_498_353 -
hbond_456_30 hbond_475_19 dist_456_30 dist_484_31 dist_505_393 -

K-means and DBSCAN were applied to both ordered and randomized datasets, with and without the
inclusion of the frame index as an additional feature (Chadjipadelis T 2021), to enable a comparative
assessment of clustering performance across different data configurations. To improve feature
representation and reduce dimensionality, Principal Component Analysis (PCA) and Uniform Manifold
Approximation and Projection (UMAP) were applied sequentially before clustering. Principal Component
Analysis (PCA) was first applied as a linear dimensionality reduction step to reduce noise, minimize feature
redundancy, and transform correlated variables into principal components while preserving most of the data
variance (Ringnér 2008). A total of 31 principal components were retained, accounting for 95% of the
cumulative explained variance. Subsequently, Uniform Manifold Approximation and Projection (UMAP)
(Mclnnes et al. 2018) was employed as a non-linear dimensionality reduction method to capture the
underlying manifold structure and generate a low-dimensional representation of the data (n_neighbors = 30,
min_dist = 0.0). In this combined approach, PCA improved data compactness and computational efficiency
by removing redundant information. At the same time, UMAP preserved complex non-linear relationships
and local neighborhood structure that linear methods alone cannot capture (Mclnnes et al. 2018). Clustering
performance was evaluated using the Davies-Bouldin, Calinski-Harabasz, and Silhouette indices (Davies and
Bouldin 1979; Calinski and Harabasz 1974; Rousseeuw 1987).

Given that the dataset was not large enough to justify the use of more data-intensive supervised learning
methods, a Random Forest classifier was applied for supervised learning analysis (Parmar et al. 2019) using
the substitution class as the target variable and the remaining variables as input features. The frame index
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was excluded from the feature set to avoid introducing explicit temporal ordering information into the
model. The dataset was randomly divided into training (90%), test (5%), and validation (5%) subsets. Model
performance was assessed through cross-validation (Kohavi 1995) and evaluated on the test and validation
sets using the Confusion Matrix and the Receiver Operating Characteristic (ROC) curve (Fawcett 2006).
Feature-importance scores derived from the model were analyzed to identify the attributes most relevant for
class discrimination. All ML analyses were implemented using the Scikit-learn Python package (Pedregosa
et al. 2012).

3. RESULTS AND DISCUSSION

It was observed that the residues substitutions revealed a diverse range of alterations in side chain
properties, including changes in polarity (S371L and S373P), charge (D405N, N460K, Q493R, and others),
and aromaticity (N501Y, S371F, and S375F). These molecular alterations provide the basis for the structural,
dynamic, and interaction effects explored.

A comparative structural analysis of the WT RBD-ACE2 complex and each mutant complex was performed
to identify differences in atomic distances, hydrogen bonds, and contact persistence throughout the
simulations. Atomic distances were calculated as Euclidean distances between manually selected atom
pairs using VMD. Interatomic contacts were represented as binary variables using a 3.5 A distance cutoff:
distances < 3.5 A were encoded as 1 (contact), whereas distances > 3.5 A were encoded as 0 (no contact).
Contact persistence was quantified by summing contact occurrences over consecutive 10-frame intervals,
enabling the identification of temporal differences in intermolecular interactions throughout the MD
trajectories.

The WT complex maintained one to two intermolecular contacts throughout nearly the entire simulation,
with only a brief loss of contact near the end of the trajectory (Figure S1). Among the mutants that exhibited
a balanced interaction profile, characterized by compensatory gains and losses of intermolecular contacts
through interactions, D405N displayed a reduced number of contacts throughout the trajectory. E484A and
G339D maintained a stable contact pattern, generally sustaining at least two contacts over extended
periods with only minor fluctuations. G339H and N440K exhibited occasional contact losses, including brief
intervals without detectable proximity. S371L maintained at least one contact throughout the trajectory with
intermittent increases to two contacts lasting approximately 1-3ns. S477N showed additional contacts at
the beginning of the trajectory and brief contact-free intervals near the end. Mutant V445P kept one to two
contacts (Figures S2-S28).

Among the mutations that showed an overall tendency to losses through the different pairs, F490S and
G446S exhibited losses and a lower number of contacts. G496S exhibited a more stable profile, maintaining
at least 2 contacts throughout the trajectory. N501Y and Q498R lost contacts, particularly at the end of the
simulations, whereas S373P, S375F, and Y505H maintained fewer contacts overall, frequently fluctuating
between one and two contacts. In contrast, mutations that exhibited an overall tendency toward gains
through the pairs showed increased contact persistence. F486P increased the residence time of multiple
contacts and eliminated the contact-free gaps observed in the WT. E484K also exhibited compensatory
effects through increased contact persistence, while L452R showed an increased number of contacts,
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consistently maintaining two or more contacts throughout the trajectory. Other mutations, including
K417N/T, N460K, R408S, S371F, T478K, and T487K showed a balanced behavior, alternating between
contact loss and gain across different interaction pairs.

The residue pairs that exhibited the highest number of contacts across all frames were 501-41, 493-31, and
417-30 (RBD-ACE2), whereas the greatest number of HBs was observed in 502-353, 493-35, and 505-37
(RBD-ACE2) (Figure 3 and Figure S29). Despite the predominance of losses compared to the WT at
interactions 501-41 and 417-30, the cumulative analysis along the trajectory revealed high occupancy of
contacts. As for RMSD: E484A, F486P, G496S, K417T, L452R, N440K, Q493R, Q498R, R408S, and T487K
exhibited higher median values compared to the WT, which suggested increased flexibility (Figure 4).

Considering that residues 0-596 correspond to ACE2 (19-615), while residues 597-813 correspond to the
RBD (319-535), the WT exhibited a uniform RMSF, with minimal fluctuation, except for a pronounced peak at
residue 322 of the RBD. This loose loop of the RBD displayed flexibility and was similarly highlighted in some
mutants. A theory for this behavior is the absence of the portions of the Spike that were not included.

The RMSF, obtained through NMA, revealed that several mutants exhibited dynamic behavior similar to that
of the WT: D405N, E484K, G339D, G339H, G446S, G496S, K417T, L452R, N460K, N501Y, Q493R, R408S,
S371F, S375F, S477N, T487K, V445P and Y505H, which suggests limited impact on global dynamics. In
addition, a subset of mutations that include F490S, N440K, Q498R, S371L, and S373P exhibited reduced
fluctuations, which indicates increased local rigidity. Mutations such as E484A, F486P, K417N, and T478K
showed increased fluctuations, which suggests enhanced local flexibility. Overall, RMSF results indicated
that the mutations modulated protein flexibility through local motions, but most importantly, they maintained
the global coordinated motion, as visually observed, leading to increased conformational plasticity while
maintaining the overall integrity of the RBD-ACE2 complex (Figure S30 - Figure S43). These structural
adaptations reveal compensatory mechanisms that may contribute to functional optimization of the Spike
protein.

Feature-importance analysis using a Random Forest model allowed the identification of the variables that
most contributed to the classification, with the distances between RBD and ACE2 residues (residue pairs
505-393 and 449-38) and RMSD being the most important. The model demonstrated good predictive
performance, achieving a validation accuracy of 0.82 and a test accuracy of 0.86. The weighted F1-scores
were 0.81 (validation) and 0.86 (test), while macro-average F1-scores reached 0.78 and 0.83, respectively,
which indicates consistent classification performance across classes, although with some variability in
recall (Figure S44). The slightly higher scores on the test set compared to the validation set suggest that the
model generalizes well and is not overfitting. The relatively lower macro F1-score suggests that some
classes remain more difficult to predict, likely reflecting the effects of class imbalance.

The 505-393 interaction exhibited more hydrogen bond losses than gains relative to the WT, whereas the
449-38 interaction showed substantial reductions in both residue contacts and hydrogen bonds. Notably,
residues surrounding positions 38 and the ACE2 hotspot 353 have been reported to play key roles in
determining SARS-CoV-2 binding patterns across different species (Chen et al. 2025). Moreover, for the
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unsupervised analysis, eight different models were tested: K-means and DBSCAN with and without frame,
with ordered and randomized data (Table 3).

Table 3 Performance metrics of the Unsupervised Machine Learning models. Comparison of clustering
performance of K-means and DBSCAN under different conditions (ordered versus randomized data, with and
without frame). Model performance was evaluated using Davies-Bouldin, Calinski—Harabasz, and Silhouette
scores, along with the number of clusters identified

Algorithm Frame Data Davies-Bouldin  Calinski-Harabasz Silhouette N°
Score Score Score clusters
K-means yes ordered 0.4136 45983.3125 0.6026 15
K-means yes random  0.3488 65984.7812 0.6348 18
K-means no ordered  0.4155 46140.7969 0.6077 15
K-means no random  0.4603 68459.6094 0.6479 20
DBSCAN yes ordered  0.2555 12165.8896 0.5694 12
DBSCAN yes random  0.2717 9988.3486 0.5964 11
DBSCAN no ordered  0.2469 18410.7988 0.6161 16
DBSCAN no random  0.2633 11410.9365 0.6000 15

The best performance among the evaluated approaches of unsupervised learning was DBSCAN when
applied to the ordered dataset without frame. This method avoided the bias of clustering by frame, and it
handles variable data more effectively, yet it yielded the lowest Davies-Bouldin index overall, as well as the
highest Calinski-Harabasz and Silhouette scores among the DBSCAN analyses. Although the Silhouette
score is not ideal for evaluating DBSCAN, as it tends to favor spherical clusters, it was still considered for
comparison. Later, for data analysis, the frame was included to state some characteristics. Across all
analyses, the mutants that were consistently highlighted were G496S, N501Y, and Y505H, with the last two
at the same cluster in most parts of the analyses. In this analysis, N501Y and Y505H appeared in cluster 14,
whereas G496S appeared in cluster 15. Cluster 14 presented an RMSD value between 4 and 6 A, which may
indicate moderate structural alterations (Figure 5). These values corresponded approximately to 30-40 ns
for N501Y and 18-30 ns for Y505H. Cluster 15 exhibited an RMSD value between 5 and 6 A, and it
corresponds approximately to 33 ns until the end of the trajectory (Figure 6).

In both clusters (14 and 15), HBs were not very frequent and predominated at value zero, except for three
pairs that showed slightly higher occurrences: 502-353, 493-35 and 505-37, which corresponded to the
previously highlighted interactions. The residue distances followed the general behavior observed in other
clusters (approximately 5 A). However, some pairs exhibited significantly lower or higher values. All things
considered, the clusters appeared to represent intermediate and more frequently visited states, in which
neither proximity nor pronounced distance is observed.
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The mutants highlighted in the clustering analyses showed behavior similar to the WT according to RMSF
analysis obtained through NMA. In accordance with the literature, these three mutants (G496S, N501Y and
Y505H) were shown to belong to a group of binding-energy hotspots, together with Q498R and other
mutations (Verkhivker et al. 2022). They are suggested to contribute to allosteric communication between
the RBD and ACEZ2, and to promote increased stability and allosteric coupling within the complex. These
mutations have also been associated with immune evasion and antibody resistance (Pavia et al. 2024). In
the present study, G496S, N501Y, and Y505H exhibited RMSF similar to the WT, which indicates preservation
of collective motions. Although these mutants frequently presented losses in specific contacts and hbs,
these reductions did not translate into marked global differences. With regard to N501Y specifically, the
mutation has been reported to directly affect the ACE2-RBD interaction by forming HBs that stabilize the
binding (Balupuri et al. 2023). However, it has also been observed that N501Y does not produce large
changes in the overall flexibility of the RBD (Alaofi and Shahid 2021). In the present study, transient losses of
HBs were observed for some interaction pairs during the simulations of the N501Y mutant. This behavior
likely reflects local conformational rearrangements, which indicates that stabilization of the complex does
not require persistence of the same HBs throughout the trajectory, but rather maintenance of the overall
interaction network.

Taken together, these alterations suggest a pattern of compensatory adaptation. Instead of uniformly
increasing or decreasing structural stability, these mutations appear to modulate the balance between
rigidity and flexibility, thereby preserving overall structural integrity. This interpretation aligns with
experimental findings that describe a mechanism in which the Spike protein undergoes a series of
conformational transitions upon ACE2 binding, which begins with a twisting and opening motion and follows
with increased flexibility, and ultimately reaches a conformation that facilitates viral entry into the host cell
(Xu et al. 2021). A similar conclusion has been reported for another protein of the same virus, where a
mutation was selected by the virus despite its destabilizing behavior (Saha et al. 2025), which reinforces the
idea that selective advantage arises from the combined structural and functional effects of mutations rather
than their stabilizing or destabilizing nature alone.

Some mutations exemplified this diversity of effects. L452R preserved or increased the number of contacts
and hydrogen bonds while maintaining multiple contacts over extended periods. Although it exhibited a
higher RMSD than the WT, its RMSF profile remained comparable, suggesting that the mutation altered the
overall conformation without substantially affecting local residue flexibility. Similarly, F486P displayed
increased contact persistence together with a balanced pattern of hydrogen bond gains and losses,
indicating a redistribution rather than a net change in intermolecular interactions. This mutation also
showed fluctuations in RMSF while maintaining coordinated global motions. In contrast, G496S led to local
losses of interactions without significant changes in fluctuation patterns, as indicated by a similarity with
the WT in the RMSF. Also, Q493R exhibited losses of both contacts and hydrogen bonds, even in interactions
conserved in other mutants; however, its RMSF remained similar to the WT.

4. CONCLUSIONS
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In conclusion, the results suggested that mutations primarily modulated local balances between rigidity and
flexibility. Some exhibited increased local flexibility, whereas others maintained WT-like rigidity alongside
coordinated global motions. Mutants highlighted in clustering analysis (G496S, N501Y, and Y505H) showed
moderate structural rearrangements while preserving overall behavior. Although local alterations in contacts
and hydrogen bonds were observed, the complex’s global dynamic organization remained largely preserved.
Mutation-associated functional differences were better explained by compensatory structural adjustments,
redistribution of intermolecular contacts, and modulation of local flexibility. The results suggest that the
mutations modulate the structural landscape by finely balancing rigidity and flexibility, thereby enabling
conformational adjustments that are likely critical for receptor engagement and membrane fusion. Overall,
structural plasticity emerges as a key determinant of receptor binding while preserving the global
architecture of the complex. This finding underscores a delicate interplay between structural stability and
conformational adaptability, both of which are essential for efficient viral attachment and entry. These
results are consistent with our hypothesis that conformational changes, dynamics, and transient
conformations are critically important for protein function.

Some limitations should be considered when interpreting the findings of this study. Nevertheless, these
limitations do not diminish its scientific relevance; rather, they define the scope of the conclusions and
provide directions for future investigations. The study focused on subvariants circulating in Brazil within a
defined one-year period. Structural analyses were restricted to the RBD, using a chimeric structure, as
modeling the full Spike protein - particularly in its trimeric form - poses a significant computational
challenge. Consequently, potential contributions from other domains were not evaluated. The mutations
were studied separately; the effects of combinations of mutations were not evaluated either. These findings
provide a framework for understanding how emerging RBD mutations model the structure through dynamic
compensation, offering insights that may support future surveillance and structure-guided therapeutic
design.
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Figure 2

PDB 6VW1 and localization of the mutations in the RBD. A) PDB 6VW1 after reconstruction of the structure
in CHARMM-GUI. In pink, ACE2 (PROA) and in green, the Spike RBD (PROB), with the glycans of both
proteins in purple. B) WT protein after Molecular Dynamics simulation. ACE2 is in purple and RBD in red, with
the localization of all the mutations used in this study in different colors
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Figure 3

Top five frequencies of contacts and hydrogen bonds through the dataset A) Top five residue pairs ranked
by contact frequency. All the distances were counted as 1 “contact” when <=3.5 A. Pairs 501-41, 493-31, and
417-30 showed the highest number of contacts. B) Top five residue pairs ranked by hydrogen-bond
frequency. Pairs 502-353, 493-35, and 505-37 showed the highest number of HBs

Page 19/22



RMSD - mutants vs WT

- 4YG0GA

- dSppA
- .81
- 8L
- U/ LYS
- JGLES

- dg/gs
- |TLES

- JTLES

- S8t
- 1861D
- 1E6YD
- ATosU
- 409U
o [0} 270
- 1ZSI

- 3LTH
- LT
- 59610
- SOt b
- yeeeh
- peeeb
- S061)

- dogpy
- P 8Pe
- epgpa
- UGSOYP

0{OO0O00000C000000O0O0O0OOO0OO0OOOOOO0OOCO

Figure 4

Boxplot representation of the RMSD of the mutants and WT. E484A, F486P, G496S, K417T, L452R, N440K,

Q493R, Q498R, R408S, and T487K showed higher medians in comparison to the WT, suggesting higher

flexibility
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Figure 5

Clustering analysis. Distribution of RMSD values across clusters shown as boxplots. Clusters 14 and 15

showed higher median values than the rest of the clusters
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Figure 6

Clustering analysis. Time blocks of mutants and their clusters along the trajectory based on simulation

frame index. Approximately 30-40 ns for N501Y and 18-30 ns for Y505H, and ~33 ns until the end of the
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simulation for G496S, as representations of clusters 14 and 15, respectively
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