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Abstract

Background: The COVID-19 pandemic requires a deep understanding of SARS-CoV-2, particularly how mutations in the Spike
Receptor Binding Domain (RBD) Chain E affect its structure and function. Current methods lack comprehensive analysis of
these mutations at different structural levels.

Objective: To analyze the impact of specific COVID-19 associated point mutations (N501Y, L452R, N440K, K417N, E484A)
on the SARS-CoV-2 Spike RBD structure and function using predictive modeling, including a graph-theoretic model, protein
modeling techniques, and molecular dynamics simulations.

Methods: The study employed a multi-tiered graph-theoretic framework to represent protein structure across three
interconnected levels. This model incorporated 19 top-level vertices, connected to intermediate graphs based on 6-angstrom
proximity within the protein's 3D structure. Graph-theoretic molecular metrics were applied to weigh vertices and edges at all
levels. The study also used Iterative Threading Assembly Refinement (I-TASSER) to model mutated sequences and molecular
dynamic simulation (MD) tools to evaluate changes in protein folding and stability compared to the wildtype.

Results: Three distinct predictive modeling and analytical approaches successfully identified structural and functional changesin
the SARS-CoV-2 Spike RBD (Chain E) resulting from mutations. The novel graph-theoretic model detected notable structural
changes, with N501Y and L452R showing the most pronounced effects on conformation and stability. K147N and E484A
mutations demonstrated less significant impacts. Ab initio modeling and MD simulation findings corroborated the graph-
theoretic analysis. The multi-level analytical approach provided a comprehensive visualization of mutation effects, deepening
our understanding of their functional consequences.
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Conclusions: This study advanced our understanding of SARS-CoV-2 Spike RBD mutations and their implications. The multi-
faceted approach characterized the effects of various mutations, identifying N501Y and L452R as having the most substantial
impact on RBD conformation and stability. The findings have important implications for vaccine development, therapeutic
design, and variant monitoring. This research underscores the power of combining multiple predictive analytical approachesin
virology, contributing valuable knowledge to ongoing efforts against the COVID-19 pandemic and providing a framework for
future studies on viral mutations and their impacts on protein structure and function.
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Structural and Functional Impacts of SARS-CoV-2 Spike Protein
Mutations: Insights from Predictive Modeling and Analytics

Abstract

Background: The COVID-19 pandemic requires a deep understanding of SARS-CoV-2,
particularly how mutations in the Spike Receptor Binding Domain (RBD) Chain E affect its
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structure and function. Current methods lack comprehensive analysis of these mutations at
different structural levels.

Objective: To analyze the impact of specific COVID-19 associated point mutations (N501Y,
L452R, N440K, K417N, E484A) on the SARS-CoV-2 Spike RBD structure and function using
predictive modeling, including a graph-theoretic model, protein modeling techniques, and
molecular dynamics simulations.

Methods: The study employed a multi-tiered graph-theoretic framework to represent protein
structure across three interconnected levels. This model incorporated 19 top-level vertices,
connected to intermediate graphs based on 6-angstrom proximity within the protein's 3D
structure. Graph-theoretic molecular metrics were applied to weigh vertices and edges at all
levels. The study also used Iterative Threading Assembly Refinement (I-TASSER) to model
mutated sequences and molecular dynamic simulation (MD) tools to evaluate changes in
protein folding and stability compared to the wildtype.

Results: Three distinct predictive modeling and analytical approaches successfully identified
structural and functional changes in the SARS-CoV-2 Spike RBD (Chain E) resulting from
mutations. The novel graph-theoretic model detected notable structural changes, with N501Y
and L452R showing the most pronounced effects on conformation and stability. K147N and
E484A mutations demonstrated less significant impacts. Ab initio modeling and MD simulation
findings corroborated the graph-theoretic analysis. The multi-level analytical approach
provided a comprehensive visualization of mutation effects, deepening our understanding of
their functional consequences.

Conclusions: This study advanced our understanding of SARS-CoV-2 Spike RBD mutations and
their implications. The multi-faceted approach characterized the effects of various mutations,
identifying N501Y and L452R as having the most substantial impact on RBD conformation and
stability. The findings have important implications for vaccine development, therapeutic
design, and variant monitoring. This research underscores the power of combining multiple
predictive analytical approaches in virology, contributing valuable knowledge to ongoing
efforts against the COVID-19 pandemic and providing a framework for future studies on viral
mutations and their impacts on protein structure and function.

Keywords: COVID-19 (Coronavirus Disease 2019); SARS-CoV-2 (Severe Acute Respiratory Syndrome
Coronavirus 2); Graph-theoretic model; 6M0J; Predictive modeling; Covid-19 associated mutations (N501Y,
E484A, 1.452R, N440K, K417N); Unsupervised machine learning

Introduction
Background

The COVID-19 pandemic, caused by SARS-CoV-2, had a devastating global impact, with hundreds
of millions of confirmed cases and millions of deaths worldwide [1-4]. The virus's spike protein
shares significant structural and sequence similarities with the SARS virus from 2003, including the
use of the ACE2 receptor for cell entry. The SARS-CoV-2 spike protein's receptor-binding domain
(RBD) has undergone various mutations, each with distinct impacts on viral behavior and infectivity
[5]. The wild-type phenotype serves as a baseline, exhibiting no significant changes or enhanced
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impacts[1]. Protein folding, maintenance, mutation, aggregation, neurodegenerative diseases, and
COVID-19 are interconnected through complex biological processes[6-8].Except intrinsically
disordered proteins, proteins must fold correctly to function properly, but mutations can disrupt this
process, leading to misfolding and aggregation. Cells have protective mechanisms to maintain
protein homeostasis, but when these fail, aggregates can form and contribute to neurodegenerative
diseases like Alzheimer's (AD) and Parkinson’s (PD) [6-10]. COVID-19 has been linked to AD, PD
and other neurodegenerative diseases through various mechanisms[11-13]. The SARS-CoV-2 spike
protein contains aggregation-prone regions that can form amyloid aggregates, potentially
contributing to neurological complications[14-17]. Additionally, the virus's 3CL protease has been
shown to induce tau protein aggregation, a hallmark of neurodegenerative diseases. Genetic studies
have revealed a causal association between COVID-19 hospitalization and increased risk of AD[18].
The virus may accelerate neurodegeneration through inflammation, microvascular injury, and prion-
like spread of misfolded protein. These aggregates were observed in-vitro using various experimental
techniques, including fluorescence spectroscopy and electron microscopy [19-21].

Specific mutations have emerged that alter the virus's characteristics in different ways. Mutations
such as K417N, associated with the Beta, Gamma, and Omicron variants, demonstrate moderate
severity due to their role in immune evasion [22-24]. These mutations reduce antibody neutralization,
potentially compromising the effectiveness of vaccines and natural immunity [25]. Similarly, N440K
and S477N mutations, linked to localized outbreaks, show mild impacts by enhancing binding to the
ACE2 receptor, which increases infectivity without causing major antigenic alterations [26, 27].
More concerning are mutations like T478K and L452R, found in Delta and Omicron variants, which
display moderate to severe consequences. L452R, in particular, is associated with immune evasion
and increased transmission due to its resistance to neutralizing antibodies [28]. The E484 mutations
(A, K, Q), present in Beta, Gamma, and other variants, exhibit moderate to severe immune escape
capabilities, significantly reducing neutralization by vaccine-induced or convalescent sera [29, 30].
Of note is the profound N501Y mutation, observed in Alpha, Beta, and Omicron variants. This
mutation is classified as very severe due to its dual role in enhancing binding affinity to the ACE2
receptor and aiding in immune escape [31]. N501Y has been a pivotal factor in increasing
transmissibility and contributing to widespread outbreaks [32]. These diverse mutations in the
SARS-CoV-2 RBD demonstrate varying degrees of severity and impact, ranging from mild
infectivity increases to severe immune evasion and transmissibility. The evolving nature of these
mutations underscores the critical importance of continuous genomic surveillance and adaptive
vaccine strategies in combating the COVID-19 [33-35]. As SARS-CoV-2 has spread, it has evolved
into various strains, with the D614G mutation becoming nearly ubiquitous. Several "variants of
concern” (VOCs) have emerged, characterized by mutations that may affect viral behavior and
immune evasion [36-40]. These VOCs, identified in different regions, include B.1.1.7 (UK), P.1 and
P2 (Brazil), B.1.351 (South Africa), B.1.617 (India), and B.1.526 (US), among others [41]. The
emergence of these variants has significant implications for treatment strategies and vaccine efficacy.
Some variants, such as B.1.351, have shown resistance to neutralization by convalescent plasma and
certain monoclonal antibody treatments [42]. Additionally, in-vitro studies suggest that sera from
vaccinated individuals may have reduced neutralizing capacity against variants with specific
mutations, like E484K and N501Y [24, 43, 44]. While VOCs are defined by specific mutation
patterns, the interplay between these mutations in affecting viral behavior is not fully understood [45-
48]. Analysis of a large dataset of SARS-CoV-2 spike sequences revealed hundreds of amino acid
variants, with a significant number occurring in the receptor-binding domain [49, 50]. Machine
learning algorithms have revolutionized data analysis by uncovering hidden patterns in datasets and
addressing critical questions across various discipline including disease diagnostics among others
[51-54]. Unsupervised learning techniques like clustering and dimensionality reduction reveal
intrinsic structures in data[55], enabling applications such as customer segmentation, anomaly
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detection, and bioinformatics[56].To better understand the emergence and spread of new variants,
novel bioinformatics approaches are being developed to identify spatially and temporally correlated
mutations [57, 58]. The evolving nature of SARS-CoV-2 suggests that future vaccine design may
need to be tailored to address the specific strain ensembles prevalent in different regions [59-61].
This approach could enhance vaccine efficacy against locally dominant variants and potentially
provide broader protection against emerging strains.

Prior Work

Recent advancements in graph-theoretic modeling have provided valuable insights into the complex
relationship between point mutations and disease phenotypes[62, 63]. Researchers have developed
various graph-based approaches to model and analyze the intricate connections between genes,
mutations, and phenotypes. These methods leverage the ability of graphs to represent complex
biological relationships and interactions [64-77]. This approach has been particularly effective in
elucidating the structural and functional impacts of genetic variations in proteins associated with
hereditary disorders. One application of graph theory in mutation analysis involves the use of
protein-protein interaction (PPI) networks to identify discriminative subnetworks associated with
specific diseases[9, 78-86] allowing researchers to uncover patterns of mutations that may
collectively contribute to phenotypes, going beyond the limitations of single-gene analyses.

Also, other studies exemplify the power of this methodology in understanding the molecular basis of
point mutation-associated diseases like cystic fibrosis (CF), sickle cell disease (SCD), among others.
Kakraba et al. [62, 87], developed a hierarchical graph-theoretic model to investigate the effects of
point mutations on the NBD2 domain of the CFTR protein, which is implicated in CF. By
constructing a multi-level graph (nested graph) representation of interacting amino acid residues,
they developed a nested graph capable of quantifying both local and global structural changes
resulting from virtual point mutations. This innovative method enabled the differentiation of mild
mutations (such as Y1219G and G1271E) from severe ones (like N1303K) when compared to the
wildtype, demonstrating the sensitivity and relevance of their graph-theoretic methods and resulting
molecular descriptors (graph invariants) in analyzing complex biological networks. Building on this
framework, Edem et al. [88], applied similar graph-theoretic techniques to explore the impact of
point mutations on the hemoglobin protein (1A3N) in SCD. Utilizing author-adopted and molecular
descriptors from the database established by Kakraba et al. [62, 87], Edem et al. successfully
captured the structural effects of various mutations, including E6V, V23I, and K82N. Their analysis
not only distinguished mild mutations from the wild type, but also highlighted the significant
devastation caused by the severe E6V mutation, further validating the utility of graph-theoretic
molecular nested graphs in understanding disease mechanisms. These studies collectively
demonstrate the power of graph-theoretic modeling in bridging the gap between genetic mutations
and their phenotypic manifestations in complex diseases. In recent years, the fields of ab initio
modeling and molecular simulation dynamics have revolutionized our approach to studying intricate
biological systems and networks[89-92]. These advanced computational methods enable researchers
to create detailed models of biological entities, ranging from individual proteins to entire cellular
structures, with unprecedented atomic-level precision[93]. By combining these techniques with
systems biology principles, researchers can now explore the complex relationships between genetic
alterations and disease manifestations. These sophisticated MD simulations provide a unique window
into the molecular consequences of mutations, allowing scientists to track cascading effects from the
smallest cellular components up to organism-wide changes[89-92]. This multi-tiered modeling
strategy offers valuable insights into disease mechanisms, illuminating how specific genetic changes
can influence protein behavior, disrupt cellular functions, and ultimately result in diverse clinical
presentations. The fusion of structural data with network analysis significantly enhances our ability
to predict and understand the connections between genetic makeup and disease outcomes. This
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integrated approach provides a more holistic view of the intricate relationships between genotypes
and phenotypes in complex disorders, paving the way for more targeted and effective therapeutic
interventions[94]. By providing a computational framework for quantifying structural changes at
multiple levels, this approach offers a promising avenue for predicting disease severity and
potentially informing therapeutic strategies.

Goal of This Study

In this study, we hypothesized that specific point mutations in the SARS-CoV-2 spike protein
significantly alter its structural conformation, dynamic behavior, and stability, thereby influencing its
binding affinity, immune escape potential, and overall viral fitness. To test this hypothesis, we
employed a multi-faceted computational approach combining graph-theoretic modeling with ab
initio protein structure prediction and molecular dynamics simulations to create a comprehensive
analysis framework. Using the Iterative Threading Assembly Refinement (I-TASSER)[95] platform,
we generated detailed 3D models of mutated spike proteins, which allowed us to visualize how point
mutations affect protein structure, including potential changes in binding sites and overall
conformation. We then conducted MD simulations to study the dynamic behavior of these mutated
proteins, revealing how mutations impact protein movement and stability compared to the wild type.
By integrating these computational methods with our graph-based approach, we developed a holistic
understanding of mutation effects, bridging the gap between genetic changes and their structural
consequences. This comprehensive approach provided insights into both sequence-level alterations
and their macromolecular impacts, enhancing our understanding of SARS-CoV-2's evolution and
potential behavioral changes. Through the utilization of these complementary methods, we were able
to construct a more complete picture of how spike protein mutations influence the virus's structure
and function.

Methods
2.1. Graph-theoretic Model of SARS-CoV-2 Spike RBD (Chain E)

This work extends our previous graph-theoretic modeling approaches [62, 88, 96] by focusing
specifically on the chain E chain of the SARS-CoV-2 spike protein and expanding combinatorial
descriptors to include edge-weight assignments among others. The study incorporates molecular
indices from earlier research [62, 88, 96] and introduces additional graph invariants. As a result, the
molecular descriptors for subdomain graphs, the chain E of the SARS-CoV-2 spike protein, and the
examined mutations are tailored to chain E of the SARS-CoV-2 spike RBD protein.

2.1.1. Subsequence Partition of SARS-CoV-2 Spike Protein Chain E

The tertiary crystal structure of SARS-CoV-2 spike RBD bound with ACE2 [97] was retrieved
from the Protein Data Bank [98](PDB ID: 6MOJ) and visualized using UCSF Chimera [99], as
illustrated in Figure 1.
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Figure 1: Structure of SARS-CoV-2 spike receptor-binding domain (RBD). A) Quaternary structure of the SARS-CoV-2 spike
RBD (Chain E) in complex with ACE2. The RBD forms a concave outer surface that accommodates the N-terminal helix of ACE2,
illustrating the key interaction interface for viral entry. The RBD is shown in one color, while ACE2 is depicted in a contrasting color
to highlight the binding interface. B) Secondary structure of the SARS-CoV-2 spike RBD. The RBD features a twisted five-stranded
antiparallel B sheet (1, 32, B3, f4, and 7) with short connecting helices and loops. Four disulfide bonds are present: three in the core
(Cys336-Cys361, Cys379—-Cys432, and Cys391-Cys525) stabilizing the 3 sheet structure, and one (Cys480-Cys488) connecting loops
at the distal end of the receptor-binding motif (RBM).

To provide a more comprehensive understanding of the SARS-CoV-2 Spike RBD structure, we
generated a network graph using Cytoscape[100]. Figure 2 illustrates this network visualization,
offering valuable insights into the RBD's intricate architecture and its potential functional
significance. This graphical representation elucidates the complex relationships between various
structural elements within the RBD, enhancing our understanding of its overall organization and
possible mechanistic implications.

Figure 2: Network Graph of SARS-CoV-2 Spike Receptor-Binding Domain (RBD). This figure illustrates a network graph
representation of the SARS-CoV-2 Spike protein's RBD, derived from the crystal structure 6MO0J obtained from the Protein Data Bank.
Each vertex in the graph represents an individual amino acid residue of the RBD. Edges connecting these vertices were established
using a 6-angstrom proximity threshold, where two residues are connected if any of their atoms are within 6A of each other. This
representation provides a comprehensive view of the RBD structure, from individual amino acids to their network interactions.

The RBD, corresponding to chain E of the structure [97], was meticulously divided into
nineteen subsequences (Gl to G19) while preserving the integrity of crucial biological
information within the protein's secondary structures. This partitioning approach, following
our previously published method [62, 88, 96], enables a more detailed analysis of the RBD's
structure, which in turn informs the graph-theoretic modeling of the subsequence. During the
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partitioning for analyzing the SARS-CoV-2 RBD (chain E), we followed three key principles to
maintain structural integrity and facilitate detailed analysis. We preserved binding sites and
secondary structures, isolated different structural elements into separate subsequences, and
limited each subsequence to 13 amino acid residues. To account for protein complexity, loop
regions were given more flexibility, allowing for the inclusion of turns, 3/10-helices, and short
alpha helices. This careful approach provided a comprehensive view of the RBD's structure,
enabling more in-depth analysis and modeling. The core structure of the SARS-CoV-2 RBD
consists of a twisted five-stranded antiparallel B sheet (B1, B2, B3, P4, and B7), interconnected
by short helices and loops. This detailed structural breakdown sets the foundation for further
study of the RBD's composition and function. [97, 101]. Table 1 provides a comprehensive
overview of the subsequence partition, including subsequence identifiers (G1 to G19),
corresponding amino acid residues, secondary structure classification, corresponding
subdomains, and reason for the partitions. This detailed structural breakdown facilitates in-
depth analysis of the SARS-CoV-2 spike RBD (chain E).

Table 1. Subsequence partition of SARS-CoV-2 Spike RBD (Chain E)

Subdomain graph | Subsequence Amino acid | Structural and or
sequence functional regions

Gl TNLCP 333 - 337 Coil, turn

G2 FGEVFNA 338 - 344 Alpha helix, turn, genome

variant site (339),
Mutagenesis (343)

G3 TRFASVYA 345 - 352 Alpha helix, coil, genome
variant site (346)

G4 WNRKRISNCV 353 - 362 Beta sheet, coil.

G5 ADYSVLYNSAS 363 - 373 Alpha helix, coil, genome
variant site (371, 373)

G6 FSTFKCYG 374 - 381 Beta Sheet, coil, genome
variant site (375).

G7 VSPTKLNDLCF 382 - 392 Coil, Alpha helix.

G8 TNVYADSFVIR 393 - 403 Beta sheet, coil.

G9 GDEVRQIAPG 404 - 413 Alpha helix, coil.

G10 QTGKIADYNYKLP | 414 - 428 Alpha Helix, coil, genome

DD variant site (417)

Gl11 FTGCVIAWNS 429 - 438 Beta sheet, coil.

G12 NNLDSKVGGNY 439 - 449 Alpha helix, coil, turn,
genome variant site (440,
446)

G13 NYLYRLFRK 450 - 458 Beta sheet, coil, genome

variant site (452, 453),
Mutagenesis (452, 453)

G14 SNLKPFERDISTEIY | 459 - 473 Coil, turns.
G15 QAGSTPCNGVEGF | 474 - 487 Coil, turns, genome
N variant site (477, 478,
484), Mutagenesis (475,
483).
G16 CYFPLQSYGF 488 - 497 Beta sheet, coil, genome

variant site (490, 493,
496), Mutagenesis (490,
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493).
G17 QPTNGVGYQ 498 - 506 Alpha helix, coil, genome

variant site (501, 505),
Mutagenesis (501).

G18 PYRVVVLSFELLH | 507-520 Beta sheet, coil,

A Mutagenesis (519)
G19 PATVCG 521-526 Coil

2.1.2. Subdomain Graphs (Corresponding to Subsequence Partitions) of
SARS-CoV-2 Spike Protein chain E

After partitioning into subsequences as shown in Table 1, we applied a sophisticated multi-step
graph-theoretic modeling approach. Using I-TASSER[95, 102], a state-of-the-art protein structure
prediction tool, we generated ab initio models for each subsequence, employing a proximity
threshold of 6 angstroms and determining endpoints based on each amino acid residue's center of
mass. These structural predictions were visualized using Cystoscape[100], a powerful network
visualization software, resulting in 19 comprehensive subdomain graphs. Each subdomain graph,

corresponding to a previously classified subsequence in Table 1, offers a detailed visual
representation of the structural and interaction patterns within each RBD subdomain.

Figure 3 illustrates the subdomain graphs for subsequences G13 and G17 of the SARS-CoV-2 Spike
protein's RBD in Chain E. These specific subdomains are of particular interest as they contain the
locations of severe mutations N501Y and L452R, respectively. The graphical representation provides
a detailed view of the structural context surrounding these critical mutation sites, offering insights
into how these changes might affect the protein's function and interactions.
A

LEU 48R e TYR 53

e

1"I
\ /
LYS 458 \

PHE 455

ASN S0

Figure 3: Subdomain graphs of SARS-CoV-2 Spike protein RBD (Chain E) where N501Y and L452R mutations occur. A)
Subdomain graph for G13 containing N501Y mutation. B) Subdomain graph for G17 containing L452R mutation. Ab initio models
were generated for each subsequence, employing a proximity threshold of 6 angstroms and determining endpoints based on each

amino acid residue's center of mass. These graphs illustrate the local structural context surrounding the mutation sites, with nodes

representing amino acid residues and edges indicating spatial proximity. The central nodes (N501Y in A and L452R in B) highlight the
locations of the severe mutations, while surrounding nodes depict neighboring residues that may influence or be affected by these
mutations. This representation aids in visualizing potential structural and functional impacts of these critical mutations on the Spike
protein's RBD.

This methodical approach not only enables a more nuanced understanding of the RBD's structure but

also lays the groundwork for further analysis of how mutations might affect these interactions and,
https://preprints.jmir.org/preprint/ 73637
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consequently, the entire protein. The supplementary materials (see supplementary materials)
encompass all remaining subdomain graphs featured in this study, excluding G13 and G17.

2.1.3. Graph-Theoretic Model of SARS-CoV-2 Spike RBD (Chain E)

Next, we modeled SARS-CoV-2 Spike RBD corresponding to chain E of the structure protein to
consist of three distinct levels, with each level offering a unique perspective on the protein's structure
and interactions. At the foundation, we have the lowest level, comprising 20 vertex-weighted amino
acids representing the essential building blocks of the protein. Moving up, the middle level features
19 distinct vertex-weighted subgraphs (subdomain graphs), each corresponding to a specific
subsequence of SARS-CoV-2 Spike Receptor-Binding Domain (RBD) corresponding to chain E (See
Table 1 and Supplementary figures) of the structure protein. In these subgraphs or subdomain
graphs, individual amino acids are represented as vertices, with weights assigned based on graph
invariants derived from the lower-level graphs. The top level of our model presents a more
condensed view, where each subdomain graph from the middle level is consolidated into a single
weighted vertex. The weights of these vertices are determined by molecular descriptors calculated
from their respective subdomain graphs. To establish connections between vertices in the SARS-
CoV-2 RBD corresponding to chain E nested domain graph, we employed a proximity threshold of 6
angstroms between adjacent residues. A 6-angstrom proximity threshold is often used to define
connections in the SARS-CoV-2 Spike RBD graph because it captures meaningful atomic
interactions, such as hydrogen bonds and van der Waals forces, essential for protein structure and
function. This threshold ensures accurate representation of residue connectivity, aiding in
understanding how the RBD stabilizes its structure and interacts with the ACE2 receptor[103].
Additionally, it accommodates the dynamic flexibility of the RBD, reflecting both stable and
transient interactions critical for receptor binding and regulation[104, 105]. This balance of
specificity and inclusivity makes it effective for modeling structural and functional relationships.
Figure 4 provides a visual representation of our graph-theoretic model for SARS-CoV-2 Spike RBD
corresponding to chain E, illustrating the hierarchical structure and interactions captured by this
approach.

G14
Gi6 G13

Amino acid

Domain Substructure (Gi)

RBD of Sars-cov 2 (Spike protein, Chain E)

Figure 4: Hierarchical Graph Model of SARS-CoV-2 Spike Receptor-Binding Domain (RBD) Chain E. This figure depicts a
three-level hierarchical graph model of the SARS-CoV-2 Spike RBD (Chain E), illustrating the protein's structure and interactions at
different scales. The lower level shows 20 vertex-weighted amino acids, the middle level presents 19 vertex-weighted subdomain
graphs, and the top level displays a condensed view with single weighted vertices representing each subdomain. Edges between
vertices are established using a 6-angstrom proximity threshold, providing a comprehensive view from individual amino acids to
subdomain interactions.
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Building on our previous work[62, 87, 88], we utilized Cytoscape[100] to calculate the change in
molar mass between adjacent vertices per average degree of the subdomain graphs (mid-level
graphs), as shown in Table 2 and based on Equation 1. Specifically, we estimated the change in
molar mass per average degree (AMd) along the edge connecting vertices R; and R; within these mid-
level graphs using our previously established equation (Equation 1).

RR,

d Kg/deg oo, (1) [88]

where AMd  denotes the displaced mass of one amount of substance (in kilogram per average
degree of graph), |Ri- Rj| denotes the absolute difference in molar mass of adjacent residues and d is
the average degree of the top-level graph.

AMd=|

Table 2. Molar Mass as Weighted Degrees of Subdomain

Subdomain Molar mass in | Subdomain | Molar mass in g/mol
g/mol
Gl 618.7 G11 1259.4
G2 890.9 G12 1360.4
G3 1040.1 G13 1416.7
G4 1437.6 G14 2064.2
G5 1369.4 G15 1614.7
G6 1078.3 G16 1386.7
G7 1416.6 G17 1107.2
G8 1464.5 G18 1877.1
G9 1203.3 G19 636.7
G10 1993.2

2.1.3. Virtual Mutations in SARS-CoV-2 Spike RBD (Chain E)

To evaluate the impact of single point mutations on the entire SARS-CoV-2 Spike
RBD corresponding to chain E of the structural protein, we selected five (5)
prevalent mutations associated with mild or severe Covid-19 from existing
literature. Table 3 provides a comprehensive view of how each mutation
influences the SARS-CoV-2 Spike RBD corresponding to chain E of the structural
protein.

Table 3. Mutation phenotypes of SARS-CoV-2 Spike RBD[106-110]

Mutation Strain Phenotype Impact

Phenotype

Wwildtype | -—--- Typical or normal form of | No impact/baseline
a species as it occurs in
nature; baseline for

comparison with mutated
or altered forms

K417N Beta/B.1.351, Moderate Immune evasion,
Gamma/P.1, associated with
Omicron/BA.1, reduced
Omicron/BA.2 neutralization by
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antibodies.
N440K Omicron/BA.1, | Mild Potential immune
Omicron/BA.2 escape, enhances

binding to ACE2
receptor but not a

major antigenic
change.
L452R Delta Severe Immune evasion &
(B.1.617.2 and transmission, linked
AY lineages), to  resistance  to
Kappa neutralizing
(B.1.617.1) antibodies and higher
infectivity.
E484A Omicron Moderate Immune evasion,

reduces neutralization
by convalescent and
vaccine-induced sera.

N501Y Alpha, Beta, | Very severe Increased binding
Omicron, Mu affinity & immune

escape, enhances

ACE2 binding and

associated with

immune evasion.

Subsequently, the changes in molar mass between adjacent vertices per average degree (as shown in
Table 2), derived from the weighted network interaction data, were assigned as vertex weights for the
subdomain graphs within the top-level graph, G. This step enabled the generation of molecular
descriptors (graph invariants) based on the weighted network interaction data in Cytoscape [95],
representing the edge-interaction weights of the top-level graph. The resulting molecular database of
graph invariants represented the wildtype graph (no mutation). For each of the five mutations, a
virtual mutation process was performed. This involved identifying the specific amino acid in the
relevant subdomain graph, mutating it via substitution or deletion, and creating a "mutant-specific
vertex-weighted graph" for the affected subdomain by submitting the mutated FASTA sequence to I-
TASSER [93, 94] for ab initio modeling (see supplementary material for mutant-specific vertex-
weighted graphs). New graph-theoretic molecular descriptors were then computed for each mutated
subdomain graph and applied to the top-level graph. Subsequently, the same molecular descriptors
previously computed for the top-level graph of the wildtype were recalculated to capture the
mutation's impact. This approach allowed us to observe both local (subdomain) and global (entire
SARS-CoV-2 Spike RBD), corresponding to chain E of the structural protein) effects of each point
mutation on the SARS-CoV-2 Spike protein. Table 4 presents a comprehensive set of molecular
descriptors for the wildtype SARS-CoV-2 Spike RBD and its various mutations. These graph
invariants offer quantitative insights into how mild and severe mutations affect the RBD's structural
and functional characteristics. Through analysis of these metrics across various variants, we
elucidated the distinct effects of each mutation on the Spike protein's characteristics and functional
implications.

Table 4. Edge (interaction) weights of mutation phenotypes for SARS-CoV-2 Spike RBD (Chain
E).
| Subdomain | wildtype | K417N | N440K | L452R | N501Y | E484A |
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Interaction
G14 (meta) G15 | 0.08990 | 0.08990 | 0.08990 | 0.08990 | 0.08990 | 0.10150
G13 (meta) G14 | 0.12950 | 0.12950 | 0.12950 | 0.12090 | 0.12950 | 0.12950
G12 (meta) G13 | 0.01126 | 0.01126 | 0.00844 | 0.01986 | 0.01126 | 0.01126
G11 (meta) G12 | 0.02020 | 0.02020 | 0.02302 | 0.02020 | 0.02020 | 0.02020
G7 (meta) G18 0.09210 | 0.09210 | 0.09210 | 0.09210 | 0.09210 | 0.09210
G2 (meta) G18 0.19724 | 0.19724 | 0.19724 | 0.19724 | 0.19724 | 0.19724
G11 (meta) G18 | 0.12354 | 0.12354 | 0.12354 | 0.12354 | 0.12354 | 0.12354
G12 (meta) G18 | 0.10334 | 0.10334 | 0.10052 | 0.10334 | 0.10334 | 0.10334
G9 (meta) G18 0.13476 | 0.13476 | 0.13476 | 0.13476 | 0.13476 | 0.13476
G4 (meta) G14 0.12532 | 0.12532 | 0.12532 | 0.12532 | 0.12532 | 0.12532
G3 (meta) G13 0.07532 | 0.07532 | 0.07532 | 0.08392 | 0.07532 | 0.07532
G3 (meta) G18 0.16740 | 0.16740 | 0.16740 | 0.16740 | 0.16740 | 0.16740
G3 (meta) G4 0.07950 | 0.07950 | 0.07950 | 0.07950 | 0.07950 | 0.07950
G2 (meta) G3 0.02984 | 0.02984 | 0.02984 | 0.02984 | 0.02984 | 0.02984
G3 (meta) G14 0.20482 | 0.20482 | 0.20482 | 0.20482 | 0.20482 | 0.20482
G11 (meta) G17 | 0.03044 | 0.03044 | 0.03044 | 0.03044 | 0.02062 | 0.03044
G12 (meta) G17 | 0.05064 | 0.05064 | 0.05346 | 0.05064 | 0.04082 | 0.05064
G9 (meta) G17 0.01922 | 0.01922 | 0.01922 | 0.01922 | 0.00940 | 0.01922
G17 (meta) G18 | 0.15398 | 0.15398 | 0.15398 | 0.15398 | 0.14416 | 0.15398
G8 (meta) G9 0.05224 | 0.05224 | 0.05224 | 0.05224 | 0.05224 | 0.05224
G8 (meta) G18 0.08252 | 0.08252 | 0.08252 | 0.08252 | 0.08252 | 0.08252
G3 (meta) G8 0.08488 | 0.08488 | 0.08488 | 0.08488 | 0.08488 | 0.08488
G4 (meta) G8 0.00538 | 0.00538 | 0.00538 | 0.00538 | 0.00538 | 0.00538
G8 (meta) G17 0.07146 | 0.07146 | 0.07146 | 0.07146 | 0.06164 | 0.07146
G8 (meta) G7 0.00958 | 0.00958 | 0.00958 | 0.00958 | 0.00958 | 0.00958
G6 (meta) G7 0.06766 | 0.06766 | 0.06766 | 0.06766 | 0.06766 | 0.06766
G6 (meta) G11 0.03622 | 0.03622 | 0.03622 | 0.03622 | 0.03622 | 0.03622
G8 (meta) G19 0.16556 | 0.16556 | 0.16556 | 0.16556 | 0.16556 | 0.16556
G7 (meta) G19 0.15598 | 0.15598 | 0.15598 | 0.15598 | 0.15598 | 0.15598
G4 (meta) G19 0.16018 | 0.16018 | 0.16018 | 0.16018 | 0.16018 | 0.16018
G19 (meta) G18 | 0.24808 | 0.24808 | 0.24808 | 0.24808 | 0.24808 | 0.24808
G1 (meta) G2 0.05444 | 0.05444 | 0.05444 | 0.05444 | 0.05444 | 0.05444
G1 (meta) G4 0.16378 | 0.16378 | 0.16378 | 0.16378 | 0.16378 | 0.16378
G5 (meta) G19 0.14654 | 0.14654 | 0.14654 | 0.14654 | 0.14654 | 0.14654
G5 (meta) G4 0.01364 | 0.01364 | 0.01364 | 0.01364 | 0.01364 | 0.01364
G1 (meta) G5 0.15014 | 0.15014 | 0.15014 | 0.15014 | 0.15014 | 0.15014
G5 (meta) G6 0.05822 | 0.05822 | 0.05822 | 0.05822 | 0.05822 | 0.05822
G5 (meta) G7 0.00944 | 0.00944 | 0.00944 | 0.00944 | 0.00944 | 0.00944
G16 (meta) G15 | 0.04560 | 0.04560 | 0.04560 | 0.04560 | 0.04560 | 0.03400
G12 (meta) G16 | 0.00526 | 0.00526 | 0.00244 | 0.00526 | 0.00526 | 0.00526
G13 (meta) G16 | 0.00600 | 0.00600 | 0.00600 | 0.01460 | 0.00600 | 0.00600
G16 (meta) G17 | 0.05590 | 0.05590 | 0.05590 | 0.05590 | 0.04608 | 0.05590
G14 (meta) G16 | 0.13550 | 0.13550 | 0.13550 | 0.13550 | 0.13550 | 0.13550
G9 (meta) G16 0.03668 | 0.03668 | 0.03668 | 0.03668 | 0.03668 | 0.03668
G8 (meta) G10 0.10574 | 0.10292 | 0.10574 | 0.10574 | 0.10574 | 0.10574
G9 (meta) G10 0.15798 | 0.15516 | 0.15798 | 0.15798 | 0.15798 | 0.15798
G10 (meta) G14 | 0.01420 | 0.01702 | 0.01420 | 0.01420 | 0.01420 | 0.01420
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G10 (meta) G11 | 0.14676 0.14394 | 0.14676 | 0.14676 | 0.14676 | 0.14676
G3 (meta) G10 0.19062 0.18780 0.19062 | 0.19062 | 0.19062 | 0.19062
G10 (meta) G13 | 0.11530 0.11248 0.11530 | 0.10670 | 0.11530 | 0.11530
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2.1.4. Unsupervised Machine learning analysis of
associated with SARS-CoV-2 Spike RBD (Chain E)

point mutations

To analyze the impact of point mutations associated with SARS-CoV-2 Spike RBD (Chain E), we
employed our previous novel approach combining graph theory and machine learning [61, 86, 87].
Our method utilized graph-theoretic molecular weighted invariants or descriptors, as detailed in
Table 4, for the wildtype SARS-CoV-2 Spike RBD (Chain E) and its mild and severe mutations. We
applied an unsupervised machine learning technique, specifically hierarchical clustering, to visualize
the variations between each SARS-CoV-2 Spike RBD (Chain E) point mutation and the wildtype
SARS-CoV-2 Spike RBD (Chain E). Hierarchical clustering provided insights into the structure and
relationships within the datasets. The analysis was conducted using R statistical software, employing
the single linkage function and Euclidean distance to generate a dendrogram for the SARS-CoV-2
Spike RBD mutation phenotypes. We opted for the single-linkage function to minimize potential
biases in clustering the SARS-CoV-2 Spike RBD (Chain E)-related point mutations [104, 105]. This
approach allowed us to create a visual representation of how virtual SARS-CoV-2 Spike RBD (Chain
E)-related point mutations affected the entire SARS-CoV-2 Spike RBD (Chain E) structure in
comparison to the wildtype. Through this approach we were able to distinguish how the different
virtual mutations were differed from the wildtype, providing an insight into how the point mutations
impacted the entire SARS-CoV-2 Spike RBD.

2.2. Ab Initio Modeling of Mutated Protein Sequences Using I-TASSER

To further elucidate the structural and functional implications of spike protein mutations, we
implemented an ab initio modeling approach using the I-TASSER platform [93]. This state-of-the-art
predictive modeling tool was employed to generate high-resolution, three-dimensional structural
models of the spike protein variants [93, 94, 106]. The I-TASSER algorithm utilizes a hierarchical
approach, combining threading, fragment assembly, and atomic-level structure refinement to predict
protein structure and function. We input the mutated spike protein sequences into the I-TASSER
server[95], which then produced detailed structural models. These models were analyzed to identify
potential alterations in protein folding, binding site configurations, and overall conformational
changes resulting from the point mutations. The visual representations derived from this process
provided crucial insights into the molecular-level effects of the mutations, complementing our graph-
theoretic modeling approach. By integrating these computational methodologies, we were able to
establish a comprehensive framework for understanding the relationship between sequence-level
mutations and their macromolecular consequences, offering a multifaceted view of the spike
protein's structural and functional adaptations.

2.3. Molecular Dynamics Simulations of Wildtype and Mutated Proteins
in Water

To complement our findings from graph-theoretic modeling, we explored whether molecular
dynamics simulations can adequately replicate the effects of point mutations leading to diverse
phenotypes among the COVID-19 mutations analyzed in this work. MD simulations were employed
to investigate the binding interactions and stability of wildtype and mutated proteins in a dynamic
state. Using the WebGRO for Macromolecular Simulations server[111] based on GROMACS [107],
modeled structures were prepared in orthorhombic simulation boxes solvated with simple point
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charge (SPC) water, counterions, and 0.15 M NaCl to mimic physiological conditions. Energy
minimization was performed using the steepest descent integrator, followed by equilibration at 300 K
and 1.1023 bar [112][108]. For robustness, triplicate 50 ns simulations were conducted with varied
random sampling seed inputs. Similarly, wildtype protein structures from PDB and mutated variants
generated via I-TASSER [93] were solvated using SPC/E water models, with the OPLS-AA force
field describing protein interactions. Position restraints on protein atoms were applied during initial
equilibration before full MD production runs. To further validate our findings, we conducted a
confirmatory test using MD simulations. The simulation was performed over an extended period of
100 nanoseconds to ensure comprehensive sampling of the molecular behavior. This approach
allowed us to observe the dynamic properties of the system over a longer timescale, providing
additional insights into the stability and conformational changes of the molecular structures under
study. Post-simulation analyses included root mean square deviation (RMSD) plots to assess
trajectory stability and deviations in atomic positions. Minimum and maximum RMSD values,
standard deviations, and standard errors were calculated to compare wildtype and mutated variants.
Additionally, the Kolmogorov-Smirnov test was used to determine whether mutations altered the
distribution of protein conformations relative to the wildtype. Visualization and analysis of
trajectories were performed using VMD [113][109] and BIOVIA Discovery Studio (Dassault
Systemes BIOVIA. Discovery Studio Modeling Environment, Release 2017. Dassault Systemes; San
Diego, CA, USA. 2017). This comprehensive approach enabled a detailed comparison of protein-
water interactions and stability across variants, providing insights into mutational effects on protein
behavior.

3. Results

3.1. Graph-Theoretic Modeling Reveals Impact of Point Mutations on
SARS-CoV-2 Spike RBD

We developed a three-level weighted hierarchical graph-theoretic model of the SARS-CoV-2 Spike
RBD corresponding to chain E (shown in Figure 4). The model consisted of a foundation level with
20 vertex-weighted amino acids, a middle level with 19 vertex-weighted subdomain graphs, and a
top level where subdomain graphs are consolidated into single weighted vertices. Key features of the
model included vertex connections established using a 6-angstrom proximity threshold, subdomain
graph vertex weights based on molar mass changes between adjacent vertices per average degree,
and a virtual mutation process applied for five specific mutations (K417N, N440K, L452R, N501Y,
E484A). Mutant-specific vertex-weighted graphs were created using I-TASSER[93] for ab initio
modeling, and new graph-theoretic molecular descriptors were computed for mutated subdomains
and applied to the top-level graph. This approach enabled observation of both local (subdomain) and
global (entire RBD) effects of each point mutation on the SARS-CoV-2 Spike protein, facilitating
understanding of how point mutations lead to different COVID-19 phenotypes.
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Figure 5 presents a dendrogram using the graph-theoretic invariants/descriptors from Table 4 (see
methods section), offering a visual representation of the impact of each virtual point mutation on the
SARS-CoV-2 Spike RBD (Chain E) relative to the wildtype structure. This hierarchical clustering
diagram illustrates the structural and functional relationships between the mutated variants and the
original wildtype RBD (Chain E).
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Figure 5: Clustering analysis of COVID-19 mutation-associated point mutations in SARS-CoV-2 RBD. This figure illustrates the
hierarchical clustering of point mutations associated with different phenotypes of COVID-19 in the SARS-CoV-2 RBD. The analysis
was performed using R statistical software, employing molecular descriptors of the top-level graph (as listed in Table 4) with the built-
in functions ‘hclust’ and single linkage method. Euclidean distance was used as the similarity measure for clustering.

Dendrogram analysis (Figure 4) revealed varying degrees of divergence between the wildtype and
the analyzed mutations based on Euclidean distance. The severe N501Y mutation, characterized by
the substitution of asparagine with tyrosine at position 501, showed the greatest divergence from the
wildtype, with an approximate Euclidean distance of 0.023. The L425R mutation, involving the
replacement of leucine with a positively charged arginine at position 425, also exhibited a significant
difference, with a Euclidean distance of approximately 0.019. Similarly, the E484A mutation, where
glutamic acid is substituted with alanine at position 484, demonstrated a divergence of approximately
0.017 Euclidean distance from the wildtype. In contrast, the K147N mutation, which replaces lysine
with asparagine at position 147 within the N-terminal domain, was closer to the wildtype but still
distinct, with an approximate Euclidean distance of 0.007. These results underscore the structural and
functional variability introduced by these mutations relative to the wildtype.

3.2 Ab initio Models Reveal Structural Alterations in Mutated SARS-
CoV-2 Spike RBD
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To gain deeper insights into the impact of COVID-19-specific mutations on the SARS-CoV-2 Spike
RBD (Chain E) protein conformation, ab initio models were generated using [-TASSER[95] and
visualized in Cytoscape [100]. These models provide a comparative view of selected point mutations
(N440K, E484A, N501Y, K417N, and L452R) against the wildtype structure. Figures 6, 7, and 8
illustrate the structural changes induced by each mutation, revealing that even a seemingly mild
mutation like E484A can significantly affect secondary structures and global protein folding. The
models demonstrate alterations in protein folding patterns, changes in structural integrity, and
modifications to local and global conformations. These visualizations highlight the profound impact
of mutations on the SARS-CoV-2 Spike RBD, emphasizing how small changes can lead to
substantial structural rearrangements. Such alterations may influence the virus's infectivity, immune
evasion, and interaction with the ACE2 receptor. Notably, the N501Y mutation shows significant
local and regional changes in the ab initio model, affecting protein folding and structural integrity.
These modifications are more pronounced when compared to the wild-type structure, indicating that
the N501Y mutation substantially impacts the RBD's conformation as shown by the Ab initio
modeling results in Figure 7F. The E484A mutation, despite appearing mild, demonstrates
detrimental effects on secondary structures and global protein folding (see Figure 6A). Other
mutations (N440K, K417N, L452R) exhibit varying degrees of impact on the RBD structure (see
Figure 7A, 8 and 6D), potentially influencing the spike protein's function and stability. These
structural insights provide a foundation for understanding the molecular mechanisms behind the
enhanced transmissibility and potential immune evasion of SARS-CoV-2 variants, contributing to
our knowledge of the virus's evolution and informing future therapeutic strategies.

.
b
/
Figure 6: Local and global effects of mutations E484A and L452R on the SARS-CoV-2 Spike RBD (Chain E) compared to
wildtype. (A) Mutated subdomain graph G15 illustrating the mild E484A mutation. (B) Ab initio model of wildtype SARS-CoV-2
Spike RBD (Chain E). (C) Ab initio model of SARS-CoV-2 Spike RBD (Chain E) following the mild E484A mutation. (D) Mutated
subdomain graph G13 depicting the severe L452R mutation. (E) Ab initio model of wildtype SARS-CoV-2 Spike RBD (Chain E). (F)

Ab initio model of SARS-CoV-2 Spike RBD (Chain E) after the severe L452R mutation, illustrating significant alterations in protein
folding and structural integrity.
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Figure 7: Local and global effects of mutations K417N and N501Y on the SARS-CoV-2 Spike RBD (Chain E) compared to
wildtype. (A) Mutated subdomain graph G10 illustrating the mild K417N mutation. (B) Ab initio model of wildtype SARS-CoV-2
Spike RBD (Chain E). (C) Ab initio model of SARS-CoV-2 Spike RBD (Chain E) following the mild K417N mutation. (D) Mutated
subdomain graph G17 depicting the severe N501Y mutation. (E) Ab initio model of wildtype SARS-CoV-2 Spike RBD (Chain E). (F)

Ab initio model of SARS-CoV-2 Spike RBD (Chain E) after the N501Y mutation, illustrating significant alterations in protein folding
and structural integrity
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Figure 8: Local and global effects of mutation N440K on the SARS-CoV-2 Spike RBD (Chain E) compared to wildtype. (A)
Mutated subdomain graph G12 illustrating the mild N440K mutation. (B) Ab initio model of wildtype SARS-CoV-2 Spike RBD
(Chain E). (C) Ab initio model of SARS-CoV-2 Spike RBD (Chain E) following the mild N440K mutation.
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3.3. Molecular Dynamic Simulation Analysis Unveil Differential
Structural Stability Between Wildtype and Mutated SARS-Cov-2 Spike
Proteins

To complement our graph-theoretic and ab initio modeling findings, we conducted MD simulations
to investigate the effects of point mutations on COVID-19 variants. These simulations provided
insights into the binding interactions and stability of wildtype and mutated SARS-CoV-2 spike
proteins in dynamic states. Our approach aligns with recent studies that have employed MD
simulations to examine the conformational behavior of SARS-CoV-2 spike protein variants.

We utilized the WebGRO server[111] based on GROMACS[112], to prepare modeled structures in
orthorhombic simulation boxes. The proteins were solvated with simple point charge (SPC) water,
counterions, and 0.15 M NaCl to mimic physiological conditions. Energy minimization was
performed using the steepest descent integrator, followed by equilibration at 300 K and 1.1023 bar.
For robustness, we conducted triplicate 50 ns simulations with varied random sampling seed inputs.
Both wildtype protein structures from PDB and mutated variants generated via [-TASSER[95, 102]
were simulated using the OPLS-AA force field and SPC/E water models. The results of our
confirmatory test, which involved molecular simulation and dynamics studies conducted over a 100-
nanosecond period, are presented in the Supplementary section, specifically in Figure 14. This
extended simulation provides additional validation and insights into the molecular behavior observed
in our primary analysis.

Post-simulation analyses focused on RMSD plots to assess trajectory stability and atomic position
deviations. Visualization and analysis of trajectories were performed using VMD and BIOVIA
Discovery Studio (Dassault Systemes BIOVIA. Discovery Studio Modeling Environment, Release
2017. Dassault Systemes; San Diego, CA, USA. 2017). This comprehensive approach enabled
detailed comparisons of protein-water interactions and stability across variants, providing valuable
insights into the effects of mutations on protein behavior in dynamic environments. As illustrated in
Figure 9, RMSD analysis revealed differential structural stability between wildtype and mutated
SARS-CoV-2 spike proteins.
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Figure 9: Molecular dynamics simulations reveal differential structural stability of wildtype and mutated SARS-CoV-2 spike
proteins. Root Mean Square Deviation (RMSD) analysis was performed on wildtype and mutated spike proteins. The wildtype protein
(black) exhibited high stability (RMSD range: 3.00E-07 to 0.284101; mean + SEM: 0.1838 + 0.000381). Mutated proteins showed
varying degrees of instability: E484A (green; range: 4.00E-07 to 0.4477065; mean + SEM: 0.2435 + 0.000727), L452R (pink; mean +
SEM: 0.3224 + 0.000984), K417N (lavender; range: 5.00E-07 to 0.3620131; mean + SEM: 0.2492 + 0.000624), N440K (olive; range:
5.00E-07 to 0.3220472; mean + SEM: 0.2230 + 0.00048), and N501Y (indigo; range: 4.00E-07 to 0.320323; mean + SEM: 0.2279 +
0.000559). Two-sample Kolmogorov-Smirnov tests confirmed significant conformational deviations for all mutations compared to
wildtype (P-value < 2.2e-16, o = 0.05).

As evident from Figure 9, the wildtype protein exhibited high stability with an RMSD range of
3.00E-07 to 0.284101 and a mean + SEM of 0.1838 + 0.000381. In contrast, mutated proteins
demonstrated varying degrees of instability, with E484A showing an RMSD range of 4.00E-07 to
0.4477065 and a mean + SEM of 0.2435 £ 0.000727, and L452R displaying a mean + SEM of
0.3224 + 0.000984. Other mutations, including K417N, N440K, and N501Y, also exhibited increased
instability compared to the wildtype as depicted in Figure 9.

Two-sample Kolmogorov-Smirnov tests[114] confirmed significant conformational deviations for all
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mutations compared to wildtype (P < 2.2e-16, a = 0.05, see Figure 9A-F). To further validate our
initial findings, we conducted an extended MD simulation for 100 nanoseconds. This confirmatory
test revealed significant conformational deviations for all mutant structures compared to the
wildtype. The results of these extended MD simulations provide additional evidence supporting the
structural impacts of the mutations we investigated. Detailed trajectory analysis, including RMSD
plots, are provided in the representative structural snapshots, are presented in Figure 14 in the
supplementary section.

Discussion

Principal Results

The dendrogram analysis (Figure 5) highlights significant structural and functional differences
between several mutations and the wildtype SARS-CoV-2 spike protein, particularly the N501Y,
L452R, E484A, and K147N mutations. These differences, quantified by Euclidean distances from
the wildtype, reflect the profound alterations induced by these mutations. The N501Y mutation
(Asparagine to Tyrosine at position 501) and L452R mutation (Leucine to Arginine at position 452)
exhibit substantial deviations from the wildtype, with Euclidean distances of approximately 0.023
and 0.019, respectively. These mutations significantly impact the Spike RBD, enhancing infectivity
and immune evasion. As illustrated in Figure 4, these mutations are distinctly clustered within the
dendrogram, highlighting their significant divergence from the wildtype. The notable Euclidean
distances (N501Y: 0.023 and L452R: 0.019) indicate substantial structural alterations, which
correspond to their clinical relevance in enhancing viral transmission and facilitating immune escape.
Specifically, the N501Y mutation increases binding affinity to the human ACE2 receptor, enhancing
viral transmissibility and infectivity. It has been linked to variants of concern such as Alpha, Beta,
and Gamma and enables infection across a broader range of hosts, including mice. This mutation
represents a critical adaptive change in SARS-CoV-2 evolution, underscoring its role in the
pandemic [30, 104, 105]. Similarly, the L452R mutation introduces a positively charged arginine in
place of leucine within a hydrophobic region of the RBD. This disrupts local hydrophobic
interactions and destabilizes the protein structure, contributing to immune evasion and enhanced
infectivity. The dendrogram clustering (Figure 4) underscores its significant impact, consistent with
clinical observations of resistance to neutralizing antibodies and increased viral transmission [106,
107].

The E484A mutation (Glutamic Acid to Alanine at position 484) and the K147N mutation (Lysine to
Asparagine at position 147) also exhibit deviations from the wildtype, with Euclidean distances of
approximately 0.017 and 0.0075, respectively. Although these mutations show less pronounced
structural alterations compared to N501Y and L452R, as indicated by their Euclidean distances in
Figure 5, they still represent significant changes in protein structure and function, as illustrated in
Figure 5. Research has demonstrated that the E484A mutation impairs antibody recognition,
enhancing immune evasion [108]. Similarly, the K147N mutation, located in the N-terminal domain,
reduces neutralization by antibodies [109, 110]. Although their effects are milder compared to
N501Y and L452R, these findings highlight that even seemingly minor mutations can induce
important structural changes with functional consequences.

Our study utilized I-TASSER [93] models and Cytoscape visualizations to investigate structural
changes in mutated Receptor Binding Domains (RBDs) of the SARS-CoV-2 Spike protein. The
analysis revealed significant alterations in the mutated RBDs compared to the wildtype, both at the
local mutation sites and in the overall RBD conformation. These findings suggest potential long-
range effects on protein dynamics. Our visualizations highlighted localized changes in protein
folding near mutation sites, and potential impacts on the overall stability and flexibility of the RBD.
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These structural changes provide a molecular basis for understanding the observed impacts on
binding affinity and dynamics of the Spike protein. A prime example of these effects is the N501Y
mutation in the SARS-CoV-2 Spike RBD, known to enhance ACE2 receptor binding. Our study
showed that this mutation induces significant local and regional changes in the ab initio model of
Chain E. Specifically, N501Y leads to substantial alterations in protein folding and notable changes
in structural integrity. These modifications are more pronounced when compared to the wild-type
structure, indicating that the N501Y mutation substantially impacts the RBD's conformation. Such
structural changes suggest that this mutation may have considerable implications for the RBD's
function, potentially affecting viral behavior and interactions with host cells.

Additionally, our research, as demonstrated in Figure 6, further illustrates that even small local
perturbations can significantly affect the overall structure of the spike protein's RBD. Both L452R
and N501Y mutations disrupt protein folding and secondary structures of the SARS-CoV-2 Spike
protein RBD, as evident from our results in Figures 6, 7, and 8. Consistent with research findings, the
L452R mutation, at a local level, introduces a positively charged residue that alters hydrophobic
interactions and stability. On a global scale, it enhances spike protein stability, promotes viral fusion
with host membranes, and strengthens ACE2 receptor binding [110]. Similarly, the N501Y mutation
is known to form additional hydrogen bonds and n-nt interactions with ACE2 locally, while globally
shifting the spike protein into an "open" prefusion conformation that facilitates receptor engagement.
Collectively, these mutations increase ACE2 binding affinity, enhance viral infectivity and
transmissibility, and contribute to immune evasion by reducing neutralizing antibody recognition.

Conclusively, our ab initio models offer a valuable structural framework for interpreting
experimental data on these mutations. They also provide hypotheses for future investigations into
their functional consequences, such as altered receptor binding or antibody recognition. This research
contributes significantly to our understanding of how SARS-CoV-2 mutations affect the virus's
structure and function, potentially informing future strategies for treatment and prevention.

To gain further insights into the structural stability and dynamic behavior of both wildtype and
mutated spike proteins, we conducted two sets of MD simulations. Initially, we performed
preliminary simulations for 50 nanoseconds, with results presented in Figure 9 of the main text,
providing a foundational understanding of short-term dynamics and structural changes. To validate
and extend these observations, we carried out longer, more comprehensive MD simulations for 100
nanoseconds, with results detailed in Figure 14 of the supplementary section. Both sets of
simulations offered valuable additional insights, with the extended 100ns simulations allowing us to
observe longer-term conformational changes and stability patterns, thus providing a more robust
confirmation of our initial findings. These MD studies complemented our static structural analyses,
offering a dynamic perspective on the effects of mutations on the spike protein's behavior over time.
RMSD analysis revealed that the wildtype protein maintains a stable structure with minimal
fluctuations (range RMSD: 3.00E-07 to 0.284101; mean + SEM RMSD: 0.1838 +0.000381). In
contrast, mutated proteins exhibited varying degrees of instability. Our results suggested that the
E484A mutation showed increased structural flexibility (range RMSD: 4.00E-07to 0.4477065; mean
+ SEM RMSD: 0.2435 + 0.000727), with statistically significant deviations from the wildtype. The
L452R mutation caused the greatest instability among analyzed mutations with a mean RMSD of
0.3224 (standard error: 0.000984), reflecting its disruptive effect on protein conformation. The
K417N mutation induced moderate instability (range RMSD: 5.00E-07 to 0.3620131; mean + SEM
RMSD: 0.2492+0.000624), while the N440K mutation remains relatively stable (range RMSD:
5.00E-07 to 0.3220472; mean + SEM RMSD: 0.2230+ 0.00048) but still deviates significantly from
the wildtype. The N501Y mutation introduced structural changes with a mean + SEM RMSD of
0.2279 + 0.000559 and range RMSD: 4.00E-07 to 0.320323, with its global shape remains relatively
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altered compared to the wildtype.

The two-sample Kolmogorov-Smirnov statistical test [114] confirmed that both mild mutations
(E484A, N440K, K417N) and severe mutations (L452R and N501Y) resulted in significant
conformational deviations in terms of their distributions from the wildtype for 50ns (see Figure 9A-
F), with all P-values < 2.2e-16 at an alpha level of 0.05. A 100 ns MD simulation of wildtype and
mutated SARS-CoV-2 spike proteins revealed significant differences in structural stability (see
Figure 14, supplementary section). The wildtype protein exhibited moderate stability with an RMSD
range of 3.00E-07 to 0.3198064 and a mean of 0.235059314 + 0.000494983. Mutated proteins
showed varying degrees of stability: E484A (range: 4.00E-07 to 0.4236228; mean + SEM:
0.310775795 + 0.00089635), K417N (range: 4.00E-07 to 0.4897364; mean + SEM: 0.336187979 +
0.000896928), L452R (range: 5.00E-07 to 0.561134; mean + SEM: 0.415135078 + 0.000956638),
N440K (range: 1.10E-06 to 0.3744204; mean + SEM: 0.212346294 + 0.000861528), and N501Y
(range: 3.00E-07 to 0.3636647; mean + SEM: 0.252887616 + 0.000484278). E484A, K417N, and
L452R mutations displayed higher RMSD values, indicating increased instability compared to the
wildtype. Notably, the L452R mutation demonstrated the highest instability among severe mutations.
In contrast, N440K mutation showed lower RMSD means, suggesting milder effects on protein
stability. These findings indicate that mutations can substantially impact the structural dynamics of
the spike protein, potentially affecting its function and interactions with host receptors. The observed
changes in structural stability across different mutations correlate with clinical observations,
suggesting a mechanistic link between altered protein dynamics and enhanced viral properties[109,
110, 112, 113]. Specifically, these structural changes may contribute to the increased infectivity,
immune evasion capabilities, and resistance to therapeutic antibodies observed in variants carrying
these mutations. This alignment between MD simulations and clinical data underscores the
importance of studying protein structural changes in understanding and predicting the behavior of
SARS-CoV-2 variants [109, 110, 112, 113].

Comparison with Prior Work

A few studies have applied graph-theoretic models to investigate the effects of point mutations on
protein structures and their associated disease phenotypes [86, 87, 112]. This research on SARS-
CoV-2 spike protein mutations, particularly N501Y, L452R, E484A, and K147N, provides a detailed
computational molecular analysis of the structural and functional alterations induced by these
mutations. Specifically, it highlights the impact of mutations on the RBD of the spike protein,
quantified using Euclidean distances and MD simulations. For instance, the N501Y and L452R
mutations significantly disrupt protein folding, enhance ACE2 binding affinity, and contribute to
immune evasion [22, 30, 31, 43]. These findings align with previous studies like Knisley et al.'s
graph-theoretic analysis of cystic fibrosis mutations in NBD1 of CFTR proteins, which quantified
local and global structural changes caused by mutations [112]. However, unlike prior studies that
relied solely on graph-theoretic metrics to model structural perturbations in CFTR proteins [23, 86,
87, 112-114], this research integrated MD simulations to compute RMSD values for mutated spike
proteins in comparison to the wildtype. This approach reveals varying degrees of instability among
the analyzed mutations, providing insights into mutation-induced conformational dynamics absent in
earlier works. Similarly, while Kakraba et al. focused on CFTR mutations in NBD2 [61, 86], and
Netsey et al. examined point mutations like Glu6Val in sickle cell hemoglobin [87] this study
uniquely addresses structural changes in SARS-CoV-2 spike protein RBD mutations. By combining
quantitative approaches with molecular-level dynamics, this research offers additional strengths over
previous methodologies that primarily used graph-theoretic models to analyze mutation effects [86,
87, 112]. Together, these complementary studies underscore the diverse applications of
computational methods in unraveling mutation-driven phenomena across biological systems. While
previous research has addressed distinct biological contexts—such as cystic fibrosis, sickle cell
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disease, our current research emphasizes the importance of integrating multifaceted approach such as
ab initio modeling and MD simulations and to achieve a deeper understanding of mutation-induced
structural and functional changes.

Limitations and Future Directions

Despite these valuable insights from graph-theoretic analysis and MD simulations, certain limitations
remain with this current study. Specifically, our graph-based model struggled to fully capture the
impact of mutations like N440K—associated with increased infectivity and immune evasion—as it
may require more comprehensive molecular descriptors [112, 113]. To address this concern, future
research should aim to refine these models for better representation of such mutations. Additionally,
other mutations like S477N and T478K might be included in future studies. Also, future studies can
use our graph-theoretic modeling approach to predict point mutations with potentially devastating
consequences by analyzing changes in vertex weights and combinatorial descriptors in protein
structure graphs, thereby providing a valuable tool for disease surveillance and early intervention
strategies.

Conclusions

This study provides a detailed computational analysis of key SARS-CoV-2 spike protein mutations,
including N501Y, L452R, E484A, and K147N, and their structural and functional impacts. Using
dendrogram clustering, Euclidean distance measurements, and MD simulations, the research
highlights how these mutations disrupt protein stability and alter the RBD. Mutations such as N501Y
and L452R significantly enhance ACE2 binding affinity, viral transmissibility, and immune evasion,
while even milder mutations like E484A and K147N contribute to structural perturbations and
reduced antibody recognition. RMSD analysis revealed varying degrees of instability among mutated
proteins, with L452R causing the greatest disruption. These findings align with clinical observations
of increased infectivity and immune resistance associated with these mutations. While the study
underscores the utility of computational models in understanding mutation-driven phenomena, it also
highlights areas for future research, such as refining models to better capture the effects of additional
mutations like S477N and T478K.

Overall, this research advances our understanding of SARS-CoV-2 evolution and provides critical
insights for monitoring viral mutations and developing effective therapeutic strategies.
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Abbreviations

RBD: Receptor Binding Domain

N501Y: Asparagine replaced with Tyrosine at position 501

L452R: Leucine replaced by Arginine at position 452

K417N: Lysine replaced with Asparagine at position 417.

E484A: Glutamic Acid replaced with Alanine at position 484

COVID-19: Coronavirus Disease 2019

SARS-CoV-2: Severe Acute Respiratory Syndrome Coronavirus 2
Graph-theoretic model: A model using graph theory for structural analysis
3CL: 3C-like protease, also known as main protease

N440K: Asparagine replaced with Lysine at position 440

S477N: Serine replaced with Asparagine at position 477

ACE?2 receptor: Angiotensin-Converting Enzyme 2 receptor

T478K: Threonine replaced by Lysine at position 478

E484A: Amino acid glutamic acid (E) at position 484 is replaced by alanine (A)
VOCs: Variants of Concern

B.1.1.7: Alpha variant, first identified in the United Kingdom

UK: United Kingdom

P.1: Gamma variant, first identified in Brazil

P2: A lineage of the Gamma variant, identified in Brazil

B.1.351: Beta variant, first identified in South Africa

E484K: Glutamic Acid replaced with Lysine at position 484

PPI: Protein-Protein Interaction

CF: Cystic Fibrosis

SCD: Sickle Cell Disease

Y1219G: Tyrosine replaced by Glycine at position 1219

G1271E: Glycine to Glutamic Acid mutation at position 1271

1A3N: PDB ID for the structure of the hemoglobin protein

E6V: Glutamic Acid is replaced by Valine at position 6mutation

V231l Valine replaced by Isoleucine at position 23

K82N Lysine replaced by Asparagine at position 82

ACE2 Angiotensin-Converting Enzyme 2

6MO0J PDB ID for the structure of the SARS-CoV-2 spike protein bound to ACE?2
UCSF Chimera A visualization software for interactive molecular visualization
RBM Receptor-Binding Motif

I-TASSER Iterative Threading Assembly Refinement, a method for predicting protein structure and
function

CRISPR-Cas9 Clustered Regularly Interspaced Short Palindromic Repeats and CRISPR-associated
protein 9, a technology for editing genomes

RSMD: Root Mean Square Deviation

SEM: Standard Error of the Mean

CFTR: Cystic Fibrosis Transmembrane Conductance Regulator

https://preprints.jmir.org/preprint/ 73637 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Netsey et a

CF:

Cystic Fibrosis

NBD1: Nucleotide Binding Domain 1
NBD2: Nucleotide Binding Domain 2
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Structure of SARS-CoV-2 spike receptor-binding domain (RBD). A) Quaternary structure of the SARS-CoV-2 spike RBD
(Chain E) in complex with ACE2. The RBD forms a concave outer surface that accommodates the N-terminal helix of ACE2,
illustrating the key interaction interface for viral entry. The RBD is shown in one color, while ACE2 is depicted in a contrasting
color to highlight the binding interface. B) Secondary structure of the SARS-CoV-2 spike RBD. The RBD features a twisted
five-stranded antiparallel ? sheet (71, 22, 23, ?4, and ?7) with short connecting helices and loops. Four disulfide bonds are
present: three in the core (Cys336-Cys361, Cys379-Cys432, and Cys391-Cysb25) stabilizing the ? sheet structure, and one
(CysA80—Cys488) connecting loops at the distal end of the receptor-binding motif (RBM).
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Network Graph of SARS-CoV-2 Spike Receptor-Binding Domain (RBD). Thisfigureillustrates a network graph representation
of the SARS-CoV-2 Spike protein's RBD, derived from the crystal structure 6M0J obtained from the Protein Data Bank. Each
vertex in the graph represents an individual amino acid residue of the RBD. Edges connecting these vertices were established
using a 6-angstrom proximity threshold, where two residues are connected if any of their atoms are within 6A of each other.
This representation provides a comprehensive view of the RBD structure, from individual amino acids to their network

interactions.
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Subdomain graphs of SARS-CoV-2 Spike protein RBD (Chain E) where N501Y and L452R mutations occur. A) Subdomain
graph for G13 containing N501Y mutation. B) Subdomain graph for G17 containing L452R mutation. Ab initio models were
generated for each subsequence, employing a proximity threshold of 6 angstroms and determining endpoints based on each
amino acid residue's center of mass. These graphs illustrate the local structural context surrounding the mutation sites, with
nodes representing amino acid residues and edges indicating spatial proximity. The central nodes (N501Y in A and L452R in
B) highlight the locations of the severe mutations, while surrounding nodes depict neighboring residues that may influence or

be affected by these mutations. This representation aids in visualizing potential structural and functional impacts of these
critical mutations on the Spike protein's RBD.
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Hierarchical Graph Model of SARS-CoV-2 Spike Receptor-Binding Domain (RBD) Chain E. This figure depicts athree-level
hierarchical graph model of the SARS-CoV-2 Spike RBD (Chain E), illustrating the protein's structure and interactions at
different scales. The lower level shows 20 vertex-weighted amino acids, the middle level presents 19 vertex-weighted
subdomain graphs, and the top level displays a condensed view with single weighted vertices representing each subdomain.
Edges between vertices are established using a 6-angstrom proximity threshold, providing a comprehensive view from
individual amino acids to subdomain interactions.
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Clustering analysis of COVID-19 mutation-associated point mutationsin SARS-CoV-2 RBD. Thisfigure illustrates the
hierarchical clustering of point mutations associated with different phenotypes of COVID-19 in the SARS-CoV-2 RBD. The
analysis was performed using R statistical software, employing molecular descriptors of the top-level graph (aslisted in Table
4) with the built-in functions ‘hclust’” and single linkage method. Euclidean distance was used as the similarity measure for
clustering.
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Local and global effects of mutations E484A and L452R on the SARS-CoV-2 Spike RBD (Chain E) compared to wildtype. (A)
Mutated subdomain graph G15 illustrating the mild E484A mutation. (B) Ab initio model of wildtype SARS-CoV-2 Spike
RBD (Chain E). (C) Ab initio model of SARS-CoV-2 Spike RBD (Chain E) following the mild E484A mutation. (D) M utated
subdomain graph G13 depicting the severe L452R mutation. (E) Ab initio model of wildtype SARS-CoV-2 Spike RBD (Chain
E). (F) Abinitio model of SARS-CoV-2 Spike RBD (Chain E) after the severe L452R mutation, illustrating significant
alterations in protein folding and structural integrity.
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Local and global effects of mutations K417N and N501Y on the SARS-CoV-2 Spike RBD (Chain E) compared to wildtype.
(A) Mutated subdomain graph G10 illustrating the mild K417N mutation. (B) Ab initio model of wildtype SARS-CoV-2 Spike
RBD (Chain E). (C) Ab initio model of SARS-CoV-2 Spike RBD (Chain E) following the mild K417N mutation. (D) Mutated
subdomain graph G17 depicting the severe N501Y mutation. (E) Ab initio model of wildtype SARS-CoV-2 Spike RBD (Chain
E). (F) Abinitio model of SARS-CoV-2 Spike RBD (Chain E) after the N501Y mutation, illustrating significant alterationsin
protein folding and structural integrity.
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Local and glabal effects of mutation N440K on the SARS-CoV-2 Spike RBD (Chain E) compared to wildtype. (A) Mutated
subdomain graph G12 illustrating the mild N440K mutation. (B) Ab initio model of wildtype SARS-CoV-2 Spike RBD (Chain
E). (C) Abinitio model of SARS-CoV-2 Spike RBD (Chain E) following the mild N440K mutation.
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Molecular dynamics simulations reveal differential structural stability of wildtype and mutated SARS-CoV-2 spike proteins.
Root Mean Square Deviation (RMSD) analysis was performed on wildtype and mutated spike proteins. The wildtype protein
(black) exhibited high stability (RMSD range: 3.00E-07 to 0.284101; mean + SEM: 0.1838 + 0.000381). Mutated proteins
showed varying degrees of instability: E484A (green; range: 4.00E-07 to 0.4477065; mean + SEM: 0.2435 + 0.000727), L452R
(pink; mean + SEM: 0.3224 + 0.000984), K417N (lavender; range: 5.00E-07 to 0.3620131; mean + SEM: 0.2492 + 0.000624),
N440K (olive; range: 5.00E-07 to 0.3220472; mean + SEM: 0.2230 + 0.00048), and N501Y (indigo; range: 4.00E-07 to
0.320323; mean £ SEM: 0.2279 + 0.000559). Two-sample Kolmogorov-Smirnov tests confirmed significant conformational
deviations for all mutations compared to wildtype (P-value < 2.2e-16, ? = 0.05).
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Nested interaction graphs (G1-G6) derived from ab initio modeling of RBD subseguences using I-TASSER. Graphs represent
local structural context of amino acids, with nodes as residues and edges indicating spatial proximity (?6A between residue
centers of mass). A) Subdomain graph G1 corresponding to subsequence S1. B) Subdomain graph G2 corresponding to
subsequence S2. C) Subdomain graph G3 corresponding to subsegquence S3. D) Subdomain graph G4 corresponding to
subsequence S4. E) Subdomain graph G5 corresponding to subsequence Sb. F) Subdomain graph G6 corresponding to

subsequence S6.
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Nested interaction graphs (G7-G12) derived from ab initio modeling of RBD subsequences using I-TASSER. Graphs represent
local structural context of amino acids, with nodes as residues and edges indicating spatial proximity (?6A between residue
centers of mass). A) Subdomain graph G7corresponding to subsequence S7. B) Subdomain graph G8 corresponding to
subsequence S8. C) Subdomain graph G9 corresponding to subsegquence S9. D) Subdomain graph G10 corresponding to
subsequence S10. E) Subdomain graph G11 corresponding to subsegquence S11. F) Subdomain graph G12 corresponding to
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Nested interaction graphs (G13-G18) derived from ab initio modeling of RBD subsequences using I-TASSER. Graphs
represent local structural context of amino acids, with nodes as residues and edges indicating spatial proximity (?6A between
residue centers of mass). A) Subdomain graph G13 corresponding to subsequence S13. B) Subdomain graph G14
corresponding to subseguence S14. C) Subdomain graph G15 corresponding to subseguence S15. D) Subdomain graph G16
corresponding to subsegquence S16. E) Subdomain graph G17 corresponding to subsequence S17. F) Subdomain graph G18

corresponding to subsegquence S18.

A -
am
-
YT T
[
c Ak ATR
LY AE
T
¥
oL A _
!
o
|
LTL
. arr
v T
e
-
P b

L LR}

L L

111111

A

AL AET

WAl 3

bl BN

TV

https://preprints.jmir.org/preprint/ 73637

[unpublished, non-peer-reviewed preprint]



JMIR Preprints

Netsey et a

Nested interaction graphs(G19) derived from ab initio modeling of RBD subsequences using I-TASSER. Graphs represent local
structural context of amino acids, with nodes as residues and edges indicating spatial proximity (?6A between residue centers
of mass). Subdomain graph G19 corresponding to subsequence S19.
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MD simulations reveal differential structural stability of wildtype and mutated SARS-CoV-2 spike proteins. Root Mean Square
Deviation (RMSD) analysis was performed on wildtype and mutated spike proteins. The wildtype protein exhibited moderate
stability (RMSD range: 3.00E-07 to 0.3198064; mean + SEM: 0.235059314 + 0.000494983). Mutated proteins showed varying
degrees of stability: E484A (range: 4.00E-07 to 0.4236228; mean + SEM: 0.310775795 + 0.00089635), K417N (range:
4.00E-07 to 0.4897364; mean + SEM: 0.336187979 + 0.000896928), L452R (range: 5.00E-07 to 0.561134; mean + SEM:
0.415135078 + 0.000956638), N440K (range: 1.10E-06 to 0.3744204; mean + SEM: 0.212346294 + 0.000861528), and N501Y
(range: 3.00E-07 to 0.3636647; mean = SEM: 0.252887616 + 0.000484278). Two-sample Kolmogorov-Smirnov tests
confirmed significant conformational deviations for all mutations compared to wildtype (P-value =0.0000, ? = 0.05), except for
N440K (P-value = 1.43E-232) and N501Y (P-value = 1.18E-64). For all severe mutations, the L452R mutation showed the
highest instability, while N440K exhibited the lowest RM SD mean compared to other mild mutations.
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Multimedia Appendixes
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Supplementary Information: Structural Analysis and Molecular Dynamics of SARS-CoV-2 Spike RBD Mutations.
URL.: http://asset.jmir.pub/assets/5bed99cc404¢135206525404d8c5f 62f . docx
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