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Abstract: The ongoing threat of viral pandemics such as COVID-19 highlights the urgent
need for novel antiviral therapeutics targeting conserved viral proteins. In this study,
peptides of 10-30 kDa derived from the marine diatom Phaeodactylum tricornutum were
identified as potential inhibitors of SARS-CoV-2 main protease (Mpro), a key enzyme in
viral replication. Peptides less than 60 amino acids in length were retrieved from the UniProt
database and aligned with reference antiviral sequences using the Biopython pairwise2
algorithm. Six candidates were selected for structural modeling using AlphaFold2 and
Swiss-Model, followed by molecular docking using ClusPro2. LigPlot+ was used to assess
molecular interactions, while NetMHCpan 4.1 and AVPpred evaluated immunogenicity
and antiviral potential, respectively. Molecular dynamics simulations over 100 ns were
conducted using OpenMM. These peptides demonstrated stable binding interactions with
key catalytic residues of Mpro. Specifically, peptide AOA8J9SAS87 interacted with Cys145
and Glul66, while peptide AOA8J9SDWO exhibited interactions with His41 and Phe140,
both of which are known to be essential for Mpro inhibition. Although peptide AOA8J9X3P8
also interacted with catalytic residues, it exhibited greater structural fluctuations during
molecular dynamics simulations and achieved lower AVPpred scores, suggesting lower
overall antiviral potential. Therefore, AOA8J9SA87 and AOA8J9SDWO were identified
as the most promising candidates. Molecular dynamics simulations further supported
the high structural stability of these peptide-Mpro complexes over a 100 ns timescale,
reinforcing their potential as effective inhibitors. These findings support P. tricornutum as a
valuable source of antiviral peptides and demonstrate the feasibility of in silico pipelines
for identifying therapeutic candidates against SARS-CoV-2.
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1. Introduction

Coronaviruses are RNA viruses that can infect a wide variety of hosts, from birds to
mammals, allowing them to cause outbreaks at different times and regions of the world [1].
In 2002, the first case of severe acute respiratory syndrome (SARS) was reported in Foshan,
China, which resulted in more than 8000 confirmed cases and 919 deaths in just one year.
Subsequently, in 2012, Middle East respiratory syndrome (MERS) emerged, an infection
with an even higher mortality rate, approximately 40% higher than that of SARS [2].

In 2019, a new variant of the SARS-CoV-2 virus caused a global outbreak of atypical
pneumonia in Wuhan, China. Although it had a lower mortality rate than its predecessors,
its high contagion and mutation capacity triggered a global pandemic that lasted until May
2023, when the World Health Organization (WHO) declared its official end [3].

The disease caused by SARS-CoV-2, known as COVID-19, presents with symptoms
similar to those of seasonal influenza, including fever, cough, fatigue, and loss of taste or
smell. By March 2024, the World Health Organization reported over 774 million confirmed
cases and more than 7 million deaths, primarily affecting older adults and individuals with
comorbidities such as cardiovascular disease, obesity, immunosuppression, and diabetes [4].
Additionally, post-infection complications, including neuropathies, have been increasingly
recognized for their impact on patients” quality of life [5].

Given the pandemic potential of coronaviruses, understanding their structural and
molecular characteristics is critical. While vaccination has significantly reduced mortality,
it has not substantially lowered transmission rates or addressed the virus’s high mutation
frequency [6]. Thus, antiviral drug development should focus on compounds that target
highly conserved viral proteins and exhibit properties, such as low toxicity, scalability,
sustainability, and broad-spectrum efficacy [7,8].

Marine organisms, particularly microalgae, are a promising source of novel antiviral
compounds. Notably, marine-derived cytarabine from sponges has proven effective in can-
cer therapy [9], and several microalgal species, including Arthrospira, Chlorella, Dunaliella,
and Haematococcus pluvialis, have demonstrated antiviral activity against Mayaro virus [10].
In addition, Spirulina-derived phycobiliproteins have been investigated for their therapeu-
tic potential [11].

Recent studies have also shown that protein hydrolysates of 10-30 kDa from the mi-
croalga Phaeodactylum tricornutum significantly reduced infection by dengue virus serotype
2 (DENV-2) [12], highlighting the potential of marine peptides in antiviral applications.

In this context, the present study proposes a full in silico approach to identify antiviral
peptides derived from Phaeodactylum tricornutum with potential activity against the main
protease (Mpro) of SARS-CoV-2, which is a key enzyme in the viral replication process.
Using a combination of bioinformatic tools, including sequence alignment, structural mod-
eling, molecular docking, molecular dynamics, immunogenicity prediction, and antiviral
activity screening, we aimed to identify candidate peptides for future in vitro validation
and therapeutic development.

2. Materials and Methods
2.1. Retrieving and Aligning Peptide Sequences

Peptide sequences from Phaeodactylum tricornutum were obtained from the UniProt
database (www.uniprot.org), accessed on 15 May 2024. The dataset was obtained and
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processed using a data management library to guarantee appropriate formatting. Each
peptide sequence was aligned with the dataset, and the alignment scores ranked the
outcomes. The five highest-scoring alignments for each peptide were chosen, along with
information such as organism, sequence length, molecular weight, and protein name.
Peptide sequences containing less than 60 amino acids and with molecular weights below
30 kDa were selected because these criteria characterize conventional short peptides of
significance [13]. Alignment was performed on Google Colab using Python 3.10 and the
Biopython library 1.83, employing the pairwise2.align.globalxx function with reference
sequences as templates (Table 1).

This approach ensures that the entire sequence length is considered during alignment.
Each peptide was aligned against the complete P. tricornutum proteome to examine potential
matches. Alignment scores ranked matches, providing quantitative similarity measures.
The five highest-scoring alignments per peptide were retained.

2.2. Peptidic Modeling

Two computational approaches were applied to model peptide structures using Al-
phaFold2 (https:/ /www.deepmind.com /alphafold) accessed on 1 June 2024 and Swiss-
Model (https:/ /swissmodel.expasy.org) accessed on 1 June 2024. AlphaFold2 employs a
neural network-based method to generate structural models, leveraging multiple sequence
alignments and deep learning to predict highly accurate protein structures. The reliability
of these models was assessed based on the Interface Predicted Template Modeling (ipTM)
score, considering values above 0.8 as reliable indicators of structural accuracy [14].

Swiss-Model, in contrast, utilizes homology-based modeling, in which template iden-
tification is performed through sequence similarity searches in the PDB database. Global
Model Quality Estimate (GMQE) and QMEANDisCo scores were calculated to evaluate
model reliability, incorporating statistical potential and experimental data. The highest-
scoring models, based on the QMEAN and GMQE assessments, were selected for the
subsequent docking analysis. These complementary modeling approaches ensure struc-
tural accuracy, providing a robust foundation for downstream molecular docking and
dynamic simulations [15,16].

2.3. Molecular Docking

Molecular docking was performed using the ClusPro2 server hosted by Boston Uni-
versity. The ClusPro2 server was specifically designed for peptide—protein docking. For
this experimental strategy, because the peptide chain identifiers were previously modified
using PyMol 2.6, the server was configured to run on a CPU with no chain restrictions. The
receptor was identified using the PDB code (ID: 6LU?7).

2.4. Residue Interaction Analysis

Local software was used to examine the interactions of the top ten models obtained
from the ClusPro2 docking analysis. Specifically, LigPlot+ version 2.2.8 was used to
delineate these interactions. LigPlot+ uses the Dimplot function, which was designed for
peptide-receptor binding analysis. LigPlot+ provides a schematic representation of the
interactions between amino acid residues in two dimensions and categorizes them based
on hydrophobic contacts, hydrogen bonds, and binding distances [17].

2.5. Immunogenicity

Servers capable of predicting major histocompatibility complex (MHC) interactions
were used to assess whether these peptides could induce an immune response, specifically
the NetMHCpan-4.1 server. This server uses over 850,000 reported peptide sequences and
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their binding affinities, as well as experimental data from mass spectrometry-eluted ligands
to make predictions based on an artificial neural network (ANN) algorithm [18].

2.6. Molecular Dynamics

Molecular dynamics (MD) simulations were performed to assess the stability and
dynamic behavior of peptide-Mpro complexes over a 100 ns timespan. Simulations were
conducted using OpenMM with the AMBER(f19SB force field, employing high-performance
cloud computing resources via Google Colab, in accordance with the computational frame-
work outlined in “Making it Rain: Cloud-Based Molecular Simulations for Everyone” [19].

The MD simulations were conducted using the script created by Arantes, which is
accessible in the public GitHub notebook. The simulation framework was designed to
operate in Google Colab, allowing for the efficient execution of 100 ns molecular dynamics
using the AMBER force field [19]. The ff19SB force field, an improved model optimized for
protein—peptide dynamics, was employed because of its superior performance in refining
backbone conformations and resolving solvation inconsistencies compared with earlier
models, such as ff99SB and ff14SB [20]. The OPC water model was selected for solvation
because it offers enhanced accuracy, reduced error compensation, and improved behavior
of intrinsically disordered proteins [21].

The preparation of the system included energy minimization and equilibration steps,
ensuring proper solvation and temperature—pressure stabilization. The LEaP module from
AMBER was used for system parameterization, in which explicit solvation with an OPC
waterbox and periodic boundary conditions were applied. Electrostatic interactions were
handled using the Particle Mesh Ewald (PME) method, and bond constraints were imposed
on the hydrogen atoms. Equilibration was performed in an NPT ensemble, where the
temperature was maintained at 298 K using a Langevin thermostat and the pressure was
controlled using a Monte Carlo barostat.

The production phase of the simulation was executed using a 2 fs time step, with
trajectories recorded at 10 ps intervals. Root mean square deviation (RMSD) and root mean
square fluctuation (RMSF) analyses were performed using MDAnalysis and PyTraj to assess
the conformational stability of peptide-bound and unbound Mpro structures. The resulting
trajectories were processed and concatenated using MDAnalysis, and the protein-ligand
interaction dynamics were visualized using Py3Dmol.

2.7. Use of Antiviral Peptide Prediction Server (AVPpred)

The antiviral potential of the selected peptides was evaluated using the AVPpred
server, a web-based tool designed to predict antiviral peptides. AVPpred utilizes a support
vector machine (SVM) algorithm trained on a dataset of 1245 experimentally validated
antiviral peptides, achieving a Matthew’s Correlation Coefficient (MCC) of 0.70 [22]. The
prediction process involves sequence alignment, composition-based models, physicochem-
ical properties, and classification of peptides that surpass a predefined physicochemical
threshold as antiviral candidates.

AVPpred was used to analyze three specific peptide sequences: (A) AOA8J9SAS87,
(B) AOA172E6WS5, and (C) TVNVLAWLY. Peptides A and B, previously identified through
molecular docking, were evaluated for their potential antiviral activity, whereas peptide
C was analyzed because of its reported epitope interaction with SARS-CoV-2 [23]. The
predictive performance of AVPpred was validated using a 5-fold cross-validation technique
to ensure robustness in antiviral classification [22]. Hydrophobicity and hydrophilicity
ratios were calculated to assess the membrane interaction potential and prioritize peptides
with high AVP scores for further validation.
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Table 1. Results of the peptidic alignment performed in Google Colab.
Peptide Reference UniprotID Score Name Peptide Alignment
NESEQGRIQGALFSLQALA
QTFSVLACY [23] AOASJ9SARY 9 Unknown SATGPMLLRFIYHLTKDG
AFLGPGSMFVVASGIYLIAVYCAYSLP
QIGTVVKANYCLW
QTFSVLACY [23] AOASJ9TDK2 9 Unknown PFFQYINFTFVPSSLRV
LATNLMSVLWNCYFCSCIA
VRGAPDSELQGKGSDI
H(+) export HKAAVVGDTVGDPFKD
QTFSVLACY [23] AOAL7ZE6WS 8 diphosphatase TSGPALNIVMKLMAVL
SLVFADTFAVNNGQGLLNLA
MTVSNEESPDVIELDA
STTVETIKIAPTEWIKRLQSTW
TVNVLAWLY [23] AOASJ9SDWO 9 Unknown CEPLVVPEWEDDT
EGYRAKNGWQA
. . MKLQTAIVGLPNVG KSTLFNAL-
TVNVLAWLY [23] AOA8J9SAS87 8 G-domain protein TETQGAEAANYPFCTIEPN
Protein with brotei NPKRTTKVNLGRVLKTLY
TVNVLAWLY [23] AOASJIX3PS8 8 “Llerllg Wti nli;‘i’nem HVHGLQLMQDGVFNAD
sedo PHPGNVLVLPDGRLGLLDYGMV
Protein with brotei VYL-AADVML
YLQYAVLRHKRREC [24] AOA8J9SA66 11 “L.em Wti PIOYIN — p1 | QRMHEAGVVHRDVKPSNCV
1nase domaimn RSTGERDFCIVDFGLSK
MQSGAMYEFLFSYKSTQ
YLRYKCLCTWQITVC [24] AOASJIX2W5 11 Unknown TLPGIPTSGVPRNWRGPLGAQE
WAVRRTDRNQWEDGLVFLCTS
Impact N-terminal FAYRLTETISDGTRVSK
YLRYKCLCTWQITVC [24] AOA8J9X430 11 domain-containing HDNDDDGEYGAGSKLAHLLQ
protein VRDEKDVVVLVARWFGGVHL
Bromi FLNPVTDEIAPGYSKVIKHPICIA-
YSVAQKRKYWLFVLC [24] AOASJISNS2 11 dom;?;mi‘etem AMEDK-VESHKYNSPSDW
pro — EGDVNLMYKNCIDYNRGN
MAIYEKELNTAS-
Protein with NTVYEMKTADYAELLSMPG-
YSWTYLGRDYYWSC [24] AOASJ9TRC1 10 ALLGAP dommit NS\EAD
CGAVNPNWGSPKLGILECTDCSGKH
AKEAWLEFRDKLYDPNEPHS—Y-
N-terminal KNGNRLRD
YSWTYLGRDYYWSC [24] AOASJ9T715 10 SNF2 protein YQVEGVNWLASTWYK
KQGCILADEMGLGK
DGHY-KCHV-
YTKHVYYHITYILYVC [24] AOASJ9T326 11 USP domain protein QHQATRQWYEIQDL-
HVQEIMPQQIGLSECYLLIFRKSGL
Protein with brotein VYLAADV-MLP-LLQRMHEA
YVHPKLHKCCIYIVWC [24] AOASJITWVS 10 otem with prote GVVHRDVKPSNCVRSTGERDFC
kinase domain
_IV—DFGLSK
3. Results

The peptide sequences of the diatom P. tricornutum were retrieved from the UniProt
database (www.uniprot.org) accessed on 15 May 2024. Only sequences with less than
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60 residues were included in the analysis. Table 1 presents the alignment results for the
16 peptides using the pairwise2.align.globalxx method.

In Table 1, the “peptide reference” column indicates the template peptide used for
alignment. The ‘UniProt ID’, ‘Name’ and ‘Molecular Weight” columns contain data obtained
from the UniProt database (www.uniprot.org/uniprotkb). The “Score” and “Peptide
alignment” columns display the results generated by the code executed on Google Colab.
Peptides with scores less than or equal to 9 were selected for further evaluation. Scores of
10 or higher indicated that gaps were introduced between alignment matches, suggesting
that these peptides exhibited neither omissions nor mismatches. Therefore, peptides with
the following UniProt IDs—AOAS8J9SAR9, AOASJ9TDK2, A0A172E6W5, AOAS8J9SDWO,
AQ0AB8J9SA87, and A0A8J9X3P8—were chosen for subsequent analyses.

3.2. Peptidic Modeling

The peptide sequences were modeled using two methods: AlphaFold2 (alphafoldserver.
com) and Swiss-Model (swissmodel.expasy.org). The former relies on an ANN algo-
rithm [25], whereas the latter is based on sequence homology. The results obtained from
AlphaFold modeling are summarized in Table 2, whereas those obtained from homology
modeling are presented in Table 3.

Table 2. Protein modeling results on the AlphaFold server.

Peptide ID Seed Interface Predicted Template

Modeling (ipTM)

AOQAS8J9SAR9 1743890153 0.52

AO0AS8J9TDK2 1142432823 0.51

AO0A172E6W5 143176737 0.56

AO0A8J9SDWO 854280539 0.25

AOAS8J9SA87 1972657144 0.5

AOQAS8J9X3P8 2021447260 0.71

Table 3. Swiss-Model modeling results.

Peptide ID GMQE OMEANDiscCo % Identity
AOAS8J9SAR9 0.88 0.68 £ 0.11 100
AOQAS8J9TDK2 0.80 0.45 + 0.11 100
A0A172E6W5 0.92 0.60 = 0.11 98.53
A0AS8J9SDWO 0.61 0.29 £ 0.11 100
AOAS8J9SA87 0.80 0.54 £ 0.12 82.93
AO0AS8J9X3P8 0.83 0.57 £0.11 100

The quality of AlphaFold peptide modeling was primarily assessed using the ipTM
metric, except AOA8J9X3P8, which scored below 0.7 on this scale [15].

The DeppMind team recommends an optimal ipTM value above 0.8 to consider a
model reliable. Similarly, Scardino et al. used AlphaFold models for molecular docking
and concluded that these models were not well suited for this type of analysis [16].

In homology modeling, two key variables must be considered to determine the relia-
bility of the models. The first is the GMQE (Global Model Quality Estimate) score, which is
based on a multilayer perception approach. Additionally, the IDDT score of the resulting
model was calculated by combining the structural quality and template quality [13].

The IDDT also represents the root square difference between the IDDT score and
pairwise residual-residue distance estimate of the high-scoring homology structure, with
prediction fidelity related to the model size [15]. Prediction error estimates were obtained
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using models similar to the input sequence, which did not incorporate the AlphaFold data.
The models obtained are shown in Figure 1.

(B)

Figure 1. Models of six peptides with low alignment scores: (A) AOA8J9SARY, (B) AOA8J9TDK?2,
(C) AOA172E6WS5, (D) AOA8J9SDWO, (E) AOA8JISAS87, and (F) AOA8JIX3PS.

3.3. Molecular Docking

Molecular docking analyses were performed on the Boston University ClusPro2 server
(www.cluspro.bu.edu) accessed in 4 August 2024 [26] using the SARS-CoV-2 main protease
(Mpro, PDB: 6LU?) as the target protein and Swiss-Model. The results of these analyses are
presented in Table 4.

Table 4. ClusPro molecular docking results.

Weighted Score

Peptide ID Members Representative (kcal/mol)
AOASJ9SARI 122 Lowce:? foergy _ 1823114'_22
AOASJ9TDK?2 132 LOWEE? :fergy . 1806472',33
AOA172E6W5 90 Lowiif‘ Zirergy iSZij
AOASJ9SDWO 94 LOWE:? Zirergy jﬁ?i?
AOASJ9SAS7 103 Loen ::fergy o
AOASJ9X3P8 71 Loyen foergy one
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The table shows the peptides with the lowest cluster memberships (AOA8J9X3P8 and
A0A172E6W5) and lowest weighted scores (AOA8J9X3P8, A0A172E6WS5, and AOA8J9SAS87),
which were selected for subsequent analyses. The results indicated that peptides
AOQAS8J9SARY, AOASJ9TDK2, and AOA8]J9SAS87 had the highest number of cluster members,
suggesting a more stable docking. This indicates that the interaction between the peptide
and ligand was highly spontaneous. However, for classification purposes, the authors
suggested that the most feasible approach is to select the peptide with the largest number
of clusters [27].

PyMol molecular visualization software was used to provide an initial overview of
the peptide—protein interactions, complementing the ClusPro results. Figure 2 illustrates
these interactions. The modeled peptides are in magenta, the white region is the complete
Mpro structure, and the blue region represents the residues that interact with the peptides.

Figure 2. Molecular visualization of peptides and Mpro in PyMol: (A) AOASJ9SARY, (B) AOASJ9TDK?2,
(C) A0OA172E6WS5, (D) AOA8J9SDWO, (E) AOASJ9SAS7, and (F) AOA8JIX3PS.
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3.4. Residue Interactions

Based on the work of Jin et al. [28], three-dimensional models of Mpro (PDB: GLU?)
and its inorganic inhibitor N3 were downloaded from the Protein Data Bank (www.rcsb.org)
accessed in 29 July 2024. Using PyMOL, the amino acid residues that interfered with the
N3 inhibitor were identified: T24, T25, T26, M41, M49, F140, L141, N142, G143, 5144, C145,
H163, H164, M165, E166, P168, H172, D187, Q189, T190, A191, and Q192. In particular, the
key roles of C145, H41, G143, S144, and E166 reported in [29] have been emphasized.

The PyMol model is shown in Figure 3, in which the residues that interact with N3 are
highlighted, in aqua green color, residues associated with catalysis are identified as follows.

Figure 3. Interactions between N3 and the Mpro active site as visualized in PyMol.

7

Using the model obtained from the molecular docking results and the “dim plot
option of LigPlot+ version 2.2.8, the interactions between Mpro and the investigated
peptides were identified. The results are shown in Figure 4.
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AOA8J9SAR9
Asp36(B)
OD1 OD2 T}Vl‘ss(B)

CEl cG

o Lys236(A) ’ ® Thr169(A)

Asnl42(A)

Glul66(A)

AO0A8J9TDK2

Tyr18(B) Tyrd43(B)
Phe23(B) )

(B)

Ser46(B) Val38(B)

CGl

CG2

Glu240(A) GIn107(A) Thr196(A)

Asn231(A) Arg40(A)

Argl88(A)

Figure 4. Cont.
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AOA172E6WS5S

(D)

Glul66(A)

’ Asn238(A)
Thr196(A)

Glul3(B)

. Ala194(A)
Glud7(A)  Asn33(A)

Figure 4. Cont.
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(E) Phe35(B)

2. CcE2

Cys36(B)
AOABJ9SAS7 o

Hisl72(NA)

Cys145(A)

Leud3(B) Asp23(B)  AA8JOX3PS
Argd7(B) Thr16(B)

Lys15(B)

Ala191(A) Phe181(A)

GIn189(A) Asn51(A)
His19(B TyrS3(B) GIn27(B) GIn24(B)

D2 o UB

CE1

2

B

AsnS3(A)

Figure 4. Visualization with LigPlot+ 2.2 of peptides obtained from molecular docking interacting
with Mpro: (A) peptide AOA8J9SARY interacts with Glu166 and Asn142 (active and stabilizer sites),
(B) peptide AOASJ9TDK?2 did not show significant interactions, (C) peptide AOA172E6W5 residues
interact with Glu166, GIn189, and Asn142, all of which are involved in Mpro catalysis, (D) peptide
AOAB8J9SDWO residues interact with His41, Phe140, and Met49, with the first two considered key
residues in N3 inhibition, (E) peptide AOA8J9SAS87 interacts with Cys145 and GIn166, defined as key
residues in the active site, in addition to Phe140, Asn142, and GIn189, which stabilize catalysis, and
(F) peptide AOAS8J9X3P8 residues interact with GIn192, GIn189, and Ala191, all of which are related
to catalytic stabilization.
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3.5. Immunogenicity

The results obtained from the NetMHCpan 4.1 server analysis are presented in Figure 4.
These results illustrate how the evaluated peptides interact with various alleles of the
major histocompatibility complex (MHC). According to NetMHCpan 4.1, interactions with
binding values below 0.5% were classified as strong, represented by dotted line in Figure 5,
whereas those with binding values of >0.5% and <2% were considered weak, represented by
a solid line. Based on the interpretation shown in Figure 5, the weak interactions between
peptide IDs and their corresponding allele names are summarized in Table 5.

Immunogenicity

AOABI3SARS AOABISTDK2Z wADAI72E6WS  wAOABISSDWO  mAOABISSABT7  mADABISX3PE  m AOABIISABY

score
EREREEYEGES

% Binding
5

=T e Y L = T B = I ¥ =
)

e B
'-'—
T0:0va-V1H l%

TO!RSH-V1H i

TOTOV-V1H
TO-Z0V-V1H
TO-E0V-V1H
ZOFEIV-VIH
T0:STa-V1H
S0:LZ8-V1H
TO'6E8-V1H

TO9ZY-¥1H
Z0:4048
T0:808-v1H

Allele name

Figure 5. NetMHCpan 4.1 evaluation of six peptides across twelve human MHC alleles.

Table 5. Weak interactions between the tested peptides and human MHC alleles.

Weak Interactions
Peptide ID Allele Name
HLA-A02:01, HLA-A26:01, HLA-B07:02,

ADASJ9SARY HLA-B08-01, HLA-B15:01, HLA-B27:05
AQAS8J9TDK2 HLA-24:02, HLA-B08:01, HLA-B15:01, HLA-B58:01
AOA172E6W5 HLA-A02:01, HLA-B07:02, HLA-B08:0
AQAS8J9SDWO HLA-B40:01

AQAS8J9SAS87 HLA-B07:02, HLA-B40:01
AQAB8J9X3P8 HLA-A02;01, HLA-B27:05

Furthermore, these two peptides exhibited strong interactions. The first peptide (ID:
AOQOAB8J9TDK?2) interacted with the HLA-B07:02 allele, whereas the second peptide (ID:
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RMSD [A]

AO0A8J9X3P8) interacted with HLA-B07:02, HLA-B08:01, and HLA-B39:01. According to
the literature, these storage interactions can potentially elicit an immune response.

The simulation demonstrates how Mpro behaves under different conditions over
100 ns, using the Mpro and Mpro + N3 models as comparative references (green and
magenta, respectively). Notably, the magenta trace (Mpro + N3) shows that after 60 ns,
the complex experienced an approximate increase of 2 A RMSD, suggesting structural
modification; however, it remained stable thereafter.

Furthermore, the peptides AOA8J9SA87 (red) and AOA8JISDWO (blue) exhibited con-
sistent stability. In particular, the red trace presents a low and steady RMSD distribution
throughout the simulation, whereas the blue trace reveals a transient increase of approx-
imately 3 A around 75 ns, lasting approximately 10 ns, which may indicate a potential
tendency toward further structural changes (Figure 6).

12

10 A

— AOABISSAET
— AODABI9SDWO
—— MPro

—— MPro+N3

20 40 60 80 100
Time (ns)

Figure 6. Results of a 100 ns molecular dynamics simulation, where the root mean square deviation
(RMSD) values were obtained for four different compounds: peptide AOASJ9SA87 (red), peptide
A0A8J9SDWO (blue), Mpro (green), and Mpro + N3 (magenta), and the RMSD of the peptides
AOQABJ9SA87 (red), AOASJ9SDWO (blue), Mpro (green), and Mpro + N3 complex (magenta).

3.6. Use of Antiviral Peptide Predicton Server (AVPpred)

The results for the peptides evaluated were intriguing. Peptide AOA8J9SDWO ex-
hibited over 64% antiviral prediction based on its physicochemical properties, whereas
its composition model yielded only approximately 19%, and no alignment with known
antiviral peptides was detected; therefore, it was classified as a non-AVP in the alignment
analysis. Consequently, this peptide received an overall AVP prediction score of 1, as only
physicochemical analysis surpassed the threshold.

In contrast, peptide AOA8J9SA87 showed similar results. In the physicochemical
analysis, despite its notably shorter sequence, it achieved a prediction percentage exceed-
ing 63%, surpassing the threshold. However, both alignment and composition analyses
indicated low efficiency, being classified as a non-AVP in the alignment model and yielding
a composition value below 22%, resulting in an overall AVP prediction score of 1.
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Moreover, as reported by Marriam et al., the reference peptide used for nesting did
not exceed the threshold in any prediction model, with the highest value obtained in the
composition model, which remained below 50% [23].

Additionally, none of the three peptides exhibited structural motifs that significantly
reduced the predicted AVP values. Regarding polarity, both peptides AOA8J9SDWO0 and
AOQABJ9SA87 displayed similar hydrophobic and hydrophilic profiles, with a nearly 50/50
ratio, which was expected given their closely matched physicochemical percentages. The
results are summarized in Table 6.

Table 6. Results obtained from the AVPpred search.

Name Lenght Align Comp Physico AVP Polarity
o o Hydrophobic = 77%
Reference 9 Non-AVP 49.38% 31.83% By no method Hydrophilic = 23%
o o Hydrophobic = 45%
AQAS8J9SDWO 62 Non-AVP 18.79% 64.08% By 1 Hydrophilic = 55%
AOABJ9SA87 41 Non-AVP 21.88% 63.38% By 1 Hydrophobic = 53%

Hydrophilic = 47%

4. Discussion

The global search for effective antiviral therapies is a priority in biomedical research.
The COVID-19 pandemic, caused by SARS-CoV-2, has underscored the urgent need for
innovative and accelerated drug discovery methods. Traditional drug development is a
time-consuming and expensive process that requires molecular identification for regulatory
approval. During the pandemic, innovative technologies, including machine learning and
artificial intelligence (AI), have been used to expedite this process by modeling molecular
activity using in silico platforms. Notably, Guedes et al. (2024) introduced DockThor-VS, a
web server designed for the virtual screening of receptor-ligand interactions, demonstrating
the growing importance of computational methods in early-stage drug discovery [30].

In this study, we implemented a fully virtual (in silico) approach to explore the an-
tiviral potential of peptides derived from the marine diatom Phaeodactylum tricornutum.
Our objective was to identify peptides with a high affinity for the main protease (Mpro) of
SARS-CoV-2, a key enzyme in viral replication. To achieve this, we combined several bioin-
formatics tools, including sequence alignment, structural modeling, molecular docking,
molecular dynamics (MD) simulations, immunogenicity assessment, and antiviral activity
prediction. Each step was designed to minimize methodological bias and leverage the
computational power of cloud-based platforms such as Google Colab.

Our investigation began by aligning P. tricornutum derivate peptides (<60 amino
acids) utilizing the pairwise2.align.globalxx function within the library created for refer-
ence. Sixteen peptides were initially selected based on their alignment scores, culminating
in a final selection of six peptides with alignment scores of <9, signifying minimal dele-
tions or mismatches. Reduced alignment scores signified fewer discrepancies, indicating
greater similarity between peptides and aligned proteins. This system detects closely
related sequences within the P. tricornutum proteome and offers insights into evolutionary
connections and functional resemblances. This alignment method was previously validated
in the creation of AVP-GPT, a transformer-based Al system for designing antiviral peptides
that exhibited enhanced performance relative to models such as LSTM and SVM in terms
of perplexity and AUC values [31]. The integration of sequence alignment, scoring, and
metadata collection establishes a framework for analyzing peptides from P. tricornutum,
facilitating insights into the protein landscape of the organism.
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Structural modeling was subsequently performed using two distinct methodologies:
AlphaFold2 and Swiss-Model. Although AlphaFold2 provides initial visualizations of
peptide structures, its models were excluded from further analyses because of low ipTM
scores (<0.8), as recommended by DeepMind [25]. Moreover, it has been established that
models generated using AlphaFold exhibited diminished reliability for molecular docking,
thereby corroborating our choice to utilize Swiss-Model instead [16]. All selected peptides
attained GMQE scores exceeding 0.6 according to the Swiss-Model, thereby qualifying
them as structurally viable for molecular docking.

Docking analyses were performed using OpenMMserver with SARS-CoV-2 Mpro pro-
tein (PDB ID: 6LU?) as the target. The findings indicated that three peptides, AOA8J9SARY,
AQ0AB8J9TDK?2, and AOAS8J9SAS87, exhibited the greatest cluster membership, whereas pep-
tides AOA8J9X3P8, A0A172E6W5, and AOA8J9SAS87 had the most advantageous weighted
energy scores. Prior research has shown that clustering and binding energy serve as accu-
rate measures of interaction spontaneity and docking stability [27]. PYMOL visualization
verified that the highest-performing peptides were situated around the active site of Mpro.

To further evaluate the binding interactions, we used LigPlot+ with the DimPlot
function to analyze amino acid contact within the peptide-Mpro complexes. The peptides
AO0A8J9SDWO0 and AOAB8J9SAS87 displayed multiple interactions with catalytically signif-
icant residues, such as Cys145, His41, Glul66, and Phe140, which have previously been
shown to play critical roles in Mpro inhibition [28,29]. These observations suggest a strong
potential for inhibitory activity, warranting further exploration of these candidates.

Molecular dynamics (MD) simulations were conducted for peptides AOA8J9SDWO and
AOQAB8J9SA87 complexed with Mpro. Simulations spanned 100 ns using OpenMM with the
{f19SB force field and OPC water model, both of which demonstrated improved accuracy in
modeling intrinsically disordered proteins [20,21]. RMSD analyses indicated that both pep-
tide complexes maintained stable interactions with Mpro throughout the simulation, with
RMSD values below 7 A for AOA8J9SDWO and below 5 A for AOASJ9SA87. These stability
metrics were consistent with those observed in MD simulations of known inhibitors [19].

To assess immunogenicity, NetMHCpan 4.1 was employed to evaluate peptide in-
teractions with 12 human MHC alleles. Two peptides, AOA8J9TDK2 and AOA8J9X3PS,
demonstrated weak interactions with multiple MHC class I alleles, and AOA8J9X3P8 ex-
hibited strong interactions with HLA-B07:02, HLA-B08:01, and HLA-B39:01. These results
indicate the potential for T-cell immune responses, which is a critical consideration for
future vaccine-related applications [18,32,33].

Finally, antiviral potential was predicted using AVPpred, a tool that integrates align-
ment, composition, and physicochemical parameters. The peptides AOA8J9SDWO0 and
AQ0AS8J9ISAS87 exceeded the threshold for physicochemical antiviral prediction (>63%) but
were not classified as AVPs in alignment- or composition-based models, resulting in an
overall score of 1. In contrast, the reference peptide used by others teams failed to meet the
threshold for any category, reinforcing the potential of the selected candidates [23].

The results of this study demonstrated that peptides derived from Phaeodactylum
tricornutum are potential inhibitors of the SARS-CoV-2 main protease (Mpro). Using a
comprehensive in silico approach, we identified two promising peptides, AOA8J9SA87
and AOA8J9SDWO, which exhibited stable binding interactions with the critical catalytic
residues of Mpro, such as Cys145, His41, and Glul66. Our findings corroborate the potential
of marine peptides as antiviral agents, particularly against SARS-CoV-2, which is consistent
with several recent studies.

For instance, similar research was conducted into marine algal antagonists targeting
both the 3CL protease and the spike glycoprotein of SARS-CoV-2 using molecular dynamics
simulations. Their research highlighted the potential of marine algal peptides to target
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viral proteases, offering a comparison with our own findings of stable peptide-Mpro inter-
actions [34]. Similarly, metabolites from marine algae have been explored as high-affinity
inhibitors of SARS-CoV-2 Mpro, using docking and molecular dynamics simulations. They
found similar peptide interactions, confirming the suitability of Mpro as a drug target and
supporting the findings of this study that peptides from marine organisms can effectively
inhibit SARS-CoV-2 replication [35].

Other studies have employed similar methodologies to identify antiviral peptides that
target viral proteases, including those of SARS-CoV-2. Reporting cyclic antiviral peptides
that bind to the main protease of SARS-CoV-2, demonstrating the viability of targeting this
protein for drug development [24]. Similarly, peptides from natural sources that exhibited
potential against viral proteases, highlighting the vast potential of marine and other natural
peptides as antiviral agents [34].

Our results also align with others where microalgal peptides were investigated mi-
croalgal peptides for their potential to target the spike protein of COVID-19. While their
focus was on the spike protein, the computational methods they applied, including molecu-
lar docking, were highly comparable to those we used to target Mpro [34]. This cross-study
approach enhances the credibility of our in silico findings and supports the broader scope
of marine-derived peptides for targeting different components of the SARS-CoV-2 virus.

Moreover, the potential use of microalgal peptides extends beyond direct viral inhi-
bition. The role of diatoxanthin compounds from marine microalgae has been explored,
showing their impact on cytokine storms in SARS-CoV-2 infection models. This further
highlights the potential of marine compounds in managing immune responses in addition
to their antiviral activity. Their study supported the idea that marine peptides, including
those investigated in our study, could also play a role in modulating immune responses in
COVID-19 patients [36]. The dimensions of the chosen peptides aligned with the ranges
documented for antiviral peptides in silico and the evidence presented by our team, specifi-
cally the in vitro studies on viral infections induced by dengue serotype 2 conducted by
Rivera-Serrano et al., constitutes a critical factor in delineating the spectrum of peptides to
be assessed in silico. [12].

Although our study supports the potential of P. tricornutum-derived peptides as
SARS-CoV-2 Mpro inhibitors, there are several important limitations that should be ad-
dressed in future research. Notably, computational models, while robust, may still present
discrepancies with actual biological behavior, as the inherent flexibility of proteins and
their interactions with ligands cannot always be fully captured in silico. Additionally,
the use of AlphaFold2 models, which demonstrated relatively low reliability for dock-
ing analyses in this study, emphasizes the need for high-quality, experimentally verified
models, as also discussed by other authors, who concluded that AlphaFold models were
less reliable for molecular docking applications because of their limited flexibility [16].
Thus, combining structural data from multiple sources, including homology modeling
and molecular dynamics simulations, is critical to ensure a more accurate prediction of
peptide—protein interactions.

The molecular dynamics simulations conducted in this study revealed the high stability
of the peptide-Mpro complexes, with peptides AOA8J9ISDWO and AOA8JISA87 showing
minimal fluctuations in RMSD over a 100 ns timespan. These results are consistent with
those of other teams, who observed similar dynamics for marine algae-derived inhibitors,
confirming the long-term stability of peptide—protein complexes. This stability is crucial
for the potential therapeutic development of these peptides as it ensures their viability as
inhibitors over extended periods [37].

In addition, immunogenicity prediction via NetMHCpan 4.1 demonstrated that some
of the peptides in our study, such as AOA8J9X3P8, have the potential to induce immune



Microorganisms 2025, 13, 1271

18 of 21

responses through interactions with various MHC alleles. These findings align with those
reported in 2021, who found that microalgal peptides targeting the spike protein also
exhibited immunogenic potential, suggesting their use in vaccine-related applications. The
strong immunogenicity observed in some of our peptides further supports their potential
use in therapeutic and vaccine contexts [38].

However, it is important to note that while these peptides show promise, AVPpred
analysis classified them as non-AVPs based on alignment and composition-based models,
which calls for additional validation. The prediction methods used, including physico-
chemical property-based scoring, suggested that these peptides could still have biological
activity despite their lower classification scores. Similar limitations have been noted in
other studies, where predictions based on peptide composition and alignment sometimes
fail to capture the full antiviral potential of peptides [38,39].

Our results demonstrated the utility of combining multiple computational tools to
identify promising antiviral peptide candidates. The workflow we present is cost-effective,
reproducible, scalable, and suitable for rapid screening of large peptide libraries. The use
of cloud-based platforms, such as Google Colab, has proven effective for both structural
modeling and MD simulations [19,33], reducing the need for a high-performance local
computing infrastructure.

Furthermore, this methodology aligns with recent trends in structure-based drug
design, where fragment-based molecular modeling, docking, and analog generation are em-
ployed to develop novel inhibitors, as demonstrated in HIV-1 protease studies [40]. Similar
approaches were used to optimize the peptide scaffolds identified in the present study.

However, despite these promising results, further validation is required. In vitro and
in vivo studies are necessary to assess the antiviral efficacy and toxicity of these peptides.
Specifically, evaluating various SARS-CoV-2 variants and investigating the potential syner-
gistic effects of these peptides in conjunction with existing antiviral therapies could provide
essential insights into therapeutic applications. Optimization of peptides to improve sta-
bility, bioavailability, and specificity is necessary for their potential transition into clinical
development. Finally, the integration of in silico methods with high-throughput screening
in experimental settings may lead to the identification of novel antiviral agents from marine
sources. Future studies should explore the peptide potential of other microalgae and marine
organisms, expanding the range of compounds available for combating viral infections.

5. Conclusions

This study presents a comprehensive in silico approach for the identification and char-
acterization of antiviral peptides derived from the marine diatom Phaeodactylum tricornutum
that target the SARS-CoV-2 main protease (Mpro).

By integrating sequence alignment, structural modeling, molecular docking, inter-
action analysis, molecular dynamics simulations, immunogenicity prediction, and an-
tiviral activity screening, we identified two promising candidate peptides, AOA8J9SAS87
and AOAS8J9SDWO.

These peptides demonstrated stable binding interactions with key catalytic residues
of Mpro. Specifically, peptide AOA8J9SAS87 interacted with Cys145 and Glul66, while
peptide AOA8J9SDWO exhibited interactions with His41 and Phe140, both of which have
been reported as critical residues for the inhibition of Mpro by the reference inhibitor N3.
These interactions were confirmed through molecular docking and LigPlot+ visualization.
Moreover, molecular dynamics simulations revealed high structural stability of the peptide—
Mpro complexes over a 100 ns timescale, supporting their potential as effective inhibitors.

Although AVPpred analysis classified both peptides as non-AVPs in the alignment-
and composition-based models, their high physicochemical antiviral scores suggest a strong
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likelihood of biological activity. Additionally, MHC binding predictions indicated weak-to-
strong immunogenic responses for the selected peptides, which is essential for evaluating
their suitability for therapeutic or vaccine-related applications.

Taken together, our findings support the potential of P. tricornutum as a valuable
source of antiviral peptides and highlight the feasibility of using cloud-based bioinformat-
ics pipelines for antiviral peptide discovery. Future studies should focus on validating
these results through in vitro antiviral assays and exploring possible peptide optimization
strategies for enhanced therapeutic efficacy.

Author Contributions: Conceptualization: D.M.C.-F. and J.EO.-R. Methodology: D.M.C.-F,, M.A.V.-F.
and JM.R.-R. Software: J.C.-B. and A K.D.LH.-A. Validation: DM.C.-F,, ARR.-M. and RM.d.A.
Formal analysis: A.M.G.-L. and C.D.N.-V. Investigation: L.C.-Z. and A.R.-U. Resources: V.J.P.-C.
and C.D.C.-R. Data curation: M.L.-J. and C.N.E-M. Writing—original draft preparation: D.M.C.-F.
and M.A.V.-F. Writing—review and editing: L.A.D.J.-G. and J.EO.-R. Visualization: A.C.-Z. and
C.D.N.-V. Supervision: ].FO.-R. and L.A.D.].-G. Project administration: ].F.O.-R. Funding acquisition:
L.A.D.J.-G. All authors have read and agreed to the published version of the manuscript.

Funding: This research did not receive external funding for its execution. However, the Article
Processing Charge (APC) was partially supported by the PAIPC program (Programa de Apoyo e
Incentivos a Publicaciones Cientificas) from CONFIE (Coordinacién General para el Fomento a la
Investigacion Cientifica e Innovacién del Estado de Sinaloa). Additional funding was provided by
FUNDACION IMSS, A.C. The funders had no involvement in the study design, data collection and
analysis, decision to publish, or preparation of the manuscript.

Institutional Review Board Statement: This project was analyzed and approved by the National
Committee for Scientific Research of the IMSS, with registration number R-2024-785-073 and protocol
title “In silico and in vitro analysis of Repositioned Drugs to inhibit SARS-CoV-2 Replication directed
against the NSP5 protease and the NSP12 RNA polymerase”.

Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets generated and analyzed during the study are available
from the corresponding authors upon reasonable request.

Acknowledgments: During the preparation of this manuscript, the authors used Paperpal and
Quillbot AI tools for enhancing language clarity, grammar, mechanics, and readability. These tools
contributed to improvements in vocabulary and style without altering the scientific content. No
significant issues were found in language quality across grammar, mechanics and style, readability,
or vocabulary. Additionally, the authors used the Scholar AI ChatGPT tool for research evidence
gathering and scientific discussion enrichment. The authors have reviewed and edited the manuscript
and take full responsibility for the contents of this publication. In the same way, the team would like
to thank the “Secretaria de Ciencia, Humanidades, Tecnologia e Innovaciéon” (SECIHTI) for including
members of the writing team in its scholarship program and providing the essential funding that
made this work possible.

Conflicts of Interest: The authors declare no conflicts of interest.

1. Pan,],; Villalan, AK,; Ni, G.; Wu, R;; Sui, S.; Wu, X.; Wang, X. Assessing Eco-Geographic Influences on COVID-19 Transmission:
A Global Analysis. Sci. Rep. 2024, 14, 62360. [CrossRef] [PubMed]

2. De Wit, E.; Van Doremalen, N.; Falzarano, D.; Munster, V.J. SARS and MERS: Recent Insights into Emerging Coronaviruses. Nat.
Rev. Microbiol. 2016, 14, 523-534. [CrossRef] [PubMed]

3. World Health Organization (WHO). Number of COVID-19 Deaths Reported to WHO. 2024. Available online: https://data.who.
int/dashboards/covid19/deaths?n=c (accessed on 15 May 2024).

4. Su, S.; Wong, G.; Shi, W,; Liu, J.; Lai, A.CK,; Zhou, J.; Liu, W,; Bi, Y.; Gao, G.F. Epidemiology, Genetic Recombination, and
Pathogenesis of Coronaviruses. Trends Microbiol. 2016, 24, 490-502. [CrossRef] [PubMed]


https://doi.org/10.1038/s41598-024-62300-y
https://www.ncbi.nlm.nih.gov/pubmed/38777817
https://doi.org/10.1038/nrmicro.2016.81
https://www.ncbi.nlm.nih.gov/pubmed/27344959
https://data.who.int/dashboards/covid19/deaths?n=c
https://data.who.int/dashboards/covid19/deaths?n=c
https://doi.org/10.1016/j.tim.2016.03.003
https://www.ncbi.nlm.nih.gov/pubmed/27012512

Microorganisms 2025, 13, 1271 20 of 21

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Cortellini, A.; Tabernero, J.; Mukherjee, U.; Salazar, R.; Sureda, A.; Maluquer, C. SARS-CoV-2 Omicron (B.1.1.529)-Related
COVID-19 Sequelae in Vaccinated and Unvaccinated Patients with Cancer: Results from the OnCovid Registry. Lancet Oncol.
2023, 24, 335-346. [CrossRef]

Petrosillo, N.; Viceconte, G.; Ergoniil, 0O.; Ippolito, G.; Petersen, E. COVID-19, SARS and MERS: Are They Closely Related? Clin.
Microbiol. Infect. 2020, 26, 729-734. [CrossRef]

Tiwari, A.; Melchor-Martinez, E.M.; Saxena, A.; Kapoor, N.; Singh, K.]J.; Saldarriaga-Hernandez, S.; Parra-Saldivar, R.; Igbal,
H.M.N. Therapeutic Attributes and Applied Aspects of Biological Macromolecules from Diatoms—A Review. Int. ]. Biol.
Macromol. 2021, 171, 398-413. [CrossRef]

Bhattacharjya, R.; Singh, PK.; Tiwari, A. Aquaculture Water as a Source of Sustainable Growth Medium for Diatom Cultivation
and Its Nutritive Suitability as a Potential Aqua Feed. Environ. Technol. Innov. 2021, 24, 101987. [CrossRef]

Ribeiro, M.C.M.; Salles, T.S.; Moreira, M.F,; Barbarino, E.; Valle, A.ED.; Couto, M.A.P.G. Antiviral Activity of Microalgae Extracts
against Mayaro Virus. Algal Res. 2022, 61, 102577. [CrossRef]

Pradhan, B.; Nayak, R.; Patra, S.; Bhuyan, PP.,; Dash, S.R.; Ki, J.; Adhikary, S.P.; Ragusa, A.; Jena, M. Cyanobacteria and
Algae-Derived Bioactive Metabolites as Antiviral Agents: Evidence, Mode of Action, and Scope for Further Expansion; A
Comprehensive Review in Light of the SARS-CoV-2 Outbreak. Antioxidants 2022, 11, 354. [CrossRef]

Bortolini, D.G.; Maciel, G.M.; Fernandes, .D.A.A.; Pedro, A.C.; Rabio, F; Branco, I.G.; Haminiuk, C.W.I. Functional Properties of
Bioactive Compounds from Spirulina spp.: Current Status and Future Trends. Food Chem. Mol. Sci. 2022, 5, 100134. [CrossRef]
Rivera-Serrano, B.V.; Cabanillas-Salcido, S.L.; Cordero-Rivera, C.D.; Jiménez-Camacho, R.; Norzagaray-Valenzuela, C.D;
Calderén-Zamora, L.; De Jests-Gonzélez, L.A.; Reyes-Ruiz, ].M.; Farfan-Morales, C.N.; Romero-Utrilla, A.; et al. Antivi-
ral Effect of Microalgae Phaeodactylum tricornutum Protein Hydrolysates against Dengue Virus Serotype 2. Mar. Drugs 2024,
22, 369. [CrossRef]

Mariani, V.; Biasini, M.; Barbato, A.; Schwede, T. LDDT: A Local Superposition-Free Score for Comparing Protein Structures and
Models Using Distance Difference Tests. Bioinformatics 2013, 29, 2722-2728. [CrossRef] [PubMed]

Zhang, Y.; Skolnick, J. Scoring Function for Automated Assessment of Protein Structure Template Quality. Proteins 2004, 57,
702-710. [CrossRef] [PubMed]

Xu, J.; Zhang, Y. How Significant Is a Protein Structure Similarity with TM-Score = 0.5? Bioinformatics 2010, 26, 889-895. [CrossRef]
Scardino, V.; Di Filippo, ].I.; Cavasotto, C.N. How Good Are AlphaFold Models for Docking-Based Virtual Screening? iScience
2023, 26, 105920. [CrossRef] [PubMed]

Wallace, A.C.; Laskowski, R.A.; Thornton, ].M. LIGPLOT: A Program to Generate Schematic Diagrams of Protein-Ligand
Interactions. Protein Eng. Des. Sel. 1995, 8, 127-134. [CrossRef]

Jurtz, VI; Paul, S.; Andreatta, M.; Marcatili, P; Peters, B.; Nielsen, M. NetMHCpan-4.0: Improved Peptide-MHC Class Interaction
Predictions Integrating Eluted Ligand and Peptide Binding Affinity Data. J. Immunol. 2017, 199, 3360-3368. [CrossRef]

Arantes, PR.; Poléto, M.D.; Pedebos, C.; Ligabue-Braun, R. Making It Rain: Cloud-Based Molecular Simulations for Everyone. J.
Chem. Inf. Model. 2021, 61, 4852-4856. [CrossRef]

Tian, C.; Kasavajhala, K.; Belfon, K.; Raguette, L.; Huang, H.; Migues, A.N.; Bickel, J.; Wang, Y.; Pincay, J.; Wu, Q.; et al. ff19SB:
Amino-Acid-Specific Protein Backbone Parameters Trained against Quantum Mechanics Energy Surfaces in Solution. J. Chem.
Theory Comput. 2020, 16, 528-552. [CrossRef]

Robustelli, P; Piana, S.; Shaw, D.E. Developing a Molecular Dynamics Force Field for Both Folded and Disordered Protein States.
Proc. Natl. Acad. Sci. USA 2018, 115, E4758-E4766. [CrossRef]

Thakur, N.; Qureshi, A.; Kumar, M. AVPpred: Collection and Prediction of Highly Effective Antiviral Peptides. Nucleic Acids Res.
2012, 40, W199-W204. [CrossRef] [PubMed]

Marriam, S.; Afghan, M.S.; Nadeem, M.; Sajid, M.; Ahsan, M.; Basit, A.; Wajid, M.; Sabri, S.; Sajid, M.; Zafar, I.; et al. Elucidation
of Novel Compounds and Epitope-Based Peptide Vaccine Design against C30 Endopeptidase Regions of SARS-CoV-2 Using
Immunoinformatics Approaches. Front. Cell. Infect. Microbiol. 2023, 13, 1134802. [CrossRef]

Johansen-Leete, J.; Ullrich, S.; Fry, S.E.; Frkic, R.L.; Bedding, M.].; Aggarwal, A.; Ashhurst, A.S.; Ekanayake, K.B.; Mahawaththa,
M.C.; Sasi, V.M.; et al. Antiviral Cyclic Peptides Targeting the Main Protease of SARS-CoV-2. Chem. Sci. 2022, 13, 3826-3836.
[CrossRef]

Abramson, J.; Adler, J.; Dunger, J.; Evans, R.; Green, T.; Pritzel, A.; Ronneberger, O.; Willmore, L.; Ballard, A.J.; Bambrick, J.; et al.
Accurate Structure Prediction of Biomolecular Interactions with AlphaFold 3. Nature 2024, 630, 493-500. [CrossRef]

Yueh, C.; Beglov, D.; Bohnuud, T.; Mottarella, S.E.; Xia, B.; Kozakov, D. New Additions to the ClusPro Server Motivated by CAPRIL
Proteins 2017, 85, 435-444. [CrossRef]

Jones, G.; Jindal, A.; Ghani, U.; Kotelnikov, S.; Egbert, M.; Hashemi, N.; Vajda, S.; Padhorny, D.; Kozakov, D. Elucidation of Protein
Function Using Computational Docking and Hotspot Analysis by ClusPro and FTMap. Acta Crystallogr. D Struct. Biol. 2022, 78,
690-697. [CrossRef] [PubMed]


https://doi.org/10.1016/S1470-2045(23)00056-6
https://doi.org/10.1016/j.cmi.2020.03.026
https://doi.org/10.1016/j.ijbiomac.2020.12.219
https://doi.org/10.1016/j.eti.2021.101987
https://doi.org/10.1016/j.algal.2021.102577
https://doi.org/10.3390/antiox11020354
https://doi.org/10.1016/j.fochms.2022.100134
https://doi.org/10.3390/md22080369
https://doi.org/10.1093/bioinformatics/btt473
https://www.ncbi.nlm.nih.gov/pubmed/23986568
https://doi.org/10.1002/prot.20264
https://www.ncbi.nlm.nih.gov/pubmed/15476259
https://doi.org/10.1093/bioinformatics/btq066
https://doi.org/10.1016/j.isci.2022.105920
https://www.ncbi.nlm.nih.gov/pubmed/36686396
https://doi.org/10.1093/protein/8.2.127
https://doi.org/10.4049/jimmunol.1700893
https://doi.org/10.1021/acs.jcim.1c00998
https://doi.org/10.1021/acs.jctc.9b00591
https://doi.org/10.1073/pnas.1800690115
https://doi.org/10.1093/nar/gks450
https://www.ncbi.nlm.nih.gov/pubmed/22638580
https://doi.org/10.3389/fcimb.2023.1134802
https://doi.org/10.1039/D1SC06750H
https://doi.org/10.1038/s41586-024-07487-w
https://doi.org/10.1002/prot.25219
https://doi.org/10.1107/S2059798322002741
https://www.ncbi.nlm.nih.gov/pubmed/35647916

Microorganisms 2025, 13, 1271 21 of 21

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Jin, Z.; Du, X; Xu, Y;; Deng, Y.; Liu, M.; Zhao, Y.; Zhang, B.; Li, X.; Zhang, L.; Peng, C.; et al. Structure of Mpro from SARS-CoV-2
and Discovery of Its Inhibitors. Nature 2020, 582, 289-293. [CrossRef]

Swiderek, K.; Moliner, V. Revealing the Molecular Mechanisms of Proteolysis of SARS-CoV-2 Mpro by QM /MM Computational
Methods. Chem. Sci. 2020, 11, 10626-10630. [CrossRef]

Guedes, I.A; Silva, M.M.P.D.; Galheigo, M.; Krempser, E.; Magalhaes, C.S5.D.; Barbosa, H.].C.; Dardenne, L.E. DockThor-VS: A
Free Platform for Receptor-Ligand Virtual Screening. J. Mol. Biol. 2024, 436, 168548. [CrossRef]

Zhao, H.; Song, G. Antiviral Peptide-Generative Pre-Trained Transformer (AVP-GPT): A Deep Learning-Powered Model for
Antiviral Peptide Design with High-Throughput Discovery and Exceptional Potency. Viruses 2024, 16, 1673. [CrossRef]

Liu, Y,; Liu, Z.; Zheng, Z. Rational Design of an Epidermal Growth Factor Receptor Vaccine: Immunogenicity and Antitumor
Research. Biomolecules 2024, 14, 1620. [CrossRef] [PubMed]

Wu, J.; Wang, W.; Zhang, J.; Zhou, B.; Zhao, W.; Su, Z.; Gu, X.,; Wu, J.; Zhou, Z.; Chen, S. DeepHLAPan: A Deep Learning
Approach for Neoantigen Prediction Considering Both HLA-Peptide Binding and Immunogenicity. Front. Immunol. 2019, 10, 2559.
[CrossRef] [PubMed]

Muteeb, G.; Alshoaibi, A.; Aatif, M.; Rehman, M.T. Screening Marine Algae Metabolites as High-Affinity Inhibitors of SARS-CoV-2
Main Protease (3CLpro): An In Silico Analysis to Identify Novel Drug Candidates to Combat COVID-19. J. Mol. Model. 2020,
26,217. [CrossRef]

Singh, S.; Chauhan, P.; Sharma, V.; Rao, A.; Kumbhar, B.V.; Prajapati, V.K. Identification of Multi-Targeting Natural Antiviral
Peptides to Impede SARS-CoV-2 Infection. Struct. Chem. 2023, 34, 1743-1758. [CrossRef]

Sansone, C.; Pistelli, L.; Del Mondo, A.; Calabrone, L. The Microalgal Diatoxanthin Inflects the Cytokine Storm in SARS-CoV-2
Stimulated ACE2 Overexpressing Lung Cells. Antioxidants 2022, 11, 1515. [CrossRef] [PubMed]

Karagol, T.; Karagol, A. Benchmarking GROMACS on Optimized Colab Processors and the Flexibility of Cloud Computing for
Molecular Dynamics. bioRxiv 2024. [CrossRef]

MubarakAli, D.; MohamedSaalis, J.; Sathya, R.; Irfan, N. An Evidence of Microalgal Peptides to Target Spike Protein of COVID-19:
In Silico Approach. Mol. Simul. 2021, 48, 178-189. [CrossRef]

Arunkumar, M.; Gunaseelan, S.; Kubendran, A.M.; Mohankumar, V.; Anupam, P.; Harikrishnan, M.; Siva, A.; Ashokkumar, B.;
Varalakshmi, P. Marine Algal Antagonists Targeting 3CL Protease and Spike Glycoprotein of SARS-CoV-2: A Computational
Approach for Anti-COVID-19 Drug Discovery. |. Biomol. Struct. Dyn. 2023, 40, 10109-10127. [CrossRef]

Chuntakaruk, H.; Hengphasatporn, K.; Shigeta, Y.; Aonbangkhen, C.; Lee, V.S.; Khotavivattana, T.; Rungrotmongkol, T.;
Hannongbua, S. FMO-Guided Design of Darunavir Analogs as HIV-1 Protease Inhibitors. Sci. Rep. 2024, 14, 53940. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1038/s41586-020-2223-y
https://doi.org/10.1039/D0SC02823A
https://doi.org/10.1016/j.jmb.2024.168548
https://doi.org/10.3390/v16111673
https://doi.org/10.3390/biom14121620
https://www.ncbi.nlm.nih.gov/pubmed/39766327
https://doi.org/10.3389/fimmu.2019.02559
https://www.ncbi.nlm.nih.gov/pubmed/31736974
https://doi.org/10.1186/s13765-020-00564-4
https://doi.org/10.1007/s11224-022-02113-9
https://doi.org/10.3390/antiox11081515
https://www.ncbi.nlm.nih.gov/pubmed/36009234
https://doi.org/10.1101/2024.11.14.623563
https://doi.org/10.1016/j.micpath.2021.105189
https://doi.org/10.1080/07391102.2021.1921032
https://doi.org/10.1038/s41598-024-53940-1

	Introduction 
	Materials and Methods 
	Retrieving and Aligning Peptide Sequences 
	Peptidic Modeling 
	Molecular Docking 
	Residue Interaction Analysis 
	Immunogenicity 
	Molecular Dynamics 
	Use of Antiviral Peptide Prediction Server (AVPpred) 

	Results 
	Alignment 
	Peptidic Modeling 
	Molecular Docking 
	Residue Interactions 
	Immunogenicity 
	Use of Antiviral Peptide Predicton Server (AVPpred) 

	Discussion 
	Conclusions 
	References

