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Abstract
At the very beginning of the new decade, the COVID-19 pandemic has badly hit the globe. SARS-CoV-2,
the causative agent of COVID-19 carries dozens of new mutations in its genome. Multiple countries are
now in the race to �nd a de�ned treatment and vaccine against COVID-19. Herein, we made an effort to
�nd antiviral peptides against SARS-CoV-2. Gladly, with the help of Machine Learning algorithms and
Supported Vector Machine, we have found three potential antiviral peptides against SARS-CoV-2. Antiviral
peptides namely, Seq12 and Seq12m showed very low cytotoxicity. All antiviral peptides were able to
block the RBD of the spike glycoprotein. Besides, antiviral peptides retain their properties even in case of
in silico multi-point mutant models (Rosetta and FoldX based) of RBD. Moreover, Seq12, Seq12m, and
Seq13m can bind with the viral membrane protein (M) and eventually interfere with viral re-packaging. In
conclusion, this study suggests Seq12, Seq12m, and Seq13m holds the potential for possible
therapeutics use after formal clinical trials. Besides, these antiviral peptides could aid a new diagnostic
tool.

Introduction
At present, the entire world is facing challenges to handle COVID–19 pandemic (Ting et al., 2020).
Reports are coming out from different countries which suggest repurposing known antiviral drugs against
COVID–19 could be fruitful (Dutta et al., 2020; Elmezayen et al., 2020). However, none of them have
reached a �nal treatment for COVID–19. Now, multiple countries are in the race to �nd a successful
vaccine against COVID–19 (Prompetchara et al., 2020). But, SARS-CoV–2 contains dozens of new
mutations in its genome. And it is the main concern for all anti-COVID–19 efforts (Robson, 2020).
Moreover, varieties of new regional strains are appearing in a very short time frame(Peeri et al., 2020).
Herein, we made an effort to �nd out new antiviral peptides against SARS-CoV–2. In such an effort we
utilized Machine Learning and Supported Vector Machine for antiviral peptide prediction. Thereafter, we
opt for residue resistant molecular docking and molecular dynamics simulations to characterize their
properties. Best of our knowledge, this is the �rst report of antiviral peptides against SARS-CoV–2.

Discussion
Genome sequences of SARS-CoV–2 of different continents were obtained from NCBI Virus. Nucleotide
sequence of different genes enables us to look into the virus behavior from distance. Bioinformatics tools
accelerate new dimensions of therapeutics and alternative medicine before the expensive, extensive
laboratory work. An antiviral peptide is one of such an alternative approach (Pant et al., 2020). Moreover,
antiviral peptides were successful against previously emmered SARS-CoV and MERS-CoV (Du et al., 2017;
Zhao et al., 2016). In anticipation of the identi�cation of new antiviral peptides, we have found three
potential antiviral peptides against SARS-CoV–2 (Figure 1).
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The nucleotide sequences of the spike glycoprotein (S) of SARS-CoV–2 were compared using the
Position-Speci�c Iterated-Basic Local Alignment Search Tool (PSI-BLAST). Protein Data Bank (PDB) was
selected as a preferred search database. Aligned sequences of spike glycoprotein were then used to
identify motifs using MEME suite. Soon after, motifs were checked whether they are antiviral peptide or
not by using AVPred (Thakur et al., 2012) and Meta-iAVP (Schaduangrat et al., 2019). The amino acid
sequence of the predicted antiviral peptides was �nally aligned with the spike glycoprotein of the SARS-
CoV–2. Figure 1 indicates Seq12, Seq12m, and Seq13m are analogous peptides of the spike glycoprotein
(S). Fasta sequence of the antiviral peptides is available in the Supplementary section, Figure S1.

AVPred is an antiviral peptide prediction server that is based on a few sequence features viz., motifs,
alignment, amino acid composition, and physicochemical properties (Thakur et al., 2012). Final
prediction was made during 5-fold cross-validation using Supported Vector Machine (SVM), (). Antiviral
peptides were predicted based on the physicochemical model can be achieved up to 85% accuracy with
0.70 Matthew’s Correlation Coe�cient (MCC). Moreover, the experimental validation dataset shows 86%
accuracy and 0.71 MCC.

Conversely, Meta-iAVP is based on a novel sequence-based meta-predictor with an effective feature
representation (Schaduangrat et al., 2019). The effective features representation is derived from Machine
Learning Algorithms (MLA) and MLA types of features. Interestingly, the use of MLA and MLA types
features have increased the overall prediction accuracy and MCC of 95.20% and 0.90, respectively. At
present more than 15 peptide-based drugs are fall within the pipeline of clinical trials(Schaduangrat et al.,
2019).

Antiviral peptides usually rupture the viral capsid and eventually inhibit the viral replication cycle (Steven
et al., 1997). To validate that in our case, we perform molecular docking and molecular dynamics
simulation with our very limited computational resources.

Recently, a research group led by Prof. Qiwei Zhang at the School of Public Health, Southern Medical
University, China, identi�ed the receptor-binding domain of the spike glycoprotein (Lan et al., 2020).
Results suggest RBD includes six aromatic amino acid residues namely, TYR449, PHE456, PHE486,
TYR489, TYR505, and TYR543. Five polar uncharged amino acid residues ASN487, GLN493, GLN498,
THR500, and ASN501. Three non-polar aliphatic amino acid residues, LEU455, GLY496, and GLY502.

We used HADDOCK, a grid-enabled molecular docking platform to zoom in the molecular interactions
between the antiviral peptide and RBD of the spike glycoprotein. Results obtained were summarised in
Table 1. We have found that the amino acid residue resistant molecular docking was thermodynamically
favorable. Antiviral peptides were engaged with almost all important amino acid residues of the RDB
(Figure 2). Out of three antiviral peptides, Seq12 (47 mer) shows a very astonishing HADDOCK score of –
167.08 kcal/mol.
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Table 1. Summary of docking properties of antiviral peptides and the receptor binding domain of the spike
glycoprotein

Properties Antiviral peptides

Seq12 Seq12m Seq13m

HADDOCK Score -111.2 ± 5.3 -76.8 ± 8.1 -81.4 ± 4.8

Cluster size 104 13 40

RMSD1  0. 5± 0.3 2.6 ± 0.1 0.5 ± 0.4

Van der Waals energy -68.8 ± 9.0 -71.9 ± 5.9 -75.2 ± 6.0

Electrostatic energy -182.4 ± 26.0 -145.0 ± 37.5 -70.3 ± 15.5

Desolvation energy -36.9 ± 8.3 -4.9 ± 10.7 -20.9 ±6.1

Restrains violation energy 310.1 ± 59.32 289.2 ± 35.05 287.5 ± 103.83

Buried surface area 2095.0 ± 129.0 2159.1 ± 32.2 1870.4±121.4

Z-Score -1.6 -1.9 -1.8

1RMSD = Root mean square deviation from the overall lowest-energy structure. Energy units are in kcal mol-1.

 

Furthermore, there is an increasing amount of fear that mutation in the RBD would make all anti-COVID–
19 effort to nil. Indeed it is very true that if mutations incorporated in the RBD than therapeutics have to
evolve accordingly. Thus we get motivated and constructed mutant models of RBD of the SARS-CoV–2.
For example, in silico multi-point mutant models such as energy mutant, evolutionary mutant, and
combined mutant (Figure 3) were constructed. Results could be understood from Table 2 (available in the
Supplemental Files section). Among the interacting amino acid residues of RBD, only ASN487 is found to
be conserved (Figure S3). The energy mutant model of the RBD is constructed based on
thermodynamically favorable alteration between amino acids, which is based on FoldX and Rosetta
(Musil et al., 2017). The combined mutant model is constructed �rstly by the automated incorporation of
suggested amino acid residues from energy mutant and evolutionary mutants (Table 2). Secondly, by
manual incorporation of RBD residues’ best energy substitutions (FoldX, Rosetta). This combined
approach has increased the free energy of the mutant RBD from - 27.63 kcal/mol (17 mutations) to –
32.67 kcal/mol.

We also performed molecular docking among multi-point mutant models. Molecular interaction among
these mutant RBD models and antiviral peptides could be understood from Table 3. In summary, results
suggest Seq12, Seq12m, and Seq13m have thermodynamically e�cient binding capacity with these RBD-
mutants. These �ndings justify the novelty of the antiviral peptides and its possible therapeutic use.

Moreover, there is insu�cient data on whether other mammalian cell surfaces/ soluble receptors are
engaged with the SARS-CoV–2 cellular update. However, SARS-CoV can able to interact with two other
cellular receptors namely, Aminopeptidase N (Kontoyiannis et al., 2003), and dipeptidyl peptidase–4 (Raj
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et al., 2013). In general, coronavirus can interact with these two receptors. Therefore, there might be a
chance that SARS-CoV–2 can able to utilize aminopeptidase N and dipeptidyl peptidase 4.

Table 3. Summary of docking properties of antiviral peptides and the mutant receptor binding domain of SARS-
CoV-2.

Properties Antiviral peptides

Seq12 Seq12m Seq13m

HADDOCK Score -76.3±10.9 -70.1±5.6 -104.8±1.9

Cluster size 4 16 48

RMSD1  9.8±0.1 9.9±0.0 0.4±0.3

Van der Waals energy -61.9±8.0 -62.1±2.8 -76.5±2.7

Electrostatic energy -84.3±25.5 -35.4±9.3 -88.5±8.6

Desolvation energy -25.7±4.4 -34.7±6.7 -41.5±3.9

Restrains violation energy 281.5±49.92 337.7±50.19 309.5±38.27

Buried surface area 1795.5±113.3 1710.8±63.3 1811.2±50.9

Z-Score -1.0 -1.3 -1.7
1RMSD = Root mean square deviation from the overall lowest-energy structure. Energy units are in kcal mol-1.

Further, results showed, Seq12 and Seq12m have a very negligible concern of cytotoxicity ( 0.17; while 1.0
or higher is considered as toxic and can rapture the human RBCs).

The second most worrying concern of any antiviral peptide is the immunogenic pro�le (Tourdot et al.,
1997). A low immunogenic pro�le of an antiviral peptide is always considered as a gold standard.
Therefore, we also investigate the immunogenic pro�le of the antiviral peptides. Hopefully, none of the
antiviral peptides showed sensibly high immunogenic properties in the case of humans as a host (Table
4).
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Table 4. Summary of the physicochemcial and biological properties of the antiviral peptides

Properties Antiviral peptides

Seq12 Seq12m Seq13m

APVpred1-5 AVP3,5 AVP3,4,5 AVP4,5

Meta-iAVP6 0.716 0.752 0.85

PROB-HemoPI7 0.17 0.17 0.46

Hydrophobicity -0.23 -0.21 -0.10

Steric hindrance 0.69 0.67 0.65

Solvation 0.38 0.39 0.65

Hydropathicity -0.78 -0.70 -0.25

Amphiphilicity 0.72 0.62 0.73

Hydrophilicity 0.09 0.03 -0.20

Net hydrogen 47.0 46.0 30.0

Charge (pH = 7) 1.1 0.0 -1.0

Isoelectric point (pI) 8.71 7.10 4.79

Molecular weight8 5302.68 5374.75 4657.83

Instability index9 37.74 s 46.15 u 53.32 u

Aliphatic index 72.77 72.77 76.10

GRAVY10 -0.777 -0.711 -0.0246

Estimated half life11 0.8 h 0.8 h 1 h

Water solubility Good Good Poor

Epitope for IgE12 Non-allergen$ Non-allergen Non-allergen

IL-4 inducer13 Non-inducer* Non-inducer* Non-Inducer*

IL-10 inducer14 Inducer$$ Inducer$$ Inducer$$

IC50 39.38 uM 39.31 uM 38.54 uM

1 Heamolytic prediction = PROB score HemoPI was calculated using HemoPI-1/1+motif, (SVM+Motif

(HemoPI-2). Mapping of IgE epitopes and PID, MEME/MAST motif, Blast search on allergen representative

peptides (ARPs). Half life = mamalian reticulocytes, in vitro. IL-4 inducer prediction are made using SMV

method (SMV Thresold =0.5). *However, the complete antiviral sequence contain two motif to induce the IL-4

and hydride method (SMV+motif ) score is 1.04, suggesting it is IL-4 inducer peptide. Instability index9 : s

= stable, u = unstable. GRAVY = Grand average of hydropathy.## The half maximal inhibitory concentration

(IC50) = It a theoritical value calculated using IC50Pred. 11 Molecular weight in dalton. IL-10 inducing

probability was calculated using RANDOM FOREST probability thresold = 0.5,and SMV method. AVPpred = ,

Meta-iAVP = . 2Motif, 3Align, 4Composition, 5Physicochemical composition

Moreover, to make the immunogenic pro�le study more intensive, we have performed epitope prediction
using IEDB tools. Soon after epitopes prediction, we mapped three antiviral peptides with the aligned
sequence of the epitopes (Most frequently human alleles were chosen). We have found that none of the
epitopes have signi�cant similarities with the antiviral peptides (Figure S2). Moreover, in the case of the
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Seq12, Seq12m, and Seq13m the binding postures of with RBD suggest, the highly susceptible region for
immunogenicity was engaged with RDB interaction. Hence, the antiviral peptides probably would not give
any room to get eliminated by the host defense.

Besides, antiviral peptides were able to induce anti-in�ammatory cytokines IL–4 (Manavalan et al., 2018),
but not able to induce IL–10. Moreover, antiviral peptides were found to be non-allergenic as they do not
have any known epitope for human IgE (Saha and Raghava, 2006). Other physicochemical properties
summarized in Table 4 such as estimated half-life, instability index, water-solubility, theoretical IC50

values combinedly suggest medical importance.

We also try to understand a possible mode of action of these antiviral peptides. In such an approach we
have performed ambiguous interaction restraints molecular docking between the antiviral peptides and
active site of the RNA-dependent RNA polymerase. Surprisingly, we did not found thermodynamically
favorable interaction between RdRp and antiviral peptides. Therefore, Seq12, Seq12m, and Seq13m
might acts as an antiviral peptide in a different way.

SARS-CoV–2 has a structural membrane protein called Protein-M. Protein-M is a tri-pass transmembrane
protein (Figure 4) which is essential for re-assembling viral structural units into a mature virus (Bianchi et
al., 2020). Therefore Protein-M embraces therapeutic importance as a potential target. Hence, we also
investigate whether the antiviral peptides were able to positively interacts with Protein-M (Figure 5). M-
protein has three transmembrane domains namely, TM–1 (20- 39), TM–2 (51–73), and TM–3 (78–100).
Results, indicate Seq12, Seq12m, and Seq13m have best thermodynamical favorable interactions with
the TM–1 region followed by TM–2 and TM–3 (Table S1). We speculate that positive interaction with the
TM-protein would probably inhibit the re-assembly of the virus. Hence, Seq12, Seq12m, and Seq13m
would probably act as an anti-SARS-CoV–2 peptide in two possible ways. Firstly, by inhibiting the RBD
and ACE–2 interaction. Secondly, by interfering with M-protein and eventual inhibition of the viral re-
assembly/re-packaging.

Results, derived from MD-simulation studies are summarised in Figure 6. Root mean square deviation
(RMSD) of alpha carbon atoms of all systems are analyzed to detect their stability. It is observed from
Figure 6 that Seq12m, have the lowest RMSD value than Seq12 and Seq13m respectively. Antiviral
peptides namely Seq12, Se12m, and Seq13m have ≈ 0.274 nm, ≈ 0.274 nm, and ≈ 0.286 nm of RMSD
values at 1 ns. The highest RMSD values are respectively ≈ 0.852 nm, ≈ 0.908 nm, and ≈ 1.074 nm for
Seq12, Seq12m, and Seq13m. A closer look at the RMSD plot suggests Seq12m has the highest
�uctuation from 5 ns - 10 ns and gets stabilized throughout the trajectory. However, at start RMSD-
�uctuation is lower in the case of Seq12 and the highest RMSD-�uctuation is observed between 30 ns -
40 ns. Quite similarly, the RMSD-�uctuation of Seq13m is highest between 20 ns - 40 ns. Root means
square �uctuation (RMSF) helps to understand the �exibility of each amino acid residue (Islam et al.,
2020). In case of the antiviral peptides namely, Seq12, Seq12m, and Seq13m �exibility could be
understood from Figure 6. Seq13m is found to have the highest �uctuation from the 5th—7th, and 25th—
30th position of the amino acid sequence. However, Seq12 and Seq12m showed a similar RMSF plot. As
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mentioned earlier Seq12 and Seq12m have only one difference at the 2nd position of their sequences.
This is the reason for their similar RMSF value. However, a closer observation suggests Seq12 has a little
higher RMSF value than Seq12m. The radius of gyration (Rg) represents the compactness of the
molecular structure. The lower degree of �uctuation with its consistency through the simulation indicates
the greater compactness and rigidity of a system (Islam et al., 2020). Rg of Seq13m is �uctuated from 10
ns - 40 ns and reaches the highest value of 1.331 at ≈ 25 ns. However, Rg values of Seq12 and Seq12m
are very similar at the beginning and remain same up to 10 ns. Further, Rg �uctuations are prominent
after 10 ns and sustain such dissimilarities throughout the trajectory. The lowest Rg values are ≈ 1.041
nm (50 ns), ≈ 1.380 nm ( before 10 ns), and ≈ 0.944 nm ( before 10 ns) respectively for Seq12, Seq12m,
and Se13m. In summary systems i.e., Seq12 and Seq12m showed better stability throughout the
complete trajectory. The number of inter water-peptide hydrogen bonds in the simulated systems were
also compared (Figure 6). The highest number of hydrogen bonds are formed respectively by Seq12 (40 -
45 ns), Seq12m (15 ns), and Seq13m (before 5 ns).

Conclusion
In summary, peptide analogs of spike glycoprotein namely, Seq12, Seq12m, and Seq13m are predicted as
an antiviral peptide with the help of Machine Learning and Supported Vector Machine. Molecular docking
suggests Seq12, Seq12m, and Seq13m can inhibit RBD and ACE-2 interaction. Moreover, these RBD
blocking properties of these antiviral peptides remain intact even after mutation in the RBD. Molecular
dynamics simulation studies provide some important biophysical properties of these antiviral peptides.
We have found that Seq12 and Seq12m have better RMSD value throughout the complete trajectory.
Besides Seq12 and Seq12m have considerably low cytotoxicity than Seq13m. We did not �nd any
favorable interaction among the antiviral peptides. The possible mode of action of these antiviral
peptides is not by inhibiting RNA-dependent RNA polymerase of the virus. Rather, molecular docking
suggests that Seq12, Seq12m, and Seq13m can interfere with viral membrane protein M and eventually
inhibit viral reassembly.

Methods
Data sampling and analysis

Nucleotide sequences of newly emerged SARS-CoV-2 were obtained from NCBI viruses. The complete
genome sequence of the SARS-CoV-2 strain Wuhan-Hu-1 (GenBank Sequence Accession: MN908947)
was used as the query sequence. The viral spike glycoprotein (S-Protein), and membrane protein (M-
Protein), (QHD43416.1) were studied using PSI-BLAST. Homology models of the  M- and S-Protein were
build using i-TASSER and SWISS-MODEL  respectively (Guex and Peitsch, 1997; Zhang, 2008). Structure
validation was performed using PROCHECK (Laskowski et al., 1993).

Motif search
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The aligned sequences of spike protein the resulted from PSI-BLAST were used to discover motifs using
the MEME suite (Altschul et al., 1997; Bailey et al., 2009). The primary query included a set of 69 protein
sequences, between 16 to 1196 in length (Average length 214.3 amino acids), (Supplementary �les) with
the following settings: Background: A order-0 background generated from the supplied sequences.
Discovery Mode: Classic: optimizes the E-value of the motif information content. Site Distribution: Zero or
one occurrence (of a contributing motif site) per sequence. Motif Count: for 3 motifs. Motif Width:
Between 15 wide and 47 wide (inclusive).

Antiviral property prediction

Motifs were checked and validated as antiviral peptide using Machine Learning algorithm (MLA), and
Supported Vector Machine (SVM) i.e, Meta-Iavp (Schaduangrat et al., 2019) , and AVPred (Thakur et al.,
2012) with four prediction model setting viz., AVP motif, sequence alignment, composition analysis,
physio-chemical properties with a selected threshold value of 50 ( ). The best predicted antiviral peptides
were then used as a query sequence to predict the theoretical half-maximum inhibitory concentration
(IC50) value using AVP-IC50Pred (Qureshi et al., 2015).

Homology modeling and peptide characterizations

The best predicted antiviral peptides were used to build three dimensional peptide structures using PEP-
FOLD (v3.5), (Lamiable et al., 2016). The structures obtained were then subject to energy minimization
(GROMACS, v5.0) to remove unusual torsions and clashes for their structural geometry (Abraham et al.,
2015). Properties of the best predicted antiviral peptides were calculated using Innovagen peptide
property calculator (Lear and Cobb, 2016), ProtParam (Portal, 2011), AlgPred ( Mapping of IgE epitopes
and PID, MEME/MAST motif, Blast search on allergen representative peptides (ARPs)), (Saha and
Raghava, 2006), ToxinPred (SVM (TrEMBL) + Motif based and SVM (Swiss-Prot) based), (Gupta et al.,
2013), HemoPI, (SVM + Motif (HemoPI-2) based), ( ), IL4pred (Hybrid (SVM + motif) based ), (Win et al.,
2017). AVP-IC50Pred ( Hybrid Model aFeatures:Composition (mono-di) + Physico + Secondary structure +
Surface accessibility. bFeatures: Binary (N8/C8) + Physico + Secondary structure + Surface accessibility).
Select Machine Learning Techniques: Support Vector Machine (SVMlight) Random Forest (R package),
IBk (Weka), KStar (Weka), (Qureshi et al., 2015).

In silico multi-point mutant model

Crystal structures of the receptor-binding domain (6W41) of the SARS-CoV-2 was obtained from RCSB-
PDB (Yuan et al., 2020). We manually select Chain C of the 6W41 as it is annotated as RBD for ACE-2. In
silico multi-point mutant models were obtained using FireProt (Musil et al., 2017). Mutant models were
then checked for whether they contain any important residues that are engaged with ACE-2.

Molecular docking
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Molecular interaction between best predicted antiviral peptides and viral membrane protein (M), receptor-
binding domain (RBD) of the viral spike glycoprotein were carried out using HADDOCK-v2.2 (Rodrigues et
al., 2015). The molecular docking poses were then visualized using PyMol, DS-Visualiser (DeLano, 2002;
Visualiser).

Molecular dynamics  (MD) simulation

MD-simulation of analogs peptide of spike glycoprotein and peptide analog complex with M-protein were
performed using GROMACS (v2019)(Abraham et al., 2015). The Pdb2gmx was used to achieve the
GROMACS �le from protein. The initial protein structure for the simulation was processed using
AMBER99SB-ILDN force �eld and solvated in a cubic box with SPC/E water molecules maintaining the
size at least 2.0 nm from all atoms as �nal. To neutralize the net charge on the protein required Cl- ions
were added to the cubic water box. The neutralized systems were further subjected to energy
minimization with 500 steps for steepest descent algorithm followed by 100 ps MD simulation with
position restraints on the protein non-hydrogen atoms were performed to equilibrate to remove the
irregular torsions, and the process was carried out through the steepest descent minimization algorithm
for 50000 steps using 1000 kJ/mol/nm as the maximum force. The two steps equilibration, NVT, and
NPT were performed for 100 ps before the �nal MD run. The MD simulations were performed for 50000
ps (Dutta et al., 2018). The graphs obtained were analyzed using XMGRACE and the trajectory �les were
visualized using VMD (v1.9).

Characterization of immunogenic properties

Antiviral peptides were checked for their possible immunogenic properties using the IEDB epitope
analysis tool which includes sequential B-cell epitopes (Vita et al., 2015), T-cell (MHC-II), NetCTL-1.2
(Larsen et al., 2007). Antiviral peptides were mapped within the predicted epitopes.   
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Table 2
Due to technical limitations, table 2 is only available as a download in the supplemental �les section.

Figures

Figure 1

Sequence mapping of the antiviral peptides with the spike glycoprotein of the SARS-CoV-2. Amino acid
sequences were aligned using multiple sequence alignment with high accuracy and high throughput. *
common amino acid residues.

Figure 2
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Best HADDOCK cluster of antiviral peptides and the receptor-binding domain of the spike glycoprotein of
SARS-CoV-2. A. Seq12+RBD B. Seq12m+RBD C. Seq13m+RBD. *The results and graphics presented here
are based on water-re�ned models generated by HADDOCK. The clusters (indicated in color in the graphs)
are calculated based on the interface-ligand RMSDs calculated by HADDOCK, with the interface de�ned
automatically based on all observed contacts. The various structural analysis such as FCC, i-RMSD, and l-
RMSD are made with respect to the best HADDOCK model (the one with the lowest HADDOCK score).
RMSD = Root mean square deviation, i-RMSD = Interface RMSD calculated on the backbone (CA, C, N, O,
P) atoms of all residues involved in intermolecular contact using a 10 A cutoff. l-RMSD = Ligand-RMSD
calculated on the backbone atoms (CA, C, N, O, P) of all (N>1) molecules after �tting on the backbone
atoms of the �rst (N = 1) molecule. FCC = Fraction of common contacts. The intermolecular contacts are
de�ned based on the best HADDOCK model using a 5 A cutoff. a.u = Arbitrary Units. The cluster averages
and standard deviations are indicated by colored dots with association error bars. (The average values
are calculated on the best 4 structures of the HADDOCK score).

Figure 3

Different models of the receptor binding domain of the SARS-CoV-2. A. Wild type (magenta). B. Mutant
models of receptor binding domains. Energy mutant model (Cyan), evolutionary model (light blue),
combined model (corn�ower blue). *Evolutionary and combined mutant models do not have signi�cant
structural differences.
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Figure 4

Membrane protein (M) of SARS-CoV-2. A. Flexibility of the amino acid residues. B. Predicted
transmembrane domains. C. RMSD per amino acid residues.
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Figure 5

Best HADDOCK cluster of antiviral peptides and the transmembrane domain-1 (20-39) of the membrane
protein (M) of SARS-CoV-2. A. Antiviral peptide seq12+TM1 of the M protein. B. Antiviral peptide seq12m+
TM1 of the M protein. C. Antiviral peptide seq13m+TM1 of the M protein. *The results and graphics
presented here are based on water-re�ned models generated by HADDOCK. The clusters (indicated in
color in the graphs) are calculated based on the interface-ligand RMSDs calculated by HADDOCK, with
the interface de�ned automatically based on all observed contacts. The various structural analysis such
as FCC, i-RMSD, and l-RMSD are made with respect to the best HADDOCK model (the one with the lowest
HADDOCK score). RMSD = Root mean square deviation, i-RMSD = Interface RMSD calculated on the
backbone (CA, C, N, O, P) atoms of all residues involved in intermolecular contact using a 10 A cutoff. l-
RMSD = Ligand-RMSD calculated on the backbone atoms (CA, C, N, O, P) of all (N>1) molecules after
�tting on the backbone atoms of the �rst (N = 1) molecule. FCC = Fraction of common contacts. The
intermolecular contacts are de�ned based on the best HADDOCK model using a 5 A cutoff. a.u = Arbitrary
Units. The cluster averages and standard deviations are indicated by colored dots with association error
bars. (The average values are calculated on the best 4 structures of the HADDOCK score).

Figure 6

Comparison of MD-Simulation results among antiviral peptides. A. Three-dimensional structure of Seq12.
B. Seq12m. C. Seq13m. D. RMSF plot MD-Simulation of 50 ns. E. RMSD plot MD-Simulation of 50 ns. F.
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The radius of gyration plot MD-Simulation of 50 ns. G. Interprotein hydrogen bonding. * Seq12 (blue),
Seq12m (red) and Seq13m (green).
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