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Abstract

Severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) is continuously

evolving. Although several vaccines were approved, this pandemic is still a major

threat to public life. Till date, no established therapies are available against SARS-

CoV-2. Peptide inhibitors hold great promise for this viral pathogen due to their effi-

cacy, safety, and specificity. In this study, seventeen antiviral peptides which were

known to inhibit SARS-CoV-1 are collected and computationally screened against

heptad repeat 1 (HR1) of the SARS-CoV-2 spike protein (S2). Out of 17 peptides,

Fp13 and Fp14 showed better binding affinity toward HR1 compared to a control

peptide EK1 (a modified pan-coronavirus fusion inhibitor) in molecular docking. To

explore the time-dependent interactions of the fusion peptide with HR1, molecular

dynamics simulation was performed incorporating lipid membrane. During 100 ns

MD simulation, structural and energy parameters of Fp13-HR1 and Fp14-HR1 com-

plexes demonstrated lower fluctuations compared to the control EK1-HR1 complex.

Furthermore, principal component analysis and free energy landscape study revealed

that these two peptides (Fp13 and Fp14) strongly bind to the HR1 with higher affin-

ity than that of control EK1. Tyr917, Asn919, Gln926, lys933, and Gln949 residues in

HR1 protein were found to be crucial residues for peptide interaction. Notably, Fp13,

Fp14 showed reasonably better binding free energy and hydrogen bond contribution

than that of EK1. Taken together, Fp13 and Fp14 peptides may be highly specific for

HR1 which can potentially prevent the formation of the fusion core and could be fur-

ther developed as therapeutics for treatment or prophylaxis of SARS-CoV-2

infection.
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1 | INTRODUCTION

Coronavirus disease 2019 (COVID-19) was first identified in the city

of Wuhan, China in December 2019. It is a respiratory tract infection

caused by severe acute respiratory syndrome coronavirus-2 (SARS-

CoV-2).1,2 COVID-19 is characterized by a wide range of symptoms,

from mild self-limiting respiratory disease to severe progressive pneu-

monia, multi-organ failure, and death.3 As of 27 September 2021,

there have been more than 232 million diagnosed cases with 4.2 mil-

lion confirmed deaths around the globe.4 The virus is highly mutation

prone and it has already started its second wave with more infections

as well as deaths.5 Due to the severe threat to public health, prompt

Received: 20 February 2021 Revised: 3 August 2021 Accepted: 19 September 2021

DOI: 10.1002/jcc.26758

J Comput Chem. 2021;42:2283–2293. wileyonlinelibrary.com/journal/jcc © 2021 Wiley Periodicals LLC. 2283

https://orcid.org/0000-0002-1698-7044
mailto:mhalim1@kennesaw.edu
http://wileyonlinelibrary.com/journal/jcc
http://crossmark.crossref.org/dialog/?doi=10.1002%2Fjcc.26758&domain=pdf&date_stamp=2021-09-30


understanding and development of coronavirus therapeutic for treat-

ment of COVID-19 are highly demanding.

SARS-CoV-2 outer surface is composed of densely homo-trimeric

glycosylated spike (S) protein, made out of S1 and S2 subunits in each

monomer.6 The receptor binding domain (RBD) of S1 subunits of

SARS-CoV-1 and SARS-CoV-2 make use of human angiotensin-

converting enzyme 2 (hACE2) as a receptor site to invade the human

cell.7,8 Following receptor recognition by S1 subunit of SARS-CoV-2,

pre-fusion trimer is destabilized and fusion activity of S2 subunit is

triggered. S2 subunit contains an N-terminal fusion peptide (FP), hep-

tad repeat 1 (HR1), heptad repeat 2 (HR2), a transmembrane region

(TM), and cytoplasmic tail (CT). During the fusion process, the inser-

tion of FP on the host cell membrane leads S2 in pre-hairpin interme-

diate. In the post fusion state, the HR1 and HR2 domain of S2 subunit

are attached together forming a six-helix bundle (6-HB) fusion core to

bring viral and cellular membrane in close proximity.9,10 Interestingly,

HR1 and HR2 domains are highly conserved between SARS-CoV-1

and SARS-CoV-2, with 92.6% and 100% sequence identity, respec-

tively.11 Besides, similar to SARS-CoV-2, previous studies showed

that 6-HB fusion core plays a pivotal role in mediating the membrane

fusion process during MERS-CoV and SARS-CoV-1 invasion to host

cells.12,13 Similarly, a recent study suggests that HR1 and HR2 interact

with each other to devise a coiled-coil complex to assist membrane

fusion and viral infection.11 Each pair of adjacent HR1 helix generates

a hydrophobic groove on surface, which is considered as a good target

site for developing potential fusion inhibitor.9,14

The N-terminal fusion peptides (FP) are generally 15–25 residues

long and are accessible when the class I fusion peptides are proteolyti-

cally cleaved.15 Immediately after exposure, they can enter the host

cellular membrane using their extreme hydrophobicity as a privilege.16

This FP region is highly conserved in all HCoVs. FP performs mem-

brane ordering that is critical for fusion mechanism. Because of mem-

brane ordering, the repulsive forces between two opposing

membranes are minimized and allow them to contact with each other.

A recent study revealed that during 200 ns of MD simulation time, a

trimeric unit comprising a 40-amino-acid region (residues 816–855 of

SARS-CoV-2 Spike) proved efficient in activating the earliest steps of

membrane fusion with two opposing membranes added to the spike

prefusion trimer.17 Therefore, MD simulation by adding membranes

can explain the proper internal mechanism involved in fusion between

viral and host membrane and thus it can contribute to rational design

of fusion inhibitors.

The use of peptides as therapeutics holds great promises for the

treatment of continuously evolving viral infection of SARS-CoV-2.18–

20 Peptides generated from the HR1 and HR2 regions of the class

1 viral fusion protein showed antiviral efficacy by binding to the pre-

hairpin intermediate and preventing the development of the 6-HB

fusion core.21 HR1-derived peptides have low antiviral efficacy,

whereas HR2-based peptide inhibitors could effectively inhibit viral

infection. HR2-based peptides had been studied widely to fight

against SARS-CoV-2 outbreak.10,13,22,23 Thus, fusion inhibitors known

to function against SARS-CoV-1 offer high promise to be effective

against SARS-CoV-2 and potentially arrest the fusion process.

Likewise, we preferred HR2-based peptide in our study. EK1 is a 36

amino acid long modified coronavirus fusion inhibitor peptide, derived

from the OC43-HR2P sequence by introducing Glu(E) and Lys(K) resi-

dues at appropriate sites (i to i + 3 or i to i + 4 positions) to increase

its solubility, stability, and antiviral activity. It shows effectiveness

against infection of five HCoVs including SARS-CoV-1, MERS-CoV,

and three SARS related CoVs (HCoV-229E, HCoV-NL63, and HCoV-

OC43). It is also experimentally validated to inhibit cell–cell fusion and

block various pseudotyped and live CoV infections.14 EK1 is neither

cytotoxic nor immunogenic, so it is safe to use in clinical trials and

subsequent procedures.

The outbreak of COVID-19 has genuinely highlighted the neces-

sity of broad-spectrum antivirals. To take this problem into account,

repurposing the existing clinically evaluated antiviral therapeutics

against SARS-CoV-2 is one of the most promising strategies for rapid

identification and treatment. It can minimize time and expenses with

contrast to de-novo drug discovery.24–26 Since the emergence of

COVID-19, numerous clinical trial have been carried out for develop-

ing vaccines and repurposing the approved drugs counting chloro-

quine, arbidol, camostat, remdesivir, ribavirin, and lopinavir/ritonavir

against SARS CoV-2.27,28 Nonetheless, the greater part of these drugs

have made a limited commitment to controlling the pandemic. As a

result, there will be need to introduce novel antiviral therapeutics with

high activity and specificity for long-term treatment of this emerging

disease.

In this study, we computationally screened seventeen SARS-

CoV-1 HR2-derived fusion inhibitor peptides which showed effective

antiviral activity against the HR1 of SARS-CoV-1 and SARS-CoV-2.

We choose EK1 to serve as a control peptide in our study. Peptides

with a greater HR1-protein binding affinity than EK1 were further

investigated using molecular dynamics simulation (MD) to find a

high affinity HR1 protein binder and exploring possible interaction

mechanisms.

2 | METHODS

2.1 | Molecular docking

Seventeen peptides were selected from antiviral peptide database

AVPdb29 which has experimental evidence as fusion inhibitors of

SARS-CoV-1. All the peptides were modeled by PEP-FOLD 3.5.30

Models were refined by YASARA31 Dynamics software using

AMBER14 force field. The stereo-chemical quality of model peptides

was verified by PROCHECK32 server. The crystal structure of post

fusion core of SARS-CoV-2 S2 subunit with resolution 2.90 Å was

retrieved from RCSB protein data bank (PDB:6LXT).9 HR2 region,

water molecules and unwanted ligands were removed. All peptides

were docked against HR1 protein using ClusPro2.0 docking server.33

The binding free energy of docked complexes were calculated by

PRODIGY server.34 The peptides were ranked based on their model

quality, docking score, binding pose, and binding free energy. Top

three were selected for subsequent analysis.
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2.2 | Molecular dynamics (MD) simulation

One hundred nanoseconds of MD simulation was carried out for

HR1, EK1-HR1(positive control), Fp13-HR1, and Fp14-HR1 in

YASARA Dynamics suite using AMBER14 force field.31,35 The macro

file was modified for running the simulation by positioning the com-

plexes on a lipid membrane composed of phosphatidyl-ethanolamine

(PEA). The secondary structure of protein was scanned for hydro-

phobic residues to position the membrane surface. Then the mem-

brane was artificially stabilized around the newly attached protein

and equilibrated by simulation for 250 ps. The system was neutral-

ized by adding NaCl salt at 0.9% concentration, pH 7.4 at 310 K

(37�C) temperature, and water molecules (0.997 g/cm3). At an 8 ang-

stroms cut-off distance, the particle-mesh Ewald method31 was

employed to calculate long-range electrostatic interactions. The sim-

ulation temperature was controlled using a Berendsen thermostat.

The simulation was run using a periodic boundary condition, with the

cell size being 30 times that of the protein in the membrane plane

and 20 times that of the protein in the water axis. The steepest gra-

dient approach was used for the initial energy minimization of all

simulation systems utilizing the simulated annealing method

(5000 cycles). The simulation time step was adjusted to be 1.25 fs

using a multiple time step technique. Finally, a 100-ns MD simulation

was performed, with snapshots taken every 100 ps along the MD

trajectory for additional study. For the backbone, alpha carbon,

heavy atoms, time, energy, bond distance, bond angle, dihedral

angles, solvent-accessible surface area (SASA), molecular surface

area (MolSA), Coulombic, Van der Waals interactions, root mean

square fluctuation (RMSF), and root mean square deviation (RMSD)

values were recorded during the analysis. MD snapshots were col-

lected for evaluating their interaction. Through the PRODIGY server,

100 ns MD snapshots (100 structural snapshots for each ns interval)

were selected to calculate binding free energy based on inter-

molecular interactions and parameters obtained from non-interface

surfaces.34

Principle component analysis (PCA) was performed to examine

several multivariate energy components in order to better understand

the relationship between structural and energy profile from MD tra-

jectory of protein changing in the presence of peptide. Bond distance,

bond angles, dihedral angles, planarity, electrostatic energies, and Van

der Waals energies were all considered in the structural and energy

data. The main epitome of PCA was to expose correlation between

structural and energy profile of different groups.36 PCA was per-

formed using the last 50 ns MD trajectory data for HR1 and

HR1-peptide complexes. Using the following equation, the multivari-

ate response in PCA was placed in the X matrix and reduced into a

product of two new matrices.

X¼ TkP
T
k þE:

Here, TK is the matrix of scores represents how the sample relate

to each other, Pk is the matrix of loadings, subsuming the information

about the relation of variables to each other, k is the number of

factors into the model, and E is the unmodeled variance. For per-

forming all calculations, R37 based in house developed codes

were used.

2.3 | Free energy landscape (FEL)

The free energy landscape technique measures and maps all the possi-

ble conformational changes in a particular system on a given time

scale and the corresponding energy levels of the snapshots. The

energy is calculated as Gibb's free energy derived from protein

enthalpy and entropy.38 The following equation was used for calculat-

ing the Gibb's free energy:

Gi ¼�KBTln
Ni

Nmax

� �
:

Here, KB denotes the Boltzmann's constant, T is the temperature,

Ni is the population in bin i, and Nmax is the population in the most

populated bin. The trajectory files were converted and incorporated

into Geo-Measures plugin39 for calculating and plotting FEL.

2.4 | Statistical analysis

Simulation properties (RMSD, Rg, SASA, and RMSF) and structural

and energy parameters (bond angle, bond distance, planarity, dihedral

angle, Coulomb energy, and Van der Waals energy) of the complexes

were statistically evaluated compared to HR1 protein. The statistical

analysis of average of difference between peptide-HR1 complexes

and HR1 protein at each time point for each variable was performed

by t-test.40 All experiments were performed in duplicate and data

were shown as mean ± SD. P < 0.05 was evaluated significant for

probability values.

3 | RESULTS AND DISCUSSION

3.1 | Peptide binding affinity and interaction

As indicated in the Table S1, the amino acid sequences, lengths, and

in vitro inhibitory effectiveness of 17 peptides were obtained from

the antiviral peptide database AVPdb. Peptide model quality, docking

score, and binding free energy values were documented in Table 1.

Ramachandran plot obtained from PROCHECK server revealed that

all residues of peptides Fp11, Fp13, Fp14, and Fp15 were located in

the most favored region, resulting in the model quality 100%. In

molecular docking analysis, among 17 peptides, 12 peptides showed

higher docking scores than EK1 ranging from �878.4 to �601 kcal/

mol in ClusPro2.0 algorithm. Fp3, Fp4, Fp13, Fp14, and Fp15 were

5 top scoring peptides showing considerable binding affinities. How-

ever, Fp3, Fp4, Fp15 showed major shifts from binding sites. On the

contrary, Fp13, Fp14 remained anchored in the targeted deep
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hydrophobic groove blocking the formation of 6-HB. Several residues

including Leu922, Asn928, Lys933, and Gln935 of the HR1 protein

were involved in higher non-covalent interactions with 18 peptides

including EK1 (Figure 1A). Shuai Xia and his team have reported that

mutated Lys933 in HR1 domain of SARS-CoV-2 enhances the binding

interaction between HR1 and HR2 domain, which may lead enhanced

TABLE 1 Docking scores, model
quality of peptide, and binding free
energy of 18 peptides including EK1

Peptide ID Model quality of peptide Cluspro score (kcal/mol) Prodigy score (kcal/mol)

Fp1 84.60% �680.6 �6.7

Fp2 76.50% �607.5 �8.7

Fp3 88.20% �878.4 �7.5

Fp4 56.20% �843.9 �7.7

Fp5 85.20% �720 �7.5

Fp6 96.00% �545.9 �8.5

Fp7 90.50% �559.4 �6.6

Fp8 97.40% �607.8 �6

Fp9 97.20% �535.5 �9.4

Fp10 86.50% �690.6 �10.3

Fp11 100.00% �561.2 �10.7

Fp12 89.20% �601 �9.1

Fp13 100.00% �801 �11.1

Fp14 100.00% �789.4 �7.7

Fp15 100.00% �804.8 �8.6

Fp16 94.10% �551.4 �7.1

Fp17 87.90% �783.6 �7.6

EK1 89.20% �580.6 �6.6

F IGURE 1 (A) Interacting residues of HR1 core; (B) distribution of non-covalent interactions; (C) residue-residue interacting map in 18
peptides-HR1 docked complexes; red, blue, and white color demonstrate higher, moderate, and no interaction in peptide-HR1 complex,
respectively
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virus infectivity.9 This evidence supports our findings on peptide-HR1

protein interaction residues. Hydrogen bonding interaction played an

essential role to stabilize the conformations of peptides-HR1 com-

plexes contributing 73% of the total interactions. In addition, hydro-

phobic contacts accounted for 23% of all interactions, while

electrostatic interactions for only 4%. (Figure 1B). Multiple interac-

tions were observed for Aln924, Gln926, Ile931, and Gln935 residues

of HR1, which indicates that these are the key residues to strongly

harbor a fusion inhibitor (Figure 1C).

3.2 | Molecular dynamics simulation

MD simulation has played an important role in the explorations of

membrane systems and related events.38,41 We evaluated the struc-

tural stability of peptide-protein complexes by calculating several

structural parameters including RMSD, Rg, SASA, H-bond, and RMSF,

as presented in Figure 2. On comparing the Cα-RMSD of peptide free

HR1, we observed that Fp13-HR1, Fp14-HR1, and EK1-HR1 com-

plexes achieved stability during the simulation. Fp13-HR1 complex

exhibited the lowest RMSD with average value of ~3.09 Å compared

to Fp14-HR1 (~3.16 Å) and EK1-HR1 (~3.8 Å), as shown in Figure 2A.

Besides, Fp13-HR1 showed a reasonably stable pattern over the sim-

ulation period except 65 to 70 ns with a peak of 4 Å. Fp14-HR1 com-

plex was initially stable from 0 to 40 ns and afterward a major

structural drifting was observed from 40 to 70 ns, which caused

RMSD to increase and then remain stable to the end of the simula-

tion. As shown Figure S3a, the average value of RMSD difference of

Fp13-HR1 complex to HR1 was significantly lower than that of the

other two complexes indicating the higher stability of Fp13-HR1 than

other two complexes. Random peptide movement was responsible for

higher fluctuation of RMSD at several simulation point.42 Overall,

RMSD analysis revealed that Fp13-HR1, Fp14-HR1, and EK1-HR1

complexes were lower in RMSD than that of HR1 across the whole

simulation time, suggesting that peptide free HR1 may be unstable in

the physiological conditions. Representative snapshots of membrane

embedded HR1-peptide complex from MD were shown in Figure S5.

To clearly see the conformational shift of complexes, snapshots with-

out membrane at various time points in MD simulation were displayed

(Figure 3). Zhang et al. reported that some membrane-integrated pep-

tides or proteins could provide stable transmembrane channels for

specific or non-specific solutes.41

Conformational changes in peptide-HR1 complexes compared to

the peptide-free HR1 were evaluated using radius of gyration (Rg),

F IGURE 2 (A) Root-mean square deviation (RMSD); (B) radius of gyration (Rg); (C) solvent accessible surface area (SASA); and (D) root-mean
square fluctuation (RMSF) of HR1 and peptide-HR1 complexes over 100 ns MD simulation; (E) total number of hydrogen bonds(boxplot)
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which demonstrated overall dimensions of protein conformations in

terms of compactness (lower Rg values indicate higher compact-

ness).36,42 The Rg analysis revealed that the Fp13-HR1 and Fp14-HR1

complexes had lower Rg values than the control EK1-HR1 complex

and HR1, denoting tight packing in HR1 protein structure upon bind-

ing (Figure 2B and Figure S3b). Alternatively, control EK1-HR1 com-

plex showed lower Rg value compared to the HR1 but the curve was

unstable from initial to 40 ns and then it showed downward trend till

the end of the simulation time. Proteins have a wide spectrum of vari-

ations that demonstrate their poor folding stability.43 A consistent Rg

value indicates compactness and stable folding, both of which are

required for proper function.44 However, the RMSD analysis for all

peptide complexes also supports the result from Rg.

To further clarify the structural deviation conferred by the pep-

tides, flexibility of protein in terms of solvent accessible surface area

(SASA) was calculated. The expansion of the surface area is indicated

by an increased SASA profile.45 Since the peptide size of the control

EK1-HR1 complex was larger than the other peptides, the SASA trend

was higher (Figure 2C). Based on the stereo-chemical property analy-

sis, EK1 is found to possess higher lysine(K) and glutamate(E) residues

forming salt bridges at neutral pH that enriched the solubility and

SASA value.46 Additionally, Laurence et al. reported that K, E, R, N, D,

Q, S, and T residues are 45% (Lys) to 19% (Ser) accessible for

α-helices, with an average of 35%. Hydrophobic residues, conversely,

are just 1%–5% accessible (except for Trp and Tyr, which are 10%

accessible).47 Interestingly, positive, negative, and polar residue of

EK1 constitute 55.55% of total residues, whereas two others have

lower percentage of positive, negative, and polar residue contribution

(52.77%). In the case of Fp14-HR1 complex, lower SASA trend was

observed compared to the Fp13-HR1 complex but higher deviation in

SASA values were absent for both complexes (Figure S3c). Polar resi-

due rich Fp13 (47%) showed higher SASA values than Fp14 (27.77%).

However, decreased value of SASA in Fp14-HR1 complex denotes its

relatively shrunken nature as compared to the control EK1-HR1 and

Fp13-HR1 complexes.48

Total numbers of hydrogen bonds in three complexes and HR1

were represented by a boxplot (Figure 2D) illustrating that free pro-

tein (HR1) had the least number of H-bonds with an average of 229.

Conversely, Fp14-HR1 possessed highest number of H-bonds with an

average of 276 due to increased number of serine residues. In addi-

tion, Fp13-HR1 and EK1-HR1 contributed almost likewise with aver-

age of 271 and 268, respectively.

The residue-based root mean square fluctuation (RMSF) of all

three complexes and HR1 were analyzed (Figure 2E) to understand

the flexibility of the complexes. Lower RMSF was observed for

Fp13-HR1 and Fp14-HR1 complexes compared to the control EK1-

F IGURE 3 Representative snapshots (a) EK1-HR1; (B) Fp13-HR1; and (C) Fp14-HR1 over the 100 ns MD simulations. The color schemes for
HR1, EK1, Fp13, and Fp14 are blue, red, lime green, and yellow
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HR1 because the number of hydrogen bonds increased within

Fp13-HR1 and Fp14-HR1 complexes that can stabilize the conforma-

tion and maintain flexibility. However, a higher RMSF trend was

observed at 915–920 and 980–985 residues for all three complexes.

The average value of RMSF difference in Fp14-HR1 to HR1 was

found lower than two complexes (Figure S3d). Several research

groups reported that RMSD and RMSF stabilities were crucial to refer

strong binding affinities.49,50 Though the N-terminal HR1 and C-

terminal HR2 of the fusion core monomer devised two helices confor-

mations, the linker sequence maintained a linear structure.51 Fp13

and Fp14 peptides have a significant affinity for N-terminal HR1 that

may prevent HR2 from assembling the fusion core.

After performing MD simulation, the result of binding free energy

displayed a comparatively higher energy profile for Fp13-HR1 and

Fp14-HR1 complexes than EK1-HR1 (Figure 4A). Fp13-HR1 and

Fp14-HR1 complexes showed average binding free energy �9.5

and �9.4 kcal/mol, while the average binding free energy of EK1-HR1

was �6.847 kcal/mol. Each pair of neighboring HR1 helices forms a

deep hydrophobic groove to serve as a binding site for peptide inhibi-

tor (Figure 4B).

F IGURE 4 (A) Binding free energy of peptide-HR1 complexes over 100 ns MD simulations period; (B) model of HR1 core structure of SARS-
CoV-2 S protein. A surface map showing the hydrophobic groove on the surface of three central HR1; (C) the principle component analysis plot
of peptide-HR1 complexes including HR1
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A principal component analysis (PCA) model incorporating a train-

ing set (HR1 and three peptide-HR1 complexes) was generated to

investigate structural and energy profiles change in contrast with HR1

during MD simulation. The first two PCs cumulatively explained

98.24% variance in which PC1 explained 89.83% variance and PC2

explained 8.41% variance. As shown in Figure 4C, the PCA biplot

demonstrated that Fp13-HR1 and Fp14-HR1 clusters were over-

lapped each other in the center along PC1 and PC2 while EK1-HR1

showed the highest shifting rightward along PC1.The variables includ-

ing bond distance, bond angle, dihedral angle, planarity, electrostatic

energies, Van der Waals energies contributed to form cluster patterns

which produced consistent results in terms of structural order analy-

sis, RMSD, Rg, and SASA, as described in Figure 2A–C. The cluster of

Fp14-HR1 inclined upward along PC2 meaning the contribution of

planarity variables in this complex was higher than the Fp13-HR1

complex (Figure S4c). The cluster of Fp13-HR1 shifted slightly right-

ward depicting the contribution of Coulombic energy and Van der

Waals energy profile was higher than the Fp14-HR1 complex (Figures

S4e and S4f). The contribution of bond distance, bond angle, planarity,

dihedral angles profile of EK1-HR1 was higher than other peptide-

HR1 complexes (Figures S4a, S4b, S4c, and S4d). This major

contribution of variables of EK1-HR1 leads the cluster of EK1-HR1

rightward was shown in biplot.

3.3 | Free energy landscape

Free energy landscape (FEL) was performed for understanding

conformational transition beneath protein-peptide interaction,

using the reaction coordinates of RMSD and Rg respectively.52

The weak and unstable interaction of protein and ligand shows

multiple energy minimum clusters, while strong and stable interac-

tion form single energy cluster in the energy distribution.53 As

shown in Figure 5, the energy minima basins were represented

from red to blue indicating more stable conformation having mini-

mum energy and red zone denoted as less stable conformation

with higher energy conformational state. Noticeably, the dark blue

areas with minimal energy were found higher concentrated in

Fp13-HR1 and Fp14-HR1 complexes when compared to the con-

trol EK1-HR1. The shape and size of the area with minimal energy

indicates the protein conformational stability.54,55 However, this

observation suggests that the conformational dynamics were less

F IGURE 5 Free energy landscape 2D plot; (A) EK1-HR1; (B) Fp14-HR1; (C) Fp13-HR1. Dark blue color reflects energy minima and
energetically favored structural conformation and red/yellow color represents unfavorable structural conformation
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in Fp13-HR1 and Fp14-HR1 than the control EK1-HR1, which was

consistent with Rg analysis.

3.4 | Interaction of Fp13, Fp14, and EK1 with HR1
core obtained from MD simulation

MD simulation snapshots for three complexes were analyzed to inves-

tigate the contribution of important amino acids for the binding mode

of peptide Fp13, Fp14 and control EK1 with the HR1 protein. In the

Fp13-HR1, Gln949 and Asp950 residues in HR1 exhibited remarkable

interactions and Asn919, Tyr917, Gln935, and Gln926 frequently

interacted over the simulation time (Figure 6A). Noteworthy, the

major interacting residues in Fp13 peptide with HR1 were Thr2, Leu1,

Asn32, Leu29, and Leu25 (Figure 6B). Moreover, higher interacting

participation time was observed for Leu29 and Leu11 in Fp13. Hydro-

gen bonds dominated with 58.99% participation, followed by hydro-

phobic interaction with 33.51%, while electrostatic interaction

contributed the least with 7.5% of total non-bonded interactions

(Figure 6C). Gln949 in HR1 generated hydrogen bond with Thr2 in

Fp13 (Figure 6D).

In case of Fp14-HR1, Gln926, Ser937, Gln949, and Asn919 resi-

dues in HR1 showed multiple interactions with Fp14 over the simula-

tion period (Figure S2a). Besides, Leu916 and Lys933 showed

significantly higher participation time. Most notable residues in the

Fp14 were found. Arg32, Ser11, and Glu25 displayed frequent

interaction while residues Glu25, Leu21, Asp22, and Asn15 had

highest time participation over the simulation (Figure S2b). Hydro-

gen bonding (59.7%) and hydrophobic interaction (32.65%) con-

tributed to most of the non-bonded interactions (Figure S2c).

Ser937 in HR1 was found to generate hydrogen bond with Arg32

of Fp14 (Figure S2d).

In the control EK1-HR1, Lys933, and Ser937 were found as the

highest interacting residues in HR1, followed by other interacting resi-

dues including Asn919, Tyr917, Thr941, and Gln926 (Figure S1a).

Remarkably interacted residues Glu23 and Glu30 were observed for

EK1. In Addition, Ile26, Leu29, Leu22, and Glu15 interacted most fre-

quently as well as showed higher participation time throughout simu-

lation (Figure S1b). Among non-bonding interactions, hydrogen and

hydrophobic interactions were observed as 53.15% and 33.84%,

respectively. However, electrostatic interactions contributed 7.66%

(Figure S1c). Lys933 in HR1 formed a hydrogen bond with Glu23 in

EK1 (Figure S1d).

Overall, Tyr917, Asn919, Gln926, and Lys933 in HR1 protein

were most commonly involved in multiple interactions in Fp13-HR1,

Fp14-HR1, and EK1-HR1. The three complexes Fp13-HR1,

Fp14-HR1, and EK1-HR1 remained consistently in the deep hydro-

phobic groove over the simulation period (Figure 3). Gln949 was more

common between Fp13-HR1 and Fp14-HR1 complexes. An earlier

study reported that HR2-derived peptide EK1 showed strong binding

affinities with residues including I905, F909, A912, I913, I916, S919,

L920, T923, A926, L927, L930, L933, V934, N936, A937, L941, L944,

F IGURE 6 Fp13-HR1 complex. (A) Interacting HR1 residues; (B) Interacting Fp13 residues; (C) distribution of non-covalent interaction
obtained from 100 ns simulation; (D) representative snapshot, Fp13(green) and HR1(blue)
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L948 in the HR1 domain of SARS-CoV-1 and exhibited inhibitory

activity in pseudovirus infection (PsV) assays.13 Wang et al. reported

that EK1 formed direct and extensive hydrophobic and hydrophilic

interactions with residues including I931, K933, L938, S940, L943,

K945, V950, Q952, L957, and T959 of SARS-CoV-2 HR1. They found

that EK1 properly fits into the hydrophobic groove formed by

protein-peptide interaction.56 Furthermore, a research team devel-

oped EK1 peptide by adding cholesterol to generate EK1C4, they

found that EKC14 formed strong binding interactions with S929,

K933, D936, K947 residues of SARS-CoV-2 HR1. They observed that

EK1C4 improved solubility and interactions with lipid membranes.9

However, these findings support our study targeting the HR1 protein

with Fp13 andFp14 peptides derived from the HR2 region can poten-

tially inhibit HR1 and degenerate 6-HB formation as well as SARS-

CoV-2 fusion.

4 | CONCLUSION

Repurposing of the existing antiviral peptides for the treatment of

SARS-CoV-2 is a promising drug development strategy. The high-

affinity HR2-derived peptide inhibitors may strongly block the forma-

tion of six-helix bundle (6-HB) fusion core. The large interface of

these peptides on HR1 protein can make HR1 more resistant to viral

mutation. Our results demonstrated that 12 fusion inhibitory peptides

show higher binding affinity than the control peptide EK1. According

to the results of molecular dynamics simulation, Fp13 and Fp14 could

be promising fusion inhibitor for SARS-CoV-2. The residue-based con-

tact map analysis of protein-peptide complexes highlights key resi-

dues for both protein and peptide. Free energy landscape (FEL)

reveals that higher stability was found for Fp13. In addition,

PEGylation, stapling and gold nanoparticle conjugation with peptides

may enhance antiviral efficacy against SARS-CoV-2. Furthermore, the

suggested peptides may be extensively validated by experimental

cell–cell fusion assay and pseudovirus infection assay. We strongly

hypothesize that these peptides can serve as anti-fusion therapeutics

for the treatment of SARS-CoV-2. Our research offers insights and

strategies for rationally designing and developing SARS-CoV-2 fusion

inhibitor peptides.
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