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Abstract
COVID-19 is caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2, has become a global pandemic 
resulting in significant morbidity and mortality. This study presents 12 new peptidomimetic fullerene-based derivatives in 
three groups that are investigated theoretically as SARS-CoV-2  Mpro inhibitors to increase the chance of treating COVID-19. 
Studied compounds are designed and optimized at B88-LYP/DZVP method. Molecular descriptors results show the stability 
and reactivity of the compounds with  Mpro, especially in the 3rd group (Ser compounds). However, Lipinski's Rule of Five 
values indicates that the compounds are not suitable as oral drugs. Furthermore, molecular docking simulations are carried 
out to investigate the binding affinity and interaction modes of the top five compounds (compounds 1, 9, 11, 2, and 10) with 
the  Mpro protein, which have the lowest binding energy. Molecular dynamics simulations are also performed to evaluate the 
stability of the protein–ligand complexes with compounds 1 and 9 and compare them with natural substrate interaction. The 
analysis of RMSD, H-bonds, Rg, and SASA indicates that both compounds 1 (Gly-α acid) and 9 (Ser-α acid) have good 
stability and strong binding affinity with the  Mpro protein. However, compound 9 shows slightly better stability and binding 
affinity compared to compound 1.

Keywords COVID-19 · Molecular docking · Fullerene · Molecular dynamics simulation · Peptidomimetic inhibitors · 
SARS-CoV-2  Mpro inhibitors

Introduction

On December 31, 2019, infections of unknown etiology 
with pneumonia first appeared in Wuhan City, located in 
central China (Lu et al. 2020; Wang et al. 2020). Initially, 
WHO classified the virus that causes this pneumonia infec-
tion as 2019-nCoV (Hui et al. 2020) and then SARS-CoV-2 
(Gorbalenya et al. 2020a). This infectious disease has been 
named Coronavirus disease 2019 (COVID-19) by WHO 
(Gorbalenya et al. 2020b). Since this time, our lives have 
changed upside down. Worldwide, there are > 663,000,000 

confirmed cases and > 6,000,000 confirmed deaths as of July 
2022 (Shrinivasan 2021; World Health Organization 2021). 
Despite the widespread use of vaccination, the need for 
effective treatments is urgent for those who do not respond 
adequately to the Coronavirus vaccination (Yan et al. 2021; 
Herman et al. 2022).

Coronavirinae is subfamily of Coronaviridae and is 
divided into 4 main genera: α, β, γ and δ-coronavirus. α and 
β-coronavirus are responsible for strains of Human corona-
viruses (HCoVs). α-coronavirus has two strains: 229E & 
NL63, while β-coronavirus has five strains: OC43, HKU1, 
MERS-CoV, SARS-HCoV and recently SARS-CoV-2 (Hui 
et al. 2020; Singhal 2020; Harapan et al. 2020). Both SARS-
CoV and MERS-CoV are associated with a high level of 
pathogenicity and mortality (Báez-Santos et  al. 2014; 
Kramer et al. 2006; Hemida and Alnaeem 2019; Hakomori 
and itiroh  1954).

SARS-CoV-2, a positive and enveloped RNA virus, has 
a genome of 30,000 nucleotides. Its genome contains two 
overlapping open reading frames, ORF1a and ORF1b, which 
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encode polyprotein precursors (NSPs; non-structural pro-
teins & SPs; structural proteins). The SPs are (N) nucle-
ocapsid protein, (E) envelope protein, (S) spike protein and 
(M) membrane protein while the NSPs are sixteen NSPs 
that regulate virus replication (Chen et al. 2020; Kim et al. 
2020; Naqvi et al. 2020). The viral proteases are responsible 
for these proteolytic cleavages. SARS-CoV-2 has two pro-
tease proteins: NSP5 is  (Mpro) main protease or 3  (3CLpro) 
chymotrypsin-like cysteine protease, which cleaves eleven 
polyprotein sites and NSP3 is  (PLpro) papain-like protease 
which cleaves three polyproteins’ sites (Ullrich and Nitsche 
2020; Morse et al. 2020; Vuong et al. 2020; Bakhshandeh 
et al. 2021; Raj 2021). The three main domains of SARS-
CoV-2  Mpro are as follows: I (with 8–101 residues), II (with 
102–184 residues) and III (with 201–303 residues). An 
antiparallel β-barrel structure is formed by domains I and 
II. Five α-helices is formed by domain III that are arranged 
in a cluster of antiparallel globular with (185–200 residues) 
a loop connecting domain II to III. SARS-CoV-2  Mpro active 
site contains a unique catalytic dyad Cys145 & His41 which 
cleaves polyproteins typically at Leu-Gln ↓ Ser, Ala or Gly 
sequence (Jin et al. 2020; Hsu et al. 2005; Pillaiyar et al. 
2016). A key role is played by SARS-CoV-2  Mpro in the 
replication and transcription of Coronaviruses, making it an 
attractive drug target (Singh et al. 2022, 2021; Kashyap et al. 
2022; Chauhan et al. 2022; Patel et al. 2022).

Many peptidomimetic inhibitors have been studied as 
protease inhibitors for various viruses, including SARS-
CoV-2 (Vankadara et al. 2021; Paul et al. 2021; Somboon 
et al. 2021; Wang et al. 2022). Peptidomimetic inhibitors are 
capable of interacting with biological targets and produc-
ing the same therapeutic effects as native peptides. Using 
peptidomimetic inhibitors can eliminate some of the draw-
backs of using native peptides, including proteolysis and 

low bioavailability (Vankadara et al. 2021; Paul et al. 2021; 
Somboon et al. 2021; Wang et al. 2022; Phoo et al. 2018; 
Colarusso et al. 2022; Ezat et al. 2015; Mostafa et al. 2014; 
Ibrahim et al. 2013; Saleh and Elshemey 2017; Calugi et al. 
2014; Frecer et al. 2008).

This study introduces novel tri-peptidomimetic inhibi-
tors against SARS-CoV-2  Mpro that have been significantly 
improved by adding this tripeptide to fulleropyrrolidine and 
attaching it with different ketone groups to form three groups 
of twelve suggested compounds. A computer-aided drug 
design approach is performed to investigate their inhibition 
activity through molecular descriptors calculation (ligand-
based drug design) and molecular docking and MDS (struc-
ture-based drug design) (Marshall 1987; Yu and Mackerell 
2017). According to the results, the suggested compounds 
are stable and produce good binding affinity with the active 
site pocket of SARS-CoV-2  Mpro especially, compounds 1, 
9 11, 2, and 10.

Materials and methods

Building structures

The present author suggested the investigated compounds 
which are designed and built using SCIGRESS (version FJ 
2.9.1) software simulations (Marchand et al. 2014). Many 
fullerene-based  (C60) derivatives and nanotubes have been 
studied computationally as potential COVID-19 inhibitors 
(Sengupta and Hussain 2021; Rad et al. 2021; Gawad et al. 
2019; Bagheri Novir and Aram 2020; Skariyachan et al. 
2021; Zhang et al. 2021; Riley and Narayan 2021). In this 
study (Fig. 1), the main cap group for the studied inhibitors 
is water-soluble fulleropyrrolidine, which has demonstrated 

Fig. 1  Schematic illustration of 
(Structure–Activity Relation-
ship) SAR map for suggested 
compounds
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numerous antiviral and biomedical activities (Pochkaeva 
et al. 2020; Kazakova et al. 2019; Marchesan et al. 2005; 
Ibrahim et al. 2010a, b; Ibrahim et al. 2012; Saleh 2015). 
The natural substrate sequence for  Mpro is Leu-Gln↓(Ser, 
Ala, Gly), which serves as the recognition sequence at most 
cleavage sites for  Mpro, with P2-P1-P1ʹ notation. These 
tripeptide sequences are added to fulleropyrrolidine to 
form peptidomimetic inhibitors. A carbonyl group is added 
between the peptide sequences and fulleropyrrolidine to 
mimic peptide bond behaviour and decrease steric hin-
drance between the two nitrogen (N) atoms (one N atom 
from the pyrrolidine ring and one N atom from the peptide 
sequences). Both peptide sequence and carbonyl group are 
considered as a linker for the studied compounds. At the end 
of the suggested compounds, a head group is attached. This 
head group is the ketone group which can be α-ketoacid, 
α-ketoamide, β-ketoacid or β-ketoamide. The effectiveness 
of the ketone group as an anti-SARS-CoV-2 agent, as well as 
an anticancer agent, has been demonstrated in several studies 
(Wang et al. 2021; Zhang et al. 2020a, b).

As presented in Table 1, twelve compounds have been 
studied and are categorized into three groups: the first group 
consists of compounds where the peptide sequence is Leu-
Gln-Gly and the head group is either α-ketoacid (compound 
1: Gly-α acid), α-ketoamide (compound 2: Gly-α amide), 
β-ketoacid (compound 3: Gly-β acid) or β-ketoamide (com-
pound 4: Gly-β amide). The second group includes com-
pounds where the peptide sequence is Leu-Gln-Ala and the 
head group is either α-ketoacid (compound 5: Ala-α acid), 
α-ketoamide (compound 6: Ala-α amide), β-ketoacid (com-
pound 7: Ala-β acid) or β-ketoamide (compound 8: Ala-β 
amide). The third group contains compounds where the pep-
tide sequence is Leu-Gln-Ser and the head group is either 
α-ketoacid (compound 9: Ser-α acid), α-ketoamide (com-
pound 10: Ser-α amide), β-ketoacid (compound 11: Ser-β 
acid) or β-ketoamide (compound 12: Ser-β amide).

Geometric optimization of structures

To begin, SCIGRESS software (Stewart 2008–2022) is used 
to optimize the geometrical structures of studied compounds 
at semi-empirical method (PM3) (Stewart 1989). The struc-
tures were then confirmed using FTIR calculation to ensure 
that they are not imaginary. To prepare the suggested com-
pounds for molecular descriptors calculation, docking and 
molecular dynamics simulation, the geometrical structural 
compounds (Fig. 2) are re-optimized at the density func-
tional theory (DFT) level using D-Gauss at B88-LYP GGA 
[Becke’s B88 (Becke 1988) Lee–Yang–Parr (Lee et al. 1988) 
functional generalized gradient approximation (Perdew et al. 
1996)] functional with the DZVP (double-zeta valence 
polarized) (Chiodo et al. 2005; Schuchardt et al. 2007) basis 
sets. D-Gauss at B88-LYP method uses the exchange (B88) 

Table 1  The molecular structure of studied compounds

P1 is Gln

P2 is Leu

Compound Nickname P1' R1

First Group

1 Gly-α acid Gly

2 Gly-α amide Gly

3 Gly-β acid Gly

4 Gly-β amide Gly

Second Group

5 Ala-α acid Ala

6 Ala-α amide Ala

7 Ala-β acid Ala

 

8 Ala-β amide Ala

 
Third Group

9 Ser-α acid Ser

 

10 Ser-α amide Ser

 

11 Ser-β acid Ser

 

12 Ser-β amide Ser
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and correlation (LYP) functional which expresses the cor-
relation energy density in terms of the electron density. The 
GAA improves the description of atom and molecule spin 
densities by accounting for the exchange–correlation energy. 
For the proposed molecules containing O, H, C and N atoms, 
the implemented method B88-LYP with DZVP basis set is 
suitable for these calculations (Pritchard et al. 2019).

Molecular descriptors

For the optimized compounds using the B88-LYP method, 
several molecular descriptors are calculated use SCIGRESS 
software (Stewart 2008–2022) to assess their potential as 
viral inhibitors. These descriptors include the total optimiza-
tion energy, ionization energy, electron affinity, lowest unoc-
cupied molecular orbital (LUMO), highest occupied molecu-
lar orbital (HOMO), frontier band gap energy (ΔE), dipole 
moment, heat of formation and solvent accessible surface 

area (SASA). The heat of formation is calculated using the 
MO-G PM3 (Stewart 1989) method, while the solvent acces-
sible surface area is calculated using the MO-G PM3/H2O 
method. All other molecular descriptors are calculated using 
the B88-LYP GGA functional with DZVP basis sets and the 
D-Gauss method.

Toxicity by Lipinski’s rule of five (RoF)

To prove the inhibitory activity of investigated compounds, 
the RoF is also calculated for the studied compounds. This 
rule assesses the ability of a compound to be used as drug, 
especially as an orally active compound (Lipinski 2004). The 
parameters used in this study to determine the Rule of Five 
are logP, molecular weight, (HBD) hydrogen-bond donors 
and (HBA) hydrogen-bond acceptors. These parameters are 
calculated using SCIGRESS software (Stewart 2008–2022).

Compound 1 Compound 2                            Compound 3

Compound 4                                     Compound 5                                      Compound 6

Compound 7                                   Compound 8                                         Compound 9

Compound 10                            Compound 11                                          Compound 12

Fig. 2  The geometrical structure of optimized compounds at B88-
LYP/ DZVP method. Compounds 1, 2, 3 and 4 form 1st group 
(Gly-compounds). Compounds 5, 6, 7 and 8 form 2nd group (Ala-

compounds). Compounds 9, 10, 11 and 12 form 3rd group (Ser-
compounds) The grey, white, blue and red balls represent the carbon, 
hydrogen, nitrogen and oxygen atoms, respectively
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Molecular docking

Molecular docking is performed for the investigated com-
pounds against SARS-CoV-2  Mpro active site to provide an 
overview of the binding modes between the suggested com-
pounds and active site amino acids residues. The SARS-
CoV-2  Mpro is retrieved from www. rcsb. org with PDB code 
(7L0D) (Lockbaum et al. 2021) and prepared by SCIGRESS 
software (Stewart 2008–2022). Hydrogen atoms are added 
to SARS-CoV-2  Mpro and any other molecules or duplicated 
protein are removed. During molecular docking calculations, 
the active site residues (conserved catalytic dyad Cys145 
and His41 in addition to conserved residues Tyr161, Met162 
and His163 (Anand et al. 2003)) of SARS-CoV-2  Mpro are 
selected as a group to simulate and calculate the binding 
energy for the best docking score. In SCIGRESS software, 
The FASTDOCK genetic algorithm is performed using the 
scoring function PMF04 (Muegge 2000, 2006; Xue et al. 
2010; Shen et al. 2011). The calculation of the binding 
energy is done using the following equation:

Molecular dynamics simulation

The two poses with the best interactions in molecu-
lar docking are with compounds 1 and 9, along with the 
complex with the natural substrate (Leu-Gln-Ser). These 
were selected to perform Molecular Dynamics Simula-
tion (MDS) for 100 ns using NAMD. (Phillips et al. 2020). 
The CHARMM36m force field parameters are used for the 
simulation. The topology files of both SARS-CoV-2  Mpro 
and ligands is created using the CHARMM-GUI server 
for the simulation (Jo et al. 2008; Lee et al. 2016; Brooks 
et al. 2009). The SARS-CoV-2  Mpro used in this Molecular 
Dynamics (MD) simulation is retrieved from www. rcsb. org 
with PDB code (7K3T) with 1.20 Å resolution (Andi et al. 
2022). The complexes are solvated in a cubic water box with 
an edge distance of 10 Å. Additionally, Monte-Carlo method 
is used to add KCl ions at a concentration of 0.15 M. The 
steepest descent is performed for energy minimization. The 
two complex structures are equilibrated at 300 K for 5000 ps 
with NVT boundary conditions. The molecular dynamics 
simulation is produced at NPT boundary conditions for 
100 ns at 300 K with a fixed temperature and at 1 atm with a 
fixed pressure and a time step of integration (2 fs). Electro-
static interactions are specified by the particle-mesh Ewald 
(PME) algorithm with a C cutoff value of 1.2 nm (Darden 
et al. 1993). During the simulations, all the bond distances 
containing hydrogen atoms are fixed by the Lincs algorithm 
(Hess et al. 1997).

ΔGbinding = ΔGcomplex −
[

ΔGligand + ΔGprotien

]

VMD program (Humphrey et al. 1996) is used to retrieve 
the resulting simulation data, which includes root mean 
square deviation (RMSD), hydrogen bonds, radius of gyra-
tion (Rg) and solvent accessible surface area (SASA).

Results and discussion

The novel suggested compounds are designed as competi-
tive inhibitors to inhibit SARS-CoV-2  Mpro, which is one 
of the vital target proteins in SARS-CoV-2 virus. As shown 
in Fig. 1, the studied compounds have three main parts: (1) 
Fulleropyrrolidine-based system that provides the antiviral 
activity, (2) Natural substrate sequences Leu-Gln↓(Ser, Ala, 
Gly) as (P2-P1-P1ʹ) for SARS-CoV-2  Mpro to form peptid-
omimetic behaviour and decrease drug resistance effect and 
(3) A ketone group in different forms (α or β, acid or amide) 
to enhance the inhibition activity.

In this study, these essential parts are used to build 12 
novel peptidomimetic inhibitors in three groups against 
main protease of SARS-CoV-2. Table 1 lists the chemical 
structures of these suggested compounds. The first group 
has Gly residue with α ketoacid, α ketoamide, β ketoacid 
or β ketoamide (compounds 1, 2, 3 or 4, respectively). The 
second group has Ala residue with α ketoacid, α ketoam-
ide, β ketoacid or β ketoamide (compounds 5, 6, 7 or 8, 
respectively). Finally, the third group has Ser residue with 
α ketoacid, α ketoamide, β ketoacid or β ketoamide (com-
pounds 9, 10, 11 or 12, respectively). The geometric struc-
tures for these compounds are optimized at DFT level using 
D-Gauss at B88-LYP GGA functional with the DZVP basis 
sets to investigate their molecular descriptors, Lipinski’s rule 
of five, molecular docking and molecular dynamic simula-
tion. The geometric optimization of investigated compounds 
is represented in Fig. 2.

Molecular descriptors

Some molecular descriptors are calculated for studied com-
pounds to investigate their physical and chemical properties, 
as well as to estimate the inhibition activity. Table 2 shows 
the calculated molecular descriptors at B88-LYP level, 
except for Heat of formation and SASA. The first parameter 
in Table 2 is the total energy for optimized geometry. It var-
ies from − 2,377,836.01 to − 2,340,701.30 kcal/mol for the 
first group (Gly compounds) and from − 2,390,020.97 to 
− 2,365,360.67 kcal/mol for the second group (Ala com-
pounds). For the third group (Ser compounds), it varies from 
− 2,449,693.47 to − 2,412,566.48 kcal/mol. The third group 
with serine residue has the lowest total energy, which indi-
cates that this group has the most stable compounds in this 
study.

http://www.rcsb.org
http://www.rcsb.org
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The ability of suggested compounds to lose an electron 
and to react with a surrounding medium is investigated by 
calculating ionization energy. The ionization energy for 
studied compounds is negative, indicating that it is easier to 
remove an electron and therefore more reactive. The ioni-
zation energy values for the three groups are close to each 
other and range from − 5.37 to − 5.27 eV. The variation in 
these values is due to the nature of the ketoacid and ketoam-
ide groups in the compounds.

The exothermic energy released from neutral studied 
compounds when an electron is added is calculated as 
electron affinity. The compounds in the three groups with 
α-ketoacid head group have electron affinity values rang-
ing from (4.37 eV for the first group, 4.21 eV for the sec-
ond group and 4.58 eV for the third group). The other head 
groups result in lower electron affinity values for the studied 
compounds, as shown in Table 2.

HOMO and LUMO energies for the introduced com-
pounds are listed in Table 2 to calculate the frontier energy 
gap (ΔE). Once again, the α-ketoacid group causes an 
increase in reactivity by decreasing ΔE value in each group. 
In the first group, compound 1 (Gly-α acid) has a ΔE value 
of 0.97 eV, in the second group, compound 5 (Ala-α acid) 
has a ΔE value of 1.16 eV and in the third group, com-
pound 9 (Ser-α acid) has a ΔE value of 0.76 eV. Compounds 
1, 5 and 9 with α-ketoacid group in each group have the 
lowest dipole moment value (10.66 debye, 8.99 debye and 
10.85 debye, respectively). The rest of the compounds with 

α-ketoamide, β-ketoacid or β-ketoamide have high dipole 
moment values (Table 2).

During the formation of a mole of a compound, the 
amount of heat absorbed or raised is measured as the heat 
of formation. Heat of formation of the suggested compounds 
is calculated in Table 2. Both compounds with head groups, 
α-ketoacid and α-ketoamide, for each group have low heat of 
formation values. This explains their higher stability espe-
cially, for the α-ketoacid and α-ketoamide compounds in the 
third group (Ser compounds) which have the lowest heat of 
formation. Compounds 1 (Gly-α acid) and 2 (Gly-α amide) 
in the first group have 491.45 kcal/mol and 481.18 kcal/
mol, respectively. Compounds 5 (Ala-α acid) and 6 (Ala-α 
amide) in the second group have 485.22  kcal/mol and 
474.58 kcal/mol, respectively. Compounds 9 (Ser-α acid) 
and 10 (Ser-α amide) in the third group have 446.84 kcal/
mol and 435.71 kcal/mol, respectively. In contrast, the com-
pounds with β-ketoacid and β-ketoamide head groups have 
a high heat of formation. As a result, it is worth mentioning 
that the compounds with β-ketoacid and β-ketoamide in the 
third group also have a low heat of formation compared to 
their counterparts in other groups.

The surface area of the introduced compounds accessi-
ble to a solvent (SASA) is shown in Table 2. Due to the 
higher polarity of amide group compared to carboxylic 
acids, the compounds with ketoamide are more polar than 
ketoacid compounds. Therefore, the compounds with α or 
β-ketoamide have a larger solvent accessible surface area 

Table 2  Some calculated molecular descriptors of studied compounds at B88-LYP method

a At MO-G PM3
b At MO-G PM3/H2O

Compounds Total energy (kcal/mol) Ionization 
energy 
(eV)

Electron 
affinity 
(eV)

LUMO (eV) HOMO (eV) ΔE
 (eV)

Dipole 
moment 
(Debye)

Heat of 
 formationa 
(kcal/mol)

SASAb (Å2)

First group
 1 − 2,353,175.83 − 5.34 4.37 − 4.37 − 5.34 0.97 10.66 491.45 753.73
 2 − 2,377,836.01 − 5.31 3.87 − 3.87 − 5.31 1.44 13.55 481.18 764.76
 3 − 2,340,701.30 − 5.28 3.86 − 3.86 − 5.28 1.42 14.71 538.18 754.77
 4 − 2,365,361.51 − 5.28 3.84 − 3.84 − 5.28 1.44 15.55 528.28 769.38

Second group
 5 − 2,377,833.27 − 5.37 4.21 − 4.21 − 5.37 1.16 8.99 485.22 768.80
 6 − 2,365,360.68 − 5.30 3.86 − 3.86 − 5.30 1.45 13.61 474.58 773.20
 7 − 2,365,360.67 − 5.27 3.83 − 3.83 − 5.27 1.44 14.87 531.68 771.68
 8 − 2,390,020.97 − 5.27 3.83 − 3.83 − 5.27 1.44 15.96 523.51 774.44

Third group
 9 − 2,425,037.10 − 5.33 4.58 − 4.58 − 5.33 0.76 10.85 446.84 770.31
 10 − 2,449,693.47 − 5.28 3.85 − 3.85 − 5.28 1.43 13.70 435.71 787.10
 11 − 2,412,566.48 − 5.27 3.90 − 3.90 − 5.27 1.37 14.34 491.81 779.02
 12 − 2,437,224.69 − 5.31 3.87 − 3.87 − 5.31 1.45 12.71 483.54 785.50
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(SASA) than α or β-ketoacid compounds in each group and 
are more reactive in biological systems.

Lipinski’s rule of five (RoF) for toxicity

It is essential to investigate the susceptibility of studied com-
pounds as oral drugs. The rule of five (RoF) for drug-like 
(oral bioavailability) compounds are calculated in Table 3. 
This rule recommends that the molecular weight should be 
equal to or less than 500, log P parameter should be equal 
to or less than 5, H-bond donors number (HBD) should be 
equal to or less than 5 and H-bond acceptors number (HBA) 
should be equal to or less than 10.

Based on the chemical composition of the suggested com-
pounds, the compounds with Gly residue (first group) have a 
lower molecular weight than Ala compounds (second group) 
and Ser compounds (third group) as shown in Table 3. The 
molecular weight of studied compounds is more than 500, 
ranging from 1133.083 au for compound 3 (Gly-β acid) to 
1178.12 au for compound 10 (Ser-α amide).

Log P values of investigated compounds range from 
5.115 for compound 11 (Ser-β acid) to 7.635 for compound 
6 (Ala-α amide), which is more than 5. So it does not obey 
the rule of five.

As listed in Table 3, the H-bond donors (HBD) number 
in the studied compounds is more than 5. The compounds in 
the first and second groups have identical numbers of HBD, 
while the third group has slightly higher numbers. The com-
pounds with α-ketoacid and α-ketoamide have lower HBD 
number than that of β-ketoacid and β-ketoamide compounds. 

HBA number is 12 for the first and second groups, and 13 
for the third group.

The calculated RoF of suggested compounds indicates 
that they are not likely to be suitable as oral drugs.

Binding interaction analysis

The molecular docking simulation aims to investigate the 
intermolecular interactions between the suggested com-
pounds and SARS-CoV-2  Mpro. The study employs SARS-
CoV-2  Mpro, which is identified by PDB code 7L0D, as the 
target protein. The active site of the protein is composed 
of catalytic dyad residues; Cys145 and His41, and con-
served residues; Tyr161, Met162, and His163. These amino 
acids are selected as the active site residues for the docking 
analysis.

Table 4 presents the general properties of SARS-CoV-2 
 Mpro as determined by the MM3 classical mechanics method. 
The table shows the chemical formula, molecular weight, 
total energy and the total number of atoms, heavy atoms 
and bonds for the main protease protein. Table 5 provides a 
detailed analysis of binding energy for each docking system, 
including the amino acid residues involved and the number 
of hydrogen bonds formed. An asterisk next to an amino 
acid's name in Table 5 indicates that it is one of the selected 
active site residues.

According to the results in Table 5, it can be observed that 
compound 1 (Gly-α acid) in the first group has the lowest 
binding energy value (− 281.21 kcal/mol), indicating the 
most stable interaction with SARS-CoV-2  Mpro active site. 
Conversely, compound 7 (Ala-β acid) in the second group 
has the highest binding energy value (− 145.26 kcal/mol), 
suggesting the weakest interaction. The results also suggest 
that hydrogen bonding plays a significant role in stabilizing 
the interaction between SARS-CoV-2 Mpro and the studied 
compounds. The top five compounds for interaction with 
SARS-CoV-2  Mpro, as shown in Table 5, come from the first 
and third groups. These include compound 1 (Gly-α acid), 
compound 9 (Ser-α acid), compound 11 (Ser-β acid), com-
pound 2 (Gly-α amide) and compound 10 (Ser-α amide) with 

Table 3  Calculated Lipinski’s rule of five (RO5) parameters for the 
studied compounds

Compounds Molecular 
weight (au)

Log P H-bond 
donors

H-bond 
accep-
tors

First group
 1 1134.068 6.228 6 12
 2 1148.094 7.098 6 12
 3 1133.083 5.364 7 12
 4 1147.109 6.233 7 12

Second group
 5 1148.094 6.766 6 12
 6 1162.121 7.635 6 12
 7 1147.109 5.901 7 12
 8 1161.136 6.771 7 12

Third group
 9 1164.094 5.980 7 13
 10 1178.120 6.850 7 13
 11 1163.109 5.115 8 13
 12 1177.135 5.985 8 13

Table 4  Some chemical and physical properties of SARS-CoV-2  Mpro 
(PDB code: 7L0D) at MM3

Properties Value

Formula C1465 H2244 
S22 N387 
O435

Molecular weight (au) 32,943.25476
Total energy (kcal/mol) 747.3625
Total atoms 4553
Heavy atoms 2309
Bonds 4606
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the binding energies of − 281.21 kcal/mol, − 280.50 kcal/
mol, − 218.66 kcal/mol, − 210.25 kcal/mol, − 206.14 kcal/
mol, respectively. Figure 3 illustrates the mode of interaction 
simulation of molecular docking between these five com-
pounds and the active site of SARS-CoV-2  Mpro.

As seen in Table  5 and Fig.  3, compound 1 (Gly-α 
acid) produces only 5 H-bonds with three amino acids. 
One H-bond is between Gly146 and amino group of P1, 
one H-bond is between Ser147 and OH group of ketoacid. 
Gly149 forms two H-bonds with  NH2 residue of P1 and one 
H-bond with C=O of ketoacid.

Compound 9 (Ser-α acid) forms 7 hydrogen bonds with 
four active site residues: Val114, Tyr126, Cys128, and 
His163. His163 is an active site residue that forms one 
H-bond with the amino group of P2. Cys128 and Val114 
Each form one H-bond with C=O of ketoacid. Tyr126 forms 
4 H-bonds, one with OH group of ketoacid, one with C = O 
of P1 and finally two H-bonds with the amino group of P1.

Ten H-bonds are created in docking system with com-
pound 11 (Ser-β acid). The active site residues His41, 
Cys145, and His163 are involved in the hydrogen bonding 
interactions with compound 11 (Ser-β acid), along with other 
residues. His41 forms two H-bonds with amino group of P2 
for ligand compound while His163 forms three H-bonds: one 
with C=O residue of P1, one with  NH2 residue of P1 and 

Table 5  Docking interaction parameters for studied compounds with 
SARS-CoV-2  Mpro (binding energy, total number of H-bonds in dock-
ing systems, involved amino acids in docking systems and number of 
H-bonds for each involved amino acid)

Compound Binding 
energy (Kcal/
mol)

H-bonds 
(total)

Amino acids H-bonds with 
each amino 
acid

First group
 1 − 281.2139 5 Gly146 1

Ser147 1
Gly149 3

 2 − 210.2497 9 Leu141 1
Asn142 1
Ser144 2
Cys145a 1
His163a 3
His172 1

 3 − 186.9243 3 Tyr161a 1
His163a 1
His172 1

 4 − 167.1493 13 Cys145a 1
Gly146 1
Met162a 3
His163a 1
His164 1
Met165 2
Gly174 1
Thr175 3

Second group
 5 − 157.4494 2 Tyr161a 2
 6 − 182.1005 6 Ile136 2

Tyr161a 2
Leu167 1
Ala173 1

 7 − 145.2604 8 Cys145a 1
Gly146 2
Tyr161a 1
Met162a 1
His163a 1
His164 2

 8 − 178.6277 10 Tyr161a 3
His163a 1
His164 2
Met165 1
Ala173 2
Gly174 1

Third group
 9 − 280.4968 7 Val114 1

Tyr126 4
Cys128 1
His163a 1

Table 5  (continued)

Compound Binding 
energy (Kcal/
mol)

H-bonds 
(total)

Amino acids H-bonds with 
each amino 
acid

 10 − 206.1364 7 His41a 1

His163a 1

His164 2

Met165 1

Ala173 2
 11 − 218.6641 10 His41a 2

Ser144 1
Cys145a 2
Gly146 1
His163a 3
Ala173 1

 12 − 151.3321 10 Arg40 2
Cys85 2
Leu117 1
Gly146 1
His163a 1
His164 1
Thr175 1
Asp176 1

a Amino acids for active site (catalytic dyad: Cys145 and His41 and 
conserved residues: Tyr161, Met162 and His163)
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one with OH residue of P1ʹ. Cys145 has two H-bonds one 
with amino group of P1 and another with amino group of 
P1ʹ. The ketoacid group of compound 11 forms one H-bond 
with Ala173. One H-bond is formed between Ser144 resi-
due and amino group of P1ʹ. Finally, one H-bond is formed 
between Gly146 and OH residue of P1ʹ.

In the first group, compound 2 (Gly-α amide) forms 9 
H-bonds with active site of main protease for SARS-CoV-2. 
Four of these H-bonds form with two active site conserved 
residues (Cys145 and His163). Cys145 forms one H-bond 
with C=O of ketoacid. His163 generates two H-bonds with 
 NH2 group of ketoacid and one H-bond with amino group 

of P1ʹ. Each one of Asn142 and Leu141 forms H-bond with 
 NH2 residue of P1. Ser144 produces two H-bonds: one of 
them with C=O residue of P1 and the other with C=O of 
ketoamide. C=O of peptide bond of P1 forms one H-bond 
with His172.

For compound 10 (Ser-α amide), amino group P1ʹ forms 
three H-bonds with His163, His164 and Met165 while OH 
residue of P1ʹ forms two H-bonds with Ala173. amino group 
P2 for compound 10 forms two H-bonds with His164 and 
His41.

The remaining suggested compounds, as listed in 
Table 5, have binding energies greater than − 206.14 kcal/

Compound 2

Compound 10

His41

His164

His163

Ala173

Met165

Asn142

Leu141

Cys145

Ser144

His163

His172

Compound 1

Compound 9

Compound 11

Gly146Ser147

Gly149

His163

Tyr126

Cys128

Val114

Ala173

His163

His41

Gly14

Fig. 3  The best docking poses interactions between spike protein of 
SARS-CoV-2  Mpro and compounds 1, 9, 11, 2 and 10. These com-
pounds are compound 1 (Gly-α acid), compound 9 (Ser-α acid), com-
pound 11 (Ser-β acid), compound 2 (Gly-α amide) and compound 

10 (Ser-α amide). The studied compounds are shown as cylinder and 
protein’s amino acids are shown as ball and cylinder. The blue dashed 
lines are hydrogen bonds between SARS-CoV-2  Mpro and studied 
compounds in docking complex
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mol. Compounds 3 and 4 in the first group form three and 
thirteen H-bonds, respectively. Compounds 5, 6, 7 and 8 
in the second group form two, six, seven and ten H-bonds, 
respectively. Compound 12 in the third group produces ten 
H-bonds. Table 5 lists the amino acids involved in the hydro-
gen bonding interactions for each compound.

Some earlier studied in-silico analyses on SARS-CoV-2 
 Mpro are compared with the suggested compounds to clas-
sify their potency as  Mpro inhibitors. The intermolecular 
interaction binding energy of the suggested compounds is 
compared with that of other studies. Some compounds in the 
flavonoid family have been investigated as  Mpro inhibitors. 
Silibinin, Tomentin A, Tomentin B, 4′ -O-methyldiplacone, 
Hesperidin Amentoflavone and Bilobetin compounds have 
effective binding energies with SARS-CoV-2  Mpro (ranging 
from − 9.24 kcal/mol to − 12.43 kcal/mol) (Hadni et al. 
2022). In another study, 7809 natural compounds from dif-
ferent databases were collected to study their inhibition 
activities against SARS-CoV-2  Mpro. Based on docking and 
dynamic simulation, the top five natural compounds (theafla-
vin, ginkgetin, hesperidin, withanolide D and psoralidin) 
were found to generate bingeing energy with  Mpro ranging 
from 10.04 to 7.55 kcal/mol (Patel et al. 2022). As a result 
of the inclusion complex of the antiviral drug acyclovir and 
methyl-b-cyclodextrin (Mb-CD:AVR), SARS-CoV-2 Mpro 
also showed higher stability by generating a binding energy 
of − 21.67 kcal/mol (Mohandoss et al. 2022). The investi-
gated compounds in this study confirm that they produce 
higher SARS-CoV-2  Mpro stability and lower binding ener-
gies compare to previous in-silico studies.

Post‑dynamics trajectories analysis

The dynamic aspects of the docking complex involving the 
two top compounds 1 and 9 are simulated for 100 ns. MDSs 
are applied to investigate the stability of the protein and 
ligand during their interaction. This is done by calculating 
and analysing various parameters such as RMSD, H-bonds, 
Rg, and SASA.

Figure 4a illustrates the RMSD of Cα atoms of the back-
bone of the SARS-CoV-2  Mpro protein complexes with com-
pounds 1 and 9 during 100 ns of simulation. The RMSD 
for  Mpro with compound 1 fluctuates between 0.11 and 
0.39 nm, while with compound 9, it fluctuates between 0.14 
and 0.34 nm. The average values of RMSD for  Mpro with 
compounds 1 and 9 are 0.23 nm and 0.25 nm, respectively. 
The RMSD of  Mpro with compounds 1 and 9 increases from 
the start of the simulation to around 65 ns, after which it 
remains relatively stable with very low variation until the 
end of the simulation. The maximum value as well as the 
average value is still very low, indicates the stability of the 
 Mpro protein in the complex interaction.

As shown in Fig. 4b, the RMSD is also calculated for 
compounds 1 and 9 in their complexes with  Mpro. For com-
pound 1, the RMSD fluctuates between 0.07 and 0.69 nm 
(average value = 0.32 nm). For compound 9, the RMSD 
varies between 0.31 and 0.83 nm (average value = 0.5 nm). 
These values indicate the stability of the docking interaction 
poses. The change in RMSD values for compounds 1 and 9 
is large from the start of the simulation until around 40 ns, 
then it becomes small until the end of the simulation.

 (a)                                                                              (b)

Fig.4  The root mean square deviation (RMSD) graph of a SARS-
CoV-2  Mpro in complexes with compound 1 (Gly-α acid) and com-
pound 9 (Ser-α acid), b compound 1 (Gly-α acid) and compound 9 
(Ser-α acid) in complexes with SARS-CoV-2  Mpro. The blue curve 

represents the SARS-CoV-2  Mpro complex with compound 1 (Gly-α 
acid). The red curve represents the SARS-CoV-2  Mpro complex with 
compound 9 (Ser-α acid)
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Hydrogen bonds (H-bonds) are considered one of the 
most crucial bonds in biological systems. The total number 
of H-bonds in the two interaction systems involving com-
pounds 1 and 9 are analysed in molecular dynamics, as rep-
resented in Fig. 5a. Both compounds 1 and 9 generated 4 
H-bonds with the active site pocket of SARS-CoV-2  Mpro. 
The probability of forming four H-bonds with  Mpro is higher 
for compound 9 than compound 1. This is because the pro-
duction of four H-bonds with compound 9 is generated eight 
times during the simulation, while for compound 1 only gen-
erated four H-bonds once in the simulation. A snapshot of 
the complexes, represented in Fig. 5b, shows the trajectory 
of compounds 1 and 9 in the active site pocket of  Mpro.

The radius of gyration (Rg) provides an indication of 
the compactness of the protein–ligand interaction and the 
degree of protein folding in the interaction complex. Fig-
ure 6a shows that the average values of Rg for protein–ligand 
complexes with compounds 1 and 9 are almost the same, 
2.25 nm and 2.22 nm, respectively. During the first part 
of the simulation (0–50 ns), there is no significant varia-
tion between Rg values for complexes with compounds 1 
and 9. However, during the second part of the simulation 
(50–100 ns), the complex with compound 9 has lower Rg 
values than the complex with compound 1. This means that 
the interaction between  Mpro and compound 9 is slightly 
more compact and the complex is slightly more stable than 
that with compound 1. Additionally,  Mpro is more folded 

in the complex with compound 9 than in the complex with 
compound 1.

SASA for the two complexes (with compounds 1 and 9) 
is presented in Fig. 6b. The average value of SASA for the 
complex containing compound 1 is 156.11  nm2 and for the 
complex containing compound 9 is 155.25  nm2. Throughout 
the majority of the simulation, the SASA for the interaction 
with compound 9 is less than that with compound 1. This 
indicates that the interaction between  Mpro and compound 9 
is slightly more stable than the interaction with compound 1.

As compound 9 (Ser-α acid) has shown to cause more 
stability in complex with SARS-CoV-2  Mpro, the complex 
with the natural substrate (Leu-Gln-Ser) is compared using 
MDS to investigate the effect of modified tri-peptidomimetic 
inhibitors on the stability of complex with  Mpro. Figure 7 
depicts the MDS analysis of natural substrate interaction. 
Figure 7a illustrates the RMSD of both Cα atoms of the 
backbone of  Mpro protein and natural substrate in complex 
interaction during 100 ns of simulation. The RMSD for  Mpro 
fluctuates between 0.11 and 2.55 nm with an average value 
of 1.54 nm, while for natural substrate, it fluctuates between 
0.14 and 9.98 nm with an average value of 4.07 nm. These 
large variations show that neither  Mpro protein nor natural 
substrate are stable during interaction. Although the  Mpro 
protein become semi-stable from 60 to 100 ns, the natural 
substrate remains unstable. The number of H-bonds in com-
plex with natural substrate is represented in Fig. 7b. There 

                         Complex with compound 1

                          Complex with compound 9

(a)                                                                       (b)

Fig. 5  a The number of hydrogen bonds in complexes between 
SARS-CoV-2  Mpro and compound 1 (Gly-α acid) and compound 9 
(Ser-α acid). The blue curve represents the SARS-CoV-2  Mpro com-
plex with compound 1. The red curve represents the SARS-CoV-2 

 Mpro complex with compound 9. b The snapshots of the SARS-CoV-2 
 Mpro complex with compound 1 (Gly-α acid) and compound 9 (Ser-α 
acid). The compound is shown in a stick (blue) representation
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are five H-bonds that are generated four times during the 
simulation, and there are many times interval during the 
simulation that don’t have any H-bonds. This is further evi-
dence of the instability of the interaction.

The radius of gyration (Rg) and SASA results for the 
complex between  Mpro and natural substrate are shown in 
Fig. 7c. The blue curve represents the Rg of complex with 
average 2.89 nm. Compared with compound 9, there are 
large fluctuations in Rg values from 2.21 to 3.6 nm. The 
red curve represents SASA of complex with natural sub-
strate, which also shows large fluctuations in SASA values 
from 151.11 nm2 to 360.15 nm. The complex with natural 
substrate has a high value of Rg and SASA compared to the 
complexes with compounds 1 and 9.

Conclusion

In conclusion, this study presents 12 novel peptidomimetic 
inhibitors against the main protease of SARS-CoV-2 virus. 
The compounds are designed to inhibit the  Mpro by mim-
icking the natural substrate sequence and incorporating a 
fulleropyrrolidine-based system for antiviral activity. The 
compounds are optimized at the DFT level and evaluated 
for their physical and chemical properties, as well as their 
potential as oral drugs using the rule of five. The results 
show that group three Ser-containing compounds among 

the studied compounds are the most stable and interact 
with the surrounding systems, especially the compounds 
containing α-ketoacid in each group. The suggested com-
pounds have lower binding energies and higher stability 
compared to previously studied compounds, but their 
potential as oral drugs is limited by their high molecular 
weight and logP values. Molecular docking and dynamics 
simulations have been performed to investigate the binding 
modes and stability of the compounds with the protease. 
The results of the docking systems show high stability and 
binding affinity of the complexes with the studied com-
pounds, particularly compounds 1, 9, 11, 2, and 10. The 
MDS results for the complexes with compounds 1 and 9 
have been analysed, and they indicate the stability of the 
complexes, particularly with compound 9. By comparing 
these results with the MDS for natural substrate complex, 
it can be concluded that the modification of the suggested 
compounds by fulleropyrrolidine, α or β-ketoacid, and 
α or β-ketoamide has resulted in increased stability and 
improved binding with the active site of SARS-CoV-2 
 Mpro. Overall, this study provides promising candidates 
for the development of new drugs for the treatment of 
COVID-19. Future studies will further investigate the abil-
ity of the studied compounds to inhibit SARS-CoV-2  Mpro 
variants using computer-aided drug design approaches. 
This will help to identify the most promising compounds 
for further development as potential inhibitors of SARS-
CoV-2  Mpro.

(a)                                                                           (b)

Fig. 6  a Radius of gyration (Rg) of complexes with compounds 1 
(Gly-α acid) and compound 9 (Ser-α acid). b solvent‐accessible sur-
face area (SASA) analysis for complexes with compounds 1(Gly-α 
acid) and compound 9 (Ser-α acid). The blue curve represents the 

SARS-CoV-2  Mpro complex with compound 1 (Gly-α acid). The red 
curve represents the SARS-CoV-2  Mpro complex with compound 9 
(Ser-α acid)
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 (a)                                                                         (b)

(c)                                                                         (d)

Fig. 7  The MDS results of natural substrate (Leu-Gln-Ser) interac-
tion. a The Root Mean Square Deviation (RMSD) of SARS-CoV-2 
 Mpro and natural substrate in complex. b The number of hydrogen 
bonds in complex. c Radius of gyration Rg (blue curve) and solvent‐

accessible surface area SASA (red curve) analysis of complex. d The 
snapshots of the SARS-CoV-2  Mpro complex with natural substrate 
(Leu-Gln-Ser)
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