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Abstract

In this study, FDA-approved HCV antiviral drugs and their structural analogues—several of them in clinical trials—were
tested for their inhibitory properties toward the SARS-CoV-2 spike protein bound to angiotensin-converting enzyme 2 (6MOJ)
using a virtual screening approach and computational chemistry methods. The most stable structures and the corresponding
binding affinities of thirteen such antiviral compounds were obtained. Frontier molecular orbital theory, global reactivity
descriptors, molecular docking calculations and electrostatic potential analysis were used to hypothesize the bioactivity of
these drugs against 6MOJ. It is found that an increased affinity for the protein is shown by inhibitors with large compound
volume, relatively higher electrophilicity index, aromatic rings and heteroatoms that participate in hydrogen bonding. Among
the tested drugs, four compounds 10-13 showed excellent results—binding affinities — 11.2 to — 11.5 kcal mol~!. These
four top scoring compounds may act as lead compounds for further experimental validation, clinical trials and even for the
development of more potent antiviral agents against the SARS-CoV-2.
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Graphical abstract

Approved HCV drugs and analogues were tested for their bioactivity towards the SARS-CoV-2 (6MO0J) using virtual screen-

ing, ESP and MD analysis.
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Introduction

In December 2019, the first cases of infection from a novel
coronavirus were reported. Later, the causal organism was
reported as a newly mutated strain of SARS coronavirus and
termed SARS-CoV-2. This new coronavirus was implicated
in an outbreak of a severe pneumonia like illness COVID-
19 [1, 2] and has led to a worldwide pandemic with more
than 372,000,000 cases and 5,600,000 deaths reported so
far [3-8].

In the past eight months, several pharmaceutical com-
panies have announced hugely successful trials of their
COVID-19 vaccines [9]. Even though these vaccines are
promising, there is no guarantee that they will cure all
those vaccinated, and as a consequence there is need for
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other treatments. Therefore, the development of antiviral
agents is an urgent priority even though it usually takes
many years for new drugs to be discovered, clinically
tested and approved. A good strategy would be trying
to find already approved drugs that have some efficacy
against similar type of viruses [10] and then test the effi-
cacy of these drugs against SARS-CoV-2 using computa-
tional chemistry methods and molecular docking [11-23].
The most effective of these drugs can then be clinically
tested and approved.

Researchers are attempting to repurpose a wide variety
of existing medications for COVID-19, including HCV,
HIV and influenza drugs. Although not closely related,
hepatitis C virus (HCV) and the new coronavirus SARS-
CoV-2 are both single-stranded RNA viruses. This has
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led some scientists to suggest that the same antiviral
drugs might work against both. Recently, sofosbuvir and
daclatasvir, two antiviral drugs used to treat hepatitis C,
were associated with faster recovery, shorter hospitaliza-
tion and improved survival among people with moderate
or severe COVID-19 [24]. If larger studies confirm these
findings, generic versions of sofosbuvir and daclatasvir
could potentially be an affordable and widely accessible
treatment for the new coronavirus.

In a previous study, FDA-approved antiviral drugs and
lopinavir analogues in clinical trials were tested for their
inhibitory properties toward the SARS-CoV-2 spike protein
bound to angiotensin-converting enzyme 2 (ACE2) (6MO0J)
using a virtual screening approach and computational
chemistry methods [25]. Among them, four compounds
showed excellent results—binding interactions —9.0 to
—9.3 kcal mol~'—for use against the newly emerged strain
of coronavirus.

In the present work, approved HCV drugs and their
structural analogues in clinical trials are tested for their
inhibition toward the COVID-19 protein (6MO0J) using in
silico methods. The present work has the following objec-
tives: (1) to obtain the ground-state optimized structures of
selected HCV drugs and their analogues (Tables 1 and 2)
at a semiempirical level (PM3) [26-29] and subsequently
calculate global reactivity descriptors—chemical potential
(1), electrophilicity index (w)—to identify differences in
reactivity. (2) To calculate the energy gap between the high-
est occupied and the lowest unoccupied molecular orbital
(HOMO-LUMO energy gap) of these drugs at the ground
state since small energy gaps are associated with higher
chemical reactivity and low kinetic stability [30-33]. (3)
To investigate the interaction of the ground-state optimized
structure of the above-approved drugs and their analogues
(Table 2) with the SARS-CoV-2 spike protein (6MO0J) [34]
using computational chemistry methods and molecular
docking. (4) To determine the binding affinities of these
drugs (ligands) with the SARS-CoV-2 spike protein (6MOJ).

It is known that the virus enters the host cell by binding of
the viral spike glycoprotein to the host receptor, angiotensin-
converting enzyme 2 (ACE2) [35] therefore (6MOJ) seems
to be a biologically meaningful receptor.

Computational methods

The semiempirical calculations were carried out using the
ArgusLab software [36]. Ab initio molecular orbital calcula-
tions were carried out using the ORCA 4.1 quantum chemistry
program package [37]. The most stable optimized geometries
and frequency calculations of the studied compounds were
obtained from the PM3 method at the semiempirical level and

from B97-3c/def2-mTZVP [38] methods and basis set at the
ab initio level.

The recent resolved three-dimensional crystal structure of
SARS-CoV-2 spike protein bound to angiotensin-converting
enzyme 2 (ACE2) (PDB ID: 6M0J) [34] was retrieved from
the Protein Data Bank with a resolution of 2.45 A. Approved
drugs and their analogues were downloaded from PubChem.
The most stable optimized geometries were obtained as
described above and were subjected to molecular docking
simulation against the SARS-CoV-2 spike protein (PDB ID:
6M0J) using the AutoDock Vina [39] and AutoDock ADFR
software. The binding dissociation constant k4 between protein
and ligand was calculated using KDEEP [40]. In molecular
docking simulations [41, 42], flexible-ligand/rigid—receptor
docking was performed and accurate docking conditions were
selected. All hetero atoms and water molecules were elimi-
nated before docking. The grid box mapping parameters for
AutoDock Vina were chosen as follows: Box dimension (A)
x=64 y=66 z=72 and Center (A) x=—23.088 y=18.676
z=-—27.106 along x, y and z directions, respectively. Electro-
static potentials on molecular/vdW surfaces were computed
using the Multifunctional Wavefunction Analyzer Multiwfn
[43]. Discovery Studio Visualizer was used to depict pro-
tein—ligand interactions [44].

Results and discussion

The HCV-studied drugs in this work are listed in Table 1.
Computed binding affinities of these compounds using the pro-
cedures described above are collected in Table 2. The binding
affinity values (kcal mol™!) computed by AutoDock Vina are
averages of ten independent trials. The AutoDock ADFR val-
ues (kcal mol™") are averages of the best binding affinity val-
ues of each ligand with the protein in the five highest scoring
pockets. A plot of the Vina and ADFR binding values is shown
in Graph A1 (Online Appendix A). The former values were
used throughout this study. The binding dissociation constants
k4 were singly determined. Global reactivity descriptors of the
tabulated compounds—hardness (n), softness (s), chemical
potential (¢)—were calculated using the PM3 version of SCF
MO and the ArgusLab software [36]. It may be pointed out
that in SAR studies the semiempirical SCF methods are more
reliable than ab initio methods [45]. The HOMO and LUMO
energy values were obtained for all molecules, and then, the
global reactivity descriptors were calculated from these values
considering Koopmans’ theorem according to the following
equations [46, 47]:

n ~ (Ecumo — Exomo) /2 (D

s=1/n )
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Table 1 List of HCV drugs and analogues docked against the SARS-CoV-2 spike protein 6M0J
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Table 1 (continued)
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The obtained results show that best binding energies
(< —10.6 kcal/mol) are observed in most cases for drugs
that exhibit both relatively higher electrophilicity indices
o (electrophilicity index @ >0.11) and chemical potential
u (u>7.6) (Table 2). The electrophilicity index ® encom-
passes the tendency of an electrophile to acquire an extra
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Table 2 Binding affinity data of inhibitors 1-13 against 6MOJ, global reactivity descriptors, P4 (ky dissociation constants) and binding free

energies (AGy;,q)

# Compound?® HOMO—LUMO Hardness (n) Softness (s) Chemical  Electrophi- P,y Binding affinity Binding affinity
Energy Gap (a.u) potential licity index (ADFR) (kcal (Vina) (kcal

() (@) mol ™) mol ™)
1 CID 132,111,205 0.2776 0.1388 7.2037 —0.1754 0.1109 734 -79 -9.5
2 Daclatasvir 0.2779 0.1389 7.1972 —-0.1708 0.1050 6.53 -9.0 -9.7
3 CID 135,195,163 0.2805 0.1403 7.1293 -0.1697 0.1026 830 -9.0 -10.2
4 Setrobuvir 0.2986 0.1493 6.6989 —0.1770 0.1049 639 -9.6 -10.2
5 Paritaprevir 0.2999 0.1499 6.6692 —0.1824 0.1109 6.77 —10.2 -10.2
6 CID 117,896,834 0.2980 0.1490 6.7108 —0.1962 0.1292 598 -9.0 -10.6
7 CID 135,976,538 0.2932 0.1466 6.8211 —0.1901 0.1232 653 -94 -10.7
8  Elbasvir 0.2766 0.1383 7.2297 -0.1711 0.1059 7.55 —-10.3 -10.8
9  CID 122,523,225 0.2745 0.1373 7.2850 —0.1748 0.1113 6.04 —11.6 -10.8
10 CID 132,182,097 0.2769 0.1384 7.2235 —0.1667 0.1004 850 -9.1 —-11.2
11  CID 131,982,844 0.2938 0.1469 6.8077 —0.1833 0.1144 6.86 —10.4 —-11.3
12 CID 117,860,584 0.3011 0.1506 6.6413 —0.1893 0.1190 722 —-10.0 —-11.5
13 CID 132,247,343 0.2969 0.1484 6.7374 —0.1844 0.1145 6.13 -95 -11.5
Acetaminophen® -54 -6.6
Darunavir® -82 -85

2CiD’s are compound identifier numbers in PubChem
"Negative control

Positive control

Likelihood Ratio Tests

Model Fitting Criteria Likelihood Ratio Tests

-2 Log
Likelihood of
Reduced
Model

11.329

AIC of
Reduced
Model

156.329

BIC of
Reduced
Model

16.459

Chi-Square df
128 1

ELECTR_IND 19.195 20.325 15.195 3.993 1 .046

CHEM_POT 16.962 18.092 12.962 1.760 1 185

The chi-square statistic is the difference in -2 log-likelihoods between the final model and a reduced
model. The reduced model is formed by omitting an effect from the final model. The null hypothesis
is that all parameters of that effect are 0.

Sig.
a2

Effect
Intercept

Fig. 1 Logistic regression Likelihood Ratio Tests to check the contri-
bution of the covariates electrophilicity index » and chemical poten-
tial p to the observed binding affinity of the molecules in Table 2.
The electrophilicity index w variable (ELECTR_IND) is significant
(sig. <0.05)

amount of electron density. The chemical potential u is
associated with the feasibility of a system to exchange elec-
tron density with the environment. Assuming that the HCV
drugs of Table 2 can be divided into two groups with respect
to binding affinities (strong inhibitors < —10.6 kcal mol~",
weak inhibitors > — 10.6 kcal mol™!), a logistic regression
test was performed with covariates o (electrophilicity index)
and u (chemical potential) using SPSS [48]. The likelihood
ratio tests (Fig. 1) check the contribution of each variable
and reveal that o is significant (sig. < 0.05). Higher w values
characterize the strong inhibitor group (binding affinities.
< —10.6 kcal mol™"). Elbasvir and paritaprevir analogues
10, 11-13 (Tables 1 and 2) fall at the high end of the strong
inhibitor category. Elbasvir 8 and its analogue 9, paritaprevir
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analogue 6 and setrobuvir analogue 7 fall at the low end of
this category. Compounds 1-5 belong to the weak inhibi-
tor group. The higher binding affinity observed for 6-13
can be attributed mainly to noncovalent interactions. The
formed ligand (drug in Table 2)-receptor (6MO0J) complexes
reveal that Pi-alkyl, Pi—Pi stacking, conventional hydrogen
bonding and halogen bonds are able to increase the bind-
ing affinity and explain the differences in binding energies
(Table A1, Online Appendix A). It has been reported that
particularly hydrogen bonds < 2.3 A are able to increase the
binding affinity considerably and that halogen bonds have
almost similar importance as hydrogen bonds in chemical
and biological systems [49, 50]. Among all sort of interac-
tions such as CH/O, CH/N, OH/x and NH/z, the CH/x is the
most prominent interaction found between drugs-proteins.
Docking interactions of paritaprevir analogues 12 and 13
(Tables 1, 2 and A1) with 6MOJ are shown in Figs. 2 and
3, respectively. Several Pi—Pi stacked, Pi-alkyl interactions
and at least one hydrogen bond <2.3 A are observed. Three
Pi-Pi stacked interactions are observed between the fluo-
rine-substituted phenanthridine ring of 12 and PHE390 and
four Pi-alkyl interactions with ARG393, PHE40, TRP349
and HIS378. Four hydrogen bonds are formed with the
protein. The hydrogen bond with ARG393 is at a distance
of 2.25 A. The phenanthridine and pyrazine rings of 13
interact by forming a total of four Pi—Pi stacked interac-
tions with PHE390 and TRP349, respectively. Hydrogen
bonds are observed between the oxygen atoms attached to
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Fig.2 Docking interactions of compound 12 (Tables 1 and 2) with
6MOJ (expanded version in Online Appendix A)
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Fig.3 Docking interactions of compound 13 (Tables 1 and 2) with
6MOJ (expanded version in Online Appendix A)

the sulfur atom and ARG514 and the pyrazine nitrogens
and SER47. The hydrogen bond with ARG514 is at a dis-
tance of 2.02 A providing increased binding affinity. A Pi-
Alkyl interaction is observed between the phenanthridine
pi-orbitals and ARG393 (Fig. 3, Table Al). Compounds at
the low end of the strong inhibitor category show hydrogen
bonding—including hydrogen bonds < 2.3 A—alkyl and Pi
alkyl bonding but with the exception of 7 and elbasvir 8
lack Pi-Pi stacked interactions (Table A1). Elbasvir shows

seven conventional hydrogen bond interactions with 6MO0J,
while three of them with ARG273, HIS345 and HIS505
are<2.3 A. A total of six carbon-hydrogen bond inter-
actions are observed with ALA348, PRO346, GLU375,
ASP382, TYR385, PHE390. A Pi—Pi stacked bonding
interaction is formed between the p orbitals of the imida-
zole ring of 8 and the p orbitals of HIS345. Pi-Pi—T-shaped
interactions are observed between the fused aromatic and
2-pyrroline rings of 8 and HIS378, TRP349 and HIS401
of the protein. Pi-alkyl interactions are formed between the
2-pyrroline ring of 8 and PHE390 and PHE40 and an alkyl
bonding interaction with ARG393 (Fig. 4 and Table Al).
Compounds in the low inhibitor category show less promi-
nent interactions with the protein comparing with those in
the other category. Hydrogen bonding—including hydrogen
bonds <2.3 A—alkyl and Pi alkyl bonding is also observed
but with the exception of 3 and 4 lack Pi—Pi stacked interac-
tions (Table A1l). Daclatasvir 2 is a typical example of the
compounds in this category (Fig. 5). Several hydrogen bonds
are observed with the one between the N-H hydrogen of
the acetamido group and GLU208 at a distance of 2.0 A A
Pi—alkyl interaction is formed between the pyrolidine ring
of the ligand and HIS195 of the protein.

Drug (ligand) interactions with 6MOJ (protein) were fur-
ther studied by electrostatic potential analysis on the drugs
molecular surface. The value of electrostatic calculations
for understanding and predicting molecular properties has
been recognized for decades. It is well known that molecu-
lar electrostatics can be predictive of a molecule’s chemical
reactivity and its ability to form certain types of interactions.
Electrostatic potential surfaces (ESPs) are used to visualize
the electrostatic nature of molecules [51, 52]. Drugs from
the strong (compound 12) and weak inhibitor categories

TRP
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Fig.4 Docking interactions of elbasvir compound 8 (Tables 1 and 2)
with 6MO0J (expanded version in Online Appendix A)
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Table 3 Surface analysis of electrostatic potential values (ESP) (units
a.u.) computed for compounds 2 and 12 (Table 2) using the Multiwfn
analyzer [43]

ESP values (a.u.) Compound 2 Compound 12
2 2000 Maximum value 0.052078 0.066179
2 Minimum value —0.057694 —0.077772
(0]
E’ 1556 Overall average value 0.00061890 0.00300125
E Positive average value 0.01292542 0.02232525
<‘£ 5151 Negative average value —0.01804650 —0.02198169
é 1000 Internal charge separation 0.01484047 0.02193806
H 1487 1541

0.0 92057 1
27 3ll299 From the graphs in Figs. 6 and 7, it can be seen that
00 - 7 A3 8y 5

-33.33 -26.67 -20.00 -13.33 -667 00 667 1333 2000 26,67 33.33
Electrostatic Potential of Daclatasvir (kcalimol)

Fig.6 Surface area (1&2) in each electrostatic potential (kcal mol ™)
range on the vdW surface of daclatasvir 2

(daclatasvir 2) with respect to their binding affinity toward
6MOJ are selected from Table 2 and their wavefunctions
produced at the B97-3c/def2-mTZVP [38] level. The elec-
trostatic potential of the above compounds on their vdW
surfaces was computed using the above wavefunctions. As
the final part of ESP analysis, the molecular surface area
in each ESP range was calculated in order to quantitatively
determine ESP distribution on the whole molecular surface
[43]. The obtained results of surface areas (A2) and cor-
responding electrostatic potentials ESP (kcal mol™!) were
used to plot histogram graphs of 2 and 12 (Figs. 6 and 7,
respectively).
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there is a large portion of molecular surface having low
ESP values, namely from —20 to 20 kcal mol~!. There
are also small areas having remarkable positive and neg-
ative ESP values, corresponding to the regions closed to
the global ESP minimum and maximum, respectively.
These global surface maxima and minima were found to be
0.06617912 a.u. (41.528059 kcal mol™") and —0.07777287
a.u. (—48.803254 kcal mol™!) for compound 12, and
0.05207833 a.u. (32.679670 kcal mol™") and —0.05769414
a.u. (—36.203650 kcal mol~!) for compound 2, and their
observed differences suggested that the ESP distribution on
the vdW surface fluctuates more remarkably in the former.
Compound 12 shows higher positive charge density than
daclatasvir 2 and a higher overall average charge equal to
0.00300125 a.u. (1.88332 kcal mol~!) compared to an over-
all average charge equal to 0.00061890 a.u. (0.38837 kcal
mol~") of 2 (Table 3). This higher observed overall average
charge—consistent with the higher electrophilicity shown
(Table 2)—coupled with other factors may explain the



Molecular Diversity

higher attraction shown by 12 toward or inside the nega-
tively charged protein binding pocket (Fig. 8). The ESP plots
of compounds 2 and 12 mapped onto the electron density
surface for the ground state are shown in Figs. 9 and 10,
respectively. Electron-rich (negative ESP) and electron-defi-
cient areas (positive ESP) are indicated with red and white
colors, respectively. Electron-rich areas are over oxygen, sul-
fur, nitrogen and fluorine atoms of 12 (Fig. 10), and these
atoms participate in the docking interactions of this drug
with 6MO0J (Fig. 2). Positive potential appears over hydro-
gen atoms and the alkyl group, and this is also consistent
with the reactivity shown and the hydrogen bonds formed
(Fig. 2). Similarly, the ESP plot of compound 2 is very effec-
tive to predict the reactive sites of the molecule with the

Fig.8 Compound 12 inside the negatively charged 6MO0J binding
pocket

target protein 6MOJ [52] (Figs. 5 and 9). Electron-rich areas
appear over oxygen and nitrogen, and these atoms partici-
pate in hydrogen bonds. Electron-poor areas are observed
over hydrogen atoms and alkyl groups. These results dem-
onstrate that weak interactions between molecules, including
H bonds and halogen bonds, can be predicted and explained
by analyzing the magnitude and positions of the minima and
maxima in an electrostatic potential (ESP) on the molecular
vdW surface [53].

The formed ligand (drug in Table 2)-receptor (6MOJ)
complexes reveal that pi—pi stacking, pi—alkyl and halogen
bonds are able to increase the binding affinity and explain
the differences in binding energies. Furthermore, to evalu-
ate the stability of the formed protein-ligand complexes,
these structures were subjected to fully solvated atomistic
molecular dynamics (MD) simulations using VMD [54]
and NAMD [55]. MD simulations were conducted at 310 K
for 30 ns. Structural fluctuations of protein and the ligands
are indicated by variation in the root-mean-square variation
(RMSD). The RMSD of the free protein remained stable
between 8 and 22 ns at 2 A and then slightly increased and
fluctuated around 2.1 A from 22 to 30 ns (Fig. 11). The
RMSD of the 6M0J and 13 complex was balanced after
24 ns and slightly fluctuated between 2.2 and 2.3 A, while
the RMSD plot of the 6MO0J and 12 initially increased for
about 10 ns and then slightly fluctuated around 2 A. The
RMSD of 6M0J and 12 showed that this complex had the
greatest effect on protein’s stability (Fig. 11). The RMSD
of 6MOJ and 11 increased for about 25 ns and then fluc-
tuated between 2.2 and 2.4 A. As depicted in Fig. 11, the
RMSD of the 6M0J and 10 complex was balanced after
20 ns and then slightly fluctuated around 2.10 A. The study
of the RMSF curves of the free 6MO0J and its complexes

Fig. 9 Electrostatic potential (ESP) mapped electron density surface of compound 2 at the PM3 level

@ Springer



Molecular Diversity

Fig. 10 Electrostatic potential
(ESP) mapped electron density
surface of compound 12 at the
PM3 level

tcomplex 6MOJ_Comp13
250 | Free Protein_6M0J
Complex_6M0J_Comp12
Complex_6M0J_Comp11
Complex_6M0J_Comp10
¥
T "ﬂ v “ v
2 170 )
@
2 W
o 1
< 150
[=]
2 1307
o
1101—
90—
70—
50—
L R S G L R N Y
g b5 25 o> B8R8E 8B S8
© ° © ° 88888888 8 8 8

Time (ns)

Fig. 11 MD simulation RMSD plots (30 ns, 310 K) of free 6MO0J and
of complexes of 6M0J with compounds 10-13

showed fluctuations between 0.5 and 2.5 A which indicate
that the studied compounds kept close contact with their
binding pockets during the simulations (Fig. 12A). However,
the 6MOJ and 13 complex showed a higher fluctuation for
residue 321 (3.4 A), and this observation is consistent with
the RMSD profile of the complex. The radius of the gyra-
tion graph, which measures protein compactness, was also
examined, and the 6MOJ and 10 complex was found to be
the most stable, followed by the 11, 13 and 12 (Fig. 12B).
The MD analysis revealed that the studied complexes have
shown structural stability during the runs.

The ADMET profile of the hit compounds 10-13 was
computed in silico using the web-based tool admetSAR
[56]. These compounds were found to be within the refer-
ence range considering the rule of five, their water solu-
bility (log S), human colon adenocarcinoma (Caco-2)
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permeability, blood-to-brain barrier (BBB) and human
intestinal absorption (HIA) (Table A2, Online Appendix
A).

In summary, among the drugs of Table 2 increased affin-
ity for 6MOJ exhibit all those with large compound volume,
relatively higher electrophilicity index, higher overall aver-
age charge, with aromatic rings and heteroatoms that partici-
pate in hydrogen bonding. Based on the binding energy, the
best compounds were discovered to be the elbavir analogue
10 (- 11.2 kcal mol™") and the patitaprevir analogues 11, 12
and13 (= 11.3, —11.5, —11.5 kecal mol ™", respectively). Fur-
ther optimization of these compounds can result in a more
effective drug able to stop this newly emerged infection.

Conclusions

The infectious respiratory disease COVID-19 is rapidly
expanding throughout the world and has become a seri-
ous threat to global health. Considering the time required
to develop a new approved drug, drug repurposing seems
the most appealing, safe and straightforward approach. In
this study, FDA-approved HCV antiviral drugs and their
structural analogues in clinical trials were tested for their
inhibitory properties toward the COVID-19 protein (6MOJ)
using a virtual screening approach and computational
chemistry methods. The most stable structures and the
corresponding binding affinities of thirteen such antiviral
compounds were obtained. Molecular docking calcula-
tions, ESP analysis, frontier molecular orbital theory and
global reactivity descriptors were used to hypothesize the
bioactivity of these drugs against the COVID-19 protein
(6M0J). Compounds 6-9—among them elbasvir—showed
remarkable binding affinities (— 10.6 to — 10.8 kcal mol™")
with 6MO0J. Moreover, four compounds 10-13 (Table 2)—
elbasvir and paritaprevir analogues—showed excellent
binding interactions — 11.2 to — 11.5 kcal mol~!'—for use
against the newly emerged strain of coronavirus. Further-
more, trajectories analysis revealed that the studied com-
plexes have shown structural stability during the MD runs.
Therefore, it is concluded that these four top scoring com-
pounds may act as lead compounds for further experimen-
tal validation, for clinical trials and for the development
of more potent antiviral agents against the SARS-CoV-2.
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tary material available at https://doi.org/10.1007/s11030-022-10469-7.
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