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Abstract

Coronavirus disease 2019 (COVID-19), caused by severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), is a dreaded
pandemic in lack of specific therapeutic agent. SARS-CoV-2 Mpro, an essential factor in viral pathogenesis, is recognized as a
prospective therapeutic target in drug discovery against SARS-CoV-2. To tackle this pandemic, Food and Drug
Administration-approved drugs are being screened against SARS-CoV-2 Mpro via in silico and in vitro methods to detect the
best conceivable drug candidates. However, identification of natural compounds with anti-SARS-CoV-2 Mpro potential have
been recommended as rapid and effective alternative for anti-SARS-CoV-2 therapeutic development. Thereof, a total of 653
natural compounds were identified against SARS-CoV-2 Mpro from NP-lib database at MTi-OpenScreen webserver using
virtual screening approach. Subsequently, top four potential compounds, i.e. 2,3-Dihydroamentoflavone
(ZINC000043552589), Podocarpusflavon-B (ZINC000003594862), Rutin (ZINC000003947429) and Quercimeritrin
6”-O-L-arabinopyranoside (ZINC000070691536), and co-crystallized N3 inhibitor as reference ligand were considered for
stringent molecular docking after geometry optimization by DFT method. Each compound exhibited substantial docking
energy >−12 kcal/mol and molecular contacts with essential residues, including catalytic dyad (His41 and Cys145) and
substrate binding residues, in the active pocket of SARS-CoV-2 Mpro against N3 inhibitor. The screened compounds were
further scrutinized via absorption, distribution, metabolism, and excretion - toxicity (ADMET), quantum chemical
calculations, combinatorial molecular simulations and hybrid QM/MM approaches. Convincingly, collected results support
the potent compounds for druglikeness and strong binding affinity with the catalytic pocket of SARS-CoV-2 Mpro. Hence,
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selected compounds are advocated as potential inhibitors of SARS-CoV-2 Mpro and can be utilized in drug development
against SARS-CoV-2 infection.

Key words: SARS-CoV-2; COVID-19; density functional theory; combinatorial molecular simulations; hybrid QM/MM
calculations; 2,3-dihydroamentoflavone

Introduction
Human corona viruses (HCoVs), responsible for causing multiple
respiratory diseases, have emerged periodically around the
world and responsible for major pandemics [1]. In the present
scenario, severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2), the causative agent of Coronavirus disease
2019 (COVID-19), is the third major HCoVs explosion and a
major health nuisance around the world [1, 2]. SARS-CoV-2
infection, initially originated in China’s Hubei Province, Wuhan,
in December 2019, has diverged from the previously reported
zoonotic pandemic viruses SARS-CoV and positioned under
subgenera Sarbecovirus of the family Coronaviridae [1]. SARS-
CoV-2 also contains a phospholipid bilayers envelope cored with
tangled positive-sense single-stranded genomic RNA of ∼30 kb
length on phosphorylated nucleocapsid (N) protein [1, 3, 4].
Although, bats have been marked for major reservoir of HCoVs,
but origin and transmission of SARS-CoV-2 to humans is not yet
cleared while transmission between the people by respiratory
droplets and direct contact with contaminated routes have been
well established [1, 5]. SARS-CoV-2 infects people of all ages, but
the older people and those with underlying medical conditions,
such as heart complications, lung infection, and diabetes, are at a
higher risk of getting severe COVID-19 [5]. On March 11, 2020, the
WHO officially declared COVID-19 as pandemic based on more
than 118 000 reported cases and 4291 deaths in 114 countries
[6]. In absence of potential and specific therapeutics, COVID-19
cases are rapidly increasing and over 22 million cases with more
than 0.7 million deaths, and about 15 million recoveries as of
19 August 2020 have been reported [7]. Therefore, the current
circumstances demand an urgent need to identify and develop
potential therapeutics for the treatment of infected people.

SARS-CoV-2 genome analysis (GenBank: MN908947.3) revealed
translation of four structural proteins, including nucleocapsid
(N) protein, membrane (M) protein, envelope (E) protein and
Spike (S) protein, and four non-structural proteins, viz. papain-
like protease (PLpro), 3-chymotrypsin-like protease (3CLpro or
main protease Mpro), helicase, and RNA polymerase, along with
accessory protein [8–11]. In SARS-CoV-2 as in other HCoVs,
3CLpro performs the autolytic cleavage from pp1a and pp1ab
site translated by virus ORF1a/b, which shared 96% sequence
similarity with Mpro of SARS-CoV strain [12, 13]. Remarkably, in
vitro inhibition of Mpro in SARS-CoV by the selected inhibitors
have shown anti-viral activity [14, 15]. Thus, the inhibition of
viral Mpro, which is essentially required in viral infection cycle
and lack of its homologues in the human, has been certified
as standard antiviral therapeutic strategy [14]. Recent studies
also recognized SARS-CoV-2 Mpro as one of the potential targets
for the discovery and identification of potent drug candidates
against SARS-CoV-2 [16–18]. Hence, crystal structures of SARS-
CoV-2 Mpro have been solved at high resolution through X-ray
crystallography technique, which is a significant achievement
in COVID-19 research [17, 18].

In the field of drug discovery, natural compounds are used to
treat a variety of diseases and infections, including HCoVs have

been recently reviewed [19]. Approximately one-third of the top-
selling medicines in the world are natural compounds or their
derivatives [20, 21]. Moreover, natural compounds are widely rec-
ognized in the drug industry for their wide structural diversity,
pharmacological activities, and less toxicity in contrast to syn-
thetic drugs [20–22]. Additionally, larger fragments with reactive
moieties were documented in natural compounds by compari-
son to synthetic compounds, hence, suggested as suitable hits in
the drug development [23]. Under current COVID-19 pandemic,
limited research has been conducted to screen the natural com-
pounds against SARS-CoV-2 Mpro. Therefore, the identification of
natural compounds with considerable potential to inhibit SARS-
CoV-2 Mpro activity may results in the development of effective
therapeutic against COVID-19 pandemic. Hence, in the present
study, the natural compound collection at NP-lib database avail-
able via MTi-OpenScreen webserver was screened to identify
potential inhibitors against SARS-CoV-2 Mpro using structure
based virtual screening method. Following, the selected com-
pounds were evaluated by combinatorial molecular simulations
and quantum binding energy calculations to determine their
potential against SARS-CoV-2 Mpro activity.

Materials and methods
Structure based virtual screening and ADMET analysis

Crystal structure of SARS-CoV-2 Mpro was retrieved from PDB
database (PDB ID: 6 LU7) [17] for structure based virtual screening
against natural compound database (NP-lib, which contained
1226 purchasable natural compounds) at MTi-OpenScreen
webserver (https://bioserv.rpbs.univ-paris-diderot.fr/services/
MTiOpenScreen/) [24]. It is noteworthy to mention that NP-
lib database includes the compounds suitable for docking and
purchasability according to the Zinc15 database after physico-
chemical and toxicophore filtration [24]. For virtual screening,
SARS-CoV-2 Mpro structure was prepared and minimized using
default parameters of Dock Prep tool in UCSF Chimera-1.14 [25].
Following, prepared structure was uploaded at MTiOpenScreen
webserver to perform virtual screening against natural com-
pounds from NP-lib database under default parameters at the
co-crystallized ligand N3 inhibitor binding pocket of coordinates
60 × 40 × 40 Å along three X, Y and Z axes, which covered
all the essential residues center at −8.918, 17.918, 62.905 Å, as
reported earlier [17, 26]. Following, top four ligands with highest
docking score were considered for further analysis along with
N3 inhibitor as reference ligand, as reported earlier [26].

Furthermore, the selected molecules were also studied for
their physiochemical and medicinal chemistry properties using
SwissADME server (http://www.swissadme.ch) [27].

Quantum chemical calculations

In Quantum chemical calculations, Becke’s three parameter
exchange function (B3) with Lee-Yang-Parr hybrid density func-
tional (LYP) approach has been evolved as the standard method

MN908947.3
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for the structural geometry optimization and to precisely under-
stand the chemical reactions [28]. While, a basis set is usually
referred as a set of functions called basis functions (or atomic
orbitals centered on atoms), linked in a linear combination to
create molecular orbitals and selection of basis set depends
on the types of elements involved in the system. Hence, the
combination of B3LYP and 6-31G basis set (split-valence double-
ζ basis set) in conjunction with the polarization functions on
heavy and hydrogen atoms (d,p), is a well-established basis
set to obtained the unprecedented accuracy for the organic
molecules under consideration [29]. Although theoretical and
practical limitations of B3LYP/6-31G(d,p) approach are obvious,
and serious doubts arise when molecular thermochemistry was
involved [30]. However, comparatively better results and less
computational cost prompted to opt B3LYP/6-31G(d,p) in this
study for the optimization of the screened natural compounds
against SARS-CoV-2 Mpro. Briefly, the density functional theory
(DFT) [31] treated by B3LYP [32, 33] in conjunction with 6-31G(d,p)
basis sets was employed to optimized the geometry of screened
potential natural compounds along with N3 inhibitor using
Gaussian 03 software [34]. The respective ligand geometries
were optimized at ground state (in gas) without including any
imaginary frequencies, as reported earlier [35], and then utilized
in molecular and quantum chemical calculation in Gaussian 03
software [34]. Additionally, these geometries were employed
in re-docking analysis to achieve a significant stable ligand
docked pose with receptor for the establishment of convincing
intermolecular interactions in the respective complexes.

Re-docking and pose analysis

Herein, re-docking analysis was performed for DFT optimized
geometries of selected natural compounds in the same active
pocket of SARS-CoV-2 Mpro to get insight on the effect of geome-
try optimization and mode of protease inhibition by the selected
ligands using MTi AutoDock (https://bioserv.rpbs.univ-paris-di
derot.fr/services/MTiOpenScreen/) with default settings [24, 36].
Herein, at least 10 poses for each protein–ligand complex were
produced and best pose with highest binding score at least
root-mean-square deviation (RMSD) was selected for further
interaction analysis in free academic Schrödinger-Maestro v12.4
suite [37]. Similar docking methodology was used on the crystal
structure native ligand, i.e. Michael acceptor inhibitor-known as
N3 inhibitor [17], to validate the docking procedure and for com-
parative analysis with the selected natural compounds. Later,
both 3D and 2D interaction images were rendered using free
academic Schrödinger-Maestro v12.4 suite [37].

Explicit-solvent MD simulation

The best poses obtained from re-docking studies were evaluated
for the complex stability using 100 ns explicit-water molecular
dynamics (MD) simulation using academic version of Desmond
v5.6 [38] module in Schrödinger-Maestro v11.8 suite [39] under
Linux environment on HP Z238 workstation, details are given in
Supplementary Section S1.1.

Post-dynamics simulation analysis

Following MD simulation, the generated trajectories with
coordinates at every 20 ps for viral protease docked with
selected ligands were analyzed using Simulation Interaction
Diagram of Desmond v5.6 module [38] in Schrödinger-Maestro
v11.8 package [39]. Herein, RMSD, root-mean-square fluctuation

(RMSF), and protein-ligand interaction profiling was extracted
from the respective 100 ns MD simulation trajectory of each
complex. Also, essential dynamics calculations were calculated
using Bio3d package [40]; details are given in Supplementary
Section S1.2.

MM-generalized born surface area calculations

For binding free energy calculations, molecular mechanics gen-
eralized Born surface area (MM/GBSA) method is comparatively
popular and computationally less demanding with respect to
alchemical free energy methods [41]. Hence, net binding free
energy calculation was conducted using Prime MM/GBSA mod-
ule [42] in Schrödinger-Maestro package by MM/GBSA protocol
using default settings, as reported earlier [43].

QM/MM approach

The chemical reactivity and quantification of electronic interac-
tion energies of biomolecular systems are the most challenging
task. The hybrid QM/MM approaches may provide an alternate
but demands high computational cost limits the applicability of
these methods [44]. In hybrid QM/MM formalism, whole molec-
ular system is fragmented into two parts, i.e. first smaller part,
which is treated with quantum mechanical (QM) method, and
the second larger part, i.e. environment, is preserved with a
more efficient but less expensive MM method [45]. The total
QM/MM energy of the system is considered as the sum of the
energies of the model system (EQM), the environment (EMM), and
the interactions between the model system and environment
(EQM/MM) as obtained through high-level QM (model), low-level
MM (environment) and medium level QM (interaction between
the model system and environment) calculations, respectively
(Equation 1).

EQM/MM = EQM + EMM + EQM−MM . . . (1)

As in many systems, the entropy of QM system is ignored [46],
we have used an assumption in our present communication, to
calculate the QM/MM binding energy (�E) as the difference of
QM/MM energy of the complex to the sum of the energies of the
protein (environment) and the ligand (model), as represented by
Equation (5).

�EQM/MM = EQM/MM − (
EMM + EQM

)
. . . (2)

Hence, QM/MM calculations on the final snapshot from
100 ns trajectory was performed using ONIOM (Own N-
layered Integrated molecular Orbital and MM) method [47] with
electronic embedding, as implemented in Gaussian 03 software
[34]. The environment was treated as MM through AMBER
force field while QM (model) part has been treated via exploit-
ing B3LYP/6-31G(d,p), MP2/6-31G(d,p), and wb97xd/6-31g(d,p)
density functional methods, respectively.

Results and discussion
Structure based virtual screening analysis and ADMET
analysis

The virtual screening technique is used in the identification of
small molecules from large compound databases, which hold

https://bioserv.rpbs.univ-paris-diderot.fr/services/MTiOpenScreen/
https://bioserv.rpbs.univ-paris-diderot.fr/services/MTiOpenScreen/
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considerable affinity with the active pocket of receptor [48–
50]. Screening of natural compound libraries is of great interest
because of high chemical diversity, biochemical specificity, and
other molecular descriptor properties that make them favorable
as lead ligands in drug discovery [51, 52]. Herein, virtual screen-
ing of SARS-CoV-2 Mpro against NP-lib database at MTiOpen-
Screen webserver results in collection of 654 compounds with
docking score between −10 and −4 kcal/mol (Table S1).

Following, top four natural compounds, i.e. ZINC000043552-
589, ZINC000003594862, ZINC000003947429 and ZINC000070691-
536 with docking energy −10.5, −9.8, −9.5 and −9.4 kcal/mol,
respectively, with favorable binding affinity in the active pocket
of SARS-CoV-2 Mpro were considered for further analysis.
Here, ZINC000043552589 was identified as 2,3-Dihydroa-
mentoflavone, an amentoflavone-type bioflavonoid was first
isolated from Cycas revoluta [53]. Likewise, ZINC000003594862
(Podocarpusflavon-B) was reported as an amentoflavone and
extracted from Selaginella sinensis (Selaginellaceae) herb [54].
Interestingly, amentoflavone are well-known with antiviral
activity against influenza A and B viruses, showed moderate
anti-herpes simplex virus (HSV)-1 and anti-HSV-2 activities
with EC50 values of 17.9 μg/ml (HSV-1) and 48.0 μg/ml (HSV-2),
respectively [55]. Also, amentoflavone showed potent antiviral
activity against respiratory syncytial virus (RSV) at IC50 of
5.5 mg/mL [55], and was isolated from Torreya nucifera; already
reported in 2010 to possess micromolar range inhibitory
activity IC50 of 8.3 μM against of SARS-CoV Mpro via FRET
assay [56]. Moreover, amentoflavone has been reported with
antiviral activities mediated by interaction with other viral
targets in several viral infections, including dengue virus [57],
coxsackievirus B3 [58], human immunodeficiency virus [59]
and RSV [55]. Recently, high throughput virtual screening of
chemical databases also screened amentoflavone as potent
inhibitor of SARS-CoV Mpro [60]. This agreement with previously
reported experimental observations specifically regarding Mpro

target of SARS-CoV with a high similarity with SARS-CoV-
2 provides an important validation for the screened com-
pounds. Moreover, ZINC000003947429 and ZINC000070691536
identified as Vitamin P (Rutin) and Quercimeritrin 6′′-O-L-
arabinopyranoside were not documented for any in vitro antiviral
activity. Thus, screened potential compounds were subjected
to further stringent analysis for electronic properties and
intermolecular interactions within active pocket of SARS-CoV-2
Mpro.

Moreover, the intrinsic properties of compounds along with
drug-likeness and pharmacological characteristics have been
suggested as an essential factor for medical applications [61, 62].
Herein, the potent molecules were evaluated for medical proper-
ties using SwissADME sever, as shown in Table S2. It is important
to mention that druglikeness rules are not applicable to the
natural products that are recognized by the active transport
system when contemplating ‘druggable chemical entities’ [63,
64]. Additionally, Koehn in 2012 reviewed the 26 drugs approved
between 1981 and 2011 stemmed from 18 natural products rec-
ognized to challenge the ‘rule of 5’ and its structures [63, 65].
Furthermore, based on number of electronegative species in the
compound structure, each potent compound was studied for
capacity for formation of hydrogen-bond acceptor and donor
atoms. Interestingly, a maximum of 16 acceptor and 10 donor
atoms were counted in ZINC000003947429 while a minimum
of 10 acceptor and 4 donor atoms noted for ZINC000003594862
against N3 inhibitor (Table S2). In addition, other properties such
as pharmacokinetics and medicinal chemistry friendliness were
computed for the potent compounds (Table S2). Conclusively,

the screened compounds were suggested with ideal medical
properties by comparison to N3 inhibitor.

Theoretical calculations

Optimized geometry

The DFT calculations were used to establish the optimized
structural parameters such as bond lengths, bond angles, and
dihedral angles for potential compounds, i.e. ZINC000043552589,
ZINC000003594862, ZINC000003947429 and ZINC000070691536,
against N3 inhibitor using hybrid DFT B3LYP/6-31G(d,p) calcu-
lations (Tables S3–S7). Figure 1 shows the 2D structures and 3D
optimized geometries of ZINC000043552589, ZINC000003594862,
ZINC000003947429, ZINC000070691536 and N3 inhibitor plotted
using atomic numbering scheme and without hydrogen atoms
in GaussView 3.0.8.

Natural charges and natural bond orbitals analysis

To better understand the electronic structure of potential nat-
ural compounds, natural bond orbital (NBO) calculation [66]
was performed using NBO 3.1 program implemented in Gaus-
sian 03 package at B3LYP/6-31G(d,p) method on the optimized
structures. Herein, natural population analysis (NPA), was pre-
dicted for atomic summary of natural localized atomic charges
on compounds [67]. Also, NPA analysis exhibited distribution
of negative charges mostly on electronegative atoms, such as
oxygen and on a few carbon atoms, located in both cyclic and
non-cyclic chains; additionally, electrons accumulation in core,
valence and Rydberg sub-shells for each compound were also
considered (Tables S8–S12). According to an electrostatic point of
view on the molecule, negative charged atoms have a tendency
for electron donation to receptors while positive charged atoms
(carbon) represent the capability to accept the electrons [68].
As a result, each compound was discovered with a tendency
to donate and accept electrons. This reveals that NPA localized
charges produced no substantial response for the respective
systems; hence, further NBO analysis on selected compounds
was considered (Tables S13–S17).

NBO calculations are useful to calculate the information
about interactions in both filled and virtual orbital regions that
can enhance the intra-and intermolecular interactions [69].
Thus, accepted convergence of NBO natural Lewis structures
were considered to get better insights into structural description
of each screened compound in terms of delocalization of
electron density from the principal occupied Lewis-type (bond
or lone pair) orbitals to unoccupied non-Lewis (anti-bonding or
Rydberg) orbitals (Tables S13–S17). Moreover, highly occupied
molecular orbitals (HUMO) and lower unoccupied molecular
orbitals (LUMO) with high occupancy of NBO were predicted on
each compound (Figure 2). The NBO analysis provides a conve-
nient basis to study the conjugative interactions and efficient
approach to predict an intra-and intermolecular bonding for
a molecular system [66, 70]. Thus, respective high and lower
occupied atoms stand for electron donor and acceptor species,
respectively, were identified within each molecule (Figure 2),
predicted as core sites for molecular contacts formation within
active pocket of receptor.

Frontier molecular orbitals analysis

The frontier molecular orbitals play an important role in the
electric and optical properties; hence, particularly frontier
molecular orbitals energy, i.e. HOMO-LUMO band gap energy

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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Figure 1. 2D structures and 3D optimized molecular geometries of compounds, viz. (a–b) ZINC000043552589, (c–d) ZINC000003594862, (e–f) ZINC000003947429, (g–h)

ZINC000070691536 and (i–j) reference compound N3 inhibitor, were calculated using B3LYP/6-31G(d,p) level of DFT calculations.

(EHOMO-ELUMO) is used to calculate the chemical reactivity,
kinetic stability and chemical hardness of the molecule [71,
72]. A compound associated with a small band gap energy
is generally classified with a high chemical reactivity and
low kinetic stability, termed as soft molecule [73]. In this
process, the reduction in energy gap indicates substantial
intramolecular charge transfer within the molecule, which
reflects the bioactivity of a molecule. Hence, EHOMO, ELUMO, and

EHOMO-ELUMO values were calculated for potential compounds
and reference ligand. Figure 3 shows asymmetric HOMO and
LUMO for natural compounds and N3 inhibitor, where red
and green color distribution signifies negative and positive
phases, respectively, of the molecular frontier orbital wave
function. Moreover, calculated energy band gap values showed
considerable kinetic stability and a low chemical reactivity
except for ZINC000070691536 against N3 inhibitor (Figure 3).
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Figure 2. Natural bond orbitals for HOMO and LUMO estimated in the optimized geometries of selected natural compounds, i.e. (a–b) ZINC000043552589, (c–d)

ZINC000003594862, (e–f) ZINC000003947429, (g–h) ZINC000070691536 and (i–j) reference compound N3 inhibitor.

Re-docking and intermolecular interaction analysis

The molecular docking algorithms are used in drug discovery to
predict the potential ligand against drug-targetable receptors.
Herein, DFT optimized geometries of potential compounds,
ZINC000043552589, ZINC000003594862, ZINC000003947429 and

ZINC000070691536, were re-docked in the active pocket of SARS-
CoV-2 Mpro and analyzed for mechanistic interactions with
active residues of viral protease. Remarkably, selected natural
compounds showed substantial docking score >−12 kcal/mol
and formation of considerable number of hydrogen bond with
residues in the active pocket of SARS-CoV-2 Mpro (Figure 4).
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Figure 3. Frontier molecular orbitals predicted for (a) ZINC000043552589, (b) ZINC000003594862, (c) ZINC000003947429, (d) ZINC000070691536 and (e) N3 inhibitor

calculated at B3LYP/6-31G(d,p) level.

The docked complex SARS-CoV-2 Mpro-ZINC000043552589
was recorded for significant binding affinity of −12.47 kcal/mol
via three hydrogen bonds formation at residues Thr26 (N–H···O,
2.13 Å), Gly143 (N–H···O, 1.96 Å), and His163 (N–H···O, 2.2 Å).
In addition, SARS-CoV-2 Mpro-ZINC000043552589 exhibited
formation of π–π stacking by His41 residue. Likewise, SARS-
CoV-2 Mpro-ZINC000003594862 complex exhibited considerable
binding affinity of −13 kcal/mol and formed two hydrogen bonds
with active residues Gly143 (N–H···O, 1.90 Å) and His163 (N···H–O,
2.31 Å). Whilst SARS-CoV-2 Mpro docked with ZINC000003947429
showed highest −15.63 kcal/mol docking score and formation of
three hydrogen bonds at His163 (N–H···O, 2.14 Å), Glu166 (C=O···H,
2.47 Å), and Gln189 (N–H···O, 2.48 Å) residues. Moreover, SARS-
CoV-2 Mpro-ZINC000070691536 complex also showed substantial
docking score of −13.3 kcal/mol via formation of four hydrogen
bonds at Phe140 (C=O···H, 1.96 Å) and Glu166 (C=O···H, 2.10 Å;
N–H···O, 2.14 Å; and C=O···H, 2.17 Å) residues. Additionally,
all the docked complexes were recorded for hydrophobic,
polar, negative, positive, and glycine interactions (Table 1,
Figure 4). The observed significant binding affinity and strong
intermolecular interactions for natural compounds in the active
pocket of SARS-CoV-2 Mpro suggested their substantial inhibitory
activity against viral protease.

To further understand the inhibitory potential of selected
natural compounds against SARS-CoV-2 Mpro, the molecular
docking results were compared with the reference ligand N3
inhibitor under similar parameters. From docking analysis,
N3 inhibitor (−7.3 kcal/mol) showed less binding affinity
by comparison to potential natural compounds (maximum
docking score −15.63 kcal/mol was recorded in SARS-CoV-
2 Mpro-ZINC000003947429 complex) via four hydrogen bonds
formation at Cys145 (N–H···O, 2.01 Å), Glu166 (N–H···O, 2.16 Å)
and Gln189 (C=O···H, 2.30 Å and C=O···H, 3.06 Å) residues
supplemented with other intermolecular interactions (Table 1,
Figure S1). Remarkably, ZINC000003594862 exhibited a max-
imum of four hydrogen bonds followed by three hydrogen
bonds for ZINC000003947429, and two hydrogen bonds for
each ZINC000003594862 and ZINC000043552589 in the active
pocket of SARS-CoV-2 Mpro (Table 1, Figure 4). Furthermore,
respective SARS-CoV-2 Mpro-natural compounds complexes

were noticed for one or more than one type of contacts with
catalytic dyad (Cys145 and His41), substrate binding residues
(Phe140, Leu141, Gly143, Ser144, His163, Met165 and Glu166), and
other important residues in the viral protease active pocket
(Thr24, Thr25, Met49, Phe140, Asn142, Asp187 and Gln189) (Table 1,
Figures 4 and S1), as documented in the crystal structure with
N3 inhibitor [17]. Interestingly, Gln189 residue, documented
as essential site for the S1 subsite at the P1 position [17],
was also logged for hydrogen formation (C=O···H, 2.30 Å and
C=O···H, 3.06 Å) with ZINC000003947429 while exhibited polar
interactions for other three docked selected natural compounds
with SARS-CoV-2 Mpro (Table 1). The comparative intermolecular
interaction analysis indicated that potent natural compounds
have considerably occupied the catalytic dyad and substrate
binding cleft of SARS-CoV-2 Mpro by strong hydrogen bond
formation and substantial non-covalent interactions against
N3 inhibitor. Hence, the computed interaction profiling sup-
ports the screened natural compounds as inhibitor against
proteolytic function of SARS-CoV-2 Mpro, which is essentially
required in viral pathogenesis [17]. Moreover, selected bioactive
compounds show interactions with the highly conserved
substrate-recognition pocket of SARS-CoV-2 Mpro, also directed
the anti-proteolytic function of screened natural compounds
against broad spectrum of HCoVs. To note, ZINC000003594862
(Podocarpusflavon-B) was recently identified to possess micro-
molar range inhibitory activity against SARS-CoV Mpro [56].
Hence, molecular docking and intermolecular interaction
analysis deduced the potential inhibitory activity of screened
natural compounds against SARS-CoV-2 Mpro by comparison to
N3 inhibitor.

MD simulation analysis

In computational drug discovery, MD simulation is used to
predict the docked complexes stability and formation of
intermolecular interaction in reference to time [48, 49]. Herein,
docked complexes of respective natural compounds with SARS-
CoV-2 Mpro were analyzed via MD simulation to establish the
respective complexes stability and intermolecular interactions
between receptor and ligand against 100 ns interval. Initially, the

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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Figure 4. 3D and 2D interaction diagram of SARS-CoV-2 Mpro-natural compounds; (a–b) ZINC000043552589, (c–d), ZINC000003594862, (e–f) ZINC000003947429 and (g–h)

ZINC000070691536, docked complexes exhibiting interactions with respective ligands at 4 Å area in the active pocket of SARS-CoV-2 Mpro. In 3D interaction map, surface

is generated based on the type of residue, and in 2D maps, hydrogen bond formation (pink arrows), hydrophobic (green), polar (blue), red (negative), violet (positive),

glycine (grey) and π–π stacking (green line) interaction are logged for respective docked complexes.

last snapshots were extracted from the respective 100 ns MD
trajectories and analyzed for intermolecular contacts. Remark-
ably, screened compounds exhibited hydrogen bonds formation
supplemented with additional intermolecular interactions
against N3 inhibitor (Table 2, Figures S2 and S3). Stimulatingly,
each snapshot extracted from 100 ns simulation trajectories
shared common molecular contacts with residues as logged
in the respective docked poses (Table 1). These observations

directed stability of natural compounds in the active pocket
of viral protease during simulation by comparison to N3
inhibitor (Figures S2 and S3). Furthermore, three properties
were extracted from MD trajectory for each complex with the
aid of simulation interaction diagram in Maestro-Desmond
interface, included (a) root mean square deviation (RMSD), (b)
root mean square fluctuation (RMSF) and (c) protein-ligand
contacts mapping.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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Table 1. List of various interactions and interacting residues in the active pocket of SARS-CoV-2 Mpro with the potential natural compounds
were logged from respective docked complexes

S. no. Drugs Docking energy
(kcal/mol)

H-bond π–π

stacking
Hydrophobic Polar Negative Positive Glycine

1. ZINC000043552589 -12.47 Thr26,
Gly143,
His163

His41 Leu27, Met49,
Tyr54, Phe140,
Leu141, Cys145,
Met165

Thr25, Thr26,
His41, Asn142,
Ser144, His163,
His164, His172,
Gln189

Glu166,
Asp187

Arg188 Gly143

2. ZINC000003594862 -13.0 Gly143,
His163

— Leu27, Met49,
Pro52, Tyr54,
Phe140, Leu141,
Cys145, Met165

Thr24, Thr25,
Thr26, His41,
Asn142, Ser144,
His163, His164,
His172, Gln189

Glu166,
Asp187

Arg188 Gly143

3. ZINC000003947429 -15.63 His163,
Glu166,
Gln189

— Phe140, Leu141,
Cys145, Met165,
Leu167, Pro168,
Ala191

Ser144, His163,
His164, Gln189,
Thr190, Gln192

Glu166 Arg188 Gly170

4. ZINC000070691536 -13.3 Phe140,
Glu166

(3)

— Met49, Phe140,
Leu141, Cys145,
Met165, Leu167,
Pro168, Ala191

Gln92, Asn142,
Ser144, His163,
His164, Thr169,
His172, Gln189,
Thr190

Glu166 His41, Arg188 Gly143,
Gly170

5 N3 inhibitor -7.3 Cys145,
Glu166,
Gln189(2)

— Leu27, Met49,
Tyr54

Thr24, Thr25,
Thr26, His41,
Thr45, Ser46,
Asn142, Ser144,
His163, His164,
His172, Gln189,
Thr190, Gln192

Glu166,
Asp187

Arg188 Gly143

Note: Ala: Alanine; Arg: Arginine, Asn: Asparagine, Cys: Cysteine, Glu: Glutamic acid, His: Histidine, Leu: Leucine; Met: Methionine; Phe: Phenylalanine; Pro: Proline,
Trp: Tryptophan; Tyr: Tyrosine, Val: Valine.

Table 2. List of various interactions and interacting residues in the active pocket of SARS-CoV-2 Mpro with the potential natural compounds
were logged from the last pose of respective 100 ns MD trajectory

S. no. Drug H-bond π-π
stacking

Hydrophobic Polar Negative Positive Glycine

1. ZINC000043552589 Thr26, His41,
Cys44, Glu166,
Arg188

— Leu27, Val42, Cys44,
Met49, Cys145,
Met165, Leu167, Pro168

Thr25, Thr26,
His41, Asn142,
Ser144, His163,
His164, Gln189,
Gln192

Glu166,
Asp187

Arg188 —

2. ZINC000003594862 Thr24, Thr190 His41 Ile43, Cys44, Met49,
Pro52, Cys145, Met165,
Leu167, Pro168

Thr24, Thr25,
His41, Thr45,
Ser46, His64,
Gln189, Thr190,
Gln192

Glu166,
Asp187

Arg40,
Arg188

—

3. ZINC000003947429 Glu166, Gln189 — Met49, Leu50, Met165,
Leu167, Pro168, Ala191

His41, Asn142,
Gln189, Thr190

Glu166 Arg188 —

4. ZINC000070691536 Glu166(2),
Thr190, Gln192

His41 Met49, Cys145,
Met165, Leu167,
Pro168, Val186, Ala191

Asn142, Ser144,
His163, His164,
His172, Gln189,
Thr190, Gln192

Glu166,
Asp187

His41,
Arg188

Gly143

5. N3 inhibitor — — Leu50, Met165, Leu167,
Pro168, Ala173, Phe181,
Phe185, Val186

His164, Gln189,
Gln192

Glu166,
Asp187

Arg188 —

Note: Ala: Alanine; Arg: Arginine, Asn: Asparagine, Cys: Cysteine, Glu: Glutamic acid, His: Histidine, Leu: Leucine; Met: Methionine; Phe: Phenylalanine; Pro: Proline,
Trp: Tryptophan; Tyr: Tyrosine, Val: Valine.
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RMSD and RMSF analysis

To measure the average change in displacement occurred in
protein and ligand of the respective docked complexes with
respect to initial frame, firstly RMSD values were computed for
the protein structure (Cα, backbone, sidechain and heavy) and
protein fit ligand from all the frames during 100 ns simula-
tion trajectory, where RMSD for frame X can be expressed by
following equation.

RMSDx =
√

1
N

N∑
i=1

(
r′

i (tx) − ri
(
tref

))2
. . . (3)

where N is defined as the number of atoms in the atom selection;
tref is marked as the reference time at 0 interval; r′ presented
the position of the atoms under consideration in frame x after
superimposition on the reference frame at interval tx.

In all the docked complexes, Cα atoms of SARS-CoV-2 Mpro

showed considerable fluctuations <3 Å, except in SARS-CoV-
2 Mpro-ZINC000003594862 complex, which exhibited a higher
variation of 3.8 Å still end of 100 ns simulation (Figure 5). These
results indicated that viral protease experienced structural con-
formation changes induce by the binding of ZINC000003594862.
These observations were further supported by acceptable
deviations in the protein backbone, sidechain, and heavy
atoms in docked SARS-CoV-2 Mpro crystal structure with an
exception in SARS-CoV-2 Mpro-ZINC000003594862 complex
(>3.5 Å). (Figure S4). Furthermore, RMSD analysis of protein
fit ligands showed acceptable variations (<4 Å), except for
ZINC000003594862 (>10 Å) at the end of 100 ns interval. Likewise,
N3 inhibitor exhibited higher deviation >16 Å after 80 ns,
which reflects non-stable behavior of the respective docked
complex (Figure 5). However, it is important to mention that all
the natural compounds docked with viral protease exhibited
equilibrium within 20 ns, with an exception for SARS-CoV-
2 Mpro-ZINC000003594862 complex, which exhibited state of
equilibrium after 40 ns.

Furthermore, RMSF calculations are useful in the characteri-
zation of local fluctuations along with protein chain and ligand
molecule, which can be expressed from the simulation trajectory
using the following equation.

RMSFi =
√

1
T

T∑
t=1

(
r′

i(t) − ri
(
tref

))2
. . . (4)

where T presented the simulation interval over which the RMSF
is calculated, tref defined as the reference time, ri marked for the
position of atom i in the reference time tref and r′ defined as
the position of atom i at time t following superposition on the
reference frame.

The local structural fluctuations in SARS-CoV-2 Mpro and
docked ligands were calculated in terms of deviations contribute
by residues of the protein and atoms of the ligands, respectively
(Figure S5). Remarkably, residues of the protein in all the com-
plexes showed acceptable RMSF values, except in C-terminal
(>3.5 Å) and N-terminal (>4.5 Å) (Figure S5). Besides, atoms of
the ligands were also recorded with considerable RMSF values
(<4.5 Å), except for N3 inhibitor (<7.5 Å) (Figure S6). These RMSF
values together with RMSD values for each complex supported
the integration of screened potential compounds within the
active pocket of viral protease against N3 inhibitor.

Figure 5. RMSD values extracted for alpha carbon atoms (blue curves) of SARS-

CoV-2 Mpro and natural compounds (red curves) from the docked complexes,

viz. (a) ZINC000043552589, (b), ZINC000003594862, (c) ZINC000003947429, (d)

ZINC000070691536 and (e) N3 inhibitor, with respect to 100 ns simulation time.

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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Protein-ligand interaction mapping

As hydrogen bonding properties in drug design are well known
to exert strong influence on drug specificity, metabolism and
adsorption; hence, intermolecular interactions, such as hydro-
gen bond formation, hydrophobic interactions, ionic interactions
and water bridge formation, were extracted for the respective
MD trajectories using default parameters of Desmond module.

All the selected compounds showed substantial interac-
tions with catalytic residues, i.e. His41 and Cys145, and other
substrate binding residues in the active pocket of SARS-CoV-
2 Mpro against N3 inhibitor, which showed only significant
interaction with substrate binding residue Glu166 (Figure 6).
To note, these residues were also noticed in the respective
docked complexes of selected compounds (Table 1). Moreover,
screened compounds exhibited considerable intermolecular
contacts such as hydrogen bond formation with SARS-CoV-2
Mpro active pocket residues during 30% of total MD simulation
interval (Figure S7). Also, a total number of intermolecular
contacts for the active residues and selected ligands, and their
calculated density (dark area in orange color indicates the
multiple contacts of ligand on that particular frame with the
residues of protein) were extracted during 100 ns MD simulation
interval (Figure S8). Again, these plots indicated the multiple
interactions between the catalytic residues (His41 and Cys145)
of SARS-CoV-2 Mpro and selected natural compounds during
100 ns simulation by comparison to N3 inhibitor. Conclusively,
analysis of the respective MD trajectories established the
considerable occupancy of screened natural compounds in the
active pocket of SARS-CoV-2 Mpro against N3 inhibitor. Hence, the
screened natural compounds can be arranged in the order of (a)
ZINC000043552589, (b) ZINC000003947429, (c) ZINC000070691536
and (d) ZINC000003594862 as inhibitor of SARS-CoV-2 Mpro based
on 100 ns MD simulation analysis.

Essential dynamics analysis

Principal component analysis (PCA), a covariance–matrix-based
mathematical technique, is employed on the simulation trajec-
tories to understand the domain dynamics and displacement
of atoms in protein structure. Figure 7 shows percentage of
variance (%) (eigen fraction) for the mean square positional vari-
ations in the covariance matrix as function of 20 eigen modes. All
SARS-CoV-2 Mpro structures in each docked complex showed a
sharp drop for percent in variance in reference to the initial three
eigen modes, suggested a substantial conformational motion
induced by docked ligand in the active pocket of protein. How-
ever, this variance was followed by instant elbow point and no
further significant changes were observed in eigen fraction after
4 till 20 eigen values (Figure 7). These observations revealed the
considerable flexibility of protein structure docked with respec-
tive ligands during initial stages of simulation which eventually
reduced with simulation interval. Furthermore, percentage of
contribution in eigen modes also sequentially decreases, sug-
gested the localized fluctuations in SARS-CoV-2 structure in
each docked complex tends to attain complex stability. Such
motions in each protein-ligand complex during the simulations
are suggested to contribute by docked ligands in the active
pocket of viral protease direct to the formation of stable com-
plex. Similar observations were observed previously in various
complexes of Fructose transporter GLUT5 [74] and G-protein-
coupled receptor 119 [75] docked with their respective ligands
at the active pocket.

Figure 6. Protein-ligand interactions mapping for SARS-CoV-2 Mpro with poten-

tial natural compounds, i.e. (a) ZINC000043552589, (b) ZINC000003594862, (c)

ZINC000003947429, (d) ZINC000070691536 and (e) N3 inhibitor, extracted from

100 ns MD simulations.

Figure 7 showed three PCA or eigen vectors for SARS-CoV-2
Mpro docked with selected potential compounds and N3 inhibitor
extracted from respective MD trajectories and are represented
in clusters. The analysis of eigen vectors supported the compact
and the cluster motions in SARS-CoV-2 Mpro in respective com-
plexes during MD simulation. In terms of essential dynamics,
all the complexes of SARS-CoV-2 Mpro formed clusters between
−35 and 30 along the direction of PC1, −35 and 40 for PC2 and
−30 to 15 for PC3. In Figure 7, 2D plots demonstrate the varia-
tions in the ensemble distribution for each conformation of the
docked complex during 100 ns simulation interval, where color
gradient change from blue to red signifies the periodic jumps

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data


12 Bharadwaj et al.

Figure 7. Principal component analysis for the molecular dynamic simulation trajectories of SARS-CoV-2 Mpro docked with (a1–4) ZINC000043552589, (b1–4)

ZINC000003594862, (c1–4) ZINC000003947429, (d1–4) ZINC000070691536 and (e1–4) N3 inhibitor. The percentage of total mean square displacement of residue positional

variations recorded in each dimension is categorized by equivalent eigenvalue (PCs). The persistent color scale from blue to white to red directs the periodic jumps

between the protein conformers duration the 100 ns simulation interval.



Exploration of natural compounds with anti-SARS-CoV-2 activity 13

Figure 8. Calculated energy components and net MM/GBSA binding free energy (kcal/mol) with standard deviation values for extracted snapshots of SARS-CoV-2 Mpro

complexes with selected natural compounds, i.e. (a) ZINC000043552589, (b) ZINC000003594862, (c) ZINC000003947429 and (d) ZINC000070691536, from respective 100 ns

MD simulation trajectories.

between the various conformational positions of SARS-CoV-2
Mpro structure in docked complexes with respective ligands.
Altogether, correlated motion in SARS-CoV-2 structure in all
the systems indicated the rigidity and considerable fluctuations
induced at the active pocket by the binding of selected ligands
during the simulation. Hence, these observations suggested the
stability of selected natural compounds, i.e. ZINC000043552589,
ZINC000003594862, ZINC000003947429 and ZINC000070691536,
against N3 inhibitor in the active pocket of SARS-CoV-2 Mpro

and eventually restricted the protein essential motion required
for enzymatic activity, which leads to viral protease inhibition;
supported by RMSD, RMSF, protein-ligand interaction profiling,
and PCA analysis as well as substantial docking scores (Table 1,
Figures 5 and 6).

MM generalized Born surface area analysis

To calculate the net binding free energy and contribution of
each energy component responsible for stability of potential
compounds against N3 inhibitor docked in the active pocket of
SARS-CoV-2 Mpro, MM generalized Born surface area (MM/GBSA)
calculation was conducted on the collected snapshots from
respective 100 ns simulation (Table S18). Figure 8 shows high net
negative binding free energy values for SARS-CoV-2 Mpro docked
with screened natural compounds against reference ligand N3
inhibitor (Figure S9). Additionally, analysis of recorded binding
affinity values and physico-chemical components for each

SARS-CoV-2 Mpro-natural compound docked complexes revealed
significant contribution of �GBind Coulomb (Coulomb energy) and
�GBind vdW (Van der Waals interaction energy) in the respective
complex stability (Figure 8). These results advised the substan-
tial affinity of potential compounds, i.e. ZINC000043552589,
ZINC000003594862, ZINC000003947429 and ZINC000070691536,
by comparison to N3 inhibitor with active residues in the
catalytic pocket of SARS-CoV-2 Mpro. Hence, these binding free
energy values advocated the potential of screened natural
compounds as SARS-CoV-2 Mpro inhibitors against SARS-CoV-2
infection.

Hybrid QM/MM results

The computation of docking affinity using molecular docking
tools is based on scoring function with fixed dielectric charge
for the protein and ligand atoms to be fast and accurate.
As docking protocol lacks electronic interaction component,
which is one of the essential components in the energy
model, results in low accuracy of the docking results [44,
76]. Hence, the charge model can be improved for accurate
binding energy prediction of a protein–ligand complex using
the QM/MM methods, which can perform superior prediction of
the electronic interactions [76]. In this study, the final snapshots
extracted from 100 ns MD trajectories of respective docked SARS-
CoV-2 Mpro-natural compounds complexes were used in QM/MM
calculations. As each ligand exhibited exclusively non-covalent

https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbaa382#supplementary-data
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Table 3. Comparison of re-docking scores, MM/GBSA binding free energy, and QM/MM binding energy for the selected natural compounds as
SARS-CoV-2 Mpro inhibitors

S. no. SARS-CoV-2
Mpro-compound
complex

Docking Energy
(kcal/mol)

�G (kcal/mol) �E (kcal/mol)

B3LYP/6-31G(d,p) MP2/6-31G(d,p) wb97xd/6-31g(d,p

1 ZINC000043552589 −12.47 −52.35±4.54 −215.79 −218.18 −319.04
2 ZINC000003594862 −13 −38.92±0.59 −81.55 −53.81 −82.93
3 ZINC000003947429 −15.63 −70.41±4.81 −156.41 −128.51 −156.60

ZINC000070691536 −13.3 −62.01±5.15 −216.96 −144.39 −217.34
5 Reference ligand N3

inhibitor
−7.3 −54.84±8.92 696.65 699.84 50112.23

Note: �G: Binding free energy; �E: Binding energy.

interactions with the protein; hence, ligand and protein were
considered under the QM and MM region, respectively. The
results of hybrid QM/MM calculations along with respective
re-docking score and MM/GBSA binding free energy values for
the potential natural compounds with SARS-CoV-2 Mpro are
presented in Table 3. Among the considered three different
hybrid QM/MM approaches for binding energy calculations,
viz. B3LYP/6-31G(d,p), MP2/6-31G(d,p) and wb97xd/6-31g(d,p),
the maximum binding energy values were obtained for each
SARS-CoV-2 Mpro-natural compounds docked complex with
wb97xd/6-31g(d,p) basis set treatment (Table 3). These results
again suggested the significant contribution of dispersion
energy (Van der Waals interactions) as observed from MM/GBSA
calculations (Figure 8). Hence, QM/MM energy values advocate
the stability of selected natural compounds with SARS-
CoV-2 Mpro. However, reference ligand N3 inhibitor showed
positive binding energy values through all the three considered
quantum chemical methods, indicated the nonstable complex
formation. Also, QM/MM binding energy calculations suggested
that the density functional along with dispersion correction
wb97xd/6-31g(d,p) has slightly better convergence properties
compared to B3LYP and MP2 functionals (Table 3). Hence, it
can be concluded that the dispersion corrected functional
are suitable method to be used for the QM/MM binding
energy estimations. Moreover, QM/MM binding energy revealed
compounds with superior affinity with SARS-CoV-2 Mpro by
comparison to calculated docking energy, which can be arranged
in descending order, i.e. ZINC000043552589, ZINC000070691536,
ZINC000003947429 and ZINC000003594862, as potent inhibitor
of SARS-CoV-2 Mpro, supported by 100 ns MD simulation
(Figure 5).

Conclusion
With the advancement in SARS-CoV-2 infection and absence
of any potential anti-viral therapeutic against its treatment,
natural compounds are targeted as potential source for the anti-
viral drug development. In this study, a total of four selected
natural compounds, viz. ZINC000043552589, ZINC000003594862,
ZINC000003947429 and ZINC000070691536, were selected based
on highest docking score >-12 kcal/mol from the natural com-
pound database NP-lib against SARS-CoV-2 Mpro. The respec-
tive complexes were further evaluated in terms of intermolec-
ular interactions, complex stability and binding affinity against
SARS-CoV-2 Mpro-N3 inhibitor as reference complex using com-
putational methods. Based on collective analysis, selected four
natural compounds were concluded with strong molecular con-
tacts in the active pocket of SARS-CoV-2 Mpro. Hence, these com-
pounds can be considered for further evaluation as SARS-CoV-2

Mpro inhibitors using in vitro studies for the drug development
against SARS-CoV-2 infection.

Key Points
• A total of 653 natural compounds were screened with

SARS-CoV-2 Mpro, which showed energy between −10
and −4 kcal/mol.

• Top four natural compounds were identified as 2,3-
Dihydroamentoflavone, Podocarpusflavon-B, Rutin
and Quercimeritrin 6′′-O-L-arabinopyranoside with
>−12 kcal/mol re-docking energy.

• DFT calculations of selected natural compounds
showed larger HOMO–LUMO gap refers to higher
kinetic stability and lower chemical reactivity against
N3 inhibitor.

• Potential compounds established molecular contacts
with catalytic dyad (Cys145 and His41) and substrate
binding residues (Phe140, Leu141, Gly143, Ser144, His163,
Met165 and Glu166).

• MD simulation, MM/GBSA and QM/MM energy further
supports the inhibitory potential of selected natural
compounds against SARS-CoV-2 Mpro.
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Supplementary data are available online at Briefings in Bioin-
formatics.
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