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INTRODUCTION

In order to tackle the COVID-19 pandemic, researchers
across the world have ventured into designing and developing
therapeutics against the SARS-CoV-2 virus [1]. Earlier reported
zoonotic viral infections like SARS-CoV-1 (2003) and Middle
East respiratory syndrome i.e. MERS (2012), though highly
infectious and deadlier, these viruses were successfully confined
preventing a worldwide pandemic [2-4]. In comparison to this,
the recently emerged SARS-CoV-2 virus was extremely conta-
gious and the news of the identification of new SARS-CoV-2
strains and cases continues to be reported now and then. Recent
studies also suggest that the recently emerged SARS-CoV-2
strains have higher transmission rates as well as greater resistance
against available vaccines. For instance, the omicron variant
has been found to evade the antibody neutralization induced
by Pfizer BNT162b2 mRNA vaccination [5-7]. Hence, to treat
patients at the initial phase of infection and prevent the virus
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The achievement of efficient vaccine development for the SARS-CoV-2 virus marks a significant milestone, ultimately controlling the
COVID-19 pandemic. However, the studies to find small molecules with potential SARS-CoV-2 inhibitory properties remained significant
as there are not many treatment alternatives available. In this study, we studied biologically active phytocompounds present in regional
ethnomedicinal plants like Lindera neesiana, Litsea cubeba and Zanthoxylum armatum DC using various computational techniques such
as molecular docking, drug-likeness, ADMET study, MD simulation, etc. The SARS-CoV-2 spike protein’s RBD (PDB ID: 6m0j) has been
docked with 107 phytocompounds. Top 5 phytocompounds with the best docking scores were further screened for their drug-likeness and
ADMET properties. Following that, 100 ns MD simulations including PCA analysis were performed, providing additional evidence of
the stability of the studied protein-ligand complexes. Binding free energies were also evaluated using the MM-GBSA method, which
revealed spathulenol to exhibit the most favourable energy signifying its strong binding affinity and stability within the RBD of the spike
protein. This in-silico study identifies the specific phytocompounds present in L. neesiana, L. cubeba and Z. armatum DC as a potential
inhibitor of SARS-CoV-2 spike protein.
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from further spreading, we still need to find novel small comp-
ounds that are safe to employ as oral antivirals [8]. Thus, the
demand for drug compounds that are potent against SARS-
CoV-2 still remains critical.

The structural and non-structural protein targets of SARS-
CoV-2 that are crucial for the virus’s survival have been long
identified.1 SARS-CoV-2 has four structural proteins, namely,
(i) spike (S), (ii) enveloped (E), (iii) membrane (M), and (iv)
nucleocapsid (N) proteins [9]. Suppression of viral entry, asse-
mbly and replication have been the focus and among them, the
spike protein is a primary drug target since it is important for
host cell recognition and viral entry [8]. These spike proteins
initiate the viral infection by binding to the host cell receptor
angiotensin converting enzyme 2 (ACE2) [10-12]. The ACE2
receptor is present in lungs and the virus enters the lung cells
by endocytosis [9,13,14]. This signifies that the compounds
that can inhibit the interactions of S-protein/ACE2 would stop
viral entry and thus prevent the subsequent infection [12].
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The residues of SARS-CoV and SARS-CoV-2 spike proteins
involved in making interaction with ACE2 at the binding site
have undergone multiple mutations, which may in part explain
the enhanced binding strength of SARS-CoV-2 with ACE2
[15]. However, Walls et al. [16] suggested that the feasibility
of the viral membrane-fusion process is influenced by the
conformational flexibility of the receptor binding domain (RBD)
of SARS-CoV-2 S-protein and this would result in a stronger
impact on the increased infectivity of SARS-CoV-2. Never-
theless, halting the initial viral binding to the ACE2 receptor
still remains a valid mechanism for developing potential anti-
SARS-CoV-2 therapeutics.

Furthermore, several spatial-temporal analyses suggest
varied geographical conditions as one of the variables influe-
ncing the variations in the impacts of SARS-CoV-2 virus
globally [17,18]. Similar spatial and spatial-temporal analyses
also revealed that when about India, there were less infectivity
as well as mortality rates in the Northeastern region and a few
other states [19,20]. This could be due to different variables
like the less dense population in the region, varying weather
conditions or food habits and lifestyle patterns. Owing to its
varied landscape, diversified ecology and favourable climatic
conditions, the North-Eastern region has rich plant biodiversity
making it distinct from other parts of the subcontinent [21,22].
The tribal ethnic communities living in this region not only
consume these plants but also utilize them to treat different
diseases. They have vast ethnomedicinal knowledge, the majo-
rity of which is yet to be reported to the scientific world [23].

Lindera neesiana (family: Lauraceae) [24], Litsea cubeba
(family: Lauraceae) [25,26] and Zanthoxylum armatum DC
(family: Rutaceae) [27,28] are enriched with various phyto-
compounds such as terpenoids, phenols, fatty acids, etc. In
Northeast India, different parts of these plants are used for
culinary purposes and have valuable medicinal uses. In many
traditional medicines, Litsea cubea, locally known as mejankari
and may chang (in China), is used for stomach ache and indig-
estion, as an anti-asthmatic, pain reliever, cold reliever, etc. [29].
Moreover, recent reports mention its antibacterial, antifungal,
antioxidant, mosquito-repellent and anticancer effects [25,26].
Whereas, the fruits of Lindera neesiana, also known as Tejmui
or Siltimur are chewed to treat tooth pain, diarrhea, gastric
disorders and headaches [24]. While Zanthoxylum armatum
DC, commonly known as Jabrang, is used to treat cough, bron-
chitis, rheumatism, carminative, anthelmintic, etc. [28,30].
Therefore, owing to its diverse pharmacological properties,
we have studied the potential inhibitory properties of these
three plants against SARS-CoV-2 spike protein using the in
silico approach. To date, there is less report on the inhibition
of SARS-CoV-2 spike protein by the bioactive compounds
present in the chosen plants. We anticipate that the findings of
this study would be helpful for more indepth research in the
future and will also emphasize the geographical importance
of the region.

EXPERIMENTAL

Ligand dataset preparation: In this computational study,
a total of 107 phytocompounds from different parts of the L.

neesiana [24], L. cubeba [25,26] and Z. armatum DC [27,28]
plants were retrieved from reported literature and were used
as ligand datasets. The standard 3D structures of ligands were
obtained from PubChem database server (https://pubchem.
ncbi.nlm.nih.gov/) in SDF format [31]. For docking calcul-
ation, the ligands were further prepared by converting them
into PDBQT format using AutoDock Tools (ADT) [32].

Protein preparation: The three-dimensional coordinates
of the target spike protein were retrieved from the Research
Collaboratory for Structural Bioinformatics Protein Databank
(RCSB PDB), https://www.rcsb.org/, having PDB ID 6m0j
with a resolution of 2.45 Å [33,34]. The RBD domain of the
S-protein was prepared by removing the bound ACE2 protein
and all the water molecules from the protein structure. Further-
more, the target protein was processed by adding missing polar
hydrogen atoms, followed by Gasteiger charges. Finally, after
correcting all these aspects the structure file was converted to
PDBQT format in AutoDock Tools (ADT) [32].

Grid generation and docking protocol: To obtain the
best fit of the ligand molecules in the protein’s binding site,
molecular docking studies were performed using AutoDock4.2
software [35]. The grid box was generated by enclosing all the
interface amino acid residues of the receptor binding domain
(RBD) of the spike protein, important for binding to ACE2
receptor. The amino acid residues of the spike protein involved
in interaction with ACE2 are Lys 417, Gly446, Tyr449, Tyr453,
Leu455, Phe456, Ala475, Phe486, Asn487, Tyr489, Gln493,
Gly496, Gln498, Thr500, Asn501, Gly502 and Tyr505 [34].
Accordingly, the grid centre was set to X = -36.649, Y = 30.63
and Z = 3.89 and dimensions of the grid box was set to 50 ×
80 × 40 Å with grid spacing of 0.6 Å.

To obtain the best fitting conformation of the ligand com-
pounds within the receptor’s binding site, the ligands were kept
flexible while treating the receptor as a rigid entity throughout
the docking process. Using the auto grid tool, the grid maps
of interaction energies between protein and various atom types
present in the ligand were then pre-calculated [36]. Next, the
Lamarckian Genetic Algorithm was used to evaluate the confor-
mational states of the flexible ligand [37]. Following that dock-
ing calculations were carried out with default parameters [38].
The binding energy of the protein-ligand complex was calcul-
ated using the following equation which includes contributions
from ∆Gvdw (dispersion/repulsion), ∆Ghbond (hydrogen bonding),
∆Gelec (electrostatic interaction), ∆Gtor (torsional constraints) and
∆Gdesolv (desolvation effects) [39]:

∆G = ∆Gvdw + ∆Ghbond + ∆Gelec + ∆Gtor + ∆Gdesolv (1)

The binding strength of the protein-ligand complex was
predicted with the obtained binding energy values wherein
the lowest binding energy (most negative) represents the highest
binding affinity [39]. After docking, the molecular interactions
between the docked protein-ligand complexes were analyzed
by using the BIOVIA Discovery Studio visualizer [40].

Drug-likeness: Following docking results, drug-likeness
properties were analyzed for the selected phytocompounds
using the SwissADME server [41]. SwissADME server eval-
uates the physio-chemical properties of the compounds and
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utilizes Lipinski’s rule of 5 (RO5), Ghose’s rule, Veber’s rule,
Egan’s rule, etc. to predict their drug-likeness properties. As
per Lipinski’s RO5, a compound to exhibit drug-like character-
istics should follow molecular weight, MW ≤ 500, number of
hydrogen bond donors, HBD ≤ 5, number of hydrogen bond
acceptor, HBA ≤ 10 and lipophilicity of the compound, ClogPo/

w ≤ 5 or MLogPo/w ≤ 4.15 [42]. While Ghose rule states that an
orally active compound should have a molecular weight in
the range of 160-480 g/mol, WlogPo/w 0.4 to 5.6, total atomic
count within 20 to 70 and molar refractivity between 40 to
130 [43]. These rules were further refined by applying Veber’s
and Egan’s criteria, according to which a drug-like compound
should satisfy rotatable bonds ≤ 10 and polar surface area
(TPSA) ≤ 140 Å2 (as per Veber’s rule) [44] and –1.0 ≤ logPo/w

≤ 5.8, TPSA ≤ 130 Å2 (as per Egan’s rule) [45].
ADMET study: ADMET is another important analysis

of the drug discovery process which helps in examining the
pharmacokinetic behaviour of the compounds. ADMET study
was carried out for the selected compounds using the pkCSM
server which evaluated various parameters associated with
absorption (A), distribution (D), metabolism (M), excretion
(E) and toxicity (T) of the concerned compounds [46]. Initially,
we utilized the NCBI PubChem database to obtain the SMILES
of the selected compounds, which were then used as an input
file in the pkCSM server. Following that several parameters
such as gastrointestinal (GI) absorption, solubility, skin perme-
ability, blood–brain barrier (BBB) and central nervous system
(CNS) permeability, CYP450 activity, Renal OCT2 binding,
etc. were evaluated. In addition, oral rat acute toxicity and oral
rat chronic toxicity levels, AMES and hepatoxicity, skin sensi-
tization, hERG inhibition, etc. were analyzed to examine the
toxicity of the phytocompounds.

Molecular dynamics (MD): To get more indepth inform-
ation on the dynamics of the protein-ligand complex, a MD
simulation was carried out for 100 ns using the AMBER18
program for the top 5 complexes that showed the highest
binding affinity in docking calculations [47]. At first, quantum
mechanical calculations of the selected ligands were performed
at m06-2x/6-311G** level of theory in Gaussian09 software
[48]. For simulation, ligand atoms were defined using GAFF
force field, followed by preparation of set of ligand library
and parameter files in the antechamber module of AMBER18
[49]. Similarly, using the leap module of Amber18, ff14SB
force field was adopted for all the atoms in the receptor protein
and the systems were neutralized with Cl– ions [50]. The neutr-
alized systems were then submerged in a TIP3P solvation octa-
hedron box [51]. The energy minimization was carried out in
two stages to remove any strains in the system. In both stages,
each complex was optimized in 2500 steps of steepest descent
followed by another 2500 steps of conjugate gradient minimi-
zation [52]. During the first stage of minimization, all atoms
of the complex were weakly restrained to their initial coordinate
whereas the second step of minimization was carried out with-
out putting any restraints. The long-range electrostatic calcula-
tions were done using the Particle Mesh Ewald (PME) method
and the non-bonded cut-off was set to 10 Å [53,54]. After
minimization, the system was then heated gradually under

NVT conditions for 100 ps from 0 K to 300 K [55]. Following
that the systems were equilibrated under NPT conditions for
100 ps, maintaining a constant pressure of 1atm [56]. To cons-
train covalently bound hydrogen atoms, the SHAKE algorithm
was applied [57]. Langevin thermostat was applied to maintain
the temperature of the system at 300 K with a collision freq-
uency of 1 ps–1. Finally, the MD production run was carried
out for 100 ns for each of the protein-ligand complexes in
AMBER18 GPU implementation [58]. Analysis of MD trajec-
tories was executed using the CPPTRAJ module implemented
in AMBER 18 [59].

Principal component analysis (PCA) was performed to
investigate the dynamical behaviour and conformational
variations of the SARS-CoV-2 spike protein during the 100
ns simulation run. Several aspects of principal component anal-
ysis (PCA) such as eigenvectors, eigenvalues and their 2D
projections concerning the first two principal components (PC1
vs. PC2 plot) and porcupine plots were extracted using the
CPPTRAJ module of AMBER18. Free energy landscape (FEL),
another important parameter of PCA to assess the confor-
mational perturbations, was obtained by employing gmx sham
module of the GROMACS software package [60]. The PCA
results were plotted in XMgrace [61] and Origin (Origin Lab,
USA) software and other dynamical motions were visualized
in visual molecular dynamics (VMD) [62].

Binding free energy calculation: Following MD simul-
ation, free energies of binding were calculated to validate the
binding affinity of the studied phytocompounds towards the
receptor binding domain (RBD) of the spike protein. In general,
molecular mechanics generalized born surface area (MM-
GBSA) and molecular mechanics poisson-boltzmann surface
area (MM-PBSA) are two well-known methods to evaluate
the binding free energy of protein-ligand complexes [63]. Hence,
the MMPBSA.py module of AMBER18 was utilized to com-
pute the binding free energies of phytocompounds from their
MD simulation trajectories using the MM-GBSA method [64].
The binding free energy of the protein-ligand system is calcu-
lated following the equation:

∆Gbinding = ∆Gcomplex – ∆Greceptor – ∆Gligand (2)

here, the first term on the right-hand side represents the free
energy of the bound protein-ligand adduct and the free energies
of unbound protein and ligand are represented by the second
and third terms, respectively [65]. Each free energy term on
the right-hand side is estimated according to:

∆G = EMM + Gsolvation (3)

where, EMM takes contributions from several energy components
like internal energy, van der Waals energy and electrostatic
energy summed from molecular mechanics [66] i.e.

EMM = ∆Ginternal + ∆Evdw + ∆Eelectrostatic (4)

where Einternal depicts strain energy due to bond stretching, angle
bending and dihedral interactions. Whereas Evdw and Eelectrostatic

are the energies caused by non-bonded interactions depicted
by Lennard-Jones and Coulomb equations, respectively [67].

Again, the free energy of solvation (Gsolvation) is estimated
as the sum of polar and non-polar contributions towards solva-
tion energy [68].
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RESULTS AND DISCUSSION

Molecular docking: To identify the compounds with
potential viral entry inhibitory properties, the compounds
reported in the three chosen plants L. neesiana, L. cubeba and
Z. armatum were docked into the RBD of SARS-CoV-2 spike
protein (PDB ID: 6M0J). In total, 107 compounds are listed
based on binding affinity for the target protein (Table-1).
Molecular docking revealed numerous phytocompounds to
have appreciable binding affinity towards the active sites of

the RBD domain of spike protein. However, for convenience,
we shortlisted 10 docked protein-ligand complexes with the
best binding energies for analysis using BIOVIA Discovery
Studio. The phytochemical compounds showing the best
binding affinity were α-caryophyllene, cadinene, spathuenol,
germacrene A, allo-aromadendrene, exaltoin, camphor, copaene,
β-caryophyllene and borneol. α-Caryophyllene was obtained
as the best hit with a binding energy of -6.69 kcal/mol followed
by cadinene and spathulenol with a binding energy of -6.63
kcal/mol and -6.47 kcal/mol respectively, as shown in Table-1.

TABLE-1 
STUDIED PHYTOCOMPOUNDS AND THEIR PubChem ID, LIGAND SOURCE  

AND BINDING ENERGY AS OBTAINED FROM AutoDock4 

S. 
No. 

Ligand name 
PubChem 

ID 
Ligand source 

Binding 
energy 

(kcal/mol) 
1 α-Thujene  17868 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.80 
2 Caryophyllene oxide  1742210 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -6.16 
3 α-Pinene  6654 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -5.78 
4 α-Caryophyllene  23204 Litsea cubeba -6.69 
5 Camphene  6616 Lindera neesiana; Litsea cubeba  -5.94 
6 β-Caryophyllene  5281515 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -6.19 
7 β-Pinene  14896 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -5.87 
8 trans-Carveol  94221 Lindera neesiana; Zanthoxylum armatum DC  -5.14 
9 Myrcene  31253 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.42 
10 cis-Carveol  330573 Litsea cubeba -5.17 
11 α-Fellandrene  7460 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.98 
12 6-Methyl-5-hepten-2-one  9862 Lindera neesiana; Litsea cubeba  -3.90 
13 β-Phellandrene  11142 Litsea cubeba; Zanthoxylum armatum DC  -5.05 
14 trans-Linalool oxide  6432254 Lindera neesiana; Zanthoxylum armatum DC  -4.55 
15 cis-Ocimene  5320250 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.44 
16 trans-Ocimene  5281553 Lindera neesiana; Litsea cubeba  -4.53 
17 cis-Sabinene hydrate  62367 Lindera neesiana; Zanthoxylum armatum DC  -5.02 
18 Eucalyptol  2758 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -5.16 
19 Palmitic acid  985 Litsea cubeba; Zanthoxylum armatum DC  -3.82 
20 α-Terpinene  7462 Litsea cubeba; Zanthoxylum armatum DC  -4.86 
21 P-Cymene  7463 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.58 
22 γ-Terpinene  7461 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.45 
23 o-Cymene  10703 Litsea cubeba; Zanthoxylum armatum DC  -4.92 
24 Camphor  2537 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -6.28 
25 β-Cymene  10812 Zanthoxylum armatum DC  -5.03 
26 (S)-Citronellol  7793 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -3.97 
27 D-Limonene  440917 Litsea cubeba; Zanthoxylum armatum DC  -4.70 
28 (R)-Citronellol  101977 Litsea cubeba  -4.07 
29 Piperitone  6987 Litsea cubeba; Zanthoxylum armatum DC  -5.10 
30 E-Citral  638011 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.28 
31 β-Bisabolene  10104370 Lindera neesiana; Litsea cubeba  -5.78 
32 Z-Citral  643779 Lindera neesiana; Litsea cubeba  -4.23 
33 Citronellal  7794 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -3.97 
34 Linalool  6549 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.26 
35 Nerol  643820 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.46 
36 Geraniol  637566 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.36 
37 Terpinen-4-ol  11230 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.82 
38 β-Elemene  6918391 Lindera neesiana; Litsea cubeba  -5.95 
39 γ-Elemene  6432312 Litsea cubeba  -6.10 
40 α-Terpineol  17100 Lindera neesiana; Litsea cubeba; Zanthoxylum armatum DC  -4.97 
41 (Z)-β-Terpineol  8748 Litsea cubeba; Zanthoxylum armatum DC  -5.04 
42 Myristicin  4276 Lindera neesiana  -4.56 
43 Elemicin  10248 Lindera neesiana  -4.41 
44 Spathulenol  92231 Lindera neesiana  -6.47 
45 α-Campholenal  1252759 Lindera neesiana  -4.88 
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46 Verbenene  6427476 Lindera neesiana  -5.96 
47 2,6-Dimethyl-5-heptanal  61016 Lindera neesiana  -4.02 
48 Methyl eugenol  7127 Lindera neesiana  -4.33 
49 Myrtenal  61130 Lindera neesiana  -5.37 
50 Geranyl formate  5282109 Lindera neesiana  -4.19 
51 S-(–)-Verbenone  29025 Lindera neesiana  -5.82 
52 (E)-Limonene oxide  449290 Litsea cubeba  -4.91 
53 (Z)-Limonene oxide  6452061 Litsea cubeba  -4.93 
54 Isopulegol  170833 Litsea cubeba  -4.85 
55 Isopulegone  34645 Litsea cubeba  -4.76 
56 cis-Piperitol  85567 Litsea cubeba  -5.00 
57 Isogeraniol  5362876 Litsea cubeba  -4.35 
58 Geranic acid  5275520 Litsea cubeba  -3.99 
59 Copaene  19725 Litsea cubeba  -6.27 
60 Geranyl acetate  1549026 Litsea cubeba  -4.47 
61 β-Farnesene  5281517 Litsea cubeba  -5.10 
62 (+)-4-Carene  21674939 Litsea cubeba  -5.15 
63 3-Carene  26049 Litsea cubeba  -4.87 
64 Borneol  64685 Litsea cubeba  -6.11 
65 2-Methyl-6-hepten-1-ol  565262 Litsea cubeba  -3.66 
66 Germacrene A  9548705 Litsea cubeba  -6.43 
67 Cadinene  3032853 Litsea cubeba  -6.63 
68 Terpinolene  11463 Litsea cubeba  -4.80 
69 Humulene epoxide II  10704181 Litsea cubeba  -5.94 
70 Selina-6-en-4-ol 527220 Litsea cubeba  -6.08 
71 α-Cadinol  10398656 Litsea cubeba  -6.60 
72 Thujanol*  6432367 Litsea cubeba  -5.30 
73 Bornyl acetate*  6448 Litsea cubeba  -5.54 
74 Eugenol  3314 Litsea cubeba  -4.55 
75 Germacrene D  6436582 Litsea cubeba  -5.95 
76 Verbenol  61126 Litsea cubeba  -5.08 
77 n-trans-Nerolidol  5284507 Litsea cubeba  -5.21 
78 Ethyl myristate  31283 Litsea cubeba  -3.39 
79 2,3-Dehydro-1,8-cineole  523035 Litsea cubeba  -5.73 
80 Allo-Aromadendrene  42608158 Zanthoxylum armatum DC  -6.41 
81 (E)-Nerolidol  5284507 Zanthoxylum armatum DC  -4.95 
82 trans-Pipertiol  85568 Zanthoxylum armatum DC  -4.96 
83 Isofenchol  91749788 Zanthoxylum armatum DC  -5.73 
84 E-Methyl cinnamate  637520 Zanthoxylum armatum DC  -4.35 
85 Z-Methyl cinnamate  6428458 Zanthoxylum armatum DC  -5.01 
86 Cuminaldehyde  326 Zanthoxylum armatum DC  -4.55 
87 Methyl palmitate 8181 Zanthoxylum armatum DC  -3.65 
88 cis-9-Hexa-decenoic acid  445638 Zanthoxylum armatum DC  -3.18 
89 cis-10-Octadecenoic acid  5282759 Zanthoxylum armatum DC  -3.31 
90 Theaspirane  61953 Zanthoxylum armatum DC  -5.91 
91 Sabinene  18818 Zanthoxylum armatum DC  -5.08 
92 α-Asarone  636822 Zanthoxylum armatum DC  -4.75 
93 β-Asarone  5281758 Zanthoxylum armatum DC  -4.77 
94 Cuminol  325 Zanthoxylum armatum DC  -4.52 
95 Citronellic acid  10402 Zanthoxylum armatum DC  -3.80 
96 Artimisia alcohol  12308602 Zanthoxylum armatum DC  -4.78 
97 Exaltoin  543400 Zanthoxylum armatum DC  -6.29 
98 1-Methoxy-6,6-dimethyl-1-cyclohexene  580527 Zanthoxylum armatum DC  -4.64 
99 cis-p-Menth-2-en-1-ol  13918681 Zanthoxylum armatum DC  -5.15 

100 Menthoglycol Or PMD  19100 Zanthoxylum armatum DC  -4.90 
101 α-Thujone  12304613 Zanthoxylum armatum DC  -5.51 
102 α-Fenchol  439711 Zanthoxylum armatum DC  -5.81 
103 Carvone  7439 Zanthoxylum armatum DC  -5.12 
104 Tagetonol  522417 Zanthoxylum armatum DC  -3.95 
105 Phellandral  89488 Zanthoxylum armatum DC  -4.93 
106 2-Tridecanone  11622 Zanthoxylum armatum DC  -3.59 
107 Undecan-2-one  8163 Zanthoxylum armatum DC  -3.80 
Highlighted portion are the 10 best compounds that showed the highest binding affinity towards SARS-CoV-2 spike protein along with their 
binding energy, 2D structure, and ligand source 
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Molecular interactions of α-caryophyllene with the RBD
of spike protein consisted of pi-sigma interactions with Phe497
and pi-alkyl interaction with Tyr449, Tyr453 and Tyr495
residues. Besides, it also makes van der Waals interaction with
Ser494, Gly496, Arg403, Tyr505 and Asn501 (Fig. 1).

Cadinene made alkyl interaction with Arg403 and pi-alkyl
contacts with Tyr449, Tyr495 and Tyr505 residues. Apart from
these, Ser494, Gly496, Phe497, Tyr453 and Asn501 residues
make van der Waals interactions with cadinene. Spathulenol
is bound to the RBD of the spike protein by making direct
hydrogen bonding with residues Ser494 and Gly496. More-
over, it also makes other hydrophobic interactions such as pi-
alkyl with Phe497, Tyr495 and Tyr505 and alkyl with Arg403

residue. While residues Tyr453, Gln498 and Asn501 are invol-
ved in making non-bonded van der Waals interactions. The
interactions of all the studied phytocompounds with the RBD
of spike protein summarized with the number of interactions
are provided in Table-2.

Germacrene A showed pi-alkyl interaction with Tyr449
and Tyr505 and other surrounding residues like Ser494, Tyr495,
Gly496, Phe497, Arg403, Tyr453 and Asn501 participate in
van der Waals interaction. In the case of allo-aromadenderene
bound complex, the molecular interaction consisted of alkyl
contacts with residue Arg403 and pi-alkyl interactions with
residues Tyr453, Phe497, Tyr495 and Tyr505. Residues Ser494
Gly496 and Asn501 were involved in van der Waals interaction.

Fig. 1. α-Caryophyllene-spike protein complex and 2D image of their interaction

TABLE-2 
INTERACTING RESIDUES OF SARS-CoV-2 SPIKE PROTEIN WITH THE  

PHYTOCOMPOUNDS SUMMARIZED WITH NUMBER OF INTERACTIONS 

Ligand H-bonding Hydrophobic interaction  
(pi-sigma, pi-alkyl, alkyl, C-H bond) 

van der Waals interactions 

α-Caryophyllene – Tyr449(1), Tyr453(1), Tyr495(2), Phe497(1)  Ser494, Gly496, Arg403, Tyr505, Asn501  
Cadinene  – Arg403(1), Tyr449 (1), Tyr495(1), Tyr505(3)  Ser494, Gly496, Phe497, Tyr453, Asn501  
Spathulenol  Ser494, Gly496 Arg403(1), Tyr495(2), Phe497(1), Tyr505(1)  Tyr453, Gln498, Asn501  
Germacrene A – Tyr449 (1), Tyr505(2)  Ser494, Tyr495, Gly496, Phe497, Arg403, 

Tyr453, Asn501  
Allo-Aromadendrene  – Arg403(1), Tyr453(2), Tyr495(2), Phe497(1), Tyr505(1)  Ser494 Gly496, Asn501  
Exaltoin  Gln493 – Tyr449, Ser494, Tyr495, Gly496, Phe497, 

Gln498, Arg403, Tyr453, Asn501, Tyr505  
Camphor  – Tyr453(1), Arg457(1), Lys458(1), Pro491(1)  Phe456, Ile472, Gln474, Glu471, Ser469, 

Asp467, Arg454  
Copaene  – Tyr453(1), Tyr495(1), Tyr505(2)  Ser494, Gly496, Phe497, Gln498, Arg403, 

Tyr449, Asn501  
β-Caryophyllene  – Arg403(2), Tyr453(1), Tyr495(3), Phe497(2), Tyr505(1)  Ser494, Gly496, Tyr449, Asn501  
Borneol Glu471 Arg457(2), Lys458(1), Tyr473(2), Pro491(2)  Gln474, Asp467, Ile472, Ser469, Arg454, 

Phe456  
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Exaltoin interacted by making direct hydrogen bonding with
Gln493 and non-bonded van der Waals interaction with Tyr449,
Ser494, Tyr495, Gly496, Phe497, Gln498, Arg403, Tyr453,
Asn501 and Tyr505 residues.

Camphor showed alkyl interaction with Lys458, Arg457
and Pro491 and pi-alkyl interaction with Tyr473. Other than
these, it also showed van der Waals interaction with the surro-
unded residues such as Phe456, Ile472, Gln474, Glu471, Ser469,
Asp467 and arg454. Copaene interacted by making pi-alkyl
linkages with Tyr495, Tyr453 and Tyr505 residues. Furthermore,
many surrounding residues Ser494, Gly496, Phe497, Gln498,
Arg403, Tyr449 and Asn501 are involved in forming non-bonded
van der Waals interaction. In case of β-caryophyllene bound
complex, molecular interactions consist of alkyl interaction
with residue Arg403 and pi-alkyl interaction with Tyr495,
Phe497, Tyr453 and Tyr505 residues. While Ser494, Gly496,
Tyr449 and Asn501 are involved in making non-bonded van
der Waals contacts. Lastly, the caryophyllene oxide compound
is bound to the RBD of spike protein by forming a C-H bond
with residue Arg403 and pi-alkyl bonding with Tyr449 and
Tyr505 residues. In addition to these, Tyr453, Ser494, Tyr495,
Gly496, Phe497 and Asn501 residues were involved in making
van der Waals interactions. Fig. 2 displays the 2D structures
of interaction between all these phytochemical compounds
and the RBD of the spike protein.

Till now, many studies have been reported regarding the
structure of the SARS-CoV-2 spike protein in complex with
the human ACE2 receptor. According to X-ray crystallography
techniques, the contact residues of the RBD of the spike protein
interacting with ACE2 are Lys 417, Gly446, Tyr449, Tyr453,
Leu455, Phe456, Ala475, Phe486, Asn487, Tyr489, Gln493,
Gly496, Gln498, Thr500, Asn501, Gly502 and Tyr505.74 After
detailed analysis of the molecular interaction of the best binding
phytochemical compounds from the chosen plants L. neesiana,
L. cubeba and Z. armatum, we observed that most of the inter-
actions are within the experimentally reported active site amino
acid residues.

Drug likeness properties: After docking, the best 5 phyto-
compounds showing a higher binding affinity for RBD of

SARS-CoV-2 spike protein were shortlisted to examine their
drug-likeness properties. Drug-likeness is a concept in drug
designing used for the pre-assessment of the physio-chemical
properties of the studied compounds; as certain physio-chemical
properties largely influence the oral availability of a bioactive
compound. Here, Lipinski’s rule of 5 (RO5) also known as
Pfizer’s rules, Ghose, Veber as well as Egan’s rules were applied
to evaluate the drug-likeness properties of the shortlisted
ligands. However, it is not mandatory that a compound should
obey all the rules to be a viable drug compound. As oral bio-
availability of a drug compound does not affect the  pharmaco-
logical potencies of drug [69]. Table-3 enlists the drug-likeness
properties of the studied phytocompounds. Spathulenol was
found to obey all the criteria of Lipinski’s rule of 5 (RO5),
implying that it has a molecular weight below 500 mg/mol,
lipophilicity ClogPo/w less than 5 or MLogPo/w less than 4.15,
number of H-bond donor and H-bond acceptor less than 5
and 10, respectively [42]. On the contrary, α-caryophyllene,
cadinene, germacrene A and allo-aromadendrene violated one
of Lipinski’s rules as they exhibit MLogPo/w ≤ 4.15. However,
their consensus logPo/w value was within the desired limits
(ClogPo/w ≤ 5). Moreover, none of the studied compounds
showed a violation of Ghose and Veber’s rules of drug-likeness.
Thus, they satisfy the ideal range of molecular weight (160-
480 g/mol), WlogPo/w (0.4 to 5.6), molar refractivity (40 to 130)
and total atomic count (20 to 70), as per Ghose’s rule [43] and
rotatable bonds (≤ 10), polar surface area (TPSA) (≤ 140 Å2)
as per Veber’s rule [44]. They also meet the criteria of Egan’s
rule, which means they exhibit logPo/w within -1.0 to 5.8 and
TPSA less than or equal to 130 Å2 [45].

ADMET study: To understand the biological activity and
pharmacokinetic behaviour of the compounds, ADMET prop-
erty analysis is crucial in the process of drug discovery. Various
absorption parameters like water solubility, Caco2 permea-
bility, GI absorption etc. were evaluated for the five shortlisted
compounds (Table-4). Their evaluated logS values were in the
range of -6.188 to -3.866, signifying moderate to high solubility.
All of the 5 compounds exhibit high Caco2 permeability (>
0.90), indicating their high oral absorption. A high gastro-

TABLE-3 
PHYSICO-CHEMICAL PROPERTIES AND DRUG-LIKENESS OF THE FIVE  

STUDIED PHYTOCOMPOUNDS AS OBTAINED IN THE SwissADME SERVER 

Compound name Physicochemical properties  
and drug-likeness α-Carphyllene Cadinene Spathulenol Germacrene A Allo-aromadendrene 

Molecular weight (g/mol)  204.35 206.37 220.35 204.35 204.35 
Number of heavy atoms  15 15 16 15 15 
Number of rotatable bonds  0 1 0 1 0 
Number of H-bond acceptor  0 0 1 0 0 
Number of H-bond donor  0 0 1 0 0 
Molar refractivity  70.42 69.52 68.34 70.68 67.14 
TPSA (Å2)  0.00 0.00 20.23 0.00 0.00 
MLogPo/w 4.53 5.56 3.67 4.53 5.65 
Concensus logPo/w  4.26 4.50 3.26 4.56 4.34 
Lipinski; violation  Yes; 1 Yes; 1 Yes; 0 Yes; 1 Yes; 1 
Ghose; violation  Yes; 0 Yes; 0 Yes; 0 Yes; 0 Yes; 0 
Veber; violation  Yes; 0 Yes; 0 Yes; 0 Yes; 0 Yes; 0 
Egan; violation  Yes; 0 Yes; 0 Yes; 0 Yes; 0 Yes; 0 
Bioavailability score  0.55 0.55 0.55 0.55 0.55 
 

Vol. 37, No. 7 (2025) Targeting SARS-CoV-2 Spike Protein with Regional Ethnomedicinal Plant-derived Phytocompounds  1767



Fig. 2. 2D interaction mode between the highest binding compounds and RBD of SARS-CoV-2 spike protein
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intestinal (GI) absorption is indicated by GI absorption ≥ 30%
and all of the studied compounds showed GI absorption value
above 90% [70]. However, they possess low skin permeability
as indicated by their logKp value (logKp > -2.5 indicates low
skin permeability). Except for α-caryophyllene, none of them
were substrates of P-gp (P-glycoprotein), which plays a major
role in releasing toxins out of the cells [70].

When the distribution is concerned, they have log BB
(blood-brain barrier) values above the ideal range (log BB >
0.3), which means that all of the compounds could cross the
BBB. Compounds with log PS value greater than -2 are consi-
dered to have high CNS (central nervous system) permeability
[70]. Except for cadinene and allo-aromadendrene, the remain-
ing three phytocompounds have log PS values below -2. Thus,
they are not able to readily penetrate the central nervous system.

Metabolic properties of drug compounds can be largely
linked to their cytochrome P450 activity. Several pharmaco-
logical molecules are inactivated by cytochrome P450, whilst
others are activated by it [71]. Thus, many unfavourable drug-
drug interactions that could lead to drug toxicities and therap-
eutic failures could be prevented by recognizing whether the
concerned drugs are CYP substrates or inhibitors [72]. It was
observed that none of the phytocompounds were substrates of
CYP2D6 enzyme. Whereas except for α-caryophyllene and
germacrene A, the remaining three phytocompounds were
CYP3A4 substrates. Also, as per metabolism data, all of the
compounds were found to be non-inhibitors of CYP1A2,
CYP2C9, CYP2D6, CYP3A4 and CYP2C19 enzymes, except
for spathulenol which is a CYP2C19 inhibitor.

Excretion is a measure of drug clearance, which occurs
mainly as a combination of renal clearance (excretion via
kidneys) and hepatic clearance (metabolism in liver and biliary
clearance). The evaluated total clearance values for the studied
compounds were obtained in the range of 0.895 to 1.443, as
given in Table-4. Moreover, none of the phytocompounds were
substrates of renal OCT2 (organic cationic transporter 2), which
plays a major role in the deposition and renal clearance of drugs.
Renal OCT2 substrates are also likely to show unfavourable
interactions when co-administered with OCT2 inhibitors.

When the toxicity factor is concerned, none of the studied
phytocompounds exhibited hepatoxicity and AMES toxicity.
They also did not show toxicity to the skin except for α-caryo-
phyllene, cadinene and allo-aromadendrene, which could induce
skin sensitization. Inhibition of hERG, which encodes potassium
ion channels could lead to the development of cardiotoxicity
[73]. All of the phytocompounds did not show inhibition of
hERG I and hERG II, signifying no associated cardiotoxicity.
In addition, the evaluated values of LD50, LOAEL and maxi-
mum tolerated dose as predicted by the pkCSM server are also
shown in Table-4. Therefore, from the analysis of drug-likeness
and ADMET properties of the five shortlisted phytocompounds,
it can be summarized that they exhibit admirable physio-chemical
and pharmacokinetic properties.

Molecular dynamics simulation: Following molecular
docking study, the apo-form of SARS-CoV-2 spike protein
and the best five protein-ligand complexes viz. spike-α-caryo-
phyllene, spike-cadinene, spike-spathulenol, spike-germacrene
A and spike-allo-aromadendrene were subjected to molecular

TABLE-4 
ADME PROPERTIES AND TOXICITY PARAMETERS OF THE STUDIED 

PHYTOCOMPOUNDS AS EVALUATED BY pkCSM WEB SERVER 

Property Model name α-
Carphyllene 

Cadinene Spathulenol Germacrene 
A 

Allo-
aromadendrene 

Water solubility (log mol/L)  -5.191 -6.188 -3.866 -5.412 -5.764 
Caco2 permeability (log Papp in 10–6 cm/s)  1.421 1.421 1.388 1.424 1.395 
Intestinal absorption (human) (% Absorbed)  94.682 96.179 93.235 94.928 95.302 
Skin permeability (log Kp)  -1.739 -1.552 -2.141 -1.587 -1.828 

Absorption 

P-Glycoprotein substrate  Yes No No No No 
BBB permeability (log BB)  0.663 0.806 0.6 0.695 0.822 

Distribution 
CNS permeability (log PS)  -2.555 -1.631 -2.447 -2.445 -1.769 
CYP2D6 substrate  No No No No No 
CYP3A4 substrate No Yes Yes No Yes 
CYP1A2 inhibitor No No No No No 
CYP2C19 inhibitor No No Yes No No 
CYP2C9 inhibitor No No No No No 
CYP2D6 inhibitor No No No No No 

Metabolism 

CYP3A4 inhibitor No No No No No 
Total clearance (log ml/min/kg)  1.282 1.099 0.895 1.443 0.926 

Excretion 
Renal OCT2 substrate  No No No No No 
AMES toxicity  No No No No No 
Max. tolerated dose (human) (log mg/kg/day)  0.551 -0.028 0.077 0.535 -0.146 
hERG I inhibitor  No No No No No 
hERG II inhibitor  No No No No No 
Oral rat acute toxicity (LD50) (mol/kg)  1.766 1.492 1.687 1.759 1.526 
Oral rat chronic toxicity (LOAEL)  
(log mg/kg bw/day) 

1.336 1.456 1.39 1.347 1.332 

Hepatotoxicity  No No No No No 

Toxicity 

Skin sensitization  Yes Yes No No Yes 
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dynamics (MD) simulation for 100 ns time scale. MD simulation
study was performed to get deeper insights into the conseq-
uences of ligand binding on the dynamical properties like over-
all stability (RMSD), conformational fluctuations (RMSF) and
compactness (Rg) of the protein-ligand complexes.

RMSD: RMSD analysis is performed to determine the
structural stability of the protein backbone in the presence of
ligands with respect to initial protein backbone conformation.
During the course of the simulation, it computes the confor-
mational perturbations, which occur in the protein backbone.
Smaller deviation values suggest that the protein backbone
exhibited steady behaviour, whereas larger RMSD value indi-
cates the instability of the protein-ligand system. The RMSD
plot obtained from the simulation trajectories for the Apo-spike
protein and its complexes with α-caryophyllene, cadinene,
spathulenol, germacrene A and allo-aromadendrene is shown
in Fig. 3. The calculated average RMSD values of Apo-spike
protein and the complexes of spike protein with all the selected
5 ligands fall within 2.06-2.65 Å (Table-5). This suggests that
the spike protein did not undergo major deviation after the
ligand inclusion and the behaviour of the spike protein back-
bone was quite similar to that of the Apo protein. The least
deviation was observed in the case of cadinene docked complex
with an average RMSD value of 2.13 Å and the generated RMSD
profile was observed to overlap with Apo-spike protein in most
of the time frames of the 100 ns simulation period. The comp-
lexes of α-caryophyllene and germacrene A also did not show
any prominent deviation and both of them got equilibrated
after around 70 ns with an average RMSD value of 2.15 Å.

Fig. 3. RMSD plot of Apo form of SARS-CoV-2 spike protein and spike
protein-ligand complexes for the 100 ns simulation time

In contrast, the allo-aromadendrene docked complex showed
continual structural changes throughout the simulation time-
scale. The spike-spathulenol complex was observed with consi-
derably higher deviations as compared to others with an average
RMSD value of 2.65 Å. It showed an unusual rise in RMSD at
the beginning up to 10 ns, however, after 10 ns it exhibited
steady RMSD for the rest of the simulation period.

RMSD calculations were also carried out for the studied
five phytocompounds and the obtained RMSD plot is shown
in Fig. 4. The phytocompounds e.g. cadinene, spathulenol,
germacrene A and allo-aromadendrene exhibited stable confor-
mation and did not undergo any significant change in its orien-
tation during the entire 100 ns simulation period. The calculated
average RMSD values for cadinene, spathulenol, germacrene
A and allo-aromadendrene were 0.69 Å, 0.20 Å, 0.26 Å, 0.69 Å
and 0.29 Å, respectively. α-Caryophyllene was found to change
its orientation at 10 ns and 65 ns, however, it got equilibrated
after 70 ns, with an average RMSD value of 0.65 Å. None-
theless, similar to other studied ligands like spathulenol, α-
caryophyllene also remained positioned within the RBD of
the SARS-CoV-2 spike protein.

Fig. 4. RMSD plot of ligands relative to their initial structure for the 100
ns simulation time

Root mean square fluctuations (RMSF): Root mean
square fluctuation (RMSF) computes amino acid residue-wise
mobility of the protein backbone. A significant degree of
mobility and instability in the protein receptor is indicated by
the high fluctuations of amino acid residues. On the other hand,
stable and rigid protein receptors are defined by low RMSF of
amino acid residues. Fig. 5 shows the generated RMSF plot of
all the studied protein-ligand complexes as well as of the Apo-

TABLE-5 
CALCULATED VALUES OF AVERAGE RMSD, RADIUS OF GYRATION (Rg) AND SASA VALUES  

OF APO FORM OF SARS-CoV-2 SPIKE PROTEIN AND SPIKE PROTEIN-LIGAND COMPLEXES 

System RMSD (Å) (complex) RMSD (Å) (ligand) Radius of gyration (Å) SASA (nm2) 
Apo-Mpro  2.06 – 18.39 98.43 
Mpro - α-Caryophyllene  2.15 0.65 18.37 100.30 
Mpro - Cadinene  2.13 0.20 18.32 98.52 
Mpro - Spathulenol  2.65 0.26 18.33 100.82 
Mpro - Germacrene A  2.15 0.69 18.35 100.02 
Mpro - Allo-aromadendrene  2.20 0.29 18.36 99.55 
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Fig. 5. RMSF plot of Apo form of SARS-CoV-2 spike protein and spike protein-ligand complexes for the 100 ns simulation time

form of the SARS-CoV-2 spike protein. As evident from the
RMSF plot, spike-allo-aromadendrene displayed the lowest
fluctuations of the involved amino acid residues. Similarly,
the spike-spathulenol complex also maintained residue-wise
fluctuations lower than the Apo-spike protein during the entire
100 ns simulation period. In case of both complexes, low
fluctuations were observed in aa residues involved in the
interaction of RBD with the ACE2 receptor. This signifies the
stable and favourable incorporation of spathulenol and allo-
aromadendrene ligands into the spike protein. The RMSF
pattern of α-caryophyllene bound spike protein and Apo-spike
protein were also found to be analogous, maintaining lower
fluctuations in most of the residues of the receptor binding
domain. The RMSF plot of spike-germacrene A complex was
also more or less similar showing slightly more fluctuations
in RBD region. On the contrary, the binding of cadinene to the
RBD of spike protein had significantly elevated the fluctuations
of all amino acid residues involved in comparison to Apo-
spike protein, indicating unfavourable interaction of cadinene
with the spike protein.

Radius of gyration (Rg): Furthermore, we have also eval-
uated the radius of gyration (Rg) value, which describes the
compactness and folding of the receptor-ligand complexes

during the molecular dynamic simulation period. While an
unfolded or unstable form exhibits a higher Rg value, a compact
form of the receptor is indicated by less variation in the gyration
value. The Rg plot depicting the variation in Rg values over
the 100 ns simulation period for the Apo-form of spike protein
and its complexes with selected ligands is shown in Fig. 6. The
average Rg values of Apo-spike protein, spike-α-caryophyllene,
spike-cadinene, spike-spathulenol, spike-germacrene A and
spike-allo-aromadendrene were obtained as 18.39, 18.37, 18.32,
18.33, 18.35 and 18.36 Å respectively. Rg plot of the spike-
spathulenol complex was seemingly overlapping with that of
the Apo-spike protein in most of the time frames of the 100 ns
simulation period. Noticeably, Rg plots of spike protein comp-
lexes with the remaining four ligands viz. α-caryophyllene,
cadinene, germacrene A and allo-aromadendrene also resem-
bled those of Apo-spike protein, with substantially decreased
Rg in the second half of simulation time scale. These findings
suggest that the selected phytocompounds interact favourably,
forming stable and rigid complexes with the RBD  of the SARS-
CoV-2 spike protein.

Solvent accessible surface area (SASA): SASA analysis
is performed to evaluate the biomolecular surface area that is
available to the surrounding molecules. SASA analysis helps
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Fig. 6. Radius of gyration (Rg) plot of Apo form of SARS-CoV-2 spike
protein and spike protein-ligand complexes for the 100 ns simulation
time

understand the extent of protein volume expansion upon ligand
inclusion. As seen in Fig. 7, SASA profiles of Apo-spike protein
and all the studied spike-ligand complexes were more or less
similar throughout the simulation. The evaluated average SASA
values of Apo-spike protein, spike-α-caryophyllene, spike-
cadinene, spike-spathulenol, spike-germacrene A and spike-
allo-aromadendrene complexes were found to be 98.43,
100.30, 98.52, 100.82, 100.02 and 99.55 nm2, respectively
(Table-5). Thus, all the studied complexes showed seemingly
little expansion in association with the ligand as compared to
the Apo-spike protein. Thereby indicating a slight increase in
the surface area accessible to solvent molecules. Nevertheless,
their SASA profiles, particularly of spike-α-caryophyllene and

Fig. 7. Solvent accessible surface area (SASA) plot of Apo form of SARS-
CoV-2 spike protein and spike protein-ligand complexes for the
100 ns simulation time

spike-spathulenol complexes were quite steady without any
unusual change in SASA pattern. Thus, it can be summarized
that these spike protein complexes on binding with phytocomp-
ounds have maintained decent stability in the solvated environ-
ment.

Hydrogen bond analysis: While analysing the stability
of receptor-ligand complexes, it is important to consider the
H-bond interactions, as these are one of the key transient inter-
actions between the receptor and the ligand [70]. For all the 5
spike-ligand complexes, H-bonds distances were evaluated for
100 ns simulations to obtain the important H-bonds interactions
with a decent percentage of occupancies. However, among
the studied phytocompounds only spathulenol formed H-bonds
with the spike protein residues. In case of the other four phyto-
compounds, i.e. α-caryophyllene, cadinene, germacrene A and
allo-aromadendrene, no H-bonding interactions were observed
between the ligands and the spike protein with appreciable
occupancy. This may be attributed to the fact that these ligands
do not contain any heteroatoms through which the ligands can
form hydrogen bonds with amino acid residues of the spike
protein. For spathulenol, H-bond interactions having a percen-
tage of occupancy greater than 2% and the corresponding
donor-acceptor bond distance are listed in Table-6. The highest
H-bond occupancy was observed between Phe490 aa residue
of spike protein as acceptor and oxygen (O1) atom of spathulenol
as donor, displaying 13.92% occupancy. Phe490 residue also
formed H-bond via N-atom as H-donor and oxygen (O1) atom
of spathulenol as the H-acceptor atom, having 4.44% occupancy.
In addition, oxygen (O1) atom of spathulenol also interacted
with Thr495 and Ser494 residues, though the percentage of
occupancy was extremely low (2.34% and 2.23% only). Thus,
in terms of H-bond interactions, spathulenol is the most favour-
able phytocompound amongst the 5 studied ligands.

Principal component analysis (PCA): Since the spike-
spathulenol system had favourable results in most of the anal-
yzed parameters, therefore, to study the large-scale movements
in the protein backbone, principal component analysis (PCA)
was conducted for the Cα atom of spathulenol-bound spike
protein and Apo-spike protein. For the studied systems, Fig. 8
shows the plot of the top 20 eigenvalues against their corres-
ponding eigenvectors, as obtained from the diagonalization
of the covariance matrix representing the atomic perturbations
during 100 ns MD simulation. Fig. 8 shows that the major
coordinated motions in the Cα atom of the protein backbone
are predominantly represented by the first few eigenvalues.
For Apo-protein and spike-spathulenol systems, the first five
eigenvectors contribute 63.77% and 51.75% of the total move-
ments, respectively over the 100 ns simulation period. In
addition, since the first two principal components represented
an extensive amount of motion variables in the trajectory, a

TABLE-6 
HYDROGEN BOND OCCUPANCY OF THE LIGAND DURING 100 ns MD SIMULATION 

Phytocompound Donor Acceptor Occupancy (%) Average distance (Å) 
LN3_195@O1 PHE_490@O 13.92 2.78 
PHE_490@N LN3_195@O1 4.44 2.89 
LN3_195@O1 TYR_495@O 2.34 2.75 

Spathulenol 

SER_494@N LN3_195@O1 2.23 2.89 
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Fig. 8. 2D plot of eigenvalues vs. eigenvector indices obtained from the
covariance matrix of Cα atomic motions of the studied protein-
ligand systems for the 100 ns simulation time

2D projection of PC1 vs. PC2 was plotted (Fig. 9). In the PC1
vs. PC2 plot, less occupied space along the axes is interpreted
to depict more stable motions than the dispersed ones. As per
Fig. 9, in comparison to Apo-spike protein, spathulenol-bound
spike protein is seen to project less conformational space along
the PC1 axis, reflecting more restricted and compact Cα atomic
motions in the protein backbone. These observations were also
found to be aligned with RMSF findings.

Thereafter, Gibb’s free energy landscape (FEL) was
constructed using the PC1 and PC2 trajectory projections that
depict the probability distribution of energy basins as variables
(Fig. 10). Broadly, the appearance of low-energy basins in both
the studied systems seems to be similar. However, in the Apo-
spike protein, the presence of high-energy regions (red) separates
the arrangement of low-energy basins (blue), making it appear
to be dispersed. In contrast, the low-energy basins in spathulenol-
bound spike protein were found to be clustered together, cover-
ing a larger surface area. Following that, for qualitative represen-
tation of Cα atomic motions of the protein backbone concer-
ning the first eigenvector, porcupine plots were generated for

Fig. 9. 2D projection of eigenvector 1 vs. projection on eigenvector 2 (PC1
vs. PC2) of the studied protein-ligand systems for the 100 ns
simulation time

the studied systems (Fig. 11). Porcupine plot interpretation
can be done by comparing the length and direction of the arrows,
which indicate the motion’s magnitude and direction, respec-
tively. The regions of the RBD (referred to as receptor binding
motif or RBM) that directly interact with the ACE2 receptor
on host cells are observed to be influenced noticeably by the
incorporation of spathulenol to spike protein as compared to
Apo-spike protein. The RBM region of the spike-spathulenol
system was found to be substantially stable with decreased
motion as demonstrated by the shorter magnitude of arrows
compared to the long prominent arrows in the case of RBM of
apo-spike protein (Fig. 11). Although enhanced motions were
observed in the flexible terminal ends of the spike-spathulenol
system, the central part of the RBD (core region) showed analo-
gous motion behaviour preserving overall structure and stability.

MM-GBSA analysis: Calculations of MM-GBSA binding
free energy were performed to validate the binding affinity
and estimate the free energies of binding for five protein-ligand
complexes. MM-GBSA calculation was carried out using the
entire 50000 frames spanning over 100 ns of MD simulation

(a) (b)

Fig. 10. Gibbs free energy landscape (FEL) generated using the PC1 and PC2 trajectory projections for (a) apo-spike protein and (b) spike-
spathulenol system
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Fig. 11. Porcupine plots for the Cα atomic motions of protein backbone generated using PC1 for the studied systems

run. The free energies of binding for spike-α-caryophyllene,
spike-cadinene, spike-spathulenol, spike-germacrene and spike-
allo-aromadendrene were estimated to be -5.47, -8.78, -17.30,
-2.42 and -10.45 kcal/mol, respectively (Table-7). These negative
binding energy values indicate stable phytocompound binding
to the RBD of the spike protein. Although, except for spathu-
lenol, their binding affinity appears to be rather weak as evident
in their small negative binding free energy values. Van der Waals
interactions are the main factor favouring the obtained binding
free energies of protein-ligand complexes, whereas electro-
static contributions were comparatively less. The most negative
binding free energy in the spike-spathulenol complex could
be correlated to the presence of hydrogen bonding interaction
between spathulenol and spike protein residues. The 2D images
of hydrogen bonding interaction between spathulenol and spike
protein residues at various time intervals of 100 ns MD simul-
ation run are given in Fig. 12. The combined contribution of

more negative van der Waals energy and electrostatic energy
in comparison to other protein-ligand complexes is also resp-
onsible for this observation. The different energy contributions
towards MM-GBSA free energy of binding are represented in
Fig. 13. This highly negative binding free energy of the spike-
spathulenol system is also reflected in low conformational fluc-
tuations of the receptor residues. Thus, based on docking, MD
simulation and MM-GBSA calculation, it can be summarized
that spathulenol is the most promising phytocompound to exhibit
SARS-CoV-2 spike protein inhibitory property.

Conclusion

In this comprehensive study, three regional ethnomedi-
cinal medicinal plants Lindera neesiana, Litsea cubeba and
Zanthoxylum armatum were studied for their inhibitory prop-
erties towards key druggable SARS-CoV-2 target spike protein.
The study employed various computational approaches like

TABLE-7 
CALCULATED MM-GBSA FREE ENERGY OF BINDING OF SARS-CoV-2 SPIKE  

PROTEIN-LIGAND COMPLEXES OVER 100 ns MD SIMULATIONS 

Calculated MM-GBSA value (kcal/mol) 
Compound 

∆Evdw ∆Eele ∆EGB ∆Esurf ∆Ggas ∆Gsolv ∆Gbinding 

α-Caryophyllene -6.56 -0.27 4.58 -1.17 -8.88 3.40 -5.47 
Cadinene -10.66 -0.16 5.61 -1.71 -12.67 3.89 -8.78 
Spathulenol -14.23 -5.55 10.60 -2.13 -25.77 8.47 -17.30 
Germacrene A -3.84 -0.43 4.03 -0.83 -5.62 3.19 -2.42 
Allo-aromadendrene -13.21 -0.88 6.74 -1.94 -15.25 4.80 -10.45 
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Fig. 12. H-bond interactions (both conventional H-bond and carbon-hydrogen bond) between SARS-CoV-2 spike protein and spathulenol
compound at different time intervals of 100 ns MD simulation. The residues are shown in ball and stick representation while the
ligand is shown in stick representation

Fig. 13. MM-GBSA free energy of binding (∆Gbinding) of best five spike
protein-ligand complexes and its different energy contributions

molecular docking, drug-likeness, ADMET study, molecular
dynamics simulation and MM-GBSA calculation. In total, we
have docked 107 phytocompounds from the selected ethno-
medicinal plants in search of new, potential SARS-CoV-2 spike
protein inhibitors. Docking results suggested many phyto-
chemical constituents of the chosen plants have good inhibition
properties against spike protein. As per docking results, α-caryo-
phyllene phytocompound showed the highest binding affinity
towards RBD of spike protein with a binding energy value of
-6.69 kcal/mol. The residues of the RBD of the target protein
predominantly Arg403, Tyr449, Tyr453, Ser494, Tyr495 and

Gly496, Phe497 and Tyr505 residues were observed to form
hydrogen or hydrophobic interactions with the studied phyto-
compounds. Among 107 phytocompounds, 5 phytocompounds
with the best binding energy values were shortlisted for further
investigation. Drug-likeness and ADMET parameters were eval-
uated for the selected phytocompounds and overall, they dis-
played good physico-chemical and pharmacokinetic behaviour
with no associated toxicities. The stabilities of the 5 spike-ligand
complexes were further examined through 100 ns MD simul-
ation. In particular, spathulenol phytocompound present in L.
neesiana displayed the best desired result in all the studied
parameters. The stable simulation trajectories, as observed in
RMSD, RMSF, radius of gyration and SASA plots, provided
evidence for the stable interaction of the spathulenol compound
within the RBD of the spike protein. The MM-GBSA calcul-
ations further revealed spathulenol to have the most negative
favourable binding energy, suggesting its strong affinity for
RBD of the SARS-CoV-2 spike protein. Hence, the study out-
comes support the promising inhibitory properties of the spath-
ulenol compound of Lindera neesiana plant against the SARS-
CoV-2 spike protein. It is anticipated that this computational
investigation will offer avenues for further computational rese-
arch, followed by experimental validation of its activity as a
potential inhibitor of SARS-CoV-2 spike protein and will
contribute to developing therapeutic drugs in the future for
COVID-19 disease.
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