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ABSTRACT

In December 2019, the world witnessed the
emergence of Severe Acute Respiratory Syndrome
Coronavirus 2 (SARS-CoV-2) in Wuhan, which
subsequently led to a devastating global pandemic.
In response to this crisis, considerable efforts have
been devoted to developing preventive and
therapeutic measures, with a focus on natural
products showing promise in combatting COVID-
19. Employing computational methods, this study
aims to screen and identify six potential natural
antiviral compounds capable of targeting the
SARS-CoV-2 RNA-dependent RNA polymerase
(RdRp). Molecular docking simulations were utilized
to predict and analyze the binding interactions
between these selected compounds and the target
protein, considering factors like binding affinity,
interaction patterns, and structural compatibility
within active sites. The analysis revealed varying
degrees of binding stability among these ligands.
Notably, rhodatin exhibited the most stable
interaction with RdRp, with a relatively constant
Root Mean Square Deviation (RMSD) oscillation,
while astaxanthin, cannabidiol, capsaicin, and
cladosin C achieved stable binding poses after
initial fluctuations in RMSD. However, Kappa-
carrageenan demonstrated the least stable binding
affinity. The research results were further
supported by structural dynamics analysis, which
identified critical interacting residues and
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interactions influencing ligand binding stability.
Overall, the study offers significant insights into
the binding characteristics of these natural
products with RdRp, with rhodatin demonstrating
the most favorable binding potential.

KEYWORDS: SARS-CoV-2, COVID-19, RdRp,
antiviral, biomolecules, molecular dynamics.

INTRODUCTION
Since its initial emergence in December 2019 in
Wuhan, severe acute respiratory syndrome

coronavirus 2 (SARS-CoV-2) has caused more
than 641 million cases of COVID-19 and resulted
in the loss of over 6.6 million lives as of
December 2022. This virus has demonstrated a
remarkable ability to infect humans and various
mammalian species by utilizing different
mammalian angiotensin-converting enzyme 2
(ACE2) membrane proteins to enter host cells [1-
4]. The widespread impact of the COVID-19
pandemic has spurred significant efforts to develop
effective prevention and treatment approaches.
Notably, these endeavors have led to the rapid
development of multiple successful vaccines within
an unprecedented timeframe. Additionally, several
potential treatments have undergone evaluation in
clinical trials, with a few already being available on
the market. These anti-SARS-CoV-2 agents fall into
two categories: one focuses on disrupting the viral
life cycle by targeting viral proteins, especially
viral enzymes, while the other involves targeting
host proteins responsible for viral entry [5, 6].
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Natural products continue to hold great promise as
a practical approach in the fight against pathogenic
agents. Extensive research has been dedicated to
investigating bioactive natural products derived
from medicinal plants, animal sources, and marine
organisms. These natural products have been
rigorously studied in various settings, including in
vitro experiments, animal models, and clinical
trials, and have emerged as significant contenders
in COVID-19 therapy, contributing to the ongoing
efforts to combat the pandemic. However, the
development of small-molecule inhibitors still faces
challenges and requires further advancements [7, §].

The primary objective of this study is to utilize in
silico methods for a comprehensive investigation
to screen and identify potential natural antiviral
compounds from various origins, with a specific
focus on their efficacy against SARS-CoV-2.
Computational techniques will be employed to
screen a wide range of natural compounds derived
from fungi, algae, and plants to assess their potential
antiviral activity against critical viral targets,
including the Spike protein, Main Protease, and
RNA-dependent RNA polymerase (RdRp). Molecular
docking simulations will predict and analyze the
binding interactions between the selected natural
compounds and the target proteins, considering
factors such as binding affinity, interaction
patterns, and structural compatibility within the
active sites. Moreover, an assessment of the
chemical diversity and structural characteristics of
the identified natural compounds will be
conducted to reveal potential molecular scaffolds
or functional groups responsible for their antiviral
activity. To validate the computational findings, a
comparison will be made between the predicted
antiviral properties and information available in
relevant literature and ADEME reports. The
ultimate goal of this study is to make significant
contributions to the discovery of novel natural
antiviral compounds that specifically target
SARS-CoV-2. The findings will serve as potential
leads for subsequent experimental validation and
lay the foundation for future drug design strategies
in the ongoing battle against COVID-19.

MATERIALS AND METHODS

In this study, we conducted an analytical in silico
study to investigate the binding interactions between

six natural molecules derived from different natural
organisms against the target protein of the SARS-
CoV-2 virus. The study employed computational
docking techniques to predict and analyze the
binding modes and affinities of the ligands within
the target protein active sites, aiming to identify
potential ligand-receptor interactions and gain
insights into the binding mechanisms.

ADMET characteristic (absorption, distribution,
metabolism, excretion, Toxicity) profiling validation
was utilized using the pkCSM package to identify
molecules with favorable properties for oral
bioavailability and potential as medications within
the body, to predict the toxic effects of compounds,
while also assessing their drug-like physical and
chemical properties.

Preparation of ligand structures

Six natural molecules were chosen according to
their antiviral characteristics from the literature,
where we included two plant molecules [9, 10],
Cannabidiol (from Cannabis sativa) and Capsaicin
(from Capsicum annuum), two fungi molecules
[11], Cladosin C (from microfungi Cladosporium
sphaerospermum) and Rhodatin (from macrofungi
Rhodotus palmatus). Also, two algae molecules [12],
Astaxanthin (from green microalgae Haematococcus
pluvialis) and Kappa-Carrageenan (from red
marine macroalgae Kappaphycus alvarezii) were
selected as ligands. The structures of these six
molecules were retrieved from the PubChem
database, and further processed and optimized
using ChemDraw and Chimera software.

ChemDraw was employed for drawing and editing
the initial ligand structures, which facilitated the
accurate representation of the ligands based on the
available information from PubChem.

UCSF Chimera [13] was utilized to optimize the
ligand structures, including energy minimization
and geometry optimization, leading to more reliable
and physiochemically reasonable conformations.

Preparation of receptor structures

The structure of the RdARp was retrieved from the
PDB database and saved as PDB files.

The catalytic domains were selected for inhibitor
docking of inhibitors against the SARS-CoV-2 target
using PyMol (The PyMOL Molecular Graphics
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System, Version 1.2r3pre, Schrodinger, LLC), as
well as according to literature [14].

RNA-dependent RNA polymerase (RdRp) catalytic
sites: GLY616, TRP617, ASP618, TYRG619,
LEU758, SER759, ASP760, ASP761, ALA762,
LYS798, TYS799, TRP800, GLU811, PHES812,
CIS813, and SER814.

Grid generation

To define the binding sites for docking, grids were
generated around the active sites of the SARS-
CoV-2 proteins, namely the RdRp. The grid
parameters, including size, spacing, and center
coordinates, were set using the AutoGrid module
of AutoDock [15].

Docking protocol

All the retrieved compounds were docked using
the selected catalytic site of the three-dimensional
structure. The ligands were prepared by adding
polar hydrogens, merging nonpolar hydrogens, and
assigning partial charges using AutoDock Tools
[16]. The prepared ligands were then docked into
the binding sites of the SARS-CoV-2 proteins
using AutoDock Vina [17]. Multiple docking runs
were conducted to explore different ligand
conformations and orientations within the binding
sites.

Post-docking analysis

After the docking simulations, the resulting poses
were analyzed to identify potential ligand-receptor
interactions and select the most favorable binding
conformations. The docking results were visually
inspected and analyzed using molecular visualization
software AutoDock Tools. The binding poses
were assessed based on their binding energies,
ligand-receptor interactions, and conformational
fit within the active site.

Molecular dynamics simulations

Schréodinger LLC Desmond software [18, 19] was
employed for performing molecular dynamics
(MD) simulations for a duration of 100 nanoseconds
[20]. Prior to the MD simulation, a crucial step
involved the protein-ligand docking, which predicted
the static binding position of the ligand molecule
at the active site of the protein as mentioned before
[21]. MD simulations, incorporating Newton’s
classical equation of motion, simulate the movement

of atoms over time and provide insights into the
dynamic behavior and ligand-binding status in a
physiological environment [22].

The ligand-receptor complex was preprocessed
using Maestro’s Protein Preparation Wizard, which
performed optimization, minimization, and filling
of any missing residues as necessary. The system
was constructed using the System Builder tool.
The MD simulation employed the TIP3P
(Intermolecular Interaction Potential 3 Points
Transferable) solvent model, utilizing an
orthorhombic box with a temperature of 300 K,
pressure of 1 atm, and the OPLS_2005 force field
[23]. To maintain physiological conditions,
counter ions were introduced, and the system was
neutralized using 0.15 M sodium chloride. Before
the simulation, the models were equilibrated, and
trajectories were recorded at regular intervals of
100 ps for subsequent analysis and inspection.

RESULTS AND DISCUSSION

ADMET characteristics

Table 1 presents the ADMET properties of the
chosen six molecules. These properties meet
Lipinski’s rule criteria, including the additional
requirement concerning the number of rotatable
bonds, indicating favorable pharmacokinetic
permeability and oral bioavailability [24, 25].

The six natural products, Astaxanthin, Cannabidiol,
Capsaicin, Cladosin C, Rhodatin, and carrageenan,
were tested against RNA-dependent RNA polymerase
(RdRp) (PDB ID. 6YYT) via 100 ns MD simulation.
Fig. 1 shows RdRp RMSD plot and 6 ligands’
RMSD upon binding with RdRp. It is obvious that
most of them show very bad binding affinity
towards RdRp due to the highly reported RMSDs.
Rhodatin was the only ligand to show relatively
stable fluctuation with RdRp pocket where after
about 15 ns from the beginning of the simulation
both rhodatin and RdRp start to show a steady
RMSD oscillation with average RMSD= 4.5 and
11 = 1 A° respectively (Fig. 1.E). Astaxanthin
shows very high fluctuating RMSDs at the first 30
ns upon binding with RdRp, then starts to stabilize
their binding where the ligand RMSD range was
between 5 and 6.5 A° (Fig. 1.A). While cannabidiol
at the first 40 ns of the simulation was not able to
bind to RdRp pocket as a high ligand RMSD
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Fig. 1. Structural dynamics of 6 ligands; astaxanthin (A), cannabidiol (B), capsaicin (C), cladosin C (D), rhodatin
(E), and Kappa-carrageenan (F) bound to SARS-CoV-2 RNA-dependent RNA polymerase (RdRp) (PDB ID.
6YYT). Backbone Ca RMSD and ligand RMSD were calculated during the 100 ns of MD trajectories.

fluctuation was noticed, it managed to reach a  both were able to reach a stable binding pose after
stable conformation after that, showing a very stable =~ ~50 ns (Figs. 1.C and 1.D). Kappa-carrageenan is
fluctuation with only 2 frames outside this steadiness ~ suggested to possess the least stable binding affinity
(Fig. 1.B). A similar behavior to cannabidiol was  with RdRp where a high fluctuation is reported
observed with both capsaicin and cladosin C where  during the last 80 ns (10.5-20 A°) (Fig. 1.F).
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Fig. 2. Structural dynamics of astaxanthin in complex with SARS-CoV-2 RdRp , Protein RMSF (A), a stacked
bar chart for protein ligand interaction fractions (B), a timeline representation of complex interactions as a
total number of specific interactions (C), the residues’ interactions with the ligand in each trajectory frame.

(D), and 2D ligand protein interaction (E).

To confirm these findings, structural dynamics of
each complex was studied. As shown in Fig. 2.B,
four residues showed interactions that occur more
than 30.0% of the simulation time; Gln 18, Glu 23
and Leu 117 via H-bonds and Ser 61 via water

bridges which are also reported in 2D interaction
figure (Fig. 2.E). In addition to these interactions
Ala 65 was reported to bind with astaxanthin via
hydrophobic interaction (Fig. 2.B). Glu 23, Ala 65
and Leu 117 show the most stable interactions
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observed in most frames that began to be formed 30
ns after the beginning of the simulation (Fig. 2.D).
The other 2 interactions Gln 18 and Ser 61 form
unstable interactions as they are not observed in
most of the trajectory frames (Fig. 2.D). The
backbone Root Mean Square Fluctuation (RMSF)
shows only high fluctuations at the residues away
from the active pocket (Fig. 2.A).

For cannabidiol, only one amino acid shows more
than 30% interaction via H-bonding which is Leu
169 (Fig. 3.B); so, it was the only reported one in
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2D interaction (Fig. 3.E). Fig. 3.B also shows that
residues (GIn 157, Gln 158 and Val 159) form
good interactions with cannabidiol via H-bonding,
water bridging and hydrophobic interactions where
these interactions start to be formed at about 40 ns
and are preserved in the last 60 ns (Fig. 3.D).
These residues, with the least fluctuations are
highlighted in RMSF plot with the light gray bars
(Fig. 3.A).

A high RMS fluctuation was observed when
capsaicin binds to SARS-CoV-2 RdRp (Fig. 4.A)
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Fig. 3. Structural dynamics of cannabidiol in complex with SARS-CoV-2 RdRp, Protein RMSF (A), a stacked
bar chart for protein ligand interaction fractions (B), a timeline representation of complex interactions as a
total number of specific interactions (C), the residues’ interactions with the ligand in each trajectory frame.

(D), and 2D ligand protein interaction (E).
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Fig. 4. Structural dynamics of capsaicin in complex with SARS-CoV-2 RdRp, Protein RMSF (A), a stacked
bar chart for protein ligand interaction fractions (B), a timeline representation of complex interactions as a
total number of specific interactions (C), the residues’ interactions with the ligand in each trajectory frame.

(D), and 2D ligand protein interaction (E).

which confirms the RMSD plot (Fig. 1.C) where
capsaicin spend more than half of the simulation
time trying to find a good binding pose to RdRp
active pocket. Only Gln 19 was reported to be
able to form an interaction (H-bond and water
bridge) with this ligand (Fig. 4.B) but unfortunately
this interaction was rapidly broken after about 40
ns (Fig. 4.D). Fig. 4.C reports a high oscillation in

the total number of interactions throughout the
simulation (between 0 and 3) which means that
interactions are unstable, rapidly formed and then
also rapidly broken. Accordingly, no reported
interaction can be observed in the 2D ligand
interaction with the protein residues (Fig. 4.E).

A more rigid RdRp RMSF plot (Fig. 5.A) was
observed upon interacting with cladosin C, and
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Fig. 5. Structural dynamics of Cladosin C in complex with SARS-CoV-2 RdRp, Protein RMSF (A), a stacked
bar chart for protein ligand interaction fractions (B), a timeline representation of complex interactions as a
total number of specific interactions (C), the residues’ interactions with the ligand in each trajectory frame.
(D), and 2D ligand protein interaction (E).
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Fig. 6. Structural dynamics of rhodatin in complex with SARS-CoV-2 RdRp , Protein RMSF (A), a stacked bar
chart for protein ligand interaction fractions (B), a timeline representation of complex interactions as a total number
of specific interactions (C), the residues’ interactions with the ligand in each trajectory frame. (D), and 2D ligand
protein interaction (E).

this may be due to the intramolecular H-bond formed  and 5.E).Also Gln 69, Lys 72, Gln 73 and Ser 76
with cladosin C (Fig. 5.E) which rigidify the ligand. ~ (chain B) were able to form H-bonds and water
Met 519 and Thr 521 has been reported to form 2 bridges (Fig. 5.B). But unlike Met 519 and Thr 521
significant interactions with cladosin C: a H-bond  (chain A), these 4 interactions were not continuously
and hydrophobic interaction, respectively (Fig. 5B formed during all the trajectory frames (Fig. 5.D).
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Rhodatin showed the best binding interactions
with RdRp receptor where the fluctuations of least
residues were observed in this complex (Fig. 6.A)
with the largest number of stable interactions
where an average of 5 interactions were detected
during the 100 ns (Fig. 6.C). The residues
involved in these stable interactions are Asp 452,
Tyr 455, Arg 555 and Lys 621 with interaction
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fractions 1.4, 1.8, 0.7 and 0.9, respectively
(Figs. 6.B and 6.E). Asp 452 and Tyr 455 were
able to form H-bond and hydrophobic interactions,
respectively with rhodatin from the first ns to the
last ns. On the other hand, the other 2 interactions
with Arg 555 and Lys 621 were formed after about
20 ns and they remain stable during the rest 80 ns
(Fig. 6.D).
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Fig. 7. Structural dynamics of Kappa-Carrageenan in complex with SARS-CoV-2 RdRp, Protein RMSF (A), a
stacked bar chart for protein ligand interaction fractions (B), a timeline representation of complex interactions
as a total number of specific interactions (C), the residues’ interactions with the ligand in each trajectory

frame. (D), and 2D ligand protein interaction (E).
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The Carrageenan-RdRp complex exhibits a relatively
steady RMSF for the protein backbone (Fig. 7.A).
Notably, Leu 819 forms a hydrogen bond interaction
that persists for approximately 30% of the duration
of the simulation (Fig. 7.B). Fig. 7.D shows that
no residue was able to maintain an interaction for
more than 20 ns of the MD simulation. These findings
in addition to the reported RMSD in Fig. 1.F explains
that Kappa-carrageenan was not able to form any
interaction with RdRp pocket and thus shows very
unfavorable binding interaction (Fig. 7.E).

CONCLUSION

In summary, our research has provided valuable
insights into the stability and interactions within
the protein-ligand complex, shedding light on the
challenges posed by the six molecules as potential
antagonists against the RdRp. The primary
objective of this study was to explore the binding
characteristics of these natural compounds. While
the outcomes suggest limited binding affinity,
these findings contribute to our understanding of
the molecular interactions involved. It is evident
that further research is necessary to identify more
effective antiviral compounds and to fully explore
the potential applications of these compounds.
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