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Abstract 

Emergence of COVID-19 and thereafter intensive research on bioactive natural compounds against 

SARS-CoV-2, identified a large number of phytochemicals (i.e., plants-derived) and mycochemicals (i.e., 

fungi-derived) as potential inhibitors with proven antiviral properties against SARS-CoV-2, but there are no 

comparative study on the reported compounds. A comparative study among the previously identified/reported 

main protease (Mpro) inhibitors of SARS-CoV-2 can lead to the most potent compound that eventually helps 

to make an effective drug lead against SARS-CoV-2. Through manual literature curation, we selected 57 

potential bioactive compounds and screened them against Mpro protein of SARS-CoV-2. A series of in silico 

screening such as binding affinity, drug-like properties, pharmacokinetic, physicochemical, and ADMET 

studies identified top ten compounds as potential Mpro inhibitors. Further, docking studies prioritized the top 

two compounds namely Norquinadoline A and Quinadoline B, based on their predicted affinity for the target 

protein. Binding free energy calculations further emphasized them as top candidates for effective Mpro 

inhibitors that hold promise for drug development against COVID-19. In-depth molecular dynamics studies 

and MM/PBSA analysis culminated in the recognition of Norquinadoline A as the most potent Mpro inhibitor 

of SARS-CoV-2. Thus, Norquinadoline A can be used as lead compound in further drug discovery process 

after in vitro and in vivo experimental studies. 
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1 Introduction 

COVID–19, a highly transmissible, severe respiratory human disease caused by the novel coronavirus 
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SARS-CoV-2 rendered devastation in the entire world and has been declared as a global pandemic by the 

World Health Organization (https://covid19.who.int/). It first emerged in late 2019 in China and then spread to 

nearly all the continents. Though, it exhibits approximately 2 to 4% fatality rate, lower than the other 

members of same family (SARS-CoV-1 10% fatality rate; MERS-CoV 37% fatality rate), it is more 

contagious, resulting in higher overall death rates (Abdelghany et al. 2021; Rubioet al. 2021).    

 SARS-CoV-2 is an enveloped RNA virus belonging to the Coronaviridae family and genus beta 

coronavirus (Gorbalenya et al. 2020; Som et al. 2022). The genome has a variable number of open reading 

frames (around 6 to 11). Viral RNA located in the ORF1 translates two polyproteins and encodes 16 

non-structural proteins (NSP), while the remaining ORF codes for structural proteins (V’kovski et al. 2021; 

Singh et al. 2022a). Coronavirus has four major structural proteins, namely the Spike (S) protein, envelope (E) 

protein, membrane (M) protein, and nucleocapsid (N) protein (Singh et al. 2021; Sharma et al. 2021). One of 

the main druggable targets of SARS-CoV-2 is main protease (Mpro) because it is essential for the life cycle of 

SARS-CoV-2. It cleaves the overlapping pp1a and pp1ab polyproteins which are needed for SARS-CoV-2 

replication and transcription (Yadav et al. 2021; Bhardwaj et al. 2021).       

 Extensive research was carried out and subsequently identified potential targets for drug development 

against Coronaviruses (CoVs), highlighting the Angiotensin-converting enzyme II (ACE2) entry receptor, the 

Mpro, and the RNA-dependent RNA polymerase (RdRp). However, drugs designed for the ACE2 entry 

receptor and the RdRp have exhibited significant side effects and reduced efficacy (Singh et al., 2021). In 

contrast, Mpro emerges as a promising and well-characterized drug target within the CoV family. The absence 

of homologs of Mpro with similar cleavage in human make it attractive target, which, showed less adverse 

effect as compare to other targets.                

 The Mpro plays a pivotal role in the life cycle of SARS-CoV-2 by processing polyproteins generated 

during viral RNA transcription. This critical enzyme targets and cleaves up to 11 sites on a large replicase 

protein (1ab, ~790 kDa), and inhibiting Mpro effectively halts viral replication. Importantly, the absence of 

known human homologs with identical cleavage specificity minimizes the potential for adverse toxic outcome. 

The amino acid sequences of Mpro in SARS-like coronaviruses exhibit remarkable conservation across various 

species, underscoring its significance in viral function. Mpro typically forms a dimer, consisting of protomers 

A and B, with three distinct domains regulating its structure and function. Domains I and II forming an 

antiparallel b-barrel structure, these domains span residues 8–101 (Domain I) and 102–184 (Domain II) house 

the substrate-binding pocket, essential for the catalytic activity of Mpro. Domain III spans residues 201–303 

and forms an antiparallel globular cluster with five a-helices (Fig. 1). Crucial for regulating protomer 

dimerization through a salt-bridge interaction, further stabilizing the overall structure of Mpro. Dimerization of 

Mpro is vital for its catalytic activity, particularly in shaping the S1 pocket of the catalytic site. This occurs 

through the interaction of N-terminal residues (N-finger) of each protomer with Glu166 of the other protomer. 

In SARS-CoV-2 Mpro, the dimer features a contact interface primarily between domain II of protomer A and 

the N-finger residues of protomer B, closely resembling the structural features observed in SARS-CoV. An 

intriguing mutation, (SARS-CoV-2) 285A, in SARS-CoV-2 Mpro has led to the closer alignment of domains 

III of different protomers. This mutation results in a slightly increased catalytic efficiency compared to 

SARS-CoV, attributed to changes in enzyme dynamics that transmit the mutation's effects to the catalytic 

center (Dai et al. 2020).                   

 Drug discovery for the very infectious COVID–19 is a challenging job owing to frequent mutations and 

generation of new variants. Also, the drug shouldn’t have severe side effects. Thus, bioactive natural 

compounds came into the consideration to expedite the work of finding effective drugs against COVID–19 

using bioinformatics and computational tools. The use of in-silico approaches has demonstrated their critical 
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role in acceleration of drug discovery efforts in the various studies (Hossain et al. 2023; Nag et al. 2021). 

Moreover, the costs of synthesis in case of synthesized compounds are cut down in case of phytochemicals and 

mycochemicals. Accordingly, a large number of researches works on phytochemical compounds have been 

carried out. One such work by Majnooni and co-workers presented candidate phytochemicals with protective 

effect in lung injury which is the main COVID-19 complication (Majnooni et al.2020). Besides phytochemicals, 

marine fungus-derived compounds also play a vital source for developing new drugs with greater efficacy and 

specificity for therapeutics and represent a promising source of unique chemical structures for the drug 

discovery (Belachew et al. 2021). Also, these sources have the advantage of large-scale production of the 

compounds with low-cost effect.                 

 Natural products showed a several biological activities including anticancer, antibacterial, antiviral, and 

antioxidant etc. Several review articles have been published both on phytochemicals and mycochemicals like 

alkaloids, steroids, diterpenoid lactones, aliphatic, and glycosides with reported antiviral effects as 

SARS-CoV-2 therapeutics (Banerjee et al. 2021; Bhardwaj et al. 2021; Patel et al. 2021; Swain et al. 2021; Tam 

et al. 2021). Similarly, the phytochemicals derived from individual plants (Shanmugarajan et al. 2020; 

Chikhale et al. 2021) and exotic medicinal phytochemicals indigenous to particular geographical areas (Barlow 

et al. 2012; Hostettmann et al. 2000; Lu et al. 2022; Ogunyemi et al. 2020) had been reported against 

SARS-CoV-2. Likewise, Indian geography is also a rich source of biodiversity with more than 7000 plant 

species used as medicinal plants compounds had been explored to target SARS-CoV-2 proteins (Nallusamy et 

al. 2021; Roshni et al. 2022).                 

 Overall, intensive research on phytochemical and mycochemical compounds against SARS-CoV-2 

identified/reported a large number of compounds as potential inhibitors with profound antiviral properties 

against SARS-CoV-2, but there are no comparative studies on the identified/reported 

phytochemical/mycochemical compounds. A comparative study of the potential inhibitors can lead to the most 

potent compound that eventually helps to make an effective drug lead against SARS-CoV-2. Based on the 

above observation, this work focuses on compiling all the reported potential phytochemical and mycochemical 

compounds to derive a dataset of ligand libraries of bioactive compounds with proven antiviral activity to 

screen against Mprotarget protein using computational approaches. Through meticulous literature curation, we 

prepared a ligand library of 57 potential compounds and screened them against Mproprotein of SARS-CoV-2. 

A series of in silico screening such as binding affinity, drug-like properties, pharmacokinetic, physicochemical, 

and ADMET studies identified the top ten compounds as potential Mpro inhibitors. Additionally, the top two 

compounds were chosen for docking studies, reaffirming the precision of AutoDock Vina in generating 

native-like dock poses. Subsequently, a refinement process was implemented, rearranging the top two 

compounds based on their docking scores. This strategic approach aimed to enhance the selection process for 

further simulations, ensuring a more focused and informed investigation. Further, the simulation study 

(complex stability) and energetics study (binding interactions stability) illustrated Norquinadoline A 

(compound 1) and Quinadoline B (compound 2) as the most potent inhibitors for Mpro protein. 

 

2 Method 

2.1 Ligand library preparation 

A library of 57 previously reported key Mpro inhibitors was selected through a literature search from reputed 

publications based on proven antiviral activity against SARS CoV-2 (listed in supplementary Table S1). These 

57 prominent compounds include alkaloids, flavones, terpenoids, and phenolic compounds which have been 

observed to combat viral infections and also reported as potential Mpro inhibitors of SARS-COV-2. Their 3D 

structures were retrieved from the PubChem database (https://pubchem.ncbi.nlm.nih.gov/) in SDF format and 
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converted to PDBQT format using Open Babel (http://openbabel.org), and prepared in an acceptable format for 

docking to Autodock vina (https://vina.scripps.edu/). 

2.2 Protein preparation 

The 3D crystal structure of SARS-CoV-2 in complex (PDB ID: 5R80 (Douangamath et al.2020), 

resolution: 1.93 Å) was retrieved from the RCSB protein data bank (https://www.rcsb.org/). The AutoDock 

Tool (https://autodock.scripps.edu/) docking preparation tool was used to prepare the protein for docking and 

was saved as pdbqt format that contains hydrogen atoms in all polar residuals, removes water and adds 

Kollman's charge. 

2.3 Pharmacokinetic studies  

Phytochemical/mycochemical compounds have been designed as possible antiviral agents using in-silico 

structure-based approaches. SwissADME software (http://www.swissadme.ch/) was used to predict the 

physicochemical properties and pharmaceutically relevant properties of compounds. Assessment of properties 

was done using a thumb rule, i.e., Lipinski’s rule of five to find out the drug-like characteristics of the 

molecules, and molecules violating more than one rule were rejected for further studies (Lipinski et al. 2004; 

Ghosh et al. 2020a; Singh et al. 2022a). 

2.4 Drug-likeness properties  

Online software Molinspiration (https://www.molinspiration.com/) was used to predict the macromolecular 

targets for designed molecules. The bioactivity scores were evaluated to analyze some more drug-like 

properties such as solubility, permeability, metabolic stability and transporter effects. 

2.5 In silico physicochemical and ADMET studies 

ADMET properties affect pharmacological activity of drug candidates (Khushboo et al. 2024). ADMET 

properties prediction (viz. aqueous solubility [log S], skin permeability [log Kp], synthetic accessibility score, 

absorption, distribution, metabolism, excretion, and toxicity) of the 57 natural compounds were calculated by 

using pkCSM-Biosig (https://biosig.lab.uq.edu.au/pkcsm/) and Swiss ADME (http://www.swissadme.ch/) 

software (Daina et al., 2017). 

2.6 Virtual screening 

Virtual screening was carried out to screen the prepared library of natural compounds towards the Mprobinding 

site using AutoDock Vina (https://vina.scripps.edu/). Autodock Tool was used for preparing the receptor. This 

includes removing water and heteroatoms, adding polar hydrogen only, adding Kollman charge, and repairing 

missing atoms. For each compound, the number of docked conformation (modes) was set to 20, the number of 

runs (exhaustiveness) was 100 and the energy was set to 4. The center of the grid box was set to X: 10.9010, Y: 

1.4615, Z: 18.287, and the dimensions (Å) were X: 60, Y: 60, Z: 60. BIOVIA Discovery Studio 2021 

(https://discover.3ds.com/discovery-studio-visualizer-download) was used to study interactions between the 

docked complexes. The lowest docking score (in kcal/mol) was used to choose the optimal conformation. The 

dock results were ranked based on docking scores from high-low to identify the top-scoring 

compounds/ligands. The binding energy with more negative energy indicates a higher affinity of ligands bound 

to a receptor protein. 

2.7 Molecular docking 

Molecular docking studies were performed using the Autodock (https://autodocksuite.scripps.edu/adt/) for the 

top three compounds selected from virtual screening. The grid box was centered at X: 10.9010, Y: 1.4615, Z: 

18.287, with dimensions (Å) of X: 60, Y: 60, Z: 60. Despite acknowledged limitations, such as the reliance on 

rigid protein structures and potential scoring function inaccuracies, docking remains a valuable tool for initial 

ligand screening. The results provide a rational basis for subsequent experimental work, aiding in the 

identification of potential drug candidates in the early stages of drug discovery (Sriramulu et al., 2021). 
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2.8 Molecular dynamic simulations  

The structural and dynamic transitions at the atomistic level in the Mpro of COVID-19 upon binding of the top 

two molecules and two reference molecules were investigated using MD simulations. MD simulations were 

performed on GROMACS 2022.3 suite (https://manual.gromacs.org/documentation/current/download.html) 

(Abraham et al. 2015). On a LINUX based platform using CHARMM36 force field (Vanommeslaeghe et al., 

2015). A Swiss-param server (http://www.swissparam.ch/) was used to generate the topology files of ligands 

(Zoete et al. 2011).  A unit cell defined as a dodecahedron box was generated and solvated using the TIP3P 

water system. For the overall electrostatic neutrality of the system, 4 Na+ was added.  Then the electro neutral 

systems were energy minimized using the steepest descent algorithm for 250,000 iteration steps and cut-off up 

to 1000 kJ/mol to remove the bad contacts among the atoms. The energy-minimized systems were then 

subjected to two phases of equilibration for 250,000 steps. The first phase of equilibration (Temperature 

equilibration) was conducted under NVT ensemble for 500 ps to maintain the system temperature at 310 K 

using the V-rescale thermostat (Bussi et al., 2007) with a constant number of particles, volume, and 

temperature (NVT). Then second phase of equilibration (Pressure equilibration) was conducted under NPT 

ensemble for 500 ps to maintain a constant pressure of 1 bar for the system, using, Parinello-Rahman barostat 

with a constant number of particles, pressure, and temperature (NPT).  For utilizing constraints of covalent 

bonds in the equilibration steps LINCS algorithm was used (Parrinello et al. 1981). To compute the long-range 

electrostatics forces using the Particle Mesh Ewald (PME) method with a Fourier grid spacing of 1.6 Å (Hess et 

al. 1997). After completion of the two equilibration phases, the systems were well-equilibrated and ready to run 

molecular dynamics (MD) for data collection thus a 200 ns MD simulation production run was carried out for 

each system on the NPT ensemble with step size 2 fs for each step.  The coordinates were saved after every 10 

ps during production run. Results were analyzed using the XMGRACE 2D plotting tool (Darden et al., 1993). 

2.9 Binding free energy calculation 

The molecular mechanics/Poisson-Boltzmann surface area (MM/PBSA) was used to compute residual binding 

energies in molecular interaction processes (Turner et al. 2005; Genheden et al., 2015; Sharma et al., 2020; 

Kumari et al., 2021; Singh et al., 2022a). The binding free energy (ΔGbind) in a solvent medium was calculated 

as follows: 

   ΔGbind = Gcomplex - (Gprotein + Gligand)              (1)                 

In Equation (1), Gcomplex is the total free energy of the protein-ligand complex, Gprotein and Gligand are the total 

energies of protein and ligand, respectively. The binding free energies for each individual Gcomplex, Gprotein and 

Gligand were calcuated by: 

    Gp=EMM+Gsolv                                                                                     (2) 

In Equation (2), p can be protein, ligand, or protein-ligand complex. EMM is the average molecular mechanics 

potential energy in vacuum and Gsolv is the solvation free energy. The molecular mechanics potential energy 

was calculated in the vacuum as follows:  

EMM = Ebonded + Enon-bonded (and Enon-bonded = Evdw + Eelec)         (3) 

Here Ebonded is the total bonded interaction energy such as angle, bond, dihedral and improper interactions; 

Enon-bonded is the total non-bonded interaction energy that includes both van der Waals (Evdw) and electrostatic 

(Eelec) interactions. Ebonded is taken as zero. The solvation free energy (Gsolv) is the sum of electrostatic solvation 

free energy (Gpolar) and nonpolar solvation free energy (Gnon-polar), which is computed using the 

Poisson-Boltzmann equation and the solvent-accessible surface area (SASA), respectively. The residual energy 

contribution was also calculated to understand the contribution of individual amino acids to the total binding 

energy. 
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3 Results and Discussion 

The 3 chymotrypsin-like cysteine protease (Mpro) is the most desirable target for drug candidates against 

SARS-CoV-2 as it cleaves the C-terminal sequence of the polyprotein into functional proteins that play vital 

roles in viral replication, transcription and translation, leading to disruption of host cell metabolism. Hence, 

targeting Mpro can lead to developing protease inhibitors as effective therapeutic agents against 

SARS-CoV-2. It is a homodimeric protein consisting of three domains in each monomer; domain I (1−101), 

domain II (102−184), and domain III (201−304) (Fig. 1). The catalytic pocket consists of Gly143, His163, 

Asn142, Leu141, Phe140, Gly302, His172, Met165, Glu166, Pro168, Cys145, His164, Leu167, Pro168, 

Gln192, Asp187, Gln189, Phe185, Thr190, Ala191, His41, Met49 and Tyr54 amino acids (Singh et al., 

2022b). In a study, Shitrit and co-workers discovered the conserved and essential amino acid interactions 

needed for developing potential inhibitors against Mpro target (Wang et al., 2020). These interactions included 

catalytic Cys145, conserved His163 and Glu166 residues hydrogen bond interactions with ligands/inhibitors. 

The reference drug used in the study was Baricitinib and Remdesivir as it was identified as an antiviral and 

anti-inflammatory drug against SARS-CoV-2 infection (Shitrit et al. 2020). Initially FDA approved Baricitinib 

along with Remdesivir for treatment of patient suffering from severe COVID 19, later it received FDA 

approval on July 28, 2021 for its single use and also recommended by the WHO (Kumari et al., 2022; Rubin et 

al., 2022). It suppresses the immersion of virus inside the host cell by interrupting the receptor-mediated 

endocytosis that leads to prevention of lungs from viral infections. Dual character (anti-viral-pathogen-centric 

drug and anti-inflammatory-host-centric) of Baricitinib attracted the attention of biologists towards its use 

against SARS-CoV-2 (Chera et al., 2022). Baricitinib is a medication that is primarily used to treat 

rheumatoid arthritis. However, during the COVID-19 pandemic, researchers explored its potential as an 

anti-inflammatory agent that could help mitigate the severe inflammatory response associated with severe 

cases of COVID-19. Baricitinib works by inhibiting certain enzymes involved in the inflammatory process, 

specifically Janus kinases (JAKs). The drug was used to reduce the excessive immune response seen in 

severe COVID-19 cases, potentially preventing further damage to the lungs and other organs. It was very 

useful in reducing the respiratory failure in COVID 19 patients, and does not show in major adverse effect 

except mild increase in liver enzyme. It also showed structural backbone similarity to most of the selected 

compounds. Baricitinib acts as Mpro inhibitor against the SARS-CoV-2 infection with IC50 value of 25.31 μM 

(Anton et al. 2023). It also showed structural backbone similarity to most of the selected compounds. The 

cartoon structure of target protein, chemical structures of two references and top two shortlisted compounds are 

presented in Fig. 1. These two compounds (Norquinadoline A and Quinadoline B) also have common 

pyrimidine moiety like the two reference drugs, which is very important for the biological activity. 
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Fig. 1 The 3-D cartoon view of SARS-CoV-2 main protease (Mpro) monomer showing different regions. The chemical structures 

of two references (Baricitinib and Remdesivir) and top two compounds (Norquinadoline A and Quinadoline B). 

 

 

3.1 Analysis of physicochemical properties  

The physicochemical properties of the top ten compounds followed Lipinski's rule of five presented in Table 1. 

The top ten compounds showed the hydrogen bond acceptor and hydrogen bond donor were found to be in 

acceptable range, log P value (lipophilicity) was less than 5, and total polar surface area (TPSA) was less than 

140. Lower values of lipophilicity referred to good internalization of all compounds through cell membrane 

and lower value of TPSA referred to easy incorporation of compounds in human cells like the reference drug. 

The compounds showing more than one violation of Lipinski’s rule were removed from further studies because 

of difficulty in solubility and bioavailability. 

 

 

Table 1 Physicochemical properties of the top ten compounds and two reference compounds. 

Compounds MW <500 H-D ≤5 H-A≤10 Rotatable 

bonds ≤10 

Log P ≤5 TPSA ≤140 SAS 

≤10 

Log S ≤5  Log Kp 

<-5 

ROF ≤1

Norquinadoline A 471.5 3 6 2 1.97 116.56  4.92 -4.00 -8.01 0 

Scedapin A 472.5 2 7 0 2.06 113.77  5.50 -3.84 -8.35  0 

Protopine 353.4   0 6 0 2.75 57.24 3.48 -4.13 -6.47 0 

Withaferin A 470.6 2 6 3 3.83 96.36 6.83 -4.97 -6.45 0 

Cottoquinazoline B 429.43 2 6 0 2.12 107.77 4.72 -3.21 -8.54 0 

Silybin 482.4 5 10 4 1.47 155.15 4.92 -4.14 -7.89 0 

Quinadoline B 439.5  1 5 0 1.36 87.54 5.31 -3.09 -7.82 0 
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Tingenone 420.6   1 3 0 4.03 54.37 5.94 -5.40 -5.34 0 

Licoleafol 372.4 5 7 4 2.64 127.45 3.82 -3.91 -6.65 0 

10-methoxycamptotheci

n 

378.4 1 6 2 2.06 90.66 3.94 -3.55 -7.39 0 

Reference compound 1 

(Baricitinib) 

371.0 1 7 5 -0.24 120.57 3.07 -1.92 -8.89 0 

Reference compound 2 

(Remdesivir) 

602.58 4 12 14 3.46 213.36 6.43 -4.12 -8.62 0 

MW: Molecular weight; H-A: number of H bond acceptors; H-D: number of H bond donors; Log P: predicted octanol-water partition coefficient; TPSA: total polar 

surface area; ROF: Rule of five, Log S predicted aqueous solubility, Log Kp predicted skin permeability, SAS (Synthetic accessibility score) from 1 (very easy) to 10 

(very difficult). 

 

 

3.2 Analysis of drug-likeness properties  

The bioactivity scores, namely G-protein coupled receptor (GPCR) ligand, ion channel modulator, kinase 

inhibitor, nuclear receptor ligand, protease inhibitor, and enzyme inhibitor were calculated to evaluate 

drug-like properties of top ten compounds (Table 2). The compounds showing bioactivity score more than zero 

to be considered as pharmaceutically active compounds, whereas the compounds show bioactivity score 

between 0.00 and -0.50 supposed to best moderate activity and then bioactivity score <-0.50 means no 

bioactivity. On the analysis of results, it was found that the top-ten compounds exhibit good to moderate 

bioactivity scores and therefore showed good to moderate drug-like properties. Results are summarized in 

Table 2. 

Brain access and gastrointestinal absorption are important drug-like properties, which is very crucial for the 

drug development process (Singh et al. 2022b). The prediction of these two properties presented through the 

BOILED-Egg model in Fig. 2 (Singh et al., 2024). Except compounds 3 and compound 6, all compounds that 

were present in white zone, can be easily absorbed by the gastrointestinal tract like the reference compound 1. 

Compound 3 was present in the yellow zone and can easily pass through the blood brain barrier. Reference 

compound 2 is out of range in the BOILED-Egg model. 

 

 
Fig. 2 BOILED-Egg presentation of the top ten compounds (1-10) and the reference compound 1 (11). 
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Table 2 Drug-likeness properties of the top ten compounds and two reference compounds. 

Compound GPCR ligand Ion channel 

modulator 

Kinase 

inhibitor 

Nuclear receptor ligand Protease 

inhibitor 

Enzyme 

inhibitor 

Norquinadoline A 0.09 -0.41 -0.50 -0.48 -0.30 -0.23 

Scedapin A 0.14 -0.25 -0.33 -0.28 -0.25 -0.11 

Protopine 0.18 -0.04 -0.26 -0.23 -0.03 0.04 

Withaferin A 0.07 0.14 -0.49 0.76 0.15 0.94 

Cottoquinazoline B 0.10 -0.48 -0.52 -0.55 -0.21 -0.19 

Silybin 0.07 -0.05 0.01 0.16 0.02 0.23 

Quinadoline B 0.14 -0.29 -0.36 -0.43 -0.09 -0.14 

Tingenone -0.20 -0.26 -0.40 0.48 -0.17 0.53 

Licoleafol 0.25 -0.10 -0.06 0.71 0.11 0.52 

10-methoxycamptothecin 0.39 -0.20 0.24 0.07 -0.16 1.00 

Reference compound 1 (Baricitinib) 0.27 -0.12 0.62 -0.76 -0.03 0.11 

Reference compound 2 

(Remdesivir) 

0.27 -0.35 0.20 -0.48 0.49 0.38 

GPCR (G-protein coupled receptor-ligand): (-0.62 to -0.39, moderate activity), Ion channel modulator: (0.27 to 0.05, significant activity), Protein kinase inhibitors: (0.40 

to 0.18, significant activity), Nuclear receptor: (-0.63 to -0.31, moderately active), Protease activated receptors: (-0.15 to 0.00, moderate activity) and Enzyme inhibitor: 

(0.61 to -0.48, significant activity). 

 

3.3 In silico ADMET prediction  

ADMET properties, such Absorption (viz., water solubility, intestinal absorption (%) and skin permeability 

(log Kp)), Distribution (log BB), Metabolism, Excretion (viz., total clearance and renal OCT2 substrate), and 

Toxicity (viz., oral rat acute toxicity LD50, maximum tolerated dose in human, and synthetic accessibility) 

parameters of the top ten compounds and two reference compounds were computed and presented in Table 3. 

Nine natural compounds qualified the drug-like criteria of ≥70% absorption.  Water solubility results 

indicated the good drug bioavailability as the compounds showed water solubility value ≤ -5 (Daina et al. 

2016). Skin permeability (log Kp) plays a significant role in transdermal delivery of drugs and the 

compounds showing higher negative value of log Kp have lower skin permeability. All the compounds 

showed good permeability as value ranged between -2.73 to -3.20. All compounds were expected to cross the 

blood brain barrier easily as their log BB values were < -0.1 (Chen et al., 2018; Vilar et al., 2010). 

Bioavailability of drugs is also influenced by metabolism of the drug molecules and this can be evaluated by 

using cytochrome CYP450 enzymes. On analysis, all the top ten compounds and two reference drugs 

Baricitinib and Remdesivir were found to be inhibitors of one of the cytochrome variants. All ADMET 

properties were found to be favorable for all the top ten compounds. Blood brain barrier access and intestinal 

absorption are two major drug-like behaviors critical to estimate at various stages of drug discovery processes. 

The results of drug-likeness and ADMET properties are summarized in Tables 3 and 4.  

274



Network Biology, 2024, 14(4): 266-292 

 IAEES                                                                                                                                         www.iaees.org  

 
 
 

Table 3 In silico ADMET predication and synthetic accessibility of the top ten compounds and two reference compounds. 
Compound Absorption Distribut

ion 
Metabolism Excretion Toxicity 

 
 

Water 
solubility 

Intestinal 
absorption 
(human) 
Numeric 
(% 
Absorbed) 

Skin 
permeab
ility  
Numeri
c (log 
Kp) 

Blood 
brain 
barrier 
permeabil
ity (log 
BB) 

CYS Total 
clearance 
Numeric 
(log 
ml/min/kg) 

Renal OCT2 
substrate 
Categorical 
(Y/N)  

Oral rat acute 
toxicity (LD50) 

Numeric(mol/kg) 

Maximum 
tolerated 
dose 
(human) 
Numeric 
(log 
mg/kg/day) 

Synthetic 
Accessibilit
y Numeric 

2D6 3A4 1A2 2C19 2C9 2D6 3A4      

Substrate Inhibitor      

Categorical (Y/N)      

Norquinadoline A -3.711 81.643 -2.737 -0.606 N Y N N N N Y 0.89 N 2.019 -0.12 4.92 

Scedapin A -3.933 86.514 -2.735 -0.141 N Y N N N N Y 0.825 N 2.373  0.161 5.50 

Protopine -3.825 97.593 -3.064 -0.226 N Y Y Y N N N 0.936 Y 2.993 -0.446 3.48 

Withaferin A -5.063 85.345 -3.202 -0.03 N Y N N N N N 0.435 Y 2.779 -0.695 6.83 

Cottoquinazoline B -2.989 96.435 -2.74 -0.624 N Y N N N N N 0.796 N 2.561 -0.233 4.72 

Silybin -3.204 61.861 -2.735 -1.207 N N N N Y N N -0.103 N 2.559   0.65 4.92 

Quinadoline B -3.552 99.319 -2.737 0.116 N Y N N N N N 1.08 N 2.804  0.163 5.31 

Tingenone -6.06 94.801 -3.302 0.041 N Y N N N N N 0.064 N 2.181 -0.84 5.94 

Licoleafol -3.3 77.701 -2.735 -1.236 N Y N N N N N 0.044 N 2.271  0.284 3.82 

10-methoxycamptothen -2.983 99.592 -2.746 -0.813 N Y Y N N N N 0.587 Y 2.492 -0.074 3.94 

Reference compound 1 
(Baricitinib) 

-3.129 79.532 -2.766 -1.321 N Y N N N N N 0.854 N 2.437 -0.111 3.07 

Reference compound 2 
(Remdesivir) 

-3.07 71.109 -2.735 -2.056 N Y N N N N N 0.198 N 2.043 0.15 6.43 
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Table 4 Toxicity prediction of the top ten compounds and two reference compounds. 
Compound AMES 

Toxicity 
Categorial 
(Yes/No) 

Max. tolerated 
dose(human) 
Numeric (log 
mg/kg/day)

hERG 
Inhibitor 
Categorial 
(Yes/No)

Oral Rat Chronic 
Toxicity (LOAEL) 
Numeric (log 
mg/kg/day) 

Hepatotoxic
ity 
Categorial 
(Yes/No)

Skin 
Sensation 
Categorial 
(Yes/No)

T. Pyriformis 
toxicity 
Numeric (log 
mM)

Minnow 
Numeric (log 
mM)  

Norquinadoline A N -0.12 N 2.689 Y N 0.285 1.697
Scedapin A N 0.161 N 1.842 Y N 0.285 0.335
Protopine Y -0.446 N 1.93 N N 0.64 1.237
Withaferin A N -0.695 N 0.918 N N 0.299 0.738
Cottoquinazoline B N -0.233 N 1.832 Y N 0.285 1.399
Silybin N 0.65 N 3.494 N N 0.285 2.543
Quinadoline B N 0.163 N 1.162 Y N 0.285 1.364
Tingenone N -0.84 N 1.85 N N 0.497 -0.245
Licoleafol N 0.284 N 2.517 N N 0.369 3.528
10-methoxycamptothen N -0.074 N 1.456 Y N 0.295 -0.477
Reference compound 1 
(Baricitinib)

N -0.111 N 1.539 Y N 0.296 1.769 

Reference compound 2 
(Remdesivir)

N 0.15 N 1.639 Y N 0.285 0.291 

LD50 (Lethal Dose) = Lower value predicts minimum toxicity; Maximum tolerated dose = ≤ 0.47 predicts lower toxicity; AMES = Mutagenic or carcinogenic toxicity; LOAEL 
(Lowest adverse effect level test = LOAEL ≤ 10 mg per kg per day were labeled as strong chronic toxicity, chemicals with LOAEL >50 mg per kg per day were labeled as weak 
chronic toxicity and chemicals with LOAEL ranged from 10 to 50 mg per kg per day were labeled as medium chronic toxicity; T. Pyriformis toxicity =Tetrahymena Pyriformis 
toxicity; Minnow toxicity = Acute fathead minnow toxicity is the basis of hazard and risk assessment for compounds in the aquatic environment. Structure–minnow toxicity 
relationship as follows: log LC50 = -0.94 log p + 0.94 log (0.000068 p + 1) -1.25 where p is the n-octanol/ water partition coefficient. 
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3.4 Virtual screening analysis 

Virtual screening, a widely utilized computational tool, plays a crucial role in predicting binding energy across 

diverse complexes such as protein-ligand, protein-protein, and RNA-ligand interactions. Through virtual 

screening 57 compounds were docked with Mpro protein and top ten compounds were selected on the basis of 

high negative binding energy compared to reference. Out of the top 10 potential SARS-CoV-2 inhibitors the 

four are mycochemicals and six are phytochemicals (Table 5).  All the top ten compounds showed better 

binding affinity to Mpro than reference indicating their probable potency as Mpro inhibitor. The binding 

energy of two reference compound Baricitinib and Remdesiviris -7.5 kcal/mol and -8.1 kcal/mol respectively, 

which is lower than the binding energies of the top two compounds; compound 1 (Norquinadoline A) and 

compound 2 (Quinadoline B) with highest binding energy -10.0 kcal/mol, -10.2 kcal/mol, respectively (Table 

5).  The strong binding energy reflects strong interaction between the ligand/compounds and Mpro binding 

pocket residues. These interactions include both hydrogen bonds interactions and non-bonded interactions. The 

compound's interactions with SARS-CoV-2 Mpro residues are shown in (Table 5). Compound 1 formed one 

conventional hydrogen bonds at Asn142(A) and non-bonded interactions at Met 49(A), Met 165(A), Met 49(A), 

Pro 168(A), Glu 166(A), whereascompound 2 formed three conventional hydrogen bonds at Asn 142(A), Glu 

166(A), His 41(A) and non-bonded interactions at Met 49(A), Cys 145(A), Met 49(A), Glu 166(A), His 41(A). 

These interactions were comparable to the reference compound 1  that formed five hydrogen bonds at Phe 

140(A), Glu 166(A), Pro 168(A), Glu 166(A), Gln 189(A), and non-bonded interactions at Glu 166(A) 

andreference compound 2 that formed four hydrogen bonds Cys 145(A), His 41(A),  Cys 145(A), Glu 166(A), 

and non-bonded interactions at His 41(A), Met 49(A), His 41(A), Met 165(A), Thr 25(A), Leu 141(A), Gly 

143(A), Thr 25(A), Thr 24(A) though the interacting binding pocket residues are different in all three 

complexes (Fig. 3 and Fig. 4). The observed hydrogen bond interactions in the binding pocket are biologically 

relevant due to their crucial role in stabilizing the protein-ligand complex. Hydrogen bonds play a key role in 

molecular recognition and binding specificity, contributing to the overall binding affinity. The specificity and 

strength of hydrogen bonding interactions can influence the ligand's ability to form a stable complex with the 

protein, impacting its biological activity and therapeutic potential. 

 

 

Table 5 Virtual screening result of the top ten compounds and two reference compound complexes. 

Compound Binding energy 

(kcal/mol) 

No. of H-bonds H-bond interaction Non-bonded 

interaction 

No. of interacting 

amino acids 

Quinadoline B -10.2 3 Asn 142(A) 

Glu 166(A) 

His 41(A) 

Met 49(A) 

Cys 145(A) 

Met 49(A) 

Glu 166(A) 

His 41(A) 

7 

Norquinadoline A               -10.0 1 Asn 142(A) 

 

Met 49(A) 

Met 165(A) 

Met 49(A) 

Pro 168(A) 

Glu 166(A) 

6 

Scedapin  A                     -9.2 3 Gln 110(A) 

 Ser 158(A)  

Arg 298(A) 

Val 104(A) 

 Arg 298(A)  

Asp 153(A) 

6 
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Protopine -8.8 6 Asn 142(A) 

Glu 166(A) 

Asn 142(A) 

His 41(A) 

Asp 187(A) 

Gln 189(A) 

Met 49(A) 

His 41(A) 

Met 49(A) 

Glu 166(A) 

Met 49(A) 

Cys 145(A) 

12 

Withaferin A -8.8 3 Asn 142(A) 

Leu 287(A) 

Leu 271(A) 

Leu 286(A) 

Tyr 239(A) 

Leu 286(A) 

Leu 272(A) 

Leu 286(A) 

Tyr 237(A) 

9 

Cottoquinazoline B -8.8 1 Glu 166Ā Met 49(A) 

Ṁet 165(A) 

Met 49(A) 

4 

Silybin -8.6 6 Thr 24(A) 

Thr 26(A) 

Glu 166(A) 

Met 165(A) 

Asp 187(A) 

Thr 24(A) 

Met 49(A) 

His 41(A) 

Cys 145(A) 

Thr 24(A) 

His 41(A) 

11 

Tingenone -8.3 3 Gly 275(A) 

Lys 137(A) 

Gly 275(A) 

Leu 286(A) 

Leu 287(A) 

Leu 272(A) 

Tyr 239(A) 

7 

Licoleafol -8.2 6 Cys 143(A) 

Glu 166(A) 

His 164(A) 

His 41(A) 

Thr 25(A) 

His 41(A) 

Met 49(A) 

His 41(A) 

Cys 145(A) 

Met 49(A) 

 

10 

10-methoxycamptothecin -8.1 7 Thr 26(A) 

Gly 143(A) 

Leu 141(A) 

His 163(A) 

Glu 166(A) 

Met 165(A) 

Cys 145(A) 

His 41(A) 8 

Reference compound 1 

(Baricitinib) 

-7.5 5 Phe 140(A) 

Glu 166(A) 

Pro 168(A) 

Glu 166(A) 

Gln 189(A)  

Glu 166(A) 6 
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Fig. 9 (A) Free energy landscape of all four complexes (Compound 1 (A), Compound 2 (B), and Reference compound 1 (C) and 

Reference compound 2 (D). 

 

3.6.6 Energetics of inhibitor binding to Mpro 

MM/PBSA approach was routinely used to calculate binding free energy from MD trajectory. The binding 

free energy of both complexes was calculated using the gmx_mmpbsa method from 600 snapshots extracted 

at equal intervals of 50-200 ns of stable MD trajectories. The contributions of different interactions to the 

binding free energy have been summarized in Table 7. Compound 1 and compound 2 showed high total 

binding free energy compared to reference compound 1 while reference compound 2 showed the highest total 

binding free energy due to its high molecular weight, not following Lipinski's rule of five. This indicates that 

compound 1, compound 2, and reference compounds binds strongly to Mpro. Decomposition into separate 

energy terms showed that the polar solvation energy decreases the binding strength of inhibitors to the 

protease significantly, and thereby reduces the total binding energy in both compound 1 and compound 2 and 

reference complexes due to the positive energy contributions (Table 7). Among the various interactions, van 

der Waal molecular mechanics energy, electrostatic molecular mechanics energy, Polar and Non-polar 

contribution to the solvation-free energy, total gas phase molecular mechanics energy, total solvation energy, 

and total binding free energy showed the most favorable contributions towards the negative binding free 

energy. The energy per residue was also generated to detect the key residues responsible for binding 

interaction with compound 1, compound 2, and the reference drug (Fig. 10-11). Compound 1 
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and phyto-compounds, was carried out towards finding an effective and safe drug against SARS-CoV-2 that 

resulted several molecules as potential Mproinhibitors of SARS-CoV-2. This study represents the 

significant strides made in exploring bioactive natural compounds, specifically myco- and phyto-compounds, 

as potential Mpro inhibitors against SARS-CoV-2 since the onset of the COVID-19 pandemic. By 

synthesizing dispersed knowledge, we have assembled key inhibitors with proven antiviral activities, 

offering valuable insights into the current progress of therapeutic approaches involving phytomolecules and 

mycomolecules. Through systematic in silico screening, we identified top ten compounds, setting the stage 

for subsequent experimental validation. In-depth molecular dynamics studies and MM/PBSA analysis 

culminated in the recognition of Norquinadoline A as the most potent Mpro inhibitor of SARS-CoV-2. The 

promise exhibited by Norquinadoline A positions it as a potential drug lead pending rigorous experimental 

validations and in-vivo observations. Therefore, the present study provides a valuable advancement in the 

development of bioactive natural compound-based treatment of COVID-19. 
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