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Abstract   

For a few decades now, computation methods have been widely used in drug discovery 

or drug repurposing process, especially when saving time and money are important 

factors. Development of bioinformatics, chemoinformatics, molecular modelling 

techniques and machine or deep learning tools, as well as availability of various biological 

and chemical databases, have had a significant impact on improving the process of 

obtaining successful drug candidates. 

 This dissertation describes the role of natural products in drug discovery, as well as 

presents several computational methods used in drug discovery and drug repurposing. 

Application of these methods is presented with the example of searching for potential 

drug treatment options for the COVID-19 disease. The disease is caused by the novel 

coronavirus SARS-CoV-2, which was first discovered in December 2019 and has caused 

the death of more than 5.6 million people worldwide (until January 2022). Findings from 

two research projects, which aimed to identify potential inhibitors of main protease of 

SARS-CoV-2, are presented in this work. Moreover, a summary on COVID-19 treatment 

possibilities has been included.  

In the first project, a ligand-based virtual screening of around 360,000 compounds from 

natural products databases, as well as approved and withdrawn drugs databases was 

conducted, followed by molecular docking and molecular dynamics simulations. 

Moreover, computational predictions of toxicity and cytochrome activity profiles for 

selected candidates were provided. Twelve candidates as SARS-CoV-2 main protease 

inhibitors were identified - among them novel drug candidates, as well as existing drugs. 

The second project was focused on finding potential inhibitors from plants (Reynoutria 

japonica and Reynoutria sachalinensis) and was based on molecular docking studies, 

followed by in vitro studies of the activity of selected compounds, extract, and fractions 

from those plants against the enzyme. Several natural compounds were identified as 

promising candidates for SARS-CoV-2 main protease inhibitors. Additionally, butanol 

fraction of Ryenoutria rhizomes extracts also showed inhibitory activity on the enzyme.  

Suggested drugs, natural compounds and plant extracts should be further investigated to 

confirm their potential as COVID-19 therapeutic options. Presented workflow could be 

used for investigation of compounds for other biological targets and different diseases in 

the future research projects.  
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Zusammenfassung   

 
Seit einigen Jahrzehnten werden bei der Entwicklung und Repositionierung von 

Arzneimitteln rechenintensive computergestützte Methoden eingesetzt, insbesondere da 

Zeit- und Kostenersparnis wichtige Faktoren sind. Die Weiterentwicklung der 

Bioinformatik und Chemoinformatik und die damit einhergehende Optimierung von 

molekularen Modellierungstechniken und Tools für maschinelles sowie tiefes Lernen 

ermöglicht die Verarbeitung von großen biologischen und chemischen Datenbanken und 

hat einen erheblichen Einfluss auf die Verbesserung des Prozesses zur Gewinnung 

erfolgreicher Arzneimittelkandidaten.  

 

In dieser Dissertation wird die Rolle von Naturstoffen bei der Entwicklung von 

Arzneimitteln beschrieben, und es werden verschiedene computergestützte Methoden 

vorgestellt, die bei der Entdeckung von Arzneimitteln und der Repositionierung von 

Arzneimitteln eingesetzt werden. Die Anwendung dieser Methoden wird am Beispiel der 

Suche nach potenziellen medikamentösen Behandlungsmöglichkeiten für die Krankheit 

COVID-19 vorgestellt. Die Krankheit wird durch das neuartige Coronavirus SARS-CoV-2 

ausgelöst, das erst im Dezember 2019 entdeckt wurde und bisher (bis Januar 2022) 

weltweit mehr als 5,6 Millionen Menschen das Leben gekostet hat. In dieser Arbeit 

werden Ergebnisse aus zwei Forschungsprojekten vorgestellt, die darauf abzielten, 

potenzielle Hemmstoffe der Hauptprotease von SARS-CoV-2 zu identifizieren. Außerdem 

wird ein Überblick über die Behandlungsmöglichkeiten von COVID-19 gegeben.  

 

Im ersten Projekt wurde ein ligandenbasiertes virtuelles Screening von rund 360.000 

Kleinstrukturen aus Naturstoffdatenbanken sowie aus Datenbanken für zugelassene und 

zurückgezogene Arzneimittel durchgeführt, gefolgt von molekularem Docking und 

Molekulardynamiksimulationen. Darüber hinaus wurden für ausgewählte Kandidaten 

rechnerische Vorhersagen zur Toxizität und zu Cytochrom-P450-Aktivitätsprofilen 

erstellt. Es wurden zwölf Kandidaten als SARS-CoV-2-Hauptproteaseinhibitoren 

identifiziert - darunter sowohl neuartige als auch bereits vorhandene Arzneimittel.  

 

Das zweite Projekt konzentrierte sich auf die Suche nach potenziellen Inhibitoren aus 

Pflanzen (Reynoutria japonica und Reynoutria sachalinensis) und basierte auf 

molekularen Docking-Studien, gefolgt von In-vitro-Studien der Aktivität ausgewählter 
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Verbindungen, Extrakte und Fraktionen aus diesen Pflanzen gegen das Enzym. Mehrere 

Naturstoffe wurden als vielversprechende Kandidaten für SARS-CoV-2-

Hauptproteaseinhibitoren identifiziert. Außerdem zeigte die Butanolfraktion von 

Ryenoutria Rhizomextrakten ebenfalls eine hemmende Wirkung auf das Enzym.  

 

Die vorgeschlagenen Arzneimittel, Naturstoffe und Pflanzenextrakte sollten weiter 

untersucht werden, um ihr Potenzial als COVID-19-Therapieoptionen zu bestätigen. Der 

vorgestellte Arbeitsablauf könnte in zukünftigen Forschungsprojekten zur Untersuchung 

von Verbindungen für andere biologische Ziele und verschiedene Krankheiten verwendet 

werden.  
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1. Introduction  

1.1 Aim of the thesis  

 

The aim of this dissertation is to show the application and the significance of 

computational approaches in developing novel drugs and also in repurposing of existing 

drugs, as well as to demonstrate the importance of natural products in drug discovery. 

The focus of the work and choice of the molecular target for drug discovery was 

determined by the current situation, that being the ongoing global coronavirus pandemic.  

The pandemic started at the end of 2019 and was caused by the novel coronavirus (Sars-

CoV-2). This virus has caused the death of more than 5.6 million people (from December 

2019 until January 2022) and significantly altered everyday life around the globe. Large 

numbers of infected people have become an enormous challenge for healthcare 

providers and governments worldwide and required special measures to be introduced to 

help fight the pandemic. Rapid development of vaccines against COVID-19 (1) has had 

a huge impact on reducing deaths caused by the virus, but has not solved the problem, 

as a shortage of vaccines persists in many countries, and there are sizable groups of 

people who cannot or do not want to be vaccinated. Additional challenges have been 

caused by subsequent coronavirus variants, such as B.1.617.2, called Delta (2) or 

B.1.1.529, called Omicron (3), which are more resistant to vaccines than the original virus. 

For these reasons, there is still a need of searching for potential therapeutic options, as 

well as developing better and faster testing methods to improve the virus detection 

process. 

This dissertation summarises two research projects focused on finding potential drug 

candidates against COVID-19, which can act as inhibitors of the Sars-CoV-2 main 

protease (called Mpro or 3CLpro). Most of the candidates that were explored were natural 

product-based compounds. Different computational approaches were used for screening 

and selecting the best candidates. 
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Project I (‘Computational Prediction of Potential Inhibitors of the Main Protease of 

SARS-CoV-2’. Published December 2020 in Frontiers in Chemistry) was focused on 

searching for potential inhibitors of the main protease of SARS-CoV-2 among 

compounds from four different databases: natural products, Traditional Chinese 

Medicine (TCM), approved drugs, and withdrawn drugs. Ligand-based virtual screening 

of around 360,000 compounds was followed by molecular docking, molecular dynamics 

studies and computational prediction of toxicity and cytochrome activity profiles (4).  

 

Project II (‘Reynoutria Rhizomes as a Natural Source of SARS-CoV-2 Mpro Inhibitors-

Molecular Docking and In Vitro Study’. Published July 2021 in Pharmaceuticals) was 

focused on finding potential inhibitors of the SARS-CoV-2 main protease from plants 

(Reynoutria japonica and Reynoutria sachalinensis), based on molecular docking studies, 

followed by in vitro studies of the activity of selected compounds, extracts, and fractions 

from those plants against the enzyme. (5). The selection of these plants was influenced 

by the previous research projects involving Reynoutria species and their compounds (6). 

1.2 The role of natural products in drug discovery  

Natural products (NPs), because of their wide-ranging diversity, complexity of structures, 

unusual scaffolds and rich functionalities are very potent and important compounds for 

drug candidates. There are few definitions of natural products, one of which classifies 

NPs as secondary metabolites produced by living organisms (mostly plants, bacteria, 

fungi, or animals) (7). Natural products are also very challenging compounds because of 

their structural complexity, which also is often connected to their larger size and high 

flexibility. In many cases, their mode of action is not well understood as they often interact 

with multiple targets (8).  

Nevertheless, in recent years interest in natural products as potential drugs candidates 

has again begun to rise, especially after 2015, when the Nobel Prize in Physiology or 

Medicine was awarded for the discovery of avermectins and artemisinin (8). Avermectin, 

which is a microbial natural product, and its derivatives caused a decrease of the incidents 

of River Blindness and Lymphatic Filariasis. Artemisinin, which is a plant based natural 

product, has significantly reduced the mortality caused by malaria parasites (8). 

Additionally, a few artemisinin analogues (dihydroartemisinin, artemether, and 

artesunate) have also been successfully used for malaria treatment (9).  
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Another reason for increased interest in natural products is the ongoing development of 

data mining and analyses of genomic, transcriptomics, proteomics and metabolomics 

data, as well as better understanding of the bioactivity of plant metabolites and 

mechanisms of action. Also, the development of synthetic biology and genetic 

engineering strategies gives opportunities for more efficient production of natural 

compounds, as well as the possibility of introducing new functionality by biosynthetic 

pathways modifications (10).  

In recent years, more natural products databases have been developed - both 

commercial, such as Dictionary of Natural products (DNP) (11), or open-source, such as 

SuperNatural II database (12). They are often divided based on the category of 

geographic location: Chinese, African, or Indian traditional medicine, or other categories 

such as NPs found in food or marine NPs (7). Also, databases of mass spectrometry data, 

such as European MassBank (13), or nuclear magnetic resonance data, such as 

Spektraris NMR database (14), provide information about the MS and NMR spectra of 

natural products.  

Synthetic drugs are still the majority of all approved drugs, but there is a growing 

percentage of natural product-based drugs. They could be classified into a few 

categories: unaltered natural products (N), natural products derivatives (ND), botanical 

drugs (NB) or biological macromolecules (B), which are usually peptides or proteins 

containing more than 50 residues (15). Another category represents synthetic drugs 

inspired by natural products (NPMs) (16). In the last nearly 40 years (from 1981 till 2019) 

natural products (N, NB and ND) constituted 23,5% of all approved drugs and 33,6 % of 

small-molecule approved drugs (15). They play an important role especially in the case 

of antibacterial and anticancer drugs, where respectively around 55% and 25% of all 

approved drugs are natural products or their derivatives (15). Some of the examples of 

antibacterial and anticancer drugs are shown in Table 1.  
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Table 1: Examples of antibacterial and anticancer natural product-based drugs (15); Abbreviations:  

                N- natural products, ND- natural products derivatives  

 
Generic name Trade name Year of 

introduction 
Source 

Antibacterial drugs 

netilimicin sulfate Netromicine 
1981 N 

carumonam Amasulin 
1988 N 

tazobactam sodium Tazocillin 
1992 ND 

retapamulin Altabax 
2007 ND 

lefamulin Xenlita 
2019 ND 

Anticancer drugs 

paclitaxel Taxol 
1993 N 

romidepsin Istodax 
2010 N 

idarubicin HCl Zavedos 
1990 ND 

gemtuzumab ozogamicin Mylotarg 
2000 ND 

midostaurin Rydapt 
2017 ND 
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1.3 The role of computational methods in drug discovery and drug repurposing  

 

Computational methods are widely used and are essential tools in drug discovery and 

drug repurposing, especially when considering factors of time and money. Continuous 

development of different bioinformatics and chemoinformatics methods, AI techniques, 

as well as development of different databases of compounds and biological targets, web 

servers and platforms, significantly improve the process and quality of the results.  

Traditional approach to drug discovery process can take up to 15 years (17). 

Computational approaches, used in the first stages of drug discovery or drug repurposing, 

can shorten this process and lower costs of identifying targets and potential drug 

candidates. The standard pipeline contains such steps as: identification and validation of 

a target, identification of potential drug candidates, in-vitro and pre-clinical studies, and 

clinical studies (Figure 1) (17). Drug repurposing additionally shortens the time of 

introducing a new drug into the market by omitting the in-vitro and pre-clinical phase, as 

well as Phase I of clinical studies, if the compound has previously been approved by FDA 

(18).  

 

 

Figure1: Drug discovery workflow. Schematic representation of main steps in drug discovery process 

from target identification to drug approval. The figure is modified from Hughes et al., 2011 (17).  

Between 1981 and 2019 more than 70 drugs that were developed with the application of 

CADD (computer-aided drug design), were approved (19). Included among such drugs 

are tyrosine kinase inhibitors, such as: Imatinib (1990), Lorlatinib (2018) or HIV-1, 

protease inhibitors, such as:  Saquinavir (1995), Ritonavir (1996), Lopinavir (2000), and 

many others (19). As for successfully repurposed drugs, two such examples can be 

mentioned: Raloxifene, which was first used for osteoporosis and was afterwards 

approved to use for breast cancer treatment; and Thalidomide, used for morning 

sickness, and later approved also for multiple myeloma (20). Computational approaches 
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are widely used, for instance, in anti-cancer drug discovery - especially for target 

predictions, binding site prediction, interaction network analysis etc. (21). Notably, they 

are also employed in antiviral drug discovery, which has been particularly visible during 

the COVID-19 pandemic, where researchers worldwide struggled to develop novel drugs 

against the coronavirus disease. There are numerous examples of publications showing 

the application of computational methods for screening large numbers of compounds as 

potential candidates for drugs against COVID-19 (22) (23) (24) (25).  

Computer-aided drug design (CADD) methods can be classified into two major 

categories: ligand-based (LBDD) and structure-based (SBDD) methods (26). Additionally, 

two more categories can be differentiated: fragment-based methods, which includes 

fragment-based docking, fragment-based QSAR or ligand growing, and secondly, 

system-based methods, such as protein-ligand interactome, protein-protein interactom, 

and drug-target gene expression (27).  

Ligand-based and structure-based methods in drug discovery play an important role in 

virtual screening (VS), which is widely used in early stages of drug discovery process. It 

is a cheaper and faster method than using experimental techniques for identifying active 

molecules, such as high-throughput screening (HTS), which allows the screening of large 

numbers of compounds for a specific target (28). LBVS is based on the assumption that 

molecules with a similar structure can resemble each other’s biological activity (29), and 

it is based on the comparison of compound structures by using different descriptors and 

molecular fingerprints.  

Structure-based virtual screening (SBVS) is a major technique used in structure-based 

drug discovery (30). Structure-based methods rely on a 3D structure of the target and 

investigation of the binding mode of targets with ligands. Molecular docking methods are 

used in SBVS for screening large numbers of ligands into the binding site of selected 

biological targets. Also, fragments of ligands can be docked and then linked together, but 

this approach requires using additional software to help with synthesizability of ligands 

produced in this manner (27). An example of such software for designing new drug-like 

molecules or for optimization of existing ligands could be AutoGrow4 (31). Another type 

of virtual screening, called IVS (inverse virtual screening), also uses molecular docking 

where, conversely, multiple proteins are docked against one ligand to find a potential 

target for this ligand (32). 
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Also, machine learning (ML) and deep learning (DL) methods are applied to the virtual 

screening process, either by a combination with other methods or as separate tools. They 

could enhance the ligand-based virtual screening by improving similarity searching and 

its data mining process, as well as structure-based virtual screening by improving scoring 

functions (19). The most commonly used ML techniques in drug discovery classified as 

supervised learning are: support vector machines (SVM), random forest (RF), decision 

trees (DT), k-nearest neighbours (k-NN) or Naive Bayes (NB) methods. To unsupervised 

learning, such methods as: k-means clustering, or principal component analysis (PCA) 

are included (33) (34). Deep learning is a subcategory of machine learning and can find 

application in compounds classification, targets identification or QSAR studies, for 

example, by using an artificial neural networks (ANNs) approach.  

In structure-based methods, availability of 3D structures of a target is a limitation. When 

experimentally solved protein structure is not available, computational methods in 

structure prediction play an important role. Homology modelling is one of such methods 

and it is based on the alignment to the reference protein. It can be based on global or 

local alignment (35). Web servers, such as SWISS-MODEL can be used for this purpose 

(36). Structure can be also determined using ab initio modelling, which is not a simple 

approach as it involves building the structure from scratch, without known folding patterns 

and only sequence information. An example of a protein structure prediction server is 

Robetta (37), which predicts 3D protein structure based on the amino acid sequence and 

is using Rosetta modelling software (38). Robetta, aside from ab initio modelling, provides 

further options for structure predictions, such as deep learning and comparative 

modelling.   

For optimization of predicted structures, especially loops and side chains - molecular 

dynamics (MD) methods can be used (39). MD simulations often follow virtual screening 

to provide additional information concerning the stability of target-ligand complexes, 

analyses of interaction, fluctuations and for calculation of free binding energy (40). 

Because of the constant increase of computational power, possibilities of conducting 

longer and more complex simulations has improved in recent years.   

Computational methods for drug discovery can be also used in drug repurposing 

workflows. Particularly, methods such as ligand similarity searching or molecular docking 

and inverse molecular docking, used for the identification of new targets for existing 
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drugs. There are, however, several other approaches to drug repurposing. One of them 

is based on transcriptomic data (41), which provides information about both 

overexpressed and underexpressed genes of biological systems after treatment with 

different drugs. Obtained in such a way transcriptional signatures can be used to find new 

therapeutic connections between known pharmacologically active compounds and new 

diseases. One of the databases that provides the information on molecular transcriptional 

signatures is Connectivity Map (CMap) (42). Another approach for drug repurposing is 

network-based approach, where drugs, targets and pathways are represented by nodes 

and edges represent interactions between connected nodes. Biological network 

perturbations play an important role, especially in case of complex diseases (41). 

2. Methods 

This dissertation presents a combination of several computational methods that were 

used for prediction of potential Sars-CoV-2 main protease inhibitors. One of the main 

methods employed was molecular docking, used in both projects explored in this thesis. 

Additionally, in Project I molecular docking was preceded by ligand-based virtual 

screening and followed by molecular dynamics, as well as cytochrome activity and toxicity 

prediction (4). In Project II, molecular docking was followed by in vitro studies of selected 

compounds (5). Both workflows are presented in Figure 2 and Figure 3.  

  
 

Figure 2: Project I workflow. Schematic representation of computational methods used in the virtual 

screening of compounds from 4 databases of drugs and natural compounds to select best candidates for 

potential Sars-CoV-2 main protease inhibitors. Own representation, based on the workflow described by 

Abel et al., 2020 (4).  
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Figure 3: Project II workflow. Schematic representation of combination of computational methods and in  

                vitro studies to select best candidates for potential Sars-CoV-2 main protease inhibitors. Own  

                representation based on the workflow described by Nawrot-Hadzik et al., 2021 (5).  

2.1 Ligand-based virtual screening (LBVS)  

Ligand-based virtual screening (LBVS) and structure-based virtual screening (SPVS) are 

both widely used techniques in computer-aided drugs design (CADD). One of the 

commonly used methods in ligand-based virtual screening is searching for molecular 

similarity to predict properties of the compounds. This method is based on the assumption 

that similar molecules may have similar bioactivity (43). To analyse the similarity between 

molecules, firstly - the structural representation of a molecule needs to be chosen (such 

as physicochemical properties, pharmacophore features, molecular shapes), and 

secondly - the quantitative measurement of similarity between molecular structures needs 

to be specified (such as Tanimoto coefficient, Dice index, Tversky index) (26). There are 

2D and 3D approaches in similarity search. Fingerprint similarity search is the most 

common 2D method, where fingerprints are encoded with the structural features of 

molecules. It is a fast and efficient approach but is based only on 2D structural 

information. The most common 2D fingerprints are: molecular access system fingerprints 

(MACCS), circular fingerprints (e.g., ECFP), topological (e.g., E-state), path-based 

fingerprints (e.g., FP2), pharmacophore fingerprints (e.g., ERG) and hybrid fingerprints 

(e.g., Unity 2D) (44) (45). 3D methods include 3D fingerprints, shape similarity and 

pharmacophore modelling (26). Molecular similarity methods are based on the global 

molecular view of molecules, in contrast to pharmacophores analyses or QSAR 

(quantitative structure–activity relationships) analyses, which are focused on local 

similarities during comparison of molecular structures with each other (29). 
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In Project I, ligand-based virtual screening was conducted using KNIME software (46). 

KNIME workflow for calculation of Tanimoto pairwise similarities was designed (Figure 

4). RDKit nodes (47) were used for calculating different types of molecular fingerprints: 

MACCS, E-state and ECFP4. Based on the comparison of hits and Tanimoto scores - 

MACCS molecular fingerprints (48) were chosen for the following steps. Those 

fingerprints are bit strings with 166 structural keys, representing the presence or absence 

of specific fragments, functional groups, or substructures and are the most popular key-

based fingerprints (44). 

 

Figure 4: Workflow for similarity search. The figure is generated in KNIME software (46). 

 

As reference compounds for virtual screening, structures of co-crystallized ligands 

obtained from the PDB database were used. Two PDB structures of the main Sars-Cov-

2 protease (Mpro) were chosen: 6LU7 with N3 ligand as well as 6Y2F with ligand 6OK 

(Figure 5). Tanimoto scores were calculated for all compounds and the top 10 compounds 

with the highest Tanimoto score from each of four databases were selected for further 

steps. 
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A      B 

                 
 

Figure 5: Co-crystalized ligands of SARS-CoV-2 main protease. A - N3 ligand; B - 6OK ligand.  

The structures are generated in PubChem Sketcher V2.4 (49). 

 

2.2 Molecular docking  

Molecular docking plays an important role in predicting the binding mode of the ligands in 

the protein binding site. Usually, docking approaches are focused on targeting orthosteric 

sites of the protein, but often allosteric sites need to also be considered (27).  An example 

of such a target is cannabinoid receptor CB1, which has three allosteric sites (50). There 

are many types of docking software. Most known are AutoDock, AutoDock Vina, 

Schrödinger Glide or CCDC GOLD (51). Additionally, there are numerous online docking 

servers available, such as: Swiss Dock, for docking of small molecules to target proteins 

(52); blind docking servers to predict binding sites of proteins, for instance, Achilles Blind 

Docking Server (53) or CB-Dock server (54); and docking servers for protein-protein 

docking or protein–DNA/RNA docking, such as HDOCK (55).   

For both projects presented in this work – GOLD docking software was used. This 

program uses a genetic algorithm and the GOLD scoring function. A crystal structure of 

the main protease of SARS-CoV-2 (PDB code: 6LU7) with its co-crystallized ligand (called 

N3) was downloaded from the PDB database. It was the first available crystal structure 

of this protease (56). 

Re-docking of the co-crystallized ligand from the PDB structure was done as a first step. 

RMDS values were calculated to validate the docking protocol. Following this, compound 

structures were prepared and docked into the binding site of the protein, which was 

defined based on the co-crystallized ligand pose. Ten poses were generated for each 

molecule and each of them were then analysed in terms of interactions with crucial 
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residues. The crucial residues were defined based on the literature (56). Analyses of 

molecular interactions were conducted with the Discovery Studio (57) and PyMOL 

software (58). 2D diagram interactions were generated for the best poses.   

Molecular docking was used with a different approach in both projects. In Project I, the 

application of this method was connected to virtual screening and docking of a larger 

number of compounds (80 compounds) from four different databases, which was 

preceded by ligand-based virtual screening of almost 360,000 compounds and followed 

by molecular dynamics to then select best candidates for inhibitors of main Sars-Cov-2 

protease.  Molecular docking analyses led to the choice of the best 12 candidates for MD 

simulations. Project II was focused on molecular docking of a smaller number of 

compounds (25 compounds), which are known metabolites from Reynoutria rhizomes in 

order to check their activity against Mpro. In this instance, molecular docking analysis 

helped to select candidates for in vitro studies as a next step. In both projects molecular 

interactions were analysed not only based on the docking scores, but through visual 

inspection of the binding modes to choose only those compounds for the following stage 

of the project, which created hydrogen bonds with significant residues. 

2.3 Molecular dynamics  

Molecular dynamics (MD) simulations were included in Project I. Conducting MD 

simulations is a crucial step in drug discovery workflow, as they provide a broader range 

of information on the stability of the protein-ligand complex than docking studies alone. 

Analysis of the trajectories can provide such measures as root-mean-square deviations 

(RMSD) or root-mean-square fluctuations (RMSF). Also, binding free energy calculation, 

ΔG (the difference between the free energy of an unbound ligand and a ligand bound to 

the target), can be calculated (59). The most commonly used software for MD simulations 

are AMBER, CHARMM, GROMACS, NAMD and DESMOND (59).  

MD simulations were conducted with the DESMOND software, included in Schrödinger 

LLC Maestro suite 2019 (60). The GPU version was used with the NVIDIA QUADRO 

5000 workstation. The OPLS3 force field was employed. After system minimization (2000-

time steps), 100ns MD simulations were performed. Analyses of the trajectories were 

mainly based on RMSD calculations and analyses of protein-ligand contacts during 

simulation with top interacting residues. Moreover, free energy calculations were 
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performed using the MM-GBSA method (molecular mechanics–generalised Born surface 

area) (61).  

2.4 Toxicity and cytochrome activity prediction 

For the 40 selected compounds in Project I (10 from each database), toxicity prediction 

and cytochrome 450 enzymes (CYPs) inhibition profiles were additionally computed. The 

ProTox-II web server, which includes 40 toxicity models, was used for toxicity prediction 

(62). There are six toxicity classes that could be predicted with this server, where class 1 

means that the compound is highly toxic (LD50 <=5) and class 6 that it is nontoxic (LD 50 

> 5000). 

CYP prediction was done with SuperCYPsPred web server, which currently includes 10 

models for the main CYPs isoforms, among which are: CYP1A2, CYP2C19, CYP2D6, 

CYP2C9 and CYP3A4 (63). These listed are five out of 57 existing isozymes in humans 

and are the most important cytochromes responsible for the metabolism of most drugs. 

CYP prediction plays an important role in predicting toxicities connected to drug-drug 

interactions (DDI). It is an important step in the drug design process, in addition to ADME 

and toxicity prediction methods (63).  

Both web servers: ProTox-II and SuperCYPsPred were developed by the members of 

Charite Structural Bioinformatics research group. There are also many other available 

platforms, web servers or machine learning models for toxicity prediction (64) (65), ADME 

properties prediction (66) (67) or prediction of cytochrome 450 (CYP) metabolism (68), 

which could be used in the drug discovery process. 

2.5 Compounds and databases  

Application of computational methods in drug discovery and drug-repurposing would not 

be possible without parallel development of databases from where compound structures 

and protein structures could be obtained. The most commonly used compound databases 

used in drug discovery are: ZINC, PubChem or ChEMBL (19), but there are also many 

other specialised databases, such as: drugs databases (e.g. DrugBank (69)), natural 

product databases (e.g. COCONUT database (70)), Traditional Chinese Medicine 

databases (e.g. YaTCM (71), and Indian medicinal plants databases (e.g. IMPPAT (72)), 
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to name a few. The extensive list of 120 natural products databases can be found in the 

review by Sorokina & Steinbeck (7), from which around 50 are open access. Protein 

structures are available in the PDB database, which currently comprises more than 

180,000 structures (73). Most of the structures in this database are determined through 

X-Ray crystallography (80%) or nuclear magnetic resonance (NMR) spectroscopy (16%). 

Another technique is Cryo-Electron Microscopy, which in contrast to X-ray 

crystallography, enables one to observe the native environment of the structure (35).   

In Project I, an approved drug database, called SuperDrug2 (74) and withdrawn and 

discontinued drugs database, called WITHDRAWN (75), as well as two databases of 

natural products, which is Super Natural II (76) and SuperTCM (77) were used for virtual 

screening. All four databases were developed by members of the Charite Structural 

Bioinformatics research group. The final dataset consisted of around 360,000 

compounds.  

In Project II, 25 compounds were selected, based on the knowledge of the compounds 

which are present in the rhizomes of Reynoutria Plans (78).  Selected compounds belong 

to five phytochemical classes: anthraquinones, flavan-3-ols, phenylpropanoid 

disaccharide esters, procyanidins and stilbenes. The structures of these compounds were 

obtained from the PubChem database.  

2.6 In vitro studies 

 
In vitro studies in spectrofluorimetric assay were performed for selected compounds, 
extracts, and fractions from Reynoutria rhizomes, as a part of Project II. The procedure 

that was used was previously described in the other publication concerning SARS-CoV-

2 inhibitors (79). Fluorescent peptide (QS1, Ac-Abu-Tle-Leu-Gln-ACC) was used as a 

substrate for SARS-CoV-2 Mpro (80). Measurements were done with the Molecular 

Devices Spectrofluorometer - SpectraMax Gemini XPS. Compounds for in vitro studies 

were chosen not only based on the most promising docking results, but also on the 

availability of the compounds from the Reynoutria rhizomes, as not all of the compounds 

of interest could be extracted or were available from vendors.  
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3. Results  

3.1 Project I 

Ligand-based virtual screening of around 360,000 compounds, based on a fingerprint’s 

similarity with the reference molecules (N3 and 6OK), led to the selection of best 80 

candidates (20 from each database), are presented in Table 2 and Table 3. The Tanimoto 

score for selected compounds ranged between 0.63 and 0.83 (4).  

Table 2: Top 40 compounds, potential inhibitors of SARS-CoV-2 main protease, with Tanimoto scores.  

               The scores are calculated based on the similarity to reference molecule - N3 inhibitor. The table     

                is modified from Abel et al., 2020 (4).  

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

SuperTCM Super Natural II 
 

SuperDrug2  WITHDRAWN  

 

Pseudostellarin C 0.77 SN00308384 0.76 Elcatonin 0.74 Saralasin 0.71 

Nummularine A 0.76 SN00017653 0.75 Secretin porcine 0.74 Romidepsin 0.71 

Notoamide G 0.76 SN00227324 0.74 Daptomycin 0.74 Abarelix 0.69 

Segetalin D 0.76 SN00270610 0.74 Enfuvirtide 0.73 Saquinavir 0.67 

Jubanine A 0.75 SN00354661 0.74 Albiglutide 0.73 Trabectedin 0.67 

Notoamide R 0.75 SN00254530 0.74 Secretin human 0.73 Topotecan 0.66 

Mauritine A 0.75 SN00314990 0.74 Angiotensin II 0.73 Pentagastrin 0.65 

Dianthin E 0.74 SN00019468 0.74 Naldemedine 0.72 Rescinnamine 0.65 

Segetalin E 0.74 SN00303378 0.73 Angiotensinamide 0.72 Dirithromycin 0.64 

Mauritine B 0.74 SN00238988 0.73 Eledoisin 0.72 Aliskiren 0.63 
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Table 3: Top 40 compounds, potential inhibitors of SARS-CoV-2, with Tanimoto scores. The scores are  

               calculated based on the similarity to reference molecule - O6K inhibitor. The table is modified from  

               Abel et al., 2020 (4).  

 

SuperTCM 
Super Natural II 
 

SuperDrug2  
 

WITHDRAWN  

 

Hirudin 0.82 SN00109804 0.83 Lopinavir 0.83 Saralasin 0.78 

Segetalin E 0.80 SN00087725 0.82 Angiotensinamide 0.82 Saquinavir 0.77 

Lyciumin C 0.80 SN00077453 0.82 Indinavir 0.82 Trabectedin 0.74 

Celogenamide A 0.80 SN00077454 0.82 Dihydroergocristine 0.81 
Tofacitinib 
Citrate 0.73 

Notoamide O 0.80 SN00101312 0.82 Dihydroergocornine 0.81 Lypressin 0.73 

Ergosine 0.79 SN00108593 0.82 Dihydroergocryptine 0.81 Alatrofloxacin 0.73 

Ergosinine 0.79 SN00107903 0.8 Epicriptine 0.80 Nelfinavir 0.73 

Ergocornine 0.79 SN00213824 0.8 Bivalirudin 0.80 Pentagastrin 0.72 

Ergocorninine 0.79 SN00012917 0.79 Dihydroergotamine 0.79 Azlocillin 0.72 

Ergocryptine 0.79 SN00101324 0.79 Telaprevir 0.79 Telithromycin 0.71 
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Interaction analyses of all docked 80 compounds helped to identify the 12 best candidates 

(3 from each database), which were later chosen for molecular dynamics simulations 

(Table 4 and Table 5). 

Selected candidates were chosen based on the presence of interaction with crucial 

residues of SARS-CoV-2 main protease, which were catalytic site residues Cys145 or 

His41, and also with other residues from the binding site, such as Ser144, Glu166, Gln189 

or Gln192. The interaction diagrams presented in Table 4 and Table 5 were created with 

BIOVIA Discovery Studio (57). The 3D visualization of the main protease (PDB code: 

6LU7) in complex with redocked N3 ligand is presented at the Figure 6A and 6B.  The 3D 

visualization was created with PyMOL software (58).  

 
Table 4: Selected candidates from SuperNatural II and SuperTCM database for inhibitors  of 3CLpro, based  

              on the molecular docking studies (4). 2D interaction diagrams were created with BIOVIA Discovery  

              Studio (57).  

 

SuperNatural II database  SuperTCM database  

SN00017653  

 

 

Notoamide R  
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SN00019468  

 
 

Dianthin E  

 

 

SN00303378  

 

Pseudostellarin C 
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Table 5: Selected candidates from SuperDrug 2 and WITHDRAWN database for inhibitors of 3CLpro,  

                based on the molecular docking studies (4). 2D interaction diagrams were created with BIOVIA  

                Discovery Studio (57).  

SuperDrug2 database  WITHDRAWN Database  

Naldemedine 

 

 

Saralasin  

 

 Eledoisin 

 

Saquinavir  
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Angiotensin II  

 

Aliskiren  

 
 

 

A        B 

   

Figure 6: 3D visualization of the main SARS-CoV-2 protease in complex with ligand N3.      

                     A - the whole enzyme; B - the binding site of the enzyme. The figure is generated in PyMOL  

                     software (58).  

 

Molecular dynamics simulation and analyses of MD trajectories gave additional 

information on the stability of the selected compounds in complex with 3CLpro. Out of 3 

candidates from the natural products database, compound SN00017653 shows the 
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highest stability and lowest RMSD values for ligand and protein atoms. However, all three 

compounds have similar MM-GBSA values, around -54 kcal/mol. From the SuperTCM 

database, both compounds Pseudostellarin C and Dianthin E showed a high stability for 

the first 40ns of the simulation and after in both cases pose rearrangement could be 

observed. Still, there were few stable contacts observed after rearrangement, so both 

could be considered as good inhibitors. Notoamid R showed high instability and poor 

protein-ligand contacts. Additionally, this compound had poor MM-GBSA values (−21.4 

kcal/mol). When considering the SuperDrug2 database, Angiotensin II shows higher 

RMSD values than Naldemedine and Eledoisin and might be less stable in complex with 

3CLpro, even though the MM-GBSA values are low (−74.9 kcal/mol).  For Naldemedine 

it was −64.2 kcal/mol, and a particularly high affinity value was observed in case of 

Eledoisin (−93.3 kcal/mol). Aliskieren, from a withdrawn database, seems not to be a 

good candidate when analysing the protein-ligand contacts, even though there are low 

MM-GBSA values (-61.2 kcal/mol). Two other compounds from this database Saquinavir 

and Saralasin are better candidates, as both showed good performance during MD 

simulation and MM-GBSA values respectively −54.3 kcal/mol and −61.8 kcal/mol.  

Predictions of toxicity as well as cytochrome inhibition profiles were also conducted for 

selected compounds. For all three compounds from the SuperTCM database, a toxicity 

class 4 was predicted, as well as for most of the compounds from the SuperNatural II 

database (besides SN000303378, where toxicity class 3 was predicted). For approved 

and withdrawn drugs - toxicity class 4 or 5 was predicted. Eledoisin, Angiotensin II and 

Saralasin have no interaction with CYP and no toxicity endpoint predicted. Also, they all 

belong to toxicity class 5. Naldemedine and Saquinavir belong to toxicity class 4 and both 

interact with 3A4, while for saquinavir additionally with 2C8, 2C9, 2C19, 2D6 and 3A5 

CYPs were predicted. CYP activity profile of this drug shows that clinically relevant drug-

drug interactions with co-administered drugs may occur.  
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3.2 Project II  

 

The second project concerning the search for natural product based potential inhibitors 

of coronavirus main protease (Mpro), combines both in silico and in vitro studies (5). 

Twenty-five active compounds known to be present in the Reynoutria japonica and 

Reynoutria sachalinensis plant’s rhizomes were selected for docking into the binding site 

of the main protease of SARS-CoV-2. The composition of compounds of those two 

Reynoutria rhizomes was known from the previous studies (78). Molecular docking 

interaction analyses showed that the best 12 candidates for potential inhibitors belong to 

three of the phytochemical classes: procyanidins, phenylpropanoid disaccharide esters 

and anthranoids (Table 6).  

 
Table 6: Twelve best candidates for main protease of SARS-CoV-2 inhibitors from Reynoutria rhizomes.  

               The table modified from Nawrot-Hadzik et al., 2021 (5). 

 Procyanidins  Phenylpropanoid 
disaccharide esters 

Anthranoids 

Cinnamtannin A2 

Procyanidin B2 3,3’-di-O-gallate 

 

Procyanidin C1 

 

Procyanidin C1 3’,3’’-di-O-gallate 

Vanicoside A 

 

Vanicoside B 
 

Vanicoside C 

 

Hydropiperoside 

 

Lapathoside C 

 
Tatariside B 

Emodin 

 

Emodin bianthrone 

 

Not all of the 12 compounds were available for in vitro validation, but only five of them: 

vanicoside A, vanicoside B, procyanidin B2 3,3’-di-O-gallate, procyanidin C1 and emodin. 

Interaction analyses of those compounds, crated with BIOVIA Discovery Studio, are 

presented in Table 7. However, an additional six compounds were selected for in vitro 

studies (resveratrol, piceid, (-)-epigallocatechin gallate, epicatechin, epicatechin gallate 

and procyanidin B2). Those compounds had less promising docking results, but as they 

were available for testing, they were used for validation of docking results.  
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In case of those compounds either interactions with catalytic residues Cys145 or His41 

were not observed, or hydrogen bonds with other crucial residues such as Gly143, 

Ser144, Glu166, Gln189 or Thr190 were not created.  

 
Table 7: Selected candidates for in vitro studies - potentially good candidates for main protease of SARS- 

               CoV-2 inhibitors (based on interaction analyses). The table modified from Nawrot-Hadzik et al.,  

               2021 (5). 
Vanicoside A 

 

Vanicoside B 

 

Procyanidin B2 3,3'-di-O-gallate 

 

Procyanidin C1 
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Emodin 

 

 

Together, 11 compounds were selected for in vitro studies and nine of them (beside 

epicatechin and epicatechin gallate) inhibited SARS-CoV-2 Mpro enzyme at the 

concentration of 100 uM. The best inhibition of the enzyme - over 50%, was observed for 

vanicoside A, vanicoside B and emodin, and over 20% for procyanidin B2 3,3’-di-O-

gallate and procyanidin C1. Weaker Inhibition - below 20%, was observed for 

epigallocatechin gallate, procyanidin B2, resveratrol and piceid. Those results are 

consistent with the docking results and selection of the best candidates by analyses of 

interaction analyses. Additional inhibition analyses also revealed that two best candidates 

for Mpro inhibitors - vanicoside A, vanicoside B - showed significant inhibition at lower 

concentrations (starting at 13.2 uM). The calculated IC50 value for vanicoside A was 

23.10 uM, and for vanicoside B it was 43.59 uM.  

 

Besides the selected 11 compounds, acetone extracts from rhizomes of R. japonica and 

R. sachalinensis, and five fractions (dichloromethane, diethyl ether, ethyl acetate, 

butanol, and water) obtained from those acetone extracts, were tested. Each of them 

inhibited the Mpro enzyme significantly at over 50%, with the concentration of 50 ug/mL 

and the strongest inhibition was observed for the extracts and for their butanol fractions. 

IC50 for R. sachalinensis acetone extract was 9.42 ug/mL and for its butanol fraction 

4.031 ug/mL, whereas IC50 for R. japonica acetone extract was 16.90 ug/mL and 

7.877 ug/mL for its butanol fraction.  
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 4. Discussion  

4.1 Short summary of the results  

This work presents how computational methods were applied in the process of drug 

discovery and drug repurposing, and is focused on searching for potential drug 

candidates for COVID-19 treatment.  

 

As a result of Project I (4), ligand virtual screening of around 360,000 compounds from 

four databases led to the choice of best 80 candidates for inhibitors of the main protease 

of SARS-CoV-2. Based on docking analyses of all those compounds, the 12 best 

candidates were selected. Molecular dynamics simulations, as well as prediction of 

toxicity and cytochrome inhibition profiles, narrowed the group of best candidates to 

seven compounds, which are natural products such as: compound SN0001765, 

Pseudostellarin C and Dianthin E, and known drugs such as: Naldemedine, Eledoisin, 

Saralasin and Saquinavir. Saquinavir was also identified in previous studies as a potential 

candidate (81), but the concern about this drug could be its cytochrome activity profile, 

which shows that clinically relevant drug-drug interactions may occur with co-

administered drugs. The other three drugs and three natural compounds were most likely 

reported as potential SARS-CoV-2 main protease inhibitors for the first time.  

 

Results of Project II (5) suggest that R. japonica and R. sachalinensis rhizomes could be 

the source of potential SARS-CoV-2 main protease inhibitors. Two compounds 

vanicoside A and vanicoside B showed best inhibition values of the enzyme among 11 

selected compounds for in vitro testing. Also, interaction analyses of docking results 

suggested that those compounds could be a potential candidate for inhibitors. However, 

the highest inhibition values were obtained for a butanol fraction of the extracts from R. 

japonica and R. sachalinensis rhizomes, which suggests that this strong inhibition of the 

enzyme might be caused by compounds present in this fraction.  

4.2 Current state of knowledge on treatment of COVID-19  

 

Since the beginning of the pandemic, multiple studies that suggested candidates for 

therapeutic agents against COVID-19 have been published (23) (82) (83) (84) (85) (86) 
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(87). Each of the studies present a different approach and applications of various 

computational methods (such as molecular docking, molecular dynamics, homology 

modelling, network-based algorithms for drug repositioning etc.), uses various compound 

sources (such as African medicinal plants, Indian medicinal plants, ZINC database or 

Drug Bank), or is investigating different targets of Sars-CoV-2 (such as 3CLpro, PLpro or 

spike protein).  

 

Because the process of developing new drugs is very time consuming, some existing 

drugs have been used for treatment of the disease. A few of them were also used in the 

past for treatment of SARS (severe acute respiratory syndrome) or MERS (Middle East 

respiratory syndrome) diseases, which also were caused by coronaviruses (88). 

Numerous therapeutic agents are currently in clinical trials (89). Few of the drugs already 

got the WHO recommendation, but also those recommendations were changing with time 

and not all the drugs that were as effective as previously were suggested. Current WHO 

recommendations (90) (published September 2020 and updated January 2022) include: 

corticosteroids (such as Dexamethasone, Hydrocortisone), Interleukin-6 (IL-6) receptor 

blockers (such as Tocilizumab, Sarilumab), Janus kinase (JAK) inhibitors (such as 

Baricitinib, Ruxolitinib, Tofacitinib). Conditionally, WHO recommends treatment with 

Monoclonal antibodies (Casirivimab and Imdevimab) and also with Sotrovimab or 

Remdesivir. WHO recommends against treatment with Convalescent plasma, 

Hydroxychloroquine, Lopinavir-Ritonavir (90). 

 

Recently (December 2021), FDA has approved the first two antiviral agents specifically 

for COVID-19 treatment: PAXLOVID (91) and Molnupiravir (92). Molnupiravir targets both 

RNA-dependent RNA polymerase (RdRp) and PAXLOVID, which combines Ritonavir and 

Nirmatrelvir (also called PF-07321332), targets 3CL protease of Sars-Cov-2 (93). There 

is no crystal structure available of 3CL pro i complex with PF-07321332 compound, but 

interaction analyses of molecular dynamics simulations showed that this compound 

interacts with hydrogen bonds with such residues of main protease as Cys145, Glu166 

and Gln189 (94). Similar results were obtained in this work and most of the selected 

compounds, potential 3CL pro inhibitors, were interacting with the above residues. 
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4.3 Strengths and weaknesses of the study   

A strength of Project I, where 12 best drug candidates against SARS-CoV-2 were 

selected, was the implementation of four different databases in the virtual screening 

process. Natural products database and TCM databases offer a wide range of various 

plant-based compounds as potential drug candidates and existing drugs databases, 

provide drug candidates for COVID-19 patients much faster than in case of introduction 

of novel compounds into clinical application. Furthermore, using the withdrawn drug was 

advantageous, as not all the drugs included in the database are withdrawn because of 

safety reasons, but often because of marketing reasons.  

 

Another strength of this study was to analyse docking results based on visual inspection 

of docked poses and selection of best candidates based on the presence of crucial 

interactions and not based on the docking scores only. Such an approach was helpful 

also in choosing the best pose for further molecular dynamics studies. MD simulations 

provided additional analyses of the binding mode as well as free energy calculations. 

Moreover, the clinical insights section was added, where safety of selected drug 

candidates was discussed.  One of the important aspects in drug safety was the prediction 

of drug-drug interaction, which was based on the predicted inhibition of CYPs 

(isoenzymes of cytochrome 450).  In cases of such diseases as COVID-19, where a 

combination of a few drugs needs to be administered to the patient, knowing CYP activity 

profile of used medications is important when selecting the best candidates for treatment.  

Additionally, toxicity and known side effects of those drugs were analysed in terms of 

potential risks for a COVID-19 patients. Such an approach can serve as a reliable source 

of information and help for choosing drug candidates for clinical trials.  

 

The limitation of this study is lack of experimental validation of the results. At this point no 

collaboration with an experimental group was established; furthermore, because of the 

pandemic situation, time played an important role and making the results available as 

quickly as possible for other scientists was crucial. The limitation in case of future testing 

could be also the availability of some of the compounds, especially of those selected from 

TCM database and from natural product databases. Compounds that are not available 

from vendors need to be first isolated and purified before in vitro testing, which requires 

more time and effort. Availability of plants can also be challenging. However, experimental 
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validation of all available compounds would be recommended as a next step. A limitation 

in case of repurposed drugs is that some of the suggested drugs may not be suitable for 

COVID-19 patients when their known side effects or predicted drug-drugs interactions will 

be taken into consideration.  

 

Another limitation is connected to the virtual screening technique. The 2D similarity 

search that was used in this project is not as precise as, for instance, a combination of 

this method with the 3D-shape similarity methods or with the comparison of the 

electrostatic potential of compounds (18). Additionally, as the lower threshold for 

Tanimoto score was not set up, and the choice of best candidates from each database 

was solely based on the top 10 scores, this resulted in a selection of compounds that did 

not present a very high similarity score. For the best 12 compounds, the scores ranged 

between 0.72 till 0.77 for the compounds from SuperDrug 2, SuperTCM and SuperNatural 

II database and between 0.63 and 0.71 for compounds from WITHDRWAN database. 

Despite the low similarity scores to the reference molecule, such compounds as Aliskiren 

(Tanimoto score 0.63) or Saquinavir (Tanimoto score 0.67) both showed a good docking 

result and were selected for the next step, which was molecular dynamics studies.  

 

The strength of the Project II is a combination of in silico methods with in vitro studies of 

selected compounds and also extracts and fractions. Docking analyses determined the 

choice of the best compound from two species of Reynoutria rhizomes for experimental 

testing and, in the early stage, also helped to decide about the selection of the Reynoutria 

species, as a plant of interest for studies of SARS-CoV-2 inhibitors. Previous research 

experience with these plants and knowledge of various compounds of those species was 

also advantageous and made the isolation and extraction process faster.  

  

The limitation of the study was not the fully known composition of plants extracts and 

fractions. Butanol fraction had the best inhibition parameters and higher inhibition values 

than single compounds, which could indicate that most potent compounds have not yet 

been identified. This could also mean that a combination of compounds and their synergic 

effect influence the inhibition and not a single compound. Another limitation is also the 

availability of compounds for in vitro testing. Not all of the docked compounds that showed 

interactions with crucial residues were tested in vitro. Additionally, molecular dynamics 

simulations studies were not conducted, in order to provide more extensive information 
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on the stability of selected compounds in complex with the enzyme. However, as this is 

a time-consuming method, that step was omitted, as the experimental validation was 

provided.  

5. Conclusion  

In this dissertation, application of computational methods to identify potential candidates 

for inhibitors of the main protease of coronavirus Sars-CoV-2 has been presented. The 

coronavirus pandemic, which started at the end of 2019, impacted the lives of most of the 

people around the world and also changed the focus of many research groups, which 

started to work on development of the vaccines or drugs against this virus. One of the 

fastest ways of introducing a drug for the clinical trials is to find a new indication of already 

existing drugs.  In this work two databases of existing drugs, those of approved drug 

database and withdrawn drugs database, were used for virtual screening. Several drug 

candidates (Naldemedine, Eledoisin, Saralasin) from those databases has been 

suggested for further investigation, as potential treatment for COVID-19 and could be 

considered for further clinical testing for COVID-19 patients. 

Beside drug repurposing methods, the focus of this work has been focused on 

investigating natural products as potential drug candidates for COVID-19. Natural 

products database and TCM products database were used for virtual screening and three 

compounds were identified as potential inhibitors of Mpro, which were: compound 

SN0001765, Pseudostellarin C and Dianthin E. In the next step, inhibition of those 

compounds could be tested in vitro to confirm the results of those findings. Additionally, 

compounds from rhizomes of Reynoutria species were investigated and two natural 

products from those plants: vanicoside A and vanicoside B were identified as best 

candidates and tested in vitro. Further investigation of those compounds, as well as in 

vitro testing of more compounds from Reynoutria species, could be done in a next steps, 

as most likely not all of the potential inhibitors from those extracts were identified.  

This dissertation demonstrates the importance of computational methods in drug design 

and drug repurposing, as well as the potential of natural products in drug design. Most of 

the selected compounds were suggested as a potential SARS-CoV-2 main protease for 

the first time. Recent approval by FDA of a novel SARS-CoV-2 main protease inhibitor 

(PF-07321332 compound) shows that inhibition of the target, which was also chosen in 
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this work, can be effective for COVID-19 treatment. This can increase the interest in those 

compounds for further investigation and importance of those findings. Workflow and 

computational methods presented in this work could be also useful for investigation of 

compounds for other biological targets and different diseases in the future.  
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The rapidly developing pandemic, known as coronavirus disease 2019 (COVID-19)

and caused by the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2),

has recently spread across 213 countries and territories. This pandemic is a dire

public health threat—particularly for those suffering from hypertension, cardiovascular

diseases, pulmonary diseases, or diabetes; without approved treatments, it is likely

to persist or recur. To facilitate the rapid discovery of inhibitors with clinical potential,

we have applied ligand- and structure-based computational approaches to develop

a virtual screening methodology that allows us to predict potential inhibitors. In this

work, virtual screening was performed against two natural products databases, Super

Natural II and Traditional Chinese Medicine. Additionally, we have used an integrated

drug repurposing approach to computationally identify potential inhibitors of the main

protease of SARS-CoV-2 in databases of drugs (both approved and withdrawn). Roughly

360,000 compounds were screened using various molecular fingerprints and molecular

docking methods; of these, 80 docked compounds were evaluated in detail, and the 12

best hits from four datasets were further inspected via molecular dynamics simulations.

Finally, toxicity and cytochrome inhibition profiles were computationally analyzed for the

selected candidate compounds.

Keywords: virtual screening (VS), drug repurposing and molecular docking, SARS-CoV-2, COVID-19,

computational drug discovery, molecular dynamics

INTRODUCTION

A novel coronavirus (CoV), known as the severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), began spreading among humans in December 2019 in the city of Wuhan, China, causing
a major outbreak of often-fatal pneumonia (Wu et al., 2020). The rapid expansion of SARS-CoV-2
has been labeled a pandemic by the World Health Organization (WHO), and the global crisis
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has continued to devastate both human health and national
economies (WHO1). The symptoms associated with most
instances of this infection include fever, dry cough, fatigue,
shortness of breath and respiratory issues (Wu et al., 2020),
and deterioration of some sensory modalities (e.g., taste, smell);
a smaller fraction of cases also present with other symptoms,
e.g., conjunctivitis (presumably another mode of transmission,
too) (Scasso et al., 2018). With SARS-CoV-2, aggressive human–
human transmission has occurred, yielding exponential growth
in the number of detected cases. The disease has now been
termed as “coronavirus disease 2019” (COVID-19) (Zhang
L. et al., 2020). At present, the number of confirmed cases
reported internationally has reached 15,581,009, with 635,173
deaths reported2. As of yet, no potent drug or vaccine has
been reported (or approved) to treat individuals infected with
SARS-CoV-2; only symptomatic treatment has been given to
the most critically ill patients. A surge in activity among the
scientific community has advanced research efforts toward the
development of therapeutic intervention and finding viral drug
targets; currently, 36 repurposed drugs are already used in
experimental (unapproved) treatments for COVID-19, and 432
drugs are being tested in ongoing clinical trials3. In addition,
there are 23 candidate vaccines in clinical evaluation and 140
candidate vaccines in preclinical evaluation4. Initial results from
a phase 1 clinical trial are already available for a vaccine known
as mRNA-1273 (Jackson et al., 2020). Recent reports suggest that
some U.S. Food & Drug Administration (FDA)-approved drugs,
specifically remdesivir (which inhibits viral RNA polymerase)
(Al-Tawfiq et al., 2020) and lopinavir and ritonavir (HIV protease
inhibitors) (Cao et al., 2020), may be effective against SARS-
CoV-2. Remdesivir exhibits an antiviral activity with an EC50 of
0.77µM against SARS-CoV-2, and shorter recovery times (vs. a
placebo group) were found for adults hospitalized with COVID-
19 and treated with remdesivir; additionally, those patients
showed fewer infections of the respiratory tract (Beigel et al.,
2020). In March 2020, the WHO launched a “solidarity clinical
trials” of repurposed drugs and experimental candidates, wherein
testing of the three aforementioned drugs was supplemented
with testing of the antimalarial compounds chloroquine and

Abbreviations: SARS-CoV-2, severe acute respiratory syndrome coronavirus
2; WHO, World Health Organization; COVID-19, coronavirus disease 2019;
FDA, Food & Drug Administration; EMA, European Medicines Agency; TCM,
Traditional ChineseMedicine; MD,molecular dynamics; VS, virtual screening; 2D,
two-dimensional; 3D, three-dimensional; LBVS, ligand-based virtual screening;
SBVS, structure-based virtual screening; ADMET, absorption, distribution,
metabolism, elimination, and toxicity; LD, lethal dose; RMSD, root-mean-square
deviation; CYP, cytochrome P450; ACE, angiotensin-converting-enzyme.
1https://www.who.int/health-topics/coronavirus#tab=tab_1 (accessed July 28,
2020).
2WHO Coronavirus Disease (COVID-19) Dashboard | WHO
Coronavirus Disease (COVID-19) Dashboard. Available
online at: https://covid19.who.int/?gclid=CjwKCAjwsO_
4BRBBEiwAyagRTezBE06lkOlefHglbg0emog5Zo38YH6hOcVz3YyPc
I5LkKi0DCIxwhoCkGgQAvD_BwE (accessed July 28, 2020).
3DrugBank. Available online at: https://www.drugbank.ca/covid-19 (accessed July
28, 2020).
4Draft landscape of COVID-19 candidate vaccines. Available online at: https://
www.who.int/publications/m/item/draft-landscape-of-covid-19-candidate-
vaccines (accessed July 28, 2020).

hydroxychloroquine5. In July 2020,WHOdecided to discontinue
the hydroxychloroquine and lopinavir/ritonavir trials, as these
compounds yielded little to no reduction in the mortality of
hospitalized COVID-19 patients when compared to standard
of care5. Currently, dexamethasone—an anti-inflammatory drug
approved to treat COVID-19 patients in the UK and Japan—also
has been reported, in an unpublished study, to reduce mortality
among COVID-19 patients hospitalized with severe infection
(Horby et al., 2020).

The earliest-discovered CoVs do not correspond to those
strains that are the causative infectious agents in recent
outbreaks, including COVID-19 (Khedkar and Patzak, 2020).
The first “coronavirus” (to be termed as such) was isolated from
chicken in 1937; human CoVs were identified years later, in
the mid-1960s6. These viruses belong to the taxonomic family
Coronaviridae, which are single-stranded, positive-sense RNA
viruses of∼29.9 Kb genomic length (Khedkar and Patzak, 2020).
The CoVs encode more than a dozen proteins, some of which
have been identified as critical for viral entry and replication
(Muramatsu et al., 2016). Among the structural proteins encoded
by the CoV genome, four proteins are of special interest from the
perspective of therapeutics and drug design—namely, the spike
(S), envelope (E), membrane (M), and nucleocapsid (N) proteins.
The S, E, and M proteins are housed in the membranes of these
enveloped virions. The M and E proteins are actively involved in
viral coat assembly, while the N protein is involved in compacting
the RNA genome. The most-studied proteins thus far have been
a papain-like protease (PLpro), a 3C-like protease (3CLpro), an
endosomal protease, and the spike protein (Yang and Wang,
2020).

At the molecular level, CoVs are known to gain cellular entry
via the S protein (Anand et al., 2003). Viral entry depends on
the binding of the surface unit S1 of the S protein to a surface-
exposed cellular receptor in the host, thereby supporting the
process of viral attachment to target cell surfaces (Muramatsu
et al., 2016). The 3CL protease (3CLpro), also known as Mpro,
is the main protease produced by the CoV; it plays a key role
in viral replication (Wu et al., 2020). Most of the functional
proteins of CoVs are encoded by specific genes, which are
first translated into polyproteins that are then cleaved by the
viral 3CLPro or by PLpro. This stage of the viral replication
cycle yields the RNA-dependent RNA polymerase (RdRp), along
with multiple other proteins that play roles in virus replication,
transcription, and translation. Inhibiting the activity of the main
CoV protease would presumably block viral replication (Yang
and Wang, 2020). Thus, 3CLpro is considered a potential drug
target for COVID-19. In addition, targeting the main protease for
inhibition is an appealing strategy because it may well be thought
that this would inactivate the virus in different cell types and

5Solidarity clinical trial for COVID-19 treatments. Available online at: https://
www.who.int/emergencies/diseases/novel-coronavirus-2019/global-research-on-
novel-coronavirus-2019-ncov/solidarity-clinical-trial-for-covid-19-treatments
(accessed July 28, 2020).
6Coronavirus Disease 2019 (COVID-19) | CDC. Available online at: https://www.
cdc.gov/coronavirus/2019-ncov/index.html (accessed July 30, 2020).
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in different organs—regardless of the various matches between
receptors/host proteases (on the cell membrane) that underlie
viral entry in a cell- or tissue-specific manner (Zhang L. et al.,
2020).

Because of its mechanistic significance, 3CLpro is now a
central target for the development of effective inhibitors (antiviral
drugs) against both SARS-CoV-2 and other known CoVs (Anand
et al., 2003). The X-ray crystal structure of 3CLpro(Mpro) from
SARS-CoV-2 (PDB code: 6LU7) reveals a protein comprised
of three primary domains (Jin et al., 2020). The first domain
(Domain I) consists of amino acid residues 8–101; the second
domain (Domain II) maps to residues 102–184; and the third
domain (Domain III) mainly consists of residues 201–306,
largely as a cluster of α-helical conformations (Jin et al.,
2020). The substrate-binding region of 3CLpro, located between
Domains I and II, includes residues His41 and Cys145. Visual
inspection of the binding site structure confirms that peptide-
type inhibitors attach to the active site cysteine: a previously
identified peptidomimetic inhibitor, “N3,” interacts irreversibly
with this site and engages in supporting interactions with subsites
(S1, S2, and S4) (Jin et al., 2020). The S1 subsite contains
residues His163, Glu166, Cys145, Gly143, His172, and Phe140,
while the S2 subsite consists mainly of Cys145, His41, and
Thr25; these amino acid types are compatible with favorable
non-bonded contacts such as electrostatic interactions and van
der Waals (apolar/dispersive) forces. There are two additional
subsites (S3-S5), consisting of Thr190, Gln192, Glu166, Met49,
Leu167, Gln189, and Met165 (Anand et al., 2003). A ligand
interaction diagram drawn from the 3D crystal structure
(Figure 1) illustrates that this particular N3 inhibitor engages
in multidentate hydrogen bonds with Glu166 (as both donor
and acceptor). In addition, there are close—and presumably
energetically favorable—contacts between moieties of N3 and
Gly143 and the catalytic Cys145 (both of the S1 subsite).

The traditional drug discovery and development pipeline
is generally a quite time-consuming endeavor, taking upward
of ≈10–15 years (Turanli et al., 2019; Kupferschmidt and
Cohen, 2020). Computational drug “repurposing” is an effective
approach to accelerate this timescale by finding new uses
for existing (and already approved) drugs (McNamee et al.,
2017). Computational approaches to drug discovery, particularly
as part of a repurposing strategy/framework, can fasten
the drug development process and alleviate the burdens of
traditional approaches—features that are especially critical in the
context of a pandemic. Such computational approaches have
been used to identify candidate drugs for several infectious
diseases, including Ebola, Zika, dengue, and influenza (Cha
et al., 2018). Many computational methods are available to
examine the key interrelationships between chemical structure,
biological/physiological systems, interactions between chemicals
and (bio) molecular targets, and, finally, the ultimate therapeutic
endpoints and diseases (Metushi et al., 2015).

For COVID-19, several recent studies have reported the
computational screening of inhibitors for specific single
targets, such as either the main protease (the aforementioned
3CLpro/Mpro) or the spike protein (Shiryaev et al., 2017; Botta
et al., 2018; Pizzorno et al., 2019; Ton et al., 2020; Wang, 2020;

Zhang D.-h. et al., 2020). To the best of our knowledge, the
work reported here is the first study to report screening results
including databases like Super Natural II7, as well as the TCM
(Chen, 2011)8, and repurposing-focused databases, such as
SuperDRUG29 and WITHDRAWN database10. Additionally,
our final selection of lead compounds is based on visual
inspection and analysis of ligand interactions with crucial
residues of the target (3CLpro), thereby implicitly incorporating
human expertise and clinical insights into our workflow (once
the number of candidates becomes manageable for manual
analysis). The final 12 best candidates were further evaluated
using molecular dynamics (MD) simulation studies, and clinical
feasibility for repurposed drugs was further investigated.

The general approach used in this study is based on
an integrated pipeline: we include a virtual screening of
cheminformatics-driven databases, and we employ molecular
similarity and molecular docking to identify promising drug
target pairs. Additionally, MD simulation studies of selected
compounds were performed to select the best candidates for
main protease inhibitors and evaluate their stability and strength
of interactions. Our screening is aimed at dual objectives: (i)
first, to find potential new candidates in the Super Natural
II7 and TCM (Chen, 2011)8, and (ii) second, to identify
promising repurposing candidates in the SuperDRUG28 and
WITHDRAWN databases10.

MATERIALS AND METHODS

To facilitate the rapid discovery of target inhibitors with real
clinical potential, we have employed a prediction strategy that is
based on the fundamental principle of “neighborhood behavior”
(Patterson et al., 1996) implemented as a computational pipeline
that utilizes both ligand-based [two-dimensional (2D) chemical
space of small molecules] and structure-based [protein three-
dimensional (3D) spaces and features]. Our computational
predictions use the first resolved crystal structure of SARS-CoV-
2 main protease (at a resolution 2.16 Å). Currently, several
crystal structures of the SARS-CoV-2 main protease have been
experimentally determined (approximately 175 structures)11.
The methodological details of our approach and computational
methods are described below.

Databases
In order to broadly screen, we utilized four different database
resources: (i) SuperNatural II, a database of natural products7;
(ii) The Traditional Chinese Medicine (SuperTCM) database,
an in-house (unpublished) database that is manually created

7Super Natural II–a database of natural products - PubMed. Available at: https://
pubmed.ncbi.nlm.nih.gov/25300487/ (accessed July 28, 2020).
8ETCM: an encyclopaedia of traditional Chinese medicine. Available online at:
https://pubmed.ncbi.nlm.nih.gov/30365030/ (accessed July 28, 2020).
9SuperDRUG2: a one stop resource for approved/marketed drugs. Available online
at: https://pubmed.ncbi.nlm.nih.gov/29140469/ (accessed July 28, 2020).
10WITHDRAWN–a resource for withdrawn and discontinued drugs – PubMed.
Available online at: https://pubmed.ncbi.nlm.nih.gov/26553801/ (accessed July 28,
2020).
11RCSB PDB: Homepage. Available online at: https://www.rcsb.org/ (accessed July
31, 2020).
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FIGURE 1 | Binding interactions of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) - 3CLpro with its original inhibitor N3. The hydrogen bond

interactions with protein backbone are indicated in blue dotted lines, and hydrogen bonds with the side-chain atoms are shown in green dotted lines.

from other databases and Chinese literature (Chen, 2011)8;
this comprehensive database built at the Charite–University of
Medicine12,13 covers all aspects of traditional Chinese medicine
mainly derived from medicinal plants, and it encompasses
pharmaceutical recipes up tomolecular ingredients. The database
was manually curated by domain experts, and Chinese plant-
based drugs were mapped to their plant of origin, common
non-scientific names and scientific names, targets, Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathways14, as
well as the traditional Chinese traditional recipes. (iii) We also
used SuperDRUG2, a one-stop resource for approved/marketed
drugs8; (iv) And, finally, we also usedWITHDRAWN, a resource
for withdrawn and discontinued drugs10. Overall, we utilized
more than 360,000 compounds for virtual screening and initial
filtering purposes (Table 1).

The potential inhibitors are screened mainly from
phytochemical databases because the literature suggests
that seven out of 10 synthetic agents approved by the U.S.
FDA are modeled on a natural product parent (Newman and
Cragg, 2016). There is an urgent need to identify novel active
chemotypes as leads for effective antiviral therapy for COVID-19
infections. Similarly, several thousands of plant extracts have
been shown to possess in vitro antiviral activity with little overlap
in species between studies (Chen, 2011). Promising docking
outcomes have been executed in this study, which evidenced the

12Structural Bioinformatics Group. Available online at: http://bioinf-apache.
charite.de/main/index.php (accessed July 31, 2020).
13Traditional Chinese Medicine: Institut für Theorie, Geschichte, Ethik
Chinesischer Lebenswissenschaften - Charité – Universitätsmedizin Berlin
Available online at: https://icl.charite.de/forschung/buch_details_2011_2020/
traditional_chinese_medicine (accessed July 31, 2020).
14KEGG PATHWAY Database. Available online at: https://www.genome.jp/kegg/
pathway.html (accessed July 31, 2020).

TABLE 1 | Databases and total number of compounds used in this study.

Database Compounds Total number of compounds

used in this study

SuperDRUG2 Approved and marketed

drugs

3,992

WITHDRAWN Withdrawn or discontinued

drugs

626

TCM In-house database of

compounds related to

Traditional Chinese Medicine

28,974

Super Natural II Natural compounds 325,508

worth of these selected chemical compounds from Super Natural
II and TCM databases for future drug development to combat
CoV diseases.

Additionally, drug databases from both approved and
withdrawn chemical spaces were screened to support reuse of
already available drugs for new indications such as COVID-
19 therapy when they have been originally developed for
specific diseases.

Ligand-Based Screening
We screened the molecular libraries from these databases based
on ligand similarity, which rests upon the assumption that
“structurally similar compounds might have similar biological
properties” (Stumpfe and Bajorath, 2011). As many chemical-
based fingerprint methods are in widespread use, based on
the performances of various structural similarity measures,
a 2D similarity screening protocol was designed, and three
different types of molecular fingerprints were initially chosen for
comparison and performance evaluation: MACCS (Durant et al.,
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2002), Extended Connectivity Fingerprints (ECFP-4) (Rogers
and Hahn, 2010), and E-state (Hall and Kier, 1995). We found
that the performance of the MACCS fingerprint surpasses that
of ECFP-4 and E-state in an approved drug dataset, with
a higher Tanimoto score threshold (from 0.73 to 0.83) than
ECFP-4 (Supplementary Table 1). MACCS ranked the similarity
scores higher for co-crystalized ligands and drugs like lopinavir,
angiotensin II, and indinavir (compounds that were previously
reported as potential inhibitors of the main protease 3CLpro)
(Contini, 2020; Nutho et al., 2020). Using this small set of active
compounds, we tried to find the optimal similarity cutoff as
well as optimal chemical fingerprint to yield the best balance of
precision vs. recall.

Chemical-based fingerprints were calculated using RDKit15

nodes in KNIME (Berthold et al., 2008), and pairwise similarities
were calculated for all the datasets.

The lead compounds used in the similarity search for targeting
the 3CLpro of SARS-CoV-2 were obtained from the Protein Data
Bank (PDB)5. The original ligands from PDB structures 6LU7
and 6Y2F were considered as lead compounds. The first ligand
(“N3”) is a peptidomimetic irreversible inhibitor and was found
covalently bonded to Cys145. This interaction is reported to be
essential for preserving the protease’s S1 pocket in the right shape
and also for the active conformation of the enzyme (Zhang L.
et al., 2020). The N3 ligand interacts with the catalytic center
of the target proteases through two hydrogen bond interactions.
It was observed that the pyridine ring might have some steric
clash with the side chain of Gln 189 (Zhang L. et al., 2020).
The reported α-ketoamide ligand-bound X-ray crystal structure
of SARS-CoV-2 Mpro (PDB ID: 6Y2F) forms hydrogen bonds
with the Ser of chain B and Glu166 of chain A (Zhang L. et al.,
2020). This interaction is reported to be essential for keeping the
S1 pocket in the right shape for ligand–receptor interactions and
also for the active conformation of the enzyme (Zhang L. et al.,
2020). It interacts with the catalytic center of the target proteases
through two hydrogen bond interactions. It was observed that
the pyridine ring might have some steric clash with the side
chain of Gln189 (Zhang L. et al., 2020). The compounds that
showed the highest similarity considering structural properties
were finally chosen for molecular docking studies. For each
of the dataset and each of the lead compounds, the 10 best
hits were chosen (Supplementary Tables 7, 8). The Tanimoto
score values for selected compounds range between 0.63 and
0.83. It is also possible that a “false similar” or “false active”
pair of molecules could occur, featuring structural similarity but
dissimilarity in terms of their biological activities; to assess this
possibility regarding activity profiles, further molecular docking
and MD simulation studies were conducted.

Structure-Based Screening
To further refine the list of candidate compounds and select the
top hits, molecular docking calculations were carried out using
the GOLD software (version 5.7.2) (Jones et al., 1997). This code
uses a genetic algorithm to sample the ligand’s conformational
space, making it particularly suitable for docking flexible ligands

15RDKit. Available online at: https://www.rdkit.org/ (accessed July 31, 2020).

with numerous rotational degrees of freedom (Jones et al., 1997).
In addition, the GOLD scoring function was used to rank the
compounds, with the number of docked poses to be generated
set to 10. In the present study, the co-crystal structures of 3CLpro

of SARS-CoV-2 (PDB 6LU7) was selected as the starting structure
for docking calculations. Residues that are proximal (within a 10
Å radius) to the original ligand co-crystallized in 6LU7, along
with binding site residues (as defined in the literature) were taken
to be the active site for docking calculations. Thus, the final
docking protocol incorporates information from the successful
re-docking of the original ligand to the target.

A total of 80 compounds (top 10 screened compounds for
each lead compound, selected using ligand-based screening from
four different databases) were docked into the main protease
protein 3CLpro. Based on interactions with key residues (His41
or Cys145), present in the binding cavity of the 6LU7 crystal
structure (and based on visual inspection of the ligand–receptor
binding interactions), the top 3 best candidates were selected
per database. Therefore, our final list includes the 12 best
candidates based on this computational screening protocol. Two-
dimensional ligand–receptor binding interaction maps were
computed using Accelrys Discovery Studio (version 4.5)16. The
3D interactions and structural illustrations were created using
PyMOL (version 2.3.5)17. After the molecular docking analyses,
MD simulations were performed for the best 12 screened
candidates, enabling us to evaluate the dynamical stability of
the bound/docked complexes, at least on the timescale of the
MD trajectories.

Molecular Dynamics Simulation
Analyzing the dynamic evolution of the ligand-bound system
helps us predict the stability of those interactions that we
first detected via ligand-based virtual screening (LBVS) and
structure-based virtual screening (SBVS); ideally, the MD
faithfully recapitulates the real (physiological) environment of
such interactions. Ligand–protein interactions at the binding site
can be monitored for a period of time, so that ligands with
more temporally stable poses can be detected and proposed as
better candidates for 3CLpro inhibition. Thus, after our database
screening stages, MD simulations of the different complexes were
computed using the GPU version of Desmond included with
Maestro suite 2019.4 (Schrödinger LLC)18 on a workstation with
a NVIDIAQUADRO 5000. The various drug/receptor complexes
were solvated in an aqueous environment in a cubic box with
a minimal distance of 10 Å between the biomolecule and the
box boundary (for periodic boundary conditions). Next, systems
were neutralized and maintained in 0.15M NaCl. The OPLS3
force field and the TIP3P-TIP4P water model were employed
(Mark and Nilsson, 2001). Initially, the systems were simply

16Free Download: BIOVIA Discovery Studio Visualizer - Dassault Systèmes.
Available online at: https://discover.3ds.com/discovery-studio-visualizer-
download (accessed July 31, 2020).
17PyMOL | pymol.org. Available online at: https://pymol.org/2/ (accessed July 31,
2020).
18Maestro | Schrödinger. Available online at: https://www.schrodinger.com/
maestro (accessed July 31, 2020).
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energy-minimized for 2,000 time steps. Next, systems were
allowed to execute free dynamics in the NPT ensemble; pressure
was controlled using the Martyna–Tobias–Klein methodology,
and the Nose–Hoover thermostat was employed to maintain
the system near 310K. Production-grade MD trajectories were
extended to a total duration of 100 ns per system. MD trajectories
were characterized in terms of the root-mean-square deviation
(RMSD) of fluctuations of ligand and enzyme, particularly
in terms of the main interactions with the top interacting
residues. The trajectories were also used to assess the stabilities
of the protein secondary structures (in complex with potential
inhibitor) by plotting RMSDs. Additionally, to estimate the
relative binding free energies of the 12 final compounds and
also N3 ligand to the macromolecule, molecular mechanics–
generalized Born surface area (MM-GBSA) method was applied.
The MM-GBSA method is based on the difference between the
free energies of the protein, ligand, and the complex in solution.
The free energy for each species involved in the reaction (ligand,
protein, and ligand–protein complex) is described as a sum of a
gas-phase energy, polar and non-polar solvation terms, and an
entropy term. In our computational protocol, the MM-GBSA
method is used to calculate the free energy (dG) related to all
poses obtained in the MD simulation by using the OPLS3 as
implemented in the Small-Drug Design Suite of Schrodinger
(Kollman et al., 2000; Greenidge et al., 2013).

Absorption, Distribution, Metabolism,
Elimination, and Toxicity Properties
The docked compounds were further filtered using the
standard ADMET (Absorption, Distribution, Metabolism,
Elimination, and Toxicity) pharmacokinetic properties.
Computational toxicity analysis was performed using the
ProTox-II methods19. The ProTox-II web server currently holds
40 different predictive models, incorporating chemical similarity,
fragment propensities, most frequent features, pharmacophores,
and machine learning for toxicity prediction. The acute toxicity
value of the ProTox-II method is divided into six classes based
on a globally harmonized system of classification of labeling
of chemicals (GHS). The classes are described as: Class I: fatal
if swallowed (LD50 ≤ 5); Class 2: fatal if swallowed (5 < LD50
≤ 50); Class 3: toxic if swallowed (50 < LD50 ≤ 300); Class
4: harmful if swallowed (300 < LD50 ≤ 2,000); Class 5: may
be harmful if swallowed (2,000 < LD50 ≤ 5,000); Class 6:
non-toxic (LD50 > 5,000)38. Additionally, cytochrome (CYP)
inhibition profiles of each compound were computed using the
SuperCYPsPred web server20. Currently, the SuperCYPsPred
web server includes 10 models for five major CYPs isoforms
(including 3A4, 2C9, 2C19, 2D6, and 1A2). These cytochrome
predictive models are based on machine learning methods (see
Tables 2–4 in the Results section).

19ProTox-II: a webserver for the prediction of toxicity of chemicals. Available
online at: https://pubmed.ncbi.nlm.nih.gov/29718510/ (accessed July 28, 2020).
20SuperCYPsPred—a web server for the prediction of cytochrome activity.
Available online at: https://academic.oup.com/nar/article/48/W1/W580/5809167
(accessed July 28, 2020).

RESULTS

Overview
A similarity-based approach, using structural chemical
fingerprints, was used for initial screening of compounds
from different databases. The crystal structure of the main
protease was used as the molecular target for computational
docking and protein–ligand interaction analyses; in total, visual
inspections were performed for 80 compounds. The top 40
compounds for the N3 inhibitor-based docking are shown in
Supplementary Table 7, and the top 40 compounds for the 6OK
inhibitor-based efforts are given in Supplementary Table 8.
Using our integrated approach—i.e., chemical similarity with
molecular docking—a list of 12 top lead compounds were
identified from four different databases. Visual inspection
and selection of best candidates were based on analyses of
the interaction with at least one of the two catalytic residues
Cys154 or His41. The results for these compounds are shown
in Tables 2, 3. Besides the selected compounds, the tables
also include information on therapeutic endpoints, toxicity
endpoints, and cytochrome activity profiles of the compounds;
interactive residues in the protease receptor are also given. For
compounds from the Traditional Chinese Medicine database,
information on their respective plants (as curated from our
database) is also provided, with additional information on their
indications and effects (Supplementary Table 6). Furthermore,
to elucidate potential molecular mechanisms in terms of ligand
interactions, the top 3 compounds from each database were
selected and examined via all-atom MD simulations. The 12
best candidates are described below, including the RMSD plots
obtained from the MD trajectories. For the validation of the
MD protocol, simulation of N3 ligand was also performed.
Results are presented in Supplementary Figures 5, 6. Additional
information on binding interactions from molecular docking
studies (for a selected subset of 56 compounds) is provided in
Supplementary Table 9, and docking scores for the N3 and O6K
ligands are provided in Supplementary Table 10.

Super Natural II Database
The top 3 compounds we identified in the Super Natural II
database are SN00017653, SN00019468, and SN00303378. The
compound SN00017653 interacts via hydrogen bonds with the
side-chain atoms of Glu166, Ser144, Leu141, Gly143, and Cys145
(Figure 2A). The second compound, SN00019468, interacts
with Cys145, Gly143, and Ser144 and hydrogen-bonds with
the backbone of His41 (Figure 2B). The third compound,
SN00303378, interacts with His41, Asn142, Thr190, Gln192, and
Ser144 (Figure 2C). In addition, the top 10 compounds from the
Super Natural database are reported in Supplementary Table 2.

MD simulations reveal that SN00017653 exhibits a stable pose
when interacting with 3CLpro, at least in terms of RMSD values
of ≈2.0 and 2.8 Å for ligand and protein atoms, respectively.
This compound exhibits quite stable contacts with the S2 subsite,
where it interacts with Thr26 and His41. The time evolution
of protein–ligand contacts shows also a weak interaction with
Cys145, but this contact is highly transient. Furthermore,
SN00017653 interacts with the S3 and S5 sub-pockets by binding
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TABLE 2 | Potential inhibitors for the main protease of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) from Super Natural II and SuperTCM databases.

Compound Interacting
residues (3CL)

Acute
toxicity

Toxicity
endpoints

CYP
activity

Tanimoto
score

Structure*

N3-inhibitor Glu166, Cys145,
Gly143

Class 5 NA CYP3A4 1

Super Natural II database

SN00017653 Cys145, Gly143,
Glu166, Ser144,
Leu141, Thr26

Class 4 NA NA 0.75

SN00019468 His41, Cys145,
Gly143, Ser144,
Leu141

Class 4 NA NA 0.74

SN00303378 His41, Thr190,
Gln192, Ser144

Class 3 Immunotoxic CYP3A4 0.73

TCM database

Notoamide R Cys145, His41,
His164, Gln189

Class 4 Immunotoxic 3A4 0.75

Dianthin E Cys145, Gln189,
Glu166, Ser144,
Gly143

Class 4 None None 0.74

Pseudostellarin C Cys145, His164,
His41, Glu166

Class 4 Immunotoxic None 0.77

*Structures of compounds generated with PubChem Sketcher V2.4 (Ihlenfeldt et al., 2009).
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TABLE 3 | Potential inhibitors for the main protease of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) from SuperDRUG2 and WITHDRAWN drug

databases.

Compound Interacting
residues (3CL)

Therapeutic
endpoints

Acute
toxicity

Toxicity
endpoints

CYP activity
profile

Tanimoto
score

Structure*

N3-inhibitor Glu166, Cys145,
Gly143

Class 5 NA CYP3A4 1

Approved drugs database

Eledoisin Ser144, Arg188,
Asn142,
Cys145, His41

Vasodilator Class 5 None None 0.72

Naldemedine His41, Cys145,
Gln192, His164

Alimentary
tract and
metabolism

Class 4 Immunotoxic 3A4 0.72

Angiotensin II Cys145, Gln189,
Asn142

Cardiac
therapy

Class 5 None None 0.73

Withdrawn drugs database

Saralasin Cys145,
Met165, Gln189,
Arg188

Cardiac
therapy

Class 5 None None 0.71

Saquinavir Cys145, Gly143,
His41, Glu166

Antiviral Class 4 None 2C8. 2C9,
2C19, 2D6,
3A4, 3A5

0.67

Aliskiren Tyr54, Cys145,
Ser144

Cardiac
therapy

Class 5 Immunotoxic 3A4 0.63

*Structures of compounds generated with PubChem Sketcher V2.4 (Ihlenfeldt et al., 2009).
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FIGURE 2 | Binding interactions of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) - 3CLpro with selected Super Natural II compounds (cyan green)

The hydrogen bond interactions with protein backbone are indicated in blue dotted lines, and hydrogen bonds with the side-chain atoms are shown in green dotted

lines. (A) SN00017653. (B) SN00019468. (C) SN00303378.

Glu166, Gln189, and Thr190. Interactions with Glu166 persist
after 100 ns, and it shows a high interaction score in comparison
with the other key residue, so it is considered the most important
interaction (Figure 6, Supplementary Figure 1).

Compound SN00019468 shows high ligand RMSD
fluctuations, especially during 50–100-ns trajectory. Examination
of protein-ligand interaction contacts reveals that SN00019468
samples two distinct positions. During the first 50 ns, this ligand
interacts with Thr26, His164, and Gln189, being only contact
important for 3CLpro inhibition, so it is part of the S3–S5 subsite.
During the last 50 ns, these contacts evolve to an interaction
with the S2 subsite by means of His41, but this interaction is not
persistent, maintained during 50–90 ns, but lost after the 100-ns
simulation. The poor stability of SN0019468 in the binding
site suggests it is less likely to be an effective 3CLpro inhibitor
(Figure 6).

The ligand and the protein RMSDs are stable for compound
SN00303378, indicating a stable position of this compound when
bound to the protein. The pattern of protein contacts (Figure 6)
shows an interaction with His41, but it fluctuates along the 100-
ns simulation (being more important in the ≈50–70-ns range).
Also, the RMSD is stabilized during this period, with closely
matched values for protein and ligand atoms. Glu166 engages
in the clearest interactions, persisting along the full trajectory.
Nevertheless, SN00303378 is not considered a strong candidate

to inhibit 3CLpro because of its paucity of contacts with other key
residues of the main protease (Figure 6).

Traditional Chinese Medicine Database
(SuperTCM)
The top 3 compounds from the SuperTCM database are
notoamide R, dianthin E, and pseudostellarin C. Notoamide R
interacts with Cys145, His41, His164, and Gln189 (Figure 3A).
Dianthin E interacts with the backbone atoms of Cys145 and
Gln189, and the side-chain atoms of Glu166, Ser144, and
Gly143 chiefly via hydrogen bonds (Figure 3B). Pseudostellarin
C interacts with Cys145, His164, His41, and Glu166 (Figure 3C).
Further information on the top 10 compounds from the
SuperTCM database is reported in Supplementary Table 3.

MD simulations do not suggest that Notoamide R engages in
notable interactions with the binding site and, in fact, reveals
an unstable pattern of protein–ligand contacts. Regarding the
time evolution of the RMSDs and protein–ligand contacts, this
ligand appears to adopt rather different conformations along
the trajectory. During the first 30 ns, it occupies a stable
conformation and nominally interacts with His41 and, to a
lesser extent, with Cys145. A conformational change then occurs,
and the positions adopted by the ligand from 30 to 100 ns
preclude contacts with binding-site residues. Thus, this ligand
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FIGURE 3 | Binding interactions of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) - 3CLpro with selected TCM compounds (pink). The hydrogen

bond interactions with protein backbone are indicated in blue dotted lines, and hydrogen bonds with the side-chain atoms are shown in green dotted lines. (A)

Notoamide R. (B) Dianthin e. (C) Pseudostellarin c.

is not considered as a suitable candidate for 3CLpro inhibition
(Figure 7).

The RMSD graphic of Dianthin E shows a highly stable pose
along the first ≈40 ns. After that, a peak in the plot indicates
a shift in the pose; nevertheless, the simulation concludes with
stable RMSD values for protein and ligand (granted, these values
are higher than for the other ligands simulated here). The
patterns of protein–ligand contacts are in concordance with the
RMSD fluctuations. The first ≈40 ns saw some interaction with
Cys145 and, in a clearer way, with Glu166 andGln189. The ligand
reoriented in the next≈60 ns, corresponding to a weak bondwith
His41 and to a stabilization of the Gln189 bond (Figure 7).

The RMSD trace for Pseudostellarin C shows a high stable
pose from the first 40 ns. After that, there is a peak that indicates
a pose change, but the simulation ends with stable RMSD values
for protein and ligand. The protein–ligand contacts are aligned
with the RMSD fluctuation. During the first 40 ns, there was
some interaction with Cys145 and with higher interaction score
values with Glu166 and Gln189 (Supplementary Figure 2). The
ligand reorientation after the following 60 ns was translated to
an intermittent bond with His41 and to a persistent bond with
Gln189 (Figure 7).

SuperDrug2 Drug Database
The top three selected compounds from the approved drug
database include naldemedine, eledoisin, and angiotensin II.

Naldemedine interacts with Ser144, Arg188, and Asn142
(Figure 5A). It also interacts with the catalytic residues Cys145
and His41. Eledoisin also interacts with the catalytic residues
His41 and Cys145 and with two other residues, Gln192 and
His164 (Figure 5B). Angiotensin II interacts with Cys145,
Gln189, and Asn142 (Figure 5C). More information on the 10
best drug candidates from the SuperDRUG2 database is reported
in Supplementary Table 4.

Naldemedine shows close values for protein and ligand
RMSDs, and the ligand pose is considered stable. Regarding
protein–ligand contacts, the residues Glu166 and Gln189 were
stable in contact throughout the simulation. Initially, also Cys145
showed a continuous interaction, so the S2 sub-pocket would be
the main location responsible for 3CLpro inhibition. After the
first 60 ns, this interaction becomes less stable and the contacts
with Glu166 and Gln189 become more prominent, being the S3–
S5 subunits responsible for the inhibition. Hence, an inhibition
mode that is initially dominated by interactions at the S2 sub-
pocket (and a relatively minor S3–S5 presence) evolves over the
course of the trajectory to feature dominant S3–S5 inhibition
(Figure 8).

Eledoisin shows persistent interaction with Thr26. Also, it
interacts with His41 and, to a lesser extent, with Cys145.
This means that this ligand would efficiently bind the S2
subsite of 3CLpro. In addition, it interacts with Glu166 and
Gln189. However, the glutamine contacts, despite being a
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FIGURE 4 | Binding interactions of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) - 3CLpro with selected approved drugs (green). The hydrogen

bond interactions with protein backbone are indicated in blue dotted lines, and hydrogen bonds with the side-chain atoms are shown in green dotted lines. (A)

Naldemedine. (B) Eledoisin. (C) Angiotensin II.

strong (hydrogen bond) interaction, are relatively transient in
the simulation; therefore, interactions at the S3–S5 site are
considered less important than at the S2 site. Although the RMSD
values are slightly higher than with saquinavir, we suspect that
eledoisin could be a viable candidate to inhibit 3CLpro (Figure 8).

The protein–ligand complex with angiotensin II exhibits
somewhat elevated RMSD values. Angiotensin II reliably contacts
the S1 subunit, being Gly143 and Glu166 responsible for the
stronger and most stable interactions during the simulation. The
S2 site was also the location of interactions with Thr26, but
neither His41 nor Cys145 contacts were relevant. Furthermore,
it interacts with the S3 and S5 sub-pockets by binding Glu166
and Gln189. The continuity and interaction scores of these
contacts were remarkable during the whole simulation, so they
are considered the most important key residues (Figure 8,
Supplementary Figure 3).

WITHDRAWN Drug Database
The top 3 compounds from the WITHDRAWN database are
saralasin, saquinavir, and aliskiren. Saralasin interacts with
Cys145, Met165, Gln189, and Arg188 (Figure 6). Saquinavir
interacts with Cys145 (backbone), Gly143, His41(backbone), and
Glu166 (similar to original N3 ligand) (Figure 6). Aliskiren
interacts with Tyr54, Cys145, and Ser144 (Figure 6). More

information on the 10 potential drug candidates from the
WITHDRAWN database is reported in Supplementary Table 5.

The protein–ligand complex with saralasin exhibits overall
structural stability, although the RMSD values are slightly
higher than for the other systems. Saralasin has no relevant
interactions within the S1 sub-pocket, formed by Thr25, His41,
and Cys145 (it interacts with Cys145 during the first 10 ns,
but this key contact was lost thereafter). Saralasin does show
clear, persistent interactions with the S3–S5 subunit, mediated
by interactions with Glu166 and Gln189. The relatively low
protein and ligand RMSD values for the saquinavir trajectory
reflect the structural rigidity of this system, which maintains
a stable conformation during the full 100-ns simulation. The
ligand engages in energetically favorable contacts with His41
and Glu166 during the whole simulation. The role of these
two key residues as primary positions of interaction/attachment
could strongly anchor saquinavir to the protein, so this
compound is considered a potential candidate to inhibit 3CLpro.
The protein–ligand complex with aliskiren has low RMSD
values. Nevertheless, despite maintaining the same conformation
during the simulation, a sparse and transient pattern of
interactions with protein residues would likely correspond to
an unstable complex with aliskiren; this compound is not
expected to be a good candidate for 3CLpro inhibition (Figure 9,
Supplementary Figure 4).
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FIGURE 5 | Binding interactions of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) - 3CLpro with selected withdrawn drugs (cyan blue). The hydrogen

bond interactions with protein backbone are indicated in blue dotted lines, and hydrogen bonds with the side-chain atoms are shown in green dotted lines. (A)

Saralasin. (B) Saquinavir. (C) Aliskiren.

Calculation of Relative Protein–Ligand
Binding Free Energies Using the Molecular
Mechanics–Generalized Born Surface Area
Method
Notoamide R, which showed an inefficient performance to
inhibit 3CLpro during the MD analysis due to poor contacts
with binding site residues and high instability, also showed poor
MM-GBSA values, with−21.4 kcal/mol.

SN00017653, which is considered a strong inhibitor
considering the RMSD analysis from MD results, shows a
strong affinity, with −54.5 kcal/mol, and low deviation values.
This MM-GBSA value is comparable to SN000303378, but this
ligand, despite having a strong affinity value, does not interact
with key binding site residues. SN00019468 shows also a strong
affinity value, but this ligand does not interact significantly
with the binding site residues and also has a high instability,
which is translated to an elevated standard deviation value
(16.5 kcal/mol), which is comparable to notoamide R; these two
ligands are less suitable for inhibition of 3CLpro.

Both dianthin E and pseudostellarin C suffer a pose
rearrangement during the 100-ns simulation, but the interaction
within the binding site persists during the whole simulation
despite of interacting with different residues. Thus, they were
considered possible 3CLpro inhibitors, and the MM-GBSA values
indicate their strong affinity.

Aliskiren showed a stable conformation during the 100-ns
simulation, but with intermittent contacts with binding site
residues. MM-GBSA values show a strong interaction, but this
is not relevant due to the discontinuous contacts.

Both saquinavir and saralasin showed a good performance
during the MD analysis, and the MM-GBSA values also indicate
a strong affinity of these two ligands within the binding site.

Eledoisin showed an important inhibitory potential during
the MD analysis, and this is correlated to the high MM-GBSA
affinity value, which shows the best score for all studied ligands
(−93.3 kcal/mol).

Angiotensin II also showed persistent contacts with the main
key residues of the binding site during the 100-ns simulation, and
this is also extrapolated to the MM-GBSA values, which show a
high-affinity energy for this ligand (−74.9 kcal/mol).

Naldemedine, which interacts within the key residues of the
binding site, but has less persistent contacts than eledoisin and
angiotensin II, also shows a lower MM-GBSA affinity (−64.2
kcal/mol) but comparable to the N3 ligand (−64.3 kcal/mol).

Excluding notoamide R, all these ligands showed good MM-
GBSA affinity values in comparison to the previously identified
N3 inhibitor. Nevertheless, the MD analysis showed poor
interaction of SN00019468, SN000303378, and aliskiren within
the binding site, so their corresponding MM-GBSA affinities
are not considered relevant. Dianthin E, pseudostellarin C,
saquinavir, saralasin, eledoisin, angiotensin II, and naldemedine
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FIGURE 6 | Molecular dynamics (MD) simulation studies of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) main protease with the predicted

compounds from Super Natural II database.

are considered as potential 3CLpro inhibitors, though eledoisin
and angiotensin II are the most promising ones due to their
lowerMM-GBSA values (Table 4). The obtained results (Table 4)
indicate the mean of the energy calculated for each pose of the
simulation and its corresponding standard deviation.

CLINICAL INSIGHTS

Our ultimate goal is to identify putative drug compounds that
can be used safely and efficaciously while mitigating risks—
deleterious side effects likely could not be reliably or robustly
tolerated in severe COVID-19 cases. The general strategy of
“drug repurposing” involves identifying existing compounds
(both approved and withdrawn drugs) via their biological
plausibility/rationale (e.g., mechanism-based inhibitors), via
in vitro, in vivo, and in silico studies, or via serendipitous
clinical observations. Much clinical pharmacological data,
and clinical trial knowledge, are required in order to really
elucidate (and extend) the use of a given chemical for a new
indication; such efforts can stem from clinical expertise or

smaller-scale studies (before a fully systematic, population-
wide study). A consideration of the possible strengths and
weaknesses of the drug candidates predicted herein will
require expertise in translational drug development, including
clinical pharmacologists and infectious disease specialists
conducting clinical trials related to COVID-19. As an alternative
to traditional drug development strategies, which are often
slow, financially costly, and failure-prone, drug repositioning
approaches, though computationally intricate, can be especially
useful in emergency situations such as the COVID-19 pandemic.
Identifying and selecting molecular candidates for drug
repositioning entails numerous factors—e.g., pharmacokinetics,
clinical indications, drug-related adverse events, drug–drug
interactions, toxicity profiles, and available formulations.

With regard to pharmacokinetics, metabolism plays a key
role in this selection. The Phase I metabolism, through
the CYP450 family, significantly increases the risk of drug–
drug interactions when coadministered with CYP inhibitors
or inducers. Moreover, idiosyncratic genetic variability in the
CYP gene family may affect an individual’s response to the
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FIGURE 7 | Molecular dynamics (MD) simulation studies of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) main protease with the predicted top

3 compounds from TCM database.

administered treatment, both in terms of effectiveness and
tolerability. By these considerations, we suggest that eledoisin,
daptomycin, and angiotensin II, which have no interaction with
the CYP system (Supplementary Table 4), could be potential
inhibitors of the SARS-CoV-2 main protease. However, the
vasodilatory activity of eledoisin may render it unsuitable in
critically ill patients because severe cases (e.g., septic shock)
often require vasopressor support; in contrast, angiotensinamide,
which is an oligopeptide used to increase blood pressure by
vasoconstriction, could be an interesting option in septic patients.
Drugs not specifically indicated for cardiovascular disease may
also affect hemodynamics. For instance, dihydroergocornine, a
dopamine agonist used as an anti-Parkinson agent, presents
large hypotensive effects; therefore, it should not be considered
as a potential medication for COVID-19-infected patients. A
consensus seems to be emerging that cardiovascular drugs (or
other medications with significant hemodynamic effects) should
not be considered promising candidates for targeting SARS-
CoV-2, as their overall efficacy (and potential side effects) is too
coupled to other clinical aspects of a patient’s condition.

There are also additional considerations in the drug selection
process, such as the environments of use and how a patient
will interact with the drug, and these factors may influence the
chosen administration route. Most infected COVID-19 patients
have been managed in non-critical areas; therefore, in this
context, the oral route of administration can be considered
feasible, alongside with intravenous injections. Naldemedine,
which is an oral peripherally acting µ-opioid receptor antagonist
(PAMORA), indicated for opioid-induced constipation (Coluzzi
et al., 2020), may represent a practicable alternative in less
severe COVID-19 patients. Its use, in healthy subjects, was
associated with a slight increase in the incidence of diarrhea
(Fukumura et al., 2018). Conversely, in critically ill patients,
even when the enteral nutrition is guaranteed, oral formulations
could be unsuitable if they cannot be crushed or dissolved
and administered through the enteral feeding tube, as is the
case with [CM1] naldemedine. From a clinical point of view,
the approved drug indication could be a relevant criterion
for selection, analogous to what holds true for antimicrobials
and antiviral drugs. Indeed, the COVID-19 pandemic has seen
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FIGURE 8 | Molecular dynamics (MD) simulation studies of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) main protease with the predicted top

3 compounds from the approved drugs database (SuperDRUG2).

remdesivir, an established drug with broad-spectrum antiviral
activity, receive emergency use authorization from the FDA
and the European Medicines Agency (EMA) (Grein et al.,
2020). Similarly, the antiviral medication telaprevir, a hepatitis
C virus protease inhibitor, could represent an alternative.
Among antibacterial agents, daptomycin, which is a lipopeptide
antibiotic with in vitro bactericidal activity against Gram-positive
bacteria, could be interesting potential inhibitors for SARS-
CoV-2 targets. Daptomycin remains one of the main treatment
options for methicillin-resistant Staphylococcus aureus (MRSA)
infections; however, sporadic cases of resistance have been
noted (Barros et al., 2019). In drug repositioning approaches,
even withdrawn drugs can become reborn—particularly if
the reason for market withdrawal was commercial (i.e., not
safety issues). The top three withdrawn compounds that we
have identified here include two cardiovascular drugs and an
antiviral. Saralasin, an old partial agonist of angiotensin II
receptors, has been withdrawn from sale for commercial reasons.
Similarly, aliskiren, a direct renin inhibitor—which failed to show

benefit over angiotensin-converting-enzyme (ACE) inhibitors
in heart failure21—was withdrawn from the European market,
without intention to market it in the future. Saquinavir,
indicated for treatment of HIV-1-infected adult patients, also
could be an appealing potential drug for COVID-19 patients.
However, apart from its withdrawal from the market, the CYP
activity profile causes significant potential clinically relevant
drug–drug interactions with a number of coadministered
drugs. When considering the top 10 withdrawn compounds
(Supplementary Table 5)—excluding cardiovascular drugs (for
concerns expressed above) and antineoplastic agents (for
reasons of toxicity)—we suggest that antibacterial drugs could
be considered. Azlocillin, a wide-spectrum acylated form of
ampicillin with antibacterial activity, has been recently proposed
as a potential drug candidate for Lyme disease (targeting drug-
tolerant Borrelia burgdorferi). Besides its efficacy, the safety of

21End of the road for Aliskiren in heart failure. Available online at: https://
academic.oup.com/eurheartj/article/38/5/312/2990021 (accessed July 28, 2020).
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FIGURE 9 | Molecular dynamics (MD) simulation studies of the severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) main protease with the predicted top

3 compounds from the WITHDRAWN database.

azlocillin was one of the main criteria for selecting this drug
(Pothineni et al., 2020). In terms of drug repositioning, note
that azlocillin has also been investigated as a potential new
therapeutic agent for prostate cancer (Turanli et al., 2019).
Among antibacterial agents, azlocillin does not present toxicity
issues and has no interactions with the CYP family; therefore, it
could be considered a first-choice molecule in this pharmacologic
class of agents.

CONCLUSIONS

This study reports potential inhibitors for the SARS-CoV-2
main protease, 3CLpro, via an integrated computational approach
to drug repositioning. After our docking trials, a divergent
pose of ligands was generated, and the pose with the optimal
docking score and binding interactions was considered as the
best pose for further processing and manual analysis. The
docking of compounds to the 3CLpro protease was visualized
in terms of interactions in the substrate recognition pockets

of the protein, and the dynamical stability of drug–protein
contacts was evaluated via MD simulations of each putative
drug−3CLpro pair. We identified compounds from four different
sources—namely, the Super Natural II, TCM, approved drugs,
and WITHDRAWN drugs databases. Most of the compounds
identified in our present work exhibit favorable interactions
with the main protease residues (Cys145, Ser144, Glu166, His41,
Gln189, and Gln192), suggesting that enthalpically optimal
interactions at least can occur (see Results section). Our proposed
compounds, as bound in the active site (pocket) of the 3CLpro

protein, are shown in Figures 2–5. The steric accommodation
of selected compounds in 3CLpro hinges upon particular amino
acid residues that engage in interactions, as shown in Figures 6–
9. Our analyses elucidate, at least in silico, these potential
drug−3CLpro interactions. Some drugs, like naldemedine and
candidates from Super Natural II (SN00017653) and TCM
(pseudostellarin C), have not been identified in previous studies
as potential inhibitors of SARS-CoV-2 main protease and are
suggested here for the first time. Interestingly, pseudostellarin C,
which is a compound found in the roots of a traditional Chinese
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TABLE 4 | Molecular mechanics–generalized Born surface area (MM-GBSA)

calculation.

Drug dG (kcal/mol) SD (kcal/mol)

SN00019468 −54.0 13.5

SN00017653 −54.5 5.8

SN00303378 −54.3 6.4

Pseudostellarin C −53.6 12.1

Notoamide R −21.4 17.5

Dianthin E −61.70 10.6

Angiotensin II −74.9 6.8

Eledoisin −93.3 8.9

Naldemedine −64.2 6.7

Saquinavir −54.3 6.4

Aliskiren −61.2 9.9

Saralasin −61.8 10.6

N3 inhibitor −64.3 12.3

dG, free energy; SD, standard deviation. The obtained results indicate the mean

of the energy calculated for each pose of the simulation and its corresponding

standard deviation.

plant (Pseudostellaria heterophylla), is known medicinally for its
application in dry cough arising from “lung dryness” (Hu et al.,
2019).

Naturally occurring compounds are a rich resource for drug
innovation and development. We suggest that the COVID-
19-related leads reported here can support the discovery and
development of high-potency inhibitors in vitro and in vivo.
New leads from the Super Natural II databases (Figure 2,
Table 2) are novel promising candidates, as they have similar
binding interaction profiles [including overall good structural
similarity (0.73 and above)] as compared to the main N3
inhibitors. Besides that, the compounds from the TCM database
have also shown good interactions with the main protease
(Figures 3, 7, Table 2). Specially, compound pseudostellarin C is
a promising candidate from the TCM chemical space, sharing
similar binding interactions as the N3 ligand and showing
a high stable pose from the first 40 ns (Figure 7) on MD
simulation studies.

Additionally, the repurposed drugs (as shown in Table 3,
Figures 4, 5) have shown good interactions; in particular,
naldemedine from the approved drug set, which is a PAMORA
recently approved for the treatment of opioid-induced
constipation in adult patients (Hu and Bridgeman, 2018).
This drug is also supported as a clinically valid alternative due
to its safe profile. Furthermore, based on the MD simulation
studies, naldemedine shows close values for protein and
ligand RMSD, so the ligand pose is considered stable. Another
interesting candidate is saquinavir from the withdrawn dataset,
which interacts with the main protease in a similar manner as
compared to its original ligand (Figure 6). It has a structural
similarity of 0.67 with the original N3 ligand. Saquinavir is an
antiretroviral protease (peptidomimetic) inhibitor that is used
in the therapy and prevention of human immunodeficiency
virus (HIV) infection and the acquired immunodeficiency

syndrome (AIDS). This drug is discontinued in Europe10,
and due to its CYP activity profile, which causes significant
potential clinically relevant drug–drug interactions with a
number of coadministered drugs, this drug becomes clinically
less preferable as a COVID-19 potential drug candidate.
Saquinavir is also reported as a potential repurposed drug
for COVID-19 disease by other studies (Montenegro et al.,
2020). On the other hand, drugs such as angiotensin II,
aliskiren, and phytochemicals like notoamide R, SN00019468,
dianthin E, and SN00303378 cannot be considered as optimal
candidates based on this study, as some of these compounds
were stable but showed poor contacts with crucial residues
of the main protease, as well as some showed higher RMSD
values on MD simulation studies, and sometimes both poor
contacts and high ligand RMSD fluctuations were observed
(see Results section). Additionally, in this study, we have also
addressed the toxicity and cytochrome activity of the reported
compounds. Most of the resulting compounds predicted to
be immunotoxic (that is, cytotoxicity of the B and T cells).
Thus, we believe gaining insight into the molecular mechanism
responsible for protein–ligand recognition through this study
will facilitate the development of drugs for the treatment of
COVID-19 disease.

The work reported here addresses an important concern
and urgent need for drugs for the treatment of SARS-CoV-
2 infection. As demonstrated via this integrated approach,
computational prediction of approved drugs, withdrawn drugs,
and phytochemicals for inhibition of SARS-CoV-2 main protease
has resulted in some promising leads for further experimental
validation. We hope that the in silico results and predictions
obtained in this study, including the potential clinical insights,
could facilitate the discovery of highly potent inhibitors of the
SARS-CoV-2 main protease. Overall, our computational drug
repositioning strategy predicts some promising drug candidates
that, if borne out via experimental and clinical approaches, could
contribute toward resolving the global crisis of the COVID-
19 pandemic.
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Abstract: More than a year has passed since the world began to fight the novel severe acute respiratory
syndrome coronavirus 2 (SARS-CoV-2) responsible for the Coronavirus disease 2019 (COVID-19)
pandemic, and still it spreads around the world, mutating at the same time. One of the sources of
compounds with potential antiviral activity is Traditional Chinese Medicinal (TCM) plants used
in China in the supportive treatment of COVID-19. Reynoutria japonica is important part of the
Shu Feng Jie Du Granule/Capsule-TCM herbal formula, recommended by China Food and Drug
Administration (CFDA) for treatment of patients with H1N1- and H5N9-induced acute lung injury
and is also used in China to treat COVID-19, mainly combined with other remedies. In our study,
25 compounds from rhizomes of R. japonica and Reynoutria sachalinensis (related species), were docked
into the binding site of SARS-CoV-2 main protease. Next, 11 of them (vanicoside A, vanicoside B,
resveratrol, piceid, emodin, epicatechin, epicatechin gallate, epigallocatechin gallate, procyanidin B2,
procyanidin C1, procyanidin B2 3,3’-di-O-gallate) as well as extracts and fractions from rhizomes
of R. japonica and R. sachalinensis were tested in vitro using a fluorescent peptide substrate. Among
the tested phytochemicals the best results were achieved for vanicoside A and vanicoside B with
moderate inhibition of SARS-CoV-2 Mpro, IC50 = 23.10 µM and 43.59 µM, respectively. The butanol
fractions of plants showed the strongest inhibition of SARS-CoV-2 Mpro (IC50 = 4.031 µg/mL
for R. sachalinensis and IC50 = 7.877 µg/mL for R. japonica). As the main constituents of butanol
fractions, besides the phenylpropanoid disaccharide esters (e.g., vanicosides), are highly polymerized
procyanidins, we suppose that they could be responsible for their strong inhibitory properties. As
inhibition of SARS-CoV-2 main protease could prevent the replication of the virus our research
provides data that may explain the beneficial effects of R. japonica on COVID-19 and identify the most
active compounds worthy of more extensive research.

Keywords: Polygoni cuspidati rhizoma; Reynoutria sachalinensis; vanicoside; proanthocyanidins; COVID-19
(Coronavirus disease 2019)

1. Introduction

The severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), responsible for
Coronavirus disease 2019 (COVID-19) pandemic, was first reported in December 2019 in
Wuhan, China [1,2] Since then, over 180 million confirmed cases and more than 3.8 million
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fatalities caused by COVID-19 disease were reported worldwide (Johns Hopkins University
database: https://coronavirus.jhu.edu/data, accessed on 27 July 2021). SARS-CoV-2
belongs to the Coronaviridae family, the same family as previously known coronaviruses
such as SARS-CoV, responsible for Severe Acute Respiratory Syndrome and MERS-CoV,
which caused Middle East Respiratory Syndrome [3]. The most common symptoms of the
infection are: fever, dry cough, shortness of breath, fatigue, diarrhea, rash on skin, or loss
of taste and smell. A few of the symptoms usually occurred in combination, depending
on the immune system of the individual [4,5]. Not all the infected people are showing
symptoms of the disease, which is why extraordinary measures such as social distancing,
wearing masks and frequent testing were imposed by authorities around the world.

Task forces from all over the world are working on designing vaccines and suggesting
drugs to fight COVID-19. Vaccine development has given us hope to take control of the
pandemic, however because of problems with availability and distribution of vaccines,
lack of knowledge for how long the vaccine-induced immunity, as well as the virus’s
ability to mutate, there is an urgent need to find effective drugs for this disease. Different
computational methods and drug repurposing techniques such as molecular docking,
molecular dynamics, or AI (Artificial Intelligence) approaches [6–9] were used for drugs
against SARS-CoV-2 searching. Many of the suggested drugs are currently in clinical
trials [10]. There are also many examples of compounds suggested to be potential inhibitors
of main coronavirus targets found in different databases such as the ZINC database (ref
ZINC 1bilion) or natural product databases or TCM databases [11–13].

In this study, compounds and extracts from underground parts (rhizomes) of two
medicinal plants—Reynoutria japonica Houtt. (syn. Fallopia japonica (Houtt.) Ronse Decr.,
Polygonum cuspidatum Sieb. & Zucc.) and Reynoutria sachalinensis (F.Schmidt) Nakai
(Polygonaceae) (syn. Fallopia sachalinensis (F.Schmidt) Ronse Decr., Polygonum sachalinense
F.Schmidt) were investigated for inhibition of one of the nonstructural proteins of the virus
which is the main protease (Mpro, also called 3CLpro). Inhibition of this enzyme could
prevent the replication of the virus. Besides the main protease, SARS-CoV-2 virus encodes
other nonstructural proteins such as: papain-like protease (PLpro), RNA-dependent RNA
polymerase (RdPp), a helicase–triphosphatase, an exoribonuclease, an endonuclease, and
N7- and 20O-methyltransferases and four structural proteins: spike, envelope, membrane,
and nucleocapsid [14,15]. Many natural products from different medicinal plants have
potential antiviral activity against coronaviruses such as SARS-CoV-2, as well as SARS-CoV
or other viruses [16–22].

R. japonica is a well-known herb which has rhizomes (Huzhang in Chinese) that are
used in China and Japan to treat various inflammatory diseases, infections, skin diseases,
and hyperlipidemia [23]. Huzhang is part of the Shu Feng Jie Du Granule/Capsule-TCM
herbal formula mainly used in China for the treatment of acute upper respiratory tract
infections such as the flu, swelling, and pain in the throat and others [24]. Based on
the Shu Feng Jie Du Capsule antiviral effect, the China Food and Drug Administration
(CFDA) has recommended use of it for the treatment of patients with H1N1- and H5N9-
induced acute lung injury [25]. In 2020, Shu Feng Jie Du Granule/Capsule was used to
treat COVID-19, combined with other remedies or alone [26,27]. Rhizomes of R. japonica
are rich sources of active phytochemicals such as stilbenes, anthraquinones, flavanols,
proanthocyanidins, and phenylpropanoid disaccharide esters. The latter are present in
greater quantities in the related R. sachalinensis, also included in this study. Stilbenes
exhibit diverse biological activities such as antioxidative, antitumoral, anti-inflammatory,
and antiviral properties [28]. Moreover, recent molecular docking studies showed that
stilbenes in general and resveratrol in particular can be promising anti-COVID-19 drug
candidates, acting as an inhibitor of the ACE2 receptor and preventing the S1: ACE2
complex formation and entry of the virus into host cells [28]. Emodin, an anthraquinone,
blocked the interaction of SARS-CoV S protein and ACE2 in a dose-dependent manner with
an IC50 of 200 µM as well as inhibited the infectivity of S protein-pseudotyped retrovirus to
Vero E6 cells [29]. Also, simple flavanols like epicatechin or epigallocatechin gallate were



 62 

 

Pharmaceuticals 2021, 14, 742 3 of 19

reported to inhibit angiotensin-converting enzyme activity [30]. Molecular docking and
dynamics studies carried out by Maroli et al. [31] showed that procyanidins could be a
potential inhibitor of SARS-CoV-2 Mpro as well as ACE2 or spike protein. Phenylpropanoid
disaccharide esters present in Reynoutria species with a predominant amount of vanicoside
B and A [32] are still under-studied chemicals in terms of their biological activity. Their
antioxidant and cytotoxic activity against some human tumor cell lines [33,34] as well as
their activity as acetylcholinesterase and �-glucosidase inhibitors [35] have been revealed.
So far, no studies have been conducted to check their antiviral activity.

For this study we pulled 25 compounds belonging to 5 different classes of phytochemi-
cals from Reynoutria japonica and/or R. sachalinensis. They were: stilbenes: resveratroloside,
piceatannol, piceatannol glucoside, piceid, resveratrol; anthraquinones: emodin, emodin
8-glucoside, emodin bianthrone, physcion; phenylpropanoid disaccharide esters: van-
icoside A, vanicoside B, vanicoside C, hydropiperoside, lapathoside A, lapathoside C,
tatariside B; flavan-3-ols and procyanidins: epicatechin, epicatechin gallate, epigallocate-
chin gallate, procyanidin B2, procyanidin B2 3’-O-gallate, procyanidin B2 3,3’-di-O-gallate,
procyanidin C1, procyanidin C1 3’,3”-di-O-gallate, cinnamtannin A2. First, molecular dock-
ing was performed on those compounds to evaluate them as potential inhibitors against
SARS-CoV-2 Mpro. Consequently, the shortlisted compounds as well as the extracts and
fractions from the R. japonica and R. sachalinensis rhizomes were tested in vitro by means of
the spectrofluorimetric assay using recombinant enzyme.

2. Results

2.1. Molecular Docking Studies
25 compounds (Figure S1), belonging to five different phytochemical classes that are

active compounds of R. japonica and R. sachalinensis, were docked into the binding site of
SARS-CoV-2 main protease. First, poses of re-docked N3 ligand were analyzed and root
mean square deviation (RMSD) between re-docked poses and crystallographic N3 ligand
was calculated. Also, 3D visualization of the superimposed crystallographic ligand with
the best docked pose (RMSD = 1.6369 Å) of N3 ligand is shown below (Figure 1).

  
Figure 1. Superimposition of the re-docked (purple) and crystallographic (green) N3 ligand poses.

RMSD analyses and analysis of interactions showed that N3 ligand was successfully
re-docked and that hydrogen bonds with such residues as Gly 143, Ser144, Cys145, Glu166,
Gln189, Thr190, and Pi-Alkyl interactions with His41 and Ala191 were observed (Figure 2).
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Figure 2. 2D visualization of ligand interactions of re-docked N3 ligand into the binding site of
SARS-CoV-2 main protease.

Analysis of results of all docked compounds were based on the visual inspection of
interactions with catalytic residues site of Mpro (Cys145 and His41) as well as comparison
of interactions of re-docked ligand (N3). Below (Tables 1 and 2), we are presenting 2D inter-
actions diagrams of those 11 compounds, which were also evaluated in vitro as potential
inhibitors of Mpro. Conventional hydrogen bonds and also Pi-Pi interactions are listed in
the Table 1 below each compound and common interactions with the N3 ligand are marked
in bold. Additional docking results are presented in the Supplementary table (Table S1).
The choice of compounds for in vitro study was based not only on the best docking results
but was also determined by the availability and quantity of isolated compounds. GOLD
docking scores of best poses of the compounds are presented in the Supplementary table
(Table S2).

Based on the interaction analyses best potential candidates for Mpro inhibitors are
presented in Table 1. Table 2 includes compounds which are not supposed to be good
inhibitors, but still were evaluated in vitro study to confirm this assumption.

Based on analyses of 11 main compounds we assumed that phenylpropanoid disac-
charide esters such as vanicoside A and vanicoside B or procyanidins such as procyanidin
B2 3,3’-di-O-gallate and procyanidin C1 as well as emodin are potential inhibitors of Mpro.
In the case of all those five compounds (Table 1) the interactions with the catalytic residues
Cys145 and His41 were observed. Additionally, hydrogen bonds with such residues as
Gly143, Glu166, Gln189, His163, or Thr190 were formed. Interactions with those residues
were also present in case of re-docked N3 ligand. Epicatechin, (�)-epigallocatechin gallate
or epicatechin gallate are probably not as good Mpro inhibitors, because of lack of the in-
teractions with catalytic residues Cys145 or His41. Resveratrol, piceid, and procyanidin B2
were also classified as poor candidates for Mpro inhibitors. In those cases the interactions
with Cys145 or His41 were observed, but hydrogen bond interactions with other residues,
common with co-crystalized ligand, were absent (Table 2). Further, the analyses of GOLD
docking scores (Table S2) shows that in the case of compounds presented in Table 1, their
scores are higher (Goldscore.Fitness > 90) than in the case of compounds presented in
Table 2, and higher fitness scores indicate better docking results.
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Table 1. 2D interactions diagrams of presumably good candidates for Mpro inhibitors.

Phenylpropanoid Disaccharide Esters

Vanicoside B

Conventional Hydrogen Bond: Cys145, Gln189, His164, Conventional Hydrogen Bond: Cys145, Gln189, His164,
Asn142, Leu141, Tyr54, Cys44;
Pi-interactions: His41, Met165

Vanicoside A

Conventional Hydrogen Bond: Cys145, Glu166, Gln189Conventional Hydrogen Bond: Cys145, Glu166, Gln189,
Thr190, Thr26;

Pi-interactions: His41, Leu27

Procyanidins

Procyanidin C1

 
Conventional Hydrogen Bond: Cys145, Met49, Glu166Conventional Hydrogen Bond: Cys145, Met49, Glu166,

Gly143, His163;
Pi-interactions: His41, Arg188, Met49

Procyanidin B2 3,3’-di-O-gallate

Conventional Hydrogen Bond: His41, Cys145, His163, Conventional Hydrogen Bond: His41, Cys145, His163, His164,
Cys44, Met49, Gln189;

Pi-interactions: Pro52, Met165
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Table 1. Cont.

Phenylpropanoid Disaccharide Esters

Anthraquinone

Emodin

Conventional Hydrogen Bond: Cys145, Glu166, Met165,
Tyr54, His41;

Pi-interactions: His41; Met165

Table 2. 2D interactions diagrams of presumably not good candidates for Mpro inhibitors.

Stilbenes

Resveratrol

Conventional Hydrogen Bond: Gln 192; Conventional Hydrogen Bond: Gln 192;
Pi-interactions: His41, Pro168, Met165

Piceid

Conventional Hydrogen Bond: Cys145, Gln192;Conventional Hydrogen Bond: Cys145, Gln192;
Pi-interactions: His41, Met165, Pro168
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Table 2. Cont.

Stilbenes

Flavanols and Procyanidins

(�)-Epigallocatechin gallate

 
Conventional Hydrogen Bond: Thr190, Leu141, His163;Conventional Hydrogen Bond: Thr190, Leu141, His163;

Pi-interactions: Glu166

Epicatechin

Conventional Hydrogen Bond: Ser144, Glu166, Gly143Conventional Hydrogen Bond: Ser144, Glu166, Gly143,
His164, Thr190;

Pi-interactions: Met165, His163, Cys145

Epicatechin gallate

 
Conventional Hydrogen Bond: Met165, His164, Glu166Conventional Hydrogen Bond: Met165, His164, Glu166, Phe140;

Pi-interactions: Cys145, Met165

Procyanidin B2

Conventional Hydrogen Bond: Cys145, Leu141, His163, Conventional Hydrogen Bond: Cys145, Leu141, His163, His164;
Pi-interactions: His41, Met49
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Analyses of interactions with Mpro residues of additional 14 compounds, which
are included in supplementary table (Table S1), but were not tested in vitro, shows that
procyanidins such as procyanidin C1 30,300-di-O-gallate and cinnamtannin A2 as well as
phenylpropanoid disaccharide esters such as hydropiperoside, tatariside B, lapathoside
C or vanicoside C, and emodin bioanthrone could all be promising candidates for Mpro
inhibitors and considered for further in vitro testing. However, these compounds occur in
the studied plant material in minor amounts only and as such, they were unavailable in
amounts sufficient for thorough pharmacological investigations. GOLD docking scores
(Table S2) in case of those compounds are also higher than in case of the remaining seven
compounds presented in Table S1, with the exception of emodin bioanthrone, where
docking score is much lower. Compounds such as resveratroloside and piceatannol,
piceatannol glucoside, procyanidin B230-O-gallate, physcion, emodin-8-glucoside, and
lapathoside A are assumed to be worse candidates either because of low number of
hydrogen bonds, which could cause the instability of complexes with protease or because of
lack of interaction with both catalytic residues Cys154 and His41. Moreover, GOLD fitness
scores are also lower (<80) in all those cases. In addition to 2D interaction visualizations
presented above, the 3D visualizations of two highest scored compounds: Vanicosides (A
and B) in complex with receptor were generated and shown in Figure 3.

 

Figure 3. 3D visualization of best scored compounds: Vanicoside A (images on the left—green), Vanicoside B (images on
the right—cyan).

2.2. Inhibition of SARS-CoV-2 Mpro Enzyme-In Vitro Study
Eleven compounds (Figure 4A, Table S3) and 12 plant extracts and fractions (Figure 4B,

Table S4) were studied in vitro against recombinant SARS-CoV-2 Mpro in spectrofluori-
metric assay. During the experiment we used a novel fluorescent peptide substrate (QS1,
Ac-Abu-Tle-Leu-Gln-ACC) [36].
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The choice of R. japonica and R. sachalinensis extracts and fractions was dictated by
the promising docking results with compounds present in these plants. The detailed
phytochemical composition of the tested extracts and fractions were presented in our
earlier studies [33]. Nine out of 11 tested compounds with final concentration of 100 µM
inhibited SARS-CoV-2 Mpro enzyme significantly, whereas five of them displayed over
20% inhibition during the screening and were selected for further analysis. Three com-
pounds: vanicoside A, vanicoside B, and emodin revealed over 50% inhibition of the
enzyme. All of the studied extracts and fractions with the final concentration of 50 µg/mL
significantly inhibited SARS-CoV-2 Mpro, displaying over 50% inhibition of the enzyme,
and were selected for further analysis. In the next step, determination of enzyme inhi-
bition in serial dilutions of the selected compounds and extracts/fractions was defined
(Tables S5–S8, Figures 5–8). Three compounds—vanicoside A, vanicoside B, and emodin—
showed significant inhibition of SARS-CoV-2 Mpro, also at low concentrations (starting at
13.2 µM), while the remaining two compounds—procyanidin C1, procyanidin B2 3,3’-di-
O-gallate—showed significant inhibition only at the highest concentration—100 µM. The
Log IC50, IC50, and R2 were calculated for vanicoside A (IC50 = 23.10 µM) and vanicoside B
(IC50 = 43.59 µM), (Figure 8). Among extracts, stronger inhibition of SARS-CoV-2 Mpro was
seen for R. sachalinensis acetone extract than for R. japonica acetone extract, however both
achieved low IC50 = 9.42 µg/mL and 16.90 µg/mL, respectively (Figure 8). All fractions
(dichloromethane (CH2Cl2), diethyl ether (Et2O), ethyl acetate (AcOEt), butanol (n-BuOH)
and water) were obtained during the fractionation process of acetone extracts [33]. Among
the fractions, only butanol fractions showed stronger enzyme inhibition than the corre-
sponding acetone extracts (Figures 6 and 7, Table S8). The IC50 was 4.031 µg/mL for
R. sachalinensis butanol fraction and 7.877 µg/mL for R. japonica butanol fraction (Figure 8).
It is supposed that compounds present in the butanol fractions are responsible for observed
strong inhibition of main protease by Reynoutria extracts.

 
Figure 4. Screening for SARS-CoV-2 Mpro inhibitors. Inhibitors (I), with final concentration equal to 100 µM for individual
compounds (A) and 50 µg/mL for extracts and fractions (B) The results were presented as SARS-CoV-2 Mpro residual
activity (%), in relation to control without inhibitor. Error bars shown in this figure are means ± SD for n � 3. * Statistically
significant at p  0.05 compared to control. Abbreviations: Vanic.—vanicoside, Resv.—resveratrol, EC-epicatechin, ECG—
epicatechin gallate, EGCG—epigallocatechin gallate, PC—procyanidin, di-Gall—3,30-O-digallate, DCM—dichloromethane,
DEE—diethyl ether, EA—ethyl acetate, BuOH—n-butanol.
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Figure 5. SARS-CoV-2 Mpro activity in serial dilution of compounds. The results were presented as SARS-CoV-2 Mpro
inhibition (%).
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Figure 6. SARS-CoV-2 Mpro activity in serial dilution of extracts and fractions. The results were presented as SARS-CoV-2
Mpro inhibition (%).
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Figure 7. SARS-CoV-2 Mpro activity in serial dilution of extracts and fractions. The results were
presented as SARS-CoV-2 Mpro inhibition (%).

Figure 8. SARS-CoV-2 Mpro activity in serial dilution of the most potent inhibitors. Log IC50, IC50
and R2 were calculated for each sample.
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3. Discussion

The 25 compounds, previously identified in R. japonica and R. sachalinensis extracts,
belonging to five different classes of phytochemicals (stilbenes, anthraquinones, phenyl-
propanoid disaccharide esters, flavan-3-ols, and procyanidins) were evaluated as potential
inhibitors against SARS-CoV-2 Mpro in molecular docking study. The most successfully
docked were compounds belonging to procyanidins (procyanidin B2 3,30-di-O-gallate,
procyanidin C1, procyanidin C1 30,300-di-O-gallate, cinnamtannin A2), phenylpropanoid
disaccharide esters (vanicoside A, vanicoside B, vanicoside C, hydropiperoside, lapatho-
side C, tatariside B), and anthranoids (emodin, emodin bianthrone) (Table 1 and Table S1).
In the case of almost all of those compounds the interactions with the catalytic residues—
Cys145 and His41—were observed. Additionally, hydrogen bonds with such residues as
Gly143, Ser144, Glu166, Gln189, or Thr190 were formed. Interaction with those residues
were also present in case of the N3 ligand. Also, for all those compounds, except emodin
bianthrone, the fitness GOLD docking scores are similar or higher than the score for N3 lig-
and, which could also indicate that those compounds could be classified as good inhibitors.
Results from molecular docking study of phenylpropanoid disaccharide esters towards
SARS-CoV-2 Mpro are presented for the first time.

Alongside these 11 compounds tested in the in vitro study, we have also tested ex-
tracts and fractions from rhizomes of R. japonica and R. sachalinensis. The results indicated
that for strong inhibition of SARS-CoV-2 Mpro by R. japonica and R. sachalinensis ace-
tone extracts (IC50 = 16.90 µg/mL and 9.42 µg/mL, respectively), the mainly responsible
compounds are present in the butanol fractions (IC50 = 4.031 µg/mL for R. sachalinensis
and IC50 = 7.877 µg/mL for R. japonica). Only these fractions revealed stronger enzyme
inhibition than the corresponding acetone extracts (Table S8, Figures 6–8). According to
our earlier phytochemical study [33], among all obtained fractions (CH2Cl2, Et2O, AcOEt,
n-BuOH, and water), the butanol fractions of R. japonica and R. sachalinensis contained the
highest amount of procyanidins with high degree of polymerization such as procyanidin
heptamer or octamer. Next to procyanidins, phenylpropanoid disaccharide esters were
another important group of compounds detected in these fractions. The stronger inhi-
bition of SARS-CoV-2 Mpro by R. sachalinensis than R. japonica could be associated with
higher amount of procyanidins and phenylpropanoid disaccharide esters in R. sachalinensis
rhizomes, which was confirmed in our earlier studies [32,33]. We docked compounds
belonging to these phytochemical groups into the binding site of SARS-CoV-2 Mpro. Four
of them: vanicoside A, B, procyanidin C1, procyanidin B2 3,30-di-O-gallate, were selected
to in vitro study. However, despite good results in docking study, only vanicoside A
(IC50 = 23.10 µM) and vanicoside B (IC50 = 43.59 µM) showed moderate inhibition of SARS-
CoV-2 Mpro. Therefore, we suggest that other compounds may be responsible for the
strong inhibition of SARS-CoV-2 Mpro by butanol fractions, or a phenomenon of synergy
between the compounds occurred. However, some of the well scored compounds, be-
longing to the phenylpropanoid esters (hydropiperoside, lapathoside C) and procyanidins
(cinnamtannin A2) were not tested because of insufficient amounts obtained from the
crude drug. Even so, their scores were comparable but not higher than those of the tested
vanicosides/procyanidin C1, respectively. These rare compounds also occur mainly in
R.sachalinensis, less utilized as a medicinal plant. Hence, future investigation into the anti
SARS-CoV-2 potential should focus on this species.

Highly polymerized proanthocyanidins present in butanol fractions, with the degree
of polymerization higher than those tested in this in vitro study (dimers, trimers), may
have had a significant effect on the strong inhibitory effect of these fraction on SARS-CoV-2
Mpro. Moreover, according to previous studies [33], dimeric and trimeric proanthocyani-
dins (with weak inhibition activity in our experiment) and simple flavan-3-ols (epicatechin,
epicatechin gallate, without inhibitory effect at 100 µM in our experiment), apart from
phenylpropanoid disaccharide esters, are the main compounds in the Et2O and AcOEt frac-
tions, which provides a plausible explanation of their weaker inhibitory effect (Figure 6).
Additional studies are needed to confirm the inhibition of SARS-CoV-2 Mpro by highly



 73 

 

Pharmaceuticals 2021, 14, 742 14 of 19

polymerized proanthocyanidins. We are continuing isolation of these subfractions and
single compounds from butanol fractions to fully confirm these assumptions. However,
they are already supported by the chemical nature of these compounds as well as by
the other studies outlined below. Proanthocyanidins bind proteins also non-specifically
due to the numerous phenol (hydroxyl) groups that form cross-linked structures with
polypeptides. This seems to depend on the size of the molecule: the more a proantho-
cyanidin is polymerized, the less specific the protein bonds are. Moreover, a higher degree
of polymerization of proanthocyanidins increases their affinity to proteins and enhances
the cross-linkages between proteins [36–38]. Some studies have demonstrated antivi-
ral activity of extracts rich in proanthocyanidins. Zhuang et al. [39] found that butanol
fraction of Cinnamomi cortex containing high amount of proanthocyanidins, inhibit SARS-
CoV infection (IC50S = 7.8 ± 0.3 µg/mL, wild-type SARS-CoV). Conzelmann et al. [40] re-
vealed that black chokeberry (Aronia melanocarpa) juice, pomegranate (Punica granatum)
juice and green tea (Camellia sinensis), rich in proanthocyanidins, possess high antivi-
ral efficacy against SARS-CoV-2 (BetaCoV/France/IDF0372/2020) and influenza A virus
(A/H1N1/Brisbane/59/2007). The 5-min incubation of SARS-CoV-2 with black chokeberry
juice resulted in a � 1.52 log10 decrease in infectivity (which corresponds to a 96.98% reduc-
tion of infectivity). The mean procyanidin polymerization degree (mDP) in A. melanocarpa
juice is high: 12–52 [41]. Due to general affinity of proanthocyanidins to proteins, in ad-
dition to binding the main protease SARS-CoV-2, they can also bind other essential viral
structural proteins. So far, an inhibitory effect of extracts rich in proanthocyanidins or
isolated compounds on the other enveloped viruses such as influenza and RSV has been
observed [42–44]. It was shown that the Rumex acetosa extract rich in proanthocyanidins
and its main active constituent-procyanidin B2-di-gallate protect cells from influenza A
virus infection by inhibiting viral attachment [44]. Similarly, in the case of the herpes sim-
plex virus (HSV-1), inhibition of virus adsorption and penetration by proanthocyanidins
was observed [45]. Moreover, proanthocyanidins were proposed as a new class of hepatitis
B and D virus entry inhibitors [46]. They directly target the preS1 region of the HBV large
surface protein.

Taking into account the above properties of proanthocyanidins, in the context of
COVID-19, it has been hypothesized that proanthocyanidins can inhibit the attachment of
SARS-CoV-2 to the oral epithelium [47] and lower viral adsorption and penetration. The
lower viral load may lower the risk of developing severe condition [48]. It was suggested
that pharmaceutical preparations like gargle and mouthwash solutions as well as lozenges
or chewing gums with extracts rich in proanthocyanidins may be useful in the prophylaxis
and adjunctive therapy of COVID-19. An important issue in the case SARS-CoV-2 treatment,
apart from virus neutralization, is also dealing with overreaction of the immune system
and a cytokine storm leading to systemic inflammatory response syndrome (SIRS) and
ARDS [48]. Importantly, phytochemicals, including proanthocyanidins, present in the
studied extracts and fractions have proven anti-inflammatory effects [49]. However, this
issue goes beyond the scope of the present work and requires a separate development.

4. Materials and Methods

4.1. Extracts and Fractions of Reynoutria Species
The plant material, extracts, and fractions were obtained according to procedures

described in our previous paper [33], stored under �80 �C and their composition confirmed
to be unchanged until the beginning of current experiments.

4.2. Compounds
Vanicoside A and vanicoside B were isolated earlier from rhizomes of Reynoutria

sachalinensis (F.Schmidt) Nakai, according procedure described in [32]. The structures of
vanicoside B and vanicoside A were identified using 1H and 13C NMR and HR-MS-qTOF
MS analysis and presented in the above article [32]. Emodin, piceid, epigallocatechin
gallate, procyanidin B2, procyanidin C1, were purchased in ChemFaces (Wuhan, China),
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procyanidin B2 3,30-di-O-gallate was purchased in Albtechnology (HongKong) and resver-
atrol, epicatechin, epicatechin gallate in MilliporeSigma (St. Louis, MO, USA) and their
purity verified using HPLC and exceeded 98%.

4.3. Molecular Docking
The 25 selected compounds were docked into the binding site of SARS-CoV-2 main

protease. Molecular docking was carried out with GOLD software (version 5.7.2), which
uses genetic algorithms for generation of ligand conformations [50]. Crystal structure
of main SARS-CoV-2protease was obtained from PDB database [51] (PDB code: 6LU7).
Binding site was defined based on the position of co-crystalized ligand (N3) from PDB
protein structure and all atoms within 10 Å from the ligand were selected. First, the
N3 was re-docked into the binding site of the main protease and RMSD with respect to
co-crystalized ligand was calculated. Interactions of best pose of re-docked ligand were
compared to the interactions of N3 ligand provided in the literature such as: Gly143,
Cys145, His163, His164, Glu166, Gln189, Thr190 [52]. Docking protocol, where ligands
were flexible, and residues of the binding site were set to rigid, was established and selected
compounds were docked into the binding site of the receptor. Even though most of the
ligands were large and flexible molecules, none of the rotatable bonds of ligands were fixed
and default setting or ligand flexibility were used. Genetic algorithm used in GOLD is
able to predict the binding mode of highly flexible molecules [50]. Structures of ligands
were obtained from PubChem database in sdf format [53]. In case of lack of 3D structure,
2D structures were uploaded to docking software. Interaction analyses of protein-ligand
complexes and 2D interaction diagrams were done with BIOVIA Discovery Studio 2020 [54].
The 3D interaction visualizations of ligands with Mpro were created with PYMOL version
2.3.5 [55]. GoldScore scoring function was chosen for ranking of compounds and for each
ligand 10 poses were generated.

Molecular docking analyses and choice of the best candidates for Mpro inhibitors
was based on visual inspection of protein-ligand complexes. When interactions with
key residues were observed—those compounds were suggested as potential candidates
for inhibitors. Key residues were defined based on the literature [52] and by re-docking
the co-crystalized ligand. Additionally, GOLD fitness scores of all docked compounds
were analyzed.

4.4. Inhibition of SARS-CoV-2 Mpro Enzyme-In Vitro Study
The experiment was performed according to the procedure described in the previous

article [56] with minor modifications. All experiments were carried out in 96-well assay
plates. Buffer solution (pH 7.3) contained 50 mM Tris, 1 mM EDTA, and 1 mM DTT.
Inhibitor screenings: to the wells, 1 µL of DMSO inhibitors solutions was added. Then,
79 µL of SARS-CoV-2 Mpro enzyme (E) in buffer was added. Enzyme was incubated
with inhibitors (I) for 100 at 37 �C. After incubation, 20 µL of substrate (QS1, Ac-Abu-Tle-
Leu-Gln-ACC) [15] in buffer solution was added. Final concentrations were [E] = 100 nM,
[QS1] = 50 µM, [I] = 100 µM for compounds 1–11 or [I] = 50 µg/mL for extracts and
fractions 12–23. Measurements were carried out in Molecular Devices SpectraMax Gemini
XPS spectrofluorometer at 37 �C for 300. Liberation of ACC fluorophore was measured
using �ex = 355 nm and �em = 460 nm wavelengths. The linear range of progress curves was
used for analysis. Measurements were carried out at least in triplicate. The results were
presented as mean values with standard deviations. Compounds as well as extracts and
fractions displaying >20% inhibition during the screening were selected for further analysis.

Determination of enzyme inhibition % in serial dilutions of inhibitors: serial dilutions
in DMSO of selected compounds were prepared (dilution factor 2/3). The experiment was
carried out analogically to the screening described above. 1 µL of diluted inhibitors in
DMSO were added to the wells. Then, 79 µL of SARS-CoV-2 Mpro enzyme in buffer was
added. Enzyme was incubated with inhibitors for 100 at 37 �C. After incubation, 20 µL of
substrate (QS1) in buffer solution was added. Final concentrations were [E] = 100 nM and
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[QS1] = 50 µM. Measurements were carried out in Molecular Devices SpectraMax Gemini
XPS spectrofluorometer at 37 �C for 300. Liberation of ACC fluorophore was measured
using �ex = 355 nm and �em = 460 nm wavelengths. The linear range of progress curves
was used for analysis. Measurements were carried out at least in triplicate. The results
were presented as mean values with standard deviations.

4.5. Statistical Analysis
Each assay was performed in at least triplicate and presented as mean ± SD for n � 3.

Statistical analysis was performed using GraphPad Prism v.7 software (GraphPad Software,
San Diego, CA, USA). Initially, the Shapiro-Wilk test was used to assess the distribution
of results. Then, in the Student t-test a comparison of the means between the treated and
control samples (DMSO instead of the inhibitor) was used. Results with p  0.05 was
considered statistically significant. Log IC50, IC50 and R2 were calculated using GraphPad
Prism v. 7.

5. Conclusions

Among the 11 phytochemicals (vanicoside A, vanicoside B, resveratrol, piceid, emodin,
epicatechin, epicatechin gallate, epigallocatechin gallate, procyanidin B2, procyanidin
C1, procyanidin B2 3,3’-di-O-gallate) selected for in vitro study after docking into the
binding site of SARS-CoV-2 Mpro, the best results were achieved with vanicoside A and
vanicoside B with moderate inhibition of SARS-CoV-2 Mpro, equal IC50 = 23.10 µM and
43.59 µM, respectively. These compounds are important components of the extracts and
fractions obtained from the rhizomes of Reynoutria japonica and Reynoutria sachalinensis.
As the first report about an interaction of these compounds with a virus protein, it also
indicates a possible biological function in the plant pathogen resistance that should inspire
further studies.

Nonetheless, the evident inhibitory activity of the vanicosides does not alone explain
a strong inhibition of SARS-CoV-2 Mpro by acetone extracts and mainly butanol fractions.
As the main constituents of butanol fractions, besides the phenylpropanoid disaccharide
esters (e.g., vanicosides), are highly polymerized procyanidins, we suppose that they
could be responsible for strong inhibitory properties of these fractions. Moreover, the
less polymerized procyanidins (procyanidin B2, procyanidin C1, procyanidin B2 3,3’-di-O-
gallate), abundantly present in the fractions with weaker inhibition of the enzyme, showed
no remarkable activity. Further studies are needed to prove the contribution of highly
polymerized procyanidins and their potential synergy with vanicosides.

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/ph14080742/s1, Figure S1: Structures of compounds docked into the binding site of SARS-
CoV-2 main protease, generated with PubChem Sketcher V2.4 (PubChem Sketcher V2.4), Table S1:
Compounds docked to SARS-CoV-2 main protease of (Mpro), Table S2: GOLD docking scores of
all compounds tested in vitro, Table S3: Compounds studied in vitro against the proteases SARS-
CoV-2 Mpro, Table S4: Extracts and fractions studied in vitro against the proteases SARS-CoV-2
Mpro, Table S5: SARS-CoV-2 Mpro activity in serial dilution of isolated compounds. The results
were presented as SARS-CoV-2 Mpro residual activity (%), Table S6: SARS-CoV-2 Mpro activity in
serial dilution of extracts and fractions from R. japonica (R.j.) and R. sachalinensis (R.s.) rhizomes.
The results were presented as SARS-CoV-2 Mpro residual activity (%), Table S7: SARS-CoV-2 Mpro
activity in serial dilution of isolated compounds. The results were presented as SARS-CoV-2 Mpro
inhibition (%), Table S8: SARS-CoV-2 Mpro activity in serial dilution of extracts and fractions from R.
japonica (R.j.) and R. sachalinensis (R.s.) rhizomes. The results were presented as SARS-CoV-2 Mpro
inhibition (%).
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