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Abstract
A new strain of coronavirus known as severe acute respiratory syndrome (SARS) coronavirus-2 (SARS-CoV-2) is responsible for the current COVID-19
pandemic, which has not only affected the health of millions of individuals, but also caused severe socio-economic disruption. To curb the spread of the virus,
various strategies have been employed to develop new drug therapy. Considering the pandemic condition, targeting the substrate binding site of main
protease enzyme of SARS-CoV-2, which plays an important role in replication of the coronavirus, will be bene�cial. Its high similarity with its predecessor
virus’s main protease and dissimilarity with human protease makes it a promising target and will also facilitate drug repurposing. In this study, we have used
Protein Encoded Shape Distributions (PESD) to calculate similarity between the ligand binding site of the SARS-CoV-2 main protease and other proteins.
Similarity networks were constructed between these proteins using different distance metrics with edge density < 0.1 percent. Construction of low edge density
protein-ligand binding site similarity networks helped in rational identi�cation of the most similar ligand binding sites of proteins with the SARS-CoV-2 main
protease. Based on this knowledge, a dataset of FDA approved drug molecules as well as experimental drugs was collected from the literature. These
molecules were subjected to virtual screening through molecular docking against the SARS-CoV-2 main protease, followed by conventional molecular
dynamics simulation, replica exchange molecular dynamics and binding free energy calculations. Based on these studies Q27458218 have been found to be
suitable for repurposing as a SARS-CoV-2 main protease inhibitor.

Introduction
The COVID-19 pandemic the world is currently facing, is caused by novel SARS-CoV-2, a new strain of coronavirus, which belongs to the virus family known as
Coronaviridae [1, 2]. The genome of coronaviruses are the largest known viral RNA genomes with sizes ranging from 26 to 32 kilobases. The viral genome is
an enveloped, unsegmented, positive-sense single‐stranded RNA. This single-stranded RNA along with phosphorylated nucleocapsid protein is covered by
phospholipid bilayers, which are further wrapped by layers of two different types of spike proteins forming a corona known as the spike glycoprotein trimmer
that can be found in all kinds of corona viruses. In some corona viruses these spike proteins exist as hemagglutinin‐esterase [3], and help the virus attach
itself to a complementary host cell receptor protein [4]. Several coronaviruses cause diseases in mammals and birds. In humans they mainly infect the
respiratory tract and may cause Severe Acute Respiratory Syndrome (SARS), Middle East Respiratory Syndrome (MERS) or the more recent pneumonia-like
illness COVID-19 [5].

The SARS-CoV-2 strain is related to the beta-coronavirus �rst identi�ed in 2002 after the �rst global outbreak of coronaviruses was traced to bats [6]. COVID-19
has now affected 227 countries and territories with a frightening rate of transmission, resulting in disruption of social life and downturn in the world economy.
At the present time over 409 million cases and 5.8 million deaths have been recorded. Since the outbreak of the COVID-19 pandemic, there has been increasing
urgency to develop a therapy to treat novel SARS-CoV-2, which includes vaccines and antiviral agents. Despite this, few treatments are currently available,
such as Molnupiravir, a small-molecule ribonucleoside prodrug of N-hydroxycytidine, and dexamethasone, a corticosteroid used for its anti-in�ammatory and
immunosuppressant effects. Some anti-retroviral drugs such as remdesivir, lopinavir, ritonavir, etc. along with anti-in�ammatory drugs which have shown
some positive results in COVID-19 patients, have sometimes been prescribed for treatment [7]. However, the response to this treatment varies from individual
to individual. Therefore, rapid identi�cation of new drug candidates for better treatment is urgently needed. As some antiviral and anti-in�ammatory drugs
have shown promising results in COVID-19 treatment, therefore screening, identifying and repurposing already FDA-approved drugs and drug candidates in the
investigational phase or experimental phase, can be an effective approach. Rapid virtual screening of drug molecule libraries gives an edge by saving time
and cost. However, rationalizing the target protein and strategies for virtual screening of drug databases are very important when working with limited
resources and time.

Viral spike proteins, envelope protein, protease, nucleocapsid protein, 2’-O-ribose methyltransferase and 3CL hydrolase of novel SARS-CoV-2 are rapidly
emerging as targets to prevent its replication [8]. Some studies already have been reported on virtual screening of FDA approved drugs and various molecular
databases against these targets [9–13]. The viral genome encodes two proteases (PLpro and 3CLpro) that are vital for virus replication; both cleave the two
translated polyproteins (PP1A and PP1AB) into individual functional components [14]. The 3-chymotrypsin-like protease (3CLpro) also known as main
protease (Mpro) is considered to be a promising drug target because as it is dissimilar to human proteases, and because the sequence and structure of the
main protease are closely linked to other beta-coronaviruses, aiding drug discovery endeavors based on earlier lead compounds [15].

SARS-CoV-2 main protease, consists of three functional domains, domain I (residues 10–99) and domain II (residues 100–182) consisting of 2-β sheet barrel
fold, while domain III (residues 198–303) forms a compact α-helical domain connected to domain II by a long linker loop, see Fig. 1 [16]. The substrate binding
active site targeted in this study is located in a cleft present in-between domains I and II, which also holds a histidine/cysteine catalytic dyad. Both histidine
41/cysteine 145 catalytic dyad and N-terminus residue 1–7 play a vital role in proteolytic activity. The substrate binding active cavity consists of four sub
pockets – S1`, S1, S2, S4. The aim of this study is to identify drug candidates using a combined approach of network theory, virtual drug screening, molecular
docking and molecular dynamics. For this purpose, Property-Encoded Shape Distributions (PESD) are employed to construct a similarity network of protein-
ligand binding site surfaces [17, 18]. Proteins with very low sequence conservation in the binding site region, but with similar electrostatics and lipophilicity,
have been seen to bind similar ligands. PESD provides a “ligand’s eye” view of a protein’s ligand binding site by encoding the distributions of electrostatic and
lipophilic potentials on the binding site surface. A similarity network of the novel SARS-CoV-2 main protease, constructed with PESD signatures, identi�es
proteins having similar ligand binding sites to the main protease. Ligands that are known to bind to these similar protein binding sites are thus likely to also
bind to the SARS-CoV-2 main protease. Accordingly, a virtual library of drug candidates in clinical, investigational and experimental phases which bind to these
proteins, is screened against the novel SARS-CoV-2 main protease, thereby providing potential lead drug candidates in the �ght against COVID-19.

Materials And Methods

Protein-ligand binding site similarity network
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In this study, a set of 6916 protein crystal structures belonging to different classes and species were randomly selected and used with 97 SARS-CoV-2 main
protease crystal structures to construct a similarity network based on protein-ligand binding site properties. All crystal structures were prepared using Chimera
molecular modelling tool [19]. Preparation of the dataset involved addition of hydrogens, other missing heavy atoms and side chains of amino acids, followed
by addition of charges on amino acid residues using AMBER (ff14SB) force �eld [20]. Charges on ligands were added using AM1-BCC method. Finally, the
complexes were energy minimized using 100 steepest descent steps, followed by 10 conjugate gradient steps. The Property-Encoded Shape Distributions
(PESD) method was utilized to calculate similarities between ligand binding sites of the selected set of proteins. The PESD server [21, 22] calculates surface
complementary descriptors which encode the distribution of polar and nonpolar regions, electrostatic potential as well as lipophilicity on the protein-ligand
interaction surface between protein and ligand surfaces and uses metrics such as Euclidean, Chi-Square and Manhattan distances [23–25] to calculate
similarities between ligand binding sites of the protein crystal structures present in its database. The output consists of crystal structures ranked according to
binding site similarity with the input crystal structure. A similarity threshold is selected such that the edge density of each network remains less than 0.1%.
Then adjacency matrices were prepared and used for construction of similarity networks, which were then analyzed for properties such as vertex degree,
average path length, degree distribution, average clustering coe�cient, degree assortativity, modularity and different centrality measures [26].

Molecular docking
Based on binding-site similarity networks between SARS-CoV-2 main protease and other proteins, information on 1305 molecules binding to proteins/enzymes
which showed high binding-site similarity to SARS-CoV-2 main protease were collected from the published literature and their 3D structures downloaded from
PUBCHEM [27] (Listed in the Supplementary Material). This dataset contains molecules which are in experimental or investigational phase, and in clinical use
for different therapeutic conditions. To perform molecular docking to SARS-CoV-2 main protease, the co-crystal structure with the best resolution (PDB ID:
7BRR) was retrieved from the protein data bank [28]. The crystal structure was prepared by using the Protein Preparation Wizard of Schrödinger Suite [29].
Protein preparation involved addition of missing hydrogens, optimization of the hydrogen bond network of amino acid residues, prediction of the ionization
state of histamine residues, followed by energy minimization of the crystal structure using OPLS 2005 force �eld to minimize steric clashes [30]. Co-
crystalized water molecules beyond 5 Å of the inhibitor binding site were deleted during the protein preparation process. The grid was de�ned and generated
with a default rectangular box centered on the inhibitor binding site residues of SARS-CoV-2 main protease. The dataset of collected molecules was prepared
for docking studies using the LigPrep module of Schrödinger suite [31]. During ligand preparation, different ionization and tautomer states of the molecules
were generated, followed by geometry optimization of each conformer using OPLS 2005 force �eld. Finally, molecular docking was performed using the Glide
module with extra precision (XP) mode [32].

Molecular Dynamics and binding free energy calculations
Based on interaction and docking score, 19 protein-ligand complexes were selected for molecular dynamics (MD) studies. To study the stability of protein-
ligand interactions of the complexes obtained from molecular docking studies, MD simulations were performed in Gromacs software 2018.1 [33]. The
CHARMM36 (March 2019) force �eld was used to prepare the protein topology and the CHARMM General Force Field (CGenFF) server used to generate the
ligand topology [34, 35]. Explicit water molecules of the TIP3P water model were added by keeping the protein-ligand complex at the center of a dodecahedral
box at 10 Å distance from the edges [36]. The charge of each system was neutralized by adding the appropriate number of sodium ions. Then a steepest
descent minimization algorithm was used to minimize the energy of each system to optimize the hydrogen bond networks [37]. Equilibration of each system
was performed with NVT and NPT ensembles respectively for 100 ps to avoid distortion of the protein-ligand complex. Exploratory MD simulations were
performed for 15 ns at 300 K. Periodic boundary conditions were applied during the MD simulation to avoid boundary effects. The Particle Mesh Ewald (PME)
method was used to estimate long-range electrostatic interactions [38]. Energy and co-ordinates of the system were recorded every 10 ps. Hydrogen bond
interaction analysis between protein and ligand during MD was performed in visual molecular dynamics (VMD) tool by keeping the cut off distance 3 Å and
hydrogen bond angle 20° [39]. The binding free energy of each system was determined by MM-PBSA method [40, 41]. Compounds which show stable
interactions with SARS-CoV-2 main protease and average binding free energy less (more negative) than − 50 kcal/mol during 15 ns MD were selected and the
MD simulation extended for 100 ns. MD simulation trajectories were again analyzed, and the binding free energies of the compounds calculated.

Replica Exchange Molecular Dynamics
To further assess the binding a�nity between Q27458218 in complex with SARS-CoV-2 main protease, replica exchange molecular dynamics (REMD) was
performed using multiple replicas in Gromacs software 2018.1 [33]. Each system was equilibrated at a target temperature of 300 K, 303 K, 306 K and 309 K,
thus creating four replicas for each system. Production MD of each replica was performed for 100 ns with time step of 2fs. Exchanges between replicas were
attempted every 100 steps for all simulations. After completion of MD, REMD trajectories were de-multiplexed using demux.pl script provided in Gromacs to
get continuous MD trajectories. All the MD trajectories of four replicas for each system were then subjected to structural, protein-ligand interaction and MM-
PBSA analysis.

Results And Discussion

Protein-ligand binding-site similarity network
The networks constructed using the different similarity metrics are depicted in Fig. 2. Nodes represent ligand binding sites of proteins and edges connect
similar binding sites. The binding sites of SARS-CoV-2 main protease are shown in red color, while other protein binding sites similar to the main protease are
shown in blue. In the layout employed, hubs connecting various similar nodes and clusters are concentrated at the center, while disconnected communities of
nodes migrate to the periphery. Properties of the three similarity networks were compared with the Erdӧs-Renyi (ER) random network (Table 1) at similar edge
density [42, 43]. The protein binding-site similarity networks have high clustering coe�cients and lower average path length than the random network,
suggesting that these networks show small world behavior. This means all three networks have small diameters and two nodes are separated by ≤ 6 steps
irrespective of their position in the graphs. The algebraic connectivity or Fiedler eigenvalue of a graph is the second-smallest eigenvalue of its Laplacian
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matrix (de�ned as L = D – A, where D is the diagonal matrix of vertex degrees, and A is the adjacency matrix); its magnitude is a measure of the overall
connectivity of the graph [44, 45]. Low average path length as well as high value of the second-smallest eigenvalue of the Laplacian matrix in the Manhattan
network suggest highly similar protein-ligand binding sites. The Euclidean network shows positive coe�cient of degree assortativity, suggesting that high
degree nodes preferentially connect to high degree nodes. Negative degree assortativity coe�cient of the other networks suggest high degree nodes
preferentially connect to low degree nodes in the Chi-Square and Manhattan networks. The group of similar protein-ligand binding sites is divided into
different communities, as indicated by the modularity. The high modularity value in the Chi-Square and Manhattan networks suggest these networks cluster
into different communities. A total of 153 unique protein/enzymes showing binding-site similarity to the SARS-CoV-2 main protease (Fig. 3) are listed in
supplementary material (Supplementary �le.xlsx). These proteins belong to different classes of proteins and found in different species. These group of
proteins were then used to identify the ligands which bind to them.

Table 1
Different properties calculated from the three networks at edge density < 0.1%. ER = Erdős–Rényi model.

Average clustering coe�cient very much greater than that of the ER network and path length less than that of
the ER network at similar edge density indicates the small world property.

Parameters Euclidean Network Chi-Square Network Manhattan Network

Distance cutoff 2200 10200 64000

Number of nodes 7013 7013 7013

Number of edges 10562 10455 9203

Average degree 3.03 3.00 2.64

Average clustering coe�cient 0.0096 0.022 0.015

Degree assortativity coe�cient 0.015 -0.141 -0.30

Transitivity 0.042 0.013 0.0041

Edge density 0.00043 0.00043 0.00037

Average path length 5.23 4.01 3.75

Modularity 0.47 0.64 0.52

2nd smallest Eigenvalue of Laplacian

matrix

0.014 0.044 0.052

Average clustering coe�cient (ER) 0.00029 0.00027 0.00034

Average path length (ER) 8.01 8.00 9.04

Transitivity (ER) 0.00047 0.00038 0.00025

Small world property Yes Yes Yes

Molecular Docking
Based on interaction and binding a�nity given as the Glide XP score, the top 9 molecules that are in clinical use and 10 molecules that are in investigational
and experimental phase, were selected, and are shown in Fig. 4, and listed in Table 2. Hit consists of structurally and functionally diverse compounds such as
Doxycycline and Minocycline tetracycline-based antibiotics, Neomycin and Tobramycin aminoglycoside-based antibiotics, and polypeptides such as
PRD_000771, PRD_000772, Q27458218 and Miraziridine A. While Rutin, Isoquercitrin, Troxerutin and Hyperoside belong to the class of �avonoid-3-o-
glycosides. Indinavir which is an HIV protease inhibitor also shows very good a�nity towards SARS-CoV-2 main protease. SB-219383 which is a bicyclic
compound inhibitor of Tyrosyl-TRNA Synthetase also shows good a�nity. The drug molecules Neomycin, Tobramycin, Rutin, Indinavir, Doxycycline,
Minocycline, Vorinostat, Alendronate, and Enalapril can be investigated for repurposing as SARS-CoV-2 main protease inhibitors. All the molecules show
hydrogen bond interaction with residues such as PHE 140, ASN 142, GLU 166, CYS 145, GLN 189, etc. as depicted in Figure S1 and S2 of the supplementary
material, while the residue HIE 41 shows π-π interaction with molecules having an aromatic ring. However, not all the sub pockets of the substrate binding site
of SARS-CoV-2 main protease are occupied by compounds, so it is necessary to study their behavior using molecular dynamics simulation technique for their
interaction stability and sub pocket occupancy.
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Table 2
Molecules which show good interaction and binding a�nity towards SARS-CoV-2 main protease with their Glide XP

scores.
Sr. No Compound Glide XP score (kcal/mol) Indication Status

1 Rutin -12.75 Nutraceutical [48] Clinical Use

2 Indinavir -10.51 HIV Protease Inhibitor [56] Clinical Use

3 Neomycin -9.95 Antibiotics [57] Clinical Use

4 Tobramycin -9.90 Antibiotics [57] Clinical Use

5 Doxycycline -9.45 Antibiotics [58] Clinical Use

6 Minocycline -9.21 Antibiotics [58] Clinical Use

7 Vorinostat -9.19 ADAM-10 Inhibitor [59] Clinical Use

8 Alendronate -8.88 Matrix Metalloproteinase Inhibitor [60] Clinical Use

9 Enalapril -8.80 Liver Carboxylesterase Inhibitor [46] Clinical Use

10 Isoquercitrin -12.76 3C-Like Proteinase Inhibitor [47] Investigational

11 Troxerutin -12.30 Nutraceutical [48] Investigational

12 Hyperoside -12.73 3C-Like Proteinase Inhibitor [49] Experimental

13 PRD_000772 -12.33 3C-Like Proteinase Inhibitor [50] Experimental

14 Monoxerutin -12.13 Nutraceutical [51] Experimental

15 Q27458218 -11.93 Prostasin Inhibitor [52] Experimental

16 PRD_000771 -11.48 3C-Like Proteinase Inhibitor [50] Experimental

17 ARC-1034 -11.10 Protein Kinase A Inhibitor [53] Experimental

18 Miraziridine A -11.06 Cathepsin Inhibitor [54] Experimental

19 SB-219383 -11.01 Tyrosyl-TRNA Synthetase Inhibitor [55] Experimental

15 ns Molecular Dynamics
MD simulation for a protein-ligand complex is a computationally expensive and time-consuming process. To eliminate compounds which show unstable
binding or low binding a�nity towards SARS-CoV-2 main protease, initially 15 ns MD simulation was performed for each ligand-protein complex. Snapshots
of trajectories at various stages of MD simulation showing movement of the ligand in the SARS-CoV-2 main protease binding site are shown in Figures S3 and
S4 of the supplementary material. The root mean square deviation (RMSD) of the C-alpha atom of the protein and the complexed ligand is depicted in Figure
S5 of the supplementary material. During 15 ns of simulation it is observed that compounds Neomycin, Tobramycin, Vorinostat, Troxerutin and SB-219383 did
not form stable complexes. These break away from the SARS-CoV-2 main protease after 5 to 10 ns of simulation time, except for SB-219383 which is
displaced from the binding site after 10 ns. The RMSD of the C-alpha atom of the SARS-CoV-2 main protease shows stable trajectories with all complexed
ligands except Indinavir and Isoquercitrin. Compounds Doxycycline, Minocycline, Alendronate, Isoquercitrin and Hyperoside show very low and stable RMSD
compared to the other compounds. The RMSD trajectory of compound Q27458218 shows initial increase, then remains stable, while the RMSD trajectory of
Monoxerutin after stabilization decreases at 9 ns, then again increases after 13 ns. Visual analysis of MD trajectories suggests that all compounds try to
orient and adjust in the best possible pose into the binding site of the SARS-CoV-2 main protease. The root mean square �uctuation of the SARS-CoV-2 main
protease is depicted in Figure S6 of the supplementary material. Atoms from loop residues regions SER 1 – PRO 9, LEU 50 – ASN 53, ASP 153 – ASP 155,
PRO 168 – THR 199, GLY 215 – THR 225 and GLY 302 – VAL 3063 show high root mean square �uctuation (RMSF). The number of hydrogen bonds formed
by the ligand with the binding site residue in each frame of the trajectory is shown in Figure S7 of supplementary material. Alendronate forms a large number
of hydrogen bonds during the simulation. The number of hydrogen bonds formed by Indinavir and Enalapril with the SARS-CoV-2 main protease decrease as
the simulation progresses; however, hydrogen bond formation by ARC-1034 and Miraziridine A are consistent throughout the simulations. The percentage
hydrogen bond interaction by protein residue with ligand is listed in Table S1 of supplementary material. Amino acid residues THR 24, THR 25, THR 26, HIS 41,
SER 46, ASN 142, GLY 143, SER 144, HIS 164, GLU 166, ASP 187 and GLN 189 are mainly involved in hydrogen bond formation with different ligands during
MD simulation. The average binding free energies (ΔGBind) of Neomycin, Tobramycin, Vorinostat, Troxerutin and SB-219383 to the SARS-CoV-2 main protease
during 15 ns MD simulation, along with their various components, such as van der Waals (vdW), Electrostatic, Polar solvation and solvent accessible surface
area (SASA) energy, are listed in Table S2 of supplementary material. Compounds Q27458218 and Indinavir show high average binding a�nity (ΔGBind) of
-194.09 and − 177.13 KJ/mol, respectively, due to high contributions of van der Waals and electrostatic energies, followed by ARC-1034. Alendronate shows
the lowest average binding free energy because of high contribution of polar solvation energy. The per residue energy contribution during 15 ns of MD
simulation is shown in Figures S8 and S9 of supplementary material. The residues GLU 47, LEU 41, MET 49, CYC 145, MET 165, GLU 166, LEU 167, and PRO
168 have positive contributions, while residues ARG 45, PRO 39, SER 147, GLU 166, ASP 187, and HIS 164 negative contributions to the binding free energy of
the protein-ligand complex.

100 ns Molecular Dynamics
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MD simulations of the top 8 compounds Q27458218, Indinavir, ARC-1034, Monoxerutin, Minocycline, Miraziridine A, Doxycycline and Enalapril, which showed
high average binding free energy (< -50 KJ/mol) during 15 ns MD runs, were extended to 100 ns. During 100 ns of MD simulations, it is observed that binding
of compounds Q27458218, Doxycycline and Minocycline to the SARS-CoV-2 main protease is compact and stable throughout the simulation, as shown in
Fig. 5. However, only Q27458218 occupies all the sub pockets of the substrate binding site throughout the simulation. The RMSD of the C-alpha atoms of the
SARS-CoV-2 main protease remain stable during the simulation with all compounds except with Indinavir and Enalapril (Fig. 6A). Figure 6B shows the stable
RMSD trajectories of these compounds. Monoxerutin is also able to bind in the binding site of the SARS-CoV-2 main protease but keeps readjusting. Similarly,
Miraziridine A also tries to adjust in the binding site until 75 ns; thereafter it forms a stable complex with the protein. ARC-1034 gets displaced from the
binding site after 20 ns to the edge of the site and is partially bound to it until 97 ns. Thereafter, ARC-1034 leaves the binding site completely and binds near it.
Indinavir forms a stable interaction with the SARS-CoV-2 main protease until 50 ns of simulation; however, it leaves the binding site thereafter and again
comes back to bind to the original site at 90 ns. Enalapril also leaves the binding site after 50 ns of simulation and binds to a different part of the protein as
the simulation progresses.

The RMSF of protein backbone atoms during the 100 ns runs are depicted in Fig. 7. The loop region of the protein mentioned in the previous section shows
high �uctuation. In the case of Indinavir, the �uctuation of the protein residues is highest, followed by Enalapril. The ligand binding site of the SARS-CoV-2
main protease is surrounded by loop regions which give some �exibility to it. Compounds which show stable binding cause less �uctuation in loop regions of
the protein. Stability of compounds binding to the protein is also re�ected in the number of hydrogen bonds formed by them during the simulation, as shown
in Fig. 8. Compound Q27458218 consistently forms a large number of hydrogen bonds throughout the simulation. The number of hydrogen bonds formed by
Miraziridine A increases after 75 ns of simulation time. For Indinavir, Enalapril, ARC-1034 and Monoxerutin, the number of hydrogen bonds formed decreases
as the simulation progresses. Doxycycline and Minocycline, unlike other compounds, rarely form multiple hydrogen bonds during simulation. Residues which
are involved in hydrogen bond formation with ligands during simulation are listed in Table 3. Hydrogen bonding between ligand and protein helps the ligand to
bind in a speci�c orientation to initiate biochemical reaction. Amino acid residue GLU 166 seems to be important for ligand binding and forms a high
percentage of the hydrogen bonds with every compound except Indinavir and Enalapril. Compound Monoxerutin forms hydrogen bonds with TYR 54, SER 144,
ASP 187, ARG 188, THR 190 and GLN 192. Compound Q27458218 forms hydrogen bonds with multiple amino acid residues such as PHE 140, GLY 143 and
HIS 164, signifying their important role in its stable binding to the SARS-CoV-2 main protease. Compounds ARC-1034 and Miraziridine A predominantly form
hydrogen bonds with THR 26, HIS 41, SER 46 and GLN 189. Both Doxycycline and Minocycline predominantly form hydrogen bonds with HIS 41 and GLU 166,
respectively.

The average binding free energies of all the ligands against the SARS-CoV-2 main protease are listed in Table 4. Compounds Q27458218, Doxycycline and
Minocycline show increase in average ΔGBind to -202.61, -68.29 and − 70.21 KJ/mol, respectively as the simulation progresses after 15 ns of simulation time.
Low standard deviation from average ΔGBind also signi�es the strong and stable interaction between SARS-CoV-2 main protease and these three compounds.
For the other compounds, not only is there a decrease in average ΔGBind but the standard deviation is also signi�cant, suggesting that the interaction between
these compounds and SARS main protease is not strong and stable. Both vdW and electrostatic interactions make important contributions to the free energy
of binding of the ligand with the protein. The per residue energy contribution to the binding free energy is depicted in Figure S10. Residues contributing
positively as well negatively to the binding free energy are as described in the previous section. However, the extent of contribution changes during 100 ns of
simulation.

Replica Exchange Molecular Dynamics
To further ascertain the performance of MD simulations studies, REMD was performed on each system with four replicas. The overall replica exchange
probability of each system during the simulation found to be 0.30. Q27458218 shows stable binding with SARS-CoV-2 main protease throughout the
simulation in different replicas. The RMSD of C-alpha atoms of protein and ligand are depicted in Figure S11 and S12, respectively. The average RMSD of C-
alpha protein in all replicas of the three systems was observed to be between 2 to 3 Angstrom.

Table 3
Percentage hydrogen bond interaction (> 1%) shown by ligands during MD simulation with amino acid residues of SARS COV-2 main protease.

Compound Percentage H-bond Occupancy

THR
26

HIS
41

GLU
47

SER
46

TYR
54

PHE
140

ASN
142

GLY
143

SER
144

CYS
145

HIS
163

HIS
164

GLU
166

ASP
187

ARG
188

GLN
189

TH
19

Monoxerutin - - - - 5.36 - 1.34 - 8.80 - 4.48 - 25.88 4.53 15.52 2.26 8.7

Q27458218 - - 2.86 - - 25.57 - 10.90 - 1.56 - 55.25 58.76 - - - -

ARC-1034 43.21 2.18 26.38 5.79 - - 1.64 - - - - - 21.02 - - 2.08 -

Miraziridine
A

8.53 2.10 - 1.87 - - - 4.32 12.44 - - - 23.38 - - 11.41 -

Indinavir 3.47 - - - 5.80 - - - - - - 1.40 - - - - -

Doxycycline   16.66   1.61 - - - - - - - - 1.76 - - - 4.4

Minocycline - - - 1.41 - - - - - - - - 24.99 - - - -

Enalapril - - - - - - - - - - - - - - - 1.58 -
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Table 4
Average binding free energy of ligand (In KJ/mol) obtained from 100 ns MD simulation.

Compound Avg. van der Waals
Energy (ΔGvdW)

Avg. Electrostatic energy
(ΔGElect)

Avg. Polar solvation energy
(ΔGPolar)

Avg. SASA energy
(ΔGSASA)

Avg. Binding free energy
(ΔGBind)

Monoxerutin -143.57 +/- 19.91 -90.62 +/- 30.82 206.75 +/- 44.81 -16.97 +/- 1.95 -44.42 +/- 20.37

Q27458218 -227.97 +/- 22.96 -389.02 +/- 34.99 442.21 +/- 40.20 -27.83 +/- 2.30 -202.61 +/- 23.84

ARC-1034 -98.47 +/- 24.93 -272.95 +/- 57.74 302.22 +/- 83.84 -15.55 +/- 2.96 -84.75 +/- 43.80

Miraziridine
A

-165.62 +/- 19.59 -49.91 +/-21.30 179.51 +/- 44.49 -20.36 +/- 2.18 -56.38 +/- 35.96

Indinavir -70.56 +/- 58.24 -129.07 +/- 61.36 77.79 +/- 82.36 -9.53 +/- 7.76 -131.36 +/- 69.70

Doxycycline -131.40 +/- 16.64 -22.92 +/- 10.24 101.25 +/- 17.89 -15.22 +/- 1.51 -68.29 +/- 15.42

Minocycline -136.25 +/-18.93 -36.20 +/- 24.71 117.86 +/- 32.87 -15.62 +/- 1.59 -70.21 +/- 14.78

Enalapril -85.80 +/- 38.14 -11.08 +/- 11.25 69.56 +/- 40.82 -11.39 +/- 4.51 -38.72 +/- 36.87

Table 5
Average binding free energy of Q27458218 (In KJ/mol) obtained from REMD simulation.

Replica Avg. van der Waals Energy
(ΔGvdW)

Avg. Electrostatic energy
(ΔGElect)

Avg. Polar solvation energy
(ΔGPolar)

Avg. SASA energy
(ΔGSASA)

Avg. Binding free energy
(ΔGBind)

1 -159.61 +/- 21.72 -306.99 +/- 45.56 340.77 +/- 74.15 -19.71 +/- 2.15 -145.55 +/- 58.31

2 -145.42 +/- 35.62 -266.29 +/- 69.69 272.50 +/- 107.63 -19.73 +/- 4.44 -158.94 +/- 40.49

3 -179.15 +/- 24.12 -197.34 +/- 30.47 194.37 +/- 45.63 -20.89 +/- 2.23 -203.02 +/- 27.60

4 -171.66 +/- 19.13 -346.86 +/- 37.58 361.63 +/- 49.53 -21.98 +/- 2.10 -178.87 +/- 26.16

Being a peptide, the RMSD of Q27458218 in all replicas is higher during the simulation and ranges between 3 to 5 Angstrom. Throughout the simulation,
ligands kept interacting with SARS-CoV-2 main protease through hydrogen bonding as depicted in Figure S13. Q27458218 shows hydrogen bonding with PHE
140, GLY 143, HIS 164 and GLU 166 in all replicas.

The average binding free energy of ligands for all replicas of each system calculated is listed in Table 5. Q27458218 showed the highest binding a�nity
towards SARS-CoV-2 in all replicas and is estimated to be about − 171 KJ/mol. In all simulations, van der Waals and electrostatic interaction energy
contributed positively while polar solvation energy contributed negatively towards binding free energy of ligands. This REMD study suggests Q27458218
binds to SARS-CoV-2 main protease effectively in different conditions.

Out of the dataset of 1305 compound Q27458218 performed well in molecular simulation studies (Fig. 9) and based on this evidence, should be considered
for chemoprophylaxis against SARS-CoV-2 by inhibiting its main protease enzyme subsequent to replication in the host. Compound Q27458218 is an
experimental peptidomimetic designed as a human prostasin inhibitor (PDB ID: 3E16) [52]. It has shown the highest a�nity towards the main protease of
SARS-CoV-2 and can be considered for pre-clinical and clinical trials considering no established therapy or inhibitor is available for the main protease.

Conclusion
Networks of similar protein-ligand binding site surface properties were constructed using Protein Encoded Shape Distributions (PESD) and different distance
metrics. The networks constructed from three different metrics helped to identify a diverse set of proteins having high similarity to the SARS-CoV-2 main
protease. Molecular docking studies were carried out to narrow down the diverse set of compounds that bind to proteins similar to the SARS-CoV-2 main
protease, to a few potential hits. The potential hit compounds identi�ed from molecular docking studies were further tested for their ability to bind stably to the
main protease of SARS-CoV-2 by performing molecular dynamics simulations. Although the compounds Doxycycline and Minocycline show stable binding
with the SARS-CoV-2 main protease, they fail to occupy all the sub pockets. In contrasts Compound Q27458218 not only binds to SARS-CoV-2 main protease
throughout the simulations but also occupies all the sub pockets of the enzyme with consistent a�nity, which is validated by binding free energy calculations.
Compound Q27458218 has been tested in vitro as a prostasin inhibitor; and can be clinically explore as a SARS-CoV-2 main protease inhibitor and a possible
potential therapy for SARS-CoV-2 infection.
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Figures

Figure 1

Structure of SARS-CoV-2 main proteases (Mpro). It consists of three distinct domains. Substrate binding site present between domain I and II and contains HIS
41 (yellow) and cysteine 145 (cyan) catalytic dyad.

Figure 2

Constructed networks based on (A) Euclidean (B) Chi-Square and (C) Manhattan distances. SARS-CoV-2 main protease is shown in red and proteins showing
high similarity to it are shown in blue color.  

Figure 3

Binding site similarity networks of the crystal structures of SARS-CoV-2 main protease (Red) and proteins (Blue) having similar binding sites. (A) Euclidean (B)
Chi-Square and (C) Manhattan distances network.

Figure 4

Hit molecules selected from molecular docking studies.

Figure 5

Movement of compounds in the binding site of the SARS-CoV-2 main protease during 100 ns of MD simulation. Different atoms such as carbon (cyan),
nitrogen (blue), oxygen (red) and hydrogen (white) of the ligand are shown as vdW spheres.

Figure 6

Root mean square deviation of (A) Protein C-alpha atoms and (B) Ligands during 100 ns MD simulation.

Figure 7

Root mean square �uctuation of protein backbone atoms during 100 ns of MD simulation when complexed with different compounds.

Figure 8

Number of hydrogen bonds formed by ligands with the protein during MD simulation.
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Figure 9

Superimposed view of SARS-CoV-2 main protease before (red) and after (blue) 100 ns of MD simulation complexed with Q27458218. Green and yellow
colored carbon models of the ligand represent the position of the ligand before and after MD simulation, respectively.
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