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Abstract: Severe Acute Respiratory Syndrome Coronavirus 2 (SARS-COV-2) is a causative agent of the potentially
fatal coronavirus disease (COVID-19). Coronavirus targets the human respiratory system primarily. It can also infect
the gastrointestinal, hepatic, and central nervous systems of humans, avians, bats, livestock, mice, and many other
wild animals, as these are primary targets of the pathogen. This study aims to screen out the most potent inhibitor for
SARS-CoV-2 (COVID-19) spike glycoproteins among the selected drugs, and computational tools have been utilized
for this purpose. The selected drugs have been designed to explore their structural properties in this study by molecular
orbital calculation. To inhibit the spike glycoproteins, the performance of these drugs was also examined by molecular
docking calculation. In improving the performance of drugs, non-bond interactions play a significant role. To determine
the chemical reactivity of all the medicines, HOMO and LUMO energy values were also calculated. The combined
calculations exhibited that Ledipasvir among the selected drugs can be the most potent drug to treat SARS-CoV-2
compared to other medications.

Keywords: severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2), COVID-19, Ledipasvir, molecular docking,
molecular orbital calculation

1. Introduction

The rapid outbreak of coronavirus disease (COVID-19) was first identified in December 2019 where the ongoing
pandemic had started [1]. It is caused by a newly emerged virus, severe acute respiratory syndrome coronavirus 2
(SARS-CoV-2) [2]. More than 11 million cases of COVID-19 disease have been reported in more than 188 countries,
resulting in more than half a million deaths reported by 6 July, 2020 [3]. Unfortunately, there is no specific and effective
medicine or treatment for this pandemic disease [4]. Drug discovery, drug development, and therapeutic measures are
needed immediately to control the SARS-CoV-2 outbreak.

The COVID-19 virus is a single-stranded, positive-sense RNA virus related to SARS and MERS coronavirus [5].
The genome of the SARS-CoV virus family encodes four structural proteins such as spike glycoproteins, envelope
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protein, membrane protein and nucleocapsid protein [6]. Among them, spike glycoproteins allow interaction between
virus and cell receptors during viral entry into the host cell [7]. The main target of spike glycoproteins is to neutralize
antibodies by binding with their receptors [8]. Thus, the spike glycoprotein plays a significant role in viral entry into the
host cell.

This study deals with the identification of potential inhibitors against spike glycoprotein of SARS-CoV-2 using the
computational method of drug design. In structural molecular biology and Computer-Aided Drug Designing (CADD),
Molecular Docking is used for protein docking to predict the binding mode(s) of a ligand with a protein [9]. Molecular
docking is a computational procedure that helps to forecast the binding of the macromolecule (receptor) and a small
molecule (ligand) very effectively [10]. The information obtained from the docking technique can be used to point
out the binding energy, free energy, and stability of complexes, and hence this technique has given the advantages to
predict the probable binding parameters of the receptor complex [11]. The small molecules denoted as the ligand and
their binding affinity with the receptor are very important because they are used to screen virtual libraries of drug-
like molecules to predict the best candidate with the aim of drug development [12]. A molecular receptor’s binding
capability with a ligand depends on a few parameters as molecular recognition, known as non-bond interaction. These
are useful parameters for structure-based drug design in structural biology and pharmaceutical chemistry [13, 14].

Properties of some potential drugs have been scrutinized in this study against SARS-CoV-2 spike glycoprotein
[PDB IDs: 6LZG (Chain B), 6VXX (Chain A), 6X29 (Chain A), 6YMO (Chain E), 6YOR (Chain E)] in order to
inhibit the infection caused by severe acute respiratory syndrome coronavirus 2 [15, 16]. Most of these drugs are
HIV Protease Inhibitor. The drug Hypericin is considered as antineoplastic agent, antiviral agent, enzyme inhibitor,
immunosuppressive agent, radiation-sensitizing agent, anti-depressive agent. Beclabuvir is considered as an HCV
Protease Inhibitor. Ledipasvir also plays a significant role as a direct-acting antiviral agent (DAA). Among these drugs,
Conivaptan, Inosine. Lentinan and Nystatin are non-antiviral but highly active against SARS-CoV-2 spike glycoproteins
[17].

In this study, we employ binding affinity and non-bond interaction of potential drugs against SARS-CoV-2 spike
glycoprotein. Pharmaco-kinetic properties and frontier molecular orbitals of those drugs are also explored in detail.
Molecular docking has predicted a better binding affinity of some drugs with the target molecules.

2. Materials and computational methodology
2.1 Collection of ligands

Two-dimensional structures of the ligands were retrieved from the PubChem project in SDF format. They are anti-
viral drugs, except the four: Conivaptan, Inosine, Lentinan, and Nystatin. The brief description and the 2D structures of
the drugs considered in this study were given in Table 1 below.

2.2 Preparation of target protein for molecular docking

The drugs were subjected to molecular docking against SARS-CoV-2 spike glycoprotein [PDB IDs: 6L.ZG (Chain B)
[18], 6VXX (Chain A) [19], 6X29 (Chain A) [20], 6YMO (Chain E) [21], 6YOR (Chain E) [22]]. The crystal structure
of these proteins was collected from Protein Data Bank (PDB) online database. The unwanted ions, ligands, and water
molecules were removed from these proteins by using PyMOL software [23]. Energy minimization of optimized
proteins structure was obtained by using Swiss-PDB Viewer [24]. Finally, the minimized protein structure was saved in
PDB format.

2.3 Drug optimization using calculation of molecular orbital

The molecular orbital calculation, also known as frontier molecular orbital calculation, was done using the webMO
database. HOMO and LUMO are the acronyms of the highest occupied molecular orbital and lowest unoccupied
molecular orbital, respectively. The term HOMO-LUMO gap is the energy difference between HOMO and LUMO
[25]. HOMO-LUMO difference <1.3 indicates the higher chemical reactivity of the molecule [26]. HOMO-LUMO is
an indication of the chemical hardness and softness of the molecule. Hardness indicates the aptitude of electrostatic
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interaction, and softness indicates the reactivity by electron transfer [27]. Hardness (1) and softness (S) of the ligands
were calculated by using Parr and Pearson interpretations [28].

n = (ELUMO — EHOMO)/2 (1)
S=1/m (2)
Table 1. The drugs that were considered in this study with a brief description
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2.4 Molecular docking and nonbond interaction analysis

Molecular docking is used to predict the predominant binding mode(s) of a drug with a protein of the known 3D
structure [44]. In our study, molecular docking was carried out for the ligands against SARS-CoV-2 spike glycoprotein
with AutoDock Vina wizard under PyRx software to screen the potential drug with a more negative binding affinity [10].
The lower the binding affinity, the better the drug-receptor complex is. The docked molecules’ binding site and nonbond
interaction were visualized in BIOVIA discovery studio visualizer (version: v20.1.0.19295) [45]. Molecular docking
scores indicate the pharmaco-dynamic activity of the candidate drugs by scoring and orienting them to the receptor’s
binding site [46]. It is an indication of measuring the interaction of ligands to the active site of the targeted protein.

2.5 Study of pharmacokinetic parameters

The admetSAR@LMMD online database, MedChem Designer software was used to calculate the ADMET
properties that include Absorption, Distribution, Metabolism, Excretion, and Toxicity of the compounds. Lipinski’s rule
described vital molecular properties for the pharmaco-kinetic activity of the ligands. These data also help to determine
pharmacological activity and oral bioavailability of a drug [47, 48]. According to the rule, S + logP and S + logD value
should be <5, and MlogP values must be <4.15. Here, logP reflects the partial coefficient of the molecule between an
aqueous and lipophilic phase; logD reflects the total partition of both ionized and non-ionized forms of the compound;
MlogP reflects the lipophilicity of a compound. The molecular weight should be <500 Da [49, 50].

3. Results and discussion
3.1 Binding energy analysis of protein-ligand complex by molecular docking

The docking is essential to predict the more robust binder and virtually screen a database of compounds. The
ligands considered in this study showed negative binding energy. Thus, they are more likely to bind spontaneously
without requiring any energy [13].

Table 2. Binding energy of collected drugs against spike glycoprotein of SARS-CoV-2 generated via flexible docking

Binding energy of ligand-protein (kcal/mol)

Compounds 6LZG 6VXX 6X29 6YMO 6YOR
Beclabuvir -1.7 7.6 -8.7 212 =72
Conivaptan -8.7 -9.7 -8.3 -8.4 -8.8
Darunavir -7.1 -7.4 -1.3 -6.9 -7.0
Elbasvir -8.1 -8.6 -8.3 -7.8 -8.4
Hypericin -9.4 -9.0 -9.1 -8.9 -8.8
Indinavir -1.5 -1.5 -8.3 -6.8 =13
Inosine -6.3 -6.1 -6.3 -5.9 -6.4
Ledipasvir -8.3 9.1 -8.3 -9.7 -9.8
Lentinan -7.2 -6.8 -7.2 -6.7 -6.5
Nelfinavir -6.3 -7.0 -7.1 -7.6 -6.2
Nystatin -7.7 -8.1 -8.0 -7.9 -8.0
Remdesivir -6.6 -7.2 -7.4 -6.8 -7.5
Ritonavir -6.8 -7.2 -6.6 -6.5 -6.4
Saquinavir -7.6 -7.9 -6.6 -7.6 -8.2
Vidarabine -6.3 -6.2 -5.9 -6.3 -6.0
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Figure 1. A graphical representation of the molecular docking results

In our study, Ledipasvir shows the strongest binding affinity (-9.8 kcal/mol) against protein code 6YOR by
molecular docking. Conivaptan and Hypericin also predict better results with the protein code 6VXX and 6LZG,
respectively. Among these 15 drugs, Beclabuvir, Conivaptan, Elbasvir, Hypericin, Ledipasvir, Nystatin, Saquinavir
represent a promising results against target protein to inhibit COVID-19. Docking scores of all collected drugs against
collected spike glycoprotein were tabulated in Table 2. A graphical chart for molecular docking results was shown in
Figure 1.

3.2 Nonbond interaction analysis of ligand-protein complex

By analyzing docking results, it was explored that the interaction between Ledipasvir-6YOR, Ledipasvir-6YMO,
Conivaptan-6 VXX, Hypericin-6L.ZG, Hypericin-6X29, Ledipasvir-6VXX, and Hypericin-6VXX was most potent for
inhibiting SARS-CoV-2. Nonbond interactions of these potential compounds against target protein were visualized in
BIOVIA discovery studio visualizer (version: v20.1.0.19295) in Figure 2 and were tabulated in Table 3.

Hypericin shows the lowest binding energy against 6LZG protein, which is -9.4 Kcal/mol, followed by Conivaptan
-8.7 Kcal/mol and Elbasvir -8.1 Kcal/mol shown in Table 2. Jacob Israclachvili & Richard Pashley described
hydrophobic interactions decay exponentially with distance and best at 0-100 A range [51]. Hypericin-6LZG complex
shows hydrophobic bonds with PHE464 (4.82392), PHE464 (5.04822 A), PHE464 (4.58984 A), PHE464 (5.05938 A),
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PRO426 (4.77972 A), PRO426 (5.32472 A), PRO426 (5.28451 A), PRO463 (4.21606 A), and TYR396 (4.75356 A)
residues shown in Table 3.

Table 3. Nonbond interactions between potential drug-protein complex were obtained by using Discovery Studio

L Hydrophobic Halogen .
Compounds %lr?grlgnf (AE?;?;(;%?E E?;z?sds) . . Bonds (frlsicrg)ozt:?gili}g(;rrﬁss)
keal/mol) Distance (A) (Ammf) acid Ligands) (Ammf) acid Ligands) Distance (A)
( Distance (A) Distance (A)
Ledipasvir- 9.8 ARG355 (2.89258) ARG355 (4.43162) GLUS516 (2.54603) GLU516 (4.878)
6YOR ARG355 (2.21921) ARG466 (4.21209)
complex GLUS516 (3.73941) VAL382 (4.27763)
PHE392 (5.0249)
TYR396 (5.38991)
PHE464 (4.51494)
Ledipasvir- 9.7 ARG355 (2.97843) ARG355 (4.41457) GLU516 (2.82132)  GLUS516 (4.87456)
6YMO ARG355 (2.31537) ARG466 (4.32048)
complex LEU517 (2.62877) VAL382 (4.73363)
PHE464 (3.49521) TRP353 (4.79043)
TYR396 (5.36667)
PHE464 (4.48377)
Conivaptan- 9.7 ASN709 (1.84111) THR1077 (3.51505)
6VXX GLY1093 (2.30831) VAL1094 (3.53247)
complex THR1077 (2.09954) PHE1089 (4.9845)
PRO1079 (4.73657)
ILE712 (5.08235)
PRO1090 (5.43673)
PRO1090 (5.45146)
PRO1079 (4.18638)
Hypericin- 9.4 PHE464 (4.82392) GLU516 (3.80465)
6LZG PHE464 (5.04822)
complex PHE464 (4.58984)
PHE464 (5.05938)
PRO426 (4.77972)
PRO426 (5.32472)
PRO426 (5.28451)
PRO463 (4.21606)
TYR396 (4.75356)
Hypericin- 9.1 PRO225 (2.96405) TYR38 (4.54117) GLU224 (4.76827)
6X29 GLY283 (2.43948) TYR38 (5.41022) GLU224 (3.99043)
complex PRO225 (2.61954) TYR38 (4.2046)
PRO225 (4.26092)
Ledipasvir- 9.1 SER708 (2.53207) PRO1069 (4.0242)
6VXX VAL1068 (5.35613)
complex PRO1069 (5.45468)
ALA713 (4.12458)
ALA713 (3.91451)
TYR1047 (4.83053)
Hypericin- 9.0 ASP428 (2.65801) PHE464 (5.00675)
6VXX ARG355 (2.58222) PHE464 (4.6477)
complex ARG355 (2.04507) PHE464 (4.99753)

SER514 (2.92458)

PHE464 (5.15836)
PHE464 (5.11649)
PRO426 (4.79364)
PRO463 (4.39894)
PRO426 (5.11001)
PRO426 (4.31555)
PRO463 (4.60846)
PHE464 (5.49099)
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Figure 2. Nonbond interaction for potential drugs against target protein

Conivaptan exhibits the lowest binding energy against 6VXX, which is -9.7 Kcal/mol, followed by Ledipasvir -9.1
Kcal/mol and Hypericin -9.0 Kcal/mol. A hydrogen bond is essential for DNA structure and indicates that hydrogen
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bond <2.3 A increases the binding affinity by several magnitudes [52]. Strong H-bond is seen in ASN709 (1.84111 A),
GLY1093 (2.30831 A), THR1077 (2.09954 A) residues in Conivaptan-6VXX complex; SER708 (2.53207 A) residues
in Ledipasvir-6VXX complex; ASP428 (2.65801 A), ARG355 (2.58222 A), ARG355 (2.04507 A), SER514 (2.92458
A) residues in Hypericin-6VXX complex. Promising hydrophobic bonds have also been seen on Conivaptan-6VXX,
Ledipasvir-6 VXX, and Hypericin-6VXX complexes tabulated in Table 3.

A potential inhibitor against 6X29 glycoprotein is Hypericin with -9.1 Kcal/mol binding energy and H-bonds at
PRO225 (2.96405 A), GLY283 (2.43948 A), PRO225 (2.61954 A) residues. Hydrophobic bonds of Hypericin-6X29
complex are predicted in TYR38 (4.54117 A), TYR38 (5.41022 A), TYR38 (4.2046 A), PRO225 (4.26092 A) residues
tabulated in Table 3.

Ledipasvir is a remarkable inhibitor of 6YMO spike glycoprotein releasing -9.7 Kcal/mol energy while forming a
complex. H-bonds are seen in ARG355 (2.97843 A), ARG355 (2.31537 A), LEU517 (2.62877 A), PHE464 (3.49521 A)
residues of the complex. Strong hydrophobic bonds are seen at ARG355 (2.97843 A), ARG355 (2.31537 A), LEU517
(2.62877 A), PHE464 (3.49521 A) residues. Halogen and electro-static bond can be formed at GLU516 residue with
2.82132 A and 4.87456 A bond lengths (Table 3).

Ledipasvir binds 6YOR with exceptionally lower binding energy -9.8 Kcal/ mol, the lowest of all considered in
the study. H-bonds are seen at ARG355 (2.89258 A), ARG355 (2.21921 A), GLU516 (3.73941 A) residues. Strong
hydrophobic bonds are seen at ARG355 (4.43162 A), ARG466 (4.21209 A), VAL382 (4.27763 A), PHE392 (5.0249
A), TYR396 (5.38991 A), PHE464 (4.51494 A) residues. Halogen and electro- static bond can be formed at GLU516
residue with GLUS516 residue 2.54603 A and 4.878 A bond lengths.

3.3 Pharmacokinetic activity analysis of the compounds

The drug response to Blood Brain Barrier, Human Intestinal Absorption, Carco-2 Permeability, Pglycoprotein
Inhibitor, Human Ether-a-go-go Related Gene Inhibitor and carcinogenic parameters is shown in Table 4. All the drugs
except Lentinan and Nystatin show a satisfactory intestinal absorption. It is a major parameter of drug bioavailability
[53]. P-glycoprotein can inhibit drug accumulation in the brain and facilitate drug excretion [54]. Hypericin, Inosine,
Lentinan, Nystatin, Remdesivir, Vidarabine drugs are non-inhibitor of P-glycoprotein. Inhibition of Human Ether-a-go-
go-Related Gene by drugs can induce ventricular arrhythmia and sudden cardiac death [55]. All the drugs in this study
are weak inhibitors of the Human Ether-a-go-go-Related Gene. AdmetSAR@LMMD analysis shows that all the drugs
are noncarcinogens. So the drugs are safe for administration.

Increased molecular weight can form a larger cavity in water to solubilize the compound. That’s why the solubility
of a compound decreases as the molecular weight increases [56]. Increased molecular weight indicates reduced
intestinal absorption of the compound. All the drugs in the study have the molecular weight of more than 500 Da except
Conivaptan, Inosine, and Vidarabine. So, the compounds Conivaptan, Inosine, Vidarabine can easily be absorbed in the
intestine. Increased value of logP decreases aqueous solubility predicting reduced absorption of the compound [57]. All
the compounds have MlogP value less than 4.5 and S + logP value less than 5, except Conivaptan, Elbasvir, Ledipasvir,
and Hypericin. So, the compounds are hydrophilic in nature. The negative logP value indicates a more hydrophilic
nature, indicating that the compounds Inosine, Lentinan, Nystatin, and Vidarabine show more hydrophilicity. They can
be absorbed and excreted more quickly than other compounds. In the study, S + logD value of compounds also supports
Lipinski’s rule. According to the Lipinski’s rule, The number of hydrogen bond donors should also be <5 [58]. The
compounds maintain this rule except for Hypericin, Lentinan, Nystatin, and Saquinavir in our study. Pharmaco-kinetic
proprieties of collected drugs obtained from MedChem Designer Software were given in Table 5.

3.4 Hardness and softness analysis of potential drugs by calculating HOMO LUMO

HOMO-LUMO GAP indicates the measurement of kinetic stability [59, 60]. HOMO-LUMO GAP is also closely
related to the hardness and softness of the compounds. Larger Gap value suggests the hardness of the drug molecules,
which is closely associated with the lower chemical reactivity and high kinetic stability. The smaller Gap value indicates
the softness of the drug molecules, which signifies low kinetic stability and high chemical reactivity [60-62]. All the
drugs in this study exhibit lower (<1.3) HOMO-LUMO GAP, indicating high chemical reactivity of the drugs described
in Table 6. Indinavir shows the lowest GAP and most increased softness that might contribute to the significantly higher
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reactivity of the drug molecule. Hypericin and Remdesivir also predict lower HOMO-LUMO GAP and higher softness.
So, they are also chemically more reactive. HOMO-LUMO, gap, hardness and softness values were given in Table 6.

The structure of frontier molecular orbitals (HOMO and LUMO) for the potential drugs were given in Figure 3.

Table 4. Selected pharmaco-kinetic parameters of drugs were obtained by using AdmetSAR@LMMD online database

Parameters
Compounds Blood- Human Caco-2 Pglycoprotein Human Ethera-go-go-
Brain Intestinal s e Related Gene Carcinogens
Barrier Absorption Permeability Inhibitor Inhibition
L e Non-
Beclabuvir  BBB+0.7783  HIA+1.0000  Caco2 +0.5434 Inhibitor Weal Inhibitor carcinogens
: : 0.6589
. e Non-
Conivaptan ~ BBB+09522  HIA+1.0000  Caco2+0.5291 Inhibitor Weak Inhipitor carcinogens
: : 0.8831
o e Non-
Darunavir BBB-05518  HIA+0.9636  Caco2+0.7274 Inhibitor Weak inhibitor carcinogens
0.7588 0.9824 eino
- S Non-
Elbasvir BBB-0.7263  HIA+09946  Caco2 - 0.6459 Inhibitor Weak inhibitor carcinogens
0.7155 0.9077 cinoge
s e Non-
Hypericin BBB-0.7368  HIA+0.9898  Caco2+08019 ~ Nommbibitor Wealk inbibitor carcinogens
: : 0.8912
. e Non-
Indinavir BBB-09923  HIA+08210  Caco2- 08183 Inhibitor Weak inhibitor carcinogens
0.7987 0.9557
0.8870
. s Non-
Inosine BBB+0.7979  HIA+09523  Caco2-09070  Nemwinhibitor Weak inhibitor carcinogens
0.9717 0.9855
0.9220
- s Non-
Ledipasvir BBB-0.5848  HIA+09962  Caco - 0.6818 Inhibitor Weak inhibitor carcinogens
0.7910 0.9938 cinoge
s e Non-
Lentinan BBB+0.6207  HIA-08748  Caco2-0.883¢ Nominhibitor Weak inhibitor carcinogens
0.7589 0.9517 cinog
. e Non-
Nelfinavir BBB-09659  HIA+07472  Caco2-0.7148 Inhibitor Weak inhibitor carcinogens
0.8121 0.9786
0.8547
. e Non-
Nystatin BBB - 0.9659 HIA - 0.9308 Caco2 - 0.7539 Non-inhibitor Weak inhibitor carcinogens
0.7322 0.9777
0.9682
s s Non-
Remdesivir BBB - 0.7452 HIA + 0.8890 Caco2 - 0.6599 Non-inhibitor Weak inhibitor carcinogens
0.7247 0.9295 s
. e Non-
Ritonavir BBB-09717  HIA-0.7195  Caco2 - 0.8957 Inhibitor Weak inhibitor carcinogens
0.8317 0.9774
0.8664
. e Non-
Saquinavir BBB - 0.9949 HIA +0.7774 Caco2 - 0.8957 Inhibitor Weak inhibitor carcinogens
0.8563 0.9687
0.8650
e e Non-
Vidarabine ~ BBB+09383  HIA+09227  Caco2-0.8957 Non-inhibitor Weak inhibitor carcinogens
0.9660 0.9890 inoge
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Table 5. Pharmaco-kinetic proprieties of collected drugs were obtained from MedChem Designer Software

Pharmaco-kinetic parameters

Compounds
M Wt MlogP S + logP S + logD HBDH
Beclabuvir 659.853 3.757 3.846 3.583 1.000
Conivaptan 498.588 4.375 6.240 6.237 2.000
Darunavir 547.674 1.607 1.932 1.932 4.000
Elbasvir 882.038 3.031 6.315 6.313 4.000
Hypericin 504.456 1.979 5.019 1.741 6.000
Indinavir 613.805 1.725 2.779 2.706 4.000
Inosine 268.230 -2.138 -1.956 -1.960 4.000
Ledipasvir 889.021 4.105 6.642 6.641 4.000
Lentinan 1153.018 -12.461 -7.551 -7.551 23.000
Nelfinavir 567.796 3.242 4.598 4.571 4.000
Nystatin 926.116 -1.752 -1.769 -1.796 13.000
Remdesivir 602.588 0.634 1.597 1.597 5.000
Ritonavir 720.958 2.267 4.205 4.204 4.000
Saquinavir 670.857 2.143 3.538 3.497 6.000
Vidarabine 267.246 -1.545 -1.059 -1.059 5.000

Table 6. Energy of HOMOs, LUMOs, gap, hardness, and softness of following compounds were obtained from WebMO online database

Molecules ¢HOMO eLUMO GAP Hardness (1) Softness (S)
Beclabuvir -0.127 0.191 0.318 0.159 6.289
Conivaptan -0.823 0.317 1.14 0.57 1.754
Darunavir -0.150 0.104 0.254 0.127 7.874
Hypericin -0.109 0.099 0.208 0.104 9.615
Indinavir -0.047 0.071 0.118 0.059 16.949
Inosine -0.368 0.741 1.109 0.5545 1.803
Nelfinavir -0.143 0.122 0.265 0.1325 7.547
Remdesivir -0.197 0.012 0.209 0.1045 9.569
Vidarabine -1.047 0.188 1.235 0.6175 1.619
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Beclabuvir-HOMO Beclabuvir-LUMO

Hypericin-HOMO Hypericin-LUMO

Conivaptan-HOMO Conivaptan-LUMO

Nelfinavir-HOMO Nelfinavir-LUMO

Figure 3. Frontier molecular orbitals (HOMO and LUMO) of the potential drugs
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4. Conclusion

This study demonstrated Beclabuvir, Conivaptan, Darunavir, Elbasvir, Hypericin, Indinavir, Inosine,
Ledipasvir, Lentinan, Nelfinavir, Nystatin, Remdesivir, Ritonavir, Saquinavir, Vidarabine bind with 6LZG, 6VXX,
6X29, 6YMO, 6YOR proteins of SARS-CoV-2 and some important properties of drugs related to HOMO-LUMO
energy GAP, hardness-softness by molecular orbital calculation. The drug showed the lowest binding energy and
H-bonds, hydrophilic bonds, halogen bonds, and electrostatic bonds with almost all the targeted proteins of SARS-
CoV-2 with a minimum of exception. The docking results of Ledipasvir, followed by Hypericin, show that they
might perform better on inhibiting the targeted proteins. The nonbonding interactions analysis made it evident
that 6VXX is a promising drug target as Conivaptan, Ledipasvir, and Hypericin can effectively target the protein.
All drugs are non-carcinogenic shown from the pharmacokinetic calculation. We can state that, among the other
ligands considered in this study, Ledipasvir might be the best ligand against SARS-CoV-2 induced infections for
future researchers.
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