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Since the inception of COVID-19 pandemic in December 2019, socio-economic crisis begins to rise globally and
SARS-CoV-2 was responsible for this outbreak. With this outbreak, currently, world is in need of effective and
safe eradication of COVID-19. Hence, in this study anti-SAR-Co-2 potential of FDA approved marine drugs
(Biological macromolecules) data set is explored computationally using machine learning algorithm of Flare by
Cresset Group, Field template, 3D-QSAR and activity Atlas model was generated against FDA approved M-pro
SARS-CoV-2 repurposed drugs including Nafamostat, Hydroxyprogesterone caporate, and Camostat mesylate.
Data sets were categorized into active and inactive molecules on the basis of their structural and biological
resemblance with repurposed COVID-19 drugs. Then these active compounds were docked against the five
different M-pro proteins co-crystal structures. Highest LF VS score of Holichondrin B against all main protease co-
crystal structures ranked it as lead drug. Finally, this new technique of drug repurposing remained efficient to

explore the anti-SARS-CoV-2 potential of FDA approved marine drugs.

1. Introduction

In December 2019 the world health organization (WHO) named in-
fectious disease as coronavirus that caused by newly revealed corona-
virus [1,2]. The world health organization (WHO) declared covid-19 as
epidemic disease in March 2020 due to its wide spread infectivity and
high contagious rate [3,4]. ICTV (the International Committee on Tax-
onomy of Viruses) on Feb 11, 2020 retitled this corona infection as the
severe acute respiratory syndrome coronavirus 2 [5,6]. Covid-19
epidemic initiated by the SARS-CoV-2 (severe acute respiratory syn-
drome coronavirus 2) [4,7]. According to the analysis of phylogenetic
the virus responsible of severe acute respiratory syndrome coronavirus 2
has great resemblance to earlier coronavirus MERS-CoV and SARS-CoV-
1 [7-9]. In Wuhan China new SARS-CjoV-2 virus was first detected [10].
The first fifty days of epidemic killed more than 1800 individually and
seventy thousand people were infected by this virus. On 5th April 2021
the virus statistics exhibit almost 245,321,425 confirmed coronavirus

* Corresponding author.

cases and in 220 countries 4,979,605 deaths were announced [11,12]
https://www.worldometers.info/coronavirus/. Coronavirus disease is
extremely infectious and its main symptoms are headache, fever, dry
cough, dyspnea, sore throat, gastrointestinal issue and myalgia [3]. In
some cases, severe patient gone through ARDS (acute respiratory
distress syndrome) that lead towards expiry [5,13]. The Infection rate
and the transmission potency of covid-19 is so fast [14]. Due to high
transmission rate of the epidemic Covid-19 is outbreak all around the
world [15]. Coronavirus is enclosed solitary stranded RNA viruses with a
helical symmetry of nucleocapsid [10,16]. Coronavirus belong to the
coronaviridea family of beta genus [17]. It has a sphere-shaped enve-
lope. The envelope of Covid-19 has spike-like glycoprotein projections
[18]. Several corona infections also comprise a HE (hem agglutinin-
esterase) protein [19]. The genome of coronaviruses encrypts some
sps (structural proteins) and nsps (nonstructural proteins) [18,20]. The
sps are accountable for host contagion, virus assembly, fusion of mem-
brane, and morphogenesis [20,21]. Also particles of virus released
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Fig. 1. Pharmacophore field points generation of SARS-CoV-2 FDA approved drugs from field template tool of Flare.
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Fig. 2. Field Points of marine active compounds generated from FDA approved SARS-CoV-2 repurposed drug.

between other functions due to structural proteins. The nsps establishment of some nsps (nonstructural proteins) that are essential for

(nonstructural proteins) enable virus transcription and replication virus-related replication [27,28].

[18,22]. The spike (S), membrane(M) and envelope (E) genes encrypt The replicas genetic factor of SARS-CoV-2 encodes with two over-

the sps (structural proteins) [23]. The severe acute SARS-CoV-2 enters lapping polyproteins—ppla and pplab—that are mandatory for viral

into human cells through spike protein by interact with the angiotensin- transcription and replication [7].

converting enzyme 2 (ACE2) [24-26]. Through an extensive proteolytic process, the functional poly-
Covid-19 is polypeptide that is cleaved by alter protease viz. peptides are released from these two polyproteins (ppla and pplab)

chymotrypsin like protease and papain like protease that foremost to the [29]. SARS-COV-2 is +ssRNA virus that encrypts several nonstructural
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Fig. 3. Fitness plot representing Ligands as Training set, Ligands cross validated (CV) as LOOCV, Test set and Reference generated from 32 training set ligands and 17
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Fig. 4. 3D-QSAR graph showing the fitness of model by plotting cross validated
regression co-efficient (q®) blue color along with regression co-efficient (r%)
green color against number of components of model. (For interpretation of the
references to color in this figure legend, the reader is referred to the web
version of this article.)

and structural proteins [30]. Main protease (M pro) is nonstructural
protein and also known as 3-chymotrypsin-like protease (3CLpro) [31].
M pro is accountable for the eleven main maturation cleavage sites and
also foremost for the establishment of NSPs [24]. For the treatment of
SARS-COV-2 non-structural proteins may have greater potential to be
target site for the antiviral drugs [31]. In SARS-CoV-2 all active sites
located on main protease. The coronavirus M pro is 3 domain cysteine
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Fig. 5. 3D-QSAR model graph showing predicted root mean square error (blue
color) versus experimental root mean square error (green color). (For inter-
pretation of the references to color in this figure legend, the reader is referred to
the web version of this article.)

protease, Domains I and II have an antiparallel p-barrel structure.
Domain III contain globular cluster of five helices [30-32] which fea-
tures a Cys145-His41 catalytic dyad located in the cleft between do-
mains I and II [33,34]. Domain III is liable for the dimerization of
enzyme [32].

In the viral life cycle many upstream replicative events of SARS-CoV
Mpro process in polyprotein that involved in indispensable. Mpro had
effect on lowering progeny virus it also enhances the cell survival and
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Fig. 6. 3D view of QSAR model using reference compound Nafamostat depicting the high/low biological activity areas in molecules (A) Model field points in cyan
color (negative electrostatics) and red color co-efficient field points (positive electrostatics) showing the stronger activity areas. (B) Steric bulkiness model, repre-
senting green color region contributing for high biological activity, purple color representing the unfavorable contribution of steric character towards biological
activity enhancement. (C) Steric Variance (D) Electrostatic Variance, both variances have points with regions of high changes and low changes. (For interpretation of
the references to color in this figure legend, the reader is referred to the web version of this article.)

reduce peptide's function. Thus small molecule-mediated blocking of
Mpro activity is a feasible option for SARS-CoV-2 anti-viral drug
development [31,34].

Conventional drug development and drug discovery has not kept up
with challenges from evolving diseases like MERS-CoV, Ebola virus and
currently SARS-CoV-2. Along with this, over extravagant costs, high
consumption rate and long market approval time periods are the major
delaying factors in new drug designing process. Accompanying these
reasons, drug developers and medicinal chemists consider drug reposi-
tioning or repurposing an effective, time saving and an efficacious
strategy in comparison to de novo drug designing. Main advantage of
this technique is that pharmacological properties and toxicity factors are
already in knowledge [35].

About 75 % earth composite of water but there was not enough
research have carried out on the marine organism pharmacology and
literature showed a limited work on their pharmaceutical effects. If
observe, marine sources have diverse collection of new drugs against
major dieses like cancer, malaria, microbial infections [36]. Ocean is an
exceptional and diverse source of bioactive pharmaceutical natural
metabolites with structural, chemical and biological diversity than
terrestrial natural products [11]. Marine source provide a great oppor-
tunity for discovering and introducing about 13,000 natural products
with diseases curative properties [37,38]. Marine natural metabolites
are designed as major pharmacophore. According to a literature based
survey, about 68 % of FDA approved drugs concise of marine to cure
infectious disease and 63 % as anti-cancer drugs [39,40]. Marine sources
play a vital role in emergence of drug development during 20th century
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by isolation of penicillin, streptomycin, vincristine that extend life span
by improving the quality of life. With the advancement of techniques
and research development, there has observed a change in industriali-
zation to become more sophisticated to discover drug and programs
initiated to design drug based on a biochemical target [41].

In this study, FDA approved marine drugs were selected as repur-
posed drug for combating SARS-CoV-2 owing to their structural di-
versity, high efficacy in controlling disease with potential ICsq values.
COVID-19 main-protease was targeted in this paper and for this purpose
computer aided drug designing (CADD) techniques were employed.
Machine learning algorithm of Flare by Cresset group was employed
comprising field template, activity atlas and molecular docking. Prom-
ising results for FDA approved marine drugs were obtained after
employing CADD techniques [7].

2. Materials and methods

2.1. Standard parameters for field point generation, 3D-QSAR and
activity atlas model development

2.1.1. Retrieval of compounds for data set preparation

Dataset preparation of 49 marine drugs was carried out by collecting
FDA approved marine drugs from prior literature containing research
papers and reports. Moreover, many marine drugs were assembled from
different repository of compounds like [42,43]. Compounds acquired
from literature were sketched into 2D-chemical structure using Chem-
Draw 20.1.1, then converted into SDF module using Chem3D 20.1.1.
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Table 1
Activity score of active compounds obtained after activity atlas average model.

Sr. no. Structure “Average of actives” model activity pICso values
1 Bryostatin 8.39
2 Halichondrin B 10.03
3 Aplidin 9.00
4 Marizomib 8.45
5 Trabectedin 9.82
6 Bretuximab 11.52
7 Didemnin B 8.96
8 Lestaurtinib 9.04

While compounds fetched from online repositories were save into SDF
format directly. pH of molecules is assumed to 7.0 by using Flare Soft-
ware (Cresset Inc., UK) protonation state module. The biological po-
tential of these molecules was expressed in minimum inhibitory
concentration (ICsp) and transformed to positive logarithm values by
using the formula pICsg = —log (ICs0) [44-46].

2.1.2. Field point generation
Marine drug dataset was loaded to flare along with three (3)

1419

reference (standard) drugs used in COVID-19 treatment named as
Nafamostat, Hydroxyprogesterone caporate, and Camostat mesylate.
For pharmacophore generation field points/templates were added to
these four COVID-19 repurposed drugs, in order to use these drugs as
bioactive conformations [47,48]. Fig. 1 displays the field points tem-
plate features of SARS-CoV-2 repurposed drugs by using Forge visuali-
zation tool. As these field points generate the four diversified molecular
fields containing positive and negative electrostatic potential surface,
shape and hydrophobic field surface [49-51].

2.1.3. Confirmation hunt and alignment

All the molecules in marine database were set to Accurate but Slow
Conformation Hunt. Conformations Hunt of dataset were generated by
adding 90 field points from reference drugs conformation and maximum
number of conformations generated for each molecule was set to 200.
RMSD cut off value for duplicate conformers was 0.5 A and cutoff
gradient was 0.100 kcal/mol for conformer minimization. Energy win-
dow for hunt was set to 3 kcal/mol. Alignment of molecules was
generated from three (3) reference drugs, normal alignment was carried
out using Maximum Common Substructure (MCS) along with default
thresholds settings.
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2.1.4. 3D-QSAR and activity atlas model development

For 3D-QSAR model building, marine data set was divided into 80 %
training set molecules and 20 % test set molecules. A normal Field based
QSAR model was generated by selecting the pICs values as partition
method. Maximum number of components was set onto 20, minimum
distance for sample point was fixed to 1.0 A, and electrostatic fields were
used in model building. 3D-QSAR model was built using Partial Least
Square (PLS) regression analysis [44,52].

1420

2.1.5. Validation of field QSAR using statistical parameters

Field QSAR model was validated by regression co-efficient (R?) and
cross-regression co-efficient (q2) of training and test set molecules.
Leave-one-out (LOO) technique was used to optimize the molecules for
QSAR model building. This method is effective for models containing
small number of training data set.
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D)

Fig. 9. Regions explored by active molecules in activity atlas model visualized by reference molecule Nafamostat, (A) Regions explored in Hydrophobic (B) Regions
explored in negative electrostatics (C) Regions explored in positive electrostatics (D) Regions explored in average active shape.

2.1.6. Activity atlas model for visualization of SAR

Activity atlas model provide the structural insight for understanding
of the structure activity relationship (SAR) of library of compounds. To
construct activity atlas model utilizing marine database an average of
active compounds, activity cliff summary models and electro-potential
regions explored were generated against four FDA approved SARS-
COVID-19 repurposed drugs as reference. Activity-Atlas QSAR Model
was built using pICs field. These biochemical computed activity models
explored the active regions and active compounds from marine data set.
From activity Cliff model smoothing radius for structural similarity be-
tween active compounds of marine database and SAR-CoV-2 FDA
approved drugs came out to be 40 % [52,53].

2.2. Molecular docking simulations

2.2.1. Protein preparation

The co-crystallized structures of five COVID-19 main protease in
complex with different reference ligands was downloaded using Protein
interface of Flare GUI from RSCB Protein Data Bank (PDB), having (PDB
ID: 7BUY, 7CA8, 7JQ2, 7LOD and 7BQY) respectively. Full protein
preparation was applied on the 3D co-crystal target receptors using
protonation state module by setting all the protein preparation param-
eters i.e., grid preparation, pH to 7.0, active site size to 6.00 A and
adding ligand role as reference. Heteroatoms and water molecules were
removed and hydrogen atoms were added along with missing atoms
[54].

2.2.2. Normal molecular-docking simulation parameters

For docking of molecules, Normal Docking tool was used present in
Flare software. For this screening pool and population size was set to 1,
with one (1) run and ten (10) maximum numbers of poses. All the li-
gands were minimized before docking. For best pose prediction Flare
software uses Lead Finder. The binding free energy algorithm predict the
excellent pose and best binding affinity was predicted by Virtual
Screening score. Types of interaction between protein and ligand were
also provided by Lead Finder comprising H-bonding, Pi and alkyl in-
teractions and Van der Waals forces [7,55].
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2.3. Molecular dynamics simulations

Molecular dynamics (MD) studies were conducted using Desmond
5.6 academic version via Maestro (Desmond Molecular Dynamics Sys-
tem, version 5.6, D. E. Shaw Research, New York, NY, 2018. Maestro-
Desmond Interoperability Tools, Schrodinger, New York, NY, 2018).
MD simulations were accomplished on two NVIDIA GPUs, employing
the Compute Unified Device Architecture (CUDA) APIL The complexes
resulting from molecular docking studies were inserted into an ortho-
rhombic box together with water molecules (solvent model TIP3P) using
Desmond system builder available in Maestro. MD simulations were
executed employing the force field OPLS. Na* and Cl™ ions (0.15 M)
were added to mimic the physiological concentration of monovalent
ions. The ensemble class NPT (constant number of particles, pressure,
and temperature) were utilized employing a constant temperature of
310 K and a pressure of 1.01325 bar. To integrate the equations of
motion, RESPA integrator was applied. Nose-Hoover thermostats and
the Martyna-Tobias-Klein method were used for keeping constant tem-
perature and pressure of the simulation, respectively. Particle-mesh
Ewald technique (PME) was used to calculate the long-range electro-
static interactions. 9.0 A was selected as the threshold for the van der
Waals and short-range electrostatic interactions. The systems were
equilibrated using the default procedure, which consists of a series of
restrained minimization and MD simulations to gradually relax the
system. As a result, a single 100 ns trajectory was determined for each
complex. MD simulation studies were independently repeated two times
for providing a more reliable output. Simulation Event Analysis tools,
available in the software package, were used to examine the trajectory
files. All charts relating to MD simulation presented in this article were
created using the same tools. Therefore, the root mean square deviation
(RMSD) was evaluated using the following equation:

S
i=1

1

N ilx — rilrefz

RMSD, =

RMSDy; calculation for a frame x; N: number of selected atoms; tyef:
reference time, (normally the first frame is utilized as the reference at
time t = 0); r'": position of chosen atoms in frame x at time ty, after the
superimposition with the reference frame. Every frame in the simulation
trajectory is subjected to the same technique. The following formula was
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Fig. 10. Docked view of Lead Compound Holichondrin B with co-crystal protein structure of SARS-CoV-2 obtained after Ligand and Structural based drug designing
(A) Docked Holichondrin B (red color) with COVID-19 main protease in complex with inhibitor N3 (PDB ID: 7BQY) (B) Docked Holichondrin B (blue color) with
COVID-19 main protease in complex with Carmofur (PDB ID: 7BUY) (C) Docked Holichondrin B (violet color) with COVID-19 main protease in complex with
Shikonin (PDB ID: 7CA8) (D) Docked Holichondrin B (light purple color) with COVID-19 main protease in complex with ML188 (PDB ID: 7LOD) (E) Docked
Holichondrin B (brown color) with South African SARS-CoV-2 spike protein (PDB ID: 7LYP). (For interpretation of the references to color in this figure legend, the

reader is referred to the web version of this article.)

used to calculate the root mean square fluctuation (RMSF):

1

T J
RMSF, 72;;1 <At = Fity2 >

RMSF;: generic residue; T: trajectory time considered for the calcu-
lation of RMSF, t,f: reference time, rj: position of residue i; r': position of
atoms in residue i after superposition on the reference. The square dis-
tance is averaged over the atoms in the residue, as indicated by the angle
brackets.
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3. Results and discussions
3.1. Ligand based virtual screening

3.1.1. Pharmacophore model

For inhibiting the COVID-19 main protease, pharmacophore field
templates were generated for the FDA approved SARS-CoV-2 repurposed
drugs comprising Nafamostat, Hydroxyprogesterone caporate and
Camostat mesylate. These drugs after field pharmacophore generation
were now bioactive conformations which help in the identification of
common pharmacophores features of marine drugs [51]. Fig. 2 showed
the negative field points in cyan color which generated due to the in-
teractions of positive regions or H-bond donors of receptor target with
molecule. While positive field points are represented by red color which
generated due to the interaction of acceptor atoms or negative region of
target receptor with molecule atoms. Gold color indicates the
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The LF VS and AG score along with the interacting active residues of COVID-19 main protease co-crystal receptor site
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Target protein PDB

Compounds

LF VS score virtual screening score

LF AG docking score kcal/

H-bonded interacting

D kecal/Mol Mol residues
7LYI Active marine Trabectedin —12.68 -11.55 GLU 166
drugs Holichondrin B -15.7 -9.70 LEU 282
PHE 3
THR 199
TRP 207
Didemnin B —9.72 -7.10 LEU 287
LEU 287
GLU 290
Bretuximab —10.26 —8.89 THR 26
HIS 163
Lestaurtinib —9.72 —7.64 THR 190
Bryostatin -11.29 -8.78 GLN 192, GLU 166, GLY
143
Apilidin —10.69 —8.60 ASP 197
Marizomib —10.39 -7.52 GLU 166, GLU 166
Standard drugs Nafamostat -9.31 -7.97 THR 26
Camostat mesylate —9.48 —8.20 THR 26
THR 190
Hydroxyprogesterone -9.70 —9.09 No interaction
caproate
7LOD Active marine Trabectedin -10.13 -9.38 ARG 188, ASN 142, GLY
drugs 143
Holichondrin B —12.80 —8.62 TRP 207
LEU 282
LYS 5
Didemnin B —10.02 -7.70 ALA 285
GLY 166
Bretuximab -10.26 -9.30 HIS 163
GLY 143
Lestaurtinib -11.91 -8.93 LEU 287
Bryostatin -12.16 -8.07 GLY 195, ASP 197, LYS
137
Apilidin —9.50 —8.05 No interaction
Marizomib -11.18 —8.02 HIS 164
Standard drugs Nafamostat —8.45 —6.95 THR 304
ASP 295
Camostat mesylate -9.71 -8.19 ASN 142
TYR 54
Hydroxyprogesterone —10.16 —9.53 GLY 143
caproate
7JQ2 Active marine Trabectedin -10.64 -9.94 GLU 166, LYS 97
drugs Holichondrin B —13.13 —8.29 GLY 138
GLU 166
Didemnin B -12.23 —9.60 GLU 166
GLU 166
Bretuximab —10.42 -9.35 ASN 142
HIS 163
Lestaurtinib —8.35 -7.13 GLN 299
Bryostatin -12.01 -9.72 GLY 143, HIS 163
Apilidin —10.41 —8.69 ALA 7
Marizomib —11.47 —-8.30 HIS 164, ASN 142
Standard drugs Nafamostat —9.44 —7.92 PHE 140
TYR 54
MET 49
Camostat mesylate —10.50 —8.97 ASN 142
MET 165
MET 49
TYR 54
Hydroxyprogesterone —9.05 —8.33 No interaction
caproate
7CAS8 Active marine Trabectedin —11.55 —-9.95 GLY 11, LYS 97
drugs Holichondrin B —13.46 —7.89 ARG 105
ASN 151
THR 111
ARG 298
Didemnin B —-11.87 —9.42 THR 111
GLN 110
ARG 105
Bretuximab —9.43 —8.12 GLN 127
Lestaurtinib —-9.16 —6.01 THR 190, GLU 166,
Bryostatin —11.05 —8.37 PHE 181, ARG 105
Apilidin -9.79 -8.13 ARG 105
PHE 181
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Table 2 (continued)
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Target protein PDB Compounds LF VS score virtual screening score LF AG docking score kcal/ ~ H-bonded interacting
D kecal/Mol Mol residues
Marizomib —10.86 —7.68 LYS 5, ARG 4
Standard drugs Nafamostat -8.91 -7.39 ASP 155
Camostat mesylate —9.23 —7.62 ASP 155
TYR 154
ASP 155
Hydroxyprogesterone —9.83 —9.04 ASN 142
caproate TYR 154
7BQY Active marine Trabectedin -10.54 -9.31 GLN 110, TYR 154
drugs Holichondrin B -13.79 —7.99 ASP 295
PHE 294
Didemnin B —-9.18 —7.34 LYS 5
PHE 3
Bretuximab —8.76 —7.87 ASP 289
Lestaurtinib —8.90 —6.55 THR 111
Bryostatin -12.02 —9.68 ASP 153, SER 158
Apilidin —-9.77 —7.32 LYS 102
TYR 154
Marizomib —6.94 —6.46 LYS 5,LYS 135
Standard drugs Nafamostat -7.31 —5.42 LYS 12
Camostat mesylate —9.28 -7.77 GLN 127
Hydroxyprogesterone —-9.26 —-8.53 THR 111
caproate
7BUY Active marine Trabectedin —11.45 —10.38 GLU 166, THR 25, HIS 41
drugs Holichondrin B -12.17 -7.01 LEU 50
GLY 143
Didemnin B —-11.36 —7.54 ASN 142
CYS 44
Bretuximab —8.80 —7.80 No interaction
Lestaurtinib —11.68 -7.16 CYS 44, ASN 142
Bryostatin —10.61 —8.18 THR 25, GLN 189
Apilidin —9.86 -8.33 GLN 189
THR 190
Marizomib —7.40 —7.05 HIS 164
Standard drugs Nafamostat -7.31 —5.58 PRO 168
Camostat mesylate —-8.21 —6.98 GLN 189
GLU 166
THR 26
Hydroxyprogesterone -8.37 -7.72 THR 26
caproate

hydrophobic points, these regions have high polarizability and yellow
color field points generated are for Van der Waals interactions. These
field points generated and these aligned reference molecules help in
generating the conformation hunt and alignment of marine molecules
[46-50].

3.1.2. 3D-QSAR and activity atlas model development and their statistical
analysis

In order to generate 3D-QSAR model building, chemical descriptors
derived from reference molecules Field point template model used in the
alignment of 49 marine data sets. Field based 3D-QSAR model was built
by using PLS regression analysis. Of the 49 marine compounds in data
set 36 compounds were selected for training set and remaining were
categorized as test set molecules. Leave one out cross-validation type
was used for models containing small number of training sets. PLS
regression analysis was predicted by analyzing twenty components
which showed one component as lead for the model. [45,56].

3.1.3. Validation of 3D-QSAR model

3D-QSAR model (Fig. 3) was affirmed by various statistical tests
including correlation coefficient R? which showed the descriptive ac-
curacy of model to be 83.3 % (r2 = 0.833) as it narrated the importance
of regression model, regression co-efficient Q% which depict the pre-
dicted activity accuracy of model to be 60.01 % (q? = 0.601). These
values which are more than 50 % confirmed the robustness of model for
predicting the virtual high throughput screening (VHTS) of marine drugs
for SARS-CoV-2 drug repurposing. While RMS error value was 42.62 %
(RMSE = 0.4262), which validated the strength of model (Figs. 4 & 5)
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[55,57,58].

3.1.4. Exploration of field points for inhibiting SARS-CoV-2 main protease

Flare 3D-QSAR ligand-based screening provide the three-
dimensional view of field-based properties on which model was con-
structed. Co-efficient of variance of training set was explored in three-
dimensional format by 3D view GUL These field-based properties have
considerable impact on the biological potentials of marine drugs. Bigger
field points correlated to more enhanced binding affinity values. To
comprehend the field points in 3D view, reference drug was superposed
to these points. Results showed the more negative cyan color field points
means presence of more electron withdrawing groups enhance the
biological potential of molecules. Presence of big green filed points
confirmed the positive steric filed points (Fig. 6). High variance points
suggest the structural changes in molecules and lower field points sug-
gest the no changes necessary for enhanced biological potential
[7,55,57,58].

3.1.5. Activity maximum and minimum from average of actives models
By following these algorithmic values compounds were categorized
into active and inactive compounds. This model of activity atlas depicts
the average shape, electrostatic and hydrophobic potential areas which
all the molecules in dataset have in common with respect to reference
drugs. On the basis of average active model, compounds with pICsg
activity score of more than 8.22 were categorize as fully active com-
pounds while remaining compounds were inactive. This model (Fig. 7)
visualizes the high or beneficial activity areas in molecules which
reference drug and active molecules share in common. Total (9) nine
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Fig. 11. (A) RMSD regarding the complex main protease (blue line) and Holichondrin B (red line) considering the PDB 7BQY; (B) RMSD regarding the complex main
protease (blue line) and Holichondrin B (red line) considering the PDB 7BUY; (C) RMSD regarding the complex main protease (blue line) and Holichondrin B (red
line) considering the PDB 7CA8; (D) RMSD regarding the complex main protease (blue line) and Holichondrin B (red line) considering the PDB 7JQ2; (E) RMSD
regarding the complex main protease (blue line) and Holichondrin B (red line) considering the PDB 7LOD; (F) RMSD regarding the complex main protease (blue line)
and Holichondrin B (red line) considering the PDB 7LYI. Pictures were generated by Simulation Event Analysis available in Desmond. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)

compounds shown in Fig. 7 and Table 1 falls into the criterion of active
compounds [7,57,58].

3.1.6. Activity cliff summary

Activity cliff summary of molecules highlights the structure activity
relationship (SAR) of active molecules in comparison with SARS-Covid-
19 repurposed drugs, shown in Fig. 8. These summary diagrams corre-
late the active parts of marine drugs with reference drug. Maximum
matching suggests the highest similarity with SARS-CoV-2 drugs. Hy-
drophobic activity cliff summary of active molecules is visualized into
two colors green and magenta, area covering in green color could make
more hydrophobic interactions while magenta color covered area was
unfavorable. In the same way shape cliff summary revealed the favor-
able steric bulk areas in green color and unfavorable areas in magenta
color [7,58].

3.1.7. Regions explored in activity atlas (AA) model

Third feature of AA model explored the descriptive features of a
molecule regardless of its biological activities. Fig. 9 shows that this
feature cover the common regions of active molecules in comparison to
reference drugs for SARS-CoV-2. Electropositive, electronegative and
hydrophobicity surface contour of active molecules provide strong evi-
dence for drug repurposing of these eleven molecules as repurposed
drug for treating SARS-CoV-2. As more positive and negative region i.e.,
presence of red and cyan surface contour around the active atoms is an
indication of strong SAR with the SARS-CoV-2 repurposed reference
drugs. Average regions explored also revealed the inactive regions
within active molecules which would not take any part in suppressing
the SARS-CoV-2 viral activities [7,58].

3.2. Molecular docking

The docking studies were carried out to check the binding pattern of
active nine compounds and to revealed the binding affinity values for
the active receptor site of COVID-19 main protease co-crystal structure
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and active nine compounds of marine dataset. Docking studies were
carried out on the compounds obtained after ligand-based drug design
approach. In Flare, normal docking demonstrated various docking
poses, configuration and orientations. Hydrogen bonding, Van der
Waals interactions, pi-alkyl and alkyl interactions were involved in
defining the binding affinity values for the active compounds.

Fig. 10 (a-e) showed the best pose of active nine compounds obtained
from ligand-based drug designing approach. For hit to lead identifica-
tion of compounds based on structure-based drug designing, these nine
(9) active compounds were docked against COVID-19 main protease co-
crystal structures. Molecular docking results predicted the good virtual
screening score labelled as LF VS score and molecular docking score
labelled as LF AG in comparison to standard drugs used. Table 2 showed
the LF VS and AG score along with the interacting active residues of
COVID-19 main protease co-crystal receptor site. Fig. 10 showed the
binding pattern of active compounds into the binding cavity of receptor
active site along with standard drugs. Detailed molecular analysis
depicted that Halichondrin B showed the high binding affinity score
with co-crystal structures of COVID-19 main protease. Thus, in silico
study characterize Holichondrin B as lead inhibitor in comparison to
standard drugs for SARS-CoV-2 inhibition [55,58-60].

3.3. Molecular dynamics

In order to establish the most likely binding site for the selected
compound, we have performed a series of MD simulation experiments
on all the complexes generated by docking studies. This investigation
allowed us to establish the binding stability of Holichondrin B in diverse
possible binding sites found on SARS-CoV-2 main protease using the
molecular docking approach. Accordingly, after 100 ns of MD simula-
tion in explicit solvent, we evaluated the RMSD to assess the stability of
the selected complexes and in particular for evaluating whether the
ligand was able to maintain a strong interaction within the binding sites.
The output of this calculation is reported in Fig. 11A-F.

Based on MD calculations, some of the identified binding sites by
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molecular docking were not potentially suitable to host the Holichon-
drin B, while one of them, due to the stability of the complex and the
interactions maintained, could represent a possible binding site for
Holichondrin B for interacting with SARS-CoV-2 main protease. In
particular, the complex derived from docking calculations using the
SARS-CoV-2 main protease crystal structure with PDB code 7BQY
(Fig. 11A) did not show satisfactory stability and the compound lacked
the interaction with the retrieved binding site showing a very large
RMSD, indicating frequent conformational changes with no stable
model of interaction. Consequently, due to the large RMSD of Holi-
chondrin B, linked to poor stability of the complex (Fig. 11A, blue line),
this site is deprioritized from further analysis. A similar trend was
observed for the other complexes derived from docking calculations
using the SARS-CoV-2 main protease crystal structure with PDB codes
7CA8 (Fig. 11C), 7JQ2 (Fig. 11D), 7LOD (Fig. 11E), and 7LYI (Fig. 11F).
In all these simulations, we observed a limited interaction of
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Holichondrin B within the selected binding sites, lacking relevant con-
tacts with several conformational changes of the ligand and a poor
stability of the protein complexes as indicated by the large RMSD value.
On the contrary, as reported in Fig. 11B, the complex derived from
docking calculation using the SARS-CoV-2 main protease crystal struc-
ture with PDB code 7BUY showed very strong stability and the model of
interaction regarding Holichondrin B within the binding site of SARS-
CoV-2 main protease is very stable, showing a smaller RMSD with
respect to the other generated complexes. Due to the results, we per-
formed further analysis on this binding site as reported below. Inter-
estingly, this binding site is the canonical binding site for main protease
inhibitors in which there is the catalytic center represented by Cys145.
In order to gain further insight into the potential mechanism of action of
Holichondrin B within the selected binding site, we performed a time-
line interaction model analysis, derived from MD simulation, for
providing a more comprehensive result. As reported in Fig. 12,
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Holichondrin B could be able to target specific residues in the well-
established binding site, forming polar contacts with key residues for
the protease activity. In particular, Holichondrin B can strongly interact
with Cysl45 at the S1’ subsite and with Glul66 at the S1 subsite.
Furthermore, we observed strong interactions with the residues Met165
and Prol168 at the S4 subsite. Finally, Holichondrin B could be also able
to target residues at the S2 subsite (Thr25, Thr26, and sporadically
His41), and at the S3 subsite (Met49, Leu50, GIn189, and marginally
Thr190).

According to the performed analysis, Holichondrin B could be able to
target relevant residues involved in the activity of SARS-CoV-2 main
protease, and due to the good stability of the complex linked to insig-
nificant conformational changes of the ligand, the identified binding
site, corresponding to the orthosteric binding site of the main protease,
can be the more suitable for Holichondrin B to interact with SARS-CoV-2
main protease.

4. Conclusions and future perspective

Artificial intelligence (AI) and machine learning (ML) tools have
revolutionized the drug discovery industry and research. Development
of vaccine for COVID-19 was also the result of these ML tools. However,
with the increasing population and increasing positive cases along with
high rates of death due to SARS-CoV-2 and incomplete distribution of
vaccine throughout the world has urge the scientists to repurposed the
FDA approved drugs for prevention and cure of COVID-19 symptoms.

In this work, we reported the most novelist and cutting edge com-
puter aided techniques for drug repurposing. FDA approved marine
drugs database was retrieved from billions of large chemical libraries
and ligand based Al drug discovery toolsi.e., 3D-QSAR and activity Atlas
models was generated. Best active compounds were employed to
structure based drug discovery tools in which protein receptor target
was also taken into consideration. Al and ML both proven to be efficient
tools in drug repurposing for COVID-19, as out of 49 drugs which were
screened by ligand and structure based drug designing only one com-
pound fulfill the criterion of lead drug which is Holichondrin B.

Conclusively, this lead compound has great potential to be trans-
formed to clinical trials thus providing an alternative to vaccine therapy
specially for cancer patients having SARS-CoV-2 symptoms.
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