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A B S T R A C T   

The main protease of SARS-CoV-2 is a critical target for the design and development of antiviral drugs. 2.5 M 
compounds were used in this study to train an LSTM generative network via transfer learning in order to identify 
the four best candidates capable of inhibiting the main proteases in SARS-CoV-2. The network was fine-tuned 
over ten generations, with each generation resulting in higher binding affinity scores. The binding affinities 
and interactions between the selected candidates and the SARS-CoV-2 main protease are predicted using a 
molecular docking simulation using AutoDock Vina. The compounds selected have a strong interaction with the 
key MET 165 and Cys145 residues. Molecular dynamics (MD) simulations were run for 150ns to validate the 
docking results on the top four ligands. Additionally, root-mean-square deviation (RMSD), root-mean-square 
fluctuation (RMSF), and hydrogen bond analysis strongly support these findings. Furthermore, the MM-PBSA 
free energy calculations revealed that these chemical molecules have stable and favorable energies, resulting 
in a strong binding with Mpro’s binding site. This study’s extensive computational and statistical analyses 
indicate that the selected candidates may be used as potential inhibitors against the SARS-CoV-2 in-silico 
environment. However, additional in-vitro, in-vivo, and clinical trials are required to demonstrate their true 
efficacy.   

1. Introduction 

The recent COVID-19 pandemic, caused by the Severe Acute Respi-
ratory Syndrome Coronavirus-2 (SARS-CoV-2), has posed numerous 
challenges to global health and other facets of human life. COVID-19 
appears to be our generation’s worst infectious disease pandemic, 
based on the number of infections, fatalities, and unprecedented de-
mand for healthcare services [1]. Fever, cough, pneumonia, myalgia or 
fatigue, and complex dyspnea were among the most frequently reported 
symptoms in the study cases; however, headache, diarrhea, runny nose, 
hemoptysis, and phlegm-producing cough were reported as less 
frequently occurring symptoms [2,3]. 

Coronavirus genomes are translated into two types of proteins within 
the host cell: structural proteins such as Spike (S), Envelope (E), Matrix 

(M), and Nucleocapsid (N), and nonstructural proteins such as 3-C like 
protease (3CLpro, nsp5), and RNA Dependent RNA Polymerase (RdRp, 
nsp12) [4]. Due to its critical role in the viral life cycle and 
post-translational processing of replicas polyproteins, the main protease 
(Mpro) of SARS-CoV-2 has received considerable attention [5,6]. Mpro 
and other nonstructural proteins (papain-like protease, helicase, 
RNA-dependent RNA polymerase) and the spike glycoprotein are 
required for virus-host cell receptor interactions during viral entry [7]. 
The main protease (also known as 3C-like protease) is one of the most 
attractive antiviral drug targets, particularly in the design and devel-
opment of SARS drugs [8,9]. As a result, inhibiting the activity of this 
enzyme would prevent the transcription of the virus inside infected cells 
[10]. 

The majority of researchers concentrate on repurposing existing 
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antivirals and drugs to combat SARS-CoV-2 [11–16]. Although some of 
these repurposed drugs, such as Kaletra, eliminated COVID-19 symp-
toms in early clinical trials, they demonstrated no benefit in patients 
with severe symptoms [17]. Thus, it is necessary to develop more 

effective and capable new chemical entities (NCEs) to target the 3CL 
protease in the virus specifically. Thanks to the most recent technolog-
ical advancement in AI, scientists can now extract existing knowledge 

Fig. 1. (a). A block diagram illustrating the network’s training phase. (b) A block diagram depicting the generation, fine-tuning, and evaluation sessions.  

Fig. 2. The outcome of the hierarchical clustering process. By setting the cut- 
off distance to six, similar ligands were divided into four clusters. 

Fig. 3. The total number of fingerprints in each cluster.  
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and use it to investigate the virtually limitless chemical space and create 
new small molecules with the necessary biological and physicochemical 
properties to treat various diseases [18,19]. It is worth noting that 
artificial intelligence-based methods have recently been used to syn-
thesize novel molecules with antibacterial properties [20]. 

Despite these efforts, additional validation techniques such as mo-
lecular dynamics simulation, combined with AI and stochastic-based 
methods such as docking simulation, are required to increase the effi-
ciency of currently used pipelines. This study proposed a de novo 
pipeline to generate novel drug-like chemical compounds to accomplish 

this goal. This was accomplished by training and fine-tuning an LSTM 
network over several generations to generate ligands with increasing 
binding energy with each generation. Molecular docking was used to 
determine the binding affinities and molecular interactions of various 
ligands with the SARS-CoV2-Mpro. Furthermore, molecular dynamic 
simulations followed by MM-PBSA analysis were performed on the top- 
ranking representative structures identified through cluster analysis of 
docking simulations to validate the proposed candidates’ interaction 
and binding affinity. The resulting compounds can be submitted to 
biological evaluations as lead inhibitors for the treatment of SARS-CoV- 
2. 

2. Methods and computational details 

2.1. Data preparation 

The datasets used to train the deep neural network models were obtained 
from ChEMBL and ZINC. The SMILE format collected 2.1 million com-
pound structures from the ChEMBL dataset [21] and 1.9 million molecular 
structures from Moses [22], a subset of the ZINC dataset. Following that, 
the SMILEs with lengths ranging from 34 to 128 were extracted. After 
removing stereochemistry, salts, and molecules containing undesirable 
atoms or groups, a total of 2.5 million SMILEs was used to train the 
neural network. 

2.2. Training the network with deep learning algorithms 

The LSTM_Chem network was used to generate drugs, with its 
weights trained on ChEMBL. This method is used for de novo molecular 
design using generative recurrent neural networks (RNNs) referred to as 
long short-term memory (LSTM) cells. This computational model accu-
rately captures the syntax of molecular representations in terms of 
SMILEs strings and generates molecules similar to the training data. 
Later, to adapt the model to the proposed method, the model parameters 
were changed to allow for the generation of new chemicals using the 
data described in the previous section. Transfer learning is the process of 
adapting a trained model to a new dataset. 

A batch size of 512 SMILEs was specified in the network configura-
tion, thereby enabling the network to be used during the training ses-
sion. The network configuration was set to 30 iterations, but validation 
loss remained constant (<0.0005) from iteration 21 onwards, increasing 
rapidly in later iterations. As a result, the network was stopped during 
this iteration to avoid overfitting. 

Following the training phase, which took nearly five days on an 
Nvidia GeForce RTX 2080Ti, the weights obtained were saved in an hdf5 
file. The training phase is summarized in Fig. 1(a). 

2.3. De novo structure generation 

The modified LSTM_Chem network generated new molecular com-
pounds similar to those in this study dataset. A total of 10,000 new 
molecules were created during the first generation. The generated 
SMILEs were checked for uniqueness, validity, and originality using the 
RDKit library. 

‘Validity’ determines whether the deep learning system’s generated 
SMILEs are indeed valid SMILE candidates for a molecule. ‘Uniqueness’ 
determines the compound’s uniqueness within the dataset. In other 
words, the compound is not being a duplicate. ‘Originality’ determines 
whether the generated SMILEs are unique or do not appear in any 
datasets. Finally, SMILEs that satisfy all three criteria are retained as 
eligible molecules (Supplementary Table 2). 

Afterward, 30 SMILEs were randomly selected from the validated set, 
and their Tanimoto similarity to other validated SMILEs was calculated. 
The threshold was primarily set to 0.05. If there were similar insufficient 
compounds, the threshold was increased incrementally until 1000 
SMILE candidates were found. Additionally, a new list of HIV Inhibitor 

Table 1 
Docking results for the top four compounds and native ligand (N3), as well as 
Remdesivir, within the binding pocket of the SARS-CoV-2 main protease (PDB 
ID: 6LU7).  

No Compound Entry Name Docking 
score (KJ/ 
mol) 

Interacting 
residues 

1 Ligand A* 1-(3-(6-(2-chlorophenyl) 
pyridin-2-yl)-[1,1’:3′,1′′- 
terphenyl]-5′-yl)-3-(3′′′- 
fluoro-5’’-(trifluoromethyl)- 
[1,1’:3′,1’’:3′′,1′′′- 
quaterphenyl]-5′-yl)urea 

− 46.024 – 

2 Ligand B** (4-([1,1’:3′,1′′-terphenyl]-3- 
yl)piperidin-1-yl)(3-(4′- 
chloro-5′-fluoro-6′-phenyl-4- 
(trifluoromethyl)-[2,2′- 
bipyridin]-6-yl)-5-(pyridin-2- 
yl)phenyl)methanone 

− 50.208 SER 46/H- 
donor 

3 Ligand 
C*** 

(4-(3-(6-(2-chlorophenyl) 
pyridin-2-yl)phenyl) 
piperidin-1-yl)(6-(3′′-fluoro- 
5-(trifluoromethyl)- 
[1,1’:3′,1′′-terphenyl]-3-yl)- 
4-phenylpyridin-2-yl) 
methanone 

− 50.6264 MET 165/H- 
donor 
GLY 143/H- 
acceptor 
CYS 145/H- 
acceptor 
CYS 145/H- 
acceptor 

4 Ligand 
D**** 

(4-(3-(6-(2-chlorophenyl) 
pyridin-2-yl)phenyl) 
piperidin-1-yl)(6-(3′′-fluoro- 
5-(trifluoromethyl)- 
[1,1’:3′,1′′-terphenyl]-3-yl)- 
4-phenylpyridin-2-yl) 
methanone 

− 51.8816 MET 165/H- 
donor 
CYS 145/H- 
acceptor 
CYS 145/H- 
acceptor 
THR 26/pi- 
H 
ASN 142/pi- 
H 
GLU 166/pi- 
H 

Inhibitor from crystal structures 
5 N3 n-[(5-methylisoxazol-3-yl) 

carbonyl]alanyl-l-valyl-ñ1~- 
((1r,2z)-4-(benzyloxy)-4-oxo- 
1-{[(3r)-2-oxopyrrolidin-3- 
yl]methyl}but-2-enyl)-l- 
leucinamide 

− 31.7984 HIS 164/H- 
donor 
GLN 189/H- 
donor 
MET 165/H- 
donor 
ASN 142/H- 
donor 
THR 26/H- 
acceptor 
ASN 142/H- 
acceptor 

6 Remdesivir 2-ethylbutyl (2S)-2- 
[[[(2R,3S,4R,5R)-5-(4- 
aminopyrrolo[2,1-f][1,2,4] 
triazin-7-yl)-5-cyano-3,4- 
dihydroxyoxolan-2-yl] 
methoxy- 
phenoxyphosphoryl]amino] 
propanoate 

− 27.196 GLN 189/H- 
donor 
MET 49/H- 
donor 
GLN 189/pi- 
H 

* cluster1-compound 1. 
** cluster2-compound 1. 
*** cluster3-compound1. 
**** cluster4-compound1. 
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SMILEs was added to the existing list. Ultimately, the list was docked 
with the 6LU7 protein. 

2.4. Molecular docking 

The RCSB Protein Data Bank (PDB ID: 6LU7) was accessed to 

download the crystal structure of the SARS-CoV-2 main protease (SARS- 
CoV-2 Mpro) in complex with the inhibitor N3 [10]. 
AutoDockTools-1.5.6 was used to prepare the protein by removing water 
atoms and the native ligand from the active site, adding polar hydrogen 
atoms and charges, and converting the protein and ligand PDB files to a 
PDBQT format. A molecular docking study was performed using the 

Fig. 4. The 2D binding mode and molecular interaction of selected ligands in Mpro’s active site (PDB ID: 6LU7).  
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AutoDock Vina virtual screening program (version 1.1.2) to determine 
the protein’s interacting residues with specific ligands [23]. Re-docking 
6LU7 with its crystallographic inhibitor was performed to validate 
docking studies. 

The grid box’s center points and dimensions were set to target the 
active site of the main protease protein [24], with the center at X: 
− 11.493, Y: 10.857, Z: 62.522 (Å), and the grid box’s dimensions set to 
X: 30, Y: 30, and Z: 30 (Å). The binding affinities of the compounds were 
calculated and ranked according to their highest negative values, which 
corresponded to their best binding affinities [25]. Docking and 
re-docking results at each docking position were analyzed to confirm the 
interactions of compounds with the Mpro active site residues. 3D and 2D 
representations of protein-ligand complexes were visualized using 
Chimera and Discovery Studio Client 2017 software, respectively. 

2.5. Evaluation and tuning 

At this stage, a genetic algorithm was used to fine-tune the network. 
After docking, the SMILEs were sorted according to the Binding Affinity 
criterion. A total of 35 initial SMILEs were chosen and added to a new 
list. Following that, these 35 SMILEs were compared to the rest using the 
Tanimoto similarity criterion. Furthermore, the five SMILEs that possess 
the slightest resemblance to the new list were added. Moreover, the 
weight of each molecule was determined. A weight adjustment score 
was defined in order to prioritize the molecules with the smallest mass. 

Consequently, the weight-adjusted score for each SMILE was calcu-
lated to prioritize the molecules with lighter compounds. The obtained 
list was sorted by Weight Adjustment Score; the first five entries were 
selected and added to the new list. Inspired by the fundamental genetic 
algorithms for reinforcing random mutations, another five SMILEs were 

Fig. 5. (A) RMSD of the protein backbone in complex with four ligands. (B) 
RMSD of the protein backbone in complex with N3 and Remdesivir at 150 ns 
MD simulations. (C) RMSD of the four ligands. (D) RMSD of N3 and Remdesivir 
in complex with Mpro. 

Fig. 6. The RMSF values of the protein’s backbone throughout the simulations, 
where the ordinate is the RMSF (nm), and the abscissa is the residue number. 
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randomly selected and added to the list from the basic generation 
(generation 0). In total, 50 SMILEs were chosen based on these criteria. 

The 50 SMILEs were used to fine-tune the LSTM network. Over ten 
iterations, the network was trained using this list. After updating the 
weights, 10,000 brand-new SMILEs were generated for the subsequent 
generation, validity, uniqueness, and originality were calculated, and 
the docking and fine-tuning steps were repeated for a total of ten gen-
erations, as illustrated in Fig. 1(b). 

All ten generations were combined and sorted based on their binding 
affinity score in this step. Given the total number of generated ligands, 
20,866, only those with a binding affinity score of less than ten were 
selected. Following that, the list was expanded to include HIV inhibitors 
and Remdesivir. Then, all of the SMILEs and their associated properties 
were saved in a file, along with the ligands used to calculate binding 
affinity. AutoDock Vina was used for performing the binding operation. 
After calculating the output binding affinity scores, the average score 
and the score with the lowest value were chosen. The degree of 

similarity between all ligands and Remdesivir and HIV inhibitors was 
then determined. 

2.6. Hierarchical cluster analysis 

Due to the time required to simulate each ligand using the Gromacs 
software [26], the clustering operation is typically performed to 
examine the representative of each cluster. As a result, a fingerprint was 
extracted for each ligand in this phase, and then Tanimoto similarities 
between all the fingerprints were computed, resulting in a 4158*4158 
upper triangular matrix. The similarity between the two fingerprints was 
calculated as: 

TAB =
c

a + b − c
(1) 

TAB denotes the Tanimoto coefficient for two fingerprints A and B. a 
and b denote the bits set in each fingerprint, respectively. c represents 
the bits set that are common in both fingerprints. The average linkage 
method was then used to calculate the distance between the object pairs, 
where each pair included an object from each cluster. The distance of a 
pair was computed as: 

Dhk =
Shk

Nh + Nk
(2)  

Where Shk denotes the sum of all object pairs between two clusters, h, 
and k. Nh and Nk represent the total number of objects in each cluster. 
The clusters with minimum distance were merged during each step, 
forming a new cluster. The hierarchical clustering process was 
continued until all clusters were merged as one. According to Fig. 2, a 
dendrogram chart was created for the clustering process. A cut-off at a 
distance of six was used to bring the process to a halt on four clusters. 
The total number of fingerprints in each cluster is depicted in Fig. 3. The 
top-ranked potential compounds in each cluster were chosen for further 
analysis based on their sorted binding affinities. The optimal pose of 
protein-ligand complexes determined through docking simulations was 
used as the initial coordinates for MD simulations. 

2.7. Molecular dynamics simulation 

The molecular dynamics simulation of the best docking pose of four 
top-ranked compounds in complex with Mpro was accomplished using 
the GROMACS simulation package (version 5.1.2) running on a Linux 
GPU server. Amber99sb force field was utilized to generate force field 
parameters and define the atom types. Using an ACPYPE web server, the 
topology and coordinate files for the selected ligands and native ligands 
of the main protease (N3) and Remdesivir were created [27,28]. 

The protein complexes were solvated in the cubic box with TIP3P 
water molecules [29] and then neutralized by adding 0.15 mol/L 
Na/Cl-ions. The system was minimized using the steepest descent al-
gorithm. The systems were then equilibrated using NVT and NPT with 
100 ps steps, respectively, using a V-rescale Berendsen thermostat and a 
Parrinello-Rahman. The heating of the systems was gradually increased 
from 0 to 300 K, and the pressure of the systems was set to 1 atm for the 
NVT and NPT ensembles, respectively. 

Fig. 7. (A) The total number of H-bonds formed during the simulation of the 
selected ligand with Mpro residue. (B) The total number of H-bonds formed 
during the simulation of N3 and Remdesivir with Mpro residue. 

Table 2 
van der Waals, electrostatic, polar solvation, SASA, and binding energies of the selected ligands and native ligand (N3) into the binding pocket of Mpro (PDB ID: 6LU7).  

System Energy (KJ/mol) ± SD 

VdW Elec Polar solvation SASA Binding 

Ligand A − 277.826 ± 32.473 − 4.478 ± 4.322 125.767 ± 34.384 − 28.070 ± 2.439 − 184.607 ± 27.904 
Ligand B − 228.892 ± 20.955 − 11.573 ± 4.478 120.074 ± 43.335 − 23.942 ± 1.634 − 144.333 ± 43.092 
Ligand C − 220.831 ± 25.535 − 8.841 ± 4.901 124.249 ± 23.515 − 22.764 ± 1.900 − 128.187 ± 14.640 
Ligand D − 253.485 ± 13.226 5.447 ± 3.464 111.672 ± 12.354 − 24.114 ± 1.124 − 160.480 ± 14.472 
N3 − 139.761 ± 18.610 − 741.750 ± 100.39 172.546 ± 110.099 − 18.484 ± 2.598 − 727.450 ± 55.857 
Remdesivir − 241.243 ± 10.678 − 9.912 ± 4.345 104.723 ± 6.924 − 21.736 ± 1.173 − 168.168 ± 11.980  
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The SHAKE algorithm was used to constrain all systems’ covalently 
bonded hydrogen atoms during the process [30]. Periodic boundary 
simulations used the particle mesh Ewald (PME) method, and 
long-range interactions used PME. The final step of molecular dynamics 
simulation took 150 ns, with each step lasting 2fs in the periodic 
boundary conditions. Following that, trajectories were saved, and the 
data analyzed. The root mean square deviations (RMSD) and residue 
root mean square fluctuation (RMSF) of each snapshot were calculated 
to determine the equilibrium time and stability of the protein backbone 
atoms. Finally, the trajectories results were subjected to VMD to analyze 
the ligand’s binding mode during simulation [31]. The Pymol graphical 
software (version 2.3.2) was applied to generate the ligand-protein 
conformational analysis [32]. 

2.8. Binding free energy and per-residue decomposition calculations 

One way to validate the intermolecular strength of interactions is to 
calculate the binding free energies of protein-ligand complexes, which 
provide insight into the relative importance of various chemical energies 
contributing to overall stability. The Molecular Mechanics 

Poisson–Boltzmann Surface Area (MM-PBSA) method is a relatively 
simple technique for quantifying the binding free energies of ligands 
docked to a receptor [33]. The thermal mmgbsa.py python script was 
used to run MM-PBSA over a 150-ns period, and the average computed 
binding energy was reported along with the standard deviation. In order 
to estimate the non-polar energy contributions, the solvent-accessible 
surface area (SASA) was calculated. 

In general, the following equations can be used to calculate the 
binding free energy of a protein with a ligand in a solvent: 

ΔGbinding =Gcomplex − (Gprotein +Gligand) (3)  

Where Gprotein and Gligand denote total free energies of the isolated 
protein and ligand in the solvent and Gcomplex denotes the total free 
energy of the protein− ligand complex, respectively. Furthermore, the 
free energy for each entity can be expressed as: 

Gx =(EMM) − TS + (GSolvation) (4)  

Where x denotes the protein or ligand or protein− ligand complex. The 
average molecular mechanics’ potential energy in a vacuum is defined 
as 〈EMM〉. TS represents the entropic contribution to the free energy in a 

Fig. 8. Contribution of individual residues to the binding energy of each complex (ligands A, B, C, D, and N3).  
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vacuum, where T and S denote the temperature and entropy, respec-
tively. 〈Gsolvation〉 denotes the free energy of solvation [34,35]. 

2.8.1. Molecular mechanics potential energy 
EMM is the vacuum potential energy that includes both bonded and 

unbonded interactions. It is calculated as the following term using the 
molecular mechanics (MM) force-field parameters: 

EMM = Ebonded + Enonbonded = Ebonded + (EvdW +Eelec) (5)  

Where Ebonded denotes the bonded interactions comprising dihedral, 
angle, bond, and improper interactions. The nonbonded interactions 
(Enonbonded) consist of both electrostatic (Eelec) and van der Waals (EvdW) 
interactions and are modeled by a Coulomb and Lennard-Jones (LJ) 
potential function, respectively. Where ΔEbonded is always considered as 
zero [36]. 

2.9. Free energy of solvation and contribution of residues to the binding 
energy 

The free energy of solvation is the energy required to transfer a solute 
from a vacuum to a solvent. In the MM-PBSA approach, the free energy 
of solvation is calculated using an implicit solvent model via the 
following: 

G solvation = Gpolar + Gnonpolar (6)  

Where Gpolar and Gnonpolar denote the electrostatic and non-electrostatic 
contributions to the solvation free energy, respectively. The electrostatic 
term, Gpolar, is calculated by solving the Poisson− Boltzmann (PB) 
equation [37]. 

Additionally, the energetic contribution of the amino acids involved 
in inhibitor binding was calculated using per-residue decomposition 

analysis. The binding free energy decomposition and overall binding 
energy of the protein-ligand complex were calculated using the 
g_mmpbsa tool [34]. For MM-PBSA calculations and individual amino 
acid contributions, the Python scripts “MmPbSaStat.py” and 
“MmPbSaDecomp.py” were used. 

2.9.1. The radius of gyration (Rg) 
The radius of gyration was investigated as a function of the protein 

structure’s compression and the protein’s changes over the simulation 
time [38]. 

The Rg is calculated using the following formula: 

R2
g =

1
2N2

∑

i,j
(ri − rj)

2 (7)  

Where N denotes the number of protein atoms, ri and rj denote the co-
ordinates of an atom i and the center of mass, respectively. 

Moreover, the energetic contribution of the amino acids involved in 
inhibitor binding was determined using per-residue decomposition 
analysis. Binding free energy decomposition was performed using the 
g_mmpbsa tool. This tool decomposed the total binding energy of the 
protein-ligand complex. The Python scripts “MmPbSaStat.py” and 
“MmPbSaDecomp.py” were used to calculate the MM-PBSA and the 
contribution of individual amino acids [34]. 

2.10. Principal component analysis (PCA) on MD simulation data 

The “gmx covar” was used to generate the eigenvalues and eigen-
vectors by computing and diagonalizing the covariance matrix. Then, 
the corresponding eigenvectors were analyzed using GROMACS’ “gmx 
anaeig” tool [39]. The protein fluctuations’ covariance matrix was 
diagonalized to obtain the eigenvalues. The cosine content of the first 
three principal components was determined to calculate the statistical 

Fig. 9. Comparing the initial (a) and final (b) structures obtained from MD simulations.  
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significance of the trajectories’ convergence. When the first principal 
component is similar to a cosine with a half-period, it has been 
demonstrated that the sampling is far from converging [40]. In this re-
gard, the probability of conformational sampling convergence increases 
as the cosine similarity decreases. 

3. Discussion 

3.1. Deep learning approaches in drug design 

Due to the severity and impact of the COVID-19 pandemic, various 
approaches based on artificial intelligence (AI) and deep neural net-
works (DNN) have been developed to combat the disease [11–16]. 
However, no definitive cure for the disease has been discovered to date. 
As a result, the current study focused on the de novo design of novel 
antiviral agents for SARS-CoV-2. Deep learning methods such as 
ConvLSTM and CNN were used to predict binding affinities, and 
Drug-Target Interaction (DTI) values between existing compounds and 
the SARS-CoV-2 Mpro protein [41,42]. The KIBA dataset, which con-
tains 52,498 chemical entities, was used as a repository for these studies. 

Since deep learning methods require a large amount of data for 
practical training and updating model weights, these studies lack suffi-
cient data. Through ChEMBL, a reinforcement learning method was 
proposed to generate potential inhibitors of the SARS-CoV-2 3CL pro-
tease [43]. Another study used an LSTM network to generate inhibitors 
of SARS-CoV-2 Mpro and a classifier to predict bioactivity [44]. Virtual 
screening was used exclusively in these reports to evaluate the predicted 
compounds in the protein’s binding site. 

Deep learning techniques are excellent at detecting and learning 
similarities, and deep models can also learn to generate similarities to 

what they have learned. Because this study aimed to identify a series of 
compounds capable of treating COVID-19, a deep neural network was 
trained using a large dataset of chemical compounds. The fully trained 
network was used to generate new compounds similar to those found in 
the dataset. Valid, drug-like compounds were chosen for each 
generation. 

LSTMs are typically used to predict sequences. LSTM_Chem derives 
its knowledge from relatively large databases containing molecular 
structures in the form of SMILE and generates a series of similar samples 
with a high degree of variation. A total of 10000 of these compounds are 
generated, with 1000 being chemically valid and unique, even though 
SMILE is a sequence and the machine is unaware of any chemical rules. 
A concerted effort has been made to repurpose this tool for use in the 
treatment of COVID-19. To this end, following validation, each SMILE 
was docked with the SARS-CoV-2 main protease to identify those with 
the highest binding energy, which were then used to improve the 
network by fine-tuning it after each generation. 

A recent study chose the binding affinity score between the novel 
generated ligands and the SARS-CoV-2 3CL protease as the primary 
measurement criterion. Additionally, a previous study on novel gener-
ated ligands achieved a maximum binding affinity score of − 38.07 kJ/ 
mol, whereas selected ligands’ maximum binding affinity score was 
− 54 kJ/mol (the complete table is available in supplementary table l). 

3.2. In-silico studies 

Computer-aided drug design (CADD) has emerged as a valuable 
approach in modern drug discovery due to its ability to reduce the cost 
and labor associated with the process significantly. Therefore, due to the 
reliability of their predictions, molecular docking, molecular dynamics, 
QSAR, and ADMET tools have become critical components of the CADD 
[45]. Molecular docking predicts the predominant binding modes be-
tween a ligand and a protein by hypothesizing how ligands interact in a 
protein’s active site and thus rank candidate ligands [46]. The Mpro of 
SARS-CoV-2 was docked against selected generated hit compounds in 
this study. Four candidates were selected from among them based on 
their high binding affinity and clustering analysis. 

3.3. Molecular docking simulation 

The molecular docking simulation has been widely used to predict 
bioactive compounds and repurpose drugs against various disease- and 
infection-specific drug targetable proteins [46]. This study used this 
method to predict the potential inhibitory effect of selected generated 
bioactive compounds on SARS-CoV-2 infection via Mpro inhibition. The 
compounds’ binding affinities were calculated and ranked according to 
their higher negative values. All compounds were classified into four 
clusters following cluster analysis, and the top candidate in each cluster 
was chosen for further analysis. When compared to the N3 inhibitor and 
Remdesivir drug as references, the four top compounds demonstrated 
significant docking conformations with binding affinity energies >
-31.8 kJ/mol in the active pocket of Mpro. Table 1 summarizes the 
comparative docking results, including the binding energy and inter-
molecular interaction profile in the active site of Mpro between the 
selected compounds and the native ligand N3. Fig. 4 depicts the occu-
pancy of compounds in the active site of 6LU7. 

Investigating the docking results revealed that four of the top 
selected molecules could be used as potential Mpro inhibitors. These 
molecules had a higher affinity for binding to the active site of Mpro 
than the native ligand (N3). Notably, certain compounds docked with 
SARS-CoV-2 Mpro exhibited one or more types of interaction with the 
catalytic site, including H-bond acceptor, H-bond donor, and pi-H 
interaction; thus, they can be proposed as inhibitors of the main prote-
ase. Shafi Mahmud et al. (2020) investigated plant-derived compounds 
as potential inhibitors of the SARS-CoV-2 main protease using virtual 
screening and molecular dynamics simulations [47]. In comparison to 

Fig. 10. (A) The radius of the protein complex’s gyration (Rg) profile in the 
presence of the selected ligands after 150000 ps MD simulations. (B) Radius of 
gyration (Rg) profile of the protein complex in the presence of N3 and 
Remdsivir after 150000 ps MD simulations. The plots display time (ps) on the x- 
axis and the gyration radius (nm) on the y-axis. 
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the study results, the docking analysis of this study revealed higher 
bonding energy. 

3.4. Molecular dynamics simulation and analysis of MD trajectories 

Molecular dynamics simulations can be used to investigate the 
docked complexes and crystal protease complexes with the inhibitors N3 
and Remdesivir as additional positive references to determine their 
stability and intermolecular interaction profiles over time [48]. 

RMSD, RMSF, the number of hydrogen bonds, the radius of gyration 
(Rg), and contribution energy of the residue are obtained from MD 
simulations using the GROMACS routines. The graphs generated by all 
of these analyses are frequently used to predict the affinity of selected 
compounds for the active site of the Mpro protein. 

The present study used molecular dynamics (MD) simulation to 
predict the intermolecular interactions between the atoms of four 
selected compounds located within the Mpro active site residues. The 
root mean square deviation (RMSD) between the backbone of protein 

atoms and the primary confirmation was calculated for each complex to 
determine the system’s stability and quantify the degree of conforma-
tional change in the docked complexes’ ligands and protein. The plot of 
the RMSD for all simulation systems is shown in Fig. 5. The RMSD of all 
systems was between 0.13 and 0.3 nm. As illustrated in Fig. 5 (A), after 
nearly 60ns from the start of the simulation, the RMSD of all the systems 
reached a plateau with minimal fluctuation, indicating that the selected 
compounds were stabilized and fit into the protein’s active site. The 
RMSD of Mpro complexes docked with ligands is significantly more 
stable than the native co-crystal ligand Inhibitor N3 and Remdesivir. 

Fig. 5 (A) illustrates that the ligand D complex has the lowest RMSD 
of all the complexes. The fluctuation of ligand D was observed between 
30 and 40ns and remained stable at 0.15 nm until the simulation time 
expired. On a 150ns time scale, ligand B exhibited fluctuations at two 
distinct intervals. The first stable conformation lasted between 6 and 
40ns, while the second lasted between 70 and 150ns. This value even-
tually decreases, indicating that ligand B may alter the conformation of 
Mpro in the binding region. The RMSD of ligand A varied between 0.12 

Fig. 11. (A) The projected trajectory of Remdesivir (positive reference) (left panel). (B) The projected trajectory of ligand 8 (right panel) for the last 60 ns 
subtrajectory. 

A.H. Arshia et al.                                                                                                                                                                                                                               



Computers in Biology and Medicine 139 (2021) 104967

11

and 0.23 nm throughout the simulation and remained constant at 0.23 
nm, but there was a limited fluctuation between 100 and 120ns (RMSD 
>0.25 nm). 

During simulation analysis, similar ligand A and ligand C confor-
mations exhibited different behavior with protein binding regions. This 
observation was confirmed by the RMSF plot of their local changes in 
residue levels. According to Fig. 5 (B), the Remdesivir-protein complex’s 
RMSD reached ∼ 0.3 nm from 0 to 13 ns; however, this value signifi-
cantly increased after 150ns, reaching 0.29 nm. When the RMSD of the 
N3 complex was determined, a steady increase in the RMSD after 50ns 
was observed (average RMSD >0.18 nm). 

The RMSD of each ligand snapshot relative to the initial structure 
was calculated to monitor ligand stability in all studied systems 
throughout the simulation. As illustrated in Fig. 5 (C), the average RMSD 
of four randomly chosen ligands (A, B, C, and D) in complex with Mpro 
was 0.19, 0.21, 0.33, and 0.26 nm during simulation times, respectively, 
with deviations from average structures ranging from 0.15 to 0.35 nm. 
The RMSD of the selected ligands in all systems approached a plateau, 
indicating that the ligands were relatively stable in the protein’s active 
site. As illustrated in Fig. 5 (C), ligand C had the highest RMSD of all 
complexes, indicating that ligand C was less stable in complex with 
Mpro. This measure of reference flexibility was analyzed using RMSD 
and is depicted in Fig. 5 (D). The RMSD of N3 and Remdesivir tend to 
converge after 30 and 60ns, respectively, indicating that the ligands 
were stable and exhibited slight fluctuation. N3 and Remdesivir had an 
average RMSD of 0.40 and 0.27 nm, respectively. The results indicated 
that Remdesivir possessed a high degree of stability in the active packet. 

The RMSF of Mpro’s backbone residue was calculated to account for 
amino acid residue fluctuation. Each residue’s flexibility was examined 
to understand better the extent to which ligand binding affects protein 
flexibility during the equilibrium simulation time. The lowest RMSF 
values for amino acid residues indicated the receptor’s stability, rigidity, 
and compactness. The RMSF values for several selected complexes have 
been calculated and are depicted in Fig. 6 (A). The results indicated that 
the protein backbone with selected ligands did not affect the behavior of 
protein structures during the equilibrium simulation time. The RMSF 
plot established that no changes in the structure of Mpro occurred due to 
the binding of the selected compounds. No amino acid residue had an 
RMSF value greater than 0.2 nm, based on the insignificant changes 
observed for involved residues in the active site. The average RMSF 
values for Mpro amino acid residues were 0.065, 0.076, 0.093, 0.111, 
0.104, and 0.098 nm for selected ligand A, ligand B, ligand C, ligand D, 
native ligand Inhibitor N3, and Remdesivir, respectively. The results 

indicated that selected ligands had lower RMSF values than the native 
ligands Inhibitor N3 and Remdesivir. As illustrated in Fig. 6 (A), the 
binding of ligand A results in the protein being the most flexible in all 
directions compared to the protein and the other complexes. Fig. 6 (B) 
indicates that the primary protease formed stable complexes with 
reference compounds [47]. 

Hydrogen bonding is critical for determining the binding strength of 
ligands to proteins. The number of hydrogen bonds formed between the 
backbone of the protein and the ligands was calculated throughout the 
simulation time because they contribute to conformational stability. 
According to Fig. 7 (A & B), the average number of hydrogen bonds 
formed by ligands A, B, C, D, N3, and Remdesivir was 1.13, 0.71, 0.1, 
0.09, 2.28, and 1.05, respectively. Fig. 7 (A) illustrates that in equilib-
rium simulation time, ligands A and B had a range of hydrogen bonds 
between 0 and 3, whereas ligands C and D exhibited changes in bonding 
within the active site of Mpro. As illustrated in Fig. 7 (B), the native co- 
crystal ligand N3 exhibited a range of hydrogen bonds ranging from 0 to 
6 throughout the simulation time. The Remdesivir complex had fewer 
hydrogen bonds than N3, which follows a pattern almost identical to the 
ligand A complex. The docking and MD simulation analyses revealed 
that ligand A had the highest affinity for Mpro compared to the other 
selected ligand. As a result, all selected ligands formed fewer hydrogen 
bonds in the active site of Mpro than the native ligand. 

The binding free energy between selected ligands in the active site 
and the main protease was calculated using MM-PBSA. Table 2 sum-
marizes the results of the MM-PBSA analysis for nonbonded interaction 
energies (van der Wall, electrostatic, polar solvation, and SASA) be-
tween selected ligands, N3 and Mpro, over a 150ns simulation time. 
More negative binding free energy values indicated a stronger interac-
tion and increased affinity between receptor and ligands. The estimated 
binding free energy of docked ligands within Mpro was negative after a 
150ns MD simulation, indicating that the ligands had a high affinity for 
and binding to the active site or receptor. Furthermore, decomposition 
of the binding energies revealed a more significant role for the vdW 
energy in the inhibitory effect of the selected ligands [49]. 

Additionally, an analysis of the vdW interaction energy between li-
gands and receptors revealed a more negative pattern for ligand A than 
for the other ligands, indicating that ligand A has a higher binding af-
finity in the active site of Mpro. These results indicated that the N3 
bound to the Mpro active site more efficiently than four selected ligands. 
According to the native ligand’s (N3) negative binding energies, the 
complex in the active site was more advantageous than the four selected 
ligands. Moreover, decomposition of the binding energies revealed a 

Fig. 12. minimum and average binding affinity scores for the ten generations.  
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greater contribution of the Elec energy to the inhibitory effect of N3. In 
comparison, the inhibitory effect of selected ligands depended on the 
Vdw energy required for binding to the active site residues of Mpro. 

In addition, the total binding free energies between the four selected 
ligands and n3 and protein were decomposed into each residue to 
identify the key residues involved in the binding process, and the cor-
responding results are shown in Fig. 8. Fig. 8 (ligands A, B, C, and D) 
shows that the significant beneficial energy contributions from residues 
SER1, LYS5, GLU14, THR26, LEU27, ARG40, MET49, CYS145, LEU141, 
MET165, PRO168, THR169, GLN189, THR190, GLN192, GLU290, 
CYS85, LYS100, GLY79, LEU30, and SER139 were prevalent in the 
systems studied with selected ligands. These amino acids interacted 
consistently with most of the four ligands chosen, and the findings 
corroborate the docking results. This demonstrates that the ligands 
make multiple contacts with critical residues in Mpro’s active packet. 
Once the contributions of four selected ligands in the active packet are 
compared to the N3 system’s residue contributions, some residues 
located and interacted in the active site of Mpro make very similar 
contributions. As illustrated in Fig. 8, the N3 study system contained 
significant favorable energy contributions from residues SER1, LYS5, 
LYS12, GLU14, ASP34, ARG40, ASP48, MET49, ARG76, LYS 90, ASP 92, 
LYS100, ARG131, GLY138, SER139, GLU166, GLU178, ASP187, 
GLN189, ASP197, ARG217, ASP229, VAL247, GLU240, 269LYS, 
GLU270, GLU288, and ARG298. Negatively correlated amino acids 
played a critical role in the interaction with ligands, and the common 
amino acids formed by decomposition residues were key residues in the 
active site. The residues that interact with specific ligands contribute a 
negligible amount, whereas the internal ligand (N3) contributes signif-
icantly more (N3). The fact that most residues in the active site 
contribute significantly to the overall binding energy indicates that they 
interact with N3 more favorably. The superimposed before and after 
structures of all simulated compounds from the MD simulations are 
shown in Fig. 9. 

3.4.1. Radius of gyration 
The radius of gyration (Rg) in each simulation system was calculated 

to determine the structure’s compactness. The lower degree of fluctua-
tion and its consistency throughout the simulation indicates that the 
system is more compact and rigid. Thus, a stably folded protein is likely 
to maintain a relatively constant radius of gyration [50]. 

The radius of gyration for each system is plotted against simulation 
time in Fig. 10 to investigate the protein compactness. According to the 
relative curve, the N3 and Remdesivir complexes have the lowest Rg 
values, 2.222 and 2.224 nm, respectively, while ligand A, B, C, and D 
have Rg values of 2.235, 2.236, 2.242, and 2.231 nm, respectively. 
There was no significant difference between the Rg values obtained from 
the ligands-Mpro complex and those obtained from the references. The 
Rg of Mpro was found to be nearly stable in terms of fluctuation con-
sistency across all simulations. This Rg value for the simulated systems 
indicated that the selected ligands were properly stabilized, formed 
compact structures, and bound to the SARS-CoV-2 protein in the same 
way that reference compounds do. 

3.4.2. Principal component analysis (PCA) of molecular dynamics 
The last 60ns of simulation, where the tilt of the RMSD plot reached a 

stable value for the ligand 8 and Remdesivir were selected, and the 
cosine content of the first three principal components was computed for 
this sub-trajectory to assess the sufficiency of conformational sampling. 
Fig. 11 illustrates the values of the first three principal components for 
this time window, demonstrating sufficient conformational sampling. 

4. Limitations and challenges 

The study’s limitations were the computational complexity and time 
constraints associated with calculating binding energy and performing 
simulations. Each generation stage of new compounds took 

approximately two to three days, and the tenth generation took 
approximately one month. Fig. 12 displays the minimum and average 
binding affinity of each generation’s compounds. Given that these two 
values are decreasing, it is clear that improved compounds could be 
obtained by producing new generations. Simulating the combination of 
each of these ligands with the main proteases of SARS-CoV-2 is also 
time-consuming. Clustering operations were used to reduce this limita-
tion to a manageable level, yielding 4158 ligands. However, only four 
ligands with the lowest binding affinity in each cluster were selected for 
the molecular dynamics simulation stage. 

5. Conclusion 

The current study introduced a novel pipeline for predicting drug- 
like compounds as COVID-19 inhibitors via a generative LSTM 
network. The network was fine-tuned for ten generations using a genetic 
algorithm, and computational screening techniques such as molecular 
docking and molecular dynamics simulation were used to identify the 
most potent inhibitory compounds against the SARS-CoV-2 main pro-
tease in comparison to the native ligand of Mpro, N3. The molecular 
docking simulation was used to predict the binding affinity of each 
cluster’s representative compound at the active site of Mpro. The four 
top-ranked compounds, ligands A, B, C, and D, exhibited the highest 
affinity and strongest interactions with critical residues in the active site 
of the main N3 inhibitor, achieving a docking score of > − 31.8 kJ/mol. 
MD simulations confirmed that four selected ligands were stable in the 
protein’s active site and formed a significant number of hydrogen bond 
interactions with the main protease. In conclusion, based on docking 
binding affinity and molecular dynamics simulation trajectory analysis, 
the four selected ligands may be used as potential SARS-CoV-2 Mpro 
inhibitors to challenge the SARS-CoV-2 infection. 

This study discovered several compounds that may be used to treat 
covid-19. While these are in-silico results, they must undergo in-vitro, 
in-vivo, and clinical trial phases to demonstrate their effectiveness in 
the real world. 
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