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Abstract: The Chymotrypsin-like protease (3CLpro) is a drug target in the coronavirus because of its 

role in processing the polyproteins that are translated from the viral RNA. This study applied 3D 

quantitative structure-activity relationship (3D-QSAR), molecular docking, and ADMET prediction on 

a series of SARS-CoV 3CLpro inhibitors. The 3D-QSAR study was applied using Comparative 

Molecular Field Analysis (CoMFA) and Comparative Molecular Similarity Indices Analysis (CoMSIA) 

methods, which gave the cross-validation coefficient (Q2) values of 0.64 and 0.80, the determination 

coefficient (R2) values of 0.998 and 0.993 and the standard error of the estimate (SEE) values of 0.046 

and 0.091, respectively. The acceptable values of the determination coefficient (R2 test) to CoMFA and 

CoMSIA respectively corresponding to values of 0.725 and 0.690 utilizing a test set of seven molecules 

prove the high predictive ability of this model. Molecular docking analysis was utilized to validate 3D-

QSAR methods and explain the binding site interactions and affinity between the most active ligands 

and the SARS-CoV 3CLpro receptor. Based on these results, a novel series of compounds were 

predicted, and their pharmacokinetic properties were verified using drug-likeness and ADMET 

prediction. Finally, the best-docked candidate molecules were subjected to molecular dynamics (MD) 

simulation to affirm their dynamic behavior and stability. 
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1. Introduction 

Severe acute respiratory syndrome (SARS) is a disease caused by the coronavirus 

(SARS-CoV), which highly infects the respiratory tract [1]. The SRAS-CoV disease starts with 

a Flu-like illness that evolves into respiratory failure followed by pneumonia, and in severe 

cases, by death. Therefore, the mortality rate of SARS is relatively higher compared to that of 

the common infections of the respiratory tracts and influenza [2]. 

The propagation of the SARS-CoV is said to originate from an animal's virus, most 

likely of bats, which then spread to other animals. The first SRAS-CoV infection in humankind 

was recorded in Sothern, China, in Guangdong in 2002 [3]. Starting from March 2003, the viral 

infection rapidly spread to other countries, causing 8000 infections and 800 deaths [4]. In 2004, 
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no respiratory infection was documented in any part of the world [5,6]. Ever since then, a few 

cases of viral infection emerged from transmission from animals to humankind or because of 

laboratory accidents. Recent research shows that CoV-SARS can also be transmitted from one 

person to another [7,8]. 

Following the clinical diagnosis of diverse patients who were infected by the viral 

infection SARS-CoV, common symptoms were recorded, including fever, diarrhea, shivering, 

myalgia, and malaise. None of these symptoms directly linked with the SARS diagnosis, even 

if the fever was the most commonly reported amongst patients, particularly those with chronic 

diseases and the elderly [9]. In most cases, the chronology of the viral infection's symptoms is 

manifested as diarrhea, shortness of breath, and cough. In extreme cases, the infection can 

evolve into respiratory distress requiring intensive care [10,11]. SARS is caused by a new 

human coronavirus (SARS-CoV), which encodes many viral proteases that proteolyze 

polyproteins to produce functional proteins. The major protease (Mpro), also known as the 

dimeric chymotrypsin-like protease (3CLpro), is one such highly conserved cysteine protease 

[12]. 

In this work, we focused on a series of SARS-CoV 3CLpro inhibitors to perform a 

theoretical study by using 3D-QSAR [13], molecular Docking [14,15], absorption, distribution, 

metabolism, excretion, and toxicity (ADMET) prediction [16,17], and molecular dynamics 

(MD) simulation. The 3D-QSAR methods, including comparative molecular similarity indices 

analysis (CoMSIA) and comparative molecular field analysis (CoMFA), were used to 

understand the impact of hydrophobic, electrostatic, steric, hydrogen bonds donor, and 

hydrogen bond acceptor fields on the inhibitory activity [18,19]. Molecular docking analysis 

was also applied to validate 3D-QSAR models and to study the orientations along with the 

probable binding conformations of the composites interacting with the SARS-CoV 3CLpro 

receptor. Based on the results of 3D-QSAR and docking analysis, a series of compounds were 

predicted. Then, the pharmacokinetic properties of predicted compounds were analyzed by 

drug-likeness and ADMET prediction. The best-docked compounds were subjected to MD 

simulation to affirm the final candidate molecules' conformational space and binding stability 

[20].  

2. Materials and Methods 

2.1. Data set analysis.  

Concerning the generation of 3D-QSAR models, the values of the biological activity 

(values IC50 (µM)) were used, and a set of data about the inhibitors 3CLpro of SARS-CoV 

was synthesized by Konno et al. [21]. The values IC50 were converted to pIC50 values [22] 

and were then utilized as the dependent variable of this experimental work. 

 

Table 1. Data set compounds and activity. 

                         

 (1-21) (22-23) 
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No R1 R2 
IC50 

(µM) 
pIC50 No R1 R2 

IC50 

(µM) 
pIC50 

1 

  

36 4.444 13T 

  

0.75 6.125 

2 

  
85 4.071 14 

  

1.2 5.921 

3 
  

250 3.602 15 

  

0.65 6.187 

4 

 
 

280 3.553 16T 

  

1.7 5.770 

5 

  

13 4.886 17 

  

3.4 5.469 

6T 

  
24 4.620 18 

  

2.9 5.538 

7 

  
6.8 5.168 19 

  

1.5 5.824 

8 

  

2 5.699 20 

  

7.5 5.125 

9 

  

1.7 5.769 21 

  

9.5 5.023 

10 

  

2.3 5.638 22 

  

260 3.585 

11 

  

0.92 6.036 23T 

  

210 3.678 

12 

  

1.9 5.721 

     

T Represents the test set compounds.  

2.2. The study of 3D‑QSAR model. 

2.2.1. Alignment and optimization of the molecular database. 

With the help of the program package SYBYL-X 2.1, the design, molecular 

optimization, and alignment were implemented for the 3D‑QSAR study [23]. This program 

utilizes the geometrical optimization of the Tripos Force Field [24], which is based on the 

following criteria: 

-  0.001 kcal/mol Å convergence criterion. 

- 10000 iterations as a maximum number. 

- The model Gasteiger-Hücke is utilized to calculate the atomic charges [25]. 

2.2.2. CoMFA and CoMSIA procedures. 

The method of CoMFA [26,27] lies within the alignment of the different compounds in 

a grid lattice of 2.0 Å spacing. Concerning the probation of the electrostatic (Coulombic) and 
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the steric (Lennard-Jones) field energies, an sp3 carbon atom was utilized with a +1 charge. 

The values of the interactions' cutoff energies must follow the order of 30 kcal/mol. Column 

filtering based on the calculation of the molecular-field energies with a variation less than 2.0 

kcal/mol was applied to diminish the computation time without impacting the CoMFA models' 

quality [16]. 

The CoMSIA method [28] is a prolongation of the CoMFA method. In the study of 

CoMSIA, hydrophobic, electrostatic, steric, hydrogen bond acceptor, and donor fields were 

calculated on-grid lattice of a 2.0 Å. The values of the interactions' cutoff energies must follow 

the order of 30 kcal/mol [28], and the attenuation factor was put to the value of 0.3. Column 

filtering is based on calculating the molecular-field energies with a variation of less than 2.0 

kcal/mol.    

The CoMFA and CoMSIA method rely on the robustness of the partial-least-squares 

(PLS) [29] analysis which was treated by the cross-validation method through the use of the 

procedure leave-one-out (LOO) [30]. For the 3D-QSAR to be statistically predictable and 

credible, the values of the regression coefficient Q2 of the cross-validation and the values of 

the regression coefficient R2 need to be greater than 0.5 and 0.6, respectively. For the model of 

CoMFA and CoMSIA to be absolutely reliable, it is mandatory that the Fisher coefficient and 

the standard error of estimation (SEE) of R2 be calculated using PLS with a non-cross 

validation method. The prediction ability of the chosen model was verified by using the 

external validation (test set) [31,32]. 

2.3. Docking study.  

Molecular docking permits to detection and visualization of the potential interactions 

between the ligands and the receptor (SARS-CoV 3CLpro). Concerning the necessary steps to 

realize the docking analyses, the adequate protein SARS-CoV 3CLpro starting from the Data 

Bank Protein (PDB code: 1WOF) [33] was being downloaded, the water molecules, as well as 

the original ligand, were eliminated, and the active site of the protein was detected using the 

AutoDock tools [34] by defining the cubic grid box 44 Å x 46 Å x 58 Å and 40 Å x 54 Å x 40 

Å at 0.375 Å 

 Finally, the most active molecules and the most potent inhibitors were docked by using 

AutoDock 4.2 [35] in the active zone of the protein 1WOF, and the results are visualized 

utilizing PyMol [36] et Discovery Studio 2017 software's [37]. 

2.4. Molecular dynamics simulation. 

After performing the molecular docking study, the best-scored complexes of SARS-

COV (PDB code: 1WOF) were then subjected to molecular dynamics simulations. All the 

calculations were performed using the GROMACS version (2020.1-1) [38]. The topology file 

of each compound was created by the CHARMM General Force Field (CGenFF) server [39], 

while the protein topology was created by 'pdb2gmx' script. The simulations were run using 

the CHARMM36 all-atom (March 2019) force field [40] in a triclinic box with a distance of 

1.0 nm and a TIP3P water model solvated system [41]. The neutralization of the system was 

performed by adding sodium and chloride (Na+/Cl-) ions. The energy minimization of the 

system was subjected to 50,000 steps using the steepest descent algorithm. Then, the 

production of MD simulation was run for 20 ns for each simulation at a temperature of 300 k, 

a pressure of 1 bar, and a time step of 2 fs.  
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3. Results and Discussion 

3.1. 3D-QSAR analysis. 

3.1.1. Molecular alignment.  

Thanks to the compilation of the various compounds of the training and test sets in the 

module of distilling off the Sybyl software, it was possible to visualize the common structure 

(Core).  

 

Figure 1. Molecular alignment of all molecules in the data set: (a) ligand-based alignment model of all the 

compounds. (b) Molecular core. 

3.1.2. CoMFA and CoMSIA analysis.  

The compilation of the CoMSIA and CoMFA system database resulted in itemized 

detailed statistical results to better understand the influence of electrostatic, steric, 

hydrophobic, hydrogen bond acceptor, and hydrogen bond donor fiends on the inhibitory 

activity of SARS-CoV 3CLpro in Table 2. 

Table 2. Analytical results of CoMSIA and CoMFA models using PLS statistics. 

3D-QSAR Q2
cv r2

ncv SEE N F Pred_r2 
Relative % contributions 

S E H D A 

CoMFA 0.64 0.998 0.046 5 1462.69 0.725 64.4 35.6 - - - 

CoMSIA 0. 80 0. 993 0.091 5 371.624 0.690 26.7 - 73.3 - - 

Q2: Cross-validated determination coefficient; F = Fischer value; N: Optimum number of components obtained 

from cross-validated PLS analysis and same used in the final non-cross-validated analysis; R2: Non-cross-

validated determination coefficient; R2 test: External validation determination coefficient; SEE: Standard error 

of the estimate. 

The results of the CoMFA model revealed the determination coefficient (R2) value of 

0.998, the cross-validated determination coefficient (Q2) value 0.64, and the test set 

determination coefficient (R2
test) value of 0.75. The observed values of pIC50 and their residues 

which the CoMFA model predicted are listed in Table 3. Figure 2 shows the correlation 

between the predicted and observed values of pIC50 obtained by the CoMFA model. 

In the model CoMSIA, the ideal number of the principal components utilized to 

generate this model is 5. The principal factors of activity control are the hydrophobic and the 

steric fields. The generated model showed a non-cross-validated correlational coefficient 

(R2
ncv) and a cross-validated determination coefficient (Q2

cv) values of 0.993 and 0.80, 

respectively. 

(a) (b) 
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Figure 2.  Correlations between experimental observed (pIC50) and predicted (PIC50) ones for the molecules of 

the test set (red color) and the training set (blue color) using the CoMFA model. 

The value of the R2
test is 0.691, indicating a good predictive ability of the generated 

model. The analysis of these statistical parameters indicates good stability of the model 

CoMFA and a credible prediction capability. The observed and predicted values of pIC50 and 

their corresponding residues are listed in Table 3. Figure 3 shows the correlations between the 

observed and predicted values of pIC50 obtained by the CoMSIA model.  

 
Figure 3. Correlations between experimental activities (pIC50) and predicted (pIC50) ones for the molecules of 

the test set (red color) and the training set (blue color) using the CoMSIA model. 

Table 3. The values of the predicted and observed activities and the residual values obtained by 3D QSAR 

(CoMFA and CoMSIA). 

No pIC50 pIC50_ CoMFA Residual pIC50_ CoMSIA Residual 

1 4.4437 4.404 0.0397 4.456 -0.0123 

2 4.0706 4.06 0.0106 4.097 -0.0264 

3 3.6021 3.582 0.0201 3.586 0.0161 

4 3.5528 3.56 -0.0072 3.53 0.0228 

5 4.8861 4.888 -0.0019 4.896 -0.0099 

6 T 4.6198 4.65 -0.0302 4.609 0.0108 

7 5.1675 5.157 0.0105 5.181 -0.0135 
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No pIC50 pIC50_ CoMFA Residual pIC50_ CoMSIA Residual 

8 5.699 5.724 -0.025 5.732 -0.033 

9 5.7696 5.768 0.0016 5.753 0.0166 

10 5.6382 5.745 -1.3013 5.87 -0.2317 

11 6.0362 6.02 -1.5763 5.936 0.1002 

12 5.7212 5.719 -1.2753 5.715 0.0062 

13 T 6.124 6.102 -1.6583 6.089 0.0359 

14 5.9208 5.895 -1.4513 5.848 0.0728 

15 6.1870 6.193 -1.7493 6.069 0.1181 

16 T 5.7695 5.764 -1.3203 5.764 0.0056 

17 5.4685 5.464 0.0045 5.548 -0.0795 

18 5.5376 5.512 0.0256 5.56 -0.0224 

19 5.8239 5.787 0.0369 5.832 -0.0081 

20 5.1249 5.135 -0.0101 5.124 0.0009 

21 5.0223 5.037 -0.0147 5.005 0.0173 

22 3.585 3.603 -0.018 3.566 0.019 

23 T 3.6778 3.682 -0.0042 3.683 -0.0052 
T Represents the test set compounds.  

As a result, the steric (64.4% in the CoMFA model and 26.7% in CoMSIA model) and 

hydrophobic (73.3% in CoMSIA model) fields play an important role in controlling the 

activity. Also, the comparative results of CoMFA and CoMSIA models indicate that the results 

obtained by the CoMSIA study are significant and can be used to predict new SARS-CoV 

3CLpro inhibitors with high potency activity. 

 3.1.3. CoMFA and CoMSIA graphical interpretation.  

The contour maps of CoMSIA and CoMFA methods allow visualizing the regions in 

which the activity raises or diminishes in the referential molecular structure (Compound 15); 

after the compilation of the model, it was permitted to see the electrostatic and steric contour 

maps and Hydrophobic and Steric contour maps of CoMFA and CoMSIA, respectively. All 

the contours symbolized the 20% and 80% default contributions level, respectively, for 

disfavored and favored regions.  

The CoMFA steric and electrostatic contour maps are presented in Figure 4. 

Hydrophobic and steric contour maps of CoMSIA are revealed in Figure 5.  

3.1.4. CoMFA contour maps. 

On the one hand, the electrostatic interactions of CoMFA are characterized by the red 

contour, which marks areas of increased activity with negative charges, and the blue contour, 

which marks areas where positive charges are favored.  

 

Figure 4. Standardized coefficient Contour maps of CoMFA analysis of the SARS-CoV 3CLpro inhibitors 

activity (compound 15): (a) steric Contour maps; (b) electrostatic Contour maps. 

(a
(b) 
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On the other hand, the steric interactions of CoMFA are characterized by the yellow 

contour where the cumbersome substituents are unfavored and the green contour where these 

latter are favored Figures 4 (a) and (b). 

The contour map, which is marked in green near the R1 position (Figure 4 (a)), suggests 

that the R1 group is favorable in terms of steric field, which could justify the reason why the 

compounds 1 to 6, which contains R = 4.5- dihydrothizole with pIC50 between 3.552 and 4.886 

are the less active compounds than compounds 8 to 20 which contains R= benzothiazole with 

pIC50 between 5.124 and 6.187. Moreover, a larger unfavorable yellow contour near the 

position R1 and pyrrolidinone group indicates that bulky regions decrease activity. 

The electrostatic contour map is portrayed in (Figure 4 (b)). Red contours indicate 

regions where negative groups increase the activity. A large red contour map around the R1 

position indicates that the electronegative groups at this region may increase the activity. This 

may explain why compound 10 which contains R = 2-phenoxyacetaldehyde showed a 

significant decrease in activity (pIC50 = 5.638) than compound 11 (pIC50 =6.036), which 

contains R= 2-(4-methoxyphenoxy) acetaldehyde. On the other hand, the region where a less 

negative potential electrostatic field (diminishes the activity of the inhibitor) is marked by the 

blue contour. 

3.1.5. CoMSIA contour maps. 

The best CoMSIA model was generated using hydrophobic and steric fields. Figures 5 

(a) and (b) represent the steric and hydrophobic contour maps, respectively. Steric interactions 

are characterized by green (sterically-favorable) and yellow (sterically-unfavorable) colored 

contours, while hydrophobic interactions are characterized by blue (hydrophobically- 

unfavorable) and magenta (hydrophobically-favorable) colored contours.  

 

Figure 5. Standardized coefficient Contour maps of CoMSIA analysis of the SARS-CoV 3CLpro inhibitors 

activity ( compound 15) : (a) Steric contour map, (b) Hydrophobic contour map. 

Figure 5 (a) shows the CoMSIA steric contour map. As shown in this figure, a green 

contour map near the position R2 and phenyl group R1 suggests that the R2 group is favorable 

in terms of the steric field. This may justify why compounds 1 to 6 (pIC50 between 3.552 and 

4.886) containing R = 4.5- dihydrothizole are less active than compounds 8 to 20 (pIC50 

between 5.124 and 6.187), which contain R= benzothiazole. Moreover, a larger unfavorable 

yellow contour near the position R1 and pyrrolidinone group indicates that bulky groups in 

these regions decrease the activity. 

Figure 5 (b) shows the CoMSIA hydrophobic contour map. As described in this figure, 

the magenta contour around the R2 group reveals that hydrophobicity substituent at this 

(a) (b) 
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position would increase activity. Moreover, a large blue area around the R1 and pyrrolidinone 

groups indicates that the hydrophobic groups in these positions may decrease the activity. 

3.2. Molecular docking results.  

In order to predict the binding site interactions and energy, molecular docking analysis 

was applied on the most potent inhibitor in the dataset. The native ligand was first re-docked 

in its PDB structure (PDB ID: 1WOF). The best-obtained pose gave the root-mean-square 

deviation (RMSD) value of 1.11, using 50 iterations. The superposition between co-crystallized 

and re-docked ligands is shown in Figure 6. 

 

Figure 6. Superposition of the reference ligand (green stick) with the re-docked ligand (bleu stick) in the pocket 

site SARS-CoV 3CLpro  (PDB ID: 1WOF). 

After docking validation, the most potent inhibitor in the dataset (compound 15) was 

used to generate molecular docking analysis. The binding site interactions between compound 

15 and SARS-CoV 3CLpro are shown in Figure 7. As described in this figure, Compound 15 

forms 3 Van der Waals interactions with GYS 44, THR 25, and GLN 189 amino acids and 4 

conventional Hydrogen bond interactions with LEU 141, CYS 145and GLU 166 amino acids. 

This type of interaction and mostly Hydrogen bond interactions explain why this compound 

shows high stability in the catalytic pocket of SARS-CoV 3CLpro (-7.5 kcal/mol). 

 
Figure 7. Docking results of compounds 15 with SARS-CoV 3CLpro protein (PDB code: 1WOF). 
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3.3. Design of new compounds.  

The 3D-QSAR (CoMSIA and CoMFA) model provided us with the needed information 

to elaborate a conceptual strategy of new inhibitors with enhanced effectiveness. 

After the conceptualization of novel inhibitors' structure in accordance with the 

directive line of the QSAR model (Figure 8), the compounds are aligned and modeled in the 

study of CoMSIA. The results of the activities of the predicted compounds are presented in 

Table 4. 

The activities' values of the predicted compounds show that they are very high 

compared to the most active compound in the basic database. 

The final step is the realization of molecular docking of the new predicted compounds 

P 1-5. The results of the interactions between the active site and the SARS-CoV 3CLpro protein 

(PDB ID: 1WOF) are presented in Table 4. The results indicate that the binding energy of 

predicted compounds in the active site of SARS-CoV 3CLpro protein (PDB ID: 1WOF) is 

larger than the most potent. These docking results show that the chemical binding energies 

between the predicted compounds are lower than that of the most active molecule in the data 

set (compound 15). This reflects that these new compounds are more stable when binding with 

the active site of the SARS-CoV 3CLpro protein (PDB ID: 1WOF); therefore, it gives a high 

inhibitory effect.  

 
Figure 8. Structure-activity relationship (SAR) information obtained from the 3D-QSAR study. 

Table 4. Structures of newly designed compounds and their corresponding predicted pIC50 values and binding 

free energy. 

Compounds Structures CoMSIA_pred Binding energy (kcal/mol) 

P1 

 

6.342 -9.61 ± 1.45 

P2 

 

6.24 -8.2 ± 0.37 

P3 

 

6.22 -8.9 ± 0.57 
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Compounds Structures CoMSIA_pred Binding energy (kcal/mol) 

P4 

 

6.20 -8.6 ± 0.30 

P5 

 

6.18 -8.1 ± 0.28 

 
Figure 9. Molecular docking of compound P1 with SARS-CoV 3CLpro protein. (a) Binding site interactions of 

2D view, (b) the binding conformation of 3D view. 

 
Figure 10. Molecular docking of compound P2 with SARS-CoV 3CLpro protein. (a) Binding site interactions of 

2D view, (b) binding conformation of 3D view. 

 
Figure 11. Molecular docking of compound P3 with SARS-CoV 3CLpro protein. (a) Binding site interactions of 

2D view, (b) binding conformation of 3D view. 

(a) (b) 

(a) (b) 

(a) 
(b) 
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The molecular docking results of the predicted highly active molecules P1, P2, and P3 

with the receptor 3CLpro du SARS-CoV showed adhesion of the protein's active site through 

hydrogenic and hydrophobic liaisons, which explains the affinity of these structures in 

accordance with the protein SARS-CoV 3CLpro. See the diagrams in 2D and 3D of the ligand-

receptor interactions in Figures 9-11.  

3.4. Drug- likeness and ADMET prediction.  

Before the experiment, it is necessary to perform the drug-likeness and the 

pharmacokinetic properties of novel predicted compounds [42,43]. Here, the drug-likeness and 

the absorption, distribution, metabolism, excretion, and toxicity (ADMET) were calculated 

using the pkCSM [44] and SwissADMET [45] webservers. The results are listed in Table 5.  

Table 5.  In silico prediction of drug-likeness and ADMET properties. 

No. 
MW 

(g/mol1) 
HBA HBD 

TPSA 

(A2) 
log P log S HIA BBB 

CYP 2D6 

inhibition 

Total 

Clearance 

Toxicity Drug-likeness 

AMES 
Skin 

Sensitization 
Lipinski 

Bioavailability 

Score 

P1 655.81 6 4 174.60 4.62 -4.22 79.37 -1.41 No -0.198 No No Yes 0.55 

P2 672.635 7 4 174.60 4.53 -4.75 78.60 -1.56 No -0.254 No No Yes 0.55 

P3 670.19 7 4 174.60 4.33 -4.31 79.17 -1.59 No -0.251 No No Yes 0.55 

15 677.868 9 3 175.04 4.39 -4.13 72.159 -1.60 No -0.073 No No No 0.17 

MW = molecular weight, HBA = number of hydrogen bond acceptor, HBD = number of hydrogen bond donor, 

TPSA = topological polar surface area, LogP = octanol–water partition coefficient, log s = Water solubility, 

HIA= human intestinal absorption, BBB= blood brain barrier. 

As shown in Table 5, all predicted compounds exhibit a moderate ADMET parameter. 

The high values of human intestinal absorption (HIA > 30%) indicate that the predicted 

compounds exabit a moderate permeation across the intestinal membrane. The log P and log S 

values of all compounds are in the best range, which means they had good absorbency and 

good solubility, respectively. None of the predicted compounds were found to be a potent 

inhibitor of CYP450 2D6. Also, the test of AMES and Skin Sensitization revealed that the 

predicted compounds are harmless. In summary, it can be concluded that the predicted 

compounds are likely to be orally active.  

3.5. Molecular dynamics simulation.  

In order to validate the results of molecular docking and affirm the stability of docked 

compounds in the binding pocket of SARS-CoV 3CLpro protein, compounds 15 and P1 were 

subjected to MD simulation. All the systems were employed for 20 ns time scale simulation.  

The Root Mean Square Deviation (RMSD) of 1WOF_M15 and 1WOF_P1 complexes are 

given in Figure 10 (a). This figure shows that the average RMSD value of 1WOF_M15 and 

1WOF_P1 systems are 0.31 and 0.23 nm, respectively. These results indicate that the 

1WOF_P1 complex is more stable than the 1WOF_M15 complex during the simulations. The 

Root Means Square Fluctuation (RMSF) of both complexes and free 6LU7 protein is also 

shown in Figure 10 (b).  This parameter is an indicator of residual flexibility [46–48]. From the 

results of the RMSF value, we conclude that the P3_6LU7 complex shows less conformational 
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changes during the simulations except for the C-terminal end (Figure 10 (b)). All of these 

results are in agreement with that obtained by 3D-QSAR and molecular docking. 

 
Figure 10. Molecular dynamics simulations. (a) RMSD of backbone over the 20 Ns of MD simulation at 300 K 

and 1 bar, (b) RMSF of residues during MD simulation. In all Figures, the red color represents the 1WOF_M15 

complex, and the black color represents the 1WOF_P1 complex. 

4. Conclusions 

This study proposes new inhibitor compounds of powerful SARS-CoV 3CLpro 

inhibitors from a series of the compounds through the application of 3D-QSAR studies, 

including CoMFA and CoMSIA.  

The results of CoMFA and CoMSIA studies (PLS method of the regression of the 

smallest partial squares) show that the obtained values of Q2, R2 
test, and R2 are very high and 

elevated for all models. The study of the chemical interactions of the binding site between the 

ligands and the 1WOF protein is carried out using molecular docking. According to the docking 

results, it can be inferred that there is a synergy with the 3D-QSAR studies.  

Based on these studies, four new compounds, P1-5, were predicted using the CoMSIA 

method. The results of the docking analysis show that compared to the most potent inhibitor in 

the data set (composed 15), the predicted compounds have a high degree of stability in the 

binding pocket of the SARS-CoV 3CLpro receptor, and their pharmacokinetic properties were 

verified by drug-likeness and ADMET prediction. The results of MD simulation also indicate 

that the compound P1 is more stable in the binding pocket of the SARS-CoV 3CLpro receptor 

during the 20 ns of the simulation time. 
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