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ABSTRACT: We are in the half past of 2022, but still, we are facing the 

coronavirus pandemic situation. When a patient is hospitalized, only some FDA-

approved drugs were administered to cure the patient. In treating coronavirus 

infection, nitazoxanide, granulocyte-macrophage colony-stimulating factor 

inhibitors, and various monoclonal antibodies are present. But all the molecules used 

in the treatment were not so effective in fully curing the patient. So, to break this jinx 

to develop of newer generation anti-SARS-CoV-2 drug molecules, computational 

approaches played an essential role. 2D QSAR studies related to anti-SARS-CoV-2 

molecule development, some QSAR models observed with good statistical 

parameters such as R
2
: 0.748, cross-validated Q

2
 (LOO): 0.628, external predicted 

R
2
: 0.723 and another model suggested with R

2
: 0.764, Q

2
: 0.627 and Rm

2
: 0.610, Q

2
 

(F1): 0.727, Q
2
 (F1): 0.652, MAE score: 0.127. We developed a new 2D QSAR 

model with a higher number of molecules and greater statistical parameters. A 

dataset of 84 anti-SARS-CoV2 molecules was obtained from literature followed by 

descriptor calculation PADEL software; the QSAR model was generated using the 

Modelability index, dataset pretreatment, division, MLR equation, validation, and Y 

randomization test. The model was pIC50 = -1.79268(+/-0.3652) +0.07995(+/-

0.03551) naaaC -0.4051(+/-0.09672) nsssN -0.45945(+/-0.11025) SHsOH 

+1.23189(+/-0.28144) ETA_BetaP with R
2
 and Q

2
 values were 0.87028 and 0.70493 

with MAE fitness score value: 0.14298. Atoms E-state and electronic features of the 

molecules directly related to anti-SARS-CoV-2 drug activity. It can be easily 

concluded that we want to develop a small molecule effective against SARS-CoV-2 

disease in the near future. 

INTRODUCTION: We are in the half past of 

2021, but still, we are facing the coronavirus 

pandemic situation. Till date, globally 19, 2054, 

106 cases were registered and among them, 41, 

280, 58 deaths were reported 

(https://www.worldometers.info/coronavirus/ 

accessed on 25.07.2021).  
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Presently, FDA approved three vaccines were 

approved in US such as Pfizer-BioNTech, 

Moderna, Johnson & Johnson’s Janseen; whereas 

in other countries, oxford AstraZeneca, Sputnik V, 

Sinopharm, covaxin, etc. vaccines were approved 
1, 

2
.  

As per world data, 26.8% of the world population 

was vaccinated with the first dose, and 13.4% of 

the world population was vaccinated with both 

doses. As per WHO, we were already in the middle 

of the third wave of coronavirus pandemic 

situations 
3, 4

. WHO declared SARS-CoV-2 

variants into three main categories: variant of 
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interest, variants of interest and variants of high 

consequence 
5
. In US, variants like B.1.1.7 (α), 

B.1.351 (β), B.1.617.2 (δ) and P.1 (γ) were 

concerned as variants of concern without any 

variants of high consequence 
6, 7

. Variants of 

interest were certain genetic markers that hampered 

viral transmission, diagnosis, and response towards 

therapeutic dose; variants of concern created a high 

impact on the response towards diagnosis, 

treatment regime with a possible increment of viral 

transmission, disease condition, and response 

towards vaccination whereas variants with less 

response towards diagnosis, treatment and 

vaccination 
8, 9

.  

B.1.427, B.1.429, B.1.525, B.1.526, B.1.617.1, 

B.1.617.3 were categorized under variants of 

interest and B.1.1.7, B.1.351, B.1.617.2, P.1 were 

categorized under variants variant of concern. In 

contrast, no variants were considered under 

variants of high consequence 

(https://www.cdc.gov/coronavirus/2019-

ncov/variants/variant-info.html accessed on 

29.07.2021) 
10

. When a patient is hospitalized, only 

some FDA-approved drugs were administered to 

cure the patient. Nowadays, in the treatment of 

coronavirus infection, nitazoxanide, granulocyte-

macrophage colony-stimulating factor inhibitors 

(Gimsilumab, lenzilumab, namilumab, and 

otilimab), chloroquine, hydroxychloroquine, 

azithromycin, colchicine and various monoclonal 

antibodies (casirivimab, imdevimab) were used in 

the treatment 

(https://www.covid19treatmentguidelines.nih.gov/a

bout-the-guidelines/whats-new/ accessed on 

30.07.2021).  

But all the molecules used in the treatment were 

not so effective in fully cure the patient. So, to 

break this jinx to develop of newer generation anti-

SARS-CoV-2 drug molecules, computational 

approaches such as molecular docking studies, 

molecular dynamics simulation studies, and QSAR 

(2D or 3D) studies play an essential role 
11, 12

. In 

the category of 2D QSAR studies related to anti-

SARS-CoV-2 drug development 
13

, some QSAR 

models observed with good statistical parameters 

such as R
2
: 0.748, cross-validated Q

2
 (LOO): 

0.628, external predicted R
2
: 0.723

14
 and another 

model suggested with R
2
: 0.764, Q

2
: 0.627 (56 

molecules in the training set) and Rm
2
: 0.610, Q

2
 

(F1): 0.727, Q
2
 (F1): 0.652, MAE score: 0.127 (13 

molecules in the test set)
15

. In this context, we 

developed a new 2D QSAR model with a higher 

number of molecules and validated statistical 

parameters. 

MATERIALS AND METHODS: 

Dataset and Descriptor Calculation: A dataset of 

84 anti-SARS-CoV2 drug molecules obtained from 

different literatures, including the top twenty 

potential anti-SARS-CoV-2 drugs obtained from 

1553 FDA approved drugs 
16

, top 20 Potential 

Anti-SARS-CoV-2 drugs separated from 7012 

investigational or off-market drug molecules 
17

, 

existing protease inhibitors, some polyamines 

targeting cellular attachment and entry of 

coronavirus 
18

, SARS-Cov-2 M
pro

 inhibitors 
19

, 

recently developed novel coronavirus (2019-nCoV) 

inhibitors and inhibitors of coronavirus main 

protease 3CLpro
20

. All the molecules were drawn by 

ACD ChemSketch software followed by saved as 

MDL Mol format. Then two-dimensional 

descriptors were calculated of the molecules using 

PADEL descriptor 
21

. All the molecular descriptors 

along with their corresponding biological activities 

were tabulated in CSV format, where IC50values 

were changed into pIC50 values 
22

. 

Modelability Index: Modelability index is an 

estimation feasibility tool defined by the ratio 

between activity class-weighted ratio of the number 

of nearest-neighbor pairs of compounds 

corresponding with same activity class and the total 

number of pairs 
23

. This concept correlated with the 

unnecessary efforts of a QSAR dataset associated 

with the development of QSAR model. 

Descriptor Pretreatment: Then very closely 

related descriptors present within the dataset were 

removed by considering variance cut off and 

correlation coefficient values of 0.0001 and 0.99, 

respectively 
24

. 

Dataset Division: Generally, the dataset was 

divided into training and test sets using Kennard 

Stone, Random Faster, and Euclidean Distance 

methods. Among them, here we considered the 

Kennard Stone method to divide the dataset of 84 

molecules into training and test set. After the 

dataset division, 63 and 21 molecules were present 

in the training and test set, respectively 
25-26

. 

https://www.cdc.gov/coronavirus/2019-ncov/variants/variant-info.html%20accessed%20on%2029.07.2021)%2010
https://www.cdc.gov/coronavirus/2019-ncov/variants/variant-info.html%20accessed%20on%2029.07.2021)%2010
https://www.cdc.gov/coronavirus/2019-ncov/variants/variant-info.html%20accessed%20on%2029.07.2021)%2010
https://www.covid19treatmentguidelines.nih.gov/about-the-guidelines/whats-new/
https://www.covid19treatmentguidelines.nih.gov/about-the-guidelines/whats-new/
https://www.covid19treatmentguidelines.nih.gov/about-the-guidelines/whats-new/
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Suitable Descriptor Selection: Suitable descriptor 

combination was selected using Stepwise MLR 

software with F values ranging from 3.9 to 4.0. The 

best subset combination was observed with 4 

descriptors set with R
2
 cut-off value was 0.6 

27-28
. 

Stepwise Regression: Stepwise multiple linear 

regression equation was built by multistep equation 

development involving three distinct steps: 

identification of an initial model, repetition of the 

previous step to achieve a better F and R
2
 value, 

and calibration of model 
24

.  

The stepwise regression equation was developed 

using statistical SPSS software, and parameters 

were judged as explained variance (R
2

a), 

correlation coefficient (R), standard error of 

estimate (s), and variance ratio (F) with a specified 

DF. Finally, the LOO method validated the model 

with cross-validation R
2
 (Q

2
), SPRESS, and SDEP 

parameters 
29

.   

QSAR Equation Development: The final QSAR 

model was developed by Multiple Linear 

Regression Plus valid software with all possible 

combinations of descriptors based on the quality of 

prediction and MAE-based fitness score 
30-31

.  

QSAR Equation Validation: The developed 

QSAR model was validated by the Golbraikh and 

Tropsha acceptable model criteria. The acceptable 

model criteria were as follows 
32

:  

1. Threshold value Q
2
 greater than 0.5. 

2. Threshold value R
2
 greater than 0.6. 

3. Threshold value |r0
2
-r'0

2
| less than 0.3. 

4. Threshold value: [0.85<k<1.15 and ((r^2-

r0^2)/r^2)<0.1 or [0.85<k'<1.15 and ((r^2-

r'0^2)/r^2)<0.1]. 

QSAR Equation Validation: QSAR model was 

cross-validated using LOO process. Applicability 

domain of the model was checked by euclidean 

distance and mahalanobis distance methods. The 

distance of a test set to its nearest neighbor in the 

training set was compared with predefined 

applicability domain threshold value 
33-34

. 

MLR Y Randomization Test: In the Y 

randomization test, a random multiple linear 

regression model was developed by a faster random 

technique by changing the dependent variable and 

making the independent variable static. The model 

with significantly higher R
2
 and Q

2
 values after 

several trials confirmed that the developed model 

was robust and reproducible 
35-36

. Another 

parameter, 
c
Rp

2
 was also calculated which should 

be more than 0.5 for passing this test 
37

. 

RESULTS AND DISCUSSION: Initially, the 

model ability index value was checked. The data 

showed a 0.5926 value with 29 molecules in high 

total active/less and 55 molecules in less total 

active/toxic with a threshold value of model ability 

index 0.65. So model ability index value of the 

model was 0.5926, which reflected that the dataset 

was quite close to developing a good QSAR model 
38-39

. Then the dataset was divided into training and 

test sets using the Kennard-Stone method. Among 

them, 63 and 21 molecules were present in training 

and test sets, respectively 
40

. Stepwise multiple 

linear regression was used to identify the most 

probable set of descriptors to build a good QSAR 

model based on MAE value 
41

. After that, the data 

pretreatment process was also performed with 

variance cut-off and inter-correlation cut-off values 

0.001 and 0.9, respectively, along with F value 

within (3.9-4.0) 
42

. Then, using the best possible set 

of descriptors best subset selection process was 

performed with R
2
 cut-off value 0.6 and inter-

correlation between descriptors R
2
 cut-off value 0.5 

43
. Based on BAD, MODERATE, and GOOD 

MAE fitness scores, the final QSAR model was 

generated. 

The Final QSAR Model was as follows: 

pIC50 = -1.79268(+/-0.3652) +0.07995(+/-0.03551) 

naaaC -0.4051(+/-0.09672) nsssN -0.45945(+/-

0.11025) SHsOH +1.23189(+/-0.28144) 

ETA_BetaP. 

As per the model, naaaC, ETA_BetaP positively 

contributed to pIC50 value, whereas nsssN, SHsOH 

negatively contributed to pIC50. As per the internal 

validation parameter, SEE, R
2
, R

2
 adjusted, PRESS 

value, and F values were 0.38202, 0.75862, 

0.74197, 8.46426, and 45.57092, respectively. As 

per LOO values Q
2
, average Rm

2 
and delta Rm

2
 were 

0.70493, 0.59478, and 0.1822, respectively. As per 

external validation parameters (without scaling) 
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and after scaling R
2
, R0

2
, reverse R0

2
, RMSEP, 

Q2f1/R
2
(Pred), Q

2
f2 were 0.87028, 0.86122, 

0.87026, 0.22536, 0.86012, 0.85943 and average 

Rm
2
 (test), delta Rm

2
 (test) were 0.82128, 0.00268; 

respectively. As per the error-based judgment 

related to testing set prediction: MAE, standard 

deviation values for 95% of data were 0.14298 and 

0.10498, which correspond with GOOD prediction 

criteria 
44

. Then the model was validated using 

Golbraikh and Tropsha acceptable model criteria. 

Outcomes showed that Q
2
, R

2
, |r0

2
-r'0

2
|, k, [(r

2
-

r0
2
)/r

2
], k' and [(r

2
-r'0

2
)/r

2
] values were 0.70493, 

0.87028, 0.00904, 0.96872, 0.01041, 0.95525 and 

0.00002, respectively
 45

. The model successfully 

passed all the validation criteria per the validation 

parameter. In training set data, the residual values 

between actual and predicted pIC50 values were 

between 0.007 to 1.10 Table 1. In the case of the 

test set, residual values oscillated between 0.001 to 

0.5 Table 2 
46

. The R
2
 values observed after 

plotting actual pIC50 and predicted pIC50 values in 

training Fig. 1 and test set were 0.7586 and 0.8703, 

respectively Fig 2. All the molecules in training 

and test sets were observed within the applicability 

domain. As per the Y randomization test data of the 

model, the average R, R
2
, Q

2
 (LOO), and 

c
Rp

2
 

values were 0.233071617, 0.070303736, -

0.100697065 and 0.733948537, respectively Table 

3. 

TABLE 1: ACTUAL PIC50, PREDICTED PIC50 AND RESIDUAL VALUES OF TRAINING SET MOLECULES 

S. no. Structures of Molecules Actual pIC50 value Predicted pIC50 value Residual value 

1. 

N N  
1,10-phenanthroline 

0.3467 0.5509 0.20425 

2. 

CH3

Cl

Cl

S

O

O

N
+

O

O
–

F

F

F

N
+

O

O
–

 
2-(2,4-dichloro-5-methylbenzene-1-sulfonyl)-

1,3-dinitro-5-(trifluoromethyl)benzene 

0.5228 -0.07682 0.59962 

3. N
NH

N

N
H

 
3-(1H-benzimidazol-2-yl)-1H-indazole 

0.6197 0.5802 0.03941 

4. 

N

O

NH

 
5-[2-(1H-pyrrol-1-yl)ethoxy]-1H-indole 

0.4089 0.2331 0.1757 

5. 

NH

N

N
H

N

NH

O

NH2

 
6-amino-2-{[(naphthalen-1-yl)methyl]amino}-

1,7-dihydro-8H-imidazo[4,5-g]quinazolin-8-

one 

0.3187 0.39778 0.079083 



Saha and Pal, IJPSR, 2023; Vol. 14(3): 1372-1391.                                       E-ISSN: 0975-8232; P-ISSN: 2320-5148 

International Journal of Pharmaceutical Sciences and Research                                                                              1376 

6. 

N

N
H

O

NH

N NH2

 
6-amino-4-(2-phenylethyl)-1,7-dihydro-8H-

imidazo[4,5-g]quinazolin-8-one 

0.3187 0.16150 0.15719 

7. 
N
H

 
9H-carbazole 

0.5686 0.517104 0.051495 

8. 

CH3

CH3

N

NH

OO

O

OH

S OO

NH2

 
Amprenavir 

-0.9925 -0.9352 0.05727 

9. CH3O

N
N

O
N

O

N

O
NH2  

Apixaban 

-1.275 -0.98146 0.293506 

10. 

CH3

N

O

OH

O

NNH2

NH2

NH

SO O

N
H

CH3

 
Argobatran 

-0.8438 -1.1904 0.34660 

11. 

CH3

CH3 CH3

O NH

N

N

NH

OCH3

CH3

CH3

NHO

O
CH3

OH

NH

OO

CH3

 
Atazanavir 

-0.8426 -0.8826 0.04005 



Saha and Pal, IJPSR, 2023; Vol. 14(3): 1372-1391.                                       E-ISSN: 0975-8232; P-ISSN: 2320-5148 

International Journal of Pharmaceutical Sciences and Research                                                                              1377 

12. 

CH3

O

O

NH

N
O

O

OH

 
Benazepril 

-1.002 -1.0494 0.047493 

13. 

NH

NH2 N
H

N O

N

NH

NH

NH2  
Bis-carbonyldi(1H-benzimidazole-6-

carboximidamide) 

0.3098 0.43419 0.12439 

14. 

CH3

N

O

CH3 CH3

CH3

NH

O

NH

CH3

CH3

CH3

O

NHO

O
NH2

CH3  
Boceprevir 

-1.5928 -1.1739 0.41881 

15. 

CH3

SH

ON

O

OH  
Captopril 

-1.0674 -1.4833 0.41590 

16. 

CH3
O

O
NH

O

NH

OH
 

Carvedilol 

-0.0864 -0.01634 0.07005 

17. 

NH N N
N NH2

N NH2

NH

Cl

NH2NH2
Cl

 

Chlorhexidine 

-0.1303 -0.27093 0.14063 

18. Cl

Cl

OH

N

 
Chlorhexine 

0.0506 -0.00618 0.056787 
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19. 

CH3

O

O

NH

N

N

O
O OH

 
Cilazapril 

-1.3685 -1.6344 0.26596 

20. Cl

NH

ONH
O

O
NH

O

N
H

Cl

 
CP-526423 

0.301 0.1394 0.161544 

21. 

CH3

CH3

N

NH

O

O

O

O

OH

S

O

O
NH2

 
Darunavir 

-0.7443 -0.9494 0.20519 

22. 
CH3

N

N
H

N
N

O

N
H

NH2

 
Debio-1347 

0.6198 0.50043 0.11936 

23. CH3NH

O
N

 
Demexiptiline 

-0.0253 -0.164820 0.13952 

24. CH3

O

O

NH

CH3

O

N

O
OH  

Enalapril 

-1.1116 -1.2231 0.11152 

25. Etofibrate 

CH3 CH3

OO
O

O

N

O

Cl

 

-0.1703 -0.2281 0.05787 
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26. Flortaucipir 

NF

N
H

N

 

0.3767 0.544354 0.167654 

27. Flurouracil 

O

N
H

O

N
H

F

 

-0.0453 -0.32126 0.275958 

28. Fomepizole 
CH3

N
H

N

 

-0.143 -0.04749 0.095505 

29. Gedocarnil 

CH3

CH3 O

O

N

O

CH3

N
H

O

Cl  

0.3564 0.210721 0.145679 

30. Ximelagatran 
CH3

OO

NH

O

N

O

NH

NOH

NH2

 
 

-1.4173 -1.32573 0.091571 

31. {4-[5-(naphthalen-2-yl)-1H-pyrrolo[2,3-

b]pyridin-3-yl]phenyl}acetic acid 

N
H

O

OH

N
 

0.2596 0.112025 0.147575 

32. Indinavir 

CH3

CH3CH3

NH

O

N

N

O

NH

OH

OH

N

 

-1.5173 -1.40489 0.112411 
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33. Isoflurophate 

CH3

CH3

O

P
O

O

CH3

CH3

F

 

-0.7979 -0.89676 0.098861 

34. Lanreotide 

CH3

CH3

O

NH

S
S

O

NH

O

NH

O NH

O

NH

NH2

N
H

OH

NH
O

NH2

O

NH

CH3

OH

O
NH2

 

-0.1703 -0.44481 0.274513 

35. Lisinopril 

NO

NH2NH

O

OH

O

OH

 

-1.3399 -1.48444 0.144543 

36. Lopinavir 

CH3

CH3O

O

NH

NH

O

CH3

CH3

N

NH

O

OH

 

-1.2284 -0.85492 0.37348 

37. Mercaptopurine 

N

N
H

S

N

N
H

 

-0.1003 0.116753 0.217053 
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38. Moexipril 

CH3

O

O NH

CH3

O

N

O

OH

O

CH3

O

CH3

 

-1.1939 -1.04484 0.149065 

39. N-(1,10-phenanthrolin-5-yl)acetamide 
CH3

ONH

N

N

 

0.4815 0.426302 0.055198 

40. Nafarelin 

CH3

CH3

O NH

N

NH2
NH2

O

N
O

NH

O

NH2

NH

O

NH

O

OH

NH

O

OH

NH

O

N
H

NH O

N

NH

NH

O

O

NH

 

-0.1303 -0.75815 0.627854 

41. Nelfinavir 

CH3

OH

O NH

S

N

O

NH
CH3

CH3

CH3

OH

 

-1.5591 -1.17597 0.383127 

42. Oteracil 

N

O

N
H

O

N
H

O

OH

 

-0.0645 -0.61538 0.550878 
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43. Pasireotide 

N

O
NH

O

NH

O

NH

O
NH

O

NH

O

O

NH2

NH

O

O

NH

NH2

 

-0.1673 -0.542 0.374703 

44. Perindopril 
CH3

O

O
CH3

NH

CH3

O

N

OOH  

-1.3444 -1.44868 0.104275 

45. Proflavine 

N

NH2

NH2

 

0.1427 0.451962 0.309262 

46. Quinapril 

CH3

O

O NH

CH3

O

N

O

OH

 

-0.9269 -1.03693 0.110031 

47. Ramipril 
CH3

O
O

NH

CH3

O

N

O

OH

 

-1.1086 -1.23043 0.121833 

48. Ritonavir 

CH3

CH3

N

S

N

CH3

O

NH

CH3 CH3

O

NH

NH O

O

N

S

OH

 

-1.4065 -0.81131 0.595189 
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49. Rivaroxaban 

O

O

N

N

O

O

NH

O

S

Cl

 

-1.0523 -1.07364 0.021339 

50. Saxagliptin 

N

N

OOH

NH2

 

-1.-5474 -1.21112 0.336283 

51. Tilbroquinol 

CH3

N

OH

Br

 

-0.0719 -0.10064 0.02874 

52. Trandolapril 

CH3
O

O
NH

CH3

O

N

OOH  

-1.2479 -1.23993 0.007971 

53. 2,3,4-Trihydroxy-4’-ethoxybenzophenone 
CH3

O

O

OH

OH OH  

-0.95424 -0.91727 0.036971 

54. 3,4-Didesmethyl-5-deshydroxy-3’-

ethoxyscleroin 

CH3

O

O

OH

OH

OH

 

-1.0523 -0.91291 0.139388 

55. Bronopol -0.6435 -1.30644 0.662937 
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OH

N
+

O

O
–

Br
OH

 
56. Chicago blue 

Na
+

Na
+

Na
+

Na
+

CH3
O

N

N

NH2

S

O

O

O
–

S OO

O
–

OH

O
CH3

N

N

NH2

S

O

O

O
–

SO O

O
–

OH

 

-0.8865 0.013249 0.899749 

57. Chloranil 

O

O

Cl

Cl

Cl

Cl

 

-0.6129 -0.4068 0.206099 

58. DFMO 

F

F

O

OH

NH2

NH2

 

-2.3617 -1.25776 1.103941 

59. Evans blue 

Na
+

Na
+

Na
+

Na
+

CH3

N

N

NH2

S

O

O

O
–

S OO

O
–

OH

CH3

N

N

NH2

S

O

O

O
–

SO O

O
–

OH

 

0.6989 0.015249 0.683651 

60. Hematoporphyrin 

CH3

N

N

NH

N
HCH3

OH

CH3

O

OH

CH3

CH3

O

OH

CH3OH

 

-0.5911 -0.7285 0.137398 
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61. Phenylmercuric acetate 
CH3

O

OHg

 

0.3979 -0.22481 0.622713 

62. Plumbagin 

CH3

O

O

OH

 

-1.233 -0.37032 0.862678 

63. Protoporphyrin IX 

CH3

N

N NH

NH

CH2

CH3

O

OH

CH3

CH3
O

OH

CH2  

-1.3617 -0.37591 0.98579 

TABLE 2: ACTUAL PIC50, PREDICTED PIC50 AND RESIDUAL VALUES OF TEST SET MOLECULES 

S. no. Structures of Molecules Actual pIC50 

value 

Predicted 

pIC50 value 

Residual 

value 

1. (2S)-1-(1H-indol-3-yl)-3-{[5-(3-methyl-1H-indazol-5-

yl)pyridin-3-yl]oxy}propan-2-amine 

CH3

N

N
H

N

O

N
H

NH2

 

0.259637 0.32363 0.06399 

2. 

CH3

N
N
H

O

CH3

 
7-methoxy-1-methyl-9H-β-carboline 

0.3098 0.3749 0.06516 

3. Bedaquiline 
CH3

N
CH3

N

BrO

CH3

OH

 

-0.1106 -0.1608 0.0502 

4. Benzyl Benzoate 

O

O  

-0.1613 -0.0410 0.12022 
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5. Candoxatril 
CH3

O

O

O

NH

O

OH

O

O

 

-0.7033 -0.9171 0.2138 

6. Chloroquine 
CH3

N

CH3

CH3NH

N Cl  

-1.0 -0.6659 0.3340 

7. Cilastatin 

CH3

O

NH
S

O

OH

NH2

O OH

CH3  

-1.4828 -1.3541 0.1286 

8. Clotrimazole 

Cl

N

N  

-0.1303 0.1291 0.25937 

9. Flortaucipir 

N
F

N
H

N

 

0.3767 0.54435 0.1676 

10. Fosamprenavir 

CH3

CH3

N

NH

OO

O

O

PO OH

OH

S OO

NH2

 

-0.9169 -1.2518 0.3349 

11. Fosinopril 

CH3

O

O

CH3 CH3

O
P

OO

N

O
OH

 

-1.0523 -1.2788 0.2265 
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12. Hemi-Babam 

NH

N

N

N
H

NH

NH2 

0.4559 0.45896 0.0031 

13. Masitinib 

CH3

NH

O

N

N

CH3

NHN

S

N

 

-0.3979 -0.9176 0.5197 

14. Remdesivir 

CH3

CH3

O

OCH3

NH

P

O

O
O

N

N

N

N

NH2

OH

OH

O

 

-0.5682 -0.5086 0.0596 

15. Remikiren 

CH3

CH3

CH3

S
O

O

O

NH

N

N
H

O

NH

OH

OH

 

-0.5527 -0.7034 0.1507 

16. Roflumilast 

O

O

NH

N

Cl

Cl

O

F F  

-0.1492 -0.2173 0.0681 

17. Saquinavir 

CH3 CH3

CH3

NHO

NNH

O

O

NH2

NH O

N

OH

 

-1.1836 -0.7257 0.4578 

18. Sitagliptin 

N

N

N

F

F

F

N

O

F

F

F

NH2

 

-0.9149 -0.7459 0.1689 
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19. Spirapril 

CH3 O

O

NH

CH3

O

N

O OH

S

S

 

-1.2345 -1.2361 0.00165 

20. Telaprevir 

CH3

O

O

NH

NH

O

N

O

CH3CH3

CH3

NH

O

NHO

N

N

 

-1.0622 -1.0225 0.0397 

21. Vildagliptin 

N

O

NH

OH

N
 

-1.4826 -1.2223 0.2603 

TABLE 3: Y RANDOMIZATION DATA OF THE QSAR MODEL 

Model Type R R
2
 Q

2
(LOO) 

Original 0.870987 0.758619 0.704927 

Random 1 0.304665 0.092821 -0.08696 

Random 2 0.254802 0.064924 -0.13797 

Random 3 0.282466 0.079787 -0.05948 

Random 4 0.241007 0.058084 -0.14795 

Random 5 0.282468 0.079788 -0.13114 

Random 6 0.268701 0.0722 -0.08202 

Random 7 0.218067 0.047553 -0.11477 

Random 8 0.178099 0.031719 -0.13693 

Random 9 0.093867 0.008811 -0.18697 

Random 10 0.211966 0.04493 -0.12703 

Random 11 0.199883 0.039953 -0.14289 

Random 12 0.130252 0.016966 -0.17501 

Random 13 0.133566 0.01784 -0.15175 

Random 14 0.354096 0.125384 -0.02601 

Random 15 0.248325 0.061665 -0.10308 

Random 16 0.297476 0.088492 -0.07256 

Random 17 0.286555 0.082114 -0.09196 

Random 18 0.343171 0.117766 -0.03885 

Random 19 0.192178 0.036932 -0.14273 

Random 20 0.132698 0.017609 -0.16777 

Random 21 0.192432 0.03703 -0.11045 

Random 22 0.31235 0.097562 -0.08334 

Random 23 0.069428 0.00482 -0.19237 

Random 24 0.395448 0.156379 0.021469 

Random 25 0.076507 0.005853 -0.18681 

Random 26 0.391448 0.153232 -0.00983 

Random 27 0.202658 0.04107 -0.14581 

Random 28 0.312214 0.097478 -0.08703 

Random 29 0.235215 0.055326 -0.0895 

Random 30 0.397565 0.158058 0.016638 

Random 31 0.288741 0.083372 -0.11538 

Random 32 0.376591 0.14182 0.005174 

Random 33 0.26917 0.072452 -0.10687 

Random 34 0.200702 0.040281 -0.12166 
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Random 35 0.144258 0.02081 -0.15697 

Random 36 0.324662 0.105405 -0.05196 

Random 37 0.144908 0.020998 -0.181 

Random 38 0.153895 0.023684 -0.1413 

Random 39 0.225588 0.05089 -0.12262 

Random 40 0.109666 0.012027 -0.17064 

Random 41 0.23167 0.053671 -0.09958 

Random 42 0.114539 0.013119 -0.16721 

Random 43 0.088168 0.007774 -0.16394 

Random 44 0.223768 0.050072 -0.12645 

Random 45 0.178214 0.03176 -0.14034 

Random 46 0.158131 0.025006 -0.14051 

Random 47 0.120291 0.01447 -0.16084 

Random 48 0.209177 0.043755 -0.10589 

Random 49 0.122297 0.014957 -0.19632 

Random 50 0.091656 0.008401 -0.18533 

 
FIG. 1: GRAPH BETWEEN ACTUAL AND PREDICTED PIC50 VALUES IN THE TRAINING SET 

 
FIG. 2: GRAPH BETWEEN ACTUAL AND PREDICTED PIC50 VALUES IN THE TEST SET 

As per the QSAR model, four two-dimensional 

descriptors such as naaaC (count of atom-type E-

State: C:), nsssN (count of atom-type E-State: >N), 

SHsOH (sum of atom-type H E-State: -OH) and 

ETA_BetaP (measurement of electronic features of 

the molecule relative to molecular size) were 

significantly contributed 
47

. As per the previous 

QSAR models related to anti-SARS-CoV-2 drug 

development, maximum R
2
 and Q

2
 values were 

0.764 and 0.652 with MAE fitness score of 0.127, 

whereas our developed QSAR model was observed 

with higher statistical parameter values such as R
2
 

and Q
2
 values were 0.87028 and 0.70493 with 

MAE fitness score value: 0.14298.  
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CONCLUSION: So, it was quite obvious that the 

newly developed QSAR model was statistically 

more validated than previous models with a large 

number of molecules present in the dataset. Also, 

atoms' E-state and electronic features of the 

molecules were directly related to anti-SARS-CoV-

2 drug activity.  

It can be easily concluded that if in the near future 

we want to develop a small molecule effective 

against SARS-CoV-2, the developed QSAR model 

will work as a good predictor of the activity profile 

with any chemical scaffold with possible descriptor 

combination.  
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