
 

4 

    
Int. j. adv. multidisc. res. stud. 2022; 2(1):4-11 

 

International Journal of Advanced Multidisciplinary 

Research and Studies 

 

2D QSAR Studies on an assay of Pyrazole derivatives to inhibit IL4-JAK1-STAT6 

pathway to find out herbal remedy for Asthma 

1 SV Manoj, 2 DB Ambili Raj, 3 Sarithamol S, 4 Arya Rajan P, 5 Divya V, 6 Lini K Mathew 
1, 3, 4 Department of Chemistry, Sree Narayana College, Kollam, Kerala, India 

2 Department of Chemistry, Sree Narayana College, Chempazhanthi, Thiruvananthapuram, Kerala, India 
5 Department of Chemistry, MSM College, Kayamkulam, Kerala, India 

6 Department of Chemistry, St.Cyril’s College, Adoor, Pathanamthitta, Kerala, India 

  Corresponding Author: Sarithamol S 

Abstract 

Asthma is characterized as airway inflammation resulting in 

breathing and chronic coughing problems. Treatments of 

asthma include inhaled corticosteroids, broncho dilators, 

DNA vaccines and leukotriene modifiers. But their 

drawbacks include vomiting, weakness, mental and growth 

retardation. Asthmatic inflammation can be reduced by the 

inhibition of JAK (Janus Kinase) family of tyrosine kinases. 

Our present study focuses on 2D Quantitative Structural 

Activity Relationship studies on pyrazole derivatives having 

minimum inhibitory concentration against JAK 1 protein 

which was identified by Brubaker et al. The 2D QSAR 

model furnished in the study proved its prediction ability (R2 

= 0.6522, p > 0.000, F = 9.548, cross correlation coefficient 

of the test set molecules Q2
test =0.602542) and showed that 

positive ionization (POS), hydrogen bond donor sites (HBD) 

and topological descriptors influenced the prediction of the 

dataset. The developed 2 D QSAR model was used to check 

anti-asthmatic activity of 13 phytochemicals taken from 

Duke’s phytochemicals database. Out of these cyanidin 

exhibited highest activity. Our findings indicate the potency 

of cyanidin against JAK 1 protein for the inhibition of 

asthma. 
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1. Introduction 

Asthma is a chronic lung disease characterized by variable obstruction, airway hyper responsiveness (AHR), airway 

inflammation and remodeling [1]. Histological studies shows that Cytokines like IL-4 and IL-12 binds to its receptor sites to 

activate JAK protein which activates STAT (Signal Transducer and Activator of Transcription) through tyrosine 

phosphorylation [2] .This allows stat protein to dimerise and move to nucleus to mediate change in gene expression by binding 

specific DNA elements [3]. IL-4-JAK1-STAT6 signaling is responsible for asthma over-expression [4]. Hence the investigation 

focus on finding JAK1 inhibitors against asthma. There are many treatments for asthma such as corticosteroid inhalers, 

leukotriene and bronchodilators. But they do have side-effects such as vomiting, restlessness, nausea, growth retardation etc [5]. 

So, an alternative molecule is required as JAK1 inhibitor against asthma. 

QSAR (Quantitative Structure-Activity Relationship) approach helps to correlate biological activity of molecules with physico 

chemical properties in terms of descriptors. This model can be used to determine the activities of untested compounds 

quantitatively [6, 7]. A set of 95 molecules from a bioassay having nano molar inhibition towards JAK 1 are taken for the present 

study. QSAR models were created and statistical studies were done using the software Build QSAR. Superior set (training set) 

molecules were then used to generate candidate set (test set). About 13 phytochemicals were taken from Dr.Dukes 

phytochemical database to check their anti-asthmatic property using the model generated.  
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 2. Materials and methods  

 

 
 

Fig 1: General structure of data set molecules 

 

The studies started with choosing 95 pyrazole carboxamide 

based compounds from Brubaker et al [8]. These compounds 

were randomly divided into 69 training set and 26 test set 

compounds. Structures of these compounds were used for 

2D QSAR studies and using their JAK1 inhibitory activity 

(IC50-molar concentration of drug leading to 50% inhibition 

of enzyme integrate) and their negative logarithm (pIC50) 

were calculated [9, 10] (Table 1). Structures of these 

compounds were sketched using Marvin Sketch. These 

compounds were made into single file using Maestro 10.5 

interface.

Table 1: Structure and biological activity of training set (1-69) and test set (70-95) compounds and Corresponding IC50 (nM) and pIC50 
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2.1 Descriptor calculation 

Single file is then fed into PowerMV to generate descriptors 

like pharmacophore fingerprints, weighted burden number, 

topological indexes. 2D auto-correlation descriptors are 

obtained from Marvin Sketch and E-dragon softwares. 

Descriptor set with higher correlation coefficient 

(r2=0.6522) were chosen and others were discarded [11]. 

 

2.2 Regression analysis 

Selection of training set and test set molecules was done on 

the basis of having sufficient diversity in structure and 

covering wide range of biological activity [12]. Data set was 

divided into 69 training set and 26 test set compounds 

through activity sampling [13]. Training set and test 

molecules were then subjected to MLR (Multiple Linear 

Regression) analysis to predict anti-asthmatic activity of test 

set [14]. 

 

2.3 Validation using test set 

QSAR models were used to calculate squared correlation 

coefficient (r2), adjusted squared correlation coefficient 

(radj), Kubinsyi function (F), standard deviation of sum of 

square of difference between predicted and observed value 

(SPRESS), standard deviation of error prediction (SDEP) and 

cross validation coefficient (Q2) of test set [15]. These data 

were finally used to evaluate r2
pred of both set of compounds. 

A QSAR model is predictive if following conditions fulfill: 

 

r2>0.6, Q2>0.6, rpred2>0.5, p<0.0001 

 

Cross validation coefficient was calculated using the 

equation; 

   

Q2=1- {∑ (yobs-ypred) 2/∑ (yobs-ym) 2} 

 

Where yobs and ypred are the observed and predicted activities 

of the test molecules respectively and ym is the mean activity 

of training set molecules. External validation was also done 

to check the predictive power of the model created and 

pred_r2 values were calculated [16]. 

 

pred_r2 =1- {∑ (yt
obs-yt

pred) 2/∑ (yt
obs-ym) 2} 

 

2.4 Prediction of activity of phytochemicals against 

asthma 

The generated model was used to predict the inhibitory 

property of phytochemicals obtained from Duke’s 

Phytochemical database [17] against JAK 1. Their properties 

as well as their activity were calculated and are shown in 

Table 2. 

  
Table 2: Phytochemicals and their descriptors 

 

Compounds POS_03_HYP IDDE IDMT IVDE IDDM IDET IDM IAC HBD_03_ARC ATS4e 

Alpha Boswellic Acid 0 4.74 23645.31 1.95 5.02 1783.82 8.82 93.49 0 4.39 

Androsin 0 4.05 9328.21 1.57 4.50 829.97 7.76 64.29 0 3.75 

Beta Boswellic 0 4.80 23441.55 1.95 5.02 1773.20 8.83 93.49 0 4.43 

Corilagin 0 5.12 64959.83 1.49 5.46 3768.43 9.73 104.88 0 4.77 

Glycyrrhetic acid 0 4.59 25579.56 1.96 5.06 1903.03 8.92 96.46 0 4.43 

Glycyrrhetinic Acid 0 4.59 25579.56 1.96 5.06 1903.03 8.92 96.46 0 4.43 

Glycyrrhizin 0 5.42 145050.6 1.89 5.83 6916.44 10.44 169.19 0 5.03 

Lobeline 0 3.44 13039.08 1.32 4.62 1062.78 7.98 67.93 1 3.60 

Oxymatrine 0 4.04 4232.45 1.58 4.23 454.49 7.25 60.69 0 3.61 

Papaverine 0 4.24 12262.38 1.44 4.62 1027.20 7.99 67.41 0 3.77 

Piperlongumine 0 3.82 9929.23 1.51 4.50 854.43 7.75 64.67 0 3.70 

Quercitine 0 3.97 7533.79 1.54 4.43 717.25 7.64 48.53 1 3.81 

Cyanidin 0 4.39 6700.15 1.55 4.37 654.48 7.49 47.83 0 3.63 
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Fig 2: Structure of a few phytochemicals having high predictivity: 

 

3. Results and discussion 

In the present study more than 5000 descriptors were 

generated using the tools power MV and E-dragon. They 

included topological descriptors, pharmacophore 

fingerprints, weighted burden, 2D correlation, electronic, 

steric, lipophilic descriptors etc. MLR regression analysis 

was done on the dataset using Build QSAR software.10 

statistically significant descriptors were identified from 

5000 descriptors by the continuous evaluation (table 3).2D 

QSAR equation was developed using the significant 

descriptors. (Table 4) 

 
Table 3: List of descriptors used in the study 

 

Sl.No Descriptor Definition 

1 POS_03_HYP Positive ionization due to hyperconjugation 

2 IDDE Mean information content on the distance degree equality 

3 IDMT Total information content on the distance magnitude 

4 IVDE Mean information content on the vertex degree equality 

5 IDDM Mean information content on the distance degree magnitude 

6 IDET Total information content on the distance equality 

7 IDM Mean information content on the distance magnitude 

8 IAC Mean information content on the distance magnitudetotal information index on atomic composition information indexes 

9 HBD_03_ARC Hydrogen bond donor that is 3 bond away from aromatic ring 

10 ATS4e Broto-moreau auto-correlatio of lag4(log function) weighted by Sanderson electronegativity 

 

 
Table 4: Selected 2D QSAR equation 

 

 
 

Using the above equation, observed and calculated activities 

of training and test sets were calculated and a graph was  

plotted between them as shown in Fig 3. 

 

 
Table 5: Observed and calculated activities of training set molecules (as per the equation) 

 

Compound Observed activity (yobs) Calculated activity (ycal) Compound Observed activity (yobs) Calculated activity (ycal) 

1 10.39 9.67 36 7.16 7.71 

2 6.15 6.72 37 9.00 9.05 

3 6.51 6.82 38 9.00 9.05 

4 7.85 7.73 39 7.67 7.82 

5 7.92 7.97 40 9.52 9.36 

6 8.30 7.77 41 8.30 8.59 

7 6.80 7.57 42 6.4 8.39 

8 8.69 7.63 43 9.00 9.10 

9 8.69 8.46 44 8.30 8.32 

10 9.45 9.35 45 9.22 9.77 

11 9.77 8.62 46 7.82 8.32 

12 9.44 9.30 47 6.97 8.39 

13 9.22 9.30 48 8.15 8.00 

14 8.69 9.59 49 9.69 9.90 

15 9.72 9.46 50 9.82 9.67 
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16 8.69 8.29 51 9.60 9.85 

17 7.74 8.29 52 9.15 8.73 

18 8.52 8.29 53 9.52 8.89 

19 7.77 7.87 54 9.00 8.61 

20 7.38 8.53 55 10.00 10.12 

21 8.69 8.53 56 9.39 8.41 

22 7.22 7.97 57 8.04 7.80 

23 8.22 8.21 58 9.00 8.46 

24 8.22 8.10 59 9.34 9.69 

25 9.45 8.71 60 9.00 9.17 

26 9.30 9.33 61 7.92 7.37 

27 9.30 9.35 62 9.45 9.34 

28 8.69 9.15 63 9.45 9.53 

29 9.60 9.52 64 9.82 8.88 

30 8.22 9.16 65 9.00 8.38 

31 8.69 8.56 66 9.69 9.77 

32 9.00 9.14 67 9.45 8.51 

33 9.60 9.27 68 6.78 7.90 

34 9.45 9.56 69 9.82 8.60 

35 8.22 7.71    

 
Table 6: Observed and calculated activity of test set 

 

Compound Yobserved Ycalculated Compound Yobserved Ycalculated 

1 8.52 8.10 14 9.92 9.32 

2 8.22 7.92 15 8.69 8.17 

3 7.56 7.49 16 9.52 9.73 

4 8.69 9.47 17 9.15 9.22 

5 6.38 7.19 18 8.69 9.14 

6 6.60 7.43 19 9.00 9.03 

7 9.46 9.88 20 9.22 9.36 

8 8.69 7.84 21 9.22 9.08 

9 8.39 7.87 22 9.00 8.32 

10 8.00 8.10 23 8.52 9.26 

11 7.69 8.52 24 9.00 9.07 

12 7.48 8.53 25 9.52 9.00 

13 9.17 9.55 26 9.00 9.13 

 

 
 

Fig 3: Yobs v/s Ycal (training set), Yobsv/s Ycal (test set) 

 
Table 7: Regression statistics 

 

R2 Radj
2 Q2

test F S PRESS S DEP p value 

0.6522 0.5923 0.602542 9.548 0.788 0.7275 0.0000 

 

Prediction of biological activity of phytomolecules 

Around 13 phytochemicals were taken from Duke’s 

phytochemicals database which are biologically active. 

These phytochemicals were subjected to predict their 

activity against JAK 1 using the above linear equations. The 

phytochemical, cyanidin, shows the highest activity. 

  
Table 8: Predicted JAK1 inhibitory activity of phytochemical 

compounds 
 

Compounds JAK1 inhibitory activity predicted (Yp) 

Cyanidin 10.48 

Piperlongumine 10.45 
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Lobeline 10.04 

Oxymatrine 9.83 

Androsin 9.04 

Papaverine 8.73 

Alpha Boswellic Acid 6.64 

Quercitine 8.01 

Beta Boswellic 6.36 

Corilagin 6.46 

Glycyrrhetic acid 6.42 

Glycyrrhetinic Acid 6.42 

Glycyrrhizin 6.56 

 

4. Conclusion 

The QSAR model furnished in the present study has proved 

its prediction ability through the results as R2= 0.6522, p 

=0.000, F=9.548. and cross correlation coefficient of the test 

set molecules is Q2
test=0.602542. Observed and calculated 

values have showed good agreement with each other for 

training and test set taken. From this we have concluded that 

descriptors such as hydrogen bond donor, and bond distance 

are highly influenced on the biological activity of molecules 

present in the dataset. This information can make useful for 

the designing of new candidates using the present QSAR 

model against asthma. QSAR model prediction on 13 

phytochemicals taken from Duke’s Phytochemicals database 

showed that cyanidin has highest inhibitory activity for 

asthma. The anti-inflammatory property of cyanidin can be 

used for designing a better anti-asthmatic candidate. Hence, 

in silico study has revealed that Cyanidin is a potent JAK1 

inhibitor against asthma. The scaffold of this compound can 

be considered for designing better anti asthmatic candidate.  
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