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ABSTRACT 
Quantative Structure Activity Relationship analysis was performed using 38 small molecules without any 
particular scaffold worked against small lung cancer cell line DMS 114. The QSAR model was pIC50 = 
32.72228(+/-9.85895) +0.16592(+/-0.11717) ALogP -0.00745(+/-0.00466) AMR -3.74232(+/-1.26299) Mi 
+0.3363(+/-0.03428) RDF110m. Statistical information for that equation was SEE :0.81811, r^2 :0.8621, r^2 
adjusted :0.83584, F :32.82184 (DF :4, 21) which suggested that AlogP (Ghose-Crippen LogKo/w), 
RDF110m (Radial distribution function - 100 / weighted by relative mass) create positive response and 
AMR (Molar refractivity), Mi (Mean ionization potentials (scaled on carbon atom)) create negative response 
towards PIC50 value. Then the model was validated through Golbraikh and Tropsha acceptable model 
criteria's as Q^2:0.77691 Passed (Threshold value Q^2>0.5),r^2: 0.61064 Passed (Threshold value 
r^2>0.6, |r0^2-r'0^2|: 0.11623 Passed with Threshold value |r0^2-r'0^2|<0.3). As well as the greater q2 
value was suggested the model sustainability. Applicabilty domain was identified by Euclidean and 
Mahalanobis Distance Method. All the points were merely overlapped with observed and predicted IC50 
value. So the developed QSAR model will work as a great predictor of its activity with any chemical 
scaffold.  
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RUNNING TITLE: 2D QSAR study against small lung cancer inhibitors. 

INTRODUCTION 
Small cell lung cancer was an ailment in which harmful (disease) cells frame in the tissues of the lung [1, 2]. 
The most common cause of cancer-related deaths in Europe in 2006 is lung cancer (estimated 334 800 
deaths). After prostate cancer, lung cancer is the most frequent type of cancer in men. Age-standardized 
incidence and mortality rates in 2006 were estimated to be 75.3 and 64.8/100 000/year, respectively, in 
men, and 18.3 and 15.1/100 000/year in women. Small-cell lung cancer (SCLC) was accounts for 15%–
18% of all cases [3]. In recent years the incidence of SCLC has decreased. SCLC is strongly associated 
with tobacco smoking.  Small Cell Lung Cancer was dealt with by chemotherapy and radiation therapy, 
surgery and Prophylactic Cranial Illumination (PCI) [4]. There were 221,200 new cases and 158,040 deaths 
occurred in 2015 in the United States [5]. As per Developmental Therapeutics Program NCI,NIH various 
drug molecules such as Allocolchicine, Amonafide, Busulfan, Camptothecine, Etoposide, ,Melphalan, 
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Dolastatin10, Lomustine, Mytansine and lots of other molecules were active against DMS 114 small cancer 
cell line [6,7,8] as well as all the molecules were not in a particular scaffold of chemical structure. In this 
recent work, our main intention is to develop a QSAR model to predict the activity spectrum of a new 
molecule to become active against DMS114 (small lung cancer cell line, established from cells from a 
mediastinal biopsy of a patient with small cell carcinoma of the lung) as well as till date there was no QSAR 
model to predict small lung cancer antagonize molecule with diversified scaffold.      
 
MATERIALS AND METHODS 
QSAR model was conducted by using a set of theoretical and constructive descriptors, which were 
calculated by PaDEL-descriptor: an open source software, ToMoCoMD. QSAR Model was constructed by 
use of MLR Plus Validation Tool. More than 1875 descriptors  include Ghose-Cripen Log Ko/w, Ghose-
Crippen molar refractivity, Sum of the atomic polarizabilities (including implicit hydrogens), Wildman- 
Crippen LogP and MR, Wildman-Crippen MR, Eccentric Connectivity Index: topological descriptor 
combining distance and adjacency information, H Bond Acceptor Count Number of hydrogen bond 
acceptors, McGowan characteristic volume, Wiener Polarity Number were calculated by PADEL and 
ToMoCoMD. All the explanations of relevant descriptors were enlisted in Table 1 & 2. A descriptor 
represents a quantitative property depends on the molecular structure. Theoretical descriptors were 
advantageous due to its free from uncertainty of experimental measurement and can be calculated for 
compounds before synthesis. Theoretical descriptors were employed in this QSAR study to model as an 
inhibitor of small lung cancer cell line DMS 114 as a potential anticancer agent.   
Table 1: Molecules in Training Set 
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                      Table 2: Molecules in Test Set 

Name Structure pIC50 Name Structure pIC50 
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Dataset and Descriptor Calculation 
Dataset of 38 small lung cancer cell line inhibitors was downloaded from 
http://dtp.nci.nih.gov/docs/cancer/searches/standard_mechanism.html. All the molecules SMILE format 
were transferred into .mol format by ACDLABS and structures were optimized. 2D and 3D descriptors were 
calculated using PADEL descriptor [9] and ToMoCoMD [10] software. Table 1 & 2 were showed the detail 
dataset along with chemical structure, LC50 value and pLC50 value and Table 3 resulted with useful 
descriptor explanation. 
Descriptor Pretreatment 
Inter correlated descriptor was cut off using V-WSP as variance cut off 0.0001 and correlation coefficient 
value 0.99. 
Dataset Division 
Total dataset of 38 molecules was divided into Training and Test set using Kennard Stone method as 26 
molecules were in Training set and 12 molecules in Test set. 
Suitable Descriptor Selection 
Suitable descriptor selection was performed using Stepwise MLR as F values 3.9 to 4.0. Then best subset 
was selected using 4 descriptor combination and r2 cut off value 0.6. 
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The chemometric tool 
The development of QSAR equation was implemented two methods (1) Stepwise regression (2) multiple 
linear regressions with factor analysis as pre processing factor analysis for variable selection (FA-MLR). 
Table 3: List of relevant descriptor with explanation  
SN  Abbreviation     descriptors Explanation of descriptors  

 
1.     AlogP  Ghose-Crippen LogKow 
2. SpMin3_Bhv Burden modified eigenvalues 
3. ntN Total number of Nitrogen Atoms 
4. ETA_Beta_ns A measure of electron-richness of the molecule 
5. Crippen MR Crippen's molar refractivity 
6. McGowan Volume McGowan characteristic volume 
7. VABC Van der Waals volume calculated 
8. nRing No of Ring 
9. nRotb No of Rotatable Bonds 
10. Phia Kappa flexibility Index 
11. Bac Balaban Centric Index 
12. AlogP Ghose-Crippen LogKow 
13. Crippen LogP Crippen's  LogP 
14. XLogP  XLogP 
15. AMR Molar refractivity 
16. TopoPSA Topological Polar Surface Area 
17. Wpol Weiner polarity number   
18. MW  Molecular Weight 
19. ETA Electro Topochemical Descriptor 
   
Stepwise regression 
Multi step linear equation, a multistep equation was built by step by step. The basic procedure involved: (i) 
Identifying an initial model (ii) Repeating the previous step by altering descriptor or variable combination to 
achieve better f and r2 value. (iii) Calibrate the equation by justify the values in between observed and 
predicted values. The stepwise MLR was performed using statistical software SPSS and it was judged by 
parameters as explained variance (r2a), correlation coefficient (r), standard error of estimate (s) and 
variance ratio (F) at a specified degree of freedom (DF). All accepted MLR equation had regression level 
significant at 95 and 99% levels. The generated QSAR equation was validated by leave one out or LOO 
method using Minitab software and different parameters like cross validation r2 (q2), standard deviation 
based on press (SPRESS) and standard deviation of error of prediction (SDEP) [11]. 
FA-MLR 
In this case a final statistical tool was used to develop a QSAR relation, factor analysis as a data pre 
processing step to identify the important factor to identify the important variables contributing the response 
variable by avoiding co linear value. The data matrix is first standardized and correlation matrix and 
subsequently reduced correlation matrix. An eigen value problem is then solved and the factor pattern can 
be obtained from the corresponding eigen vectors. The main objectives are to display multidimensional 
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data in space of lower dimensionality with minimum loss of information (explaining > 95% of variance of 
data matrix) and to extract the basic features behind the data with ultimate goal of interpretation [12]. 
QSAR Equation Development 
MLR Plus valid software was used to developed QSAR equation, where LC50 was converted pLC50 value 
[13, 14]. 
 QSAR Equation Validation 
Golbraikh and Tropsha  acceptable model criteria's [15,16,17]  to validate a QSAR Equation 
1. Q^2 value is Passed (Threshold value Q^2>0.5). 
2. r^2 value is Passed (Threshold value r^2>0.6). 
3. |r0^2-r'0^2| value is      Passed    (Threshold value |r0^2-r'0^2|<0.3). 
 
QSAR Equation Validation 
The model was cross validated using Leave-One-Out (LOO) process [18].  Applicability domain of the 
developed QSAR equation was checked based on the response and chemical structure space in which the 
QSAR model makes predictions with a given reliability. Euclidean distance [19] and Mahalanobis [20] 
distance method.  The distance of a test compound to its nearest neighbor in the training set is compared 
to the predefined applicability domain threshold.  
 
RESULTS AND DISCUSSION 
The statistically suitable QSAR model was pIC50 = 32.72228(+/-9.85895) +0.16592(+/-0.11717) ALogP -
0.00745(+/-0.00466) AMR -3.74232(+/-1.26299) Mi +0.3363(+/-0.03428) RDF110m. Statistical information 
for that equation was SEE :0.81811, r^2 :0.8621, r^2 adjusted :0.83584, F :32.82184 (DF :4, 21. The 
Leave-One-Out (LOO) Result [21, 22] for that derived model was Q2 :0.77691, PRESS :22.73889, SDEP 
:0.93519 [23, 24]. The model was suggest that AlogP (Ghose-Crippen LogKo/w), RDF110m (Radial 
distribution function - 100 / weighted by relative mass) create positive response and AMR (Molar 
refractivity), Mi (Mean ionization potentials (scaled on carbon atom) create negative response towards 
PIC50 value.  
      Table 4: Applicability Domain data by Euclidean Distance for Training Set 

CompNo Euclidean_Distance Mean_Distance Norm_MeanDistance 
1 793.996 31.7598 0 
2 1218.38 48.7351 0.225446 
3 798.808 31.9523 0.002556 
4 813.158 32.5263 0.01018 
5 803.8 32.152 0.005208 
6 913.518 36.5407 0.063494 
7 828.975 33.159 0.018582 
8 1070.91 42.8365 0.147108 
9 2676.41 107.056 1 

10 1094.71 43.7883 0.159748 
11 1500.24 60.0095 0.375178 
12 858.793 34.3517 0.034422 
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13 1459.27 58.3709 0.353417 
14 1722.93 68.9172 0.493481 
15 2163.86 86.5546 0.727719 
16 890.055 35.6022 0.05103 
17 1494.56 59.7825 0.372164 
18 853.53 34.1412 0.031627 
19 797.16 31.8864 0.001681 
20 865.514 34.6205 0.037993 
21 833.049 33.322 0.020746 
22 1016.19 40.6474 0.118035 
23 1186.6 47.4641 0.208566 
24 2188.54 87.5418 0.74083 
25 802.691 32.1076 0.004619 
26 824.799 32.992 0.016364 

Table 5: Applicability Domain data by Euclidean Distance for Test Set 
CompNo Euclidean_Distance Mean_Distance Norm_MeanDistance 

1 242.525 22.0477 0.071257 
2 239.774 21.7976 0.059487 
3 225.867 20.5334 0 
4 302.8 27.5272 0.329095 
5 243.046 22.0951 0.073485 
6 229.802 20.8911 0.016832 
7 434.553 39.5048 0.892699 
8 253.757 23.0688 0.119306 
9 459.637 41.7852 1 

10 453.336 41.2123 0.973044 
11 255.02 23.1836 0.124706 
12 356.799 32.4363 0.56009 

Table 6: Applicability Domain data by Mahalanobis Distance for Training Set 
CompNo   MahaDist 

1 1.85447 
2 1.46744 
3 1.95945 
4 1.87621 
5 1.08202 
6 1.32065 
7 0.941459 
8 1.2401 
9 2.9618 

10 1.95432 
11 3.05896 
12 1.85028 
13 2.93352 
14 2.56264 
15 2.27964 
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16 2.40749 
17 2.0962 
18 2.41579 
19 0.847503 
20 1.19229 
21 1.4454 
22 1.20473 
23 2.74802 
24 2.40824 
25 0.197387 
26 0.932951 

 
Table 7: Applicability Domain data by Mahalanobis Distance for Test Set 

CompNo MahaDist 
1 1.14769 
2 1.89797 
3 0.741646 
4 1.73997 
5 1.95536 
6 2.16842 
7 1.88626 
8 1.41337 
9 1.97466 
10 2.52221 
11 1.35605 
12 3.05323 

Table 8: Comparison Data in between pIC50 observed and pIC50 predicted 
 pIC50 observed pIC50 predicted 

4.8 3.94 
5.9 5.59 
4 4.23 

4.1 4.3 
3.2 3.68 
2.9 3.29 
3 3.08 
4 3.71 
8 7.27 
6 6.85 
2 1.84 

2.7 5.04 
2.6 2.16 
9 8.73 

4.1 4.06 
8 8.22 
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5.5 5.72 
4 2.38 
4 3.46 

3.5 3.33 
3.8 3.59 
2 3.05 

9.3 8.1 
4.7 5.18 
4 4.23 

4.2 3.45 
4 3.95 

4.1 3.81 
3.6 3.61 
3.8 3.35 
3 3.06 

4.2 4.67 
3.1 3.27 
2.9 3.06 
3.8 3.41 
4.2 3.75 
4.2 3.27 
5.2 8.87 

   
     Figure 1: Comparison data in pIC50 observed and pIC50 predicted 
The molecular descriptor such as AMR or molar refracrtivity is an important parameter because when a 
radiation with infinite wavelength, molar refractivity represents the real volume of a molecule but also to the 
London dispersive forces that act in between drug-receptor interaction, Ghose–Crippen is the SPARTAN 
default method of calculating log P. This method depends only on the connectivity of the molecule, and it is 
independent of the wavefunction (i.e., one will get the same results for semi-empirical, HF, and DFT 
methods but this depends on how the molecule is drawn/connected). The Ghose–Crippen model is 
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parameterized for 110 atom types, including common bonds of H, C, N, O, S, and the halogens. Avoiding 
correction factors was obtained evaluating the hydrophobicity on an individual atom basis, accounting for 
the undeniable intramolecular interactions by employing a large number of atom types, as we know the 
amount of ionization potential will increase with each removal of electron from the atom; it occurs due to the 
increasing order in the firmness of the remaining positive charged atom with each other, here in the QSAR 
model ionization potential must be in decreasing order for the better activity against small lung cancer cell 
line and in case of Radial distribution function - 100 / weighted by relative mass, which was a descriptors 
are based on the distance distribution in the molecule, which was interpreted as the probability distribution 
of finding an atom in a spherical volume of radius R. This descriptor encoded with 3D chemical structure 
weighted by polarizability, electronegativity and molar volume as well as it correlates with the influence of 
the electronic structure and state in electroluminescence [25, 26]. There were some external validation 
parameters without scaling and after scaling. The external validation parameters without scaling were r^2 
:0.61064, r0^2 :-1.63343, reverse r0^2:0.4828,rm^2(test) :-0.30411,reverse rm^2(test) :0.39231, average 
rm^2(test) :0.0441, delta rm^2(test) :0.69642, rmsep:1.12933, rpred^2 :-0.36387, Q2f1 :-0.36387, Q2f2 :-
2.37916 and after scaling were rm^2(test) :0.13331, reverse rm^2(test) :0.4531, average rm^2(test) 
:0.2932, delta rm^2(test) :0.31978. Then the model was validated through Golbraikh and Tropsha 
acceptable model criteria's as Q^2:0.77691 Passed (Threshold value Q^2>0.5),r^2: 0.61064 Passed 
(Threshold value r^2>0.6, |r0^2-r'0^2|: 0.11623 Passed with Threshold value |r0^2-r'0^2|<0.3). As well as 
the greater q2 value was suggested the model sustainability. Applicabilty domain was identified by 
Euclidean and Mahalanobis Distance Method and all the results were diagrammatized at Table 4, 5, 6, 7. 
The data from Euclidean distance method was confirmed that cyclodisone from training set and 
mitozolomide from test set were outside the applicability domain. The outcomes from mahalanobis distance 
was suggested that all the data from training set were normally distributed within 0.197387 to 3.05896 and 
in case of test set this distribution was occurred in between most of the molecules were inside the 0.741646 
to 3.05323. Finally calculate the observed and predicted IC50 value and diagrammatized in Table 8 and 
Figure 1 was showed that all the points were merely overlapped with each other.  
CONCLUSION 
It can be easily concluded that if in future we have to develop a small molecule working against small lung 
cancer cell line, the developed QSAR model will work as a great predictor of its activity with any chemical 
scaffold and by which we can produce a good molecule with higher activity profile.  
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