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 1. Introduction 
   Phthalideisoquinoline[(S)-3-((R)-4-methoxy-6-

methyl-5,6,7,8-tetrahydro [1,3]dioxolo [4,5-g]isoquinolin-5-yl)
-6,7-dimethoxyiso-benzofuran-1(3H)-one], also commonly 
known asnoscapine(Fig. 1) is an opium alka-loid, isolated from 
Papaversomniferum. It is a non-addictive derivative of opium. 
This agent is orally available and primarily used for its 
antitussive (cough-suppressing) effects1, 2, 3.Recently noscapine  
(Figure I) and its derivatives are shown to binds with 
microtubules (MT) stoichiometrically and possesses anti-cancer 
activity 4,5.However, unlike other clinically used MT-binding 
drugs such as vincas (MT depolymerizing) and taxanes (MT 
over-polymerizing and bundling), noscapine simply suppresses 
the dynamics of MT assembly without changing the dimer/

polymer ratio. As a result of very slow MT dynamics, 
noscapine blocks cell cycle progression at mitosis 
(prometaphase), leading eventually to apoptotic cell death in 
many cancer cell types4,5,6,7,8. In addition, noscapine seems to 
be a poor substrate for the drug pumps because it remains 
effective against multidrug-resistant cancer cells9.Although 
noscapine is cytotoxic in a variety of different cancer cell lines 
in the public library of the U.S. National Cancer Institute (60-
cell screen), the IC50 values remain in the high micromolar 
ranges (21.1 to 100 µM). Opportunities must now be explored 
to acquire better and more effective deriva-tives. Indeed, some 
initial efforts have been quite encouraging in which some more 
effective derivative of the lead com-pound noscapine have been 
designed , synthesized and tested 10,11,12,13.  

With recent advances in combinatorial synthesis 
technology several thousand compounds can be rapidly 
synthesized, thus expanding the relevant chemical space. 
Hence, there is a need for predictive models like QSAR 
(Quantitative Structure Activity Relationship) that will 
prioritize compounds for screening, aid rational synthesis and 
facilitate lead identification. A QSAR model is useful in 
relating biological activity to physico-chemical and structural 
descriptors of compounds.Specifically 3D-QSAR model seems  
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to be more appropriate with better predictive 
accuracy for the newly designed compounds. A 3D-QSAR 
model is built by aligning three dimensional conformers of 
active compounds and subsequently used to score a candidate 
compound on the basis of a fitting function that evaluates the 
alignment of three dimensional chemical features to the 
model14. 

To investigate the structural determinants of 
noscapinoids responsible for anti-cancer activity, attempts were 
made to develop a 3D QSAR model utilizing “field point” 
descriptors using Forge V10 software (Cresset 
group).ForgeV10(Cresset group) is  a new integrated approach 
to producing 3D QSAR models, utilizing “field point” 
descriptors15.It uses molecular field sampling technique which 
has advantages over grid-based sampling methods used by 
many 3D QSAR model building programs. No 
parameterization of grid size or spacing needed. Moreover, the 
method is gauge invariant and reproducible and edge effectsare 
reduced as the sample positions are placed at the most 
important regions of space.We believe that our ligand-based 
approachesin identifying “field point” descriptors to develop 
3D QSAR model will provide important insights that will lead 
to the design of novel noscapinoidsas anti-cancer agents. 
 

2.  Material and Methods 

2.1 Biological data  

  We used 53 noscapine derivatives (TABLE 1)
(commonly called as noscapinoids) that were synthesized in our 
laboratory10,11,12,13 for QSAR model building. Anti-cancer 
activities of these compounds were measured against CEM, a 
multi-drug resistant human T-cell lymphoblastoid cell line 
under identical experimental conditions (to minimize bias)16. 
Cells were grown in RPMI 1640 medium (Mediatech, http://
cellgro.com) supplemented with 10% fetal calf serum, 1% 
antibiotics (penicillin/streptomycin), 2 mM 1-glutamine, at 37°
C in a humidified atmosphere with 5% CO2. Cell proliferation 
assay was performed in 96- well plates as previously 
described12. Briefly, cells were seeded in 100 µL growth 
medium at a density of 5 x 103 cells per well in 96-well plates 
and allowed to establish for 24 h. Serially diluted 
concentrations (0.01–500 µM) of noscapinoids were then added 
and cells were incubated for 72 h. We measured the inhibition 
of cell proliferation in a colorimeter by 3-(4,5-dimethylthiazol-
2-yl)-5-(3-carboxymethoxyphenyl)- 2-(4-sulfophenyl)-2 H-
tetrazolium inner salt (MTS) assay using the CellTiter96 
AQueous One Solution Reagent (Promega, Madison, WI). 

Cells were incubated with MTS for 3 h and absorbance was 
measured at a wavelength of 490 nm using a microplate reader. 
The percentage of cell survival as a function of drug 
concentration was then plotted to determine the IC50 values (the 
drug concentration needed to prevent cell proliferation by 
50%). 
2.2 Molecular modeling  

 The builder feature in Maestro (Schrödinger 
package, version 8.5)17was used to build the molecular models 
of noscapine and its analogs. An appropriate bond was assigned 
to each structure order using ligprep (Schrödinger package, 
version 2.4)18, and a unique low-energy ring conformation with 
correct chirality was generated. All structures were subjected to 
molecular mechanics energy minimizations using Macromodel 
(Schrödinger pack-age, version 9.8)19 with default settings. 
OPLS 2005 force field was used to assign partial atomic 
charges to the molecular structures.We performed complete 
geometric optimiza-tion of these structures using Jaguar 
(Schrödinger package, ver-sion 7.7)20 to ensure that the 
geometry of the structure was fairly reasonable. We have used 
hybrid density functional theory with Becke’s three-parameter 
exchange potential and the Lee-Yang-Parr correlation 
functional (B3LYP)21,22 and basis set 3-21G*23,24,25for 
geometrical optimization. 
 
2.3 Compound alignment and 3D QSAR model building. 

 
All the optimized structures along with their 

respected IC50 values were imported into Forge (version 10, 
Cresset)26for building field based 3D QSAR model.Out of 53 
molecules , we selected 43molecules as a training set to build 
the model while the remaining 10 compounds served as a test 
set to evaluate the model.Amino noscapine was considered as 
template molecule for the calculation of field points. The field 
points were generated using XED (eXtended Electron 
Distribution) force field. Four differentmolecular fields such as 
positive and negative electrostatic, “shape” (van der Waals), 
and “hydrophobic” (a density function correlated with steric 
bulk and hydrophobicity) were calculated. A maximum of 200 
conformations were generated for each molecule with long-
distance electrostatics and attractive vdW forces turned off, 
forbetter conformation populations. Duplicate conformers were 
filtered using RMS threshold value of 0.5.All conformers found 
were minimized using the XED (eXtended Electron 
Distribution) force field with a gradient cut-off value of 0.1. 

The training set molecules were aligned with the 
template molecule using maximum common substructure 
conformations generated for each molecule. A special 
conformation hunt was performed for all the training set 
molecules, where the common substructure with the reference 
molecule was held in the same conformation and groups that 
were not a part of the common substructure were again 
conformation hunted. The resulting conformations were then 
scored against the reference molecule using a scoring function 
which uses 50% field similarity and 50% Dice volume 
similarity. The top scoring conformations were presented as the 
top scoring alignments. 

All the alignments were visually inspected to ensure 
the best possible model. The collective field points of the 
training set were used to derive a gauge invariant set of 
sampling points, which reduced the number of descriptors that 
needed to be considered, while ensuring that all regions around 
the molecule which might contribute to activity are adequately 
sampled.With a distance of 1Å between the sample points, 
sample values were calculated. A sphere exclusion algorithm 
was run to filter this set down, and then the field value for each 
molecule was calculated to generate a data matrix, on which 
partial least squares (PLS) regression was applied  to generate a 
PLS model . 

Int. J. Fundamental Applied Sci. Vol. 1, No. 4 (2012) 81-87 3D QSAR model of Noscapine & its derivatives 

Figure I: Chemical structure of noscapine, which consists of an 
isoquinoline ring (top section) and a dimethoxyisobenzo-
furanone ring (lower section) 
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 2.4 Model validation 

The model was subjected to validation using test set 
data.The predictive capability of the developed QSAR model 
was validated based on several statistical tests. Prediction error 
sum of squares (PRESS) is a standard index to measure the 
accuracy of a modeling method based on the cross validation 
technique. The cross validation regression coefficient (R2

LOO) 
was calculated based on the PRESS and SSY (Sum of squares 
of deviation of the experimental values from their mean) using 
following equation: 

 

(1)    

where, Yexp, Ypred and are the experimental, 
predicted and mean values of experimental activity, 
respectively of the training set compounds. Also, the accuracy 
of the prediction of the QSAR equation was validated by R2 
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Table I: Chemical structures of noscapine and its congeners used in the 
present study, along with their observed inhibitory activity of cell prolif-
eration (CEM cell line)  
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and R2
adj. The determination coefficient in prediction (R2

test) 
was calculated using the following equation27: 

             (2)  

where  and Ytest  are the predicted values based on the 
QSAR equation (model response) and experimental activity of 

the test set compounds. is the mean activity value of the 
training set compounds.  
 

3. Results 

The IC50 value of noscapinoids determined against 
human lymphoblastoid cells (CEM) was used as anti-cancer 
activity in evaluating the structure–activity relationships of 
noscapinoids quantitatively. Given a normal distribution 
(bellshapedcurve) of activity values of a set of compounds, the 
rule of thumb in developing fairly accurate QSAR models 
suggests that the difference between the highest and lowest 
biological activity of the compounds should be three to four 
orders of magnitude 28. However, with the array of 
noscapinoids examined in this study,  many of the compounds 
(22 out of 53) have weaker activity. Given this asymmetric 
distribution of activity, the actual range of raw experimental 

IC50data in our case is, in fact is quite impressive (ranging from 
1.2 to 56 µM, Table I) and can be reasonably used to assess the 
structure–activity relationship among noscapinoids. Noscapine 
derivatives 3, 5–7, 9–14and 37-53 have significantly better 
activities (IC50< 16.0 µM) than the other compounds. On the 
contrary, derivatives 17–36 (aryl substituted N-carbamoyl/N-
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Figure II: Schematic representations of (a) different molecular 
field points of the template molecule(amino noscapine) Blue: 
Negative field points, Red: Positive field points, Yellow: 
Vander Walls surface field points,Gold/Orange: Hydrophobic 
field points. Large points indicate strong interactions and small 
fields showing less strong interactions. (b) Molecular Electro-
static Potential map of the reference molecule along with the 
field points.(c)hydrophobic surface map of the template mole-
cule (d) Vander Walls surface map of the template molecule. 
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thiocarbamoylnoscapine analogues) generally showed very 
weak or no activity. 
                   We have  divided the data set into training and test 
set compising of randomly selected 43 and 10 molecules 
respectively. Amino noscapine (molecule 11) is considered as 
template.The positive and negative electrostatic, “shape” (van 
der Waals), and “hydrophobic” (a density function correlated 
with steric bulk and hydrophobicity) fields were calculated for 
the template molecule (Figure IIa-d).  

The training set molecules were aligned with the 
template molecule using maximum common substructure 

conformations generated for each molecule. After the 
conformation hunt the top scoring conformations are presented 
as the top scoring alignments.Molecular field points are 
calculated for the given set of molecules; the positive, negative, 

surface and hydrophobic molecular field points of the training 
set molecules were showeda reasonably good alignment with 
the reference field points (Figure IIIa-f). Further themolecular 

electrostatic Potential, hydrophobic and vander walls surface 
map generated for the aligned training set are in synchronous 
with the template. 

A sample of the calculated field point positions of the 
alignment is sampled out using a sphere exclusion algorithm. 
These are used to calculate the descriptors to be used for model 
generation using PLS. The model was validated against the test 
set and determination coefficient (R2

test  for the test set was 
calculated to be 0.713 indicating high predictive ability of the 
model. The quality of the prediction models for the training set 
and test set com-pounds is shown in figure IVa-b.The 
alignment of the calculated molecular field points of the test set 
with the template molecule confirmed the reliability of the 
models shown in figure Va-f. 

The QSAR model developed in this study is 
statistically best fitted (Rtrain

2= 0.884)for the prediction of 
antitumor activities (IC50) of training and test sets of molecules, 
as reported in Table1. The quality of the prediction models for 
the training set and test set com-pounds as shown in Figure 4a-
bis appreciable. The R2 and R2

LOO values (0.884 and 0.875) of 
the model corroborate the criteria for a highlypredictive QSAR 
model29,30,31and determination coefficient (R2

test  for the test set 
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Figure III: Schematic representation of (a) the structure         
alignment of the top scoring conformatins of training set  (b)after 
molecular field points are calculated for top scoring                
conformation of training set a reasonably good alignment of the 
training set field points with the template field points is visible. A 
sample of the field point positions is sampled out using a sphere 
exclusion algorithm. These are used to calculate the descriptors 
to be used for model generation.(c) showing the overall hydro-
phobic surface of the aligned set.(d)showing the overall Vander 
walls surface of the aligned set(e) the overall positive electrostat-
ic surface of the aligned set(f) the overall negative electrostatic 
surface of the aligned set,all of them appear to be in synchronous 
with the template.  

 

 
Figure IV: Relationship between experimental and predicted 
activities(IC50) of (a) training set and (b) test set compounds 
based on 3D quantitative structure–activity relationship  
(QSAR) model; (Rtrain

2 = 88.4% ),Q2= 88.1% and determination 
coefficient (R2

test = 71.3%) for the test set. 
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was calculated to be 0.713 indicating the reliability of the 
model.  The standard error of estimate for the model was 0.159, 
which is an indicator of the robustness of the fit and suggests 
that the predicted IC50 based on QSAR model is reliable. 
Therefore, the QSAR model is highly predictive. 

5. Conclusion  

 This body of work represents the first report of a 
highly predictive Field based 3D QSAR model of noscapine 
and its derivatives (noscapinoids). Modification of the 
properties in accordance with the results of this work by 
incorporating some structural features into the scaffold 
structure of noscapine will certainly achieve the final goal of 
improved anti-cancer noscapinoids. 
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