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ABSTRACT: Vascular endothelial growth factor receptors (VEGFR) are kinase
based receptors reported as a promising target in anti tumour therapy. VGEFR
inhibitors are being investigated which can have important contribution in antiangiogenic therapy for treatment of cancer. In the present study, an attempt has been
made to develop a site-specific QSAR model in order to explore the definite sites of
substitution of a series of 4-thiazolidinone derivatives having reported antitumor
activity against h460 cell lines. Each molecule of the series was divided into seven
fragments for varying substituent at the positions R1, R2, R3, R4, R5, R6 and R7 of
the parent nucleus. GQSAR was performed using MLR, PCR, PLS and KNN
methods of variable selection. Amongst these methods, PCR has come out with
promising result as compared to other methods. A comparative docking study was
performed to explore the particular sites of interactions within the binding cavity of
VGEFR protein. (PDB id: 1Y6A). The important substitutions contributing towards
the biological activity by interpreting the developed GQSAR equation using virtual
studies were found out which are as follows. position R1 should be substituted with
groups with low electro negativity and higher atomic mass , oxygen count at R5
should be increased which would act as hydrogen bond acceptors and total polar
surface area at R7 has to be decreased by making substitutions of non polar groups
to promote hydrophobic interactions.

INTRODUCTION: Cancer is the uncontrolled
growth of cells, which can invade and spread to
distant sites of the body. Cancer can have severe
health consequences, and is a leading cause of
death. 8.2 million People die each year from
cancer, an estimated 13% of all deaths worldwide.
There are more than 100 types of cancer, including
breast cancer, skin cancer, lung cancer, colon
cancer, prostate cancer, and lymphoma 1. Vascular
endothelial growth factor (VEGF) is a signal
protein produced by cells which stimulates
angiogenesis.
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It is a part of the system that restores the oxygen
supply to tissues when blood circulation is
inadequate 2, 3. It is up regulated in cases of
tumours. It acts as an essential growth factor and
has important contributions towards tumour
angiogenesis. VGEF receptors (VGEFR) are also
expressed on tumour cells. Anti-VGEF strategies to
treat cancer were designed to target the proangiogenic function of VEGF and thereby inhibit
neovascularisation it has been suggested that direct
stimulation of tumour cells by VEGF may protect
the cells from apoptosis and increases their
resistance to conventional chemotherapy and
radiotherapy 4, 5. Anti-VEGF therapies are therefore
likely to target both the pre-angiogenic activity of
VGEF and the anti-apoptotic functions of VGEF.
Combination therapies using anti-VGEF therapies
with chemotherapy and radiotherapy are effective
against many types of tumours.
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VGEFR blockage renders tumour cells more
susceptible to conventional treatment 6, 7.
Quantitative structure activity relationships are the
most important application of chemo-metrics
giving useful information for the design of new
compounds active on a specific target 8. A good
QSAR model enhances our understanding of the
specifics of drug action and provides a theoretical
basis for lead optimization.Conventional QSAR
approaches provide information about the
necessary features for desired activity but not about
the site where the substitution has to be made 9.
Group based QSAR (G-QSAR) is a new approach
to investigate site-specific structure activity
relationship between activity and descriptors
calculated for various molecular groups of interest.
Group based lead design has shown promise in
current drug discovery and lead optimization
efforts 10-14. Docking is an important tool in
molecular modeling that contributes in exploring
the receptor binding cavity and understanding the
important ligand-receptor interaction sites 15.
Thiazolidinone an important member of
heterocyclic compounds is a saturated form of
thiazole having a carbonyl group at fourth carbon
atom 16, 17. It has been considered as a magic
moiety by many researchers because of its
important contribution in the field of drug
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discovery and its property of possessing several
various types of biological activities including
antitumor activity. It has been a nucleus of interest
because of its usefulness as intermediate for the
synthesis of many new heterocyclic compounds. It
provides different sites for substitution so that a
large combinatorial library can be designed around
it with a large chemical space 18-20.
METHODS:
The Data Set: In the present study, a congeneric
series of 38 thiazolidinone derivatives contained
indolin-2-one moiety was selected with reported
antitumor activity in terms of IC50 (µm) against non
small-cell lung cancer cell lines (H460) 1 for the
development of G-QSAR models (Table 1) 21. The
inhibitory concentration [IC50 (µm)] values were
converted to the negative logarithmic scale pIC50
(M) [pIC50= log (10^6/IC50 (µM)] for the present
work.
The whole dataset was divided into a training set
and a test set considering even distribution of
structure and activity. It was confirmed that the test
molecules are a subset of training molecules by
uni-column statistics (the minimum and maximum
value for test set should be higher and lower,
respectively than that of training set).

FIG. 1: 5A-5S
TABLE 1: DEVELOPMENT OF G-QSAR
Sl. No.
Compound
1.
5a
2.
5b
3.
5c
4.
5d
5.
5e
6.
5f
7.
5g
8.
5h
9.
5i
10.
5j
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FIG. 2: 10A-10S
X
4-hydroxy
4-hydroxy
4-hydroxy
4-hydroxy
4-hydroxy
4-hydroxy
4-methoxy
3,4-difluoro
3,4-difluoro
3,4-difluoro

Y
H
5-CH3
5-F
6-F
5-Cl
5-Br
6-F
5-F
6-F
5-CH3
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11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
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5k
5l
5m
5n
5o
5p
5q
5r
5s
10a
10b
10c
10d
10e
10f
10g
10h
10i
10j
10k
10l
10m
10n
10o
10p
10q
10r
10s

G-QSAR: GQSAR modelling was performed
using the Molecular Design Suite (VLife MDS
software package, version 4.1, from Vlife Sciences
Technologies Pvt. Ltd., India) on a Windows 7
operating system.
Molecular Fragmentation and Descriptor
Calculation: The GQSAR tool begins with the
fragmentation of each molecule in the dataset,

2,4-difluoro
2,4-dimethoxy
2,4-dimethoxy
2,5-dimethoxy
2,5-dimethoxy
2,5-dimethoxy
3,4-dioxymethylene
3,4-dioxymethylene
3,4,5-trimethoxy
3,4-dioxymethylene
3,4-dioxymethylene
3,4-dioxymethylene
3,4-dioxymethylene
3,4-dioxymethylene
3,4-difluoro
3,4-difluoro
2,4-difluoro
2,4-difluoro
2,4-difluoro
3,4,5-trimethoxy
3,4,5-trimethoxy
3,4,5-trimethoxy
3,4,5-trimethoxy
3,4,5-trimethoxy
4-hydroxy
2-hydroxy
2-hydroxy
2-hydroxy

6-F
5-Cl
6-F
6-F
H
H
5-CH3
6-F
5-F
H
5-CH3
5-F
6-F
5-Cl
5-F
6-F
H
6-F
5-Cl
H
5-CH3
5-F
6-F
5-Cl
5-CH3
H
5-CH3
5-Br

based on a set of predefined rules, before
calculating
their
corresponding
fragment
descriptors. Each molecule of the series was
divided into seven fragments for varying
substituent at the positions R1, R2, R3, R4, R5, R6
and R7 of the parent nucleus. The common scaffold
in all the molecules was selected as the template
and all other substitutions at different positions
were defined as different fragments. (Fig. 3)

FIG. 3: TEMPLATE USED FOR GQSAR
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Fragment-based
molecular
descriptors
calculation:
Individual
physicochemical
descriptors like molecular weight, hydrogen bond
donors and acceptors, retention index (chi), path
count, estate numbers, atomic valence connectivity
index (chiv), polar surface area, oxygen count,
fluorine count, hydrophilic and hydrophobic
surface area, etc were calculated for all fragments.
All descriptors with constant values among the
dataset were deleted, resulting in 564 different
descriptors (independent variables) which were
used in the QSAR analysis.
Model building:
Variable Selection Method: In order to select a
subset of descriptors (variables) from the descriptor
pool, a variable selection method known as
stepwise forward backward selection was used22, 23.
The following techniques were used to develop the
QSAR models.
Multiple Regression Analysis (MLA): Multiple
regressions is the standard method for multivariate
data analysis. Linear regression models a linear
relationship between two variables or vectors, x &
y. Thus in two dimensions, the relationship can be
describes by a straight line given by equation 1.
...................... Equation 1
Where ‘a’ is the slope of the line and b is the
intercept of the line at y-axis. The goal of linear
regression is to adapt the values of the slope and of
the intercept so that the line gives the best
prediction of y from x. This is achieved by
minimising the sum of the squares of the vertical
distances of the points from the line. While simple
linear regression uses only one independent
variable for modelling, MLA uses more variables at
a time.
This method of regression estimates the values of
the regression coefficients by applying least
squares curve fitting method. For getting reliable
results, dataset having typically 5 times as many
data points (molecules) as independent variables
(descriptors) is required. The regression equation
takes the form
Y= a0 + a1 x1 + a2 x2........+ an xn....... Equation 2
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Where Y is the dependent variable, the ‘a’s are
regression coefficients for corresponding x
(independent variable), a0 is a regression constant
or intercept 24.
Partial Least Square (PLS) Analysis: Partial least
squares regression, also called projection to latent
structure can be applied to establish a predictive
model even if the features are highly correlated.
This makes PLS an attractive method for QSAR.
The goal of PLS is to establish relationship
between the two matrices x & y. The procedure is
as follows: first, the principle component for x & y
is calculated separately. The scores of the matrix x
are then used for a regression model to predict the
scores of y, which can be used to predict y. It is an
extension of the multiple linear regressions 25.
Principal Component Analysis: It is a frequently
used method which is applied to extract the
systematic variance in a data matrix. It helps to
obtain an overview over dominant patterns and
major trends in the data. The aim of PCA is to
create a set of latent variables which is smaller than
the set of original variables. In mathematical terms,
PCA transforms a number of correlated variables
into a smaller number of uncorrelated variables, the
so-called principal components. An advantage of
PCA is its ability to cope with almost any kind if
data matrix 26.
k- Nearest Neighbour (k-NN) Analysis: The kNN method was also used to develop a QSAR
model using continuous variable i.e. using activity
as pIC50 values. In this case, by using a developed
k-NN QSAR model the activity of a molecule can
be predicted using weighted average activity (Eq.
(1)) of the k most similar molecules in the training
set.
...................... Equation 3
Where
i and yi are the actual and predicted
activity of the molecule respectively, and wi are
weights calculated using equation 4.
.................. Equation 4
The similarities were evaluated as the inverse of
Euclidean distances (dj) between molecules using
only the subset of descriptors corresponding to the
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model. Where, k is number of nearest neighbours in
the model 27, 28.
Model validation:
Internal validation of training set: To evaluate
the robustness of the generated GQSAR models,
internal validation was performed on the training
set using the leave-one-out (LOO) method 29. The
compounds from the training set were removed
individually, and the activity of each was predicted
using the model fitted to the remaining molecules.
The process is repeated until all compounds in the
training set are exhausted, and the cross-validated
coefficient of determination (q2) was found from
the equation 5:
.................. Equation 5
Where , , and denote the actual, predicted, and
average activity of training set molecules.
External validation of test set: The predictive
power of the developed models was further
validated using the squared correlation coefficient
(pred-r2) of the test set 30. The model was generated
from training set data, and the pIC50 values of test
set compounds were predicted from the model and
pred-r2 was determined from the following
equation:
. ............. Equation 5
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binding sites within the cavity which contributes in
the better binding of ligand with receptor as well as
the interactions which contributes negatively
towards the ligand-receptor binding. The docking
results were compared with the sites predicted by
GQSAR analysis.
Validation of tool: The docking software
(Autovina using PyRx) is validated prior to
docking analysis by re-docking the co-crystallised
ligand into the VFEGR (PDB Id: 1Y6A) cavity and
calculating root mean square deviation between the
atoms of co-crystallised ligand and the docked
pose. If RMSD value comes within 2, the software
could be considered suitable for the selected
receptor.
Protein and ligand preparation: The crystal
structure of VEGFR (PDB Id: 1Y6A) protein was
downloaded from the official website of protein
data bank (rcsb.org) and prepared using auto dock
tools. The missing atoms and hydrogen were
added, polar hydrogen atoms and charges of the
Gasteiger-type were assigned and it was saved in
‘pdbqt’ format. (Fig. 2)
The ligand structure were drawn in 2D format
using vLife 2D drawer tool and converted to 3D.
The structures were energy minimized using Merck
Molecular Force Field (MMFF) using convergence
criterion (RMS gradient) of 0.01 kcal/mol and
maximum number of cycles of 100. The molecules
were saved in ‘mol’ format.

Where
and
are the actual and predicted
activities of test set compounds and represents the
average activity of training set molecules.
Model evaluation criteria: The model was
considered to have a significant productivity when
the squared correlation coefficient (r2) between
descriptors and activity (pIC50) was more than 0.7.
Similarly, the models were considered to possess
significant internal and external productivity when
the cross-validated correlation coefficient of the
leave-one-out method (q2) > 0.5 and the correlation
coefficient of the training set (pred_r2) > 0.5 31.

FIG. 4: TEMPLATE USED FOR GQSAR

Molecular docking: In addition to the GQSAR
analysis, molecular docking studies were also
performed and the ligands were docked into the
binding cavity of VGEFR to explore the important

Docking: A rectangular grid of dimensions 10Å
was used to define the binding Cavity of the
receptor, the docking application was started and
the binding scores were observed. The two
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dimensional interaction of the protein and the
docked conformation of the ligand were obtained
and the important interacting sites were found out.
RESULTS AND DISCUSSION:
Group-based quantitative structure relationship
(GQSAR): Thirty eight compounds with antitumor
activity were used for fragment-based descriptor
calculation. After removing invariable descriptors,
a pool of 564 fragment based molecular descriptors
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remained and their contribution to activity variation
was evaluated. Sphere exclusion algorithms with a
dissimilarity value of +0.5 resulted in a reasonable
rational division of the data into a training set
(n=29) and test set (n=8). The calculated uni
column statistics of both sets (Table 2) show that
activity was evenly distributed within both tests
and the selected sets fulfilled the main
characteristics of valid data selection 32.

TABLE 2: STATISTICAL PARAMETERS OF ACTIVITY DISTRIBUTION WITHIN THE SELECTED TRAINING
AND TEST SETS
N
Average
Max
Min
SD
Sum
Training set
29
2.6920
5.160
0.4628
1.4337
112.6320
Test set
08
3.4397
3.9810
0.7280
1.0701
31.9571

Statistical evaluation and validation of the developed GQSAR models:
Models 1 (SWFB/PCR):
Activity = -0.85025(R5-OxygensCount) + 1.56069(R1-MomInertiaX)1.83255(R1-SAMostHydrophilic) -0.731537(R7-BalabanCdash)-0.221826
The model was generated using stepwise forwardbackward algorithms followed by principal
component regression. The statistical parameters of
model 1 are shown in Table 3. The regression
equation of the developed model 1 explains ~71%

(r2=0.71) of the total variance in the training set
and has an internal and external predictive ability
of
approximately
61%
(q2=0.61)
and
approximately 61% (pred_r2=0.61), respectively.

Models 2 (SWFB/PLS):
Activity = -1.18451(R5-OxygensCount) + 1.82268(R1-MomInertiaX) 0.651913(R1-FluorinesCount)+ 0.339449(R7-chi4) -0.243135
The model was generated using stepwise forwardbackward algorithms followed by partial least
square regression. The statistical parameters of
model 1 are shown in Table 3. The regression
equation of the developed model 1 explains ~71%

(r2=0.71) of the total variance in the training set
and has an internal and external predictive ability
of
approximately
56%
(q2=0.56)
and
approximately 58% (pred_r2=0.58), respectively.

Models 3(SWFB/MLR):
Activity = -1.16829 (R5-OxygensCount) + 1.78244(R1-MomInertiaX) -0.571869
(R1-FluorinesCount)+-0.0316311 (R7-SAHydrophilicArea)-0.243135
The model was generated using stepwise forwardbackward algorithms followed by multiple linear
regressions. The statistical parameters of model 1
are shown in Table 3. The regression equation of
the developed model 1 explains ~71% (r2=0.71) of

the total variance in the training set and has an
internal and external predictive ability of
approximately 55% (q2=0.55) and approximately
65% (pred_r2=0.65), respectively.
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TABLE 3: STATISTICAL PARAMETERS FOR THE DEVELOPED GQSAR MODELS
Statistical parameters
Model 1
Model 2
Variable selection method
PCR
PLS
N (training/test)
29/8
29/8
Degree of freedom
25
26
F-test
20.6547
32.4479
r2
0.7125
0.7140
q2
0.6118
0.5608
pred-r2
0.6131
0.5824
r2_se
0.3922
0.3836
q2_se
0.4557
0.4753
pred_r2se
0.2333
0.2423
Z Score R^2
7.78813
6.09869
Z Score Q^2
1.37110
1.12865
Best Rand R^2
0.36885
0.45304
Best Rand Q^2
0.16044
-0.00442
Alpha Rand R^2
0.00000
0.00000
Alpha Rand Q^2
0.10000
99.00000
Z Score Pred R^2
1.03895
1.30630
best Rand Pred R^2
0.72531
0.72196
alpha Rand Pred R^2
0.00000
0.10000
K(number of components)
3
2

Comparing the calculated parameters of the all the
models, it can be presumed that variable selection
by multiple linear regression (model 3) was capable
of developing a more robust and predictive
GQSAR model in terms of r2, q2, and pred-r2.
However all the three models have statistically
significant robustness and predictive power and
therefore can be used to explain the structural
requirements. Model 3 is interpreted further and is
used to explain the important structural requirement
for desired activity.
Interpretation of model 3: Fig. 3 depicts the
distribution of training and test set and indicates

Model 3
MLR
29/8
24
15.1362
0.7161
0.5508
0.6562
0.3977
0.5003
0.2199
7.20495
1.09676
0.34233
0.06470
0.00000
99.00000
1.39394
0.64183
0.10000

how the training and test sets are distributed over
the regression line. The contribution plot (Fig. 4)
tells about the contribution of each selected
descriptor towards the prediction of activity. It can
be seen from the contribution plot that at position
R1, moment of inertia which is related to the mass
of component, contributes positively while at the
same position fluorine counts contributes
negatively. At R5 position, oxygen count is playing
an important role and related inversely with the
activity. At R7 position the hydrophilic surface area
of the substituted group is related negatively with
activity.

FIG. 5: FITNESS PLOT OF MODEL 3 THAT WAS GENERATED BY STEPWISE FORWARD-BACKWARD
ALGORITHMS COUPLED WITH MULTIPLE LINEAR REGRESSIONS
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FIG. 6: CONTRIBUTION PLOT OF MODEL 3

Docking: The docking analysis showed the ligand
exhibited a binding score in a range of -8.3 to -3.4.
It was observed that the ligands 5a and 5k which
lacks R5 oxygen as well as R1- fluorine
substitutions exhibited highest binding scores while
two of the lowest binding compounds 5j and 10f
possess these substitutions. Secondly, the position

r7 is surrounded with hydrophobic amino acids
namely Leu 1038, Phe 1045, Val 846, Cys 917, etc
and hence no hydrophilic polar interaction is seen
between R7 and the binding site of the receptor and
also hydrophobic interaction has been observed to
have contribution towards binding score.(Fig. 7)

TABLE 4: DOCKING ANALYSIS
Compound
5a
5k
10l
1oi
5f
10a
10s
5e
10q
5c
10n
10c
5o
10d
10r
5g
10o
5p
5d
10g
5r
5b
10e
5m
5i
10k
10m
5n

International Journal of Pharmaceutical Sciences and Research

Docking score
-8.3
-8.3
-7.4
-7.1
-7.0
-7.0
-6.4
-6.6
-6.4
-6.2
-6.2
-6.2
-6.1
-6.1
-6.0
-5.9
-5.9
-5.8
-5.8
-5.3
-5.3
-5.2
-5.1
-5.0
-4.7
-4.7
-4.7
-4.6
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10b
5l
5s
5h
5j
10h
10f
10j
10p

-4.3
-4.3
-4.2
-4.2
-4.1
-3.9
-3.7
-3.7
-3.4

FIG. 7: 2 DIMENSIONAL INTERACTION OF LIGANDS WITH PROTEIN RECEPTOR 1Y6A (5A AND 5K: GOOD
BINDING SCORE; 5J 10F: POOR BINDING)

CONCLUSION: From the QSAR equation,
Oxygen count and fluorine count at R5 and R1
positions were found to contribute negatively
towards activity. Docking study reveals that
compounds showing good docking score 5A and
5K lacks these two substitutions while compound
with low docking score possess fluorine atom at R1
position.
G-QSAR equations tell that hydrophilic surface
area at R7 should be lowered in order to get good
activity. It is also clear from the 2D drug receptor

interaction of best scoring compound 5A that R7 is
surrounded with hydrophobic amino acid indicated
by green color and no hydrophilic interaction is
observed at the particular site. And hydrophobic
interactions were also found to contribute towards
the overall ligand-receptor binding.
From the above study it can be concluded that new
and better thiazolidinone derivatives can be
designed with enhanced target specific antitumor
activity by modifying the structure according to the
features found from the above studies.
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