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Abstract

Quantitative structure—activity relationship (QSAR) analysis for recently synthesized 4-thiazolidinones and indolin-2-one
hybrid derivatives was studied for their cytotoxic activities. The statistically significant 2D-QSAR models (= 0.8363; ¢’ =
0.5888; F test=19.4139; " se =0.2637; q’se = 0.4180; pred_r’=0.4118; pred_r’se =0.5771) were developed using multiple
linear regression (MLR) methodology with stepwise (SW) forward-backward variable selection method, when the number
of descriptors in equation was set to five, indicating the descriptors of T O S 5, T 2 O 6, SdssCE-index, chi6chain and

T N_F 4 mainly influence the cytotoxic activity. The results of the 2D-QS AR model were further compared with 3D-QSAR
model generated by kNN-MFA, (k-Nearest Neighbor Molecular Field Analysis), investigating the substitutional
requirements for the favorable receptor—drug interaction and providing useful information in the characterization and
differentiation of their binding sites. The results derived may be useful in further designing novel antitumor agent prior to
synthesis.
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Introduction

4-Thiazolidinone derivatives are an important group of heterocyclic compounds possessing a variety of
biological effects [1], including antitumor [2-4], anti-inflammatory [5], antimicrobial [6], antiviral [7],
anticonvulsant [8], antifungal [9], and antibacterial [10] activities and so on. Among them, 5-benzylidene-4-
thiazolidinone derivatives have been reported to show marked antitumor activities with different biotargets and
mechanism, such as phosphatase of a regenerating liver (PRL-3) [11], Sphingosine Kinase (SK) [12], INK-
stimulating phosphatase-1 (JSP-1) [13] and nonmembrane protein tyrosine phosphatase (SHP-2) [14].
Moreover, 5-benzylidene-4 thiazolidinone derivatives exhibited potent antitumor activities against non-small
cell lung cancer cell line H460, paclitaxel-resistant H460taxR, human colon cancer cell line HT-29 and human
breast cancer cell line MDA-MB-231 [15]. The indolin-2-one ring system belongs to the privileged structure in
modern medicinal chemistry, particularly in discovery of new antitumor and anti-angiogenic agents. Various
kinase inhibitors containing indolin-2-one moiety have been intensively studied for the inhibition of VEGFR,
c-Kit, FLT3, PDGFR-a/b, and CSF-1-R [16]. Sunitinib, a multitargeted receptor tyrosine kinase inhibitor,
interfering with tumor blood vessel formation, is approved by the FDA for the treatment of advanced renal cell
carcinoma (RCC) and gastrointestinal stromal tumors (GIST) [17]. BIBF1120, a triple angiokinase inhibitor
reported by Boehringer, is currently in phase III clinical trials in non-small cell lung cancer [18]. Indirubin, an
active ingredient of a traditional Chinese medicine recipe, has been applied to treat chronic myelocytic
leukemia [19]. Based on these facts, substituted indolin-2-one attached to the 5-benzylidene-4-thiazolidinone
scafford, and the combination of two privileged structures in one molecule leads to drug like molecules.
Indolin-2-one group was introduced at the 2-position of the 4-thiazolidonone ring and a basic side chain was
introduced at the 3-position of the 4-thiazolidinone ring, in order to improve the solubility and bioavailability of
these compounds. Recently synthesized 4-thiazolidinone and indolin-2-one hybrid derivatives were
discovered with the cytotoxic activities [20].
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Traditional computer-assisted quantitative structure—activity relationship (QSAR) studies pioneered by C.z
Hansch et al. [21] have been proved to be one of the useful approaches for accelerating the drug design process
[22], which helped to correlate the bioactivity of compounds with structural descriptors [23]. QSAR which has
become an accepted tool for establishing quantitative relationship between biological activity and descriptors
representing physicochemical properties of the compounds in a series using statistical methods and it helps to
predict the biological activities of newly designed analogues contributing the drug discovery processes [24].
Recently synthesized 4-thiazolidinone and indolin-2-one hybrid derivatives were discovered with the
cytotoxic activities (Table 1) [20]. To gain further insights into the structure-activity relationships of these
derivatives and understand the mechanism of their substitutional specificity, statistical significant 2D and 3D
QSAR models were developed between antitumor activities and structural descriptors of compounds using
molecular design suite software (VLifeMDS 4.1) [25] that can help the medicinal chemist to design new
candidates as potential antitumor agents prior to synthesis.

Materials And Methods
Selection of molecules

Data set of 38 [4-thiazolidinone and indolin-2-one hybrid derivatives] (Table 1) collected from published
literature [20] were taken for present study. The affinity data of antitumor activities were converted into the
corresponding pKi values to get the linear relationship in equation using the following formula: pKi = -log Ki,
where Ki value represents antitumor activity in IC50 (uM). Molecules were rationally divided into the training
set and test set using sphere exclusion algorithm, random selection and manual selection method, captured
structural features of the training set molecules, were used for activity prediction.

Molecular modeling

All computational experiments were performed using on HCL computer having genuine Intel Pentium Dual
Core Processor and Windows XP operating system using the software Molecular Design Suite (vlifeMDS 4.1).
Structures were drawn using the 2D draw application and converted to 3D structures and subjected to an energy
minimization and geometry optimization using Merck Molecular Force Field (MMFF), force field and charges
followed by Austin Model-1 with 10000 as maximum number of cycles, 0.01 as convergence criteria (root
mean square gradient) and 1.0 as constant (medium's dielectric constant which is 1 for in vacuo) in dielectric
properties. The default values 0f20.0 and 10.0 Kcal/mol were used for electrostatic and steric energy cutoff.

Table 1: Chemical structures and antitumor activities of
4-thiazolidinone and quinolin-2-one hybrid derivatives
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Compounds No. X Y Ki pKi
I(a)* 4- hydroxyl - 46.13 1.7517
2(b)* 4- hydroxyl H 0.98 0.1746
3(b) 4- hydroxyl 5-CHjs 1.77 0.4481
4(b) 4- hydroxyl 5-F 1.27 0.6673
5(b) 4- hydroxyl 6-F 1.43 0.3125
6(b) 4- hydroxyl 5-Cl 2.03 0.1811
7(b) 4- hydroxyl 5-Br 1.11 0.1741
8(b) 4-methoxy 6-F 2.20 0.1838
9(b) 3,4-difluoro 5-F 44.7 1.4984
10(b) 3,4-difluoro 6-F 6.4 1.1418
11(b) 3,4-difluoro 5-CH; 59.67 1.2761
12(b) 2.4-difluoro 6-F 3.20 0.3464
13(b) 2,4-dimethoxy 5-Cl 10.6 1.4408
14(b) 2,4-dimethoxy 6-F 20.53 1.2128
15(b) 2,5-dimethoxy 6-F 7.15 1.2173
16(b) 2,5-dimethoxy H 63.7 1.2747
17(b) 3,4 dioxymethylene H 0.82 0.0668
18(b) 3,4-dioxymethylene 5-CH; 4.03 0.2496

19(b) 3,4-dioxymethylene 6-F 2.81 0.0093
20(b) 3.,4,5-trimethoxy 5-F 1.70 0.3447
21(c)* 3,4-dioxymethylene H 1.02 0.05221
22(c) 3,4-dioxymethylene 5-CH; 1.86 0.2349
23(c) 3,4-dioxymethylene 5-F 0.075 0.3472
24(c) 3,4-dioxymethylene 6-F 1.91 -0.0052
25(c) 3,4-dioxymethylene 5-Cl 1.00 0.2227
26(c) 3,4-difluoro 5-F 1.30 0.6587
27(c) 3,4-difluoro 6-F 1.12 0.3062
28(c) 2.4-difluoro H 5.47 0.3892
29(c) 2,4-difluoro 6-F 2.33 0.3318
30(c) 2.4-difluoro 5-Cl 6.10 0.5598
31(c) 3.,4,5-trimethoxy H 1.67 0.0347
32(¢c) 3.,4,5-trimethoxy 5-CH; 2.67 0.2175
33(c) 3,4,5-trimethoxy 5-F 0.78 0.3297
34(c) 3.,4,5-trimethoxy 6-F 1.41 -0.0227
35(c) 3,4,5-trimethoxy 5-Cl 2.99 0.2053
36(c) 4-hydroxy 5-CH; 0.26 0.1311
37(c) 2-hydroxy 5-CHs 11.33 1.4103
38(c) 2-hydroxy 5-Br 51.67 1.3962

Ki = antitumor activity of compounds, pKi = all antitumor activities are expressed as —log (Ki), which is
pKi. (a)*- compounds containing nucleus 'a', (b)*- compounds containing nucleus 'b', (¢)*- compounds
containing nucleus 'c'.
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2D-QSAR analysis

Calculation of descriptors

Number of descriptors was calculated after optimization or minimization of the energy of the data set
molecules. Various types of physicochemical descriptors were calculated: Individual (Molecular weight, H-
Acceptor count, H-Donor count, XlogP, slogP, SMR, polarisablity, etc.), retention index (Chi), atomic valence
connectivity index (ChiV), Path count, Chi chain, ChiV chain, Chain PathCount, Cluster, Pathcluster, Kappa,
Element count (H, N, C, S count etc.), Distance based topological (DistTopo, ConnectivityIndex, WienerIndex,
Balaban Index), Estate numbers (SsCH3count, SACH2count, SssCH2count, StCHcount, etc.), Estate
contribution (SsCH3-index., SACH2-index, SssCH2-index , StCH index), Information theory based (Ipc, Id
etc.) and Polar surface area. More than 200 alignment independent descriptors were also calculated using the
following attributes. A few examples are T 2 O 77T NN 5 T 22 6, T C O 1, T O CI 5 etc. The
invariable descriptors (the descriptors that are constant for all the molecules) were removed, as they do not
contribute to QSAR.

Generation of training and test sets

In order to evaluate the QSAR model, data set was divided into training and test set using sphere exclusion,
random selection and manual selection method. Training set is used to develop the QSAR model for which
biological activity data are known. Test set is used to challenge the QSAR model developed based on the
training set to assess the predictive power of the model which is not included in model generation.

Sphere Exclusion method: In this method initially data set were divided into training and test set using sphere
exclusion method. In this method dissimilarity value provides an idea to handle training and test set size. It
needs to be adjusted by trial and error until a desired division of training and test set is achieved. Increase in
dissimilarity value results in increase in number of molecules in the test set.

Random Selection Method: In order to construct and validate the QSAR models, both internally and externally,
the data sets were divided into training [90%-60% (90%, 85%, 80%, 75%, 70%, 65% and 60%) of total data set]
and test sets [10%-40% (10%, 15%, 20%, 30%, 35% and 40%) of total data set] in a random manner. 10 trials
were run in each case.

Manual data selection method: Data set is divided manually into training and test sets on the basis of the result
obtained in sphere exclusion method and random selection method. Generation of 2D-QSAR models

MLR was used for model generation. All the calculated descriptors were considered as independent variable
and biological activity as dependent variable. Multiple regression is the standard method for multivariate data
analysis. It is also called as ordinary least squares regression (OLS). This method of regression estimates the
values of the regression coefficients by applying least squares curve fitting method. For getting reliable results,
data set having typically 5 times as many data points (molecules) as independent variables (descriptors) is
required. The regression equation takes the form

Y=Dbl*x1+b2*x2+b3*x3+c

Where, Y is the dependent variable, the 'b's are regression coefficients for corresponding 'x's (independent
variable), 'c' is a regression constant or intercept. Multiple linear regression is among the most widely used
mapping methods in QSAR in last decades.

3D-QSAR analysis
kNN-MFA

A novel three- dimensional QSAR approach has been developed based on the principles of the k-nearest
neighbor method. The method employs different variable selection procedures with either simulated annealing,
stepwise forward or genetic algorithm. Molecular Design Suite (VLifeMDS 4.1) allows user to choose probe,
grid size, and grid interval for the generation of descriptors. The variable selection methods along with the
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corresponding parameters are allowed to be chosen, and optimum models are generated by maximizing q’. k-
Nearest Neighbor Molecular Field Analysis (kKNN-MFA) requires suitable alignment of given set of molecules.
This is followed by generation of a common rectangular grid around the molecules. The steric and electrostatic
interaction energies are computed at the lattice points of the grid using a methyl probe of charge +1. These
interaction energy values are considered for relationship generation and utilized as descriptors to decide
nearness between molecules.

Nearest Neighbor (KNN) Method

The k-NN methodology relies on a simple distance learning approach whereby an unknown member is
classified according to the majority of its k-nearest neighbors in the training set. The nearness is measured by an
appropriate distance metric (e.g., a molecular similarity measure calculated using field interactions of
molecular structures). The standard k-NN method is implemented simply as follows: Calculate distances
between an unknown object (u) and all the objects in the training set; select k objects from the training set most
similar to object u, according to the calculated distances; and classify object u with the group to which the
majority of the k objects belongs. An optimal k value is selected by optimization through the classification of a
test set of samples or by leave one out cross-validation [26]. The variables and optimal k values are chosen
using different variable selection methods as described below.

kNN-MFA with Simulated Annealing

Simulated Annealing (SA) [27] is another stochastic method for function optimization employed in QSAR.
Simulated annealing (SA) is the simulation of a physical process, 'annealing', which involves heating the
system to a high temperature and then gradually cooling it down to a preset temperature (e.g., room
temperature). During this process, the system samples possible configurations distributed according to the
Boltzmann distribution so that at equilibrium, low energy states are the most populated.

kNN-MFA with Stepwise (SW) Variable Selection
This method employs a stepwise variable selection procedure combined with kNN to optimize the number of
nearest neighbors (k) and the selection of variables from the original pool as described in simulated annealing.

kNN-MFA with Genetic Algorithm

Genetic algorithms (GA) [28] first described by Holland mimic natural evolution by modeling a dynamic
population of solutions. The members of the population, referred to as chromosomes, encode the selected
features. The encoding usually takes form of bit strings with bits corresponding to selected features set and
others cleared. Each chromosome leads to a model built using the encoded features. By using the training data,
the error of the model is quantified and serves as a fitness function. During the course of evolution, the
chromosomes are subjected to crossover and mutation. By allowing survival and reproduction of the fittest
chromosomes, the algorithm effectively minimizes the rror function in subsequent generations.

Alignment rules

Molecular alignment was used to visualize the structural diversity in the given set of molecules. This was
followed by generation of common rectangular grid around the molecules. The template structure, i.e.
unsubstituted 4-thiazolidinone was used for alignment by considering the common elements of the series as
shown in Figure 1. The reference molecule 18 is chosen high protective effect which made it a valid lead
molecule and therefore was chosen as a reference molecule. After optimizing, the template structure and the
reference molecule were used to superimpose all molecules from the series using the template alignment
method. kKNN-MFA method requires suitable alignment of given set of molecules after optimization; alignment
was carried out by template based alignment method Stereoview of aligned molecules in training set and test set
isshown in Figure 2.
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Fig. 2:Template based alignment of 4-thiazolidinones
and indolin 2-one hybrid derivatives

Fig. 1: Template molecule:
Unsubstituted 4-thiazolidinone

Creation of interaction energies

Methyl probe with charge 1 and energy cut-off for electrostatic 10 Kcal/mol and for steric 30 Kcal/mol,
dielectric constant 1 and charge type Gasteiger-marsili were used to calculate steric and electrostatic fields. The
fields were computed at each lattice intersection of a regularly spaced grid of 2.0A° within defined three-
dimensional region. The total grid points generated were 4675, steric and electrostatic fields generated were
scaled by the standard method in the software.

Generation of training and test sets

In order to evaluate the QSAR model, data set was divided into training and test set using sphere exclusion,
random selection and Manual selection method. Training set is used to develop the QSAR model for which
biological activity data are known. Test set is used to challenge the QSAR model developed based on the
training set to assess the predictive power of the model which is not included in model generation.

Results And Discussion
2D-QSAR models

Different sets of 2D-QSAR models were generated using the multiple linear regression analysis in conjunction
with stepwise forward-backward variable selection method. Different training and test set were constructed using
sphere exclusion, random and manual selection method. Training and test set were selected if they follow the
unicolumn statistics, i.e., maximum of the test is less than maximum of training set and minimum of the test set is
greater than of training set, which is prerequisite for further QSAR analysis. This result shows that the test is
interpolative i.e., derived from the min-max range of training set. The mean and standard deviation of the training
and test set provides insight to the relative difference of mean and point density distribution of the two sets.

The models for antitumor activity are shown in Table 2.

Model r? q2 pred_r2 r’se qzse pred_rzse F test
0.8363 0.5888 04118 0.2637 0.4180 0.5771 19.4139

2 0.8319 0.5906 0.4060 0.2699 0.4212 0.5739 18.8121
3 0.6264 0.6227 0.3846 0.2764 0.4076 0.5578 18.0912

Table 2: Statistical results of 2D-QSAR models for antitumor activity
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The selection of the best model is based on the values of r* (squared correlation coefficient), q’ (cross-validated
correlation coefficient), pred 1’ (predicted correlation coefficient for the external test set), F (Fisher ratio)
reflects the ratio of the variance explained by the model and the variance due to the error in the regression. High
values of the F—test indicate that the model is statistically significant. r’se, q’se and pred_r’se are the standard
errors terms for r°, q° and pred r’ respectively. The statistically significant 2D-QSAR model is shown as
follows.

Model-1 (Test setsize: 4,9,12,15,16,18,19,23,26,32,33,35,37)

pKi = + 1.3163(+ 0.0405) T O S 5 - 0.1402(x 0.0008) T 2 O 6 - 0.1505(x 0.0021) SdssCE-index -
11.8788(+3.5811) chi6chain - 0.3422(£0.0477) T N_F 4+3.4167

Statistics:

n=25; Degree of freedom = 19; 1’ = 0.8363; q"=0.5888; F test=19.4139; 1’ se = 0.2637; q" se = 0.4180; pred_r’
=0.4118; pred r'se=0.5771

In this equation n is the number of molecules (Training set) used to derive the QSAR model. The QSAR model
was obtained by using manual method (biological activity sorted in ascending manner) of training and test set
data selection, where 25 of the total molecules were selected for training set while remaining 13 were selected
as test set molecules.

The Mode-1 explains 83.63 % (r*= 0.8363) of the total variance in the training set as well as it has internal (q°)
and external (pred_r’) predictive ability of 58.88% and 41.88 % respectively. The F test = 19.4139 shows the
statistical significance 0 99.98% of the model. In addition randomization test shows confidence of 99.9% that
the generated model is not random and hence it can be selected as the QSAR model.

To determine the reliability and significance of this generated model, the leave-one-out test and randomization
tests were employed. From the cross- validation test, q° (0.5888) indicated that the result obtained for above
best 2D-QSAR model was not by chance correlation.

Model k-NN q2 pred_r2 qzse DOF
1 2 0.7773 0.3005 0.1478 18
2 2 0.6766 0.3813 0.2309 18
3 2 0.5377 0.4428 0.3121 18

Table 3: Statistical results of 3D-QSAR models for antitumor activity
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Predicted Activity Predicted Activity
Compounds No. Actual Activity Model-1 2D-QSAR) Model-2 (3D-QSAR)
1(a) 17517 17517 ND
2(b) 0.1746 -0.009 0.0807
3(b) 0.4481 0.248 0.7961
4(b) 0.6673 0.104 0.1757
5(b) 0.3125 0.155 0.2883
6(b) 0.1811 0.307 0.1537
7(b) 0.1741 0.045 0.2089
8(b) 0.1838 0.342 0.4769
9(b) 1.4984 1.65 ND
10(b) 1.1418 0.806 0.5272
11(b) 1.2761 1.776 ND
12(b) 0.3464 0.505 0.3225
13(b) 1.4408 1.025 0.7955
14(b) 1.2128 1312 ND
15(b) 1.2173 0.854 0.8744
16(b) 1.2747 1.804 ND
17(b) 0.0668 -0.086 0.1090
18(b) 0.2496 0.605 0.4623
19(b) 0.0093 0.449 0.5409
20(b) 0.3447 0.23 0.2918
21(c) 0.05221 0.009 0.2882
22(c) 0.2349 0.27 0.1764
23(c) 0.3472 -1.125 0.0144
24(c) -0.0052 0.281 0.2882
25(c) 0.2227 0 0.0124
26(c) 0.6587 0.114 0.0206
27(c) 0.3062 0.049 0.0524
28(c) 0.3892 0.738 0.9359
29(c) 0.3318 0.367 0.2895
30(c) 0.5598 0.785 0.6734
31(c) 0.0347 0.223 0.4409
32(c) 0.2175 0.427 0.4361
33(c) 0.3297 -0.108 0.4624
34(c) -0.0227 0.149 0.2372
35(c) 0.2053 0.476 0.5265
36(c) 0.1311 -0.059 0.2403
37(c) 1.4103 1.054 ND
38(c) 1.3962 1.713 ND

ND = Not determine

Table 4 represents the predicted biological activity by the Model-1 for training and test set respectively.
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Table 4: Actual and predicted activities of Model-1 (2D-QSAR) and Model-2 (3D-QSAR) for antitumor activity
In the QSAR equation, the positive coefficient value of T O_S 5 [count of number of oxygen atoms (single,

double or triple bonded) separated from sulphur atom by 5 bond distance in molecule] on the biological activity
indicated thathigher T O S 5 value leads to better antitumor activity.

The negative coefficient value of T 2 O 6 [count of number of double bounded atoms (i.e. any double bonded
atom, T 2)separated from oxygen atom by 6 bonds], SdssCE-index

[electrotopological state indices for number of carbon atom connected with double and two single bonds],
chi6bchain[ [, T N F 4 [count of number of nitrogen atoms (single, double or triple bounded)separated from
any fluorine atom(single or double bonded) by 4 bond distance in molecule] descriptors indicated that decrease
value lead to better antitumor activity. Figure 3 represents the contribution chart showing contribution of the
various descriptors playing important role in determining the antitumor activity. It reveals that the descriptors
T O S 5, contributes 37% and T 2 O 6, SdssCE-index, chi6bchain, T N F 4 inversely contribute 16%,
12%, 17%, 21% respectively to biological activity. Figure 3 represent the data fitness plot of actual vs predicted
activity for Model-1, provides an idea about how well the Model-1 was trained and how well it predicts the
activity of the external test set. From Figure 4 it can be seen that the model is able to predict the activity of the
training set quiet well as well as external test set, providing confidence of the Model-1.
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Fig. 3: Contribution chart and Data fitness plot for Model-1 (2D-QSAR).
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Fig. 4 : Graph between actual and predicted biological activity for training and test sets for Model-1(2D-QSAR).
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3D-QSAR model

3D-QSAR was studied on 31 molecules. Because when study was carried out on 38 molecules satisfactory
results were not obtained. So those molecules which were potent enough were used for 3D-QSAR study and
remaining compounds (1,9, 11, 14, 16,37, and 38) were excluded.

Different sets of 3D-QSAR model were generated by kKNN-MFA include both the electrostatic, steric
descriptors along with their range to indicate their importance for interaction in molecular field. Different
training and test set were constructed using sphere exclusion, random and manual selection method. Training
and test set were selected if they follow the unicolumn statistics, i.e., maximum of the test is less than maximum
of training set and minimum of the test set is greater than of training set, which is prerequisite for further QSAR
analysis. This result shows that the test is interpolative i.e., derived from the min-max range of training set. The
mean and standard deviation of the training and test set provides insight to the relative difference of mean and
point density distribution of the two sets.

The statistical significant 3D-QSAR models for antitumor activity are given in Table 3. The selection of the best
model is based on the values of q’ (the internal predictive ability of the model) and that of pred_r” (the ability of
the model to predict the activity of external test set). As the cross-validated correlation coefficient (q°) is used as
a measure of reliability of prediction, the correlation coefficient suggests that our model is reliable and
accurate. The statistical significant 3D-QSAR model is given below.

Model-2 (Test setsize 2,4,7,15,16,18,19,20,25,28,31)
pKi=S 1369 (-0.115,-0.100)E_1021(-1.437,-1.334)

Statistics:
n=17, Degree of freedom =18, q*=0.7773, q’se =0. 1478, pred_r’=0.3813, pred r’se=0.5231

The Model-2 explains values of k (2), q° (0.7773), pred_r* (0.3813), q°_se (0.1478), and pred_r’ se (0.5231)
prove that QSAR equation so obtained is statistically significant and shows the predictive power of the Model-
2 is 77.73% (internal validation). Table 4 represents the predicted biological activity by the Model-2 for
training and test set respectively. Figure 5 represents the data fitness plot of actual vs predicted activity for
Model-2, provides an idea about how well the model was trained and how well it predicts the activity of the
external test set.

Predicted

-1.0 -0.5 0.0 0.5 1.0
Actual

B Training ® Test

Fig. 5: Data fitness plot for Model-2 (3D-QSAR).

From Figure 6 it can be seen that the model is able to predict the activity of the training set quiet well as well as
external test set, providing confidence of the model.
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Fig. 6: Graph between actual and predicted biological activity for training and test sets for
Model-2 (3D-QSAR).

Result plot in which 3D-alignment of molecules with the important steric and hydrophobic points contributing
in the model with ranges of values shown in the parenthesis represented in Figure 7. It shows the relative
position and ranges of the corresponding important steric and electrostatic fields in the model provides
guideline for new molecule design as follows-

(a) Stericfiled, S 1369 (-0.115,-0.100) has negative range indicates that negative steric potential is favorable
for increase in the activity and hence less bulky substituent group is preferred in that region.

(b) Electrostatic field, E 1021 (-1.437, -1.334) has negative range indicates that negative electrostatic
potential is favorable for increase in the activity and hence more electronegative substituent group is
preferred in that region.

Fig. 7: 3D-alignment of molecules with the important steric and electrostatic points contributing
Model-2 (3D-QSAR) with ranges of values shown in parenthesis.
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Taking clues from the above mentioned guidelines and looking at the developed model field plot and
corresponding important steric and electrostatic field range which shows the ranges are towards negative side
(S_1369) meaning less bulky substituent group is preferred and negative side for (E_1021) meaning more
electronegative substituent group is preferred at the respective sites.

In this presented work, statistically significant 2D/3D-QSAR models were generated with the purpose of
deriving structural requirements for the antitumor activities of some 4-thiazolidinone and indolin-2-one hybrid
derivatives. The validation of models was done by cross-validation test, randomization test and external test set
prediction. The best 2D-QSAR models indicated that the descriptors T O S 5, T 2 O 6, SdssCE-index

contributing 37%, 17%, 21% respectively and chi6échain, T N_F 4 contributing 16%, 12% respectively to
biological activity. The best 3D-QSAR model constructed by KNN-MFA method, providing useful information
on substitutional requirements for the favorable antitumor activity and characterization and differentiation of
their binding sites. In conclusion, the information provided by the robust 2D/3D-QSAR models use for the

design of new molecules and hence, this method is expected to provide a good alternative for the drug design.
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