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Abstract

A set of twenty N-alkyl substituted isatins derivas with anticancer activity was subjected to
the two dimensional quantitative structure activijationships (2D-QSAR) studies using MDS
3.0 drug designing module with various combinatiohshermodynamic, electronic and spatial
descriptors. N-alkylation’s of isatin derivativeskén as the lead molecule and QSAR model
developed using different multiple regression appho Logarithmic inverse value of IC-50 was
taken as dependent variable and Bromines Courf, aitinil SA Hydrophilic Area was taken as
independent variable. The best QSAR modek(D.92, Fisher test value F=42.72se = 0.14)
has acceptable statistical quality and predictio¢eptial as indicated by the value of cross
validated squared correlation coefficient{.84). From the build model it seems to be clear
that Bromines Count, chi2 and SA Hydrophilic Aremtibute negative biological activity. Thus
this validated model brings important structurakigmt to aid the design of novel anti-
mycobacterial agents.
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Introduction

At present, cancer is the leading disease-relaadecof death of the human population in some
areas of the world, and it is predicted to contittubecome the leading cause of death within the
coming years [1]. Chemotherapy, or the use of cbalmagents to destroy cancer cells, is a
mainstay in the treatment of malignancies. A majdvantage of chemotherapy is its ability to

treat widespread or metastatic cancers, wheregeryuand radiation therapies are limited to

treating cancers that are confined to specific arddne chemotherapy has aroused many
researchers’ interests and a great deal of cusfotts has been focusing on the design and
development of varied anticancer drugs.
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The isatin molecule (1H-indole-2, 3-Dione) is asagile moiety that displays diverse biological
activities [2],including anticancer activity [3, 4]. N-alkylateddoles have also been reported to
exhibit anticancer activity. For example, the ind@mide D-24851 has been found to be block
cell cycle progression in a variety of malignantl dme including those derived from the
prostate, brain, breast, pancreas and colon [Bplé&s derivative vincristine and vinblastine Fig
1, is mainly useful for treating Hodgkin's diseadgmphocytic lymphoma, histiocytic
lymphoma, advanced testicular cancer, advancedtbcaacer, Kaposi's sarcoma, and Letterer-
Siwe disease.

Fig.1. Structure of vincristine and vinblastine
Experimental Section

The biological data used in this study are thehiiimn of human monocyte-like, histiocytic
lymphoma cell (IGy) of a series of N-Alkylation’s of isatin derivaéis. The synthesis and
determination of the activity of these compoundsehalready been reported in literature [5].
Their study indicated that cytotoxicity activity agst a panel of cancer cell, of a range of N-
alkylated isatins including aliphatic and aromatibstituted groups, as well as different bromine
substitution pattern on the isatin moiety. The gahstructure of these analogues is shown in
Fig. 2 and Tables | list the structural featuresl amti-cancer activity of the respective
compounds under study. The biological data werevexded to logarithmic scale (pig} in
mathematical operation mode of software to reddeweess of data set and then used for
subsequent QSAR analysis as dependent variables.

Molecular Modeling

The molecular modeling studies were performed uMb$ 3.0, supplied by V Life science [6].
The structure of each compound was drawn in 2daqmole of software and export in 3D mode
for create 3D model. Energy minimization was perfed of each model using Merk Molecular
Force Field (MMFF). Complete geometry optimizatiwas performed taking the most extended
conformations as starting geometries. The basenefgy minimization is that the drug binds to
effectors/receptor in the most stable form i.e.imum energy state form.

Available online at www.jocpr.com 200



R K Prasad et al Journal of Chemical and Pharmaceutical Research, 2009, 1(1): 199-206

Fig. 2: General structure of N-Alkyl isatin of derivative.

Tablel: Biological Activity Data of N-alkyl Substituted I satins Derivatives as Anticancer

Agents
Com [ R1 R2| R3] R4] RY IC50 | Comp.| R1 R2 | R3 R4 RBIC50
: (HM) (LM)
1. |[™~ H [Br [H [Br [6.67 |11. ) H |[Br |[H |Br|227
o | H [Br |[H [Br |3.44 |12 H |Br |H |Br|0.98
3. |w~ |H [Br|H |Brj240 |13 |=l Br |H |Br|0.63
4 H [Br |[H [Br |1.14 |14. w{ Vs |H |Br|H [Br|2.30
T ) H |Br |H |Br |049 |15. H |Br|H |Br|0.80
w{ )y |H [H [BrH 341 [16. O H |Br |H |5.21
S. ’ "|H |H |H |Br (176 |17. wl Ve | H Br |H |Br|1.19
6. | we )= |H |Br |H |Br 183 |18 H |Br|H |Br|1.13
H |Br |[H |Br |1.76 |19. (O |H Br |[H |Br |2.37
7. | =<~ |H |Br |H [Br 089 |20 Wy |H |Br [H |Br|0.76
8. @ YL E
0. HZC@ w
10, | e

Descriptor Generation

The relationship between biological activities avarious descriptors (Physiochemical and
alignment-independent) were established by secalentiltiple regression analysis (MLR) using
MDS 3.0, in order to obtain QSAR models. The MD® PBrogram was employed for the
calculation of different quantum chemical descniptoncluding heat of formation, dipole
moment, local charges, and different topologice];7elemental count including Bromine count,
fluorine count, Path count and constitutional dgsars for each molecule. Chemical parameters
including molar volume (V), molecular surface al&h), hydrophobicity (log P), hydrogen
acceptor count (HAC), hydration energy (HE) and eualar polarizability (MP) were also
calculated by using software.

Model Development

The calculated descriptors were gathered in amatax. First, the descriptors were checked for
constant or near constant values and those deteeteddiscarded from the original data matrix.
Then, the descriptors were correlated with eachrathd with the activity data. Finally, different
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regression analysis with stepwise selection anchimdition of variables was applied to the

development of QSAR models using software. Theltieagumodels were validated by leave-

one-out cross-validation procedures to check thedictivity and robustness. The anticancer
activity data and various parameters (Physiochdmaiad alignment independent) were taken as
dependent and independent variables respectivelga@melation were established between them
by employing multiple sequential regressions (MLRBytial least square (PLS) and multiple

component regression (PCR) method, using randoectgah. In the generation of QSAR model

we have selected six test and fourteen trainingAetalculations were run on a Pentium IV

personal computer (2.6 MB CPU) with the Windows offerating system.

Results and Discussion

When these compounds were subjected to QSAR asgaigsirder to developed QSAR models,
various statistically significant triparametric ardiparametric models were obtained. The
parameters for MLR method, Bromines Count, chi2 &#l Hydrophilic Area negatively
contributed where as for PLS method, bromines cocm®2 and for PCR, method Bromines
Count, Path Count and SA Hydrophilic Area were tigghy contributed in anticancer activity ,
Fig. 3 (a),(b) and (c).

For each set of descriptors [8], the best equativare obtained by the stepwise selection
methods of MLR, PLS and PCR subroutine of MDS 3@iware. The squared correlation
coefficient (f), standard error of estimate’ (se & d se) and Fisher's value (F) which
represents the F-ratio between the variance ofahettd predicted activitywvere employed to
judge the validity of regression equation.. In orttevalidate the generated QSAR models leave
one out (LOO) method was used. Squared cross atiorel coefficient (), predicted +for
external test set (pred),rZ score calculated by randomization test (Zscore*Qhighest @
value in the randomization test (best_raf) &hd Statistical significance parameter obtaingd b
randomization testof were also calculate for each model to estimageptiedictive potential of
model. The resulting regression equations given as:

Model 1 (MLR method
Log 10 (ICs0) = 4.1243 - 0.9396 Bromines Count - 0.1747 chi20062 SA Hydrophilic Area

Model 2 (PLS method)
Logio (ICsg) = 3.6416 - 0.9874 Bromines Count - 0.1511 chi2

Model 3 (PCR method)
Logio (ICs0) = 4.3480 - 0.7860 BrominesCount-0.0324 4 Pathn€du0063 SA Hydrophilic
Area

The above QSAR models indicate the effects of tfferdnt types of descriptors on the anti-
cancer activity of the studied N-Alkyl isatin of rdatives. A unified QSAR model 1 with high
statistical quality @r= 0.92, F=42.42, Precf= 0.45 and §-0.84) was obtained from the pool of
all type of descriptors. This equation containsrBirees count (signifies the number of bromines
atoms in a compound), Chi2 (signifies a retentimiex derived directly from gradient retention
times) and SA Hydrophilic Area (vdw surface dedmipshowing hydrophilic area). QSAR
model 2 with statistical quality{= 0.89, F= 98.84, Pred’=r 0.31 and &-0.82) was obtained
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which contains Bromines count and Chi2 descriptdisre as model 3 with statistical qualit§ (r
= 0.88, F= 42.45, Pred’ 0.32 and §0.78) was obtained from the pool of all type of
descriptors. This equation contains Bromine coupéth count (signifies total no. of fragments
of atoms in a compound) and SA Hydrophilic Area.

The model 1 shows overall significance level betitban 99% as the calculated F value exceed
the tabulated k>, 104001y = 7.56 and higher“qvalue (0.84) and pred” (0.45) reflects good
predictive potential of the model where as the rh@lshows overall significance level better
than 98% as the calculated F value exceed theatolF;, 124001 = 9.33 and (0.82) value
and pred 7 (0.31) and model 3 show low? ¢0.78) and pred?r(0.32), are not reflects good
predictive potential as compare of the model 1.tAdise models were screened on the basié of q
and pred_Tand the intercept to best fit line therefore mddi the best model. Statistical results
are reported in Table Il and actual activity anddicted activity of best model 1 shown in Table
lll. Fitness plot of all the three models are givenign4=(a) (b) and (c).
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Contribution Chart
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Fig. 3: Contribution chart of descriptor for (a) Modd 1 (b) Model 2 (c) Model 3
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Fig. 4: Fitness plot for (a) Model 1 (b) Model 2 (c) Moddl 3

Table: 11 Statistical Parameter of Generated M odédl by different method

Y4 Best
n 2 2 2 2 2
M ethod (Train/Test) r q F rse | gse | Pred_r Scoge Rar21d DOF
Q Q
MLR 14/6 0.927| 0.845| 42.72| 0.149| 0.218| 0.455 3.361| 0.47% 10
PLS 14/6 0.891 0.820| 98.84| 0.166| 0.215| 0.313 4594| 0.367 12
PCR 14/6 | 9885|0780 42.45| 0.179| 0.248| 0.326 | 3.361| 0475 10
Tablelll: Actual and Predicted Activity of training and test set for model 1
TRAINING SET TEST SET
. Predicted Actual Predicted
Actual Activity Activity Activity Activity
-0.0969 -0.0606 -1.1192 -0.0281
-0.0506 -0.1151 -0.3098 0.2746
0.0531 -0.0234 -0.2007 -0.6404
0.0569 0.2789 -0.0088 0.2651
0.0755 0.1243 0.2625 0.2483
0.2455 0.1827 0.3560 -0.1040
0.3617 0.2642
0.3747 0.2747
0.3802 0.4450
0.5366 0.5101
0.7168 0.9585
0.8241 0.8801
1.2455 1.2683
1.5328 1.2683
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Conclusion

The above QSAR study revealed that for anti-camo#ivity, Bromines count, Chi2 and SA
Hydrophilic Area contributes the negatively. Thigygests that by change in number of bromine
and decrease the vdw surface hydrophilic areabailhelpful for designing of more potent anti-
cancer agents.
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