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ABSTRACT

A series of 37 compounds of Purine-Based Hydroxamic Acid Derivatives were taken from the
literature with inhibitory activity pICsy. In the present study, we try to model some drug molecules
acting as HDACI inhibitors with antitumor activities. For QSAR studies, out of 30 compounds,
compounds (75%) were selected for the training set by random selection, using Statistica Data miner
software, for the generation of the model, and the remaining seven compounds (25%) were used for
the test set. The multiple linear regression method was applied to select the descriptors .The two
parametric model were found to be the best which gave the variance of more than 90%( R?=0.902).
Our results have indicates that the negative values of the descriptors ATSC6i and C-008 refer to a
decrease in centered broto Moreau autocorrelation of lag 6 weighted by ionization potential,
hydrophobicity and molecular refractivity will enhance the activity of the molecule. We also
predicted some new compounds, as reported in Table 6, where each compound has a higher activity
value than any compound in the existing series (Table 1).
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INTRODUCTION

Molecular modeling encompasses a range of computational
techniques used to represent and simulate the structures and
behaviors of molecules. This interdisciplinary field combines
chemistry, biology, physics, and computer science principles to
understand and predict molecular properties and interactions,
facilitating advances in drug discovery, material science, and
biochemistry. The Key Techniques in Molecular Modeling
comprises Quantum Mechanics (QM), Molecular Mechanics,
molecular dynamics, and docking studies. Density Functional
Theory (DFT) and Hartree-Fock (HF) are the widely used
Quantum Mechanics methods to calculate electronic structures
and properties of molecules at an atomic level. Molecular
Mechanics employs force fields to model molecular systems,
treating atoms as balls and bonds as springs. This approach is
computationally less demanding than QM and is used to
simulate larger biomolecular systems like proteins and nucleic
acids. Popular force fields include AMBER, CHARMM, and
OPLS. Molecular Dynamics simulations involve solving
Newton's equations of motion for a system of particles to study
the time-dependent behavior of molecules. MD provides
insights into conformational changes, stability, and interactions
over time, which are crucial for understanding protein folding
and drug-receptor interaction. Another technique of molecular

modeling is docking. Molecular docking predicts the preferred
orientation of a molecule (ligand) when bound to a target
protein, facilitating drug design by identifying potential
binding sites and affinities. Tools like AutoDock and
Schrodinger's Glide are widely used in this context. Homology
Modeling is another molecular modeling technique used when
the 3D structure of a protein is unknown, and homology
modeling builds a model based on the known structure of a
related homologous protein. This technique is essential for
studying proteins that are difficult to crystallize.

Applications in Drug Discovery: Molecular modeling is
pivotal in drug discovery, allowing researchers to efficiently
design and optimize drug candidates. By mimicking the
interaction between drug molecules and their biological
targets, molecular modeling helps predict efficacy, selectivity,
and potential side effects, significantly reducing the time and
cost associated with experimental procedures. Virtual
Screening: High-throughput virtual screening of large
compound libraries against target proteins helps identify
promising drug candidates.

e Lead Optimization: Iterative cycles of modeling and
experimental validation refine the chemical structure of
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lead compounds to
properties.

e ADME/Tox Predictions: Computational models predict
the Absorption, Distribution, Metabolism, Excretion, and
Toxicity (ADME/Tox) profiles of compounds, guiding
the selection of candidates with favorable drug-like
properties (Leach, 2001; Jensen, 2017; Jorgensen, 2004;
Karplus, 2005; Ekins, 2005; Ferreira et al., 2015).

improve their pharmacological

Challenges and Future Directions: While molecular
modeling offers powerful tools, it faces challenges like the
accuracy of force fields, the need for extensive computational
resources, and the complexity of biological systems.
Developments in machine learning and the integration of
multi-scale modeling approaches promise to enhance the
accuracy and efficiency of molecular simulations. Continued
growth in hardware, such as quantum computing, and
improved algorithms will further expand the capabilities of
molecular modeling in scientific research and pharmaceutical
development.

A class of chemicals known as histone deacetylase 1 (HDACI)
inhibitors is being studied closely in biomedical research
because of its probable therapeutic uses, especially in treating
cancer. The removal of acetyl groups from histone proteins by
histone deacetylases (HDACSs) enzymes results in chromatin
condensation and transcriptional inhibition. HDACI, a class |
HDAC family member, plays a significant role in controlling
differentiation, cell cycle progression, and gene expression.
Since HDAC1's abnormal activity has been linked to several
cancers, it is a prospective target for anticancer treatments.
Histones that have been acetylated accumulatedue to HDACI
inhibitors' suppression of HDACI's deacetylase activity.
Tumor suppressor genes and other previously silenced genes
can now be transcriptionally activated due to the more relaxed
chromatin structure caused by this hyperacetylation of
histones. Reactivating these genes can cause cell cycle arrest,
decrease the growth of cancer cells, and encourage apoptosis.

Hydroxamates, benzamides, cyclic peptides, and aliphatic
acids are among the various kinds of HDACI inhibitors. The
chemical structures and ways in which they interact with the
HDACI1 enzyme vary between the classes of inhibitors. To
efficiently block HDAC1's enzymatic activity, hydroxamate-
based inhibitors, including vorinostat (SAHA), bind to the zinc
ion in the enzyme's active site. A wide range of possibilities
for therapeutic development are provided by benzamide
derivatives, such as entinostat, which interact with the enzyme
through various molecular interactions (Bolden et al., 2006;
Ververis et al., 2013; West, 2014; Bantscheff et al., 2011;
Haberland, 2009; Li, 2016; Khan, 2012). In the present study,
we try to model some drug molecules acting as HDACI
inhibitors with antitumor activities.

METHODOLOGY

Quantitative Structure-Activity Relationship (QSAR) and
molecular docking are powerful drug discovery and design
computational tools. Recent advances in these areas have been
reported. These studies highlight the potential of QSAR and
molecular docking in developing novel therapeutics
(Basheerulla Shaik, 2017; Basheerulla Shaik, 2017; Izhar
Ahmad, 2016; Neelu Singh?; Basheerulla Shaik, 2016; Shweta
Sharma, 2016). A series of 37 compounds of Purine-Based

Hydroxamic Acid Derivativeswere taken from the literature
(Yong Chen, 2016). All the compounds are listed in Table 1,
along with their physicochemical properties and inhibition
activity. For QSAR studies, out of 30 compounds, compounds
(75%) were selected for the training set by random selection,
using Statistica Data miner software, for the generation of the
model, and the remaining seven compounds (25%) were used
for the test set to evaluate the predictability of the developed
model. ACD/Chem Sketch software has been used to draw all
the chemical structures of the compounds listed in Table 1.
4888 descriptors, including 2D 3D, were calculated using
DRAGON  software. =~ Among all the calculated
physicochemical and topological descriptors, only three
descriptors, as listed in Table 1, were found to be correlated
with the activity. In this Table, test set compounds are marked
with a superscript 'b,’ and the compounds marked with the
superscript 'c' acted as outliers and thus were removed in the
model development. The most significant structural descriptors
that were found to govern the activity of the compounds are
listed in Table 2.

RESULTS AND DISCUSSION

A multiple linear regression (MLR) analysis was performed
using NCSS software on the training set compounds to
establish a correlation between observed activity and various
calculated descriptors of the compounds. The most significant
correlation achieved was as shown by Eq. (1).

pICso = — 0.8459(£0.3425)ATSC6i— 1.8363(£0.2834)C-008 + 10.7061 (1)
n =30, " =0.902, 1., = 0.885 ;"pea= 0.872, 5 = 0.311, F = 124.235

In Eq. (1), n denotes the number of data points used in the
correlation, #° is the square of the correlation coefficient, . is
the square of cross-validated correlation coefficient obtained
by the leave-one-out (LOO) jackknife procedure, and rzpn,d is
the square of correlation coefficient obtained for test set
compounds to judge the external validity of the correlation.
Values of rzcv and 7 prea are calculated according to Egs. (2) and
(3), respectively, where y;osain Eq. (2) refers to the observed
activity of compound iin the training set and that in Eq.(3) to
the compound 7 in the test set. Similarly, yi,peq in Eq.(2) refers
to the predicted activity of compound i in the training set
obtained in leave-one-out jackknife procedure and that in
Eq.(3) to that predicted for the test set compounds by the
model obtained in the training set. However, Vay,opsa i the
equations refers to the average activity of the training set
compounds. Now, eq. 1 indicates that the negative values of
the descriptors ATSC6i and C-008 refer to a decrease in
centered broto Moreau autocorrelation of lag 6 weighted by
ionization potential, hydrophobicity and molecular refractivity
will enhance the activity of the molecule.

rzcv: 1- (Zi(yisobsd - yispred)z/ z;i(yiaobsdf yavaobsd)z) (2)
rzpr'ed: 1- (Zi(Yiaobsd - Yi,pred)z/ z:i(ymbsd_ yavaobsd)z) (3)

The correlation is supposed to be valid and have a good
internal predictive ability if #°,,> 0.60. Similarly, the external
predictive ability of the model is supposed to be good if it's
r2,,,6d> 0.5. From both parameters, the correlation expressed by
Eq. (1) is found to be quite valid. Among the remaining two
statistical parameters, s and F, s is the standard deviation, and
F is the Fischer ratio between the variances of the calculated
and observed activities. The figures within the parentheses
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Table 1. Molecules used in the present study

S. No. Molecular Structure ICs¢(nm) pICsy
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Table 2: Molecular Descriptors Used in The Present Study

Compd. No. | SpMax B(e) | SpDiam EA(bo) | GATS4m | Rlv+ | SpMax A | RDF025s | SpDiam_AEA(bo) | MATS4v
1. 4.063 7.678 0.852 0.083 2.515 86.824 5.713 -0.045
2. 4.074 7.689 1.010 0.056 2.531 94.007 5.725 -0.013
3. 4.074 7.689 1.061 0.056 2.531 88.888 5.725 -0.077
4. 4.079 7.691 1.002 0.054 2.537 97.564 5.727 -0.085
5. 4.078 7.690 0.989 0.056 2.537 100.298 5.728 -0.053
6. 4.075 7.689 1.061 0.056 2.532 107.503 5.725 -0.044
7. 4.080 7.690 1.053 0.056 2.540 122.334 5.730 0.031
8. 4.078 7.690 0.990 0.056 2.536 94.128 5.728 -0.039
9. 4.077 7.690 1.055 0.056 2.535 84.396 5.726 -0.061
10. 4.079 7.693 1.006 0.055 2.532 144.783 5.803 -0.088
11. 4.074 7.689 1.022 0.056 2.531 92.234 5.725 -0.034
12. 4.074 7.689 1.046 0.055 2.531 97.078 5.725 -0.074
13. 4.074 7.689 1.002 0.055 2.531 101.384 5.725 -0.020
14. 4.074 7.689 0.948 0.054 2.532 112.998 5.725 0.026
15. 4.074 7.689 1.031 0.056 2.531 92.640 5.725 -0.031
16. 4.074 7.689 1.021 0.057 2.531 91.646 5.725 -0.044
17. 4.074 7.689 1.026 0.057 2.531 100.942 5.725 -0.038
18. 4.074 7.689 0.945 0.039 2.532 129.619 5.725 0.024
19. 4.073 7.696 1.019 0.051 2.538 104.329 5.734 -0.044
20. 4.072 7.696 0.987 0.058 2.537 99.366 5.734 -0.001
21. 4.072 7.696 1.014 0.056 2.538 100.462 5.734 -0.042
22. 4.080 7.698 1.020 0.051 2.541 101.818 5.735 -0.033
23. 4.072 7.696 1.041 0.055 2.538 96.419 5.734 -0.048
24. 4.071 7.696 0.996 0.060 2.537 92.718 5.734 -0.018
25. 4.071 7.696 1.003 0.056 2.537 93.636 5.734 -0.042
26. 4.072 7.696 1.035 0.056 2.538 100.592 5.734 -0.075
27. 4.080 7.707 0.960 0.038 2.549 113.015 5.754 -0.009
28. 4.080 7.708 0.926 0.037 2.560 115.806 5.758 0.076
29. 4.072 7.696 1.005 0.056 2.538 99.933 5.734 -0.033
30. 4.080 7.707 0.932 0.041 2.549 112.412 5.753 0.030
31 4.080 7.708 0.898 0.040 2.560 115.132 5.758 0.113
32. 4.073 7.696 1.019 0.051 2.538 104.272 5.734 -0.044
33. 4.081 7.707 0.939 0.047 2.549 115.307 5.753 0.027
34. 4.081 7.708 0.902 0.046 2.560 116.689 5.758 0.119
35. 4.072 7.696 1.041 0.055 2.538 96.450 5.734 -0.048
36. 4.080 7.707 0.963 0.039 2.549 132.141 5.754 0.019
37. 4.081 7.708 0.927 0.039 2.560 111.568 5.758 0.105

Table 2. Molecular Descriptors Used in The Present Study

Compd. No. | GGI6 | C-008 | VEl1sign X | Eigl4 EA(ri) | Eig07 AEA(bo) | RDF120s | GGI9 | Eig05 EA(ri)
1. 0.771 | 0.000 0.030 0.224 3.090 0.007 0.220 1.985
2. 1.066 | 0.000 0.029 0.946 3.328 5.205 0.327 2.404
3. 1.124 | 0.000 0.030 0.946 3.348 56.121 0.428 2.404
4. 1.164 | 0.000 0.048 0.946 3.355 85.910 0.515 2.429
5. 1.226 | 0.000 0.234 1.026 3.586 66.050 0.641 2.513
6. 1.287 | 0.000 0.023 1.000 3.396 108.845 0.630 2.531
7. 1.249 | 0.000 0.438 1.130 3.855 112.368 0.733 2.595
8. 1.226 | 0.000 0.053 1.023 3.541 56.710 0.605 2.510
9. 1.092 | 0.000 0.030 1.008 3.354 39.808 0.381 2.427
10. 1.287 | 0.000 0.023 1.000 3.441 53.079 0.630 2.538
11. 1.124 | 0.000 0.031 0.946 3.342 21.429 0.393 2.404
12. 1.124 | 0.000 0.030 0.946 3.348 35.391 0.428 2.404
13. 1.164 | 0.000 0.031 1.000 3.350 42.177 0.438 2.404
14. 1.287 | 0.000 0.023 1.000 3.396 68.688 0.630 2.544
15. 1.124 | 0.000 0.031 0.946 3.342 29.594 0.393 2.404
16. 1.205 | 0.000 0.028 1.000 3.362 49.549 0.519 2.439
17. 1.164 | 0.000 0.031 0.989 3.350 50.875 0.438 2.404
18. 1.571 | 0.000 0.328 1.161 3.641 133911 0.619 2.511
19. 1.164 | 0.000 0.051 0916 3.346 57.627 0.459 2413
20. 1.085 | 0.000 0.049 0916 3.229 41.139 0.355 2413
21. 1.164 | 0.000 0.051 0.946 3.346 26.176 0.459 2413
22. 1.103 | 0.000 0.047 1.027 3.365 59.243 0.442 2.470
23. 1.164 | 0.000 0.049 0.946 3.352 36.160 0.475 2413
24. 1.085 | 0.000 0.049 0.946 3.229 11.372 0.355 2413
25. 1.085 | 0.000 0.049 0.946 3.229 21.138 0.355 2413
26. 1.164 | 0.000 0.049 0.946 3.352 51.139 0.475 2.413
27. 1.448 | 1.000 0.074 1.000 3.372 60.402 0.542 2.439
28. 1.404 | 1.000 0.044 1.000 3.451 50.236 0.510 2.464
29. 1.164 | 0.000 0.051 0.946 3.346 27.601 0.459 2.413
30. 1.448 | 1.000 0.076 1.000 3.367 52.207 0.526 2.439
31. 1.404 | 1.000 0.033 1.000 3.450 33.428 0.494 2.464
32. 1.164 | 0.000 0.051 0916 3.346 56.498 0.459 2413
33. 1.448 | 1.000 0.076 0.946 3.367 65.158 0.526 2.439
34. 1.404 | 1.000 0.033 0.960 3.450 44.077 0.494 2.464
35. 1.164 | 0.000 0.049 0.946 3.352 39.425 0.475 2.413
36. 1.448 | 1.000 0.074 0.956 3.372 9.245 0.542 2.439
37. 1.404 | 1.000 0.044 0.960 3.451 36.273 0.510 2.464
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Table 2. Molecular Descriptors Used in The Present Study

Compd. No. GGI1 DISPe Eigl0_AEA(ri) ATSC6i
1. 6.000 0.153 2.045 1.256
2. 7.000 0.146 2.377 1.961
3. 7.000 0.179 2.395 2.012
4. 8.000 0.117 2.543 2.373
5. 9.500 0.293 2.543 2.500
6. 9.000 0.358 2.526 2.061
7. 12.000 0.563 2.720 3.748
8. 9.500 0.406 2.538 2.252
9. 7.000 0.129 2.480 2.015
10. 9.000 0.156 2.528 2.092
11. 7.000 0.246 2.378 1.994
12. 7.000 0.275 2.407 2.061
13. 7.000 0.331 2.434 2.165
14. 9.000 0.338 2.529 2.193
15. 7.000 0.185 2.374 1.966
16. 7.500 0.256 2.491 2.096
17. 7.000 0.269 2.424 2.134
18. 9.500 0.358 2.739 2.920
19. 7.000 0.157 2.391 2.042
20. 6.000 0.169 2.346 2.026
21. 7.000 0.149 2.393 2.090
22, 7.000 0.266 2.561 2.302
23, 7.000 0.142 2.407 2.139
24, 6.000 0.164 2.347 2.071
25. 6.000 0.155 2.346 2.071
26. 7.000 0.157 2.410 2.180
27. 7.500 0.207 2.543 2.347
28. 7.000 0.165 2.543 2.601
29. 7.000 0.179 2.395 2.133
30. 7.500 0.221 2.540 2.300
31. 7.000 0.179 2.540 2.554
32. 7.000 0.157 2.391 2.042
33. 7.500 0.126 2.539 2.210
34, 7.000 0.094 2.539 2.469
35. 7.000 0.142 2.407 2.139
36. 7.500 0.110 2.542 2.306
37. 7.000 0.108 2.543 2.563
Table 3. Regression Parameters and Quality of Correlation
Model No. Variables A= (1---2) C R? R’ | RMSE, | MAE, S F
1. SpMax_B(e) -214.8028(£65.6184) | 883.8133 | 0.616 | 0.603 0.583 0.461 0.604 | 44.964
2. SpDiam EA(bo) -104.0704(£31.6859) | 809.2659 | 0.618 | 0.604 0.582 0.473 0.603 | 45.264
3. GATS4m 16.4897(+4.8338) -8.0239 0.636 | 0.623 0.569 0.436 0.589 | 48.829
4. Rlv+ 110.7587 (£30.3134) 2.6474 0.667 | 0.655 0.544 0.401 0.563 56.017
5. SpMax A -81.2872(£22.2178) | 214.8044 | 0.667 | 0.655 0.543 0.456 0.562 56.166
6. RDF025s -0.0770(%0.0204) 16.3317 | 0.681 | 0.670 0.532 0.408 0.551 59.743
7. SpDiam AEA(bo) | -65.2540(£16.9514) | 382.6184 | 0.690 | 0.678 0.525 0.419 0.543 62.178
8. MATS4v -14.2415 (£3.6766) 8.1895 0.692 | 0.681 0.523 0.393 0.541 62.957
9. GGl6 -5.9285(+1.3411) 15.6557 | 0.746 | 0.736 0.475 0.354 0.492 81.999
10. C-008 -2.0026(%0.3770) 8.8126 0.809 | 0.802 0.412 0.300 0.426 | 118.423
11. VElsign X -2.9472(+1.3616) 9.0469
C-008 -2.0764(0.2943) 0.890 | 0.881 0.313 0.231 0.330 | 108.672
12. Eigl4 EA(ri) -4.9136(+2.2107) 13.6212
C-008 -1.9923(:0.2890) 0.892 | 0.884 0.310 0.256 | 0.326 | 111.479
13. Eig07_AEA(bo) 2.2518(0.9745) 16.4437
C-008 -1.9431(20.2852) 0.896 | 0.888 0.304 0.238 0.321 | 115.876
14. RDF120s -0.0109(£0.0046) 9.3798
C-008 -2.0357(0.2813) 0.898 | 0.890 0.301 0.227 0.317 | 118.772
15. GGI9 -3.1308(+1.3214) 10.3131
C-008 -1.8915(:0.2847) 0.898 | 0.891 0.301 0.242 | 0.317 | 118.892
16. Eig05_EA(ri) -6.0285(+2.4985) 23.5305
C-008 -1.9315(:0.2799) 0.900 | 0.892 0.298 0.233 0.314 | 121.185
17. GGI1 -0.2323(%0.0958) 10.5703
C-008 -2.0841(20.2798) 0.900 | 0.893 0.298 0.238 0.314 | 121.794
18. ATSC6i -0.8459(+0.3425) 10.7061
C-008 -1.8363(:0.2834) 0.902 | 0.895 0.295 0.224 0.311 | 124.235
19. Eigl0_AEA(ri) -3.0650(+1.2327) 16.3437
C-008 -1.7454(:0.2932) 0.903 | 0.895 0.294 0.237 | 0.310 | 125.150
20. DISPe -3.0150(%1.1898) 9.5168
C-008 -2.2330(0.2866) 0.905 | 0.897 0.291 0.243 0.307 | 127.789
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Table 4. Internal and External Validation Parameters for the Obtained Models

No. Variables Rlcv RMSEy MAE,y R’prea average [ AL
1. SpMax_B(e) 0.5610 0.9569 0.7198 0.3399 0.1400 0.3905
2. RDF025s 0.5681 1.5620 0.9625 0.2380 -0.0261 0.4763
3. SpDiam EA(bo) 0.5710 0.4934 0.3743 0.6609 0.5239 0.2728
4. GATS4m 0.5807 1.3798 0.9297 0.0167 -0.0043 0.0177
5. Rlv+ 0.6198 0.9911 0.5638 0.5850 0.1750 0.5314
6. SpMax A 0.6256 0.5200 0.4177 0.6203 0.4858 0.1252
7. GGI6 0.6517 0.7775 0.4949 0.6001 0.2567 04511
8. SpDiam_AEA(bo) 0.6528 1.9627 0.9759 0.0198 -0.0092 0.0502
9. MATS4v 0.6595 0.4389 0.3885 0.6114 0.3189 0.3987
10. C-008 0.7881 0.3514 0.3071 0.8031 0.7185 0.0974
11. VElsign X C-008 0.8631 0.3493 0.2518 0.7985 0.6843 0.1855
12. Eigl4 EA(ri) C-008 0.8633 1.2284 0.6728 0.5211 0.0668 0.6271
13. GGI9 C-008 0.8673 0.3516 0.2501 0.8749 0.6383 0.1753
14. Eig07 AEA(bo) C-008 0.8702 0.2750 0.2243 0.8688 0.7686 0.1291
15. Eig05 EA(ri) C-008 0.8707 0.9052 0.5227 0.6039 0.1885 0.5249
16. RDF120s C-008 0.8730 0.1505 0.1234 0.9514 0.9280 0.0290
17. GGI1 C-008 0.8731 0.3040 0.2323 0.8882 0.7533 0.1222
18. DISPe C-008 0.8743 0.1905 0.1693 0.9373 0.8696 0.0644
19. Eigl0 AEA(ri) C-008 0.8786 0.3980 0.3403 0.8358 0.5861 0.2155
20. ATSCeoi C-008 0.8855 0.3032 0.2086 0.8721 0.7371 0.1356
Table 5. Some Proposed Compounds Belonging to the Series of Table 1 and their Predicted Activity
Compd. No Molecule ATSC6i C-008 Pred. pICso
N \ N \ HN—OH
N N N4</
J I
AN
F N N
1.51 0 9.43
2. [oj
N \ N \O
JO RS
F \N N HO
\ 1.59 0 9.36
3. o
[ j HO
N N \NH
N
| \ N=—— [e]
B \N N <
r
\ 1.57 0 937
4. O
[ j HO
N \ N \NH
; N4</ :\>_<
NF
| \ N— o]
F \N N <
\ 1.71 0 9.26
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Table 6. Observed and Calculated pICs, Values of Two-Variable Model

S. No. Status pOIsz 5(;' Cald. by Model ApICso Model Pred. LOO Model
1 Prediction 9.350 9.644 0.294 -
2 Training 9.260 9.047 -0.213 9.032
3 Training 9.350 9.004 -0.346 8.982
4 Training 8.990 8.698 -0.292 8.684
5 Training 8.800 8.591 -0.209 8.577
6 Prediction 8.290 8.963 0.673 -
7 Training 7.520 7.536 0.016 7.572
8 Training 9.000 8.801 -0.199 8.792
9 Prediction 9.010 9.002 -0.008 -
10 Prediction 9.070 8.936 -0.134 -
11 Prediction 9.000 9.019 0.019 -
12 Training 8.700 8.963 0.263 8.978
13 Training 8.210 8.875 0.665 8.906
14 Training 8.000 8.851 0.851 8.890
15 Training 9.190 9.043 -0.147 9.033
16 Training 9.090 8.933 -0.157 8.925
17 Training 8.960 8.901 -0.059 8.898
18 Training 8.000 8.236 0.236 8.287
19 Training 8.980 8.979 -0.001 8.979
20 Training 8.940 8.992 0.052 8.996
21 Training 8.950 8.938 -0.012 8.937
22 Training 8.800 8.759 -0.041 8.757
23 Training 9.000 8.897 -0.103 8.892
24 Training 9.310 8.954 -0.356 8.935
25 Training 9.260 8.955 -0.306 8.938
26 Training 9.000 8.862 -0.138 8.856
27 Training 6.960 6.884 -0.076 6.871
28 Training 6.900 6.669 -0.231 6.628
29 Prediction 8.860 8.902 0.042 -
30 Training 6.780 6.924 0.144 6.949
31 Training 6.720 6.709 -0.011 6.707
32 Training 8.580 8.979 0.399 9.002
33 Training 6.620 7.000 0.380 7.071
34 Training 6.520 6.781 0.261 6.825
35 Training 8.800 8.897 0.097 8.902
36 Prediction 7.210 6.919 -0.291 -
37 Training 7.170 6.702 -0.468 6.621
10.0
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9.0
o L A® AA r"h
g A
3 A
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2 .
o
a 7.0 L A4 @
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Figure 1. Correlation Between Observed and Calculated pICsy Using eq. 1
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Figure 2. Correlation Between Observed and Calculated pICsy Using eq 4
Table 7. Observed and Calculated pICs, Values of one Variable Model
pICsy
S. No. Status Obsd. Cald. by ApICso Pred. LOO
Model Model
Model
1 Prediction 9.350 8.813 -0.537 -
2 Training 9.260 8.813 -0.447 8.792
3 Training 9.350 8.813 -0.537 8.788
4 Training 8.990 8.813 -0.177 8.805
5 Training 8.800 8.813 0.013 8.813
6 Prediction 8.290 8.813 0.523 -
7 Training 7.520 8.813 1.293 8.871
8 Training 9.000 8.813 -0.187 8.804
9 Prediction 9.010 8.813 -0.197 -
10 Prediction 9.070 8.813 -0.257 -
11 Prediction 9.000 8.813 -0.187 -
12 Training 8.700 8.813 0.113 8.818
13 Training 8.210 8.813 0.603 8.840
14 Training 8.000 8.813 0.813 8.850
15 Training 9.190 8.813 -0.377 8.796
16 Training 9.090 8.813 -0.277 8.800
17 Training 8.960 8.813 -0.147 8.806
18 Training 8.000 8.813 0.813 8.850
19 Training 8.980 8.813 -0.167 8.805
20 Training 8.940 8.813 -0.127 8.807
21 Training 8.950 8.813 -0.137 8.806
22 Training 8.800 8.813 0.013 8.813
23 Training 9.000 8.813 -0.187 8.804
24 Training 9.310 8.813 -0.497 8.790
25 Training 9.260 8.813 -0.447 8.792
26 Training 9.000 8.813 -0.187 8.804
27 Training 6.960 6.810 -0.150 6.785
28 Training 6.900 6.810 -0.090 6.795
29 Prediction 8.860 8.813 -0.047 -
30 Training 6.780 6.810 0.030 6.815
31 Training 6.720 6.810 0.090 6.825
32 Training 8.580 8.813 0.233 8.823
33 Training 6.620 6.810 0.190 6.842
34 Training 6.520 6.810 0.290 6.858
35 Training 8.800 8.813 0.013 8.813
36 Prediction 7.210 6.810 -0.400 -
37 Training 7.170 6.810 -0.360 6.750
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with + sign refer to the 95% confidence intervals. The F-value
given in parentheses refers to the standard F-value at the 99%
level. A higher value of F than this indicates a good
correlation. Thus, all descriptors used in this correlation are
found to be quite significant and if we remove them one by
one, the significance of the correlation is appreciably dropped
(Egs. 4).

pICso = —2.0026(+0.3770)C-008+ 8.8126
n=130,7 =0.809, 1, = 0.788, 1pea = 0.803, s = 0.492, F =118.42 )

Thus, from the above results, Eq. (1) has a significant
correlation between the inhibitory activity values and the
structural descriptors of the compounds. Although the
correlation does not have any mechanistic aspects, it has a
good predictive ability. A graph is drawn between the
predicted and observed activities for both the training and test
sets, showing that the model has a good predictive ability.
Figure 1 shows that almost all the points, except a few, lie near
the straight line. Thus, using Eq.1, we predicted some new
compounds, as reported in Table 6, where each compound has
a higher activity value than any compound in the existing
series (Table 1).

Docking Analysis: Molecular docking analysis was performed
on the predicted compounds (Table 5) using LeadIT FlexX
software to get the binding mode of these compounds. The
ability of a molecule to interact with an enzyme decides its
potency. For the study of molecular docking, the crystal
structure of the related enzyme is vital, which can now be
retrieved from the RCSB protein data bank. We selected the
enzyme with PDB entry code 4BKX (http://www.pdb.org). All
predicted compounds listed in Table Swere docked in this
enzyme, but there is no significant docking results were
obtained.

CONCLUSION

Topological as well as physicochemical parameters are capable
of modeling the antitumor activity. On the basis of best model
following conclusion can be drawn. The negative values of the
descriptors ATSC6i and C-008 refer to a decrease in centered
broto Moreau autocorrelation of lag 6 weighted by ionization
potential, hydrophobicity and molecular refractivity will
enhance the activity of the molecule.
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