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Abstract

Cyclin dependent kinases (CDKs) have appeared as an important drug targets over the years with diverse therapeutic potentials. With the
objective of designing new chemical entities with enhanced inhibitory potencies against CDK 2 (CDK2) and CDK 4 (CDK4), the 3D-QSAR
CoMFA study carried out on indenopyrazole derivatives as inhibitors of these kinases is presented here. The developed model showed a strong
correlative and predictive capability having a cross validated correlation co-efficient of 0.747 for CDK4 and 0.755 for CDK2 inhibitions. The
conventional and predictive correlation co-efficients were, respectively, found to be 0.913 and 0.760 for CDK4, 0.941 and 0.765 for CDK2. The
models could be employed to design ligands with enhanced inhibitory potencies and/or to predict the potencies of analogues to guide synthesis.

© 2006 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Protein phosphorylation is an important process in the con-
trol of protein functions. Biological phosphorylation occurs on
serine, threonine and tyrosine residues and is catalyzed by pro-
tein kinases whose number transcends 800 in the human gen-
ome. Given the importance of protein phosphorylation as a
main post-translational mechanism used by cells to regulate
enzymes and other proteins and the fact that protein hyperpho-
sphorylation is either the cause or consequence of many mala-
dies [1], kinases have increasingly become important targets
and the hunt for kinase inhibitors has attracted a great deal of
attention in drug discovery over the years [2—7].

Cyclin dependent kinases (CDKs) have been characterized
extensively in the past two decades. CDKs belong to the family
of serine/threoinine kinases that play a key role in the regula-
tion of the complex processes of the cell division cycle, apop-
tosis, transcription, and differentiation [8,9]. Thus far, members
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of this class is identified to include over nine CDKs. CDKs are
inactive as monomers and activation requires binding to the
corresponding regulatory proteins (cyclins) and phosphoryla-
tion by CDK-activating kinase (CAK) on a specific threonine
residue. The basic cell cycle is divided into four phases,
namely Gj, S, G,, and M. Specific CDKs operate in the dis-
tinct phases of the cell cycle. CDK 2 (CDK2) is required to
complete G1 and to trigger the S phase. CDK4 is required to
integrate extracellular signals and directs the cell cycle engine
according the cell’s environment. Because of their involvement
in the key regulatory processes of the cell cycle and deregula-
tion of CDKSs in various disorders, CDK inhibitors are known
to have a wide spectrum of applications ranging from proto-
zoan infections (malaria, leishmania, trypanosomiasis), viral
infections (HCMV, HSV, HIV, HPV), reproduction disorders,
cardiovascular diseases (atheroscelorosis, restenosis, cardiac
hypertrophy), gulomerulonephritis, cancers to nervous system
diseases (Alzheimer’s disease, stroke, amyotrophic disease,
drug abuse) [10].

Since its introduction in 1988, comparative molecular field
analysis (CoMFA) [11] has emerged as one of the most power-
ful tools in ligand based drug design strategies [12]. It has a
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combination of reasonable molecular description, statistical
analysis and graphical display of results. Molecular structures
are described with molecular interaction energies as steric and
electrostatic fields surrounding the molecules, the statistics is
computed by partial least square (PLS) regression analysis
and the output is displayed as contours superimposed on the
molecules. The CoOMFA methodology assumes that a suitable
sampling of steric and electrostatic fields around a set of
aligned molecules provides all the information necessary for
understanding their biological properties.

Although a number of CDK2 and CDK4 inhibitors are
reported thus far including staurosporins [13], flavonoids
[14], indigoids [15], paullones [16] and purines [17], none of
them have progressed into a clinically useful drug. Fig. 1
shows some inhibitors of these kinases. One of the main bottle-
necks hampering the developing a kinase inhibitor drug is the
difficulty to attain selectivity. This appears to stem from the
diverse nature of the kinase substrates and the common
mechanism these enzymes share among themselves. CoMFA
is generally employed to enhance the binding affinity.
CoMFA has recently been used to design selective GSK-3
inhibitors by Lescot et al. [18]. CoMFA along with docking
study has also been employed to examine the structure—activity
and structure—selectivity correlation of cyclic guanine deriva-
tives as phosphodiesterase-5 inhibitors by Yang et al. [19].
Iskander et al. [20] have used CoMFA to optimize the pharma-
cophore model for 5-HT4 agonists. The B-DNA recognition of
minor groove binders has been studied employing CoMFA by
Oliveira et al. [21]. These all attest the usefulness of such a
methodology in understanding the pharmacological properties
of a given series. The CoOMFA methodology especially when
used in a comparative investigation for compounds acting on
more than one target is valuable in pinpointing the structural
basis of the observed quantitative differences in their pharma-
cotoxicological properties. Such insights are of an aid to design
a new entity with a biased selectivity to the required receptor.
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Fig. 1. Some examples of CDK inhibitors.

With this in mind we developed the QSAR CoMFA models of
these ATP competitive CDK2 and CDK4 inhibitors in the
anticipation of getting a model that would account for the bio-
logical activity seen in this series and to capitalize upon the
insights to design ligands with pronounced inhibitory potency.
This paper reports the CoOMFA study results on indenopyrazole
derivatives with the intention of designing potential leads with
a higher inhibitory and discriminatory activity against these
enzymes.

2. Computational details
2.1. Dataset for analysis

The in vitro biological activity data reported as ICsq for
inhibition of CDK2 and CDK4 by the indenopyrazole deriva-
tives [22-26] was used for the current study. All the molecules
were obtained from sources by the same research group
reported at different times. The in vitro assays employed cell
lysates from insect cells expressing CDK2 and CDK4 and their
corresponding cyclins. The compounds were evaluated for
their inhibitory activity using *?P labeled ATP. Those mole-
cules which do not have biological activity for inhibition of
the enzyme under study in exact numerical form were excluded
from the analysis. As biological data are generally skewed, the
reported ICso values were converted into the corresponding
pICso using the following formula:

pICso = —loglCs

2.2. Molecular modeling

All molecular modeling studies were performed using the
molecular modeling package SYBYL6.9 [27] installed on a
Silicon Graphics Fuel Work station. As the crystal structure
of the complex of CDK2 with these inhibitors is not available
the most active molecule (compound 108) was docked into the
active sites of CDK2 and CDK4 using the FlexX docking algo-
rithm [28]. The conformer with the highest total FlexX score
was taken. The maximum substructure of 108 that is common
to each molecule in the series was used as a template to build
their 3D structures. The AM1 Hamiltonian was used during
energy minimization for all molecules and MOPAC [29] partial
charges were computed.

2.3. Molecular alignment

One of the fundamental assumptions wherein 3D-QSAR
studies are based is that a geometric similarity should exist
between the modeled structures and that of the bioactive con-
formation. The spatial alignment of compounds under study is
thus one of the most sensitive and determining factors in
obtaining a robust and meaningful model [11]. In the present
study the MOPAC geometry optimized structures were aligned
on the template(108) employing the divide and conquer strat-
egy [30] as follows: for compounds in Table 2 the indenopyr-
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Table 1

CoMFA PLS result summary

QSAR parameters CDK4 CDK2
ey 0.747 0.755
ONC 5 6
S.E.E. 0.315 0.191
s 0.913 0.941
Fralue 169.929 212.287
“ro 0.740 0.775
b 0.941 0.961
S.D. 0.112 0.071
7 pred 0.760 0.765
Fraction of field contributions

Steric 0.554 0.527
Electrostatic 0.446 0.473

7. =cross validated correlation co-efficient; ONC = optimum number of
components as determined by the PLS leave one out cross-validation study;
S.E.E. = standard error of estimate; % = conventional correlation co-efficient;
%1 ro = non-cross validated correlation co-efficient for the leave-five out ana-
lysis; rzp,ed = predictive correlation co-efficient; s = correlation co-efficient
after 100 runs of Bootstrapping: S.D. = standard deviation for 100 runs of
bootstrapping.

azole ring and the attached amide moiety of the most active
molecule obtained from the docking experiment was used as
a template for alignment as it is the common maximum sub-
structure in this group; for compounds 94-110 the indenopyr-
azole ring and the attached morpholinocarbamate of 108 was
used as the template whereas the indenopyrazole ring alone
was used to align compounds 111-114, 116 and 117. Each of
these class of molecules was separately aligned by the ALIGN
DATABASE command available in SYBYL using the maxi-
mum substructure common to the respective classes with the
template. Compound 115 was aligned on the template using the
ATOM-FIT command available in SYBYL6.9. Finally all
aligned molecules were combined for the molecular field gen-
eration. Fig. 2 shows the alignment of the molecules.

2.4. CoMFA interaction energies

The steric and electrostatic COMFA potential fields were
calculated at each lattice intersection of a regularly spaced
grid of 2.0 A. The grid box dimensions were determined auto-
matically in such a way that the region boundaries were
extended beyond 4 A in each direction from the co-ordinates
of each molecule. The van dar Waals potential and Columbic
terms, which represent steric and electrostatic fields, respec-
tively, were calculated using the standard Tripos force field.
A distance dependent dielectric constant of 1.00 was used. An
sp> hybridized carbon atom with +1 charge served as probe
atom to calculate steric and electrostatic fields. The steric and
electrostatic contributions were truncated to +30.0 kcal/mol
and electrostatic contributions were ignored at the lattice inter-
sections with maximal steric interactions.

2.5. PLS analysis
To quantify the relationship between the structural para-

meters (CoMFA interaction energies) and the biological activ-
ities, the PLS [31] algorithm was used. The cross-validation

analysis was performed using leave-one-out (LOO) method
wherein one compound is removed from the dataset and its
activity is predicted using the model derived from the rest of
the dataset. The cross validated 7> that resulted in optimum
number of components and lowest standard error of prediction
was taken. Equal weights for COMFA were assigned to steric
and electrostatic fields using CoOMFA STD scaling option. To
speed up the analysis and reduce noise, a minimum column
filtering value (o) of 2.00 kcal/mol was used for the cross-
validation. Final analysis (non-cross-validation) was performed
to calculate conventional /* using the optimum number of
components obtained from the leave one out cross-validation
analysis. To further assess the robustness and statistical confi-
dence of the obtained models, leave-five-out study and boot-
strapping analysis [32] for 100 runs was performed.

2.6. Predictive correlation co-efficient (rzpred)

The predictive ability of the 3D-QSAR models were deter-
mined from a set of thirty compounds that were excluded dur-
ing model development. The optimization and alignment of
these test sets were the same as that of the training set com-
pounds as described above, and their activities were predicted
using the model produced by the training set. The predictive
correlation co-efficient (rzpred), based on the test set molecules,
is computed using

Foea = (SD — PRES)/SD

where SD is the sum of the squared deviations between the
biological activities of the test set and mean activities of the
training set molecules and PRESS is the sum of squared devia-
tion between predicted and actual activity values for every
molecule in test set.

3. Results and discussion

The 3D-QSAR CoMFA studies were carried out using inde-
nopyrazole derivatives which are reported as CDK2 and CDK4
inhibitors by the same group over different times. Apart from
molecules which do not have bioactivity in exact numerical
form for the inhibition, those which lack bioactivity for both
enzymes were removed from the analysis. This was done to aid
in the comparative investigation about the structural require-
ments for interaction with the respective kinases. Following
this 119 molecules were left for the current study. During the
processes of model development and validation, we found two
molecules not to fit to either the training set or test set for both
enzyme inhibition. Outliers generally exist when they posses a
unique scaffold and hence act on a different receptor or when
they act on a different binding site of the same receptor or
because of the limitations on the quality of the biological
data. But the structures of these molecules are not that unique
to claim that they bind differently. These too were removed
and 117 molecules were remained for our study. This was par-
titioned into a training set of 87 and a test set of 30 compounds
at random with bias given to both chemical and biological



S.K. Singh et al. / European Journal of Medicinal Chemistry 41 (2006) 1310-1319 1313
Table 2
Structures and actual versus predicted pICso of compounds 1-93
0]
R )’k
X7NH g
S RZ
N -NH
Substituents CDK4 CDK2
Serial R, X R, Actual Predicted  Residual Actual Predicted  Residual
number pICso pICso pICso pICso
1 (CH;)2 CH —Ph-4-OMe 4.456 4.407 0.049 5.854 5.653 0.201
2 (CH;)3 C —Ph-4-OMe 4.347 4.651 -0.304 5.678 6.004 —-0.326
3 (Me),N- CH, —Ph-4-OMe 6.046 6.265 -0.219 7.356 7.237 0.119
4t Morpholine-4-yl CH, -Ph-4-OMe 6.710 6.873 -0.163 7.678 7.516 0.162
5 Piperazin-1-yl CH, —Ph-4-OMe 6.947 6.720 0.227 7.481 7.342 0.139
6 Ethyl NH- CH,  —Ph-4-OMe 6.038 6.791 —0.753 6.886 7.261 -0.375
7 N-methyl piperazine CH, —Ph-4-OMe 6.903 7.065 —0.162 7.921 7.789 0.132
8 4-Aminomethylpiperidine CH, —Ph-4-OMe 7.699 7.329 0.370 7.921 7.874 0.047
9t 4-Amidopiperidine CH, —Ph-4-OMe 7.119 7.177 —-0.058 8.097 7.824 0.273
10 4-Hydroxylmethylpiperidine CH, —Ph-4-OMe 7.086 7.196 -0.11 7.959 7.826 0.133
11 4-Amidopiperazine CH, —Ph-4-OMe 7.194 7.181 0.013 8.097 8.269 -0.172
12 4-Amidinopiperazine CH, -Ph-4-OMe 7.585 7.337 0.248 8.155 8.029 0.126
13 H CH, —Ph-4-OMe 6.347 5.760 0.587 6.569 6.327 0.242
14t Benzyl NH —Ph-4-OMe 6.512 7.341 —-0.829 7.022 7.211 —-0.189
15 Phenyl NH —Ph-4-OMe 6.057 6.735 -0.678 7.495 7.444 0.051
16 n-butyl NH —Ph-4-OMe 6.108 6.698 -0.59 7.076 7.125 —-0.049
17t (Me),N NH —Ph-4-OMe 7.678 7.373 0.305 8.301 7.549 0.752
18 4-methylpiperazine NH —Ph-4-OMe 8.046 8.172 -0.126 7.921 7.789 0.132
19 Morpholine-4-yl NH —Ph-4-OMe 7.921 7.827 0.094 7.745 7.691 0.054
20 Piperidin-1-yl NH —Ph-4-OMe 7.921 7.893 0.028 7.657 7.742 —0.085
21 Pyrrolidine-1-yl NH —Ph-4-OMe 7.921 7.542 0.379 7.824 7.617 0.207
22 H CH, -Ph 6.076 6.102 —-0.026 6.620 6.749 -0.129
23 H CH, —Ph-4-Me 6.310 6.258 0.052 6.796 6.791 0.005
24t H CH, -Ph-4-Et 6.194 6.090 0.104 6.553 6.563 -0.01
25 H CH,  —Ph-4-n-Pr 5.721 6.161 -0.44 6.310 6.778 —0.468
26 H CH, —Ph-4-OH 5.638 5.866 -0.228 6.276 6.625 -0.349
27t —Ph-4-NH2 CH, —Ph-4-OMe 6.319 5.955 0.364 7.420 6.849 0.571
28t H CH,  -Ph-4-NMe, 6.509 6.416 0.093 6.495 6.662 -0.167
29 H CH,  —Ph-4piperidino 6.167 6.196 -0.029 6.046 6.245 -0.199
30t H CH, —Ph-4-morpholino 6.065 6.252 -0.187 6.432 6.423 0.009
31 H CH,  -Ph-4-SMe 6.468 6.107 0.361 6.921 6.647 0.274
32 Morpholino CH, —Ph-4-NMe, 6.959 7.125 -0.166 7.444 7.319 0.125
33 4-(OH)piperidine-1-yl CH,  -Ph-4-NMe, 7.301 7.422 -0.121 7.481 7.472 0.009
34 4-(Aminomethyl) piperidin-1-yl CH, —Ph-4-NMe, 8.155 7.680 0.475 7.824 7.653 0.171
35t N-methylpiperazin-1-yl CH,  -Ph-4-NMe, 7.260 7.465 —-0.205 7.538 7.529 0.009
36 Morpholino CH, —Ph-4-morpholino 6.921 7.173 -0.252 7.432 7.327 0.105
37 4-(OH) piperidine-1-yl CH,  —Ph-4-morpholino 6.959 7.394 -0.435 7.070 7.431 -0.361
38t 4-(Aminomethyl) piperidin-1-yl CH, —Ph-4-morpholino 7.745 7.631 0.114 7.585 7.568 0.017
39 H NH 3-thienyl 7.174 7.209 -0.035 8.046 7.925 0.121
40t N-methylpiperazin-1-yl CH, —Ph-4-morpholino 6.721 6.734 -0.013 7.377 7.362 0.015
41t 4-(Aminomethyl) piperidin-1-yl CH, Et 5.886 6.696 —-0.81 6.620 7.454 —0.834
42 4-(Aminomethyl) piperidin-1-yl CH, Cyclopropyl 6.366 6.653 -0.287 7.260 7.367 -0.107
43 4-(Aminomethyl) piperidin-1-yl CH, Cyclohexane 6.444 6.264 0.18 7.018 7.158 -0.14
44t H NH Cyclopropyl 5.854 6.395 -0.541 6.854 7.332 -0.478
45 H CH, 4-Pyridyl 5.886 5.852 0.034 7.119 6.697 0.422
46 H CH, 2-Thienyl 5.347 6.015 —0.668 6.745 6.782 -0.037
47 H NH 2-Thienyl 6.824 6.478 0.346 7.959 7.555 0.404
48 H NH 2-Thienyl,3-OMe 6.456 6.397 0.059 7.769 7.580 0.189
49t H NH 2-Thienyl,5-Me 7.276 6.544 0.732 7.886 7.401 0.485
50 H NH 2-Furanyl 6.076 6.151 -0.075 7.065 7.175 -0.11
S1t H NH 2-Thienyl,5-CO,Et 6.523 6.634 -0.111 6.886 7.161 -0.275
52 H NH 3-Thienyl,5-C1 7.244 7.112 0.132 7.886 7.862 0.024

(continued)
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O
Ri- )J\
XTONH g
S RZ
\\-NH
Substituents CDK4 CDK2
Serial R, X R, Actual Predicted  Residual  Actual Predicted  Residual
number pICs() pIC50 p[C5() pICS()
53 H NH 3-Pyrrolyl,1-Me 6.886 6.183 0.703 7.585 7.722 -0.137
54 Dimethylamino NH 2-Thienyl 6.468 6.513 —0.045 7.444 7.510 —0.066
55t Dimethylamino NH 5-(OMe) thien-2-yl 7.076 6.689 0.387 7.495 7.519 -0.024
56 Dimethylamino NH 5-(Me) thien-2-yl 7.091 6.876 0.215 7.602 7.574 0.028
57 Dimethylamino NH 5-(CO,EtMe) thien-2-yl  6.733 6.549 0.184 7.553 7.467 0.086
58 Dimethylamino NH 3-Thienyl 6.971 7.079 —-0.108 7.620 7.899 -0.279
59 Dimethylamino NH 5-(C) thien-3-yl 7.678 6.953 0.725 8.155 7.91 0.245
60t Dimethylamino NH 2,5-(di-Me) thien-3-yl 6.288 6.946 —0.658 7.585 7.711 —-0.126
61 Dimethylamino NH Furan-2-yl 6.197 6.679 —0.482 7.585 7.846 -0.261
62t Dimethylamino NH 2,4-(di-Me)thiazol-5-yl 6.824 6.971 —0.147 8.398 7.949 0.449
63 Morpholine-4-yl NH 5-(Me) thien-2-yl 7.638 7.160 0.478 8.000 8.006 —0.006
64 Morpholine-4-yl NH 5-(CO,EtMe) thien-2-yl ~ 7.523 7.192 0.331 7.509 7.491 0.018
65 Morpholine-4-yl NH 5-(Cl) thien-3-yl 8.155 7.436 0.719 8.00 7.897 0.103
66 4-(Methyl)piperazin-1-yl NH 5-(CO,EtMe) thien-2-yl ~ 7.523 7.097 0.426 7.444 7.521 —-0.077
67t 4-(Aminomethyl) piperidin-1-yl CH, Isopropyl 6.468 6.629 —-0.161 7.319 7.441 -0.122
68 4-(Methyl)piperazin-1-yl NH 2,5-(di-Me) thien-3-yl 7.046 7.304 -0.258 7.921 7.906 0.015
69 4-(Methyl)piperazin-1-yl NH 2,4-(di-Me)thiazol-5-yl 7.337 7.348 —-0.011 8.097 8.096 0.001
70 (Me),CHCONH- NH —Ph-4-OMe 8.187 7.770 0.417 7.721 7.724 —-0.003
71 4-(OH)Ph(CH2)2CONH— NH —Ph-4-OMe 8.046 7.890 0.156 7.886 7.875 0.011
72 4-(OMe)PhCONH- NH —Ph-4-OMe 7.959 8.068 —0.109 7.824 7.904 —0.08
73 3-(NO,)PhCONH—- NH —Ph-4-OMe 8.000 7.900 0.1 7.620 7.759 —-0.139
74 3,4,5-(tri-OMe)PhCONH- NH —Ph-4-OMe 8.155 7.862 0.293 7.699 7.680 0.019
75 3-(Me)PhCONH- NH —Ph-4-OMe 8.155 8.156 —0.001 7.886 7.889 —0.003
76t 3,4-(di-OMe)PhCONH- NH —Ph-4-OMe 7.620 7.749 -0.129 7.387 7.650 -0.263
77 (4-OH,3-NH2) PhCONH- NH —Ph-4-OMe 8.155 8.128 0.027 7.620 7.897 -0.277
78 2,5-(di-Cl)PhCONH—- NH —Ph-4-OMe 7.553 7.677 —-0.124 7.444 7.611 —-0.167
79 3,4-(di-OH)PhCONH- NH —Ph-4-OMe 8.301 8.113 0.188 8.000 7.955 0.045
80 3,5-(di-NH2)PhCONH- NH —Ph-4-OMe 7.796 8.044 -0.248 7.409 7.742 -0.333
81 MeOCONH- NH —Ph-4-OMe 8.097 7.671 0.426 7.796 7.690 0.106
82t 2-(OH)PhCONH- NH —Ph-4-OMe 7.222 7.739 -0.517 8.046 7.632 0.414
83 Naphthalen-2-yl CONH— NH —Ph-4-OMe 7.886 8.044 —0.158 7.456 7.457 —0.001
84 BnCONH- NH —Ph-4-OMe 7.569 7.869 -0.3 7.481 7.530 —0.049
85 PhCONH— NH —Ph-4-OMe 8.155 8.066 0.089 7.921 7.917 0.004
86 4-pyrridil CONH- NH —Ph-4-OMe 8.046 7.953 0.093 7.921 7.895 0.026
87 3-pyrridyl CONH— NH —Ph-4-OMe 8.046 7.935 0.111 7.796 7.873 -0.077
88 MeCONH- NH —Ph-4-OMe 7.244 7.037 0.207 7.432 7.419 0.013
89t 4-(OH)PHCONH- NH —Ph-4-OMe 8.301 7.664 0.637 8.046 7.590 0.456
90 H,NCOCONH- NH —Ph-4-OMe 6.620 6.822 -0.202 7.013 7.052 —-0.039
91 3-(NH,)PhCONH- NH —Ph-4-OMe 8.155 7.748 0.407 7.886 7.582 0.304
92t 2,4-(di-OH)PhCONH- NH —Ph-4-OMe 7.921 7.740 0.181 7.796 7.648 0.148
93 4-NH,PhCONH—- NH —Ph-4-OMe 8.000 7.770 0.23 8.000 7.700 0.300
OL1 H NH —Ph-4-OMe 7.180 5.343 1.837 8.155 6.274 1.881
OL2 4-Picolyly NH —Ph-4-OMe 5.939 7.677 -1.738 7.539 7.475 0.064

Compound number with “t” refers to those compounds included in the test set. OL1 and OL2 refer to the two outlier molecules.

diversity in both the training set and the test set molecules.
Despite the ambiguity of drug—receptor interactions in general,
a statistically robust models were obtained from the CoMFA
study for both kinases.

The CoMFA PLS analysis is summarized in Table 1. The
cross validated correlation co-efficient is used as a measure of
goodness of prediction whereas the conventional correlation

co-efficient indicates goodness of fit of a QSAR model. The
Fyae stands for the degree of statistical confidence on the
developed model. As can be seen from the body of the table,
a cross validated correlation co-efficient of 0.747 for CDK4
and 0.755 for CDK2 were obtained using, respectively, five
and six optimum numbers of components. The ., obtained
in both cases indicates a good internal predictive ability of
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Fig. 2. Alignment of all molecules used for molecular field generation.

the models. The models developed also exhibited a good non-
cross validated correlation co-efficient of 0.913 for CDK4 and
0.941 for CDK2. Test sets are generally used to evaluate the
external predictive capabilities of QSAR models. For this pur-
pose, a randomly selected 30 compounds from the series were
set-aside during model development. In both cases a predictive
correlation co-efficient of 0.760 for CDK4 and 0.765 for
CDK2 were obtained indicating good forecasting capabilities
of the models. Yet another way to further evaluate the useful-
ness of the developed models is to test for statistical validity.
To this end, both bootstrapping and leave-five-out analyses
were performed. In both cases a higher correlation co-
efficient (0.941 for CDK4 and 0.961 for CDK2) was obtained
after 100 runs of bootstrapping. The non-cross validated corre-
lation co-efficient from the leave-five-out study were 0.740 for
CDK4 and 0.775 for the CDK2 model. The figures obtained
for the different statistical parameters of COMFA strongly indi-
cate the statistical validity and stability of the developed mod-
els. The contributions of steric to electrostatic fields were
found to be about 55:45 for CDK4 and 53:47 for CDK2.

The plots of actual versus predicted pICs, values is shown
in Fig. 3 for CDK4 and Fig. 4 shows such plot for CDK2
inhibitions. The histograms of residuals of test set molecules
is shown in Fig. 5. Table 2 shows the structures and the corre-
sponding actual and predicted pICsy Tables 3 and 4 values for
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3 T T T T T 1
3 4 5 6 7 8 9 10
ActualplCso

Predicted pICso

Fig. 3. Plot of actual versus predicted pICs, values for the CDK4 model.

10 4

Predicted pICso

Actual pICs,

Fig. 4. Plot of actual versus predicted pICso values for the CDK2 model.

all the molecules. All the aligned molecules are shown in
Fig. 2.

3.1. Contour analysis

The QSAR produced by a CoMFA model is usefully por-
trayed as three-dimensional co-efficient contour maps [11]. In
general, the contour maps surround all lattice points where the
QSAR is found to strongly associate changes in the molecular
field values (which basically means changes in structure) with
changes in binding affinity or any other measure of biological
property. More specifically, the polyhedra produced surround
lattice points where the scalar products of the associated QSAR

O CDK4
B CDK2

Fig. 5. Histograms of residuals (blue for CDK4 and red for CDK2) for test set molecules.
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Table 3
Structures and actual versus predicted pICso of compounds 94-110

L

o
é
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Serial Substituents CDK4 CDK2
numbers R Actual pICs, Predicted pICsg Residual Actual pICs, Predicted pICso  Residual
94 2-(Dimethylamino)ethylamino 7.824 8.071 —0.247 7.678 7.762 —0.084
95 2-(Pyrrolidin-1-yl)ethylamino 7.638 7.966 —-0.328 7.602 7.574 0.028
96 2-(Piperidine-1-yl)ethylamino 7.656 7.987 —0.331 7.509 7.546 —0.037
97t 2-(Morpholin-4-yl)ethylamino 7.065 7.957 —0.892 7.292 7.551 -0.259
98 Piperidin-1-yl 7.656 7.869 -0.213 7.602 7.627 —0.025
19 3-(Dimethylamino) Piperidin-1-yl ~ 7.886 8.154 —0.268 7.620 7.772 —-0.152
100 4-(Dimethylamino) Piperidin-1-yl ~ 8.097 8.159 —0.062 7.638 7.799 —0.161
101t Piperazin-1-yl 8.398 7.729 0.669 7.420 7.584 -0.164
102 4-(Ethyl)piperazin-1-yl 8.301 8.048 0.253 7.721 7.544 0.177
103 3-(Amino)pyrrolidin-1-yl 7.456 7.865 —0.409 7.409 7.591 —-0.182
104 3-(Methylamino)pyrrolidin-1-yl 8.301 7.866 0.435 7.959 7.941 0.018
105 3-(Dimethylamino)pyrrolidin-1-yl ~ 7.921 7917 0.004 7.356 7.441 —0.085
106 Azepan-1-yl 7.770 7.665 0.105 7.638 7.501 0.137
107t 4-(Methyl)piperazin-1-yl 8.000 7.958 0.042 7.495 7.550 —0.055
108 [1,4]Diazepan-1-yl 8.523 8.456 0.067 8.222 7.895 0.327
109 4-(Methyl)- [1,4]diazepan-1-yl 8.398 8.537 —-0.139 7.824 7.919 -0.095
110 4-(Ethyl)- [1,4]diazepan-1-yl 8.155 8.504 —0.349 7.854 7.895 —0.041
Compound number with “t” refers to those compounds included in the test set.
Table 4
Structures and actual versus predicted pICso of compounds 110-117
Ry Me
Ro
N
N ~NH
Substituents CDK4 CDK2
Serial numbers R1 R2 Y Actual pICsy  Predicted Residual Actual pICsq  Predicted Residual
pICso pICso
111 H H C 4.347 4.334 0.013 4.585 4518 0.067
112t Acetamide H C 6.337 5.625 0.712 6.292 6.247 0.045
113 H NH, C 3.966 3.940 0.026 3.678 4.073 —0.395
114t NH, H C 4.638 4215 0.423 5.076 4.502 0.574
115t H H N 4.462 4.860 —0.398 5.328 4.885 0.443
sl16 OH H C 4.699 4.504 0.195 5.284 4.798 0.486
117t Formamido H C 6.699 5.813 0.886 7.097 6.241 0.856

Compound number with “t” refers to those compounds included in the test set.

co-efficient and the standard deviation of all values in the cor-
responding column of the data matrix are higher or lower than
a user-specified value. According to the standard SYBYL set-
ting, steric interactions are represented by green and yellow
colored contours while electrostatic interactions are displayed
as red and blue contours. Green contours stand for points
where the Lennard—Jones potential has to be increased by
appropriate groups to increase the biological activity whereas
the yellow contours are used to underline the points where such
a potential has to be decreased by suitable substituents to cor-

relate with increased binding affinity. The electrostatic red
plots show where the presence of a negative charge is expected
to enhance the activity whereas the blue contours indicates
regions where placing more positive charge is expected to cor-
relate with increased binding affinity.

The electrostatic contour for CDK4 inhibitory model is dis-
played in Fig. 6. Compound 108 is displayed in all of the back-
grounds to aid in visualization. The plot shows a big blue poly-
hedron near the azapine ring. This calls for an increase in
positive charge near this region to improve activity. This fact
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Fig. 6. CoMFA STDEVXCOEFF electrostatic contour map for CDK4
inhibition: red for negative charge favored region; blue for positive charge
preferred region to improve binding affinity.

seems to explain why compound 98 is less active than com-
pound 101. The former has piperidine substituent whereas the
latter has piperazine and hence making more favorable interac-
tion at this plot that appears to account for its better inhibitory
potency. Apart from this the better activities of compound 66
as compared to compound 57, compound 68 as compared to 60
and 69 as against 62 appears to come from the same reason. In
all this cases, better active molecules have a piperazine substi-
tuent at the blue plots and hence making favorable interaction
that lead to their higher potencies. The above circumstances
appear to arise due to the likelihood of the nitrogen getting
charged under physiological conditions and hence increasing
the positive charge. Furthermore, the higher inhibitory potency
of 29 in comparison with 30 supports this observation. Com-
pound 29 has a piperidine substituent whereas 30 has a mor-
pholine ring. The oxygen of morpholine moiety is seen making
untoward interaction with the blue contour and hence account-
ing for its lower activity. This is further substantiated by the
better activity of compound Sj which has dimethylamino group
as compared to 22(which has just H), 23 (Me), 24 (Et) and 25
(n-Pr). The contour also shows two medium sized red polyhe-
dra near the carbonyl attached to the indene ring. This calls for
an increase of negative charge around that region to improve
activity. This is what actually explains for the better activity of
compound 112 as compared to compounds 116 and 114. In
compound 112, the carbonyl of the acetamide group is making
the favorable interaction where such interaction is absent in
cases of compounds 116 (OH) and 114 (NH,).

The CoMFA steric contour map for CDK4 is shown in
Fig. 7. This plot shows two medium sized yellow polyhedra
near the diazepane ring and other two below these plots. This
calls for reduction in Lennard—Jones potential on this area to
improve affinity. This fact seems to explain the differences in
activities of compound 109 and 110 compared to 108. Com-
pounds 109 and 110 have a methyl and ethyl attachment,
respectively, that makes unfavorable interaction with the yel-
low plots in this region. Further the relatively lower activities
of compound 105 relative to compound 104 appear to come
from this unfavorable steric interaction. The dimethyl of 105

Fig. 7. CoOMFA STDEVXCOEFF steric contour map for CDK4 inhibition:
green indicates regions which prefer an increase in Lennard—Jones potential and
the yellow map calls for a reduction of this potential to improve the affinity.

is oriented to the yellow plots and thus making more unfavor-
able steric interaction. Moreover, the lower activity of com-
pound 60 in contrast to 58 comes from the reason that the
methyl group of the former molecule is seen making unfavor-
able interactions with the yellow plot near the thienyl ring.
That the four yellow polyhedra in this region impact binding
affinity is further substantiated in the increasingly lower poten-
cies of compounds 23-25. This is because the n-Pr of 25 is
making more negative interaction as compared to the ethyl
group of 24 which in turn is making more negative interaction
than the methyl of 23.

The CoMFA electrostatic contour for CDK2 is displayed in
Fig. 8. The major difference between the two electrostatic con-
tours is the appearance of a blue plot near the morpholine ring
and another in front the NH connecting the morpholine to the
amide attached to the indene ring and the big reduction in the

Fig. 8. CoMFA STDEVXCOEFF electrostatic contour map for CDK2
inhibition: red for negative charge favored regions; blue for positive charge
preferred regions to improve binding affinity.



1318 S.K. Singh et al. / European Journal of Medicinal Chemistry 41 (2006) 1310-1319

size of the two red plots near this area. These discrepancies
could be employed to bias the selectivity to either receptor.
The plot shows a big blue polyhedron engulfing parts of the
diazepane ring where an increase in positive charge is expected
to improve the binding affinity. Apart from the size difference,
this plot is more or less the same as the one for CDK4 plot.
And it does explain the higher activity of compound 108 as
compared to compound 94 for in the former the two ‘N’ are
interacting favorably in the blue plot. The same reason seems
to account for the difference in activities of compound 109
versus compound 107, compound 110 versus compound 102.
The piperazine ring in compounds 107 and 102 is seen to ori-
ent the carbonyl connecting it with thienyl ring to the blue plot
while the same moiety is oriented away from the blue plot in
the better active molecules. This apparently contributes for the
decrease in the activity of piperazine containing compounds as
compared to diazepane containing compounds. This blue plot
is also important for the better activities of compound 45 as
compared to compound 46, compounds 32-35 as against com-
pounds 36-39, respectively. The lower active compounds have
a morpholino group whose electronegative oxygen is nega-
tively interacting with the blue plot near this region. In addi-
tion, a blue plot is seen enclosing the carbon number 2 of the
morpholino group where increase of positive charge is
expected to improve binding potency. The plot also show a
red plot near the carbonyl of the amido group which calls for
electronegative groups to enhance the affinity. This appears to
explain why compounds that have amido carbonyl are more
potent (compounds 117, 13, 112) than those molecules that
lack this (111, 116, 113, 114).

The steric contour for CDK2 is displayed in Fig. 9. The plot
shows a big sterically unfavorable yellow region near the aze-
pane ring. This appears to expound why compound 32 is more
active than compound 36, compound 33 is more active than
compound 37, compound 38 is less active than compound 34.
In the less active compounds, carbons 2 and 4 of the morpho-

Fig. 9. CoMFA STDEVXCOEFF steric contour map for CDK2 inhibition:
green indicates regions which prefer an increase in Lennard—Jones potential and
the yellow map calls for a reduction of this potential to improve the affinity.

lino ring are incorporated into the unfavorable yellow plot
where as it is only a methyl group that is incorporated in the
more active molecules. The plot also shows a medium sized
yellow plot near the phenyl of the indene ring and a small
one beneath it. These regions are generally expected to reduce
the activity with an increase in steric bulkiness around this
region. Another small sized yellow contour is seen near the
‘N’ of the morpholino ring. As a major difference in the steric
contours between these kinases is the disappearance of two
yellow plots on opposite side of the thienyl ring, the appear-
ance of two small yellow plots above the morpholine ring and
the absence and reduction of the yellow contours near the phe-
nyl of the indene ring. These clues are expected to be of impor-
tance to design a selective inhibitor. The green plot of the two
maps also shows some differences in position. Compounds that
have bulkier groups are expected to interact favorably.

4. Conclusion

The CoMFA analysis was used to build statistically signifi-
cant models with good correlative and predictive capability for
the inhibition of CDK2 and CDK4 by 117 indenopyarzole
derivatives. These models could be used to predict the inhibi-
tory potencies of related structures. The analysis of contours
for the CoOMFA models has provided a clue about the structural
requirement for the observed biological activity for the respec-
tive kinases: a more electropositive and less bulky substitution
on the pyrazole ring are expected to improve the affinity in
both kinases whereas subtituents that increase both the nega-
tive charge and the Lennard—Jones potential near the carbamate
moiety are likely to improve the inhibitory potency. The differ-
ences in size and position of these and the yellow plot near the
phenyl of the indene ring could be employed to bias the selec-
tivity to either receptor. This comparative analysis of contours
is expected to be of an aid in the design of compounds with an
enhanced inhibitory activity and better selectivity to these
kinases. We are using these clues to design new chemicals in
our lab.
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