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Abstract

Selective glycogen synthase kinase 3 (GSK3) inhibition over cyclin dependent kinases such as cyclin dependent kinase 2 (CDK2) and cyclin
dependent kinase 4 (CDK4) is an important requirement for improved therapeutic profile of GSK3 inhibitors. The concepts of selectivity and
additivity fields have been employed in developing selective CoMFA models for these related kinases. Initially, sets of three individual CoMFA
models were developed, using 36 compounds of bisarylmaleimide series to correlate with the GSK3, CDK2 and CDK4 inhibitory potencies.
These models showed a satisfactory statistical significance: CoMFA-GSK3 (r2

con, r2
cv: 0.931, 0.519), CoMFA-CDK2 (0.937, 0.563), and

CoMFA-CDK4 (0.892, 0.725). Three different selective CoMFA models were then developed using differences in pIC50 values. These three
models showed a superior statistical significance: (i) CoMFA-Selective1 (r2

con, r2
cv: 0.969, 0.768), (ii) CoMFA-Selective 2 (0.974, 0.835) and

(iii) CoMFA-Selective3 (0.963, 0.776). The selective models were found to outperform the individual models in terms of the quality of corre-
lation and were found to be more informative in pinpointing the structural basis for the observed quantitative differences of kinase inhibition. An
in-depth comparative investigation was carried out between the individual and selective models to gain an insight into the selectivity criterion. To
further validate this approach, a set of new compounds were designed which show selectivity and were docked into the active site of GSK3,
using FlexX based incremental construction algorithm.
� 2007 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Protein phosphorylation and dephosphorylation are impor-
tant processes in the control of protein functions. Biological
phosphorylation mostly occurs on serine, threonine and tyro-
sine residues and is catalyzed by protein kinases whose num-
ber is over 500 in the human genome. Given the importance
of protein phosphorylation as a main post-translational
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mechanism used by cells to regulate enzymes and other pro-
teins and the association of many maladies with its aberrations
[1], kinases have increasingly become important targets and
the hunt for kinase inhibitors has been intensified and attracted
a great attention in drug discovery over the years [2e7]. Gly-
cogen synthase kinase 3 (GSK3) was originally identified and
studied for its function in the regulation of glycogen synthase
[8e10], the rate limiting enzyme in glycogen biosynthesis
[11]. It is a serine/threonine kinase comprising two isoforms
(a and b) in mammals. These isoforms share high homology
(>90%) at the catalytic domain and are expressed ubiquitously
in cellular systems and have similar biochemical properties
[12]. GSK3 has multiple substrates [13e14] and plays a critical
.
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role in glucose homeostasis [15], CNS function, and cancer
[13], circadian rhythm, cell death, cell survival and others. Cy-
clin dependent kinases (CDKs), the closest evolutionary rela-
tives of GSK3, are also involved in controlling the cell cycle,
apoptosis, neurodegeneration, etc. [16e18]. Judging from the
importance of phosphorylation in cellular and physiological
events and the diverse substrates these kinases have, CDKs/
GSK3 inhibitors have a wide spectrum of therapeutic potential
among which diabetes, neurodegenerative diseases [19], bipo-
lar disorders [20], stroke, cancer, and chronic inflammatory
diseases [21], proliferation of viral infections (HIV, cytomeg-
alovirus, and herpes virus) [22] are the major ones.

Fig. 1 shows some promising classes of GSK3 inhibitors.
However, almost all of them were found to show affinity towards
other kinases too. Maleimide series of inhibitors (bisarylmalei-
mides [23], anilinomaleimides [24], bisindolylmaleimides [25],
azaindolylmaleimides [26], etc.) have been reported to show
a degree of selectivity towards GSK3. Although a number of di-
verse classes of GSK3 inhibitors have been reported so far, the
selectivity problem appears to hamper all efforts. This, at least in
part, stems from the fact that these kinases have the same natural
substrate, ATP, and most of the ligands act through competition
with ATP. This calls for methodologies that will tackle the non-
selectivity problem in drug design.

A few molecular modeling studies have been reported on the
design of GSK3 inhibitors [27e29]. Vulpetti and co-workers
have described structure based approaches to improve selectiv-
ity between CDK2 and GSK-3b [30]. They employed consen-
sus principal component analysis (CPCA) along with binding
site analysis in rationally designing novel and selective benzo-
dipyrazole as CDK2 inhibitor. Zeng et al. reported CoMFA and
CoMSIA studies on aliosine derivatives [31]. The structural
features of GSK-3b active site have been characterized using
selective and non-selective ATP-mimetic inhibitors by Bertrand
et al. [32] while Nigus et al. employed 3D-QSAR and docking
studies to design potential GSK3 inhibitors [33]. Polychrono-
poulos et al. identified the structural basis for selective GSK3
inhibitions using molecular docking [34]. Polgar et al. per-
formed molecular docking based virtual screening to discrimi-
nate known GSK-3b inhibitors and to identify new ones [35].

Selectivity has always been a difficult problem and an im-
portant subject in drug design. Molecular modeling methods
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Fig. 1. GSK3 inhibitors which show a degree of selectivity towards GSK3.
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can be usefully employed to tackle this issue. The current 3D-
QSAR methodologies are basically designed to improve affin-
ity. However, high affinity does not guarantee high selectivity.
To address the problem of selectivity in designing a drug can-
didate, pairwise selectivity has been introduced by Zafirov and
co-workers [36] using the differences in pKi values between
receptor subtypes as a dependent variable to develop the
CoMFA models. The resulting selectivity fields provided a bet-
ter quality model and indicated ways to increase the binding
selectivity to either receptor. Besides other groups have also
explored a concept of additivity of molecular fields in develop-
ing dual CoMFA models [37]. Both of these approaches have
found their application. The validity of such considerations on
molecular fields needs to be explored by further stretching to
other examples on varied sets of receptor families. The work
reported in this article is an attempt in that direction. CoMFA
models were developed on bisarylmaleimide series as GSK3,
CDK2 and CDK4 inhibitors with the intention of optimizing
and enhancing the selectivity towards GSK3 that will aid in
designing selective molecules. The work reported here at-
tempts to address the phenomenon of group selectivity (i.e. se-
lectivity observed between a closely related receptor families)
for the first time and thereby enhancing our understanding of
the structural basis of differential activity.

2. Computational details

2.1. Dataset for analysis

The in vitro biological activity data reported as IC50 for
inhibition of GSK3, CDK2 and CDK4 by the bisarylma-
leimde series [23] were used for the current study. In the ref-
erence paper 46 compounds were reported with their
corresponding inhibitory activities expressed in IC50 values.
Those molecules which do not have biological activity for in-
hibition of all the three enzymes under study in exact numer-
ical form were excluded from the analysis. Following this 36
molecules were chosen for the current study. This was parti-
tioned into a training set of 29 and a test set of seven com-
pounds at random with bias given to structural diversity in
both the training set and the test set so as to form the stan-
dard 4:1 training set to test set ratio for a QSAR study. As
biological data are generally skewed, the reported IC50 values
were converted into pIC50.

For the individual CoMFA model generation, pIC50 values
were obtained directly from the reported IC50 values. The
pIC50 values for selective CoMFA model generation were ob-
tained by taking the differences in pIC50 from the correspond-
ing enzyme inhibitory values as follows:

ðiÞ CoMFA-Sel1¼ pIC50ðGSK3Þ � pIC50ðCDK2Þ; ð1Þ

ðiiÞ CoMFA-Sel2¼ pIC50ðGSK3Þ � pIC50ðCDK4Þ; ð2Þ

ðiiiÞ CoMFA-Sel3¼ pIC50ðCDK2Þ þ pIC50ðCDK4Þ
� pIC50ðGSK3Þ; ð3Þ
where the CoMFA-Sel1, CoMFA-Sel2 and CoMFA-Sel3 refer
to CoMFA-Selective models 1, 2 and 3, respectively.

2.2. Molecular modeling

All molecular modeling studies were performed using the
molecular modeling package SYBYL6.9 [38] installed on
a Silicon Graphics Octane2 workstation. The bioactive confor-
mation of a bisarylmalemide compound was extracted from
the co-crystal complex with GSK-3b (PDB code: 1ROE) and
was used as a template for building the 3D structures of all
the 36 compounds considered in this work. All the structures
were further submitted to AM1 based local minimization us-
ing the MOPAC [39] package interfaced with SYBYL6.9. Par-
tial atomic charges were computed using MOPAC applying
the AM1 Hamiltonian.

2.3. Molecular alignment

One of the fundamental assumptions in 3D-QSAR studies
is that a geometric parallelism should exist between the mod-
eled structures and that of the bioactive conformation. The
spatial alignment of compounds under study is thus one of
the most sensitive and determining factors in obtaining a robust
and meaningful model. In the present study the geometry op-
timized structures were aligned on the respective templates
(compound 22 for GSK3 and compound 13 for CDK2 and
CDK4) by the ALIGN DATABASE command in SYBYL us-
ing the maximum substructure that is common to all. Fig. 2
shows all the aligned 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 Å. The grid box dimensions were determined auto-
matically in such a way that the region boundaries were ex-
tended beyond 4 Å in each direction from the co-ordinates

Fig. 2. Alignment of the 3D structures of the 36 molecules employed for the

molecular field generation and analysis.
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of each molecule. The van der Waals potential and Coulombic
terms, which represent steric and electrostatic fields, respec-
tively, were calculated using the standard Tripos force fields.
A distance dependent dielectric constant of 1.00 was used.
A methyl cation with þ1 charge was used as a probe element
to calculate steric and electrostatic fields. The steric and elec-
trostatic contributions were truncated to þ30.0 kcal/mol and
electrostatic contributions were ignored at the lattice intersec-
tions with maximal steric interactions.

2.5. Partial least square (PLS) analysis

To quantify the relationship between the structural parame-
ters (CoMFA interaction energies) and the biological activi-
ties, the PLS [40] 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 ac-
tivity is predicted using the model derived from the rest of the
dataset. The cross-validated r2 that resulted in optimum num-
ber of components and lowest standard error of prediction was
taken. Equal weights for CoMFA were assigned to steric and
electrostatic fields using CoMFA_STD scaling option. To
speed up the analysis and reduce noise, a minimum column fil-
tering value (s) of 2.00 kcal/mol was used for the cross-valida-
tion. Final analysis (non-cross-validation) was performed to
calculate conventional r2 using the optimum number of com-
ponents obtained from the leave-one-out cross-validation anal-
ysis. To further assess the robustness and statistical confidence
of the obtained models, bootstrapping [41] analysis for 100
runs was performed.

2.6. Predictive correlation coefficient (r2
pred)

To further validate the derived models, biological activities
of seven test set molecules were predicted using models de-
rived from the training set. Predictive r2 value was calculated
using the formula:

r2
pred ¼ ðSD� PRESSÞ=SD; ð4Þ

where SD is the sum of squared deviation between the biolog-
ical activities of the test set molecules and the mean activity of
the training set molecules and PRESS is the sum of squared
deviations between the actual and predicted activities of the
test set molecules.

2.7. Molecular docking

Docking of the designed molecules into the binding pocket
of GSK3 was carried out using the FlexX [42] program avail-
able within SYBYL6.9 package. FlexX employs a fast algo-
rithm for the flexible docking of small ligands into a fixed
protein binding site using an incremental construction process.
Standard parameters of the FlexX program as implemented in
SYBYL6.9 were used during docking. To further evaluate the
docking analysis, the G_score [43], PMF_score [44], D_score
[45] and Chemscore [46] values were estimated using the
Cscore module of SYBYL6.9. As Cscore is a consensus
scoring function, deficiency of one scoring function is expected
to be addressed by another scoring function and hence the
different scoring functions in it provide multiple approaches
to evaluate ligandereceptor interactions.

3. Results and discussion

The 3D-QSAR CoMFA studies are carried out using the bi-
sarylmaleimide series. Molecules that don’t have bioactivity in
exact numerical forms for all of the enzymes studied were re-
moved from the analysis in order to make a comparative inves-
tigation on all of the enzymes. Initially we have been engaged
in developing novel GSK3 inhibitors that will lack the prob-
lem of non-selectivity and poor pharmacokinetic properties,
which appear to tarnish the so far reported inhibitors. The
way to achieve high selectivity towards GSK3 has been a dif-
ficulty given the diverse substrates this enzyme has and the
common mechanism it shares with other enzyme receptors.
With this in mind we developed selective models in the antic-
ipation of getting a QSAR model that would account for the
bias in the biological activity seen in this series and to capital-
ize upon the insight from the same to design ligands with
pronounced selectivity and inhibitory potency. Despite the am-
biguity of the drugereceptor interaction in general and the
vagueness of the GSK3 subtype used in the assay, statistically
robust models were obtained both for the conventional or in-
dividual and selective models.

The CoMFA PLS analysis is summarized in Table 1. Taking
r2

cv, a measure goodness of prediction of a QSAR model, the
conventional r2, which indicates goodness of fit, and other sta-
tistical parameters good models were obtained from the study.
Even an important observation one can make from the study is
the quality of the selective models in comparison with the in-
dividual models. This is clearly seen in the statistical parame-
ters of CoMFA: the r2

cv raised from 0.519 for GSK3, 0.563 for
CDK2 and 0.725 for CDK4 to 0.768 for selective model 1,
0.835 for selective model 2, and 0.776 for selective model 3.
Selective model 1 was obtained by deducting the pIC50 values
of CDK2 from the corresponding pIC50 values of GSK3, while
that of selective model 2 was obtained by subtracting the
pIC50s of CDK4 from the corresponding GSK3 pIC50 values.
Selective model 3, on the other hand, was obtained first by
adding the pIC50 values of both CDKs and deducting the cor-
responding pIC50 of GSK3 from the aggregate. The values
thus obtained were used as a dependent variable while taking
the CoMFA field values as independent variables. As such
model 3 does incorporate the concepts of both selectivity
and additivity of molecular fields. The conventional correla-
tion coefficient which is used as a measure of explanatory
power of the model also raised from 0.931, 0.937 and 0.892
to the corresponding 0.969, 0.974 and 0.963. The more this
value is close to one implies a better quality model, the higher
values obtained for the selectivity model does indicate im-
provement for the selective models over the individual models.
To support the statistical validity of each model, bootstrapping
analyses were carried out for 100 runs. In all of the cases
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Table 1

Statistical parameters obtained for the different CoMFA models

QSAR parameter Individual models Selective models

CoMFA-GSK3 CoMFA-CDK2 CoMFA-CDK4 CoMFA-Sel1 CoMFA-Sel2 CoMFA-Sel3

r2
cv 0.519 0.563 0.725 0.768 0.835 0.776

N 5 4 3 4 4 4

SEE 0.211 0.276 0.265 0.183 0.175 0.345

r2 0.931 0.937 0.892 0.969 0.974 0.963

r2
pred 0.787 0.856 0.919 0.854 0.853 0.908

r2
bs 0.967 0.949 0.899 0.978 0.985 0.973

PRESS 1.027 1.987 1.754 0.807 0.734 2.863

F-test value 62.15 89.40 68.63 186.72 225.67 157.52

Fraction of field

contribution

Steric 0.522 0.565 0.557 0.563 0.605 0.536

Electrostatic 0.478 0.435 0.443 0.437 0.395 0.464

r2
cv¼Cross-validated correlation coefficient; N¼ optimum number of components as determined by the PLS leave-one-out cross-validation study; SEE¼ standard

error of estimate; r2¼ conventional correlation coefficient; r2
pred¼ predictive correlation coefficient; r2

bs¼ correlation coefficient after 100 runs of bootstrapping;

PRESS¼ predictive residual sum of squares for the training set.
higher values of r2
bs were obtained which signify the robust-

ness of the models developed. Interestingly, comparing the
r2

bs values for the individual and selective models one observes
once again a further improvement in favor of the selective
models as compared to the individual models in the study. A
further improvement on the quality of the selective models
was seen from the Fvalue, which stands for the level of confi-
dence. In the CoMFA study, the selective models provide
higher values and hence higher statistical confidence. On
average, the standard error of estimate was also better for
the selectivity fields. These findings are in keeping with
what is reported earlier [28] on pairwise selectivity (selectivity
between receptor subtypes) where models from selectivity
fields were found to provide a better correlation than individ-
ual models. Taking these all into account, we found that the
quality of model obtained for selective models is superior as
compared to the individual models. Apart from these, the
range on logarithmic scale of the inhibitory activities for the
selective models was found to be wider than the individual
models. This is an advantage for a QSAR modeling.

The structures and actual versus predicted activities are
shown in Table 2 for individual models and in Table 3 for se-
lective models. The plots of actual and predicted activities for
all the models are shown in Fig. 3. Even from the graphical
display it is evident that more points lie either on the best fit
line or are very close to it than for the individual models.
This adds to the superiority of the selective models in contrast
to individual models.

3.1. Contour analysis

The QSAR produced by a CoMFA model is usefully por-
trayed as a three-dimensional coefficient contour map [47].
In general, the contour maps surround all lattice points where
the QSAR is found to strongly associate changes in the molec-
ular field values (which actually stand for structural changes)
with changes in binding affinity or any other measure of bio-
logical property. More specifically, the polyhedra surround
lattice points where the scalar products of the associated
QSAR coefficient and the standard deviation of all values in
the corresponding column of the data matrix are higher or
lower than a user-specified value. In SYBYL setting, steric in-
teractions are represented by green and yellow colored con-
tours while electrostatic interactions are displayed as red and
blue contours. Green contours stand for points where sterically
bulkier groups are preferred to increase the biological activity
whereas the yellow contours are used to underscore the points
where bulkier groups could lower the biological property. The
electrostatic red plots show where the presence of a negative
charge is expected to enhance the activity whereas the blue
contours indicate where introducing or keeping positive
charges are expected to better the observed activity.

As can be seen from the CoMFA contours shown in Fig. 4a
for GSK3 inhibition, there is a big green polyhedron incorpo-
rated on the piperidine substituent. This shows the favorability
of putting or introducing bulky groups around that region so as
to improve the inhibitory potency. And indeed this does ex-
plain the better activity of compounds 9, 10, 11, 12, 13, and
14 than the corresponding compounds 1, 2, 3, and 4. This
stems from the fact that the more active compounds (9e14)
contain a bulky substituent that corresponding compounds
1e4 lack in the sterically preferred region. In addition the ap-
parent low activity of compounds 15 in comparison with com-
pounds 16, 17, 18, 19, and 20, which differ only in the same
green region further, proves the importance of steric prefer-
ence in that area for higher activity. Moreover, the diminished
GSK3 inhibitory activities of compound 31 as compared to
compounds 27 and 28, compound 32 in contrast to compound
26, compound 36 compared to compound 30 once again adds
to the need to have a bulky group at the green plot surrounding
the piperidine ring for an enhanced inhibition. Apart from this
there is a relatively big yellow polyhedron surrounding the
pyridine ring that is fused to the imidazole moiety. This is
an indication that the presence of bulky groups will be unwel-
come for the inhibition of the kinase activity whereas reduc-
tion of bulkiness will be expected to improve the activity.
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Table 2

Actual versus predicted pIC50 from the individual CoMFA models

N

H
N O

O

N

R1

R2

Compound R1 R2 CoMFA-GSK3 CoMFA-CDK2 CoMFA-CDK4

Actual pIC50 Predicted Actual pIC50 Predicted Actual pIC50 Predicted

pIC50 Residual pIC50 Residual pIC50 Residual

1 H
O

8.469 8.37 0.099 7.991 8.147 �0.156 7.77 8.074 �0.304

2 H

O
7.387 7.401 �0.014 6.688 6.896 �0.208 7.387 7.22 0.167

3 H
O

8.481 8.618 �0.137 7.481 7.926 �0.445 7.636 7.398 0.238

4 H
O

O 7.886 7.801 0.085 7.041 7.296 �0.255 7.585 7.609 �0.024

5 H
S

7.347 7.297 0.050 7.046 6.902 0.144 7.347 7.227 0.120

6 H
O

O

7.569 7.398 0.171 5.945 5.828 0.117 6.313 6.411 �0.098

7 H

N

CH3

7.481 7.774 �0.293 6.44 6.845 �0.405 7.481 7.492 �0.011

8 O

CH3

O 8.824 8.834 �0.010 7.979 7.665 0.314 7.426 7.344 0.082

9 O

CH3

O 8.959 9.091 �0.132 7.754 7.91 �0.156 7.072 7.356 �0.284

10 O

CH3

O
O

7.721 7.635 0.086 7.119 6.799 0.320 6.876 6.958 �0.082

11 O
N(CH3)2

O 8.569 8.551 0.018 7.171 7.197 �0.026 7.025 7.121 �0/096

(continued on next page)
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Table 2 (continued)

Compound R1 R2 CoMFA-GSK3 CoMFA-CDK2 CoMFA-CDK4

Actual pIC50 Predicted Actual pIC50 Predicted Actual pIC50 Predicted

pIC50 Residual pIC50 Residual pIC50 Residual

12 O
N(CH3)2

O
O 8.495 8.812 �0.317 6.352 6.728 �0.376 6.545 6.596 �0.051

13 H

N

O 8.495 8.439 0.056 8.194 8.055 0.139 7.717 7.526 0.191

14 O

CH3

N

O
9.046 8.987 0.059 8.092 7.942 0.150 7.268 7.118 0.150

15 O

C2H5

N

O
9.00 9.122 �0.122 7.886 7.932 �0.046 7.009 7.008 0.001

16 O

N(CH3)2

N

O
8.921 8.945 �0.024 7.807 7.818 �0.011 6.872 6.996 �0.124

17
N

O

N

O
8.678 8.557 0.121 7.447 7.555 �0.108 6.714 6.728 �0.014

18 O

N(CH3)2

N

N

8.796 8.597 0.199 5.687 5.463 0.224 5.838 5.529 0.309

19 O

N(CH3)2

N
N

8.328 8.413 �0.085 5.657 5.737 �0.080 5.76 5.666 0.094

20

O

N
O

N

N
8.886 8.917 �0.031 5.49 5.594 �0.104 5.769 5.637 0.132

21

O

N
O

N
N

8.886 8.787 0.099 5.518 5.518 0.000 5.607 5.846 �0.239

22
N

O

N

N
N 9.135 9.151 �0.016 6.363 6.137 0.226 6.032 6.065 �0.033

23 O

CH3
N

N
8.72 8.713 0.008 6.201 6.465 �0.264 6.037 6.28 �0.243

24

O

N
O

N

N
9.097 9.062 0.035 5.259 5.29 �0.031 5.673 5.782 �0.109

25 H

N

N 7.921 7.504 0.417 6.121 5.892 0.229 6.807 6.353 0.454

26 H

N

N
N

8.319 7.977 0.342 7.173 6.471 0.702 7.143 6.567 0.576
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Table 2 (continued )

Compound R1 R2 CoMFA-GSK3 CoMFA-CDK2 CoMFA-CDK4

Actual pIC50 Predicted Actual pIC50 Predicted Actual pIC50 Predicted

pIC50 Residual pIC50 Residual pIC50 Residual

27 H

N

N
N 6.481 7.046 �0.565 5.12 5.632 �0.512 5.335 6.079 �0.744

28 H

N

N N
7.222 7.134 0.088 5.253 5.122 0.131 5.943 5.851 0.092

29 H

N

N
N

6.921 7.105 �0.184 5.057 5.201 �0.144 5.62 5.764 �0.144

30t H

N

(CH2)3OH

7.57 7.85 �0.280 6.527 6.979 0.452 7.569 7.297 0.272

31t
O

CH3

O
O

8.6 8.656 �0.056 7.222 6.754 0.468 6.903 6.652 0.251

32t

O

N
O

N

O
9.1 8.918 0.182 7.416 7.834 �0.418 6.898 6.986 �0.088

33t
N

O

N

N
8.7 8.687 0.013 5.271 5.497 �0.226 5.315 5.56 �0.245

34t O

C2H5

N

N
8.74 8.146 0.594 5.449 5.625 �0.176 5.439 5.782 �0.343

35t O

C2H5

N
N

8.46 8.398 0.062 5.788 5.62 0.168 5.966 5.866 0.100

36t H

N
N

7.52 7.64 �0.120 6.125 5.865 0.260 6.523 6.294 0.229

Note: compound number with t refers for those compounds chosen for the test set.
Furthermore, there is another small green polyhedron that lies
adjacent to the sterically unfavorable yellow region. This im-
plies the need to have a sterically superior group to improve
activity. The electrostatic contour plots also show an extended
blue polyhedron over the fused imidazoleepyridine system.
Such a plot points that in order to improve inhibitory activity
a more electropositive atoms or groups must be introduced in
the neighborhood of this region. This fact explains the better
activity of compounds 31 with regard to compounds 33e35.
In addition the red polyhedron seen near the carbonyl attached
to the piperidine ring implies the need to have an electron-
withdrawing group near that area for a better activity. In fact
this explains why compounds which contain the carbonyl at-
tached to N are more active than those which lack this. This
can come from the fact that the lone pairs of electrons of N
of the piperidine ring can go into resonance interaction thereby
increasing negative charge around oxygen and hence near to
the red plot. Also seen are two small red polyhedrons on op-
posite side of the maleimide ring indicating the demand to
have electron-withdrawing groups to increase the inhibition.

Fig. 4b shows the CoMFA contours for CDK4. The con-
tours for CDK4 show two big red polyhedrons on opposite
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Table 3

Actual versus predicted pIC50 values from the selective CoMFA models

Compound CoMFA-Sel1a CoMFA-Sel2a CoMFA-Sel3a

Actual pIC50 Predicted Actual pIC50 Predicted Actual pIC50 Predicted

pIC50 Residual pIC50 Residual pIC50 Residual

1 0.478 0.232 0.246 0.699 0.522 0.177 7.292 7.793 �0.501

2 0.699 0.909 �0.210 0.000 0.529 �0.529 6.686 6.214 0.472

3 1.000 1.152 �0.152 0.845 0.888 �0.043 6.636 6.495 0.141

4 0.845 0.538 0.307 0.301 0.124 0.177 6.74 7.073 �0.333

5 0.301 0.507 �0.206 0.000 �0.056 0.056 7.046 6.815 0.231

6 1.624 1.672 �0.048 1.256 1.148 0.108 4.689 4.664 0.025

7 1.041 1.067 �0.026 0.000 0.281 �0.281 6.44 6.412 0.028

8 0.845 1.035 �0.190 1.398 1.529 �0.131 6.581 6.229 0.352

9 1.205 1.018 0.187 1.887 1.797 0.090 5.867 6.218 �0.351

10 0.602 0.510 0.092 0.845 0.744 0.101 6.274 6.252 0.022

11 1.398 1.234 0.164 1.544 1.434 0.110 5.627 5.906 �0.279

12 2.143 2.053 0.090 1.950 1.962 �0.012 4.402 4.691 �0.289

13 0.301 0.599 �0.298 0.778 0.770 0.008 7.416 6.971 0.445

14 0.954 0.978 �0.024 1.778 1.775 0.003 6.314 6.208 0.106

15 1.114 1.292 �0.178 1.991 2.181 �0.190 5.895 5.68 0.215

16 1.114 1.232 �0.118 2.049 1.822 0.227 5.758 5.616 0.142

17 1.231 1.056 0.175 1.964 1.861 0.103 5.483 5.717 �0.234

18 3.109 3.207 �0.098 2.958 3.018 �0.060 2.729 2.325 0.404

19 2.671 2.596 0.075 2.568 2.652 �0.084 3.089 3.178 �0.089

20 2.946 3.155 0.209 3.117 3.328 �0.211 2.373 2.025 0.348

21 3.368 3.209 0.159 3.279 3.241 0.038 2.239 2.549 �0.310

22 2.772 2.727 0.045 3.103 3.007 0.096 3.26 3.42 �0.160

23 2.520 2.373 0.147 2.684 2.453 0.231 3.517 3.829 �0.312

24 3.838 3.794 0.044 3.424 3.453 �0.029 1.835 1.879 �0.044

25 1.800 1.472 0.328 1.114 1.055 0.059 5.007 4.925 0.082

26 1.146 1.285 �0.139 1.176 1.182 �0.006 5.997 5.411 0.586

27 1.361 1.323 0.038 1.146 1.025 0.121 3.974 4.742 �0.768

28 1.969 2.095 �0.126 1.279 1.355 �0.076 3.974 3.872 0.102

29 1.864 1.936 �0.072 1.301 1.378 �0.077 3.756 3.786 �0.030

30t 1.042 1.052 �0.010 0.000 0.655 �0.655 6.527 6.065 0.462

31t 1.380 1.603 �0.223 1.699 1.675 0.024 5.523 5.295 0.228

32t 1.681 1.361 0.320 2.199 2.075 0.124 5.217 5.177 0.040

33t 3.428 3.226 0.202 3.384 3.093 0.291 1.887 2.258 �0.371

34t 3.295 2.413 0.882 3.305 2.481 0.824 2.144 3.299 �1.155

35t 2.668 2.667 0.001 2.49 2.748 �0.258 3.298 3.041 0.257

36t 1.398 1.803 �0.405 1.000 1.473 �0.473 5.125 4.473 0.652

Note: Compound numbers with‘t’ indicate compounds used as a test set whereas a number without t refers to compounds used to form the training set molecules.
a pIC50 values for CoMFA-Sel1 were obtained by deducting the pIC50 value of CDK2 from the corresponding values of GSK3 while that of CoMFA-Sel2 were

obtained by subtracting the pIC50 values of CDK2 from the corresponding values of GSK3.For CoMFA-Sel3, it was obtained first by taking the sum of CDK2 and

CDK4 and then subtracting the corresponding values of GSK3 from this aggregate.
side of the maleimide ring indicating the requirement of a neg-
atively charged group in this area to improve the activity.
These were observed in the GSK3 plot almost in the same po-
sition the only difference being that their size is enlarged here.
The yellow and blue polyhedra seen on the fused imidazolee
pyridine system are also seen here though their sizes are re-
duced and there is a slight displacement of position. Seen is
also one relatively small red polyhedron near the N of the
fused pyridine. This indicates the need for putting an elec-
tron-withdrawing group to enhance the activity. This is in
some accord with the observed fact for GSK3 inhibition and
once again explains why compound 32 is more active than
compounds 31, 33, 34, 35, and 36. Also seen is a big blue
polyhedron around the fused pyridine indicating the favorabil-
ity of electropositive centers there. This further explains why
compounds 33, 34 and 35 are less active than compound 31.
As can be seen there is also a sterically forbidden yellow
zone extending over atoms of the pyridine ring that warns
against keeping or adding bulky groups. In a sharp contrast
to GSK3 a blue polyhedron is noticed in the region of carbonyl
attached to the piperidine substituent. This is one of the major
differences that appear to attribute to the differential activity
observed. Compounds that possess carbonyl group at this re-
gion are more active as GSK3 inhibitors whereas exactly the
reverse is noticed for CDK4 inhibition. Moreover, a green
plot is seen near the imidazole fused to pyridine calling for ste-
rically superior groups to improve activity.

From contour maps for CDK2 as displayed in Fig. 4c, the
red polyhedron of GSK3 and the blue counterpart of CDK4
have almost disappeared at the carbonyl attached to the piper-
idine ring. The yellow and blue contours surrounding the fused
imidazoleepyridine rings are similar with that of CDK4 con-
tour. One notable difference of this plot from that of CDK4 is
the appearance of a small blue plot on the position of the big
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Fig. 3. Plots of actual versus predicted activities of training (shown in dark) and test set (shown in red) molecules. (a) For CoMFA-GSK3, (b) for CoMFA-CDK2,

(c) for CoMFA-CDK4, (d) for CoMFA-Sel1, (e) for CoMFA-Sel2, (f) for CoMFA-Sel3. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
blue contour seen for GSK3. In addition to the single green
polyhedron of CDK4 another has appeared almost on the exact
opposite of the position for CDK4. This indicates the fact that
sterically superior groups are welcome here for activity better-
ment. Apart from this, the two red polyhedrons observed for
CDK4 and GSK3 are also noticed here but their size is larger
than that of GSK3 and smaller than that of CDK4 contours.

The contours for selective model 2 as displayed in Fig. 5b
show a very big green map engulfing the piperidine ring. In
such selectivity fields green stands for favoring GSK3 inhibi-
tion, yellow for disfavored region for GSK3 while the reverse
(green contours indicate disfavored regions and yellows imply
favorable regions) holds true for CDK4 inhibition. Actually
this was seen for GSK3 in the individual model but not for
the separate CDK4 model. Interestingly, this is what explains
the high GSK3/CDK4 activity ratio of compounds 1e6: 0.2
for compound 1, 1 for compound 2, 0.14 for compound 3,
0.28 for compound 4, 1 for compound 5, and 0.6 for com-
pound 6 as compared to the corresponding ratio of compounds
9e14: 0.04 for compound 9, 0.01 for compound 10, 0.02 for
compound 11, 0.14 for compound 12, 0.03 for compound 13
and 0.01 for compound 14. In addition a high GSK3/CDK4
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ratio is observed for compound 15 as compared to compounds
16, 17, 18, 19 and 20. This is particularly striking as there is no
such information on the separate CDK4 model. Moreover, the
red polyhedron around the adjacent green plot in the region of
the C]O attached to piperidine proves the favorability of an
electron-withdrawing group in that region for GSK3 and the
reverse for CDK4. This is what is exactly noticed from the in-
dividual models. Plus, the green contour polyhedron for CDK4
has been replaced with a yellow for this model in keeping with
what is observed thus far. Such a yellow region for this model
indirectly means a green plot for CDK4 inhibition. The blue
contour of GSK3 is also noticed here though there is a shift

Fig. 4. CoMFA STDEVXCOEFF contour maps figure for CoMFA-GSK3 (a),

CoMFA-CDK2 (b), and CoMFA-CDK4 (c). Compound 22 is displayed in all

backgrounds. (For interpretation of the references to colour in this figure leg-

end, the reader is referred to the web version of this article.)
in position to the right. The two red polyhedra on the opposite
side of the maleimide ring have disappeared from this contour.
Another red polyhedron is seen closer to the atoms of pyridine.
As it is more sharp and more close to the ring it does provide
a much-focused view on the factors that matter activity.

The contour map for selective model 1 displayed in Fig. 5a
shows a small green plot surrounding the piperidine ring while
such a plot is very large in the contours of GSK3 and selective
model 2, for this model it was a small green polyhedron. This
implies the importance of bulky substituent for GSK3 but such
impact for CDK2 activity is apparently less in this region.
From this it appears that bulky substituent is more favorable
for GSK3, not preferable for CDK4 and intermediate for
CDK2. As a matter of fact this is what is observed for com-
pounds 9, 10, 11, 12, 13 and 14. These compounds posses
high GSK3 activity, low CDK4 inhibitory potency and

Fig. 5. CoMFA STDEVXCOEFF contour maps for CoMFA-Sel1 (a), CoMFA-

Sel2 (b), and CoMFA-Sel3 (c). Compound 22 is displayed in all backgrounds.

(For interpretation of the references to colour in this figure legend, the reader is

referred to the web version of this article.)



1025N. Dessalew, P.V. Bharatam / European Journal of Medicinal Chemistry 42 (2007) 1014e1027
intermediate CDK2 inhibitory activity. The red polyhedron is
still there near the carbonyl attached to piperidine proving its
importance for GSK3 and unimportance for CDK2 inhibition.
This is also revealing because of its absence in the individual
CDK2 model and its requirement for GSK3 as it is observed
there. Compounds that own carbonyl group are more active
as GSK3 inhibitors whereas the reverse is the case for
CDK2 inhibition. The big blue map is more or less the same
with selective model 2 except a slight reduction in size. The
other two small blue contours are also there in the same posi-
tion as that of CDK4. This time a new green plot is seen be-
tween them. And the forbidden yellow contours adjacent to
the pyridine ring are still present but with less volume. The
contour map of the selective model 3 is shown in Fig. 5c. In
this case the polyhedrons have the following meaning: green
stands for favorability of increasing bulkiness to enhance
both CDK2 and CDK4 inhibitions while it means the opposite
for GSK3 activity: the yellow contours on the other hand im-
ply steric preference for increasing GSK3 inhibition while re-
ducing both CDK2 and CDK inhibitions. The red contours
indicate where negative charges would improve both the
CDKs’ inhibition while the blue will reduce it and the opposite
holds true for GSK3 inhibitions. As can be seen from the plot,
a small yellow map is observed on opposite side of the piper-
idine ring which implies disfavourable region for CDK2 and
CDK4 activities and favorable region for GSK3. This once
again is in accord with what is observed so far both from in-
dividual models and other selective models. In addition to
this a blue plot near the N of pyridine indicates the preference
of an electropositive group for both CDK2 and CDK4 and an
electron-withdrawing group for GSK3. This is also what is ob-
served from the individual models. Here it is more compact
and reduced in size. This unambiguously tells where a bulky
group must be kept to improve activity for GSK3 and reduce
the same for both CDK2 and CDK4. The almost U-shaped
green polyhedron that surrounds the imidazole ring does indi-
cate where a steric enhancement could improve both the CDK2
and CDK4 while at the same time curtailing the GSK3 activity.
The blue plot that is fused to the green region has also reduced
volume than that of contours of individual CDKs and indicates
where a positively charged group would enhance the CDK4 and
CDK2 activities while reducing GSK3 activity. The two red
polyhedra on the opposite side of the maleimide ring observed
for individual CDK4 and CDK2 models have appeared here. It
did not appear in the selective models 2 and 1. This further em-
phasizes the need to increase a negative charge around this area
to improve CDK2 and CDK4 inhibitions.

From the above contour map analysis the following points
clearly emerge: (I) To improve GSK3 selectivity, bulky sub-
stituents are required on piperidine ring. (II) The piperidine
ring and its attached carbonyl functionality reduce the selec-
tivity towards CDK2 and CDK4. (III) Fused tricyclic system
imparts conformation rigidity. (IV) Electronegative substitu-
ents are preferred on the diazaheptane ring at the fifth position.
In designing new molecules with improved selectivity towards
GSK3, we followed these clues.
Table 4

Structures, predicted pIC50 and docking scores of designed molecules and compound 26

N

N

X

H
N

N

N

N

OO

O

N

O

R3

R2

R1

R4

Sr. no. Substituents Predicted pIC50 for CoMFA Docking scores

R1 R2 R3 R4 X GSK3 CDK2 CDK4 FlexX score G_score PMF_ score D_score Chemscore Potencya

1 H H H H C 9.211 6.310 6.477 �27.6 �290.5 �37.8 �145.0 �33.4 1.20

2 H Me H H C 9.288 6.312 6.451 �26.7 �257.7 �55.3 �133.5 �34.7 1.42

3 H H H H C 9.510 5.965 5.288 �28.4 �308.9 �35.7 �144.0 �32.8 2.37

4 H Me H H N 9.559 6.031 6.286 �27.6 �290.3 �37.8 �145.0 �33.4 2.65

5 H Me H NH2 N 9.673 6.063 6.293 �30.0 �307.0 �43.3 �148.3 �33.5 3.45

6 H Me Me H N 9.576 5.983 6.215 �27.7 �186.1 �62.3 �97.1 �30.5 2.76

7 H Me Et H N 9.581 5.875 6.160 �27.0 �296.1 �45.9 �152.9 �33.1 2.79

8 H Me Pr H N 9.670 5.770 6.105 �26.5 �313.8 �44.6 �161.2 �34.3 3.43

9 NH2 Me iPr H N 9.649 5.511 6.017 �27.2 �300.6 �49.3 �157.2 �34.0 3.27

10 NHNH2 Me iPr H N 9.648 5.459 6.056 �26.9 �66.9 �56.8 �108.2 �28.0 3.26

11 NH2 Me H N 9.627 5.330 5.951 �27.4 �81.6 �62.2 �117.8 �29.6 3.10

Reference 9.151 6.363 6.032 �25.8 �267.8 �20.5 �141.7 �36.5 1.00

a Refers to the inhibitory potency for GSK3 compared to reference molecule (compound 22) estimated as a ratio of computed IC50 values.
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4. Design of new molecules

As ligand based design tools, 3D-QSARs are widely em-
ployed to alter a given structural scaffold so as to come up
with new molecules that have an improved biological property.
Following detailed contour analyses of both the individual and
selective models as discussed in the previous section several
clues on the structural requirement for the observed inhibitory
activities and selectivity were obtained. We have employed
these clues to modify the basic skeleton to further bias the in-
hibition towards GSK3. Compound 22, the most active GSK3
inhibitor of the series was used as a starting structure. Shown
in Table 4 are the set of 11 designed molecules which showed
improved inhibitory potency against GSK3 with respect to the
reference compound 22. Structurally, these molecules differ
from the reported molecules in that the phenyl ring fused to
the five- and seven-membered ring is removed. This resulted
in the favorable placement of the remaining structure in the
contours. This was followed by the suitable introduction of
a carbonyl group on the seven-membered ring and making
substitutions on the piperidine ring so as to improve bulkiness
on the sterically preferred region surrounding the piperidine
moiety.

All the newly designed molecules showed better selectivity
according to the CoMFA predictions. However, there is a need
to validate these predictions. The FlexX method of molecular
docking has been employed for this purpose. The preliminary
condition for validation is that these molecules should get suc-
cessfully docked into the active site. Secondary condition is
that the docking scores should be relatively better than the ref-
erence systems. A total of about 35 molecules were designed
which showed improved IC50 values over the reference com-
pound 22 and docked well. Based on the FlexX and other
docking scores 11 molecules are considered as new potent li-
gands (Table 4). A quantitative estimate of the relative binding
affinities of these ligands has been obtained using five differ-
ent scoring functions: FlexX, G_score, PMF_score, D_score
and Chemscore. These designed molecules indeed show better
scores in comparison to the reference compound. This indi-
cates that there is a greater chance of the newly designed mol-
ecules to be selective towards GSK3 inhibition. Table 4 also
includes the relative potency of the new molecules on the basis
of their calculated IC50 values in comparison with the best in-
hibitor of the series studied.

4.1. Binding mode of hit-N11 with GSK3 active site

The interaction of the best FlexX scoring hit is displayed in
Fig. 6. As the display shows, the NH of Val135 is making a hy-
drogen bonding interaction with the carbonyl of the maleimide
moiety of the hit. The NH on the maleimide moiety is also
seen to make hydrogen bonding interactions with the carbonyl
of Asp133. Apart from this Gln185 is also noticed to make an-
other hydrogen bonding interaction with the carbonyl group
that connects the piperidine with the azapane ring. Moreover,
Arg141 is also making interactions with the amino substituents
on the azapane ring via hydrogen bond interactions.
A potential hydrophobic interaction also appears between
Val70 and Ile62 of the active site and that of the azepane
ring of the molecule. These amino acids are found to be im-
portant in interacting with the so far reported inhibitors of
GSK3 [32].

5. Conclusions

A set of 36 compounds belonging to bisarylmaleimide se-
ries have been employed to develop correlation with the bio-
logical activities against the three enzyme receptors: GSK3,
CDK2 and CDK4. The validity of the correlation has been es-
tablished using the PLS statistical parameters, the predictive
power of the models and the contour map analysis. Selectivity
fields have been developed using the difference in pIC50

values. Using this approach, three different selective CoMFA
models were developed. The contour maps of the selective
models revealed a way that could be employed to bias the in-
hibitory activity towards either of the receptors and helped in
explaining the structural basis for the experimentally observed
differences in activity.

The validity of the selective models has been checked using
different approaches. First, the correlative and predictive abil-
ities of the selective models were evaluated from the PLS sta-
tistical parameters. All of the selective models were found to

Fig. 6. Binding mode of hit-n11. Dotted lines indicate hydrogen bonding

interactions.
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provide a better quality model as compared to the conventional
individual models. Secondly, the contour analyses of the selec-
tive and individual models were used as another means of val-
idation. Molecules that showed a good fit in the contours of the
selective models were found to exhibit a better selectivity in
the inhibitory potencies used to develop the selective model.
As a final validation criterion, new molecules were designed
using the individual and selective models by making a suitable
modification to the basic skeleton in the favorable contour re-
gions. The molecules showed a better predicted pIC50 values.
Furthermore, docking of these molecules in the active site of
GSK3 provided a good fit in terms of the FlexX and other
docking scores.

As the problem of selectivity is one of the bottlenecks in
contemporary drug discovery, the insight provided from this
study could aid in further designing novel ligands with en-
hanced receptor discrimination. The analysis of contours for
the individual models has provided an idea about the structural
requirement for the observed biological activity for the respec-
tive kinases. The analysis of the selective models also revealed
the structural needs for the observed selectivity of kinase inhi-
bition. Taken together, this could help further design of com-
pounds with an enhanced activity or to guide the prioritization
of potential druggables for the purpose of synthesis and virtual
screening of chemical databases. As the use of selectivity
fields in guiding design and synthesis is just emerging to be
understood, more work in this area will be required to further
substantiate its application on a diverse set of receptors.
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