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Glycogen Synthase Kinase 3b is one of the important targets in the treatment of type II diabetes and
Alzheimer’s disease. Currently this target is in pursuit for type II diabetes and a few GSK-3b inhibitors
have been now advanced to Phases I and II of clinical trials. The best validated HypoGen model consists of
four pharmacophore features; 1) two hydrogen bond acceptors, 2) one hydrogen bond donor and 3) one
hydrophobic. This pharmacophore model correlates well with the docking model, one hydrogen bond
acceptor is necessary for the H-bond interaction with VAL135, and second hydrogen bond acceptor is
important for the H-bond interactions with ARG141 and the hydrophobic feature may be required for the
weak H-bond interactions with ASP133. The comparative model was developed from analogue and
structure-based models like Catalyst, Glide SP & XP, Gold Fitness & ChemScore and Ligand Fit using
multiple linear regression analysis. A virtual library of 10,000 molecules was generated employing
fragment and knowledge-based approach and the comparative model was used to predict the activities
of these molecules. The H-bond with ARG141 appears to be unique to GSK-3b and explains the high GSK-
3b selectivity observed for 1H-Quinazolin-4-ones and Benzo[e][1,3]oxazin-4-ones. This understanding of
protein–ligand interactions and molecular recognition increases the rapid development of potent and
selective inhibitors, and also helps to eliminate the increase in number of false positives and negatives.

� 2008 Elsevier Masson SAS. All rights reserved.
1. Introduction

Glycogen synthase kinase 3 (GSK-3) is one of the first serine/
threonine protein kinases to be identified and studied, for its
function in the regulation of glycogen synthase. In humans, GSK-3
exists in two forms, GSK-3a (51 kDa) and GSK-3b (47 kDa). Both
together display an 84% overall identity (98% within their catalytic
domains) with the main difference being an extra Gly-rich stretch
in the N-terminal domain of GSK-3a. Recently, GSK-3b2, an alter-
native splicing variant of GSK-3b that contains a 13-amino acid
insertion in the catalytic domain, has been identified [1]. GSK-3
inhibitors have arisen as promising drugs for the pharmacothe-
raphy of several acute pathologies, such as diabetes, stroke, cancer,
mood disorders, inflammation and Alzheimer’s disease among
others [2]. There are several small molecules as GSK-3b inhibitors
(Scheme 1 and Table 1) presently, in the clinical trials for the
treatment of type II diabetes [3]. The crystal structure of GSK-3 has
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become a powerful tool in improving the creativity of medicinal
chemist for the rational design of specific inhibitors that target
selective amino acids within the enzyme.

Purines were found to exhibit GSK-3 inhibitory activities and
various heterocyclic skeletons such as pyrazines, pyrimidines,
heterocyclic pyrimidones, aminopyrazoles, bisindolemaleimides,
hymenialdisine, paullones, indirubines, and anilinomaleimides
have been developed as ATP competitive GSK-3 inhibitors while
thiadiazolidinones were reported to be the first ATP noncompeti-
tive GSK-3 inhibitor [2,4–7]. However, except for the anilinoma-
leimides which were demonstrated as selective GSK-3 inhibitors
relative to 24 protein kinases, the majority of the ATP competitive
GSK-3 inhibitors showed significant activities at several other
protein kinases [8,9]. To minimize the potential side effects, it is
always desirable to have the clinical agent targeting the enzyme
specifically [10,11].

Fragment-based drug design has become an important and
powerful tool for the discovery and optimization of potent drug
leads [12–14]. Thus, the design and optimization of the ultimate
‘‘lead’’ compound is carried out by identifying and optimizing the
individual fragments, followed by synthetic linking or merging to
produce the required high affinity for the target protein with
appropriate lead-like properties [15,16]. The main attractions
of fragment-based techniques lie in the synthesis and testing of
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Scheme 1. GSK-3b inhibitors from clinical trials.
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significantly fewer compounds, compared to HTS methods, struc-
turally characterized binding modes and the potential high success
rate of generating new chemical series with attractive lead-like
properties [17]. Another key advantage of using molecular frag-
ments for lead discovery is the significant amount of chemical
Table 1
GSK-3b inhibitors in clinical trials

Clinical
candidate

Company Highest develop status Indications

AR-A014418 AstraZeneca Discovery Alzheimer’s
disease

BI-5521 Boehringer Ingelheim
Corp

Discovery Type II diabetes

VX-608 Vertex Pharmaceuticals No Development
Reported

Type II diabetes

CT-98014 Chiron Corp Discovery Type II diabetes
CG-100179 Crystal Genomics Inc Discovery Diabetes mellitus
Cyclacel Cyclacel

Pharmaceuticals
Discovery Type II diabetes

CP-70949 Pfizer Inc Discovery Diabetes mellitus
NP-12 Neuropharma SA Phase 1 Alzheimer’s

disease
NNC-57-0511 Novo Nordisk A/S No Development

Reported
Type II diabetes

SB-216763 GlaxoSmithKline Discovery Type II diabetes
Ro- 31-8220 Roche Holding AG Discovery Osteoporosis
space is sampled using a relatively small library of compounds [17].
Hence, different sets of molecular fragments are used to target
a particular protein, based upon diversity or focused pharmaco-
phore models. For example, family-specific fragment libraries can
be assembled, such as focused kinase-fragment library. This diverse
collection of synthetically tractable chemotypes is based on known
ATP-site binders with acceptable lead-like properties. It is generally
accepted that fragment leads need to be smaller (MW<w250 Da)
and less lipophillic (clog P<w3) than conventional HTS leads to be
successfully progressed into clinical candidates that possess good
physicochemical properties [15].

Knowledge-based approach is based on another popular tech-
nique applied in the drug discovery, known as ‘scaffold-hopping’
[18,19] where the goal is to ‘jump’ in chemistry space, i.e., to
discover a new structure starting from a known active compound
via the modification of the central core of this molecule [20].

In the present study, initial structure and analogue based design
studies are done using Glide, Gold, Ligand Fit, Catalyst to develop
a comparative model, then fragment-based and knowledge-based
approaches are employed to design molecules of selective GSK-3b
inhibitors and the activities of those molecules are predicted using
the comparative model [21–24].

This article describes the fragment-based, knowledge-
based design, identification and optimization of a new lead,
2,7-disubstituted 1H-Quinazolin-4-ones and 2,7-disubstituted
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Benzo[e][1,3] oxazin-4-ones, as a novel series of potent and selec-
tive GSK-3b inhibitors using various virtual screening models.

2. Experimental techniques

Molecular modeling studies were carried out on a Silicon
Graphics Octane R12000 computer running Irix 6.5.12 (SGI, 1600
Amphitheatre Parkway, Mountain View, CA 94043). Catalyst 4.11
software was used to generate pharmacophore models. Glide
(Schrodinger, L.L.C., New York), Gold and Ligand Fit (Cerius2)
docking programs were used for the structure-based studies.

2.1. Database mining and training set

Kinase inhibitor database produced 26,913 GSK-3b inhibitors
from 310 references (inclusive of Journals and Patents) while the
modeling study was based on the diversity of both chemical
structure and biological activity against human GSK-3b inhibitors
[25]. The most critical aspect of pharmacophore hypothesis
generation is the selection of the training set. There should not be
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Fig. 1. Structures of 25 training set molecu
any redundancy in information content in terms of both structural
features and activity ranges. The 441 molecules are arranged in the
decreasing order of their activities and were clustered into 100 bins.
Based on atom–atom pair distance descriptors, similarity between
most active molecules to all other molecules in 100 bins has been
performed based on ISIS 960 keys and Tanimoto analysis. All these
441 molecules contain only IC50 values either in nanomolar or
micrometers. All the training set compounds from the literature
have similar GSK-3 b inhibitory assay. The molecules with Ki, ED50,
EC50 and other activity type values were ignored for modeling
studies. The most diverse molecules from 25 bins have been
selected as the training set and are given in Fig. 1 [6,26–40]. GSK-3b
activities for the training set of 25 molecules covers five orders of
magnitude (0.00014 mM� IC50� 420 mM). This training set is used
in HypoGen to generate pharmacophore models [24]. The mol files
of all molecules from the database were exported and minimized
using modified CHARMm force field in Catalyst package, installed
on a SGI Octane 275 MHz MIPS R12000 processor, and conforma-
tional analysis was carried out using best method in Confirm
module. The polling algorithm of Confirm module reduces
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considerably the probability of reappearance of nearly similar
conformers by usage of penalty function. For each molecule,
a maximum of 250 conformers that lie within 10 kcal/mol from the
observed global minimum was considered for the model genera-
tion. This method ensures an exhaustive conformational mapping
even for most complex molecules.

2.2. HypoGen

The training set of 25 molecules defined earlier has been used in
HypoGen to generate pharmacophore models, which could be used
for quantitative estimation of activities while screening large virtual
compound libraries. While generating HypoGen model, a minimum
of 0 to a maximum of five features involving hydrogen bond
acceptor, hydrogen bond donor and hydrophobic systems have been
specified based on the common features and GSK-3b inhibitory
activities. The molecules in the training set are broadly classified
into three categories namely highly active (<0.02 mM), moderately
active (>0.02–0.2 mM) and low active (>0.2 mM), while an uncer-
tainty value of 3 was used. The quality of HypoGen models are best
described in terms of Fixed Cost, Null Cost and total Cost and these
terms are well defined by Debnath [41]. The cost for each hypothesis
is the summation of the three cost components (error (E), weight
(W), and configuration (C)) multiplied by a coefficient (default
coefficient is 1.0 for each). The fixed cost represents the simplest
model that fits the data perfectly. The null cost represents the cost of
a hypothesis with no features that estimates every activity to be the
average activity [24]. In simple terms there should be a large
difference between fixed cost and null cost with a value of 40–
60 bits for the unit of cost, which would imply a 75–90% probability
for correlating the experimental and predicted activity data. For
a good model, the total cost of any hypothesis should be close to the
fixed cost. The best model Hypo-1 has been given in Fig. 2 while the
parameters that describe the Hypo-1 are given in Table 2.

The best pharmacophore hypothesis was used initially to screen
416 GSK-3b inhibitors from the Kinase inhibitor Database. All
queries were performed using the Best Flexible search databases/
Spreadsheet method. To validate the model enrichment factors and
goodness of hit has been calculated [42].

2.3. Docking studies

Crystal structure of GSK-3b (PDB code: 1q5k) was employed
for the docking studies [43]. The 3D structure of protein was



Fig. 2. Glycogen Synthase Kinase 3 b inhibitor pharmacophore model with its distance
constraints, features are color coded with green: hydrogen bond acceptor, magenta:
hydrogen bond donor, light blue: one hydrophobic aliphatic. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of
this article.)

Table 2
10 Pharmacophore models generated by the HypoGen algorithm

Hypo
No.

Total
cost

Cost
differencea

Error
Cost

RMS
deviation

Training set
(r)

Test set
(r)

Featuresb

1 115.01 57.87 94.80 0.92 0.97 0.796 AADH
2 115.42 57.46 96.66 0.94 0.96 0.762 AADH
3 116.77 56.11 97.46 1.03 0.96 0.724 AADH
4 117.61 55.26 96.97 1.01 0.96 0.716 AADH
5 124.45 48.43 103.32 1.24 0.94 0.698 AADH
6 125.71 47.17 107.55 1.37 0.93 0.686 AADH
7 126.13 46.74 107.69 1.37 0.93 0.658 AADH
8 126.75 46.12 107.71 1.37 0.93 0.626 AADH
9 127.14 45.73 107.39 1.36 0.93 0.674 AADH
10 127.26 45.62 106.93 1.35 0.93 0.642 AADH

a (Null cost� Total cost); Null cost¼ 172.88, Fixed cost¼ 101.775. For the Hypo-1
Weight¼ 2.09, Configuration¼ 12.56, All cost units are in bits.
b A – Hydrogen Bond Acceptor, D – Hydrogen Bond Donor, H – Hydrophobic.
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downloaded from the protein databank (PDB) and loaded to the
Maestro workbench [44]. Hydrogen adjust was made to calculate
the bond orders for the protein and ligand. Protein preparation and
refinement were done in glide and then used for all the three
docking studies. Structure-based docking studies were carried out
using Glide, GOLD and Ligand Fit on GSK-3b inhibitors to the 3D
Fig. 3. Hypo-1 mapped to the most active molecule 11 (IC50¼ 0.00014 mM, Fig. 3a) and
structure of GSK-3b and generated 50 best docking poses [45–47].
The best poses were selected based on the scoring functions and
quality of pose orientation within the active site amino acids. In the
GSK-3b protein, the binding site coordinates (X¼ 24.0, Y¼ 22.8 and
Z¼ 8.9) were taken from the centroid of the ligand to define the
active site region. Active site radius was taken as 12.0 Å so that the
active site residues namely ASP133, VAL135, ARG141, ASP200,
CYS199, LEU132, GLU185, GLU97, LYS85 and PHE67 could be
included. The 441 GSK-3b inhibitors taken for the Pharmacophore
studies were considered for docking studies to develop the
comparative model. All ligand structures were built in Cerius2 and
minimized by OFF methods using the steepest descent algorithm
with a gradient convergence value of 0.001 kcal/mol [23]. Open
force field is an environment designed to maximize the effective-
ness, flexibility, and ease-of use of forcefield-based atomistic
simulation methods.
2.4. Comparative model

The comparative model was generated with various structure-
based and pharmacophore studies like Glide, Gold, Ligand Fit and
Catalyst using multiple linear regression analysis in Cerius2. This
type of comparative model is used to reduce the number of false
positives and false negatives and for good prediction towards the
enzyme.
also mapped to low active molecule 34 (IC50¼ 350 mM, Fig. 3b) in the training set.



Table 3
Experimental and predicted IC50 data of 25 training set molecules

Molecule Fit
valueb

Experimental
IC50, uM

Predicted
IC50, uM

Errora Experimental
scalec

Predicted
scalec

11 11.68 0.00014 0.00018 1.29 þþþ þþþ
12 9.3 0.0011 0.0043 3.91 þþþ þþþ
13 9.48 0.0016 0.0028 1.75 þþþ þþþ
14 9.25 0.002 0.0049 2.45 þþþ þþþ
15 9.37 0.0028 0.0037 1.32 þþþ þþþ
16 9.54 0.006 0.0025 �2.40 þþþ þþþ
17 9.3 0.007 0.0043 �1.63 þþþ þþþ
18 8.41 0.009 0.033 3.67 þþþ þþ
19 8.38 0.03 0.036 1.20 þþ þþ
20 8.23 0.036 0.051 1.42 þþ þþ
21 8.71 0.039 0.02 �1.94 þþ þþ
22 8.66 0.04 0.019 �2.11 þþ þþ
23 7.71 0.065 0.17 2.62 þþ þþ
24 8.22 0.08 0.052 �1.54 þþ þþ
25 7.04 0.1 0.78 7.80 þþ þ
26 7.18 0.16 0.58 3.63 þþ þ
27 6.27 2 4.7 2.35 þ þ
28 6.17 2.4 5.8 2.42 þ þ
29 6.77 3 1.5 �2.00 þ þ
30 6.41 6 3.4 �1.76 þ þ
31 5.72 22 16 �1.38 þ þ
32 5.02 60 83 1.38 þ þ
33 5.96 100 9.4 �10.64 þ þ
34 5.12 350 65 �5.38 þ þ
35 4.81 420 130 �3.23 þ þ
a þ Indicates that the predicted IC50 is higher than the experimental IC50; �
indicates that the predicted IC50 is lower than the experimental IC50; a value of 1
indicates that the predicted IC50 is equal to the experimental IC50.
b Fit value12 indicates how well the features in the pharmacophore overlap with
the chemical features in the molecule. Fit¼weight� [max(0,1� SSE)] where
SSE¼ (D/T)2, D¼ displacement of the feature from the center of the location
constraint and T¼ the radius of the location constraint sphere for the feature
(tolerance).
c Activity scale – IC50< 0.02 uM¼þþþ (highly active); IC50¼ 0.02–0.2 uM¼þþ
(moderately active); IC50> 0.2 uM¼þ (low active).

Table 4
Statistical parameters from screening test set molecules

S. No. Parameter Molecules

1 Total molecules in database (D) 416
2 Total number of actives in database (A) 176
3 Total hits (Ht) 185
4 Active hits (Ha) 167
5 % Yield of actives [(Ha/Ht)� 100] 90.27
6 % Ratio of actives [(Ha/A)� 100] 94.89
7 Enrichment factor (E) [(Ha�D)/(Ht� A)] 2.13
8 False negatives [A�Ha] 9
9 False positives [Ht�Ha] 18
10 Goodness of Hit Scorea 0.85

a [(Ha/4HtA)(3AþHt))� (1� ((Ht�Ha)/(D�A))]; GH Score of 0.85 indicates a very
good model.
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2.5. Construction of a large virtual scaffold library

The fragments were generated from kinase inhibitor databases
using simple iterative disconnection algorithm (Fragment
descriptors) developed In-house [48]. The fragmentation rules
were coded using Java and applied on SDF file formats. Chemical
fragments were classified as 1) Rings, 2) Linkers defined as acyclic
graphs having more than one connecting atom to rings and 3)
Substituents are defined as group connected to single ring systems.
In general, the fragments in these sets have MW between 100 and
250, clog P of less than w3 and are relatively simple with few
functional groups, making them chemically tractable and suitable
for rapid optimization.
3 4 5 6 7 8 9 10
3
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False Negatives

L
i
n
e
a
r
 
P
r
e
d
i
c
t
e

Experimental pIC
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Fig. 4. Graph showing the correlation (r) between experimental and predicted activ-
ities for the 441 GSK-3b inhibitors (50 molecules in training set and 391 Molecules in
test set) against comparative model (Multiple linear regression analysis) MLR equa-
tion: ‘‘0.754183þ 0.3594’’� ‘‘Pharmacophore_Predicted_pIC50’’þ 0.017709� ‘‘Gold
Fitness’’þ 0.0068673� ‘‘ChemScore’’� 0.231128� ‘‘Glide_SP’’� 0.059958� ‘‘Glide_XP’’þ
0.0017235� ‘‘Dock Score’’.
3. Results and discussion

3.1. HypoGen studies

In the HypoGen studies, a couple of sets of 10 hypotheses were
generated using the most diverse 25 molecules in the training set
molecules. The best 10 hypotheses consist of 1) two hydrogen bond
acceptors, 2) one hydrogen bond donor and 3) one hydrophobic. It
is evident from the data summarized in Table 2, good cost values,
correlation and low RMSD were observed for the generated
hypotheses. The best hypothesis, Hypo-1, is characterized by the
highest cost difference (58 bits), lowest RMS error (0.92) and with
correlation 0.97. The fixed cost, pharmacophore (total) cost and null
cost for hypo-1 are 102, 115 and 172 bits, respectively. It is evident
that the error, weight and configuration component are very low
and not deterministic to the model; the total pharmacophore cost is
also low and close to the fixed cost. Also, as total cost is less than the
null cost, this model appears to possess all the pharmacophore
features and has a good predictability power. Fig. 2 shows the
Hypo-1 pharmacophore model with their geometric parameters
between the features. Fig. 3a and b represents the Hypo-1 aligned
with the most active and low active molecules (11 and 34; IC50

values are 0.00014 and 350 mM, respectively) and shows a nice fit
with all the features of Hypo-1. In case of 11, the two hydrogen bond
acceptors seems to be mapped to the methoxyl group in benzo-
furan and carbonyl group in pyrrole, the hydrogen bond donor
mapped to secondary amino group of pyrrole ring and the hydro-
phobic group fits well with the aromatic group in indole. On the
other hand, for molecule 34, the two features of hydrogen bond
acceptor did not map at all which is the desired feature important
for binding to Hinge region amino acids, whereas hydrogen bond
donor and hydrophobic group fit well (Fig. 3b). Table 3 shows
experimental and predicted IC50 values for 25 training set mole-
cules, based on the Hypo-1 model, along with other details such as,
error values and Fitness scores. In the training set, out of eight
highly active molecules, seven were correctly predicted as highly
active and one as moderately active, and in the eight medium active
molecules, six were predicted well while two molecules were
indicated as less active and all nine low active molecules were also
predicted as low active. As presented in Table 2, it is noted that
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molecules not only retrieved high, medium and low active mole-
cules from database but also the difference between the experi-
mental and predicted activities are also minimal. Thus the error
values are very low, and the fit value gives a good measure of how
well the defined features in Hypo-1 fit well with the pharmaco-
phore of each molecule.

3.2. Pharmacophore model validation using known GSK-3b

inhibitors

The validity of any pharmacophore model needs to be ascer-
tained by screening some known inhibitors (test set) that are
retrieved from the Kinase inhibitor databases in order to check how
many active molecules are picked in the screening process, how
their predicted activities are correlated with the experimental
activities and the efficiency in reducing the false positives or false
negatives. Hypo-1 was used to screen 416 GSK-3b of known high,
medium and low active inhibitors of the test set. Database mining
was performed in Catalyst software using the BEST flexible
searching technique. A number of parameters such as hit list (Ht),
number of active percent of yields (%Y), percent ratio of actives in
the hit list (%A), enrichment factor of 2.13 (E), False negatives, False
positives and Goodness of hit score of 0.85 (GH) are calculated
(Table 4) while carrying out the pharmacophore model and virtual
screening of test set molecules [42]. While the False positives and
false negatives, 18 and 9, respectively, are minimal, enrichment
factor of 2.13 against a maximum value of 2.25 is a very good
indication of the high efficiency of the screening. In 176 molecules
predicted to be active, 167 molecules were correctly picked, thus
missing only 9 false negatives with 18 false positives overall. GH
score assessment of hit lists was used for optimizing the working
pharmacophore model by screening databases with known bio-
logical activities. It is to be noted that the technique can also be
used to focus a list of active molecules as a post-HTS processing, or
to prioritize a virtual library as a pre-HTS screening.

3.3. Docking studies

GOLD being widely regarded as one of the best docking
programs, our initial fragment docking studies were carried out
with this software [46]. GSK-3b kinase inhibitors were docked
using different docking programs like Gold, Glide and Ligand Fit.
The performance of the different scoring functions in docking of
441 molecules in the active site is analyzed in terms of correlation.

1) Gold Fitness score, correlation value¼ 0.59
2) Gold ChemScore, correlation value¼ 0.59
3) Glide Standard precision, correlation value¼ 0.55
4) Glide Extra precision, correlation value¼ 0.50 and
5) Ligand fit dock score, correlation value¼ 0.46.

On the basis of correlation alone, it would appear that GOLD
Fitness, ChemScore and Glide standard precision are comparable,
or perhaps one could state that GOLD performs slightly better than
Glide standard precision. Most of the potent GSK-3b inhibitors form
H-bonds with GSK-3b when binding in its ATP-binding site. The
first two H-bonds are with VAL135 and ASP133 in the Hinge region
and also third H-bond with ARG141 in some of the molecules. In
some of the molecules it also forms H-bonds with GLN185, LEU132,
ASP200 and LYS88 amino acids of GSK-3b.

3.4. Comparative model

The results obtained this far are mixed in nature but have
several favorable features. To get a better VS model, a multiple
linear regression analysis was carried out using Pharmacophore
model and five different docking scoring functions (Comparative
model) [49,50]. Out of the 441 ligands, 50 were used in the training
set and 391 in the test set. A combination of Pharmacophore model,
GOLD Fitness score, Gold ChemScore, Glide SP, Glide XP and Ligand
fit dock score gave a better model than any other (Fig. 4) combi-
nation of models.

Activity¼ ‘‘0.754183þ 0.3594� ‘‘Pharmacophore_Predicted_
pIC50’’þ 0.017709� ‘‘Gold Fitness’’þ 0.0068673� ‘‘ChemScore’’�
0.231128� ‘‘Glide_SP’’� 0.059958� ‘‘Glide_XP’’þ 0.0017235� ‘‘Dock
Score’’.

The coefficient of each term is a measure of the contribution of
each scoring function towards the final model. The final linear
regression model r2¼ 0.843, rcv

2 ¼ 0.812, PRESS¼ 11.92, rbs
2 ¼ 0.844,

was validated by the test set of 391 molecules. The model was able
to correctly predict the activity of 94% of the 50 molecules in
training set and 78% in case of 391 test set molecules within an
order of magnitude.
3.5. Fragment-based and knowledge-based virtual screening

820 unique fragments were generated from Kinase inhibitor
database of 113,868 molecules using the GVK in-house developed
program fragment descriptors [48]. The structures of some of the
fragments, substituents used for the incremental construction of
molecules are shown in Figs. 5–7 [51,52]. These fragments were
docked into the active site of GSK-3b (1q5k, 5 Å from the centroid of



Fig. 8. Binding mode of fragments 52, 53 in the ATP-binding site of GSK-3b, suggested by molecular docking studies. Fragments 52, 53 and its H-bonding patterns (VAL135 and
ARG141) are represented in stick and line model. The H-bond between phenyl C–H and carbonyl is more likely due to van der Waals forces or desolvation effects. The key H-bonds
between fragments and GSK-3b are indicated by the pink dotted lines, together with the bond lengths in angstroms. The atoms are colored as follows: H, green in protein and white
in ligand; O, red; N, blue; C, gray. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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ligand) and the fragments with high affinity and good score
towards the hinge region of enzyme was selected for further virtual
library generation by knowledge-based design using the structures
of crystal ligand 1 with Ki of 38 nM (AstraZeneca molecule in
Discovery Phase) in 1q5k PDB and Molecule 2 with IC50 of 0.09 nM.
A total of 10,000 molecules were generated based on the knowl-
edge of binding interaction of Ligand with the protein and also the
common features necessary for the biological activity of molecule
[44,45]. The binding mode derived from the docking pose of frag-
ments 52 and 53 in the ATP-binding site of GSK-3b is illustrated in
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Fig. 10. Stereoview of the binding mode of molecule 86 in the ATP-binding site of GSK-3b, suggested by molecular docking studies. Molecule 86 and its H-bonding patterns (ASP133,
VAL135 and ARG141) are represented in stick and line model. The H-bond between phenyl C–H and carbonyl is more likely due to van der Waals forces or desolvation effects. The
key H-bonds between 81 and GSK-3b are indicated by the pink dotted lines, together with the bond lengths in angstroms. The atoms are colored as follows: H, green; O, red; N, blue;
C, gray. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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model developed using Pharmacophore, Glide, Gold and Ligand Fit
was used to screen the virtual library consisting of 10,000 mole-
cules, which yielded hits comprising 1372 high, 5718 medium and
2910 low active molecules. The molecules were then broadly clas-
sified into three categories namely highly active (<0.02 mM),
moderately active (>0.02–0.2 mM) and low active (>0.2 mM). Some
of the potent lead molecules with their comparative predicted IC50

values are shown in Fig. 9.
Molecular docking studies were conducted for all the designed

active molecules against the X ray structure of GSK-3b (1q5k.pdb)
[10,11]. The binding mode derived from the docking pose of 81 in
the ATP-binding site of GSK-3b is illustrated in Fig. 10. According to
this docking model, Molecule 81 forms H-bonds with GSK-3 b when
binding in its ATP-binding site. The first of the two H-bonds formed
between the backbone carbonyl oxygen of ASP133 and the
Aromatic C–H with a distance of 2.549 and 2.438 Å is more likely
due to van der Waals interactions or desolvation effects. The second
H-bond is formed between the backbone nitrogen of VAL135 with
the carbonyl of benzoyl group with a distance of 2.175 Å. The third
H-bond is formed between the side chain guanidine group of
ARG141 and 3-aza and 4one group of 1H-Quinazolin-4-one with
distances of 1.932 and 2.170 Å, respectively. The first two H-bonds
that are set up with the backbone atoms are identical to those
Fig. 11. Overlay of the pharmacophore model onto
observed in Hinge region when staurosporine binds to various
kinases. The third H-bond with ARG141 appears to be unique to
GSK-3b and provides as interesting model to explain the high
GSK-3b selectivity observed for 1H-Quinazolin-4-ones and Ben-
zo[e][1,3]oxazin-4-ones. The positively charged ARG141 is quite
unique to GSK-3b, with many of the other kinases having a nega-
tively charged residue, will not only disrupt the H-bonding with the
3-aza and 4-one of 1H-Quinazolin-4-ones but also introduces
an unfavorable repellent interaction with the lone-pair electrons
on that atom. This unique binding feature explains how 1H-
Quinazolin-4-ones and Benzo[e][1,3] oxazin-4-ones exhibit high
selectivity at GSK-3 b versus other kinases. Most of the inhibitors
had bulky substituents interacting with the hydrophobic pocket. In
addition, it was observed that docking could limit the number of
false positive hits compared to Hypo1. Interestingly, the pharma-
cophore and docking models showed complementary behavior in
limiting the number of false positive and false negative hits. The
overlay [53] of the pharmacophore model onto the docking pose of
the enzyme is shown in Fig. 11. A full discussion for the consider-
ation of several factors such as H-bonding, solvation/desolvation
effects, including van der Waals forces and electrostatic interac-
tions is required for the future computational studies. These studies
are in progress and results will be published elsewhere.
the docking pose of enzyme with molecule 81.
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4. Conclusions

GSK-3b enzymes have proven to be exciting and promising
novel targets for the treatment of type II diabetes and Alzheimer’s
disease. The best quantitative pharmacophore model in terms of
predictive value consisted of four features like two hydrogen bond
acceptors, one hydrogen bond donor and one hydrophobic moiety,
which is further validated by using a large set of 416 GSK-3b
inhibitors that gives a r value of 0.796 and also Goodness of hit
score of 0.85. The most active molecule 11 (IC50¼ 0.0001 mM) in the
training set fits very well with this top scoring pharmacophore
hypothesis. Virtual screening produced some false positives and
a few false negatives. It is believed that concurrent use of Docking
and Multiple Linear Regression Analysis, which readily minimizes
these errors, could be an added tool for Pharmacophore model
based virtual screening in order to produce reliable true positives
and negatives. The pharmacophore model correlates well with the
docking model, one hydrogen bond acceptor is for H-bond inter-
action with VAL135 and the hydrophobic feature is for H-bond
interactions with ASP133, one hydrogen bond donor and second
hydrogen bond acceptor is necessary for the H-bond interactions
with ARG141. The first two H-bonds with VAL135 and ASP133 are
identical to those observed in Hinge region and the third H-bond
with ARG141 appears to be unique to GSK-3b and portrayed as an
interesting model to explain the high GSK-3b selectivity observed
for 1H-Quinazolin-4-ones and Benzo[e][1,3]oxazin-4-ones. This
pharmacophore model was further used to search the virtual
library consisting of 10,000 structurally diversified molecules
generated using fragment-based and knowledge-based design,
which yielded 428 potential hits. The activities of those molecules
were predicted using the developed pharmacophore and docking
model and the highly active molecules are further refined using the
Comparative model, which could be a valuable tool to produce
reliable true positives and negatives to design more potent lead
molecules against Glycogen Synthase Kinase 3b inhibitors. Frag-
ment-based drug design continues to expand and evolve. As the
understanding of protein–ligand interactions and molecular
recognition increases, our ability to rapidly develop potent and
selective inhibitors of therapeutically relevant targets could be
dramatically enhanced. Their appropriate use in a drug discovery
process should improve the ability to critically assess the identifi-
cation and optimization of lead compounds that have high poten-
tial for generating new therapeutic agents.
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