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Abstract—Glycogen synthase kinase-3 (GSK-3p) has been emerging as a key therapeutic target for type-2 diabetics, Alzheimer’s
disease, cancer, and chronic inflammation. For the purpose of finding biologically active and novel compounds and providing
new idea for drug-design, we performed virtual screening using commercially available database. Three-dimensional common fea-
ture pharmacophore model was developed by using HipHop program provided in Catalyst software and it was used as a query for
screening database. Recursive partitioning (RP) model was developed as a filtering system, which was able to classify active and
inactive compounds. Eventually, a sequential virtual screening procedure (SQSP) was conducted by applying the common feature
pharmacophore and RP model in succession to discover novel potent GSK-3p inhibitors. The final 56 hit compounds were carefully
selected considering predicted docking mode in crystal structures. Subsequent enzyme assay for human GSK-3p protein confirmed
that three compounds of these hit compounds exhibit micromolar inhibitory activity. Here, we report novel hit compounds and their

binding mode in the active site of GSK-3f crystal structure.
© 2007 Elsevier Ltd. All rights reserved.

1. Introduction

Glycogen synthase kinase-3 is a regulatory serine/threo-
nine kinase playing key roles in transduction of regula-
tory and proliferative signals arising at the cell
membrane.' There are two highly homologous isoforms,
named GSK-3a and GSK-3, sharing 98% homology in
their catalytic domain.? Both are constitutively active in
resting cells, but their differential expression and the lack
of relation between transcription and translation in
some tissues indicate that GSK-3a and GSK-3p have
different means of regulation.®> GSK-3 was originally
identified as a regulator of glycogen synthase (GS) cata-
lyzing the synthesis of glycogen.* The facts that elevated
GSK-3 activity was found in diabetic tissues support
GSK-3 as a promising therapeutic target for insulin
resistance and type-2 diabetes.>® Recent studies sug-
gested that GSK-3f is the in vivo player contributing
to hyperphosphorylation of tau protein and it mediates
increased production and aggregation of amyloid- pep-
tides. These observations imply a central role for GSK-
3B in Alzheimer’s disease.”® There are experimental
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evidences that GSK-3f inhibitors lead to decreased can-
cer cell proliferation and survival via negative regulation
of NF-kB activity, p53-dependent apoptosis, and
enhancing the TRAIL-induced cell death.>"!! In addi-
tion, the phosphorylation of proteins by GSK-3p is also
an important link in bipolar disorder,'? neurodegenera-
tive disorders,!® and chronic inflammation.'* Therefore,
small-molecule inhibitors of GSK-3B may have a thera-
peutic potential in numerous human diseases. A number
of drug discovery programs have yielded small-molecule
ATP-competitive inhibitors that are presently in various
stages of development.'>

The aim of this study was to find new chemical scaffolds
with putative inhibitory potency on GSK-3f inhibitors.
Recent enrichment study in the active site of six GSK-3
X-ray structures has shown poor results without consid-
ering induced fit effect.'® Actually, the complexity of
protein—ligand complex free energy interactions dictates
that many significant approximations must be utilized.
There are some limitations to use only automated dock-
ing-based virtual screening.!” In this study, we apply
ligand-based sequential virtual screening (SQSP),'®
which was started with the HipHop!® pharmacophore-
based virtual screening and was followed by additional
screening model. It would be expected to screen a large
amount of library in a short time and with more reliable
enrichment. Figure 1 shows the strategy; (1) all known


mailto:anpae@kist.re.kr

H.-J. Kim et al. | Bioorg. Med. Chem. 16 (2008) 636—643 637

1. Published GSK3p inhibitors

v
2. Hip Hop model || 3. RP model

[

» 4.SQSP

Pre-filtered

External library
3

y

5. Docking &
Synthetic accessibility

A 4

6. Hit identification
by biological evaluation

v l

7. Final novel hit compounds

2D sinjilarjty
seafch

Figure 1. Flowchart of the sequential virtual screening process.

GSK-3p inhibitor antagonists were collected, (2) Hip-
Hop pharmacophore model was generated with care-
fully selected small sets of known inhibitors, (3)
recursive partitioning (RP) model?® was built by com-
paring the known inhibitors against a set of decoys,
(4) virtual screening by the models was conducted
sequentially against a external library, (5) some com-
pounds from step 4 were selected considering predicted
docking pose and synthetic accessibility, and (6) hit
compounds were identified via biological assay process.
In summary, the pharmacophore-based initial virtual
screening screens a database by checking essential func-
tional features in a molecule, and the RP-based virtual
screening discriminated between active and inactive
compounds by evaluating molecular topological pat-
tern. The RP model is very attractive in that it utilizes
property descriptors with continuous value ranges and
transforms these descriptors into a binary classification
scheme and gives the resulting decision tree, which
makes it easy to split active and inactive compounds
by non-statisticians.

2. Results and discussion
2.1. Generation of the best common feature model

For the HipHop pharmacophore analysis, highly active
GSK-3p inhibitors were chosen as per the description in
the computational method section. The active ligands
with different structure adopt different binding mode
to maximize their interaction in active site, and all active
ligands do not have same functional groups. Thus, all
possible pharmacophore models were inspected by alter-
ing the parameter options elucidating if some com-
pounds reflect all features. In HipHop generation, the
molecules are going to be used to construct the pharma-
cophore configuration space that can be specified

Table 1. The common feature hypotheses and corresponding hit rates
against active and inactive compounds

Pharmacophores =~ Pharmacophore  Actives Inactive
composition® (287) (994)

A RHDAA 172 (60%) 369 (37%)

B HDAAA 130 (45%) 175 (18%)

C RDAAA 120 (42%) 260 (26%)

Their hit rates were evaluated by performing virtual screening against

all known 287 GSK-3B inhibitors and 994 inactive compounds

obtained from in-house HTS.

%A, hydrogen bond acceptor; D, hydrogen bond donor; H, hydro-
phobic group; R, aromatic ring.

through setting the ‘principal’ compound parameter.
This parameter can adopt the values of 0, 1, or 2. A va-
lue of 2 means this molecule will be used to build the
configuration space. A value of 0 means this molecule
will be ignored when building the configuration space.
A value of 1 indicates to the program that the molecule
can be used to build the configuration space. But
whether this molecule is actually used will depend on
the setting of other parameters, such as Misses and
CompleteMisses. ‘Misses’ means that hypotheses that
fail to map completely to more than one training com-
pound will be disallowed. ‘CompleteMisses’ specify the
number of molecules that do not have to map to any
features in the hypothesis. The Misses and Complete-
Misses were varied from 1 to 3, respectively. The value
for MaxOmitFeat was set to 2 so that a pharmacophore
can be kept even if that specific molecule is a complete
miss to that pharmacophore.

Table 1 reports the diverse pharmacophore model com-
positions collected from the repeated trials and their hit
rate against active and inactive compounds. Figures 2
and 3 show the pharmacophore models. The pharmaco-
phore A showed superior hit rate than the other models.
However, we selected the pharmacophore B as the best
pharmacophore model for virtual screening because
the pharmacophore A is non-selective and tends to cap-
ture too much false positive hits compared to pharmaco-
phore B. The pharmacophore B appeared to give more
effective discrimination against poorly potent inhibitors.
The best pharmacophore query was comprised of three
hydrogen bond acceptors, one hydrogen bond donor,
and one hydrophobic feature as depicted in Figure 3.
To check the reliability of pharmacophore model by
comparing the binding mode, the inhibitor 4 was aligned
onto the best pharmacophore model and was docked
into the active site of crystal structure (19ou.pdb) using
FlexX program. The hydrogen bond acceptor and do-
nor features on the maleimide ring are generated from
hydrogen bond with D133 and V135, respectively. The
hydrogen bond acceptor on pyrazine ring was consistent
with the fact that such feature interacts with the back-
bone of D200 burring into hydrophobic pocket. The
hydrogen bond acceptor on the substitution butyl-alco-
hol came from the interaction with the NH of Q185. The
hydrogen bonding interaction between pyridine ring and
R 141 was investigated in only docking study but not the
pharmacophore model. The hydrophobic feature on
flipped pyridine ring was assigned instead of hydrogen
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pharmacophore A

pharmacophore C

Figure 2. The generated pharmacophore models A and C (cyan: hydrophobic groups; green: hydrogen bond acceptor feature with a vector in the
direction of the putative hydrogen donor; orange: aromatic ring; purple: hydrogen bond donor feature with a vector in the direction of the putative

hydrogen acceptor).

Pharmacophore B

Figure 3. The comparison between the best HipHop model and docking pose. The training compound 4 docked into active site of GSK-3p crystal

structure (a), and mapped onto the pharmacophore model generated (b).

Table 2. Statistical results produced from the final RP model

# of compounds (%)* Class%Obscorr® Overall%Precorr® Enrichment?
Inactive class 4034 (93.25) 95.07 99.58 1.07
Active class 292 (6.75) 94.52 58.11 8.61

#The number of samples in each class.
® Intraclass prediction.
¢ Overall prediction.

9 The enrichment factor: Overall%Precorr divided by the original percentage of compounds belonging to that class (%).

bond acceptor. It would allow striking more diverse
chemical structure since the R141 showed significant
movement in various crystal structures.

2.2. Recursive partitioning tree for post-filtering

To classify the hit compounds from the common feature
pharmacophore-based virtual screening into active or
inactive class, the recursive partitioning model was
developed using the two-dimensional descriptors imply-

ing molecular shape information. The statistical results
for the best RP model are demonstrated in Table 2.
The resulting model was determined by variation of
parameters described in Section 4, trying to increase
following values. The definition, ‘Class%ObsCorr’, is a
measure of the number of compounds correctly pre-
dicted to belong to a class as a percentage of the total
number of compounds observed to be in each class.
The measure of ‘Overall%PredCorr’ represents the total
number of compounds correctly classified divided by the
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Figure 4. RP tree generated to discriminate active and inactive compounds. At each node (decision point), molecules were split into higher or lower
responses according to their descriptors. The red color indicates inactive class, and active class is plotted using green color.

number of compounds predicted to belong to each class.
The enrichment factor for a specific class is the ratio of
the ‘Overall%PredCorr’ to the original percentage of
compounds belonging to that class.

The statistical indicators suggested that more than eight-
fold improvement over random selection could be
achieved by application of the resultant RP model. Fur-
thermore, its sequential application after initial virtual
screening makes it possible to decrease the number of
candidate compounds for experimental assay to a small
number in a much more efficient way relative to cherry-
picking. Figure 4 displays the optimized RP model by
the encouraged descriptors to extract active GSK-38
inhibitors. All 10 orthogonal descriptors, 9 E-state key
values and 1 topological index, were required to achieve
the observed performance. The first key descriptor is
electrotopological value (E-state key) computed for each
atom in a molecule which encodes information about
both the topological environment of that atom and the
electronic interactions due to all other atoms in the mol-
ecule. That is, the information of the electron accessibil-
ity at that atom and the degree of adjacency or
topological state of the atom were provided by E-state
key. The meaning of the E-state symbols in the Cerius’
implementation is as follows: S, sum of numerical value
for following atom type; s, single bond; d, double bond;

t, triple bond; a, aromatic bond. Here, the chemical
environment around aromatic carbon and nitrogen,
and sulfonamide moiety distributed to discriminate be-

ChemDiv, Inc.
library
(600,970 compounds)

3 true hits

Figure 5. The number of compounds reduced for each sequential
screening step. (A) Pre-filtering of raw library by drug-likeness, ADME
properties, (B) pharmacophore-based virtual screening, (C) filtration
by recursive partitioning tree, (D) final selection considering docking
pose and synthetic accessibility.
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tween active and inactive category. The other main
topological descriptor splitting the data set is the Zagreb
characterizing the degree of atomic branching in a mol-
ecule. These 2D descriptors are beneficial in that 3D
shape query directed from the compounds is more
restricted.

2.3. Virtual screening using external library

To identify potential new GSK-3f inhibitors, SQSP was
performed using the external library: ChemDiv library
(600,970 compounds). The restricting number of a tar-
get-focused database would be crucial for efficient han-
dling and realistic analysis of chemical information.
Therefore, pre-processing of total library was carried

out to escape time-consuming conformation generation
step for pharmacophore-based virtual screening. The fil-
tering standards such as drug-likeness and ADME prop-
erties as described in Section 4 are also beneficial for
selecting final hit compounds at the end of screening. Fig-
ure 5 shows the virtual screening procedure and hit reduc-
tions in each step. After filtering one-twentieth of the
putative library, by the fast flexible database search tool
in Catalyst program and RP classification sequentially,
the pharmacophore-based virtual screening stroked
2250 compounds matched onto the best pharmacophore
model. Second, the initial hit compounds were put into
the RP model as prediction set and 331 of hit compounds
were predicted to have an increased probability of being
active by eliminating large number of compounds to be

Table 3. Inhibition data of hit compounds from SQSP against ChemDiv library
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#Protein kinases were assayed with 10 pM of test compounds in the presence of 15 uM of ATP. The remaining enzyme activities were shown by

percent activity.
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Table 4. 1Cs, values of selected compounds

Compound 1Cso (M)
7 1.56
8 3.97
9 5.56

10 >10

11 >10

12 >10

13 >10

inactive compounds. Third, the final 56 of hit compounds
were carefully selected considering docking pose, struc-
tural diversity, and synthetic accessibility. Several hit
compounds having diverse structure and their binding
affinity (percent inhibition at 10 uM of test compounds)
for human GSK-3 protein are shown in Table 3. Based
on the percent inhibition values, total seven compounds
were selected and the activities were evaluated by ICs
value (Table 4). The best hit compound 7 is visualized in
its respective pharmacophore model and the most gener-
ically stable docking pose in Figure 6. It fulfills the best
pharmacophore, by matching perfectly three hydrogen
bond acceptors and one donor. The docking pose and
conformation of the compound aligns well with the results
from ligand-based approach. It also shows the conserved
interaction with the important residues, such as D133,
V135, and R141, as in the other crystal complexes.

3. Conclusions

A successful virtual screening application was presented
revealing novel, micromolar GSK-3p inhibitors. The ap-
proach was based on a smart virtual screening strategy,
SQSP, which was conducted by combining common fea-
ture pharmacophore hypothesis and recursive partition-
ing model, a classification method as the algorithmic
tools. Three-dimensional distances among pharmaco-
phoric features and two-dimensional topological indices
mediating molecular shape information were combined
as the descriptors. As the results, the ultimate hit com-
pounds have been proposed for biological testing, three

compounds of them showed micromolar inhibitory activ-
ity. Their binding mode and interactions of the best hit
compound were further analyzed via docking and re-
vealed close similarity to the complexed GSK-3j
inhibitor.

4. Materials and methods

4.1. Generation and validation of common feature phar-
macophore model

The common feature hypothesis, HipHop pharmaco-
phore model, is the automated tool within Catalyst that
is based on alignment of common features present in
highly potent compounds. For HipHop pharmacophore
analysis for published GSK-3f inhibitors, six com-
pounds were carefully selected as shown in Figure 7 con-
sidering the activity, structural rigidity, and diversity.?!>
The conformational models of selected compounds hav-
ing up to 250 conformers were built using the ‘best con-
former generation’ method with a 20 kcal/mol energy
cutoff.?® HipHop pharmacophore models are derived by
comparing a set of conformational models and a number
of three-dimensional configurations of chemical features
shared among the training set molecules. The parameter
setting of Maximum Omitted Features, Misses, and
Complete Misses was varied to generate multiple hypoth-
eses in which some compounds may or may not fit all fea-
tures. Four chemical functions with hydrogen bonding
acceptor, aromatic ring, positive ionizable, and hydro-
phobic group were used as the pharmacophoric feature.
The hypothesis generation process in Catalyst was re-
turned 10 possible pharmacophore hypotheses having
different arrangement of constituent features or ranking
score. After deleting the redundant hypotheses that have
the same chemical characteristics and nearly the same dis-
tances between these functions, diverse configurations of
hypotheses were selected according to ranking scores and
fitting scores. The best hypothesis was determined by the
potential of discriminating between active and inactive
compounds. As an active data set, all known 287 GSK-
3B inhibitors were downloaded as SD file format from

Figure 6. Novel GSK-3f inhibitor mapped the best pharmacophore model and docked into the active site.
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Figure 7. The structures and activities (ICsy, nM) of the training GSK-3f inhibitors used for pharmacophore generation.

Integrity database of Prous?’ and were converted as the
Catalyst database. Total 994 inactive compounds were
obtained from in-house HTS experimental results of a ki-
nase-focused library (Asinex).>®

4.2. Generation of recursive partitioning model

The RP model was generated using the CART algo-
rithm implemented in Cerius® program.2® The true po-
sitive GSK-3pB inhibitors were set as active class, and
the inactive compounds obtained from HTS were se-
lected as inactive class. To build realistic model cover-
ing structural diversity, the GPCR-focused 3040-
membered library from Tripos Inc.>® was added as
inactive class. The GPCR-focused library may include
several active GSK-3f inhibitors, but they might be a
negligible quantity. The RP tree was constructed by
E-state key and topological descriptors based on chem-
ical graph theory. The activity classes were weighted
equally, and the splits were scored using Gini Impurity
scoring function. The pruning factor values were varied
between 3 and 6. The value of 1/1000 of samples was
considered as the minimum number of samples in
any node. The various values were used for maximum
tree depth (layers <10) and the default values were ac-
cepted for maximum number of generic splits (30), and
the number of knots per variable (20). The optimum
decision tree was determined by standards described
in our previous report.3!

4.3. Molecular docking

To perform screening and validation of the hits obtained
from SQSP, FlexX-based molecular docking study was
carried out in the ligand binding sites of 1HSF, 109U,
1Q4L, and 1UVS5. Receptor description file (RDF) was
created within the area of 6.5 A around the cocrystal-
lized ligand and the core interactions (Vall35 and
Asp133) were defined in the RDF. For a comparative
analysis of the hits obtained in SQSP, FlexX score,
G_score [34], PMF_score [35], D_sorce [36], and
Chem_score [37] were estimated using the C-score mod-
ule of the Sybyl7.3.1.3

4.4. Virtual screening using external library

Virtual screening has been carried out by sequential vir-
tual screening procedure (SQSP) to obtain new com-

pounds with desired activity profiles. The commercial
library of ChemDiv Inc.? has been utilized for virtual
screening. To save screening time and hit selection time,
the raw database was preprocessed by drug-likeness
(Lipinski’s rule of 5), structural diversity, and ADME
properties. The drug-likeness and structural diversity
were examined using the Hivol tool in SYBYL program.
The in silico ADME properties of each hit compound
were calculated by the PreADME program, which was
implemented with the back-propagation method on the
artificial neural network.>* The tuned database was con-
verted into the Catalyst multiconformational data format
in CHARMM-like force field. The best pharmacophore
model was used for virtual screening experiment by select-
ing the fast flexible database search option. Resulting hit
lists were put into the second screening model, recursive
partitioning tree. The first screening figured out new com-
pounds with similar functional and spatial properties de-
fined in 3D pharmacophore query. The subsequent
second screening extracted probably active compounds
by comparing topological properties of initial hit lists with
those of known compounds. Finally, the final hit com-
pounds were selected by considering synthetic accessibil-
ity and predicted binding mode by docking using FlexX
program.

4.5. Biological evaluation

The inhibitory activities of the virtual hit compounds were
determined against human GSK-3f enzyme. In a final
reaction volume of 25 pL, GSK-3p (h) (5-10 mU) is incu-
bated with 8§ mM MOPS, pH 7.0, 0.2 mM EDTA, 20 uM
YRRAAVPPSPSLSRHSSPHQS(p)EDEEE  (phospho
GS2 peptide), 10 mM MgAcetate, and [y-*P-ATP] (spe-
cific activity approx. 500 cpm/pmol, concentration as re-
quired). The reaction is initiated by the addition of the
MgATP mix. After incubation for 40 min at room tem-
perature, the reaction mixture is stopped by the addition
of 5 uL of a 3% phosphoric acid solution. Ten microliters
of the reaction is then spotted onto a P30 filtermat and
washed three times for 5 min in 50 mM phosphoric acid
and once in methanol prior to drying and scintillation
counting.
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