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IjB kinase (IKK) is critical in proinflammatory cytokine-induced IjBa phosphorylation and subsequent
activation of the nuclear transcription factor NF-jB complex. The activated NF-jB plays a major role in
the pathogenesis of a number of human disorders, such as rheumatic and chronic inflammatory diseases.
The inhibition of NF-jB activation by small molecule inhibitors that targets IKKb may provide a pharma-
cological basis for interfering with these acute processes. To date, only three inhibitors have passed pre-
clinical trials; on the other hand, identifying novel IKKb inhibitors could evolve as potential candidates to
meet the clinical requirements in the future. In the present work, we have employed a virtual screening
(VS) method to identify novel compounds. The VS scheme is comprised of pharmacophore filtering and,
subsequently, receptor based screening. The VS scheme was applied to the databases of 1.04 million com-
pounds to identify three novel compounds that can inhibit the IKKb at a micro molar range. Moreover,
these compounds can be raised into a potential anti-inflammatory drug candidate after optimizing and
passing several phases of clinical trials.

� 2010 Published by Elsevier Ltd.
1. Introduction

The nuclear factor kappa-B (NF-jB) is a transcription factor
required for the activation of several genes involved in the reg-
ulation of apoptosis and cell proliferation.1 NF-jB is activated by
a wide variety of agents, including phorbol esters, IL-1, TNF-a,
lipopolysaccharide (LPS), double-stranded RNA, cAMP, bacteria,
and viral trans activators.1,2 The NF-jB activation requires the
removal of IjB from NF-jB by inducible proteolysis, which liber-
ates the transcription factor for migration to the nucleus, where
it binds to the jB-regulatory elements and induces transcrip-
tion.2 The NF-jB exists in the cytoplasm in an inactive form
associated with regulatory proteins called inhibitor of jB (IjB),
of which the most important may be IjBa, IjBb, and IjBe.3

The IjB kinase (IKK) complex activation initiates the IjB phos-
phorylation, ubiquitination, and degradation by proteasomes,
thereby releasing NF-jB/Rel dimers from the cytoplasmic NF-
jB/Rel-IjB complex for nuclear translocation.4

The transcription factor NF-jB binds to the jB enhancer ele-
ments of the target genes, inducing the transcription of proinflam-
matory genes.3 Activation and regulation of NF-jB is tightly
Elsevier Ltd.
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controlled by IjB proteins. The understanding of the regulation
of Rel/NF-jB activity is of great interest to a wide variety of basic
biological and medical fields5 in order to cure inflammatory related
disorders. IKKb (also known as IKK-2) is critical for NF-jB activa-
tion more than IKKa (also known as IKK-1).6 Activation of IKKb,
rather than IKKa, participates in the primary pathway by which
proinflammatory stimuli induce NF-jB function.7 The classical
NF-jB pathway has been closely linked to the orchestration of
inflammatory responses and the survival of professional immune
cells by coordinated expression of multiple inflammatory and in-
nate immune genes.8 The NF-jB activation has been shown to play
a role in causing a wide range of diseases in humans, such as, can-
cer, Rhemotoid arthritis, diabetes, etc. However, its predominant
role is causing immunosuppression and may result in chronic
inflammatory diseases.8 Birrell et al. demonstrated that the inhibi-
tion of the IKKb activity completely blocks the release of cytokine
released from cultured cells.9 Some of the small molecules like sul-
fasalazine and its salicylate moiety 5-aminosalicylic acid, aspirin,
and leflunomide are known to block the NF-jB action. Sulfasala-
zine and leflunomide block the nuclear translocation of NF-jB
through the inhibition of IjBa degradation.3 The inhibition of
NF-jB activation by antioxidants and specific protease inhibitors
may provide a pharmacological basis for interfering with these
acute processes.10

http://dx.doi.org/10.1016/j.bmc.2010.04.030
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Table 1
Pharmacophore fit values corresponding to the training set compounds

Compounds Fit value IC50

2-Anilino-4-thiophenyl-pyrimidines derivative 3.75974 25 nM
Thiophenecarboxamides derivative 3.75839 25 nM
SPC-839 3.23021 62 nM
ML120B 3.38284 45 nM
Carboxyl-substituted 2-anilo-pyrimidines 3.46753 40 nM
Aztra Zeneca 5 40 nM
BI 3.3045 <1 lM
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A recent survey of the Integrity database reports that there are
230 compounds in the IKK inhibitor category in which only three
inhibitors passed preclinical studies. EB-162711 (Fig. 1a) is a pro-
drug proceeding in the Phase I/II clinical trials, which is specifically
designed as an anticancer agent. IMD-1041 is in Phase I, and, it was
confirmed that IMD-1041 had a reliable safety and pharmacoki-
netic profile for further development. This inhibitor is mainly tar-
geting the IKKb system to control chronic obstructive pulmonary
disease (COPD), one of the easiest of this inhibitor to work with
as it can be orally administered.12 Another inhibitor in Phase I is
CHS-82813–15 (Fig. 1b), a cyanoguanidine-based compound, which
has demonstrated potent antitumor activity in preclinical tumor
models.16 In addition to Phase I/II, there are six compounds in pre-
clinical trials and the rest are in a biological testing level. There is
no marketed drug that targets IKKb yet; on the other hand, a few
compounds are only in the highest level of clinical trials. Therefore,
demand is increasing for the compounds targeting the IKKb.

Virtual screening is a complementary approach to experimental
screening, and when it is coupled with structural biology, it prom-
ises to enhance success17 called structure-based drug designing.
The increased robustness of computational algorithms, scoring
functions, availability of affordable computational power, and the
potential of structural determination of the target molecule has
provided new opportunities for the VS and has made it more
practical.

Structure-based VS encompasses a variety of sequential compu-
tational phases, including target and database preparation, docking
and post docking analysis, and prioritization for experimental test-
ing.17 The ligand-based method is more generalized and efficient
when there is a strong correlation between the structural diversity
and activity of known compounds. The structure information,
activity, and non-arbitrary descriptors can be fed to the chemo-
metric models to develop categorization rules. These pre-trained
models can be used to rapidly classify the vast databases quantita-
tively or qualitatively. However, the ligand-based methods are of-
ten prone to misclassify due to the lack of access toward the
realistic environment. Nevertheless, combining the ligand- and
structure-based approaches under one scheme can overcome the
artifact of the computational modeling.

In addition, VS is the rational method in choosing compounds,
which are to be tested experimentally from the commercial data-
base. A huge number of academics and researchers have been prac-
ticing this method over the years to discover novel scaffolds.18–21

In the present work, we made an attempt to virtual screen the IKKb
inhibitors from the ChemDiv and Asinex databases. Approximately,
1.04 million compounds were used in the screening process. The
databases supplied in an electronic version of the physically
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Figure 1. The compounds in the h
synthesized compounds by the suppliers. The VS protocol includes
both the ligand- and structure-based approaches. The huge num-
ber of compounds are managed by pharmacophore filtering and
followed by docking; this approach is helpful in reducing and pri-
oritizing the compounds to be tested experimentally. A common
feature pharmacophore model consist of five feature is generated
using seven IKKb inhibitors and a homology model generated as
there is no experimentally derived structure for the IKKb protein.
Docking of the known inhibitors is helpful in validating the proto-
col as well as to calculate the enrichment factor.

From the VS cascade, we selected 60 compounds and those
compounds are subjected to experimental screening, among which
three compounds find to have IC50 from 6.7 to 10.8 lM. In our lab,
we have started the process of optimizing these compounds to lo-
cate the compounds having higher potency.

2. Results and discussions

2.1. Common feature hypothesis

In total, ten, five-feature hypothesis were generated. Each
hypothesis was comprised of five features: one ring aromatic
(RA), one hydrophobic (Hy), one hydrogen bond donor (HBD),
and two hydrogen bond acceptor (HBA). In a pharmacophore mod-
el, the tolerance sphere defines the area in space that should be
occupied by a specific type of chemical functionality. Among the
ten hypothesis generated, the 8th ranked has shown to have the
acceptor–donor feature in proper spacing. Therefore, this pharma-
cophore can bring out most of the compounds having acceptor and
donor features together from the database which would facilitate
the hinge region contact. The pharmacophore maps well with the
training compounds and the fit value is always over 3.2. The fit va-
lue means that a minimum of three out of five features can map
well with all training compounds (Table 1, Fig. 2). Hence, we
applied the same criteria in database searching; the compounds
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Figure 2. Five-feature pharmacophore mapped with one of the training set
compounds (Aztra Zeneca compound), HBA; hydrogen bond acceptor, HBD;
hydrogen bond donor, RA; ring aromatic, Hy; hydrophobic.

Figure 3. Architecture of IKKb model shows a well-defined N- and C-lobe;
phosphoserine 177 and 181 shown at the A-loop.
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having a fit value below 3.5 were not allowed to pass the second
filter of the VS.

The pharmacophore model was validated by searching with
various multi-conformer databases including the IKK database (Ta-
ble 2). The 8th ranked hypothesis was validated by searching the
different databases designed for IKKb, GSK-3 (a kinase database)
and a 5HT2C agonist, which is a GPCR inhibitor category. The phar-
macophore could generate 80% of the hits from the IKKb database,
63% and 0.006% from GSK-3 and 5HT2C agonist databases, respec-
tively. The pharmacophore is specific to the IKKb compounds;
however, a number of hits reported from the GSK database were
not much less: this is mainly due to the commonalities among
the kinase inhibitors. Most of the kinase compounds have similar
chemical features, such as a hinge region interacting atoms. At
the same time, in 5HT2C database number of compounds screened
was negligible since the pharmacophore model is specific to IKKb
inhibitors. The validation insures the reliability of the pharmaco-
phore hypothesis in VS of the commercial databases. However,
introducing an additional filter to reduce the hits and prioritize
the compounds to be screened in vitro is necessary as the pharma-
cophore searching yields too many compounds in the specified fit
value criteria.

2.2. Homology model

The upgraded IKKb model (Fig. 3) also exhibits well-defined b
strands at the N-lobe and a helices in the C-lobe. In the same
way, the G-loop forms a portion of an ATP binding pocket and
the hinge region connects the N and C-terminal domains. Phospho-
serine 177 and 18122 are responsible for the IKKb activation; these
two serine residues placed in the middle portion of the A-loop,
which is well exposed to cell sap. The homology model generated
previously23 had a root mean square deviation (RMSD) of 6.397 Å
with the upgraded model as the model upgraded by new tem-
plates. We observed major differences at the ATP binding pocket,
while the secondary elements of the C- and N-terminal domains
remain unchanged. The hinge region residues were shifted down;
Table 2
Pharmacophore model validation result

Database searched % of hit

IKKb 80
GSK 63
5HT2C -Agonist 0.006

The pharmacophore is specific to the IKKb database comparing to the GSK and
5HT2C database.
Glu172, considered to be important for the selectivity, was not
seen in the ATP binding pocket in this model, and instead the res-
idue was placed in the activation loop. Same way, Tyr169 pulled
away from the ATP binding pocket and placed at the activation
loop. The upgraded model exhibits Try169 is in p–p stacking with
the imidazole ring of His143. The Phe26 of G-loop faces outwards
from the ATP binding site, hence significantly reducing the hydro-
phobic interaction. Moreover, the present architecture of IKKb rep-
resents the larger ATP binding pocket.

Among the three models generated, we chose the best model
based on the following criteria for the structure-based VS. The
DOPE score suggests model 2 as a most stable model, whereas
the ProCheck result favors the model 1 (Table 3). On the other
hand, docking studies conducted with three different models sug-
gest the model 2 as a suitable conformation for VS, since more
number of active compounds docked successfully. Among the
176 IKKb inhibitors docked, 168 compounds were docked without
any constraints, whereas, models 1 and 3 interact only with 73 and
3 inhibitors, respectively. However, the docking does not mean the
ranking of the compounds; despite, this analysis accounts for the
number of active compounds docked at ATP binding pocket. In
the model 2, a few compounds are failed to dock at ATP binding
pocket. Similarly, we docked the same 176 compounds with the
Cys99 donor essential, Glu97 acceptor and Cys99 acceptor as op-
tional constraints. A larger number of compounds docked with
model 2 than the other models (Table 3). Moreover, the ATP mol-
ecule was stabilized properly at the binding site of model 2 when
the molecule is docked with constraints; the adenine portion of the
ATP makes a hinge region interaction. Table 3 summarizes the
docking results of the IKKb inhibitors and ATP molecule. Docking
of an ATP molecule reveals that the binding site has a hydrophobic
core to facilitate the adenine portion binding and the phosphate re-
gion of the ATP molecule binds to the solvent accessible area
(Fig. 4).

2.3. Impact of ligand protonation

Table 4 represents the Goodness of Hits (GH) calculated for the
protonated and normal compounds docking using FlexX; addition-



Table 3
Comparisons of three models; the second and third columns represent the DOPE score and ProCheck results, respectively

Model DOPE score ProCheck—
Ramachandran

plot

No. of compounds
docked

Constraints ADAc Constraints ADAd Docking with ATP

a b No cons. Cons

1 �26471.88 98.7 1.2 176 72 11 At binding site No
2 �26952.14 97.6 2.4 176 168 144 At binding site Properly placed in hinge ATP binding pocket.
3 �25929.33 97.6 2.4 176 3 9 Allosteric No

The other columns summarize the docking analysis of known inhibitors and binding modes of an ATP molecule.
a Allowed region (%).
b Disallowed region (%).
c All the constraints set to be optional.
d Donor essential.

Figure 4. ATP molecule bound IKKb homology model; the adenine portion forms
interaction with the hinge region and the phosphate region extends to the solvent
accessible area.

Table 4
Consolidation of the goodness of hit (GH) calculations based on the docking hits
retrieved from protonated compounds, normal compounds and theoretical ideals

S. No. Parameter Protonated
state

Normal
compounds

Ideal

1 Total molecules in database (D) 540 540 540
2 Total number of actives

in database (A)
40 40 40

3 Total hits (Ht) 43 46 40
4 Active hits (Ha) 29 30 40
5 % Yield of actives [(Ha/Ht) � 100] 67.441 65.217 100
6 % Ratio of actives [(Ha/A) � 100] 72.5 75 100
7 Enrichment factor (E) [(Ha � D)/

(Ht � A)]
9.10 8.80 13.5

8 False negatives [A � Ha] 11 10 0
9 False positives [Ht � Ha] 14 16 0

10 Goodness of hit score 0.67 0.65 1
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ally, an ideal GH score is provided to compare the results. There
was no drastic change between protonated and normal library
docking; however, protonated docking shows a slightly higher
score, that is a 0.02 difference than normal docking. The percentage
of true positive yielded and enrichment factor calculated is rela-
tively higher in protonated docking. The overall hits returned by
the protonated library docking were lesser, whilst composed of
more active compounds. Therefore, we can state that protonating
the database before docking certainly improves the true positives
rates in structure-based screening of IKKb inhibitors.

2.4. Database screening

As a result of the pharmacophore screening of three databases
containing �1.04 million compounds yields 15,229 compounds.
These compounds are retained based on the fit value threshold of
P3.5. To further filter the pharmacophore hits, we have performed
two different docking screenings by means of running heavy and
light docking methods in parallel. Finally, 352 compounds were re-
tained from the heavy constrained docking and 4193 compounds
from the light constrained docking (Table 5). The compounds were
sorted according to F-score; the heavy constrained docking score
began from �33.233 to 2.018, whereas light constrained docking
scores range from �36.953 to 5.477. The top scoring 100 com-
pounds were selected from each docking category, and then some
compounds are eliminated based on the visual inspection of the
interactions. At last only 60 compounds that are 0.0058% of the
database compounds are subjected to in vitro screening and for
this purpose, we used IKKb-TR-FRET reactions to measure the inhi-
bition rate of the compounds (Fig. 5).

2.5. Novel scaffold

Of the 60 compounds screened in the IKKb enzyme inhibition
assay, three compounds, VH01, VH02 and VH03 showed 84.8%,
76.4% and 53.1% of inhibition, respectively, at 10 lM (Table 6,
Fig. 6). VH01 ((E)-4-(4-((5-(1,3-dioxoisoindolin-5-yl)furan-2-
yl)methylene)-3-methyl-5-oxo-4,5-dihydro-1H-pyrazol-1-yl)ben-
zenesulfonamide) had the highest inhibition rate of 84.8% and an
IC50 value of 6.7 lM. VH02 ((E)-N-(5-(2-(2-(4-hydroxy-3-methoxy-
benzylidene)hydrazinyl)-2-oxoethyl)-1,3,4-thiadiazol-2-yl)-4-
nitrobenzamide) was able to inhibit 76.4% and had an IC50 value of
6.98 lM. Whereas the compound VH03 ((E)-N-(5-(2-(2-(4-hydro-
xy-3-methoxybenzylidene)hydrazinyl)-2-oxoethyl)-1,3,4-thia-
diazol-2-yl)-4-methoxybenzamide) had a less inhibitory effect of
53.1% and an IC50 value of 10.8 lM. To monitor the assay system,
we used a Bayer’s compound (Bayer-5a) as a positive control, the
IC50 value measured to this compound by Murata et al.24 is
25 nM. Whereas the TR-FRET analysis reports the compound’s
IC50 value of 0.174 lM, the screening system we used reports that
the Bayer compound has 6.96 folds lesser potency, owing to the
different assay system. Based on the IC50 value measured to a po-
sitive control, we expected the hit compounds to inhibit more po-
tently in the recombinant human IKKb inhibition assay. It is worth
noting that all the active compounds reported were screened from
the light constrained docking, none of the heavy constrained dock-
ing were shown to retrieve a potential inhibitor. Clearly the light
constraint is capable to overcome the artifact of the heavy



Table 5
Virtual screening summary of each database

Database Size in million Pharmacophore hits Protonation Docking hits Biological screening hits

Heavy Light

ChemDiv 0.7 7000 7101 46 1248 2
Asinex—Gold 0.22 4655 4728 86 1831 1
Asinex—Platinum 0.12 3574 3672 220 1114 0

Figure 5. Workflow of the virtual screening scheme.
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constraint. Among the three databases screened, the Asinex plati-
num databases did not yield any active compounds, whereas
VH01 and VH03 from the ChemDiv database and VH02 from Asin-
ex Gold. Although the VH02 and VH03 do not belong to the same
database, the VS protocol is efficient in screening similar com-
pounds from different databases enriched with a large number of
compounds. The three hit compounds were highly diverse among
the known IKKb inhibitors, similarity analysis revealed that none
of the hit compounds had a tanimoto similarity index greater than
0.34. Hence, it is clear that the hit compounds are novel, diverse,
and opens a new door to IKKb drug discovery research.

2.6. Interaction of the hit compounds

All hit compounds have been identified from light constrained
docking; hence these compounds are capable of forming two
hinge region hydrogen bonds (Fig. 7). Nitrogen (NH) in isoindo-
line-dione of the VH01 forms a hydrogen bond with Glu97 car-
bonyl oxygen and isoindoline oxygen acts as a hydrogen
bonding acceptor with the Cys99 donor (backbone NH). In case
of VH02, the methoxyphenol forms a hinge region interaction,
the hydroxyl portion donates an electron to Glu97, and the
methoxy oxygen accepts an electron from Cys99 to form a
hydrogen bonding. VH03 also forms a similar manner of binding,
while the hydroxyl portion makes two hydrogen bonds with
Glu97 and Cys99, despite the fact that no conspicuous hydro-
phobic interaction was observed. In addition to the hinge region
interaction, there are several other hydrogen bonds formed
between the lead compounds and receptor.
VH01: (Fig. 7a) pyrazolon nitrogen forms a hydrogen bond with
the Lys106 side-chain amino group; sulfonamide oxygen accepts
an electron from the Arg105 side-chain guanidinium group. The
amino group is a hydrogen bond donor to the Lys106 carbonyl of
the amide portion.

VH02: (Fig. 7b) amide nitrogen of this compound is a hydrogen
bond donor to the Lys106 backbone carbonyl, another carbonyl
group of the amide portion accepts an electron to form a hydrogen
bond with Lys44 side-chain amino group.

VH03: (Fig. 7c) shares similarities with the VH02, but has a
nitrobenzene group in the place of anisole. The nitro group oxygen
interacts with the guanidinium group of Arg105 and the amide
nitrogen forms a hydrogen bond with the carbonyl oxygen of
Gly168. Amide group nitrogen forms an interaction with the
side-chain carboxylic oxygen of Asp103.

3. Conclusion

Virtual screening is a complement method to a high throughput
screening, a computation method to select the promising com-
pounds from large databases and focused libraries to in vitro
screening. The VS scheme comprised of ligand- and structure-
based approach led the way to discover novel inhibitors. The effec-
tiveness of the VS protocol has been explained by the pharmaco-
phore constraints. To the best of our knowledge, this is the first
VS approach of IKKb inhibitors that identifies three novel com-
pounds and becomes a basis for diverse and novel scaffolds. The
hit compounds VH01, VH02, and VH03 had IC50 values of 6.7,
6.98 and 10.8 lM, respectively. Among the 60 compounds tested
three compounds are potentially inhibiting the IKKb enzyme, the
hit compounds ratio (1:20) meticulously validates and supports
the effectiveness of the VS protocol. The hit compounds identified
were novel among the known IKKb inhibitors and further optimi-
zation of these lead compounds could result in potential non-ste-
roidal anti-inflammatory drugs (NAIDs).
4. Materials and methods

4.1. Pharmacophore generation

The most critical task in the drug discovery process is develop-
ing an appropriate model to predict the activity of given molecules.
However, most of the QSAR models have lapses that can lead to
erroneous predictions. In such a scenario, the application of a com-
mon feature pharmacophore would be of great help in retaining
the features required for the activity as it is a non-QSAR method.
Despite the advantage, it can also report a large number of false
positives; hence in a VS scheme a secondary filter is necessary to
refine the hits.

A total of seven compounds25–29 were used in a common fea-
ture model generation (Fig. 8). The main reasons to choose these
compounds in pharmacophore modeling are sensitivity and selec-
tivity, the compounds are tend to inhibit IKKb at nano molar con-
centration, and having several fold selectivity over IKKa. The
Catalyst 4.11(Accelrys, Inc., San Diego) module was used for phar-
macophore modeling. Possible conformers were generated to all



Table 6
Virtual screening hit compounds and its corresponding docking score IC50 values

Code Compound F-Score % of
inhibition
at 10 lM

IC50 in
lM

VH01

NH

O

O

O

N
N

O

SO
O

H2N

(E)-4-(4-((5-(1,3-Dioxoisoindolin-5-yl)furan-2-yl)methylene)-3-methyl-5-oxo-4,5-dihydro-1H-pyrazol-1-
yl)benzenesulfonamide

�27.248 84.8 6.7

VH02
O

OH

N
HN

O

NN

S
HN

O
O2N

(E)-N-(5-(2-(2-(4-Hydroxy-3-methoxybenzylidene)hydrazinyl)-2-oxoethyl)-1,3,4-thiadiazol-2-yl)-4-nitrobenzamide

�27.830 76.4 6.98

VH03

O

NH
O

S

N
N

N
H

O

N

HO

O

(E)-N-(5-(2-(2-(4-Hydroxy-3-methoxybenzylidene)hydrazinyl)-2-oxoethyl)-1,3,4-thiadiazol-2-yl)-4-
methoxybenzamide

�22.863 53.1 10.8

Bayer-
5a

N

OH

NH

NH2

N
ND ND 0.174

ND—Not determined.

Figure 6. Dose-dependent inhibition measured by TR-FRET analysis of IKKb
phosphorylation. The IC50 values reported for virtual screening hits and Bayer-5a
as a positive control.
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the compounds by best conformer generation method with a min-
imum energy range of 20 kcal/mol. Desired feature definition is an
important stage in the pharmacophore model generation. All the
training set compounds consist of at least one hydrogen bond
acceptor (HBA), a hydrogen bond donor (HBD), and a ring aromatic
(RA) feature. In addition, some of the compounds have a hydropho-
bic (Hy) feature. Based on the training set observations, we decided
to define the important four features. As we know, the kinase com-
pounds tend to make a hinge contact.30–32 Hinge loop is a small
segment that connects the N- and C-terminal lobes of any kinase,
in the case of IKKb Glu97 and Cys99 forms the acceptor–donor–
acceptor interaction; hence it is apparent that the IKKb inhibitor
must have the feature to facilitate the hinge interaction. On that
basis, we insisted at least one donor and acceptor feature should
be retained in the pharmacophore model. As a consequence of var-
ious trials conducted to optimize the pharmacophore generation,
we identified the best pharmacophore when the importance was
given to ML120B and Aztra Zeneca by setting the principal values
of 2 and 1 to other training sets. The value 2 insures that all of
the chemical features in the compound are considered for building
hypothesis space. As per our features setting, the model can have a
maximum of ten features and should have at least four features.
We modified the spacing to 100 picometer in order to achieve
the acceptor–donor features together, and the rest of the parame-
ters set to default, a total of ten pharmacophores were generated.

4.2. Homology model building

We explained the usefulness of the IKKb homology model in VS
of our previous work.23 In the current VS scheme, we updated the
homology model using the same procedure with three new tem-



Figure 7. 2D representation of hydrogen bonding interaction of hit compounds. The red dotted line represents the hydrogen bond accepting nature of receptor and the blue
dotted line represents the hydrogen bond donating nature.

Table 7
Templates used to model an IKKb protein

PDB Identity
(%)

Protein function Resolution
in Å

2JC6 31 Crystal structure of human calmodulin-
dependent protein kinase 1D

2.30

1A06 29 Calmodulin-dependent protein kinase from
rat

2.50

2QNJ 32 Kinase and ubiquitin-associated domains of
MARK3/Par-1

2.70

2GNG 29 Protein kinase A—fivefold mutant model of
Rho-kinase

1.87

Figure 8. The seven compounds used as training sets to model a common feature.
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plates (Table 7). Employing more than one template increase the
backbone flexibility and thus expanding the accessible conforma-
tional space.33 The automated sequence alignment and analysis
of the template and target is carried out using the Clustal X
1.8134 and the GeneDoc 2.635 programs. The alignment depicts
the G-loop and the hinge regions have a high sequence similarity,
whereas the activation loop (A-loop) has lesser similarity (Fig. 9).
However, there is no appropriate crystal structure available to
model the A-loop. Besides, A-loop does not interact with the
ATP-competitive inhibitors and modeling the accurate loop confor-
mation is a difficult task in the homology modeling approach as the
loop region is highly flexible.



Figure 9. The sequence alignment held between IKKb protein sequence and the template sequence. G-loop, Hinge and A-loop regions are indicated in the box.
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We used Discovery Studio 2.0 (http://accelrys.com/) program to
homology model an IKKb protein, which uses a built-in Modeler36

package. The four different kinase template sequences37–40 were
aligned together with the IKKb sequence and this alignment was
supplied along with the 3D coordinates of templates as an input
to the program. The Modeler program implements the comparative
protein structure modeling by satisfying the spatial re-
straints.36,41,42 A 3D model was obtained by optimization of a
molecular probability density function (PDF). The molecular PDF
for comparative modeling is optimized with the variable target
function procedure in cartesian space that employs methods of
conjugate gradients and molecular dynamics with simulated
annealing.36 To assess the quality of the minimized models, a Pro-
func procheck43–45 analysis was employed. Prior to docking, the
Aspartic acid, glutamic acid, lysine, and arginine residues were pro-
tonated according to the physiological pH (7.4) level.

4.3. Homology model selection

In order to choose the suitable model to structure-based virtual
screening, we have conducted various analyses to rank order the
best model. To quickly access the models the discrete optimized
protein energy (DOPE) score and ProCheck Ramachandran plot
has been observed. Furthermore, to analyze the detailed quality
of the models we have carried out exhaustive docking studies
using 176 known IKKb inhibitors and ATP molecule, the docking
simulation performed using FlexX. The inhibitors and ATP mole-
cule has been docked in two trails with and without the hydrogen
bond constraints (Table 5).

4.4. Database preparation

We used two databases, ChemDiv and Asinex (gold and plati-
num), to VS. These databases had approximately 1.04 million com-
pounds. They are fragmented and drug-like building blocks which
have several points of diversity. The compounds are supplied with
validated quality, pre-filtered by drug-likeness properties, no
duplicate records and the compounds can be supplied in a short
period of time. The pharmacophore screening requires a multi-
conformer database; therefore, we generated a minimum of 300
conformers to every compound. The database contains conforma-
tions of separate isomers generated within the relative energy
threshold of 20.0 kcal/mol. The Discovery Studio 2.1 is used to gen-
erate a database in a catalyst format; this program uses the CatDB
module of Catalyst. The database automatically indexed with sub-
structure, pharmacophore features, and shape information. As the
pharmacophore searching reported the hits in 3D space, there
was no need to convert the structure into 3D coordinates prior to
docking. However, all the compounds low energy conformers were
generated and chirality was set right. In addition, every compound
was ionized at physiological pH 7.4 and tautomers were enumer-
ated in the library. The LigPrep46 tool of Maestro 8.0 was used to
prepare the compounds. Polgar et al.47 demonstrated the VS by
FlexX-Pharm provided the best results and showed dependency
on ligand protonation.

4.5. Docking procedure

The second filter used in the VS scheme was a structure-based
approach, Flex-X program was employed to dock the compounds.
Before docking, hydrogen atoms were added to the protein and
minimized using the Steepest Descent algorithm for about 500
steps. The amino acids Phe26, Val29, Ala42, Lys44, Met65, Val74,
Ala76, Glu97, Tyr98, Cys99, Lys106, Val152, Gly168 and the sur-
rounding residues within the distance range of 6.5 Å were defined
as active sites. Flex-X48 uses an incremental construction algorithm
to place flexible ligands into a fully specified active site; its empir-
ical-based scoring function estimates the binding free energy

http://accelrys.com/
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based on the physicochemical properties. The FlexX-Pharm49 mod-
ule was used to define the constraints and to direct the FlexX dock-
ing of several compounds into the specified active site
simultaneously. FlexX-Pharm insures that an interaction is formed
between the specified interacting group in the active site and the
ligand in a valid docking solution. There are many research groups
who successfully employed the constraints in structure-based VS,
which increases the enrichment factor19,47,50,51 of active com-
pounds. As we know, most of the ATP-competitive inhibitors of ki-
nase make two or three hinge52–54 region hydrogen bonding
interactions. Hence, we applied the hydrogen bonding ability of a
molecule as constraints to filter out the compounds that can possi-
bly make hinge contacts. In the docking simulation two different
sets of constraints were applied, namely ‘Heavy’ and ‘Light’
(Fig. 10). The Heavy constraint is strict in choosing the compounds.
According to this specification, compounds forming three hydro-
gen bonds with the hinge region acceptor (Glu97)–donor
(Cys99)–acceptor (Cys99) are only reported as hits. Whereas, in
the Light constraint the middle donor interaction is essential and
at least one acceptor hydrogen bonding interaction is essential.
The resultants of the pharmacophore search were submitted to
the docking protocol as a library in structure data format (SDF).
A maximum of 30 conformers were retained to each compound
passing the constraints criteria. In our previous work,23 we demon-
strated that the f-scoring function was capable of discriminate the
IKKb inhibitors from the decoys; henceforth we applied the f-scor-
ing function in the current VS as well.

4.6. Goodness of hits calculation

We measured the efficiency of the protonated docking by calcu-
lating GH.55 The GH is a measure that accounts for the efficiency of
the model in VS. It can account for both the % of yield (the fraction
of active structures hit) and % of actives that are retrieved from the
database. In this experiment, we used the same set of compounds
that were used to calculate the enrichment factor (EF)23 in our pre-
vious study. A small library, consisting of 40 IKKb inhibitors is used
as actives and 500 compounds selected from the ChemDiv data-
base were used as decoys and were used in the GH calculation.
The library was protonated using the LigPrep46 module and only
the best possible protonation state was retained in the library.
Two different docking calculations were performed simultaneously
with the protonated and the normal library. In addition, an ideal
GH score was calculated theoretically for the highest possible
Figure 10. Pictorial representation of constraints. (a) ‘Heavy’ constraint—all three
hinge hydrogen bonds are required for successful docking. (b) ‘Light’ constraint—
middle donor is essential and flanking hydrogen bonds are optional, yet according
to the light constraint definition anyone of the acceptor interactions is a ‘must’
along with the donor interaction.
goodness. The ideal GH score was calculated by assuming the mod-
el reports only true positives as hits.

4.7. Virtual screening

A five-feature pharmacophore model developed, and used to
search the ChemDiv and the Asinex subsets database such as Gold
and Platinum. The databases have �1.04 million compounds
(Fig.10); a pharmacophore search results were sorted by fit value.
Fit value is criteria that measure how well a compound that can fit
into the pharmacophore. The Fast method was used in the pharma-
cophore search, which performs a rigid fit of the conformers
against the pharmacophore. In each database, compounds having
a pharmacophore fit value P3.5 were considered for docking based
screening. Prior to performing docking simulations, we prepared
the library as results of pronation, tautomer enumeration and en-
ergy minimization. The prepared library was used in the heavy
as well as light docking. We further limited the compounds to be
tested experimentally based on the visual inspection and commer-
cial availability.

4.8. In vitro analysis: IKKb enzyme inhibition assay

IKKb-TR-FRET reactions for the search of the IKKb inhibitors
were carried out based upon the suggestions of the IMAP-TR-FRET
system (MDS Analytical Technologies, Sunnyvale, Calif., USA). IKKb
kinase reactions were performed in a reaction buffer (10 mM Tris–
HCl, pH 7.2, 10 mM MgCl2, 0.05% NaN3), containing 1 mM DTT and
0.01% Tween-20 (Sigma–Aldrich Co., St. Louis, Mo., USA) to help
stabilize the enzyme. The reactions were done at room tempera-
ture for 2 h in white standard 384 plates (3572, Corning Life Sci-
ences, Lowell, Mass., USA), using 0.5 lg/ml IKKb (Millipore Co.,
Billerica, Mass., USA), 1 lM IKBa-derived substrate (5FAM-
GRHDSGLDSMK-NH2; R7574, MDS Analytical Technologies), and
3 lM ATP (Sigma–Aldrich Co.) unless otherwise noted. The total
reaction volumes were 20 ll and 10 lM and compounds were
pre-incubated with IKKb enzyme for 10 min before the substrate
and ATP were added. For the TR-FRET reaction, 60 ll of the detec-
tion mixture (1:600 dilution of IMAP binding reagent and 1:400
dilution of Terbium donor supplied by MDS Analytical Technolo-
gies) was added 15 h before reading the plate. The energy transfer
signal was measured in a multilabel counter with a TR-FRET option
(Victor II, PerkinElmer Oy, Turku, Finland). The counter setting was
340 nm excitation, 100 ls delay, and dual-emission collection for
200 ls at 495 and 520 nm. The energy transfer signal data were
used to calculate the percentage inhibition and IC50 values.
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