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Abstract In our study, a structure-based virtual screen-
ing study was conducted to identify potent ITK inhib-
itors, as ITK is considered to play an important role in
the treatment of inflammatory diseases. We developed a
structure-based pharmacophore model using the crystal
structure (PDB ID: 3MJ2) of ITK complexed with
BMS-50944. The most predictive model, SB-Hypo1,
consisted of six features: three hydrogen-bond acceptors
(HBA), one hydrogen-bond donor (HBD), one ring ar-
omatic (RA), and one hydrophobic (HY). The statistical
significance of SB-Hypo1 was validated using wide
range of test set molecules and a decoy set. The result-
ing well-validated model could then be confidently used
as a 3D query to screen for drug-like molecules in a
database, in order to retrieve new chemical scaffolds
that may be potent ITK inhibitors. The hits retrieved
from this search were filtered based on the maximum fit

value, drug-likeness, and ADMET properties, and the
hits that were retained were used in a molecular dock-
ing study to find the binding mode and molecular
interactions with crucial residues at the active site of
the protein. These hits were then fed into a molecular
dynamics simulation to study the flexibility of the acti-
vation loop of ITK upon ligand binding. This combina-
tion of methodologies is a valuable tool for identifying
structurally diverse molecules with desired biological
activities, and for designing new classes of selective ITK
inhibitors.
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Abbreviation
ITK Interleukin-2-inducible T-cell kinase
SB_Hypo1 Structure-based hypothesis
PTK Protein tyrosine kinase
PH Pleckstrin homology
SH3 Src homology3
SH2 Src homology2
DS Discovery Studio v.2.5
HBA Hydrogen-bond acceptor
HBD Hydrogen-bond donor
HY Hydrophobic
R Ring aromatic
EF Enrichment factor
GH Goodness of hit
ADMET Absorption, distribution, metabolism,

excretion, and toxicity
BBB Blood–brain barrier
MD Molecular dynamics
RMSD Root mean square deviation
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Introduction

Protein tyrosine kinases (PTKs) are vital components of
many signal transduction pathways in multicellular organ-
isms. They can be subdivided into two families: receptor
and nonreceptor (cytoplasmic) kinases. Src and eight related
molecules formed the largest family of cytoplasmic PTKs,
while the second largest is the Tec family, which consists of
fivemammalianmembers: BTK (Bruton agammaglobulinemia
tyrosine kinase), BMX (bone marrow kinase gene on the X
chromosome), ITK (interleukin-2-inducible T-cell kinase),
TEC (tyrosine kinase expressed in hepatocellular carcinoma),
and TXK (T and X cell-expressed kinase) [1]. The Tec family
plays an essential role in T-cell activation as well as signaling
through antigen receptors such as T-cell and B-cell receptors
[2]. Three members of the Tec family—ITK, TXK, and TEC—
are activated downstream of antigen receptor engagement in
T cells, and transmit signals to downstream effectors, includ-
ing PLC-γ [3]. BTK acts independently of T-cell signaling,
and is essential for B-cell development and activation. The
biological role of the final member of this family, BMX, has
not yet been identified.

ITK is an important member of the Tec family because of
its key role in the regulation of various signaling pathways
in immune cells, such as actin reorganization, PLC-γ acti-
vation, calcium mobilization, and NFAT activation in T cells
[4]. ITK also plays a vital role in the secretion of Th2
cytokines, such as IL-4, IL-5, and IL-13, and the develop-
ment of an effective Th2 response during allergic asthma or
infections by parasitic worms. Immunological deficiencies
were seen in ITK knockout mice under normal conditions,
which emphasizes the importance of ITK in T-cell develop-
ment and function. However, studies of ITK knockout mice
in an animal model of allergic asthma have indicated that
ITK is important as not only a mediator of the secretion of
specific cytokines by Th2 cells but also in the release of
cytokines and chemokines from mast cells [5]. Together,
these findings have illuminated the vital roles of ITK in
various signaling pathways in immune cells. Consequently,
ITK is considered a promising drug target for the treatment of
numerous inflammatory diseases, including allergies, allergic
asthma, and atopic dermatitis. Recently, it was also shown that
the inhibition of ITK blocks HIV infection by affecting mul-
tiple HIV replication steps [4].

The structure of ITK is very similar those of other Tec
family kinase members. It contains a pleckstrin homology
(PH) domain at the N-terminus, which allows it to reversibly
recruit the membrane and TEC-homology domain [4]. The
TEC-homology domain is characterized by the BTK motif,
which is found only in the Tec kinases [6–8], and a proline-
rich region. ITK also has Src homology3 (SH3), Src homol-
ogy2 (SH2), and kinase domains [9, 10]. The SH3 domain
interacts with the proline-rich regions of other proteins, the

SH2 domain interacts with tyrosine phosphorylated pro-
teins, and the kinase domain has a catalytic function and
carries out the tyrosine phosphorylation of substrates. In the
case of ITK, any of these domains could potentially be
targeted to prevent its activation. However, the PH, SH3,
and SH2 domains may be involved in the regulation of ITK
as well as the regulation of signaling pathways independent
of the kinase domain. Thus, more work to clearly under-
stand this process is needed before this approach is attemp-
ted [11]. Hence, in the work described in the present paper,
we targeted the kinase domain of ITK on order to prevent
the initiation of kinase activity.

Several research works on the inhibitiion of ITK signal-
ing activity have already been performed, and many of other
works are currently underway. While many small molecules
have already been tested for ITK activity, none of them have
shown selective activity towards ITK [11]. Hence, our aim
was to find potent selective small-molecule ITK inhibitors
within the Tec family, and inhibitors of other kinases. Thus,
in our study, we derived the basic features needed to inhibit
ITK activity, which are therefore useful when designing
novel potential inhibitors for use as anti-inflammatory ther-
apeutics. Structure-based pharmacophore model approaches
were utilized to identify the critical chemical features re-
quired to inhibit ITK. The structure-based pharmacophore
hypothesis developed here was then thoroughly validated by
utilizing test and decoy sets to prove its predictive ability
and statistical significance. This well-validated model was
used as a query to screen a chemical database for novel
leads. A molecular docking study was then performed to
identify the appropriate orientation and flexibility of the lead
molecule at the protein active site. The final drug-like hits
were fed into a molecular dynamics (MD) simulation, as the
crystal structures of human ITK complexed with different
inhibitors (PDB ID: 1SNU, 1SM2, 3MIY, 3MJ1, 3MJ2,
3QGW, and 3QGY) have already given us a clear view of
the binding mode of ITK inhibitors [3, 4]. Among these
seven crystal structures, only one (PDB ID:3MJ2; ITC com-
plexed with BMS-509744) was fully resolved, including the
activation loop, and this activation loop formed a short alpha
helix to block the protein substrate binding site [4]. Thus,
we carried out MD simulations using GROMACS v.4.0 to
assess the flexibility of the critical amino acids present at the
protein active site with and without the inhibitor bound to it.
Also, the interactions between the inhibitor and the side
chains of the critical amino acids F435, C442, and S499
were used to determine the selectivity of the ITK inhibitors.

Studying the crystal structures of ITK–inhibitor complexes
proved to be a useful way to identify how to block the substrate
binding site and prevent the initiation of kinase activity. We
utilized this valuable information in structure-based database
screening, molecular docking, and MD simulation studies to
select novel potential leads in ITK inhibitor design.
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Materials and methods

Generation of the structure-based pharmacophore model

Selecting a crystal structure to use to generate a structure-
based pharmacophore model is a challenging task. Seven
well-resolved X-ray structures of ITK complexed with var-
ious inhibitors are available. For each of these seven struc-
tures, the binding mode and molecular interactions at the
protein’s active site are clearly defined. For example, the X-
ray structure (PDB ID: 3MIY) of ITK complexed with
sunitinib, a broad-spectrum tyrosine kinase inhibitor [4],
shows the binding mode and molecular interactions at the
protein’s active site in detail. Sunitinib was observed to form
a hydrogen-bond network with the critical amino acids
M438 and E436, and to participate in an edge-to-face inter-
action with the gatekeeper residue F435. However, helix C
in the ITK–sunitinib structure adopts a different conforma-
tion than in previously reported structures, and this confor-
mation is considered the “active conformation” [12–14].
The other X-ray structures (PDB ID: 1SM2, 1SNU,
3 MJ1, 3QGW, and 3QGY), of ITK complexed with staur-
osporine, R05191614, and other inhibitors, show hydrogen-
bond networks and binding modes that are quite similar to
those of sunitinib. However, none of these five crystal
structures have an activation loop in the alpha-helix confor-
mation or incorporate the activating trans-phosphorylation
site Y512. In general, the regulatory mechanisms of various
protein kinases have been described based on their activa-
tion loops. In the inactive state, the nonphosphorylated
activation loop binds and blocks access to the protein,
whereas, in the active state, phosphorylation of the activa-
tion loop releases this intramolecular interaction and acti-
vates the catalytic activity [12–14]. Note that ITK may not
exhibit this regulatory mechanism, since its apo (PDB ID:
1SNX), unphosphorylated (PDB ID: 1SNU), and phosphor-
ylated (PDB ID: 1SM2) crystal structures do not have the
activation loop. However, the crystal structure of its com-
plex with BMS-509744 (PDB ID: 3MJ2) can exhibit an
autoinhibitory confirmation, and it is also the only structure
that is fully resolved and has an activation loop. In addition,
BMS-509744 is the only inhibitor that shows van der Waals
contact with the side chains of the active-site residues F435,
C442, and S499, which are crucial to ITK selectivity.
Hence, we chose the crystal structure of ITK complexed
with BMS-509744 to generate the structure-based pharma-
cophore model. The crystal structure of 3MJ2 was obtained
directly from the Brookhaven Protein Data Bank (PDB).
Water-mediated hydrogen bonds are reported to play a cru-
cial role in the stabilization of the ligand at the active site.
Therefore, all of the water molecules in the crystal structure
were retained. The structure-based pharmacophore model
was generated using the LigandScout software package

[15], which uses an algorithm that interprets ligand–receptor
interactions such as hydrogen bonds, charge transfer, and
hydrophobic regions of their macromolecular environment
from PDB files, allowing the automated construction of the
pharmacophore model. The generated pharmacophore
model included the excluded volume spheres, which rep-
resent the inaccessible areas on any potential ligand [16].
Discovery Studio v.2.5 (DS) was used to convert .hypo-
edit to .chm files, since this is a suitable format for
performing the virtual screening of various commercially
available databases in order to retrieve novel scaffolds.
Several complementary pharmacophore features were gen-
erated to describe the binding site. These features were
analyzed (except for the excluded volumes) based on the
interaction pattern of the ligand at the active site, and the
most representative features were selected for inclusion in
the best pharmacophore model.

Validation of the pharmacophore model and virtual
screening

Test and decoy sets were employed to validate the predictive
ability and statistical significance of the generated model, re-
spectively. The test set contained 30 structurally diverse mole-
cules with a wide range of activities (IC50), between 0.003 μM
and 50 μM, which were collected from various literature sour-
ces [17–23]. All of the test set molecules were grouped into
three categories: highly active (+++, IC50<1 μM), moderately
active (++, 1≤IC50<10 μM), and inactive (+, IC50≥10 μM).
The 2D structures of the selected compounds were built using
MDL ISIS Draw v.2.4. In addition, these 2D structures were
converted to their corresponding 3D forms by importing them
into DS. Optimization was carried out for all compounds by
minimizing the energy to the closest local minimum with the
CHARMm-like force field [24]. The conformational analysis
for each compound, which investigated its flexibility, was
performed using a poling algorithm [25–27] and CHARMm
force field parameters. Two methods are included in DS for
conformational analysis: fast and best-quality analysis. Both
methods were carried out using a Monte Carlo-like algorithm
together with poling [25–27], which considerably reduced the
probability that very similar conformers would appear through
the use of a penalty function. In this work, a maximum of 255
conformations were allowed for each compound by using the
best conformation generation method with a cut-off of
20 kcal mol−1 energy above the global energy minimum
to ensure maximum coverage of the conformational space.
Conformational variations yielding similar conformers were
explicitly suppressed by poling and all are equally treated.
The second validation method utilized a decoy set consist-
ing of 1200 molecules, including known inhibitors of ITK
(30) and unknown (1170) compounds. The generated hy-
pothesis was employed to screen this decoy set using the
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ligand pharmacophore mapping protocol in DS to check
how well the hypothesis distinguished the active from the
inactive molecules. Parameters such as false positives, false
negatives, the enrichment factor (EF), and the goodness of
hit (GH) were calculated to determine the robustness of the
hypothesis.

Database screening was used to retrieve new molecules
from databases [28] for biological testing. The main purpose
of virtual screening is to find novel scaffolds that can inhibit
the activities of various targets, as well as to find potential
leads that are suitable for further development. The ligand
pharmacophore mapping protocol in DS was employed for
database screening. In this, there are two conformation
options: best/flexible and fast/flexible. In our study, to attain
the best results, we used the best/flexible conformation
option during database screening. The well-validated six-
feature structure-based pharmacophore model was then used
as 3D query to retrieve the hits. Two databases, namely
Maybridge and Chembridge, containing 0.1 million struc-
turally diverse small molecules, were screened. In addition,
the geometric fit of each database compound was calculated
based on how well its chemical substructure fitted with the
pharmacophoric feature location constraints and their dis-
tances from the centers of the features. Hit compounds that
scored a geometric fit value of ≥ 3 (pharmacophore fit
value) were selected and checked for drug-like properties
using methods such as Lipinski’s rule of five and ADMET
(absorption, distribution, metabolism, excretion, and toxici-
ty) descriptors. Hit compounds that passed through the
drug-like property filters (Lipinski’s rule of five and
ADMET) were taken into account in our molecular docking
study.

Molecular docking

Molecular docking was performed to refine the hit mol-
ecules derived from database screening in order to deter-
mine the affinity between the ligand and the critical
amino acids present at the active site of the protein.
Several algorithms that perform molecular docking in
order to find the ligand–protein affinity (using the scor-
ing function) and the interactions between the ligand and
critical amino acids at the active site have been reported.
In this work, GOLD (genetic optimization for ligand
docking) v.4.1 from the Cambridge Crystallographic Data
Center, UK [29], was employed. This uses a genetic
algorithm to dock flexible ligands into protein-binding
sites in order to explore the full range of ligand confor-
mation flexibility while allowing partial protein flexibili-
ty. The X-ray crystal structure of ITK (PDB ID: 3 MJ2)
that was used in the molecular docking study was
obtained directly from the Protein Data Bank (http://
www.rcsb.org). All of the water molecules associated

with the protein were also included in the docking study.
Hydrogen atoms were also added using GOLD. The
binding site on the protein was defined using all of the
atoms within 12 Å of it based on the co-crystallized
ligand included in the X-ray structure. During the dock-
ing study, ten poses were generated for each ligand, and
the best poses were selected based on the GOLD fitness
score. The default fitness function (VDW 4.0, H-bonding
2.5) and evolutionary parameters were used in the GOLD
docking experiments: population size 100; selection pres-
sure 1.1; operation 100,000; islands 5; niche size 2;
migration 10; crossover 95. The GOLD fitness score,
the binding mode, and molecular interactions with cata-
lytically important residues at the protein’s active site
were used to sort the molecules.

Molecular dynamics simulation

We performed MD simulations (using GROMACS v.4.0 [30,
31] with the GROMOS93a1 force field) of the apo form of
ITK, the complex of ITK with BMS-509744, and the com-
plexes of ITKwith three drug-like leads found in the database.
The GROMACS molecular topology files for BMS-509744
and database hits were generated using the PRODRG server
(http://davapc1.bioch.dundee.ac.uk/programs/prodrg) [32].
Hydrogen atoms were added, and the protonation states
of the ionizable groups on the protein were set to pH 7.0.
Each starting structure was placed in a cubic box with
1 nm as the minimum distance between the protein and
the edge of the box [33]. The simple point charge (SPC)
water model was used. In order to neutralize the system,
ten Na+counterions were added by replacing water mole-
cules. Long-range electrostatics were treated using the
particle mesh Ewald method [34]. Energy minimization
was performed by applying the steepest descent algorithm
to the initial structure of the protein to remove bad con-
tacts until energy convergence reached 2,000 kJ mol−1.
Each component of the system was subjected to equilibra-
tion at 300 K and under normal pressure (1 bar) for
100 ps, applying positional restraints to heavy atoms.
The LINCS [35] and SETTLE [36] algorithms were used
to constrain the bond lengths within the protein and the
geometries of the water molecules, respectively. In our
study, for all of the systems, we carried out 5 ns produc-
tion run in the isothermal-isobaric (NPT) ensemble under
periodic boundary conditions. The Lennard–Jones and
electrostatic interaction cut-offs were set 0.9 nm and
1.4 nm, respectively. The time step of the simulation
was 2 fs without any positional restraint, and conforma-
tions were saved during every analysis. All analyses were
performed using PyMOL, DS, and simulation trajectory
analysis using tools included in the GROMACS package,
including the DSSP program [37].
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Results and discussion

Structure-based pharmacophore generation

ITK is the most effective drug target for the treatment of Th2-
mediated inflammatory diseases. Recent reports also suggest
that selective blockage of ITK affects HIV replication by
interrupting T-cell activation [38]. So far, 16 different chem-
ical structure classes of ITK inhibitors have been discovered,
but none of these chemical entities have been reported in
clinical trials [38]. Among these 16 different chemical struc-
tures, only BMS-509744 has been shown to exhibit an acti-
vation loop when binding with the protein. In addition, only
the X-ray crystal structure of ITK complexed with BMS-
509744 (PDB ID: 3 MJ2) has shown van der Waals interac-
tions with residues that are important to ITK selectivity, such
as F435, C442, and S499. Thus, we used this structural data as
the starting point to generate a structure-based pharmacophore
for a BMS-509744 analog that could aid in the identificationof
new chemical scaffolds for use as potential ITK inhibitors.
The LigandScout software package was used to carry out an
extensive investigation of the chemical features that are re-
quired for the ITK–BMS-509744 interaction. The generated
pharmacophore contained nine features: four hydrogen bond
acceptors (HBA), three hydrophobic (HY) features, one hy-
drogen bond donor (HBD), and one ring aromatic (RA)—
along with eighteen excluded volumes—all of which deter-
mine the interaction between protein and ligand (see Fig. S1 of
the “Electronic supplementary material,” ESM).

The generated pharmacophore features were then analyzed
by mapping them to the active-site residues of the protein, and
the most representative features were included in the pharma-
cophore. The final pharmacophore (SB_Hypo1) consisted of
six features: three HBAs, one HBD, one HY, and one RA; the

excluded volumes were deleted, since they are areas that are
inaccessible to any potential ligand (Fig. 1). HBD and HBA
features from the aminothiazole core of the ligand form es-
sential hydrogen-bond interactions with the crucial amino acid
M438. The other two HBA features correspond to the
methoxy group and the terminal carbonyl-linked acetyl piper-
azine moiety of the ligand. In addition, these two features are
situated near to the residues C442 and S499, which are influ-
ential in ITK selectivity; hence, these residues can formwater-
mediated hydrogen bonds with the ligand, and such interac-
tions stabilize the ligand in the active site. The HY feature is
positioned on the aromatic ring of the phenyl methylamine of
the ligand. The RA feature corresponds to the phenylsulfonyl
moiety of the ligand and enables aromatic stacking between
the benzyl ring of the ligand and F435. Further, comparison of
this automated SB_Hypo1 (Fig. S2a of the ESM) with a
previously developed ligand-based pharmacophore model
[39] showed 1.5 Å of RMS displacement, and highlighted
some differences in chemical features (Fig. S2b of the ESM).
In particular, the SB_Hypo1 model has additional HBA and
HBD features compared to the ligand-based pharmacophore
model. This mismatch occurs because the SB_Hypo1 model
describes the predominant interactions of the BMS-509744
ligand with the protein, whereas the ligand-based pharmaco-
phore model describes the interactions that are commonly
seen for several highly active compounds belonging to differ-
ent chemical classes of inhibitors. Among the ITK competi-
tive inhibitors, only BMS-509744 has been shown to exhibit
an activation loop while binding with the protein, and to
trigger the autoinhibitory mechanism of the protein. This
pharmacophore model has a clearly defined active site and
ligand binding, making it more effective in database queries
that are performed to search for compounds similar to known
ITK competitive inhibitors.

Fig. 1 SB_Hypo1 overlaid
onto the active site of ITK
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Validation

Test set

The predictive power of the generated pharmacophore
model SB_Hypo1 was tested using a set of 30 ITK
inhibitors (Fig. 2), which included the most active, mod-
erately active, and inactive molecules; conformation stud-
ies were done as described earlier. When using a
structure-based pharmacophore model, molecules can be
separated into active, moderately active, and inactive
using the fit value based on the geometric scoring func-
tion. On the other hand, a ligand-based pharmacophore
model uses estimated activity values, since it is derived
from a set of active compounds. Thus, we classified the
compounds in the test set as follows: compounds with fit
values of >3 were considered the most active com-
pounds; those with fit values of between 2 and 3 were
considered moderately active, and those with fit values of
<2 were considered inactive compounds. Hypo1 was
used to screen the test set molecules using the ligand
pharmacophore mapping protocol in DS, with the maxi-
mum omitted features value set to zero. Of these, 13 of
the 13 most active compounds, 4 of the 10 moderately
active compounds, and 7 of the 7 inactive compounds
were predicted correctly (Table 1). The activities of six
moderately active compounds were underestimated (they
were considered to be inactive compounds). This discrep-
ancy only occurred for the moderately active compounds,

and may have happened because the value of maximum
omitted features was set to zero. These results clearly
demonstrated that the features present in SB_Hypo1 are
critical to the inhibition of ITK. The alignments of Hypo1
with the most active compound, 1 (IC50: 0.003 μM), and
with the least active compound, 30 (IC50: 50 μM), in the test
set are shown in Fig. 3. All of the features of Hypo1 mapped
perfectly to compound 1, while compound 30 could not map
to one of the HBA features of Hypo1. This again showed that
small-molecule inhibitors of ITK are clearly highly depen-
dent on the interaction between ITK and its ligand. This
further verifies the predictive ability of the pharmacophore
model Hypo1.

Decoy set

Hypo1 was once again validated by using it to search
for the active molecules in a large decoy set of active
and inactive molecules. The database we used contained
1200 molecules, including 30 known inhibitors of ITK.
This “spiked” database was screened by Hypo1 using
the ligand pharmacophore mapping protocol with a
maximum omitted features value of zero. The calculated
statistical parameters are summarized in Table S1 of the
ESM. As seen in Table S1, Hypo1 successfully screened
the decoy set and retrieved 36 molecules. Among these
36 molecules, 30 molecules (83.33 %) were potent
inhibitors of ITK, while 6 molecules were actually in-
active (i.e., false positives). The EF and GH score

Fig. 2 2D structures of the test set molecules that were used to validate SB_Hypo1
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values for Hypo1 were calculated using the following
formulae:

EF ¼ Ha

Ht

� �
� A

D

� �
ð1Þ

GH ¼ Hað3Aþ HtÞ
4HtA

� �
1� Ht � Ha

D� A

� �
: ð2Þ

Here, Ht 0 the number of hits retrieved, Ha 0 the number
of active molecules in the hit list, A 0 the number of active
molecules present in the database, and D 0 the total number
of molecules in the database. GH scoring was used to assess
the quality of the pharmacophore. GH ranges from 0, indi-
cating a null model, to 1, indicating the ideal model [40]; a
score value of ≥ 0.60 indicates a very good model [41]. In
our case, Hypo1 gained a GH value of 0.87, which indicates
that it is highly able to identify false positives, and can even
differentiate between active and inactive ITK inhibitors that
are very similar structurally. Hypo1 also has an EF score of
33.32, which indicates that it is 33 times more likely to pick
an active compound from the database than an inactive one
[42]. According to both validation methods, Hypo1 is very
able to distinguish active from inactive molecules, so it was
then used in database screening to retrieve novel potential
ITK inhibitors.

Database screening

In order to identify novel potential ITK inhibitors, the well-
validated pharmacophore model Hypo1 was used as a 3D
query to screen two databases: Maybridge (60,000 mole-
cules) and Chembridge (50,000 molecules). The screening
process was carried out using the ligand pharmacophore
mapping protocol in DS, with the best/flexible algorithm
and a maximum omitted features value of 1. In the initial
screening, the compounds which mapped well to five or six
features of SB_Hypo1 were considered hits. These initial hit
molecules were then screened again (based on the maximum
fit value) and a third time (through a drug-like filter incorpo-
rating Lipinski’s rule of five and ADMET descriptors). Finally,
a total of 24 potential candidates were obtained after all three
screening processes, and these molecules were analyzed in
molecular docking studies.

Molecular docking

A molecular docking study of the candidate compounds
obtained from the database screening process was per-
formed to identify their affinities for the active site of
the protein. GOLD v4.1 was employed as a docking
tool to analyze the binding modes and molecular inter-
actions of the candidate compounds. Details about the
receptor and its preparation for the docking study were
described earlier. We tested the reliability of the docking
method as a way to predict the bioactive conformations
and GOLD fitness scores, which distinguish the ITK-
active from the ITK-inactive molecules. Thus we evaluated by
co-crystal structure (BMS-509744), which was docked into
the binding sites of ITK. The re-docked conformation of
BMS-509744 that was predicted using GOLD is shown in
Fig. S3a. The root mean-square deviation between the actual

Table 1 Experimental and predicted activities of the test set com-
pounds, as calculated utilizing SB_Hypo1

Compound no. Experimental
IC50 (μM)

Fit valuea Experimental
scaleb

Predicted
scaleb

1 0.003 4.25 +++ +++

2 0.008 4.18 +++ +++

3 0.011 4.09 +++ +++

4 0.013 3.87 +++ +++

5 0.015 3.85 +++ +++

6 0.018 3.85 +++ +++

7 0.026 3.85 +++ +++

8 0.058 3.83 +++ +++

9 0.074 3.78 +++ +++

10 0.081 3.76 +++ +++

11 0.1 3.73 +++ +++

12 0.6 3.21 +++ +++

13 0.6 3.14 +++ +++

14 1 2.99 ++ ++

15 1.09 2.84 ++ ++

16 1.10 2.38 ++ ++

17 1.13 2.31 ++ ++

18 1.44 1.93 + +

19 1.60 1.78 + +

20 2.20 1.68 + +

21 3.30 1.64 + +

22 3.90 1.63 + +

23 7.0 1.60 + +

24 11.2 1.59 + +

25 19.2 1.57 + +

26 20 1.57 + +

27 25 1.35 + +

28 34.2 1.24 + +

29 50 1.23 + +

30 50 0.94 + +

a Fit value indicates how well the features in the pharmacophore
overlap with the chemical features in the molecule. Fit 0 weight ×
[max (0,1,SSE)] where SSE 0 (D/T)2, D 0 displacement of the feature
from the center of the location constraints, and T 0 the radius of the
location constraint sphere for the feature (tolerance)
bActivity scale: IC50 < 1μM 0 +++ (highly active); 1 ≤ IC50 < 10μM 0 ++
(moderately active); IC50 ≥ 10 μM 0 + (inactive)
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and the predicted conformations was 0.98 Å, suggesting that
GOLD reliably reproduces the experimentally observed bind-
ing modes for ITK inhibitors. Moreover, the GOLD fitness
score for BMS-509744 was 95, and it indicated very strong
hydrogen-bond interactions withM438 and C442, as well as a
water-mediated hydrogen bond with the water molecule X158
(Fig. S3b). Hence, we used BMS-509744 as our reference
molecule for the candidate compounds we obtained from
database screening. Molecules that gave GOLD fitness scores
of >90 were selected as lead compounds, and their binding
modes and molecular interactions were checked. The final hit
compounds were docked into the protein’s active site using
the same protocol utilized for the reference molecule. Nine out
of the 24 candidate molecules showed GOLD fitness scores of
>90, and their molecular interactions are summarized in Table
S2 of the ESM. As seen in Table S2, three compounds—
CD_01889 and JFD_01598 (Maybridge) as well as com-
pound 11513 (Chembridge)—yielded GOLD fitness scores
of 94, 93, and 94, respectively. Also, these three compounds
showed very strong hydrogen-bond interactions with the crit-
ical residue M438 in the hinge region and a water-mediated

hydrogen bond with a water molecule (X158). Further,
these compounds exhibited hydrogen bonds with residues
C442 and S499, whereas our reference compound (BMS-
509744) did not show a hydrogen-bond interaction with
S499. According to previous studies, F435, C442, and
S499 are the residues that have the most influence on
ITK selectivity, which obviously makes us more confident
that these three compounds do indeed show ITK selectiv-
ity. Figures S4 and S5 of the ESM show these reference
and hit compounds overlaid onto the pharmacophore, as
well as their molecular interactions with the crucial amino
acids and their binding modes. The results of all of the
above investigations of fit value, drug-likeness, pharmaco-
phore overlay, binding mode, and molecular interactions
with residues that are crucial to ITK selectivity suggest
that the retrieved hits could represent good leads in the
design of novel inhibitors of ITK. However, to further
confirm the suitability of these compounds as leads, we
investigated the flexibility of the residues in the protein
upon the binding of the inhibitor using molecular dynam-
ics simulation.

Fig. 3 Mapping the
pharmacophore to test set
molecules: a compound 1; b
compound 30

Fig. 4 Evolution of the secondary structure of the activation loop of
ITK, computed using the DSSP package, for ITK complexed with a
apo and b BMS-509744. The x-axis represents the time elapsed during
the simulation, while the y-axis represents the numerical label of the
residue (450–550). Each arrow indicates the simulation time at which
the shown snapshot of the structure was taken

Fig. 5 Evolution of the secondary structure of the activation loop of
ITK, computed using the DSSP package, for ITK complexed with a
CD_01889 and b compound 11513. The x-axis represents the time
elapsed during the simulation, while the y-axis represents the numerical
label of the residue (450–550). Each arrow indicates the simulation
time at which the shown snapshot of the structure was taken
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Molecular dynamics simulation

The activities of several kinases are known to be regulated
by a region known as the activation loop. When the
kinase is inactive, the (nonphosphorylated) activation loop
binds and blocks access to the protein substrate binding
site. However, in the activated state, phosphorylation of
the activation loop releases these intramolecular interac-
tions, which in turn “switches on” the catalytic activity of
the kinase. That said, ITK may not exhibit this regulatory
mechanism, as the electron density of the activation loop
was not found in the crystal structures of the complexes of

ITK with Apo (ISNX), staurosporine (1SNU and 1SM2),
sunitinib (3MIY), R05191614 (3 MJ1), 3QGW, and 3QGY.
Only the crystal structure of the complex of ITK with BMS-
509744 exhibits an activation loop, and shows evidence of an
autoinhibitory mechanism.

In our study, we evaluated our candidate leads using MD
simulation. Five 5 ns MD simulations were successfully
performed and analyzed. Details of the MD simulation envi-
ronments and the size of each systems are summarized in
Table S3 of the ESM. We selected the representative struc-
ture of each system, which was the closest conformation to
the average structure during the last 2 ns of simulation, in order

Fig. 6 Molecular interactions of the final lead compounds with the active site of ITK observed during MD simulation: a CD_01889, b compound 11513
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to compare the protein structures. The calculated average root-
mean-square deviations (RMSDs) of Cα for the systems (apo,
BMS-509744, CD_01889, JFD_01598, compound 11513)
during the last 2 ns of simulation were 4257, 4062, 4186,
4188, and 4251, respectively (Fig. S6 of the ESM). There were
no significant structural differences compared to the N-
terminus and the C-terminus of the apo form (Fig. S7a of the
ESM). However, we observed a major change in the activation
loop (residues 502–521) when comparing entire protein struc-
tures. Upon binding to BMS-509744, an alpha helix formed in
the activation loop (Fig. S7b of the ESM); this alpha helix was
not present in the apo form. This helix binds and blocks access
to the substrate [4], hence this helix conformation strongly
supports unphosphorylated form of kinases such as autoinhi-
bitory mechanism. Interestingly, two of the candidate com-
pounds that were retrieved during the database screening
process (CD_01889 and compound 11513) also showed this
conformational change in the activation loop (Fig. S7c and d of
the ESM). To prove this, we evaluated the secondary structure
of each compund using the DSSP program within GRO-
MACS. Secondary structure prediction clearly demonstrated
the formation of an alpha helix in each system during the last
2 ns of simulation (Figs. 4 and 5). In addition, molecular
interactions of the lead compounds were observed during the
simulation, and these are depicted in Fig. 6. As shown in the
Fig. 6, both of the lead compounds mentioned above
(CD_01889 and compound 11513) present hydrogen-bond
interactions with the critical amino acid M438 and hydropho-
bic interactions with ITK-selective residues F435, C442, and
S499. However, an alpha-helix conformation of the activation
loop was not observed for the candidate compound
JFD_01598 (Fig. S8 of the ESM). Therefore, although this
compound appears to show all of the critical interactions with
the active site of the protein needed for ITK activity, it may not
be an ITK inhibitor. On the other hand, according to all of the
validation data, the other two lead candidates (CD_01889 and
compound 11513) showed similar interactions with the active
site to those seen in the complex of ITK with BMS-509744.
Hence, we suggest that compounds may represent good leads
in the design of novel potential inhibitors of ITK.

Conclusions

In this study, we generated a structure-based pharmacophore
model in order to identify the critical chemical features of and
discover novel potent inhibitors of ITK, as ITK has been
shown to be promising therapeutic target for Th2-mediated
inflammatory diseases as well as HIV infection (ITK influen-
ces multiple HIV replication steps). We used a well-resolved
and fully solvated crystal structure (PDB ID: 3 MJ2) to
generate the structure-based pharmacophore model, which
initially had 9 features and 18 excluded volumes. These

features were further filtered by superimposing the model on
the active site of the protein, such that only the most repre-
sentative features were included in the pharmacophore model.
The final model consisted of six features: three HBAs, one
HBD, one HY, and one RA, and this model was validated by
using it to screen test and decoy sets in order to determine its
predictive ability. The resulting well-validated model was
used as a 3D query to screen two large databases for candidate
ITK-inhibiting compounds. The hits retrieved from this
screening process were then further filtered based on their
maximum fit values with respect to the pharmacophore, and
using drug-like filters such as ADMET and Lipinski’s rule of
five. Next, the hits that passed through these filters were
investigated in a molecular docking study to check their
affinities for crucial active-site residues. Molecular dynamics
simulations were also carried out to evaluate the flexibility of
the activation loop in the ITK protein upon ligand binding.
Finally, two compounds were identified as potential leads
based on all of the above validation, and these compounds
represent useful potential leads in the design of novel ITK
inhibitors. The pharmacophore model developed here could
also be used as a query to search other databases for more
novel candidate ITK inhibitors.
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