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A three dimensional pharmacophore model was generated for the molecules which are responsible for anti-inflamma-
tory activities targeting Interleukin-2 inducible tyrosine kinase (Itk). 16 structurally diverse molecules were selected 
as training set to generate the hypotheses using Discovery Studio v2.1. The best hypothesis, Hypo1, comprises two 
hydrogen bond acceptor (HBA), one hydrophobic aromatic (HA), one ring aromatic (RA) and shows high cost differ-
ence (63.71), high correlation coefficient (0.97) as well as low RMS deviation (0.81). Hypo1 has been further validated 
toward a test set, decoy set and Fischer’s randomization method. Furthermore, Hypo1 was used to screen NCI and May-
bridge databases. Finally, 2 hit molecules were identified as potential leads against Itk, which may be useful for future 
drug development.
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Introduction

Asthma and rheumatoid arthritis are some of the inflamma-
tory diseases caused by Interleukin-2 inducible tyrosine kinase 
(Itk) which affect 7%1,2 and 1% of the world population, res-
pectively. Itk belongs to Tec family of non-receptor tyrosine 
kinases, which are important components of antigen receptor 
signaling pathways in B-cells, T-cells, and mast cells.3 It is ex-
pressed primarily in T-cells, natural killer, and mast cells.4 It 
has been found that it plays an essential role in initiation of re-
gular TCR (T-Cell antigen Receptor) signaling, vital for T-cell 
activation and proliferation. There are three distinct classes of 
non-receptor protein tyrosine kinases, namely Src family ki-
nases (Lck and Lyn), Syk family kinases (ZAP-70 and Syk), 
and Tec family kinases (Itk, Txk, and Tec).5 Among these three 
types, Itk is very important one for its critical activity such as 
phosporylated Itk required for phosporylation of PLC-γ5 and 
hence calcium mobilization and activation of downstream path-
ways.6 A Gene knockout study reveals that CD4+ T- cells mixed 
with lymphocyte reaction7 or upon anti CD3 stimulation, which 
reduces cytokines IL-2, IL-4, IL-5 and IL-13 production, which 
leads inflammatory diseases such as rheumatoid arthritis and 
allergic asthma.8 T-cell modulation could be achieved by selec-
tive inhibition of Itk which may be useful in treating inflamma-
tory and autoimmune conditions. Selective inhibitors of Itk 
could be useful as an immunosuppressive and/or anti-inflamma-
tory agent where T-cell activation contributes to the disease 
pathophysiology and an attractive modulator of dysregulated 
allergic pathway.

aThese authors contribute equally as first author.

In this paper, we have reported a predictive pharmacophore 
based model9 to find out the potential inhibitors for the Itk. 
First, we have collected selective and structurally diverse Itk 
inhibitors from various literatures.10-12 Based on these collected 
Itk inhibitors, we have developed quantitative pharmacophore 
models whose purpose is to identify the critical pharmacophoric 
features necessary for potent Itk inhibitors as well as to clarify 
the quantitative structure-activity relationship for the known 
Itk inhibitors. Correlation between actual and estimated bio-
logical activities was calculated to optimize the hypotheses. 
Further, Pharmacophore model was evaluated as an activity 
prediction model by estimating the anti-inflammatory activities 
of a test set consisting of 12 molecules taken from literatures11-14 

and also by a decoy set. The optimized model was then vali-
dated by Fischer’s randomization test at 95% confidence level. 
Then the best quantitative model was used as 3D query for 
searching or screening chemical databases, including NCI and 
Maybridge to identify new inhibitors of Itk. The hit compounds 
were subsequently subjected to filtering by Lipinski’s rule of 
five,15 ADME and molecular docking studies to refine the re-
trieved hits. It was expected that this established model should 
be capable of correctly reflecting the structure-activity rela-
tionship of Itk kinase inhibitors, as a result, be helpful in the 
identification of novel Itk inhibitors. However, known to date 
our work is the first report on quantitative pharmacophore mo-
deling of Itk inhibitors.

Materials and Methods

Hypothesis generation. The entire calculations were perform-
ed in Discovery Studio v2.1 (DS). 3D-QSAR pharmacophore 



3334      Bull. Korean Chem. Soc. 2010, Vol. 31, No. 11  Meganathan Chandrasekaran et al.

models16 were generated within DS from the training set com-
pounds. The 2D structures of all compounds were drawn by 
using ChemSketch. These 2D structures were converted to 3D 
form and conformational models of all training set molecules 
were generated by applying “Best quality” conformational 
search option in DS using a constraint of a 20 kcal/mol energy 
threshold above the global minimum and CHARMm force 
field parameters. A maximum number of 255 conformation 
models were generated for each compound and these con-
formational models represent the flexibility of each compound 
and used not only in hypothesis generation but also fitting the 
compound to a hypothesis and for estimation of the activity of 
the compound. 

In our study the energetically reasonable four features, which 
are hydrogen bond acceptor (HBA), hydrogen bond donor 
(HBD), hydrophobic (HA) and ring aromatic (RA) were used 
to generate pharmacophore hypotheses. The minimum and maxi-
mum counts for all the five features were kept 0 and 5, respec-
tively. Uncertainty value, minimum points and minimum subset 
points were kept at default values. Three important cost cal-
culations were carried out by HypoGen module in the unit of 
bits which determine the success of any pharmacophore hypo-
thesis. First, fixed cost, which represents the simplest model, 
fits all data perfectly. Second, the null cost, that represents the 
highest cost of a pharmacophore with no features and estimates 
the activity to be the mean of the activity data of the training 
set compounds. Since the null pharmacophore has no features, 
there is no contribution from the weight or configuration com-
ponent. A meaningful pharmacophore hypothesis may result 
when the difference between these two values (null cost ‒ fixed 
cost) is more than at least 20. Third, total cost is the sum of 
three factors, a weight, an error and a configuration cost. The 
weight cost increases if the weight factor for the chemical fea-
tures deviates from default value of 2. Error cost term is the 
most important one and it is dependent upon the root mean 
square (RMS) differences between estimated and measured 
activities of the training set compounds. The RMS value repre-
sents the quality of correlation between actual and estimated 
activity data. The entropy or configuration cost describes as 
log2P, where P is the number of initial hypotheses created in 
the constructive phase and that survived in the subtractive phase 
and it should not be more than 17.

Pharmacophore validation. The generated pharmacophore 
model is whether able to predict the activity of molecules accu-
rately and also to discover the active molecules from databases. 
Hence the derived pharmacophore model should be validated 
by using (1) Test set (2) Decoy set and (3) Fischer’s method. 

Test and decoy sets: Two statistical methods were employed 
to find out the predictive ability of the selected hypothesis. In 
the first method, the predictive ability of Hypo1 was determined 
from a set of 12 compounds that were used in test set which 
are not included in the training set. All the test set molecules 
were built, minimized and conformational models were gene-
rated using same protocols like training set molecules. Based 
on the activity range of test set molecules were also classified 
into three categories highly active, moderately active and in-
active molecule. The second statistical method was decoy set 
which includes 1100 molecules. The parameters such as false 

positives, false negatives, enrichment factor (EF), and goodness 
of hit (GH) were calculated to determine the robustness of 
hypothesis.

Fischer’s method: Fischer’s randomization method was used 
to measure the statistical significance of our model. Fischer 
method uses the experimental activity data associated with the 
training set is scrambled randomly. Then the randomized data 
sets were used to generate hypothesis by using the same feature 
and parameters which was used in original hypothesis genera-
tion. The randomized data sets should generate hypotheses 
without statistical relevance, otherwise the original model has 
been considered to generate by a chance. The following formula 
is used to calculate the statistical significance:

Significance = 100(1 ‒ 1 + x/y)

Where ‘x’ is the total number of hypotheses having total 
cost lower than the most-significant hypothesis and ‘y’ is the 
number of initial HypoGen runs plus random runs. In our study, 
19 random spreadsheets were generated to achieve the 95% of 
confidence level. 

Virtual screening. Our aim is to identify the potent inhibitors 
for Itk from the databases. For conducting virtual screening, 
we used two publically avail databases, namely, NCI17 and May-
bridge,18 which comprise a large collection of synthetic com-
pounds, including more than 2,00,000 and 50,000 molecules, 
respectively, along with their conformation to discover the no-
vel inhibitors of Itk. There are two methods available in virtual 
screening technique, one is ligand based virtual screening and 
the other one is structure based virtual screening.19 Pharma-
cophore based database screening is a ligand based virtual sc-
reening method, which can efficiently identify the novel po-
tential leads from databases for further development. The best 
pharmacophore hypothesis Hypo1 was used as query in the 
virtual screening to retrieve the potential leads from databases, 
using Fast Flexible search method with in DS. The hit com-
pounds from each database were selected based on Lipinski’s 
rule of five and ADME properties. 

Molecular docking protocol. Molecular docking study was 
performed using LigandFit within DS. A systematic search of 
positions, orientations and conformations of the ligand in the 
protein-binding pocket was carried out through a series of hie-
rarchical filters by shape based ligand docking. Preparation of 
protein for molecular docking includes the removal of ligand 
and water molecules coupled with addition of hydrogen atoms. 
An initial ligand conformation was generated by using the 
monte-carlo procedure, in which nearby torsional minima is 
examined, and the orientation of peripheral groups of the li-
gand is refined. The crystal structure of Itk-staurosporine com-
plex was obtained from Protein Data Bank (www.rcsb.org, PDB 
ID: 1SM2). The total conformational search was carried out 
for all molecules using CHARMm force field, and imposing a 
cutoff of allowed value of the total conformational energy com-
pared to the lowest-energy state. The RMSD threshold, energy 
threshold and grid resolution were set to 2.0Å, 20 kcal/mol 
and 0.5Å, respectively. The scoring functions including Lig-
Score1, LigScore2,20 PLP1, PLP2,21 Jain,22 PMF23 and Ludi24,25 

were used to evaluate each of the saved conformations. 
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Compound 16 (17,000 nM)Compound 15 (4,500 nM)Compound 14 (3,900 nM)Compound 13 (2,190 nM)
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Compound 1 (9 nM) Compound 2 (12 nM) Compound 3 (18 nM) Compound 4 (30 nM)

Figure1. Training set of Itk inhibitors together with their biological activity data (IC50 values, nM) for HypoGen run.

Results and Discussion

Generation of pharmacophore. A good set of diverse inhi-
bitors of a particular target with a wide range of activity data 
is needed to generate quantitative pharmacophore models. A 
set of 28 Itk inhibitors have been taken from literatures, from 
which, 16 compounds were carefully chosen as training set, 
which was based on the principles of structural diversity and 
wide coverage of activity (IC50) that spans over 4 orders of 
magnitude i.e. 9 nM to 17000 nM. The structure and biologi-
cal activity of training set molecules have shown in Fig. 1. The 
remaining compounds were used as a test set which was used 
to validate the selected pharmacophore. The training set was 
roughly classified into three catagories such as highly active, 
moderately active and inactive compounds to attain important 
information on pharmacophoric necessities for Itk inhibition. 

This training set was used to generate pharmacophore models 
using HypoGen algorithm avail in DS. During the hypothesis 
generation phase, pharmacophore features such as HBA, HBD, 
HA, and RA were considered. The top ten hypotheses composed 
of above mentioned features were generated. The generated 
hypotheses were analyzed using Debnath26 in terms of cost 
function and statistical parameters which were calculated by 
HypoGen module during hypothesis generation. Statistical para-
meters of top ten hypotheses are summarized in Table 1, among 

all ten hypotheses the best hypothesis Hypo1, shown in Fig. 2, 
generated with four features: two HBA, one HA, one RA. Hypo1 
is then characterized by highest cost difference between null 
and total cost value of 63.21, correlation coefficient of 0.97 
and the lowest RMS deviation of 0.81 as well as the good 
configuration cost value of 16.17. Furthermore, the null cost 
and fixed cost value of 133.69, and 70.48, supports that this 
pharmacophore is of statistical significance and could be con-
sidered as a reliable pharmacophore model for further studies. 
The Hypo1 was subsequently used to calculate the inhibitory 
activities of the 16 training set compounds. The error value was 
calculated as difference between experimental and predicted 
activity values. This difference may have negative sign when 
the experimental value is higher than the predicted value and 
positive sign when the experimental value is lower than the 
predicted value. All compounds in the current study were group-
ed into highly active (+++), moderately active (++) and inactive 
compounds (+). Table 2 shows all the compounds that were 
predicted accurately except one, compound14, which is experi-
mentally inactive but predicted as moderately active compound. 
Fig. 3a, b represents the Hypo1 aligned with the most-active 
compound1 (IC50: 9 nM) and least active compound15 (IC50: 
4500 nM) in the training set, respectively.

Pharmacophore validations. A good pharmacophore model 
should have the capability to predict the activity of training set 
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Table 1. Statistical parameters of the top10 Hypotheses

Hypothesis No. Total Cost Cost Differencea RMSb Correlation Fit Value Featuresb

Hypo1 70.48 63.21 0.81 0.97 10.10 2HBA ,HA RA
Hypo2 77.14 56.54 1.25 0.92 9.49 2HBA ,HA RA
Hypo3 85.73 47.95 1.65 0.86 8.65 2HBA ,HA RA
Hypo4 85.81 47.87 1.66 0.86 8.04 3HBA,HA
Hypo5 88.61 45.08 1.75 0.84 8.77 3HBA,HA
Hypo6 89.62 44.07 1.79 0.83 7.97 2HBA,HBD,HA
Hypo7 90.19 43.50 1.78 0.84 9.69 2HBA,HBD,HA
Hypo8 90.77 42.91 1.83 0.83 8.33 3HBA,HA
Hypo9 90.84 42.84 1.84 0.83 7.71 2HBA ,HA RA
Hypo10 91.35 42.34 1.83 0.83 6.49 2HBA,HBD,HA

aCost difference between the null and the total cost = 63.21, null cost = 133.694, fixed cost = 70.486, and configuration cost = 16.17. bAbbrevia-
tion used for features: RMS = root mean square deviation; HBA = hydrogen bond acceptor, HA = hydrophobic aromatic, RA = Ring aromatic, 
HBD = hydrogen bond donor.

Table 2. Experimental and predicted IC50 data of training set molecules against Hypo1 model

Compound No. Fit Valuea Experimental
IC50 nM Predicted IC50 nM Errorb Experimental scalec Predicted scalec

1 9.00 9 10 + 1.1 +++ +++
2 8.47 12 33 + 2.8 +++ +++
3 8.79 18 16 ‒ 1.1 +++ +++
4 8.37 30 42 + 1.4 +++ +++
5 8.39 47 40 ‒ 1.2 +++ +++
6 7.61 89 240 + 2.7 +++ +++
7 8.11 96 77 ‒ 1.2 +++ +++
8 7.00 600 990 + 1.7 ++ ++
9 7.16 820 680 ‒ 1.2 ++ ++

10 7.26 1000 540 ‒ 1.9 ++ ++
11 7.25 1000 550 ‒1.9 ++ ++
12 6.66 1800 2200 +1.2 ++ ++
13 6.82 2200 1500 ‒1.5 ++ ++
14 6.93 3900 1200 ‒3.3 + ++
15 6.20 4500 6300 +1.4 + +
16 5.75 17000 18000 +1 + +

aFit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule. Fit=weight x [max(0,1 –SSE)] where
SSE = (D/T)2, D = displacement of the feature from the center of the location constraints and T = the radius of the location constraint sphere for 
the feature (tolerance). bDifference between the predicted and experimental values. “+ ve’ indicates that the predicted IC50 is higher than the experi-
mental IC50, ‘-ve’ indicates that the predicted IC50 is lower than the experimental IC50, a value of 1 indicates that the predicted IC50 is equal to the
experimental IC50. cActivity scale : IC50 <300 nM = +++ (highly active); 300 nM ≤ IC50 < 3000 nM = ++ (moderately active); IC50 ≥ 3000 nM = +
(low active).

Figure 2. Geometrical parameters of pharmacophore model of Itk inhi-
bitors by HypoGen (Green: hydrogen bond acceptor (HBA), Orange:
ring aromatic (RA), Blue: hydrophobic aromatic (HA)).

(a) (b)

Figure 3. (a) Hypo1 aligned with most active compound 1(IC50 : 9 nM),
(b) Hypo1 aligned with least active compound 15 (IC50: 4500 nM) 
(Green: hydrogen bond acceptor (HBA), Orange: ring aromatic (RA), 
Blue: hydrophobic aromatic (HA)).

compounds and also external test set.27,28 In our study we used 
three methods to ascertain the predictive ability of Hypo1. In 
the first method, an independent test set was used to analyze 
the established model (Hypo1), which contains 12 structurally 
different compounds from the training set molecules. Hypo1 
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Table 3. Experimental and predicted IC50 data of 12 test set molecules against Hypo1 model

Compound No. Fit Valuea Experimental IC50 nM Predicted IC50 nM Errorb Experimental scalec Predicted scalec

T1 9.00 9 9.68 +1.08 +++ +++
T2 9.00 9 9.68 +1.08 +++ +++
T3 7.27 12 29.99 +2.50 +++ +++
T4 7.80 1000 758.69 +1.32 +++ ++
T5 7.39 260 151.89 -1.71 +++ +++
T6 8.84 600 524.39 -1.14 ++ ++
T7 7.15 700 188.38 -3.72 ++ +++
T8 8.51 820 683.68 -1.20 ++ ++
T9 7.19 900 2403.63 +2.67 ++ ++

T10 7.29 1000 497.76 -2.01 ++ ++
T11 7.71 1440 2356.74 +1.64 ++ ++
T12 7.73 2200 1364.97 -1.61 ++ ++

aFit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule. Fit = weight x [max(0,1 -SSE)] where
SSE = (D/T)2, D = displacement of the feature from the center of the location constraints and T = the radius of the location constraint sphere for the
feature (tolerance). bDifference between the predicted and experimental values. “+ ve’ indicates that the predicted IC50 is higher than the experi-
mental IC50, ‘-ve’ indicates that the predicted IC50 is lower than the experimental IC50, a value of 1 indicates that the predicted IC50 is equal to the
experimental IC50. cActivity scale : IC50 < 300 nM = +++ (highly active); 300 nM ≤ IC50 < 3000 nM = ++ (moderately active); IC50 ≥ 3000 nM = +
(low active).

Table 4. Statistical parameters from screening of Hypo1

No. Parameter Values

1 Total number of molecules in database (D) 1100
2 Total number of actives in database (A) 19
3 Total number of hit molecules from the database (Ht) 18
4 Total number of active molecules in hit list (Ha) 15
5 % Yield of actives [(Ha/Ht) X 100] 83.33
6 % Ratio of actives [(Ha/A) X 100] 78.94
7 Enrichment Factor (EF) 48.24
8 False negatives [A‐Ha] 4
9 False Positives [Ht – Ha] 3

10 Goodness of Hit scorea (GH) 0.82
a[(Ha/4HtA)(3A + Ht) × (1- ((Ht ‒ Ha)/(D-A))], GH above 0.7 indicate
very good model

regressed against the 12 test compounds and gave a correla-
tion coefficient of 0.94 between experimental and predicted 
activities values. The experimental, predicted activities and 
error values of test set are summarized in Table 3. From this 
table, the experimental and predicted inhibitory activity values 
for the test set compounds show quite good predictive ability 
of Hypo1 for all compounds except compounds T4 & T7. Com-
pound T4 is experimentally highly active but predicted as mo-
derately active and compound T7 is experimentally moder-
ately active but predicted as highly active. These results sugg-
est that Hypo1 reflects a reliable model to accurately predict 
the activities of both the training and test set compounds. The 
second method is calculating various statistical parameters to 
validate Hypo1 hypothesis by screening a decoy set spiked with 
some known inhibitors. This step is to determine how many 
active molecules are picked in the screening process, and the 
efficiency in reducing the false positives or false negatives. To-
tally, 1100 molecules, comprised of 1081 unknown molecules 
and 19 known inhibitors of Itk, were used in decoy set to screen 
the Hypo1 by using Best flexible screening technique. The para-
meters include total hit molecules (Ht), percentage yields of 
molecules, percentage ratio of actives in the hit list, enrich-

ment factor (E), false negatives, false positives and goodness 
of hit score (GH) are calculated and given in Table 4. Hypo1 
was successfully retrieved 18 molecules from the database in 
that 15 (83%) molecules were known inhibitors for Itk and then 
it also recall 3 inactive compounds (false positive) and predict-
ed 4 active compounds as inactive (false negative). An enrich-
ment factor (EF) and goodness of hit (GH) were calculated us-
ing below mentioned formula

%A = (Ha/A) × 100

%Y = (Ha/Ht) × 100

E = (Ha/Ht)/(A/D)

GH = ((Ha (3A + Ht))/(4HtA)) (1- ((Ht – Ha) / (D – A)))

Where Ht = the number of hits retrieved, Ha = the number of 
active molecules in the hit list, A = the number of active mole-
cules present in the database, and D = the total number of mole-
cules in the database and the value is 48.24, 0.82. As a result, 
the Hypo1 has a superior ability to identify false positive and 
could differentiate to high structural similarity in active and in-
active Itk inhibitors.

In the third method, Fischer’s randomization test29 was used 
to further cross-validate the consistency and statistical signifi-
cance of Hypo1 using DS. It checks whether there is a strong 
correlation between the structures and activity values by mixing 
up activity values of all training set molecules. The purpose of 
this cross-validation is to randomize the activity data among 
the training set compounds and generate random pharmaco-
phore models using the same features and parameters as used 
in developing the original Hypo1 hypothesis. In that way the 
confidence level was set to 95% (significance = [1 ‒ (1 + 0)/ (X + 
1)] ‒ 100% = 95%), 19 random spreadsheets were generated 
to construct the hypotheses and the results are summarized in 
Table 5. One can see that after randomization, all 19 random 
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Table 5. Results from cross validation using CatScramble implemented
in DSa 

Validation 
No. Total cost RMS Correlation Cost 

difference

Hypo1 70.48 0.810 0.970 63.51
Results for Scrambled

Random1 91.68 1.85 0.827 42.01
Random2 104.48 2.16 0.760 29.21
Random3 102.74 2.21 0.742 29.21
Random4 75.66 1.01 0.931 58.03
Random5 98.71 2.01 0.794 34.98
Random6 90.76 1.68 0.864 43.69
Random7 102.04 2.06 0.787 31.65
Random8 95.97 2.04 0.785 37.72
Random9 80.92 1.40 0.899 52.77

Random10 84.09 1.48 0.895 49.60
Random11 82.09 1.46 0.898 51.60
Random12 101.87 2.14 0.763 31.82
Random13 74.48 1.14 0.930 59.21
Random14 105.03 2.18 0.754 28.66
Random15 88.65 1.67 0.866 45.04
Random16 89.46 1.64 0.875 44.23
Random17 95.66 1.84 0.836 38.03
Random18 89.18 1.76 0.844 44.51
Random19 90.74 1.80 0.830 42.95

aNull cost = 133.694

    

          1           2           3           4           5          6           7           8           9          10

       
       
       
         

1
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0.8
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0.6
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0.1

0

Correls Random1 Random2 Random3 Random4
Random5 Random6 Random7 Random8 Random9
Random10 Random11 Random12 Random13 Random14

Random15 Random16 Random17 Random18 Random19

Figure 4. The difference in correlations of hypotheses between the initial
spreadsheet and 19 random spreadsheets after CatScramble run.

F437
F435

A389

V377

S371

C442

M438

D445

Figure 5. The molecular docking result: The docked compound 1 of 
training set shown good interaction with the catalytic residue (M438).

spread sheets are much higher than the total costs and lower 
correlation coefficient of corresponding original pharmaco-
phore model, Hypo1. Only two random hypotheses, 4 and 13 
had correlation values more than 0.9, but the RMS deviation 
was high and the cost difference was below 60 and not desir-
able to be good hypothesis. The correlation graph between in-
itial spread sheet and 19 random spread sheets was plotted and 
depicted in Fig. 4. The results of Fischer’s randomization test 
clearly express that the Hypo1 is not generated by chance and 
its values are far more superior than those of the 19 randomly 
produced hypotheses, which provide confidence on our phar-
macophore hypothesis. Accordingly, all above validation me-
thods demonstrate the robustness of the selected Hypo1 hypo-
thesis and conclude that Hypo1 is far more superior than other 

hypotheses.
Virtual screening. Virtual screening has been investigated as 

an in silico tool for drug discovery because of this study is not 
only to construct the pharmacophore hypothesis to predict com-
pound activities, hence the pharmacophore model was employ-
ed in virtual screening to search for potential leads to be used 
in designing of Itk inhibitors. Hypo1 was used as a 3D query to 
retrieve potential leads from chemical databases such as NCI 
and Maybridge by using Fast Flexible search in DS. A result, 
total of 31,890 and 2,460 molecules from NCI and Maybridge 
databases showed very good agreement with the Hypo1. Fur-
thermore, these compounds were screened by using Lipinski’s 
rule of five,15,30 and ADME properties which are a simple model 
to forecast the absorption and intestinal permeability of a com-
pound. 36 and 4 molecules passed this filtration from NCI and 
Maybridge databases, respectively. 

Molecular docking. The X-ray crystal structure of Itk (PDB 
ID: 1SM2) was used in our molecular docking studies.31 The 
binding pocket of Itk has a glycine-rich loop which contains 
the consensus kinase sequence Gly-X-Gly-X-X-Gly. Previous 
docking study on Itk states that the binding of the ligand in Itk 
kinase domain at the interface of the N- and C-terminal lobes 
mainly shows hydrophobic interactions with I369, V377 and 
A389 (N-terminal), F435 and Y437 (hinge region) and L489 
and C442 (C-terminal lobe) among these residue F435 acts as 
a gate keeper, makes beneficial edge face interaction with con-
jugated system of ligand and additional key residues in the 
active site such as R486, E436, M438. These three residues 
form hydrogen bond (H-bond) interactions with inhibitor.31 All 
the compounds including training set of 16 molecules and 40 
new hit molecules retrieved from the NCI and Maybridge data-
bases were docked into the active site of Itk. The bound con-
formations inside the Itk active site were visually examined. 
Albeit a significant correlation between dock score and inhibi-
tory activities of the compounds was not routinely observed, 
in general, a trend was seen that among all the scoring func-
tions, the Ligscore performed better, in which many of the ac-
tive compounds scored high. Thus in our work Ligscore was 
used to sort the molecules. Ten distinct poses of each ligand in 
the active site of Itk were generated. The docked conforma-
tion of one of the highly active compounds in the training set 
has shown the dock score value of (90.01) and formed hydro-
phobic interactions with essential active site residues as well 
as Hydrogen bond interactions with critically important M438, 
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(a) (b)

Figure 6. The molecular docking results (a) NCI compound NCI-
0056737, it shows the good interaction with the catalytic residues 
(M438, Glu436), (b) Maybridge compound RJC03502, and it also 
shows good interaction with the catalytic residues (M438, R486).
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Figure 7. Molecular structure of (a) NCI0056737 (NCI), (b) RJC03502
(Maybridge).

which is more similar to recent docking studies on Itk.31 Fig. 5 
represents the H-bond interaction of the most active compound 
in the active site of Itk. Some of the hits retrieved from data-
bases have also shown the hydrophobic and H-bond interaction 
with critically important residues in the active site of Itk. 25 out 
of 40 compounds, which were selected based on dock score ≥ 
90, considered as final hits for further evaluation. Compound 
NCI0056737 retrieved from NCI database, showed good Hypo-
Gen estimation activity of (6.3 nM) as well as dock score value 
of (101.69) and formed two conserved bond with M438, E436. 
RJC03502 which is retrieved from Maybridge database showed 
dock score of (99.75), estimated activity of (4.6 nM) formed H- 
bond interaction with M438, R486 (Fig. 6a, b). Both the com-
pounds (Fig. 7a, b), which are retrieved from NCI and May-
bridge databases, showed good interaction with essential re-
sidues of Itk and better dock score values than the best active 
compound from training set. All other properties like estimat-
ed activity, binding affinity, calculated drug-like properties and 
thus these compounds can be treated as potential leads in the 
designing of potent inhibitors of Itk.

Conclusion

In our study, we have reported pharmacophore modeling of 
Itk inhibitors, using HypoGen algorithm available in DS soft-
ware package. Ten hypotheses were generated using training 
set of 16 structurally diverse compounds. The best pharmaco-
phore hypothesis Hypo1, which was characterized with the low-
est RMS deviation, and highest correlation co-efficient, com-
prising of two HBA, one HA, and one RA features. Further this 
pharmacophore model was validated by test set, statistical me-

thod (decoy set) and Fisher randomization test to confirm the 
statistical confidence. All of these validation results suggested 
that Hypo1 has the ability to accurately predict Itk inhibitors. 
Then Hypo1 was used as a 3D query to screen NCI and May-
bridge databases. Subsequently the hit compounds were filter-
ed using Lipinski’s rule of five, ADME properties and mole-
cular docking study to refine the retrieved hits. Finally, 2 hits 
were identified, and then our pharmacophoric determination, 
docking experiments for Itk inhibitors can provide researchers 
valuable insight in rational drug design. 
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