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The best ZAP-70 inhibitor model consists of four-pharmacophore features, (1) one hydrogen bond
acceptor, (2) one hydrogen bond donor (3) one hydrophobic aliphatic and (4) one hydrophobic aromatic
features. This model was validated against 110 known ZAP-70 inhibitors with a correlation of 0.902 as
well as enrichment factor of 1.61 against a maximum value of 2. This model picked 4094 hits from
a database of 238,819 molecules while 358 molecules were indicated as highly active. Subsequently,
docking studies were performed on the hits and novel series of potent leads were suggested based on the
interactions energy between ZAP-70 and the putative inhibitors which validated not only the virtual
screening potential of the model but also identified the possible new Chemotypes.

� 2009 Elsevier Masson SAS. All rights reserved.
1. Introduction

Protein tyrosine kinase activation, and the subsequent phos-
phorylation of multiple cellular substrates, is the earliest of the
known biochemical events associated with T-cell activation.
Inhibitors of lymphocyte activation are of potential use for treat-
ment of a variety of human diseases such as transplant rejection,
allergic responses, autoimmune disorders, and inflammation. ZAP-
70 kinase, a 70 kDa member of the Syk family kinase associated
with the z-subunit of the T-cell receptor, is primarily expressed in T
and NK cells and plays an important role in the initiation of normal
TCR signaling, crucial for T-cell activation and development. The
relative importance of this kinase for lymphocyte activation has
been evaluated by disrupting functional ZAP-70 which resulted in
a marked reduction in protein tyrosine phosphorylation, cytosolic
Ca2þ level change, and loss of of IL-2 production, demonstrating
that ZAP-70 is absolutely required for IL-2 production by T-cells
[1–3]. In addition, human severe combined immunodeficiency
patients have been identified that who do not express ZAP-70
protein [4,5]. All these reports indicate that ZAP-70 is a potentially
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useful therapeutic target for immune suppression. Inhibitors of
ZAP-70 tyrosine kinase activity with high affinity and high selec-
tivity can block signaling downstream of the kinase leading to
inhibition of T-cell lymphocyte activation. Peptides that block the
association of ZAP-70 with the z-subunit and compounds that
antagonize ZAP-70 tyrosine kinase activity are known to block
T-cell activation in vitro [6–11]. Piceatannol blocks Syk and ZAP-70
tyrosine kinases involved in immune cell activation and prolong
kidney allograft survival in the stringent ACI-to-Lewis rat model [7].
The three-dimensional structure of the catalytic tyrosine kinase
domain of ZAP-70 has been crystallized recently in complex with
Staurosporine at 2.3 Å resolution. Staurosporine is a non-selective,
ATP inhibitor of many kinases having IC50 value of 55.8 nM against
rhZAP-70 tyrosine kinase [8]. There is currently no highly specific,
small-molecule inhibitor for ZAP-70. In situations where overactive
T-cells are a substantial component of disease, such as in autoim-
mune diseases or transplantation, targeting ZAP-70 could provide
a means to target the T-cells while avoiding adverse effects on other
cells. Thus, a potent and selective ZAP-70 tyrosine kinase inhibitor
should modulate T-cell function in a more targeted fashion than the
less specific immunosuppressive agents currently available, such as
cyclosporine A and FK-506. In virtual screening, computational
models are used to predict the biological activity of compounds.
The computational models can be generated and validated utilizing
either the 3D structure of the target or a set of active analogues
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Fig. 1. Training set molecules for ZAP-70 inhibitors. IC50 values of each molecule are given in parentheses.
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specific to the target. In this study, we had discussed about the
pharmacophore and concurrent docking studies and finally the
validated model is used to screen the library to discover a set of
novel ZAP-70 inhibitors.

2. Computational details

2.1. Pharmacophore studies using Catalyst

Pharmacophore modeling correlates activities with the spatial
arrangement of various chemical features in a set of active
analogues. A set of 135 human ZAP-70 inhibitors [9–13] with an
activity range (IC50) spanning over 5 orders of magnitude i.e.
0.1–50 mM was selected. This initial group was then divided into
the training and test sets. The training set of 25 molecules was
designed to be structurally diverse with a wide activity range. All
the training set compounds from the literature have similar
ZAP-70 inhibitory assay. Assay conditions were also taken into
consideration. Molecules with Ki, ED50, EC50 and other activity
type values were ignored and not considered for modeling studies.
The training set molecules play a critical role in the pharmaco-
phore generation process and the quality of the resultant phar-
macophore models relies solely on the training set molecules. The
test set of remaining 110 molecules is designed to evaluate
predictive ability of the resultant pharmacophore. Highly active,
moderately active, and inactive compounds were added to the
training set to obtain critical information on pharmacophoric
requirements for ZAP-70 inhibition. The molecules selected as the
training set are given in Fig. 1 and a few molecules from the test
set are given in Fig. 2. This training set was then used to generate
quantitative pharmacophore models.

Qualitative pharmacophore models were generated using a set
of highly active molecules. Common feature hypotheses (qualita-
tive models) were produced by comparing a set of conformational
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a qualitative model wherein important chemical features can be
easily identified. For chemically meaningful patterns, it is impor-
tant to identify such chemical features before proceeding to the
quantitative model generation process. To confirm essential
features prevailing among the ZAP-70 inhibitors, 10 common
feature hypotheses were generated using the most active mole-
cules 1–6 (Fig. 1). The common features for all 10 hypotheses are
hydrogen bond donor, hydrogen bond acceptor and hydrophobic
features. However, these models cannot be directly used to predict
biological activity of the compounds retrieved from a database. We
have generated quantitative pharmacophore models to predict the
biological activities of novel compounds. For the quantitative
model generation, 25 training set compounds with structural
diversity were taken and classified as highly active (<0.5 mM),
moderately active (0.5–5 mM) and inactive (>5 mM). While gener-
ating the quantitative model, a minimum of 0 to a maximum of 5
features involving HBA, HBD, and HA features were selected and
used to build a series of hypotheses using a default uncertainty
value of 3. The quality of HypoGen models is best described in
Catalyst user guide [14] in terms of fixed cost, null cost and total
cost and other statistical parameters. According to which, a large
difference between the fixed cost and null cost, and a value of
40–60 bits for the unit of cost would imply a 75–90% probability for
experimental and predicted activity correlation. In general, phar-
macophore models should be statistically significant, predict the
activity of molecules accurately, and retrieve active compounds
from a database. The derived pharmacophore models were vali-
dated using a set of parameters including cost analysis, test set
prediction, enrichment factor, and goodness of hit. HipHop and
HypoGen modules within Catalyst were then used to generate
qualitative pharmacophore and quantitative pharmacophore
models, respectively [15–17].
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2.2. Docking studies using GOLD

Crystal structure of ZAP-70 (PDB code: 1U59) was used for the
study. The protein 3D structure was downloaded from the protein
databank (PDB) [18], the solvent molecules in the protein were
removed and hydrogen atoms were added to the protein using
Cerius2 module [19]. Structure-based docking studies were carried
out using GOLD [20] version 3.0 on 135 minimized ZAP-70 inhibi-
tors and on hits/leads from virtual screening to the ATP-binding site
of ZAP-70 complex. The active site was defined as the region within
12 Å from the geometric centroid of ligand (X¼ 11.6, Y¼ 5.09 and
Z¼ 53.58) complexed with the protein ZAP-70. Default settings for
small molecule–protein docking were used throughout simula-
tions. For each of the 10 independent genetic algorithm runs, with
a selection pressure of 1.1, 100,000 operations were performed on
a set of 5 islands with a population size of 100 individuals. Standard
operator weights were used for crossover, mutation, and migration
of 95, 95, and 10, respectively. Cut-off values of 2.5 Å for H-bonds
and 4.0 Å for van der Waals were employed. Top 50 poses were
collected for each molecule. The best docked score value for each
molecule associated with a favorable binding conformation
compared to the co-crystallized inhibitor was considered to
correlate with biological activity. Highly active hits retrieved from
the virtual screening libraries were further refined by performing
docking studies with the molecules.
AA

C

Fig. 3. Pharmacophore models for ZAP-70 inhibitors. A. HipHop features with its distance co
to the most active molecule (1, 0.01 mM). D. Pharmacophore mapped to the low-active mo
magenta: hydrogen bond donor and light blue: hydrophobic aliphatic and aromatic.
3. Results and discussion

3.1. Pharmacophore generation and validation studies

The best common feature pharmacophore model [21] indicated
the importance of H-bond acceptor (HBA), H-bond donor (HBD),
hydrophobic aliphatic (HA) and hydrophobic aromatic (HRA)
features, as shown in Fig. 3A, which were further confirmed in the
quantitative models. Several quantitative models were generated
utilizing the training set (1–25) along with ZAP-70 inhibitory
activities (Fig. 1 and Table 1). The top ten hypotheses were
composed of HBA, HBD, and HRA features. The values of ten
hypotheses such as cost, correlation (r), and root-mean-square
deviations (rmsd) are statistically significant (Table 2). It is evident
that as error, weight and configuration components are very low
and not deterministic to the model; the total pharmacophore cost is
also low and close to the fixed cost. Also, as total cost is less than the
null cost, this model accounts for all the pharmacophore features
and has good predictive ability. In addition to an estimation of
activity of the training set molecules, the pharmacophore model
should also accurately predict activity of the test set molecules. Two
statistical methods were employed to rank the ten resultant
hypotheses. In the first method, all ten hypotheses were evaluated
using a test set of 110 known ZAP-70 inhibitors, which are not
included in the training set. Predicted activities of the test set were
calculated using all ten hypotheses and correlated with experi-
mental activities. Of the ten hypotheses, Hypo1 showed a better
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Table 1
Experimental and predicted IC50 data of 25 training set molecules against HypoGen
model.

Molecule Exp. IC50,
mM

Predicted IC50,
mM

Errora Fit
valueb

Experimental
scalec

Predicted
scalec

1 0.01 0.0083 �1.2 6.55 þþþ þþþ
2 0.04 0.059 1.5 5.7 þþþ þþþ
3 0.05 0.054 1.1 5.74 þþþ þþþ
4 0.07 0.32 4.6 4.97 þþþ þþþ
5 0.08 0.057 �1.4 5.72 þþþ þþþ
6 0.09 0.084 �1.1 5.55 þþþ þþþ
7 0.13 0.43 3.3 4.84 þþþ þþþ
8 0.17 0.15 �1.2 5.31 þþþ þþþ
9 0.2 0.16 �1.2 5.26 þþþ þþþ
10 0.3 0.3 �1 5 þþþ þþþ
11 0.4 0.35 �1.1 4.93 þþþ þþþ
12 0.53 0.35 �1.5 4.93 þþ þþþ
13 0.7 0.51 �1.3 4.82 þþ þþ
14 1.2 0.67 �1.8 4.9 þþ þþ
15 1.7 0.57 �3 4.72 þþ þþ
16 2 1.8 �1.1 4.22 þþ þþ
17 3 3.7 1.2 3.9 þþ þþ
18 5.2 8.7 1.7 3.39 þ þ
19 6.5 10.5 1.6 3.38 þ þ
20 7.6 14.6 1.9 3.38 þ þ
21 8.4 12.7 1.5 3.39 þ þ
22 13 13 �1 3.36 þ þ
23 21 31 1.4 3.36 þ þ
24 25 19 �1.3 3.38 þ þ
25 50 40 �1.3 3 þ þ

a þ indicates that the predicted IC50 is higher than the experimental IC50; �
indicates that the predicted IC50 is lower than the experimental IC50; a value of 1
indicates that the predicted IC50 is equal to the experimental IC50.

b Fit value indicates how well the features in the pharmacophore overlap the
chemical features in the molecule. Fit¼weight� [max(0.1� SSE)] where SSE¼ (D/
T)2, D¼ displacement of the feature from the center of the location constraint and
T¼ the radius of the location constraint sphere for the feature (tolerance).

c Activity scale – IC50< 0.5 mM¼þþþ (highly active) – IC50 0.5–5 mM¼þþ
(moderately active) – IC50> 5 mM¼þ (low active).

7.5

8.0

8.5

Training set, 25 molecules (r = 0.972)

Test set, 110 molecules (r = 0.902)
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correlation coefficient (0.972) compared to the other nine
hypotheses. A second statistical test includes calculation of false
positives, false negatives, enrichment, and goodness of hit to
determine robustness of hypotheses. Under all validation condi-
tions, Hypo1 performed superior as compared to the other nine
hypotheses (Fig. 3B). Hypo1 demonstrated excellent prediction of
ZAP-70 inhibitory activities of the training set compounds (Table 1).
Analyzing the results, it was observed that out of 11 highly active
molecules, all were predicted correctly as highly active. Among the
6 moderately active molecules, except one, which was predicted as
highly active and the rest were correctly predicted. Out of 8 low-
active molecules all of them were predicted as low active. Activities
of the compounds were not only correctly predicted, but the fit
Table 2
10 Pharmacophore models generated by the HypoGen for ZAP-70 inhibitors.

Hypo
no.

Total
cost

Cost
differencea

Error
cost

RMS
deviation

Training
set (r)

Featuresb

1 108.18 56.16 87.98 0.558 0.972 ADHAHRA
2 108.28 56.06 88.41 0.588 0.958 ADHAHRA
3 109.17 55.17 89.42 0.653 0.948 ADHAHRA
4 109.17 55.17 89.48 0.657 0.947 ADHAHRA
5 109.64 54.7 89.95 0.685 0.943 ADHAHRA
6 109.83 54.51 90.13 0.695 0.941 ADHAHRA
7 110.26 54.08 90.47 0.715 0.938 ADHAHRA
8 110.31 54.03 90.48 0.714 0.938 ADHAHRA
9 110.53 53.81 90.84 0.735 0.934 ADHAHRA
10 110.68 53.66 90.98 0.742 0.933 ADHAHRA

a (Null cost� total cost), null cost¼ 164.34, fixed cost¼ 103.75, for the Hypo1
weight¼ 1.84, configuration¼ 14.84. All cost units are in bits.

b A – hydrogen bond acceptor, D – hydrogen bond donor, HA – hydrophobic
aliphatic and HRA – hydrophobic aromatic.
values also confer a good measure of how well the pharmacophoric
features of Hypo1 were mapped onto the chemical features of the
compounds. Fig. 3A shows the HypoGen pharmacophore features
with their geometric parameters and all features of Hypo1 (HBA,
HBD, HA and HRA) were mapped onto the highly active compounds
of the training set (Fig. 3C, molecule 1 in Fig. 3B). Many of the
inactive compounds in the training set did not map onto one or
more features of Hypo 5 (see for example molecule 25 in Fig. 3D).

The correlation values along with the predictions above make
the pharmacophore suitable to predict molecular properties well.
The plot showing the correlation between the actual and predicted
activities for the test set and the training set molecules is given in
Fig. 4. This indicates that the pharmacophore model generated is
capable of predicting the activity of the unknown molecules with
reasonable accuracy.

The purpose of the pharmacophore model generation is not just
to predict the activity of the training set compounds accurately but
also to verify whether the pharmacophore models are capable of
predicting the activities of external compounds of the test set series
and classifying them correctly as active or inactive. Hypo1 was used
to search the test set of known ZAP-70 inhibitors. Database mining
was performed using the BEST flexible searching technique. The
results were analyzed using a set of parameters [22] such as hit list
(Ht), number of active percent of yields (%Y), percent ratio of actives
in the hit list (%A), enrichment factor (E), false negatives, false
positives, and goodness of hit score (GH) (Table 3). Hypo1 suc-
ceeded in the retrieval of 90% of the active compounds from the test
set. In addition, the pharmacophore also retrieved 6 inactive
compounds (false positives). It predicted 3 active compounds as
inactive (false negatives). An enrichment factor of 1.61 and a GH
score of 0.80 indicate the quality of the model. Overall, a strong
correlation was observed between the Hypo1 predicted activity and
the experimental ZAP-70 inhibitory activity (pIC50) of the training
and test set compounds (Fig. 4). However, the Hypo1 model has
a greater tendency to show false positives. This could be attributed
to high structural similarity in active and inactive ZAP inhibitors,
resulting in an inability to discriminate this pattern by the phar-
macophore model. We further extended this study to structure-
based design and to limit the number of false positive and false
negative hits and to further understand the binding of inhibitors to
the active site of ZAP-70 complex.
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ities for the 110 test set molecules against Hypo1 model along with 25 training set
molecules for ZAP-70 inhibitors.



Table 3
Statistical parameters from screening of test set molecules.

S. no Parameter ZAP-70a

1 Total molecules in database (D) 110
2 Total number of actives in database (A) 62
3 Total hits (Ht) 65
4 Active hits (Ha) 59
5 % Yield of actives [(Ha/Ht)� 100] 90.7
6 % Ratio of actives [(Ha/A)� 100] 95.1
7 Enrichment factor (E) [(Ha�D)/(Ht� A)] 1.61
8 False negatives [A�Ha] 3
9 False positives [Ht�Ha] 6
10 Goodness of hit scorea 0.80

a [(Ha/4HtA) (3AþHt))� (1� ((Ht�Ha)/(D� A))]; GH score of 0.7–0.8 indicates
a very good model.

R. Sanam et al. / European Journal of Medicinal Chemistry 44 (2009) 4793–48004798
3.2. Database screening

The Hypo1 model was used as a query to screen NCI database
consisting of 238,819 molecules, and retrieved 4094 hits (1.7% of
database) comprising 358 high, 1352 medium and 2384 low-active
molecules. The high active molecules were those <0.5 mM, moder-
ately active (0.5–5 mM) and low active (>5 mM). Only 42 hits are
found to be having activities below the 0.1 mM cut-offs. In fact, one
can consider all the 358 hits that are predicted as highly active could
become a good source for further evaluation, while some others in
medium actives cannot be completely neglected. Some of the hits
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Based on the earlier observations and the model developed in this
study, it is observed that this virtual screening effort produced
relatively more hits on which further experimental studies could be
carried out. A few of the lead molecules with high predicted activity
and fitness score are given in Fig. 5.
3.3. Docking studies

Docking was performed on 135 ZAP-70 inhibitors and also on
hits retrieved from virtual screening using GOLD. Fifty distinct
poses of each ligand in the active site of ZAP-70 were generated.
Gold Fitness scores were compared with observed activity for all
molecules which were found to correlate well with the biological
activities (135 molecules, r¼ 0.712). The correlation coefficient is r2,
which equals to 0.507 and this value is indicative of correlation. The
most active molecules are found to have a very high fitness score. It
was also observed that hydrogen bond interactions play a major
role in deciding the fitness score of the molecule. A better under-
standing of the interactions is obtained by viewing the molecules in
the active site. The most energetically favorable conformation for
molecule 34 in the ZAP-70 complex is shown in Fig. 6. It forms
different binding interactions with the amino acids in the hinge
region and other active site amino acids of the ZAP-70 complex. The
aromatic C–3H atom of phenyl ring formed hydrogen bond with
backbone carbonyl group of MET416 with an interaction distance of
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Fig. 6. Stereo view of the binding mode of molecule 34 in the ATP-binding site of ZAP-70, suggested by molecular docking studies. Molecule 34 and its H-bonding patterns (GLY418,
MET416, ALA417, ARG465 and ASP479) are represented in stick model. The key H-bonds between 28 and ZAP-70 are indicated by the pink dotted lines, together with the bond
lengths in angstroms. The atoms are colored as follows: H, green; O, red; N, blue; C, grey; F, light green.
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2.829 Å. The oxygen of trifluoro methoxy group interacts with
backbone amino group of ALA417 with an interaction distance of
2.649 Å. Similarly, fluorine atom of trifluoro group is interacting to
backbone carbonyl group of GLY418 with distance of 2.576 Å. The
aliphatic C–H atom of methylene group formed hydrogen bond
with side chain carbonyl group of ASP479 with an interaction
distance of 1.946 Å. The carbonyl of carboxylic acid formed H-bond
with amino of side chain guanidine group of ARG465 with an
interaction distance of 2.050 Å. Most of the inhibitors had bulky
Fig. 7. Overlay of the docking pose of enzyme with pharmacophore features.
substituents interacting with the hydrophobic pocket. In addition,
it was observed that docking could limit the number of false
positive hits compared to Hypo1. Interestingly, the pharmacophore
and docking models showed complementary behavior in limiting
the number of false positive and false negative hits. The overlay of
the docking pose of enzyme with its corresponding pharmacophore
features is shown in Fig. 7.
4. Conclusion

The pharmacophore models were capable of predicting the
activities over a wide variety of scaffolds and thus can be used as (1)
three-dimensional query in database searches to identify
compounds with diverse structures that can function as potent
inhibitors and (2) to evaluate how well any newly designed
compound maps to the pharmacophore before undertaking any
further study including synthesis. Both these applications may help
in identifying or designing compounds for further biological eval-
uation and optimization. Pharmacophore studies indicate that the
best inhibitor model consists of (1) one hydrogen bond acceptor, (2)
one hydrogen bond donor (3) one hydrophobic aliphatic and (4)
one hydrophobic aromatic features. The most active molecule in
the training set fits very well with the top scoring pharmacophore
hypothesis. Virtual screening produced some false positives and
a few false negatives. It is believed that concurrent use or
a consensus study, which readily minimizes these errors, could be
an added tool for pharmacophore model based virtual screening in
order to produce reliable true positives and negatives. GOLD
docking studies show the important interactions which the potent
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inhibitors have with the active site residues. The pharmacophore
model is further used to screen putative molecules from the NCI
database. An astute blend of pharmacophore analysis, docking
procedures and database search has resulted in predicting putative
novel inhibitors of the ZAP-70 complex.
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