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A three dimensional chemical feature based pharmacophore model was developed for the
inhibitors of protein tyrosine phosphatase 1B (PTP1B) using the CATALYST software, which
would provide useful knowledge for performing virtual screening to identify new inhibitors tar-
geted toward type II diabetes and obesity. A dataset of 27 inhibitors, with diverse structural
properties, and activities ranging from 0.026 to 600 µM, was selected as a training set. Hypo1,
the most reliable quantitative four featured pharmacophore hypothesis, was generated from a
training set composed of compounds with two H-bond acceptors, one hydrophobic aromatic
and one ring aromatic features. It has a correlation coefficient, RMSD and cost difference (null
cost-total cost) of 0.946, 0.840 and 65.731, respectively. The best hypothesis (Hypo1) was val-
idated using four different methods. Firstly, a cross validation was performed by randomizing
the data using the Cat-Scramble technique. The results confirmed that the pharmacophore
models generated from the training set were valid. Secondly, a test set of 281 molecules was
scored, with a correlation of 0.882 obtained between the experimental and predicted activities.
Hypo1 performed well in correctly discriminating the active and inactive molecules. Thirdly, the
model was investigated by mapping on two PTP1B inhibitors identified by different pharmaceu-
tical companies. The Hypo1 model correctly predicted these compounds as being highly
active. Finally, docking simulations were performed on few compounds to substantiate the role
of the pharmacophore features at the binding site of the protein by analyzing their binding con-
formations. These multiple validation approaches provided confidence in the utility of this phar-
macophore model as a 3D query for virtual screening to retrieve new chemical entities
showing potential as potent PTP1B inhibitors.
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INTRODUCTION

Phosphorylation and dephosphorylation of proteins act
as a switching mechanism to stimulate or disable protein
activity. Therefore, the balance between protein tyrosine
kinases (PTKs) and protein tyrosine phosphatases (PTPs)
is very important. Deregulation of a single enzyme could
lead to various diseases. One such example is diabetes
mellitus, a common disorder in humans, caused due to
the deregulation of insulin signaling. PTP1B is a negative
regulator of the insulin signaling and thus, would be a
specific target for treating type II diabetes (Johnson et al.,

2002). It has also been proposed as a target in the
treatment of obesity because it regulates leptin signal
transduction (Zabolotny et al., 2002). PTP1B knockout
and antisense studies have shown lower blood glucose
levels and improved insulin responsiveness in normal and
diabetic mice via enhanced insulin receptor signaling in
peripheral tissues (Elchebly et al., 1999; Klaman et al.,
2000; Zinker et al., 2002). Thus, inhibiting the activity of
PTP1B could be a promising way to treat diseases related
to its activity. Inhibitors of PTP1B as a target for diabetes,
started with vanadium salts, with vanadate found to be a
potent, nonselective inhibitor of phosphatases. By the
mid-1980s, it was understood that blocking one or more
phosphatases could enhance the phosphorylation state of
the insulin receptor kinase/subunit and/or its downstream
signaling partners and restore the insulin resistance,
which is a characteristic of type II diabetes (Hooft van
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Huijsduijnen et al., 2004). Since then, many drugs have
been synthesized by various companies for targeting
PTP1B, which is very challenging due to the closed form
of the catalytic site of PTPs containing a highly polar
phosphotyrosine (pTyr) binding site. Presently, compounds
with various activities, drug properties and mechanisms of
action have been identified. It is interesting to note that
most of these compounds have diverse modes of action,
ranging from the classical competitive type of inhibitors to
noncompetitive binders or redox agents. Nevertheless, all
compounds target the active site.

The quest for oral PTP1B inhibitors, with a satisfactory
balance between physicochemical properties and selectivity,
is still in its early stages, but despite the recent progress,
compounds with optimal oral activity remain to be dis-
covered. So far, there has been no report on developing
pharmacophore models using inhibitors of PTP1B, which
is currently a powerful tool in identifying new leads. A
pharmacophore model represents the 3D arrangements
of the structural or chemical features of a drug (small
organic compounds, peptides, peptidomimetics, etc.) that
may be essential for interacting with the protein for
optimum binding. These pharmacophore models can be
used differently in drug design programs (i) as a 3D query
tool for virtual screening to identify potential new compounds
from 3D databases of “drug-like” molecules that have
patentable structures different from those that currently
exist, and (ii) as a tool to predict the activities of a set of
new compounds that remain to be synthesized. A large
number of successful applications have clearly been
demonstrated in medicinal chemistry (Bharatham et al.,
2006a). Here, attempts were made to: (i) select a training
set on a rational basis of the diversities in structures and
activities, (ii) generate a pharmacophore hypothesis based
on the training set, and (iii) validate the pharmacophore
model using four distinct methods.

METHODS

Biological data collection
An in-house PTP1B inhibitor database has been col-

lected and developed from various journals using the
MDL ISIS software (Shen, 2003). The database is com-
prised of 506 PTP1B inhibitors, with both their structure
and biological activity. Compounds were eliminated if they
lacked exact activity values or had completely different
assays. The 27 compounds (Liljebris et al., 2002;
Hamaguchi et al., 2000; Ahn et al., 2002; Chen et al.,
2002; Guertin et al., 2003; Lau et al., 2004; Shrestha et
al., 2004; Black et al., 2005; Wang et al., 1998; Holmes et
al., 2005; Wrobel et al., 1999; Malamas et al., 2000a;
Malamas et al., 2000b; Lazo et al., 2001; Hartshorn et al.,
2005) were rationally and intuitively selected as a training

set, and represented structural diversity and covered the
entire activity range.

Training set selection criteria
The most critical aspect in the generation of the phar-

macophore hypothesis using the CATALYST software is
selection of the training set. Some basic strategies have
been elegantly laid out, with basic guidelines as follows.
(i) A minimum of 16 diverse compounds should be
selected to avoid any chance correlation. (ii) The activity
data should have a range of 4-5 orders of magnitude. (iii)
The compounds should be selected to provide clear,
concise information to avoid redundancy or bias in terms
of both structural features and activity range. (iv) The
most active compounds should be included so that they
provide information on the most critical features required
for a reliable/rational pharmacophore model. (v) Inclusion
of any compound known to be inactive due to steric
hindrance must be avoided because the current features
within the CATALYST software cannot handle such cases.
On the basis of the above criteria, 27 and 281 compounds
were selected for the training and test sets, respectively.

Pharmacophore hypothesis generation
Pharmacophore hypotheses generation was achieved

using the HypoGen module of CATALYST 4.10 software
and the training set of 27 compounds. Molecular flexibility
was taken into account by considering each compound as
a collection of conformers representing a different area of
conformational space accessible to the molecule within a
given energy range. The “best quality searching procedure”
was adopted to select representative conformers within a
20 kcal/mol range above the computed global minimum
energy. Training set compounds, as shown in Fig. 1, were
imported into CATALYST and conformation models
generated for all molecules (both training and test sets),
with 250 maximum number of conformations. CATALYST
selects conformers using the Poling algorithm, which
penalizes any newly generated conformer if it is too close
to any previously found conformer. This method ensures
maximum coverage of the conformation space. During the
initial phase of the hypothesis generation exercise, it was
observed that features, like H-bond acceptors (HBA),
hydrophobic aromatic (HY-AR) and ring aromatic (RA),
could effectively map all critical chemical/structural features
of all the training set molecules. Therefore, ten pharma-
cophore hypotheses were generated from the training set,
using a default uncertainty value of 3. The minimum and
maximum feature counts were 0 and 5, respectively.

Quality of pharmacophore hypothesis assessment
The quality of the generated pharmacophore hypotheses

was evaluated by considering the cost functions (re-
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presented in bits unit) calculated using the CATALYST/
HypoGen module during hypothesis generation. A mean-
ingful pharmacophore hypothesis might be generated
when the difference between the null (cost of a complex
hypothesis) and the fixed cost (cost of a simple hypothesis)
values was large, i.e. 60-70 bits. The total cost (cost of the
generated hypothesis) should be close to the fixed cost,

and the configuration cost should be less than 17, as the
latter describes the complexity of the hypotheses space to
be explored. Hypo1 satisfied all the above criteria and
thus, was chosen for the validation.

Validation of best pharmacophore model (Hypo1)
Validation was performed using the following three

Fig. 1. The molecular structures of the 27 training set compounds, taken from the literature
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distinct methods: i) Cat-Scramble program (Du et al.,
2005) available in CATALYST, a validation procedure
based on the Fischer’s randomization test, which checks
whether a strong correlation exists between the chemical
structures and the biological activity. This is carried out by
randomizing the activity data associated with the training
set compounds. These randomized training sets were
used to generate pharmacophore hypotheses, employing
the same features and parameters as used in the
development of the original pharmacophore hypothesis. If
the randomized data set results in the generation of a
pharmacophore model with similar or better cost values,
root mean square deviation (RMSD), and correlation
coefficient (r) of the original hypothesis, then it would have
been generated by chance. In this validation test, the 95%
confidence level was selected and thus, 19 spreadsheets
were generated, ii) a test set of 281 compounds having
experimental PTP1B inhibitory activities were used to
quantify the validity, and iii) candidate molecules were
finally mapped onto the model and their activities pre-
dicted.

Molecular docking
The binding orientations of various compounds were

analyzed using GOLD molecular docking and compared
with the pharmacophore mapping results as a final valida-
tion method. The GOLD 3.0.1 program (Genetic Optimisa-
tion for Ligand Docking), from Cambridge Crystallographic
Data Center, UK, (Jones et al., 1997), uses a genetic
algorithm for docking flexible ligands into protein binding
sites (Bharatham, et al., 2006b). A training set compound,
test set and candidate molecule were docked into the
PTP1B active site (PDB ID: 1Q6P). A radius of 7.0Å
around the crystal ligand was considered as the active
site. The water of crystallization present within the active

site region was also considered in the docking simulation.
The RMSD, annealing parameter of van der Waal’s (vdw)
interaction and hydrogen bond interaction were considered
within 1.5Å, 4.0Å and 2.5Å, respectively.

RESULTS AND DISCUSSION

Pharmacophore hypothesis generation was achieved
using the training set. Compounds 14 (pyrimido-triazine-
piperidine) and 16 (pyridazine) of the training set were
potent candidate molecules, discovered by Roche and
Biovitrum, respectively. They were included in the training
set because their activities were available, which would
help in generating a reasonable pharmacophore model.
Ten pharmacophore hypotheses were generated, among
which the best model was selected. All ten hypotheses
had the same four chemical features. Therefore, selection
of the ideal pharmacophore hypothesis was characterized
using the high cost difference (null-fixed), low error cost,
low RMSD and best correlation coefficient. Hypo1 is
considered the best as it is characterized by the highest
cost difference (72.026), lowest RMSD value (0.846) and
also had the best correlation coefficient (0.946), which
indicates a true correlation and good predictive capability.
The total cost value of each hypothesis was close to the
fixed cost value, which is expected for a good hypothesis.
The configuration cost value of the hypothesis was also
within the allowed range, i.e. 17. The null cost, fixed cost
and the configuration cost values for the 10 best ranking
hypotheses were 182.256, 106.97 and 15.028, respectively.
The cost values, correlation coefficients (r) for the training
set, RMSD values and features of all ten pharmacophore
models are listed in Table I.

Hypo1 comprised of two H-bond acceptors (HBA), one
hydrophobic aromatic (HY-AR) and one ring aromatic

Table I. Information of the cost values measured in bits RMSD, correlation coefficient values and features for top-ten hypothesesa

Hypo-thesis Total cost
Cost difference

(null-total cost)
RMSD r Features

Correlation value for

281 test set compounds

1 116.525 65.731 0.840 0.946 HBA,HBA,HY-AR,RA 0.882

2 117.323 64.933 0.874 0.941 HBA,HBA,HY-AR,RA 0.862

3 121.179 61.077 1.025 0.919 HBA,HBA,HY-AR,RA 0.829

4 121.247 61.009 1.028 0.918 HBA,HBA,HY-AR,RA 0.838

5 121.251 61.005 1.021 0.919 HBA,HBA,HY-AR,RA 0.798

6 121.376 60.880 1.024 0.919 HBA,HBA,HY-AR,RA 0.870

7 122.020 60.236 1.054 0.914 HBA,HBA,HY-AR,RA 0.807

8 122.964 59.292 1.087 0.908 HBA,HBA,HY-AR,RA 0.834

9 123.025 59.231 1.083 0.909 HBA,HBA,HY-AR,RA 0.743

10 123.195 59.061 1.094 0.907 HBA,HBA,HY-AR,RA 0.835

aNull cost of top-ten score hypotheses is 182.256 bits Fixed cost is 106.97 bits. Configuration cost is 15.028 bits. Abbreviation used for features:

HBA, hydrogen-bond acceptor; HY-AR, hydrophobic aromatic; RA, ring aromatic.
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(RA) features (Fig. 2). The two best active training set
compounds that were mapped on to the pharmacophore
model, Hypo1, are shown in Fig. 4a and 4b, respectively.
Compound 2 was a reversible, competitive and catalytic
site-binding PTP1B inhibitor, where the phenyldifluoro-
methylphosphonate group targets the primary binding site
and forms a hydrogen bond with Arg221 (Lau et al., 2004,
Giovanna Scapin et al., 2003). Analogously, our pharma-
cophore model mapped the phosphonate hydroxyls of
compound 2 as two HBA features, which interact with
catalytic site residues. The docking results for compound
2 also revealed that it interacts with Arg221 and Gly220

via hydrogen bonding (Fig. 6a). The hydrophobic phenyl
(mapped as RA feature) and indole groups (mapped as
HY-AR feature) interact with the Tyr46 and Arg47 side
chains, respectively, which are the secondary binding sites,
which have also been extensively studied. Compound 3
belongs to a class of highly hydrophobic, more promiscuous
PTP1B inhibitors, with a benzothiophene biphenyl oxo-
acetic acid group. The carboxylic acid portion of the ligand
does not interact directly with Arg221, but participates in
hydrogen bonds with two water molecules bridging the
ligand with Arg221 (Malamas et al., 2000b). The two HBA
features of our pharmacophore model were mapped onto
the carboxyl group, which indirectly interacts with catalytic
site residues.

A pharmacophore model capable of predicting an active
or inactive compound would reduce the time of the drug
discovery process. Therefore, all compounds in both the
training and test sets were classified into three groups;
highly active (+++, IC50 1 µM), moderately active (++, 1
µM < IC50 < 10 µM) and inactive compounds (+, 10 µM).
The experimental and Hypo1 predicted activities for the
27 training set compounds are shown in Table II. Out of
the 27 compounds, only two moderately active (++)
compounds were predicted as being inactive (+), while all
the remaining compounds were predicted to the same
magnitude. The error value was calculated as the ratio
between the predicted and experimental activities. A
positive error value indicates that the predicted IC50 is
higher than that obtained experimentally, while a negative
error value indicates that the predicted IC50 is lower than
that obtained experimentally. An error value of less than
ten represents a difference no greater than one order
between the predicted and experimental activities. Among
the training set compounds, very few had an error value >
3. Hence, the pharmacophore model was selected for

Fig. 2. The best ranked pharmacophore hypothesis (Hypo1). The distances between the chemical features of the 3D pharmacophore hypothesis,

where orange represents the ring aromatic (RA), green the H-bond acceptor (HBA) and light blue the hydrophobic aromatic (HY-AR) feature.

Fig. 3. Correlation graph between the experimental and Hypo1

predicted activities
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validation using various methods.
The validation of Hypo1 was performed using four distinct

methods. First, a validation procedure was performed
using the Cat-Scramble technique, which is based on the
principle of randomizing the activity data of the training set
compounds, and generates pharmacophore hypotheses
using the same features and parameters as used in the
development of the original pharmacophore hypothesis.
Nineteen random spreadsheets (or 19 HypoGen runs)
were generated for the 95% confidence level. The data of
cross validation clearly indicated that all values generated
after randomization produced hypotheses with no pre-
dictive value near or similar to that obtained for Hypo1, as
shown in Table III. Out of the 19 runs, only two had a
correlation close to 0.7, but the RMSD was high and the
total cost was close to the null cost, which is not desirable
for a good hypothesis. This cross validation provided
strong confidence on the initial pharmacophore model,
Hypo1.

The validity of any pharmacophore model needs to be
ascertained by its application to the test set to find if the

model correctly predicts the activity of the molecules in
the test set molecules and most importantly, whether it
correctly identifies active and inactive molecules. Therefore,
in the second method, 281 molecules with experimental
PTP1B inhibitory activities were imported, and conformers
generated in a similar manner to that of the training set. A
regression analysis was performed on the 281 test set
compounds, with the best hypothesis (Hypo1) generated
from the original training set. The graph drawn between
experimental and predicted activities generated for the
test set compounds using Hypo1 is shown in Fig. 3. A
correlation of 0.882 was observed between the experi-
mental and predicted activity values, signifying a good
correlation. None of the test set compounds had an error
value greater than 10, implying their activities were predi-
cted within the same magnitude.

Two of the highly active test set compounds were
mapped onto Hypo1 (Fig. 4c and 4d). The molecular
structures of the two test set compounds were shown in
Fig. 5a and 5b. The predicted activities of t188 and t362
were 0.48 µM (experimental IC50 = 1.01 µM), and 0.15 µM

Fig. 4. Mapping of the top scored Hypo1 on the highly active training set compounds 2 (a) and 3 (b), the test set compounds t188 (c) and t362 (d),

and the candidate molecules c1 (e) and c2 (f). In the pharmacophore hypothesis; orange represents the ring aromatic (RA), green the H-bond

acceptor (HBA) and light blue the hydrophobic aromatic (HY-AR) feature.
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(experimental IC50 = 0.145 µM), respectively. Although no
specific binding mechanism has been described for 1, 2-
naphthoquinone derivatives, it was assumed that the acid
group of t188 forms H-bonding with Arg221 (Ahn et al.,
2002). Accordingly, the two HBA features of our pharma-
cophore model were mapped perfectly onto the acid
group of t188. The docking results also revealed that the
carboxylic group formed hydrogen bonds with the guanido
group of Arg221. The RA feature, when mapped onto 1,
2-naphthoquinone, forms hydrophobic interactions with

the side chain of Arg47, while the HY-AR feature when
mapped onto the phenyl ring of the indole group forms
hydrophobic interactions with Met258. The binding orien-
tation of t188 at the active site is shown in Fig. 6b. In

Table II. Experimental and predicted biological data measured as
IC50 (µM) based on pharmacophore model Hypo1 for training set
molecules

Comp.
Experimental

Activity (µM)

Pre.

Activity 
Error a Fitness

score b 

Activity

Scale c

Pre. Activity

Scale

1 0.026 0.038 1.5 6.93 +++ +++

2 0.038 0.085 2.2 6.58 +++ +++

3 0.052 0.012 –4.2 7.41 +++ +++

4 0.061 0.242 3.9 6.13 +++ +++

5 0.098 0.079 –1.2 6.61 +++ +++

6 0.16 0.29 1.8 6.05 +++ +++

7 0.24 0.16 –1.5 6.31 +++ +++

8 0.39 0.55 1.4 5.76 +++ +++

9 0.65 0.76 1.2 5.63 +++ +++

10 0.85 0.59 –1.4 5.74 +++ +++

11 1.3 1.1 –1.2 5.46 ++ ++

12 1.9 1.6 –1.2 5.29 ++ ++

13 2.1 1 –2.1 5.51 ++ ++

14 2.9 2.3 –1.2 5.14 ++ ++

15 4.3 8.9 2.1 4.56 ++ ++

16 5.6 82 15 3.60 ++ +

17 6 5.2 –1.2 4.8 ++ ++

18 8 38 4.8 3.92 ++ +

19 26 47 1.8 3.84 + +

20 42 40 –1 3.9 + +

21 55 38 –1.5 3.93 + +

22 73 60 –1.2 3.73 + +

23 86 58 –1.5 3.75 + +

24 95 58 –1.6 3.74 + +

25 120 39 –3 3.92 + +

26 140 63 –2.2 3.71 + +

27 600 83 –7.2 3.59 + +

a + indicates that the predicted IC50 is higher than the experimental

IC50; – indicates that the predicted IC50 is lower than the experimental

IC50

b Fitness score indicates how well the features in the pharmacophore

overlap the chemical features in the molecule.
C PTP1B activity scale: +++, IC50 1 µM (high active); ++, 1 µM < IC50 <

10 µM (moderate active); +, IC50 10 µM (inactive)

Table III. Results from cross-validation using CATSCRAMBLE
method in CATALYST a

Trial no. Total cost Fixed cost RMSD 
Correlation

coefficient (r)

Results for unscrambled

116.525 106.97 0.840 0.946

Results for scrambled

1 169.943 100.237 2.260 0.496

2 171.293 101.267 2.269 0.490

3 182.256 90.817 2.600 *

4 166.227 104.404 2.133 0.573

5 164.798 101.142 2.171 0.551

6 179.061 98.481 2.411 0.380

7 172.685 103.646 2.258 0.497

8 178.817 96.942 2.445 0.345

9 165.570 103.446 2.145 0.566

10 182.256 90.813 2.602 *

11 175.474 101.531 2.329 0.447

12 164.358 106.077 2.076 0.602

13 177.817 103.612 2.325 0.451

14 182.256 90.817 2.602 *

15 165.038 101.921 2.162 0.556

16 182.256 90.817 2.602 *

17 149.642 107.991 1.756 0.737

18 178.492 99.557 2.412 0.376

19 147.243 103.432 1.801 0.721

aNull cost is 182.256 

*Indicates that correlation coefficient could not be obtained.

Fig. 5. The molecular structures of test set compounds t188 (a) and

t362 (b) and the candidate molecules c1 (c) and c2 (d)
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compound t362, the phosphonate group was earlier
hypothesized to bind to the side chain of the active site
Arg221 via a charge-charge interaction (Wrobel et al.,
1999). The docking results also confirm the hydroxyl
groups of phosphonate form hydrogen bonds with Arg221
(guanido group) and Gly220 (main chain). The HY-AR
feature (mapped on corner phenyl of fused ring) formed
hydrophobic interactions with the Arg47 side chain, while
the RA feature mapped onto the five membered ring
formed hydrophobic interactions with Tyr46 and Lys120
(Fig. 6c). As the pharmacophore model represented the
crucial features required for binding, it was able to
appropriately predict their activities.

As a third trial, another validation process was performed
to find the usefulness of the selected pharmacophore
model in evaluating two diverse potent PTP1B inhibitors
(Fig. 5c and 5d), which have either been clinically intro-
duced or are in the developmental stages. The rationale
of this approach was if the pharmacophore model maps
onto those inhibitors and predicts their activity well, the
pharmacophore model is then expected to be useful as a
search tool for identifying new PTP1B inhibitors. No

attempts were made to directly compare the predicted
and experimental activities of these compounds, as no
detailed activity data have previously been reported. Merck
Frosst has described a charged compound, monodifluoro-
phosphonate derivative (c1), but no biological data was
disclosed. Hypo1 predicted the activity (IC50 for binding to
PTP1B) to be 0.0061 µM, and also correctly classified the
molecule as being highly active. The two HBAs map the
oxygen atoms of the phosphonate involved in the catalytic
activity. The RA and HY-AR features map the phenyl rings
that contribute to the hydrophobic interactions. Similarly,
the docking results also showed the two hydroxyl groups
of phosphonate formed hydrogen bonds with Arg221 and
Gly220, while the benzoyl and phenyl groups formed
hydrophobic interactions with the Arg47 side chain and
Met258, respectively (Fig. 6d).

To avoid multiple negative charges, while still showing
potency, several inhibitors, such as ertiprotafib (c2), showed
modest selectivity profiles, have been tested in clinical
trials and have reached phase II development. The
inhibition of PTP1B by this compound was presumed to
involve the oxidation of the active site cysteine of PTP1B

Fig. 6. The molecular docking results. Docked compound 2 of the training set (a), the test set compounds t188 (b) and t362 (c), and the candidate

molecule c1 (d) with the catalytic residues are represented as sticks, with water as a sphere in the PTP1B protein active site.
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to the corresponding sulfenic acid. The Hypo1 predicted
activity was 0.072 µM, and the molecule was correctly
classified as being highly active. The two HBAs map the
oxygen atoms of the carboxylate involved in the catalytic
activity. The RA and HY-AR features map the fused
thiophene and phenyl rings of 11-Arylbenzo[b]naphtho
[2,3-d]thiophenes, respectively, which contribute to the
hydrophobic interactions. The mapping of the candidate
molecules, c1 and c2, using Hypo1 are shown in Fig. 4e
and 4f. As a fourth validation method, docking studies
were performed, and the results were simultaneously
described for better comparison with the pharmacophore
model mapping. Thus, Hypo1 was validated using four
methods, all of which gave reliable results. Therefore, the
pharmacophore model is expected to help in the identi-
fication of new classes of PTP1B inhibitors from virtual
screening.

CONCLUSIONS

One of the major goals of this study was to generate a
predictive pharmacophore model that could be utilized as
a query tool to search 3D databases of diverse drug-like
compounds for the identification of new molecules that
possess potent PTP1B inhibitory activities. The best phar-
macophore hypothesis, Hypo1, as characterized by the
high correlation coefficient of 0.946, was generated for
PTP1B inhibitors using a training set of 27 compounds,
and validated using four distinct methods. In addition, this
study clearly indicates that the selected pharmacophore
model can be used to find new chemical entities with
potent activities against a target disease, which is of
utmost importance to the pharmaceutical industry. Our
pharmacophore model successfully predicted the bio-
logical activities of the compounds in the test set, as well
as accurately classified two existing PTP1B inhibitors from
two different pharmaceutical companies. The binding
orientations of the compounds also substantiated the
features mapped by the pharmacophore model. It has
been confirmed that correct mapping to four features is
sufficient to successfully identify specific PTP1B inhibitors.
The selected pharmacophore model is expected to help
identify new classes of PTP1B inhibitor.
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