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Abstract

The application of a fully integrated and automated virtual screening method for identifying potential and novel inhibitors of bovine lmwPTP
is described. The protocol makes extensive use of our recently introduced LINGO tools, which allow the extraction of the implicit chemical
information present in SMILES representations. Nine out of 34 compounds selected from a database of almost 500 000 commercially available
compounds were experimentally confirmed to be competitive inhibitors of lmwPTP, two of them showing Ki values around 10 mM. The best
inhibitors previously described had Ki values higher than 1 mM. These results constitute an experimental validation of our virtual screening
algorithm and provide a basis for the optimization of pharmacologically interesting lmwPTP inhibitors.
� 2007 Elsevier Masson SAS. All rights reserved.
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1. Introduction

Virtual screening methodologies are widely used as a com-
plementary approach to experimental screening (high-through-
put screening) in many drug discovery and development
programs to enhance the probability of success in the stage
of lead identification [1e4]. Computational methodologies
can also reduce the high failure rates due to unfavourable
properties at the screening stage (e.g. poor solubility) or at
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later stages (unfavourable ADME properties). Current applica-
tions of virtual screening methodologies involve the analysis
of very large collections of available compounds to select
a reasonable subset for biological testing. For receptors of
known structure, massive docking strategies may be used for
the identification of novel lead compounds in drug discovery
[5e7]. Previous knowledge, such as already known ligands
or the identity of key residues in the receptor may be used
to focus and increase the success rate of virtual screening
algorithms.

Receptor-based virtual screening requires computational
fitting of compounds into an active site of a receptor. There-
fore, elaborated search algorithms followed by scoring and
ranking techniques are used to identify potential leads in a
process that tends to be computationally demanding [8]. On
the other hand, ligand-based methodologies [9,10] are used
when the structure of a therapeutical target has not been solved
yet. They tend to be faster than receptor-based methods, as has
been shown by molecular similarity methods [11].
.
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Recent developments in combinatorial chemistry and high-
throughput screening (HTS) have contributed to the synthesis
of a large number of compounds included in databases of mo-
lecular structures. In spite of the advances in HTS methods,
the cost of exploring the very large databases of available mol-
ecules is enormous and the success rates are commonly very
low [12], especially in the field of phosphatases [6]. The
size of the databases is constantly increasing with the wide-
spread use of combinatorial chemistry approaches. Even
receptor-based virtual screening methods using the fastest-
working docking algorithms and supercomputers, remain
a very time consuming task for databases of millions of com-
pounds. A realistic approach towards high-throughput recep-
tor-based virtual screening requires the restriction of the
number of compounds to be actually analyzed to a target-
focused small fraction of the database [13]. In this context,
faster and more efficient virtual exploration protocols have
to be used to allow an evaluation of thousands of compounds
in a short period of time [14]. We have recently reported a
new virtual screening algorithm that combines exhaustive
similarity searches directly in SMILES (Simplified Molecular
Input Line Entry System) format using our previously des-
cribed extremely efficient LINGO tools [15,16] with the dock-
ing of flexible ligands, whose 3D structures are generated on
the fly from the SMILES representation. This algorithm,
named MPA, has been specifically designed to analyze molec-
ular databases containing millions of compounds in a target-
dependent manner [17].

In this paper we report the validation of our massive pro-
cessing algorithm (MPA) virtual screening algorithm in an in
vitro experimental screening for the identification of inhibitors
of bovine low molecular weight protein tyrosine phosphatase
(lmwPTP) [18]. Living organisms employ protein phosphory-
lation, carried out by kinases, and dephosphorylation reac-
tions, carried out by phosphatases, for the regulation of
innumerable cellular processes [19]. It is well known that ab-
errances in protein phosphorylation contribute to the develop-
ment of many human diseases such as cancer and diabetes
[20]. In humans, lmwPTPs are ubiquitously expressed as
four different isoforms [21] in a wide range of cells and
may be involved in regulating the metastatic nature of epithe-
lial tumors. Recent studies have demonstrated that lmwPTP
overexpression is sufficient to transform non-transformed epi-
thelial cells, suggesting that inhibition of lmwPTP could phar-
maceutically control their activity in oncogenic cells [22].
Bovine lmwPTP shows a 94% sequence identity with human
lmwPTP-B.

Although protein tyrosine phosphatases (PTPs) have been
extensively studied and a large amount of inhibitors have
been described for many PTPs including PTP1B [23],
Cdc25A [24], Cdc25B [25] or CD45 [26], only a few com-
pounds have been described as weak inhibitors of low molec-
ular weight protein tyrosine phosphatases. In this paper, we
report the use of an integrated and fast virtual screening pro-
tocol useful for the identification of competitive inhibitors of
lmwPTP, some of them inhibiting the lmwPTP activity in
the low micromolar range.
2. Computational methodology

2.1. Compound database preparation

The initial database, saved in SMILES format, was prepared
by selecting all of the 450 212 compounds present in the Chem-
Div [27] collection (version 2004) as well as all of the 425 654
compounds from the ChemBridge [28] collection (version
2005), generating thus a virtual database of 875 866 com-
pounds. The initial database was first analyzed in order to detect
and remove duplicated molecules and those molecules contain-
ing elements other than C, N, O, S, H, P and halides, for which
no parameterization exists in Autodock 3.0 [29,30]. The re-
maining 736 793 compounds were filtered by applying molecu-
lar property filters to eliminate compounds with undesired
molecular properties using our previously reported LINGO-
QSPR models, which allow a throughput of 120 000 molecules
per second [15]. The retained database contained 497 157 com-
pounds in SMILES format with molecular weights� 500 Da;
log P� 5; hydrogen-bond acceptors� 10; hydrogen-bond
donors� 5; polar surface areas (PSA)� 150 Å2; and rotational
bonds� 8.

2.2. Protein structure preparation

The bovine-lmwPTP X-ray structure was downloaded from
the Protein Data Bank (PDB code: 1DG9 [31]). The nucleo-
philic residue Cys12 side chain, which has a remarkably low
pKa< 4, was set to its ionic thiolate form as proposed in sev-
eral previous publications [32]. The HEPES molecule present
in the X-ray structure was removed. Hydrogens were added
and partial atomic charges were assigned using the MAB force
field as implemented in Moloc [33]. Grids were build up and
centered in the active site of the protein, resulting in a three-
dimensional box of 20.4� 20.1� 19.8 Å3 surrounding all
amino acids of the active site groove. Grid maps for C, N,
O, S, H, P and halides were calculated using Autogrid 3.0.

2.3. Virtual screening

Our previously reported MPA [17] was used to computa-
tionally analyze the database containing 497 157 compounds.
The MPA is a highly efficient virtual search protocol that,
with very limited computational resources, is able to handle
very large databases using a combination of slow protein-
based and very fast ligand-based screening techniques. The
protocol makes extensive use of our recently introduced
LINGO tools, which allow the extraction of the implicit
chemical information present in SMILES [34] representations.
A working scheme of MPA is shown in Fig. 1.

The key element of MPA is the selection of the molecules
in the database that will be evaluated by docking. Only the
molecules to be docked are explicitly converted to their 3D
structures. In this study, the maximum number of compounds
to be docked was restricted to 50 000 (10% of database).

The complete database is screened at each selection step by
similarity to the molecules that showed the best docking
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energies in previous steps. Similarities are directly evaluated
from SMILES representations by LINGOsim.

As described in the MPA original work [17], the starting
population consisted in a simple random selection of mole-
cules from the database. Starting from this population of mol-
ecules chosen randomly from the database, binding energies
are extracted from the output of a modified Autodock 3.0
docking algorithm. The empirical free energy function imple-
mented in Autodock 3.0 takes into account the ligandere-
ceptor interaction energy, conformational entropy loss and
desolvation effects.

The ranked list is used as the input to select the new pop-
ulation from a database, in a way reminiscent of a standard ge-
netic algorithm, whereas no offspring is generated by parents
but the new generation is instead adopted: candidate mole-
cules are not created using the information contained in a pre-
vious population but are directly selected from the initial
database according to their similarity. Ligands to be docked
are automatically prepared from SMILES. First, the proton-
ation state of ionizable groups is determined by using the
cxcalc module of JChem [35] software, which calculates the
major microspecies at a given pH, giving thus the correspond-
ing modified SMILES codes. Next, geometry-optimized 3D
coordinates and partial atomic charges are calculated with
the MAB force field by using the Msmab module of Moloc
software. The rotatable bonds are identified by using the auto-
tors module of Autodock. Finally, a home-made program addi-
tionally constrains torsions with high barriers, like Csp2eCsp2

bonds.

3. Results

3.1. Virtual screening analysis

MPA was used to select 50 000 molecules to be analyzed by
Autodock 3.0. from an edited database containing 497 157
compounds. The top scoring 1289 molecules with estimated
DGbinding��8.00 kcal/mol (estimated Ki below 1 mM) were
selected for further analysis. Three-dimensional coordinates
for the binding conformation of all 1289 molecules were ex-
tracted and the corresponding enzymeeinhibitor complexes
analyzed by a completely automated process using LIGPLOT
[36], and 767 complexes forming hydrogen bonds with the
active site residues Gly14, Ile16, la Cys17 and Arg18 were
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Fig. 1. Massive processing algorithm (MPA) general scheme.
selected. Solubilities were estimated using LlogS, a program
included in our previously reported LINGO toolkit [15] and
only compounds with a predicted minimum solubility higher
than 100 mM were retained.

The remaining 274 complexes were energetically and struc-
turally analyzed and cross-validated using the MAB force field
as implemented in Moloc. This process led to the elimination
of undesired compounds, such as adamantane, and molecules
having energetically unfavourable binding modes. One hun-
dred and sixty-two out of 274 compounds, all of them exhib-
iting functional groups such as carboxylic acids, nitro groups,
sulfones and/or sulfates with hydrogen-bond capabilities to in-
teract with the specific residues in the active site, passed the
validation and visual inspection step. The final 162 virtual
screening hits were clustered/joined using a molecular struc-
ture-dependent hierarchical clustering algorithm. Cross-simi-
larities were calculated using LINGOsim and analyzed by
the program Cluster 3.0 [37], identifying 24 different clusters,
ranging from two members to 26 with a median of six.

3.2. First subset selection and experimental screening

A subset of 21 compounds, belonging to 19 of the 24 clus-
ters, was selected for initial experimental estimation of their Ki

values. All of these compounds passed the final validation step
and were commercially accessible at the time of the experi-
ment. When different molecules from the same cluster were
available, the ones predicted to have better affinity, to be
more soluble and structurally simpler, were chosen. All these
21 compounds were experimentally analyzed and four of them
were identified to have inhibition constant values in the range
of 50e900 mM. Molecular structures for the 21 analyzed com-
pounds, the identification code and the corresponding cluster
number are shown in Fig. 2.

3.3. Second subset selection and experimental screening

Following the initial experimental screening, further mem-
bers of clusters 3, 14, 22 and 24, containing compounds ptp-
04, ptp-12, ptp-19 and ptp-21, were selected using molecular
similarity criteria. Like the MPA, this follows the Active An-
alogue Principle, but using experimental, instead of virtual, in-
hibition constants. These compounds, shown in Fig. 3, were
experimentally tested, and five of them were identified to ex-
hibit inhibition constant values in the range of 10e900 mM.

4. Discussion

New small molecule inhibitors of bovine lmwPTP have
been discovered using our virtual screening MPA algorithm.
The non-phosphorous inhibitors found belong to different
structural classes and clearly show competitive inhibition at
low micromolar concentration. The analysis of the calculated
structures of experimentally validated complexes provides
some insight into the structural determinants of lmwPTP in-
hibitors. The best inhibitor found in this study ptp-194 with
an inhibition constant of 9� 3 mM, shows a hydrogen-bond
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detected (i.n.d.¼ inhibition not detected).
network linking the carboxylate group of the ligand with res-
idues in the active site involved in the recognition of the phos-
phate group of phosphotyrosine, Leu13, Ile16, Cys17 and Arg18.
Further stability of the complex results from shape comple-
mentarity and van der Waals interaction with residues sur-
rounding the catalytic site, as for example, Tyr131, Gly14 and
Trp49. On the other hand, compound ptp-043, which has an in-
hibition constant of 11� 2 mM, presents very different interac-
tions in the same region of the enzyme. Although the
carboxylate group of the ligand is crucial for the interaction
forming hydrogen bonds with the same residues that partici-
pated in hydrogen bonding with compound ptp-194, except
Leu13, ptp-043 interacts with a second region, that presents
a good shape complementarity to the ligand, by forming a hy-
drogen bond with Ser47(Fig. 4).

Compound ptp-212, with an inhibition constant of
60� 6 mM, forms hydrogen bonds through its carboxylate
group with Leu13, Gly14 and Arg18. An additional hydrogen
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Fig. 4. Binding conformations of compounds ptp-194, ptp-043, ptp-212, ptp-121 and ptp-21 obtained from docking calculations.
bond is formed between the ligand’s heterocyclic nitrogen and
the side chain of Asp129 placed close to the active site. This
residue is critical in the dephosphorylation mechanism as it
is involved in the correct release of the substrate. Compound
ptp-121, exhibiting a Ki¼ 170� 30 mM, has a C2 symmetry
axis in its free form. The two carboxylic acids are separated
by a rigid scaffold. While one of them is hydrogen bonded
to residues Gly14, Ile16, Cys17 and Arg18, the second one forms
an electrostatic interaction with the side chain of Arg53 and
a hydrogen bond with Asn50.

As a last example, compound ptp-21, with an inhibition
constant of 240� 70 mM, binds through a sulfur atom to the
region occupied by Ser47, as shown before by compound
ptp-043. This hydrogen bond seems to be important for inhibi-
tion as shown by a decrease of Ki to about 1 mM when this
sulfur atom is substituted for a methylene group in compound
ptp-211.

Very few inhibitors are known for the closely related human
lmwPTP isoforms A and B. In the case of the human lmwPTP-
B, which has 94% sequence homology to bovine lmwPTP,
different inhibitors containing a phosphonic acid have been
described but their inhibition constants are higher than 1 mM,
ranging from 1.4 to 13 mM [38]. Docking of these compounds
shows that they would have been chosen as promising candi-
dates in virtual screening (data not shown).

The results of the screening for active site inhibitors of
bovine lmwPTP provide another validation of the MPA algo-
rithm for handling large databases through fully integrated
and completely automated virtual screening. In this project,
the MPA was efficiently applied to reduce the number of
compounds to be tested experimentally from 500 000 to 35
compounds, nine of which showed micromolar inhibition con-
stants. From them, two compounds with different scaffolds
showed Ki values around 10 mM and four additional molecules
with Ki between 50 and 250 mM. Thus, MPA has successfully
identified novel small molecule inhibitors with different scaf-
folds that were experimentally validated to be competitive in-
hibitors and could, therefore, provide starting points for the
development of pharmacologically optimized inhibitors.

5. Experimental protocols

5.1. Bovine-lmwPTP expression and purification

pET-11d vector harboring the wild type bovine-lmwPTP
gene was transformed into Escherichia coli BL21(DE3) cells
and expressed in LB media as described before [39]. Purifica-
tion steps included a cation exchange column (SP Sepharose
High Performance) followed by size exclusion chromatogra-
phy (Superdex 75) and the purity was checked after each pu-
rification step by SDS PAGE. The final protein concentration
was determined by UV absorption at 280 nm by diluting the
desired solution 1/40 in a buffer containing 6 M guanidinium
and 20 mM sodium phosphate at pH¼ 6.5. The average of
three measurements of buffer only was subtracted from the
average of three measurements of protein solution and the
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concentration determined by the relationship 1AU (A280)¼
0.84(�0.05) g/l [40].

5.2. Enzymatic activity

Kinetic parameters were measured at 37 �C in 40 mM so-
dium acetate buffer at pH 5.0 containing 150 mM NaCl and
1 mM TCEP (tris[2-carboxyethyl]phosphine) assuring com-
plete reduction of the active site Cys12. p-Nitrophenyl phos-
phate ( pNPP) was used as the substrate and the reaction rate
was determined by monitoring the release of p-nitrophenolate
by measuring the absorbance at a wavelength of 405 nm as de-
scribed before [39]. A constant concentration of 10 nM bovine
lmwPTP was used at the five final pNPP concentrations of 0.4,
0.8, 1.2, 1.6 and 2.0 mM. Each velocity was measured three
times and the Vmax and Km values were obtained giving
Km¼ 0.57� 0.03 mM and Vmax¼ 21.3� 0.6 mmol/min, which
is in good agreement with previous results [39,41].

5.3. Measurement of inhibition constants Ki

Measurements of the dissociation constants (Ki) of the en-
zymeeinhibitor complexes were carried out at pH 5.0 and
37 �C using the same reaction buffer as mentioned before.
All inhibitors were stored at 100 mM in DMSO. Inhibition
constants were determined at constant concentration of
10 nM bovine lmwPTP, five different pNPP concentrations
(0.4, 0.8, 1.2, 1.6 and 2.0 mM) and four to five suitable inhib-
itor concentrations. DMSO concentration was kept constant at
1% throughout all measurements. Details, such as Linewea-
vereBurk plots and experimental data, for the measurement
of Ki can be found in the Supplementary material.
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