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Receptor-oriented pharmacophore-based in silico screening is a powerful tool for rapidly screening large 
number of compounds for interactions with a given protein. Inhibition of the enzyme catechol-O- 
methyltransferase (COMT) offers a novel possibility for treating Parkinson’s disease. Bisubstrate inhibitors of 
COMT containing the adenine of S-adenosylmethionine (SAM) and a catechol moiety are a new class of potent 
and selective inhibitor. In the present study, we used receptor-oriented pharmacophore-based in silico 
screening to examine the interactions between the active site of human COMT and bisubstrate inhibitors. We 
generated 20 pharmacophore maps, of which 4 maps reproduced the docking model of hCOMT and a 
bisubstrate inhibitor. Only one of these four, pharmacophore map I, effectively described the common features 
of a series of bisubstrate inhibitors. Pharmacophore map I consisted of one hydrogen bond acceptor (to Mg2+), 
three hydrogen bond donors (to Glu199, Glu90, and Gln120), and one hydrophobic feature (an active site 
region surrounded by several aromatic and hydrophobic residues). This map represented the most essential 
pharmacophore for explaining interactions between hCOMT and a bisubstrate inhibitor. These results revealed 
a pharmacophore that should help in the development of new drugs for treating Parkinson's disease.
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Introduction

The O-methylation of endogenous catecholamines and 
other catechols is catalyzed by the catechol O-methyl- 
transferase1-5 (COMT; EC 2.1.1.6.) in the presence of Mg+2. 
COMT plays important roles in the metabolism of catechol­
amine, such as dopamine, a neurotransmitter. Therefore, 
COMT inhibitors are valuable adjunct treatments for central 
nervous system disorders such as Parkinson's disease and 
possibly schizophrenia.6-9 Indeed, combination of COMT 
inhibitors and levodopa is an effective method for treating 
Parkinson's disease.10-12 Also, flavonoid such as quercetin is 
known to be an excellent substrate for COMT

COMT exists as both a soluble form which contains 221- 
amino acid and a membrane-bound form with a 50-amino 
acid N-terminal extension. The catalytic region of COMT 
consists of a SAM-binding domain and an inhibitor binding 
domain.13,14 Binding of Mg2+ to the catalytic site of COMT 
converts the hydroxyl groups of the catechol substrate to a 
more easily ionizable from and makes tight binding the 
catechol moiety possible. The three-dimensional structure of 
rat COMT (rCOMT) with bound SAM and catechol inhibitors 
has been determined at resolution of 2.0 A.15 Because 
human COMT (hCOMT) and rCOMT share 80% amino 
acid sequence identity, in a previous study we predicted the 
hCOMT structure using comparative homology modeling.16-18

Bisubstrate inhibitors, in which substrate and cofactor 
analogues are covalently linked, may offer opportunities for 
enhanced binding affinity and selectivity not available with 
simple substrate analogues.19 Enzymes that catalyze chemical 
transformations between multiple bound substrates or a 

substrate and a cofactor are potential targets for bisubstrate 
inhibitors. For example, bisubstrate inhibitors of the insulin 
receptor tyrosine kinase and farnesyltransferase have been 
recently reported. Methyltransferases that depend on S- 
adenosylmethionine (SAM) are also important targets of 
bisubstrate inhibitors.20,21 Bisubstrate inhibitor for COMT 
shows a competitive inhibition mechanism with regard to 
the SAM binding site and a more complex inhibition 
mechanism with regard to the catechol binding site.

Receptor-oriented pharmacophore-based in silico screen­
ing allows screening of a large number of compounds for 
possible interaction mode of compound into active site of 
receptor as well as for explaining noncovalent interactions 
between a protein and its ligand.22-24 Each noncovalent con­
tact consists of an interaction between an atom or a functional 
group of the target protein and an atom or functional group 
of its ligand. These potential interactions are used to identify 
ligands that are likely to bind to the known or assumed 
active site of a protein. To do this, the defined active site is 
analyzed to generate an interaction model, which consists of 
a list of features that a ligand must satisfy to form a reason­
able interaction with the protein. These interaction models 
are called pharmacophores,25,26 which are sets of interactions 
(chemical features or functionalities) aligned in three-dimen­
sional space. These features, along with the excluded volume 
regions, based on the positions of the receptor atoms, are 
used to generate three-dimensional pharmacophore maps. 
For each library of compounds, a conformationally flexible 
database is constructed. This database is then searched with 
the set of pharmacophore maps. The resulting hits consist of 
various conformers of a subset of compounds that satisfy 
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one or more maps and, therefore, are expected to fit the 
active site reasonably well.

In this study, we describe receptor-oriented pharmaco­
phore-based in silico screening for hCOMT using structure­
based focusing (SBF) module of Cerius2.22-25 Based on the 
hCOMT structure, which was generated by comparative 
homology modeling, we proposed a docking model for 
hCOMT and bisubstrate inhibitors and, furthermore, built a 
pharmacophore map. This map should provide useful infor­
mation for the design of drugs against Parkinson’s disease.

Methods

We used SBF of Cerius2, CatDisk and CatINFO modules 
of Catalyst, and Homology and Discover modules of Insight 
II which are software packages of Accelrys, for this work. 
These molecular modeling were carried out on an OCTANE 
R12000 silicon graphics workstation.

Determination of the Three-dimensional Structure of 
hCOMT. In a previous study, we established a method for 
building the three-dimensional structure of hCOMT by 
comparative homology modeling. We predicted the structure 
of hCOMT using MODELLER28-30 and based on the struc­
ture of the rCOMT complex with a bisubstrate inhibitor 
(PDB entry 1JR4). The variability in this model can be used 
to evaluate its reliability. Energy minimization calculations 
were performed with the consistent valence force field and 
steepest descent and conjugated gradient algorithms. Gradi­
ent on energies less than 1 kcal/mol used as convergence 
criteria. These calculations were performed using Discover 
module of Insight II. The quality of this model was analyzed 
by PROCHECK. The docking model for hCOMT and a 
bisubstrate inhibitor was proposed on the basis of the 
rCOMT complex structure because the sequence homology 
of rCOMT and hCOMT is over 80% and the active sites of 
the two enzymes are very similar

Receptor-oriented Pharmacophore-based in silico Screen­
ing. The interaction model used for this process is a list of 
features, such as hydrogen bonds and lipophilic interactions. 
These features include hydrogen bond donors (HBDs), 
hydrogen bond acceptors (HBAs) and lipophilicity (lipo).

Pharmacophore maps were generated with the excluded 
volume for the heavy atoms. The exclusion volume is the 
forbidden area in the active site, which defines its shape. To 
account for excluded volume regions occupied by the heavy 
atoms in the receptor, an exclusion model is generated for 
the active site and the surrounding receptor regions. Each 
atom of the receptor selected for inclusion in the model is 
represented as an exclusion point.

We defined the active site of hCOMT using the center and 
radius of the docked bisubstrate inhibitor. Next, we gener­
ated an interaction model within 10 A of the active site 
center. Twenty pharmacophore maps were determined with 
five features for each map and the exclusion volume. The 
exclusion volume was built from the heavy atoms within 10 
A of the center of the active site. As a first step for verifying 
the 20 maps, we generated a test database using the original

bisubstrate inhibitor on the docking model. We selected 
several maps that reproduced the docking model of hCOMT 
with the bound bisubstrate inhibitor. We built a second 
database of five known hCOMT inhibitors (Table 1) from 
world patent and browsed this database using selected 
pharmacophore maps. A three-dimensional compound library 
for 14 bisubstrate inhibitors are generated and searched it 
using the final pharmacophore maps selected from previous 
in silico screening. The ligand score (LigScore) was calcu­
lated for hits to establish a relationship between these 
pharmacophores and the set of inhibitors. Finally, we deter­
mined the essential pharmacophore for inhibition of hCOMT. 
The structures and activities of the 14 inhibitors which are 
collected from papers18,19 are shown in Table 2.

Results and Discussion

The rational design of bisubstrate inhibitors, wherein sub­
strate and cofactor analogues are covalently linked, may 
provide new lead structures with enhanced binding affinity 
and selectivity. The concept of bisubstrate inhibitors for
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Table 2. Two dimensional structure and biological activities of 14 bisubstrate inhibitors"，of COMT

cmpd-1
IC50 = 9 nM

cmpd-2
IC50 = 23 nM

cmpd-3 
IC50 = 21 nM

cmpd-4
IC50 = 23 nM

cmpd-5 
IC50 = 27 nM

cmpd-8
IC50 = 90 #M

cmpd-9
IC50 = nd

cmpd-10
IC50 = nd

cmpd-11
IC50 = nd

cmpd-12 
IC50 = 213 nM

cmpd-6
IC50 = 97 nM

cmpd-13
IC50 = 608 nM

cmpd-7 
IC50 = 200 nM

cmpd-14 
IC50 = 1370 nM

aRalph, P., et al. Chem. Bio.Chem. 2004. bChristian, L., et al. Org. Biol. Chem. 2002. Cmpd, compound

hCOMT is illustrated in Figure 1. Bisubstrate inhibitors that 
block both the SAM and catechol binding sites of COMT 
may offer good potency and improved selectivity for hCOMT.

In our previous study, we developed a three-dimensional 
model of hCOMT by comparative homology modeling with 
rCOMT,16,31 and, in the current study, we confirmed its 
validity using docking analysis. Alignment of hCOMT and 
rCOMT and the three-dimensional model of hCOMT is 
shown in Figure 2. The contacts between COMT and bisub­

strate inhibitors have been identified from the X-ray crystal 
structure. We applied this information to the hCOMT-bisub- 
strate inhibitor docking model.16 Figure 3 shows a schematic 
representation of the interaction model of hCOMT and the 
bisubstrate inhibitor as determined by Ligplot.32

From this docking structure, we generated a receptor- 
oriented interaction model for the active site of hCOMT 
(Figure 4). It is known that the adenine moiety of the 
bisubstrate inhibitor, which is important for interaction with
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Figure 1. Concept of a bisubstrate inhibitor. Inhibitor containing 
the adenine moiety of SAM linked to a catechol has good potency 
and selectivity for hCOMT.

rCOMT 
hCOHT

Figure 2. Result of comparative homology modeling of hCOMT. 
(a) Sequence alignment of hCOMT and rCOMT. The sequence 
identity between these two proteins is over 80%. (b) Three­
dimensional structure of hCOMT.

hCOMT, has multiple hydrogen bonds with the carboxyl 
oxygen of Gln120, the hydroxyl group of Ser119, and a 
water molecule.33 In addition, the catechol ring moiety has 
hydrogen bond interactions with the Mg2+ ion and the 
carboxyl oxygen of Glu199 or the side chain NH of Lys46. 
This model effectively describes the known interactions.

All 20 pharmacophore maps, which consisted of five

Figure 3. Schematic representation of interactions between hCOMT 
and the bisubstrate inhibitor using Ligplot.

Figure 4. Interaction model of hCOMT. Receptor-oriented 
interaction model of hCOMT with the bisubstrate inhibitor.

Table 3. Chemical features for each of the four pharmacophore 
maps. Only the shadowed features differed between the maps

Pharmacophore map Chemical features Residue on hCOMT

Map I HBA1 Mg2+

HBD1 Glu199
HBD2 Glu90
Lipo1 Trp143, Met40, Tyr66
HBD3 Gln120

Map II HBA1 Mg2+
HBD1 Glu199
HBD2 Glu90
Lipo1 Trp143, Met40, Tyr66

HBA2-1 Asn92
Map III HBA1 Mg2+

HBD1 Glu199
HBD2 Glu90
Lipo1 Trp143, Met40, Tyr66

HBA2-2 Ser119
Map IV HBA1 Mg2+

HBD1 Glu199
HBD2 Glu90
Lipo1 Trp143, Met40, Tyr66

HBA2-3 H2O
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Figure 5. Pharmacophore maps for hCOMT. These maps have five chemical features for each map. One feature for each map was unique, 
and the other four features were shared. Only pharmacophore map I effectively represented the interactions between hCOMT and bisubstrate 
inhibitors.

chemical features, were randomly determined from the inter­
action model. To verify these maps, we used them to search 
the single compound database, which included only one 
bisubstrate inhibitor proposed by the docking model. Of the 
20 maps, 4 maps reproduced the binding model of hCOMT 
and the bisubstrate inhibitor that was proposed in the previ­
ous step. These four pharmacophore maps (Figure 5) had 
four out of five features in common: HBA1 (Mg2+), HBD1 
(Glu199), HBD2 (Glu90), and Lipo1 (Trp143, Met40, and 
Tyr68); the remaining feature was different between the four 
maps. For example, comparison of pharmacophore maps I 
and IV reveals that one feature of the adenine moiety, 
HBA2-3, was excluded from map I, whereas the other four 
features were the same between the two maps. In pharma­
cophore map III, HBA2-2 (Ser119) was included in place of 
HBA2-3 in map IV. The chemical features for each of the 
four maps are listed in Table 4. The shadowed features in 
this table indicate the only differences between the maps.

Five known COMT inhibitors that were not identified by 
the binding or interaction models were used to generate a 
compound database and then searched with the four selected 
maps. Among these five inhibitors, two compounds, ligands 
1 and 2, matched well with only pharmacophore map I 
(Figure 6). The mechanism by which these five inhibitors 
bind hCOMT was not previously known, only to discover 
ligand 2 was previously identified as a bisubstrate inhibitor 
with an IC50 of 23 nM. Pharmacophore map I consisted of 
one HBA, three HBDs, and one lipo. In map I, HBA1 was a 
hydrogen bond interaction with Mg2+, and HBDs 1-3 were 
hCOMT active site residues Glu199, Glu90, and Gln120, 
respectively. HBD1 was involved in interaction of hCOMT 
with the catechol ring moiety of the inhibitor, and HBDs 2 
and 3 were involved in interaction of the enzyme with the 

inhibitor's adenine moiety. Lipo1 was located in a region 
surrounded by hydrophobic residues, including Trp143, 
Met40, and Tyr68. This lipo site is common to all four 
pharmacophore maps and is well-matched with the hydro­
phobic region in the active site. This indicates that pharma­
cophore map I was the most accurate description of the 
interaction between hCOMT and the bisubstrate inhibitor.

To verify this conclusion, we carried out in silico screen­
ing for other bisubstrate inhibitors. Table 2 lists 14 bisub­
strate inhibitors of COMT that we selected from the liter­
ature and that had IC50 values between 11 nM and 90 M. 
These compounds were incorporated into a three-dimen­
sional database and searched using pharmacophore map I. 
The results of in silico screening are listed in Table 4. This 
analysis showed that pharmacophore map I includes features 
critical for the inhibition of hCOMT. Of the 14 compounds, 
9 matched well with pharmacophore map I. The five most 
active compounds (compounds 1-5) have IC50 values below 
27 nM and matched map I perfectly. These compounds had 
structures similar to the original bisubstrate inhibitor in the 
docking model. The remaining 4 hits had IC50 values above 
100 nM. Compound 2 is unusual because it has a large and 
highly hydrophobic toluene group in the catechol ring. The 
catechol ring in this compound is more exposed than in other 
inhibitors. Therefore, the binding model of compound was 
slightly different than the other active compounds.

The results of the second in silico screening are shown in 
Figure 6. Although four of the nine hits (compounds 6, 7, 11, 
and 14) had IC50 values over 100 nM, they matched well 
with all five features of map I, and their binding models did 
not have obvious differences with the more active compounds. 
Compound 14, in particular, which was the least active (IC50 

=1370 nM), also hit and matched well with map I.
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Figure 6. Results of in silico screening for COMT inhibitors using pharmacophore map I. (a) Only two ligands matched with 
pharmacophore map I. Ligand 2 in particular had a good IC50 value (23 nM). (b) Nine out of 14 known COMT bisubstrate inhibitors were hit 
using pharmacophore map I. (c) Binding model of hCOMT with hits shown in (a) and (b).

Table 4. List of nine hits for hCOMT as determined by searching of 
pharmacophore map I and the ligand scores calculated for these hits

Name IC50 (nM) Ligand Score (kcal/mol)
cmpd-1 11 -20.16
cmpd-4 23 -17.92
cmpd-5 27 -14.6
cmpd-3 21 -12.32
cmpd-2 23 -8.02
cmpd-6 97 -7.76
cmpd-7 200 -7.17

cmpd-14 1370 -5.09
cmpd-11 96 -2.85

Cmpd, compound

To determine the reason for these results and to refine all 
nine hits, we introduced a scoring function. The next step in 
the database search is the calculation of several scoring 
functions for hits to distinguish between good and poor 
binding configurations and to select ligands with the best 
binding affinities from a collection of hits. The scoring func­
tion must reliably and accurately evaluate any protein-ligand 
complex in a specific bound conformation. We used the 
ligand score provided by the SBF calculations to rank the 
hits. This is a fast, simple scoring function for predicting 
protein-ligand binding affinities,34,35 and it is calculated 
based on the interaction energy between each ligand and the 
protein environment. Table 3 shows the ligand scores for the 
hits. Four out of five of the most active compounds had 
lower ligand scores than the four least active compounds. 
Because compound 2 has a toluene moiety in its catechol 
ring and because the active site of this group is present on 

the surface, its ligand score was lower than those of the other 
four active compounds. The ligand score of the four least 
active compounds were lower than those of the active 
compounds. As shown in Table 3, however, the ligand score 
for a compound is not always closely related to its biological 
activity. For example, compound 6 had an IC50 of approxi­
mately 97 nM, but its ligand score was lower than that of 
compound 2, which has an IC50 of 1370 nM. Although 
compound 14 matched well with map I, it had a very low 
ligand score, indicating that it would not bind to the active 
site of hCOMT.

The hits and ligand scores of various conformers of a 
subset of compounds that satisfy pharmacophore map I 
suggest that they will fit the active site reasonably well. One 
of the important aspects of bisubstrate inhibitor design is the 
length and rigidity of the linker that connects the adenine 
and catechol ring moieties. The lipo site of the four pharma­
cophore maps (Figure 5) included not only the hydrophobic 
region but also the linker site. Compound 8 had more 
flexible linker than the other compounds, which may explain 
why it was not hit by map I.

Therefore, in the present study, we used receptor-oriented 
pharmacophore-based in silico screening to identify the 
essential pharmacophore for interaction of hCOMT with a 
bisubstrate inhibitor. The receptor-oriented pharmacophore 
identified here revealed information useful for predicting the 
affinity of ligand binding to hCOMT. This information should 
be useful for the design of antiparkinsonian drugs.

Conclusion

In the present study, we developed a three-dimensional 
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model of hCOMT by comparative homology modeling as 
well as a docking model for hCOMT and bisubstrate inhi­
bitors. We then generated a receptor-oriented pharmacophore 
for hCOMT and created twenty pharmacophore maps. Of 
these, four reproduced the proposed docking model for 
hCOMT and bisubstrate inhibitors. We verified these four 
maps by receptor-oriented pharmacophore-based in silico 
screening of a database of five known COMT inhibitors. 
Pharmacophore map I effectively described the interactions 
between hCOMT and bisubstrate inhibitors. This map 
consisted of five chemical features: one HBA (Mg2+); three 
HBDs (Glu199, Gln120, and Glu90); and one lipo (Trp143, 
Met40, and Tyr68). A second receptor-oriented pharmaco­
phore-based in silico screening was carried out for a set of 
14 bisubstrate inhibitors using pharmacophore map I. Most 
of the five best bisubstrate inhibitors had IC50 values under 
30 nM, were hit by map I, and were predicted to have 
reasonable binding to hCOMT. The low ligand scores for 
these compounds further supported the prediction that they 
bind effectively to hCOMT.

Thus, we determined the essential pharmacophore for a 
bisubstrate inhibitor of hCOMT and confirmed that receptor- 
oriented pharmacophore-based in silico screening is effec­
tive for determining the key interactions between proteins 
and their ligands. This information should help identify new 
drugs for treating Parkinson’s disease. Our future studies 
will use receptor-oriented pharmacophore-based in silico 
screening and NMR spectroscopy to identify novel potent 
bisubstrate inhibitors of hCOMT.
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