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Abstract—We identified new lead candidates which showed potent dual inhibition against phosphodiesterase-1 and 5 by a ligand-
based virtual screening optimized for lead evolution. This virtual screening method, consisting of classification and regression tree
analysis using 168 2-center pharmacophore descriptors and 12 macroscopic descriptors, demonstrated a high predictive ability for
bioactivity of new chemical compounds. The obtained lead candidates were structurally diverse, although only the structure–activity
relationship data of hydroxamic acid derivatives were used to configure the prediction model for the virtual screening.
� 2005 Elsevier Ltd. All rights reserved.
cGMP is one of the second messengers of intra-cellular
signal transduction and mediates various cell functions.
The signal transduction is triggered by phosphorylation
of some target proteins catalyzed by cGMP-dependent
protein kinase. Phosphodiesterase types 1 (PDE-1) and
5 (PDE-5) are the major cGMP hydrolyzing enzymes
in blood vessel1 and regulate the level of the mediator
in concert with guanylyl cyclase which catalyzes the syn-
thesis of cGMP from GTP. PDE-1 and 5 have also been
found in platelet.2 Therefore, inhibitors of PDE-1 and 5
are expected as therapeutics for cardiovascular diseases,
such as hypertension, angina, cardiac failure, and
obstructive arteriosclerosis.

SCH51866 is known as a dual inhibitor of PDE-1 and 5
(Fig. 1A).3We also identified hydroxamic acid derivatives
(Fig. 1B) as potent dual inhibitors. These dual inhibitors
show cGMP-dependent vasodilatory effects in an isolated
rat blood vessel.4 Although the compounds had a promis-
ing therapeutic effect for cardiovascular symptoms that
related to cGMP level, subsequent attempt of lead optimi-
zation was not successful, because bioavailability of these
compounds was too low for an oral drug candidate. We
started exploratory studies for potent dual inhibitors of
PDE-1 and 5 that would be structurally different from
the hydroxamic acid derivatives.
0960-894X/$ - see front matter � 2005 Elsevier Ltd. All rights reserved.
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For lead discovery, usually a core substructure or scaf-
fold is identified and followingly optimum substituents.
In general, success rate of finding the former is lower
than the latter,5 hence virtual screening is expected to in-
crease the success rate through identification of multiple
and diverse lead candidates. We deviced a virtual screen-
ing method optimized for lead evolution, that is, discov-
ery of a new lead candidate with a novel scaffold.

In this paper, we report identification of new lead candi-
dates with potent dual inhibitions against PDE-1 and 5.
The virtual screening method used in this study demon-
strated remarkable ability to distinguish structurally
diverse active compounds from inactive ones.

Computational strategies. We used classification and
regression tree (CART) analysis to configure a predic-
tion model for virtual screening. An optimum set of
structural descriptors were selected as explanatory vari-
ables for CART analysis.

CART is a method with the most active tree pruning
among decision tree analyses.6 Pruning is carried out to
prevent overlearning for training data. In recent years,
not only structure–activity relationship analysis using
CART methods but also structure–property relation-
ships,7 such as CYP inhibition8 and oral absorption,9

were reported. Mazzatorta et al. studied structure–toxic-
ity relationships of 235 pesticides with seven classification
algorithms, containing CARTmethod.10 They concluded
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Table 1. Structural descriptors in the CART analysis

Category Name Representation

(feature1_feature2_distance)

Pharmacophore

descriptors

168

Feature D Hydrogen bond donor

A Hydrogen bond acceptor

P Positive ionizable

N Negative ionizable

H Hydrophobic center

R Aromatic center

Distance 0 2.00–4.00

1 3.75–5.75

2 5.50–7.50

3 7.25–9.25

4 9.00–11.00

5 10.75–12.75

6 12.50–14.50

7 14.25–16.25

Macroscopic

descriptors

12

pvdw Polar van der Waals

surface area

nvdw Non-polar van der Waals

surface area

tvdw Total van der Waals

surface area

pasa Polar solvent accessible

surface area

nasa Non-polar solvent accessible

surface area

tasa Total solvent accessible

surface area

mw Molecular weight

rbonds Number of rotatable bonds

hbd Number of hydrogen bond

donors

hba Number of hydrogen bond

acceptors

AlogP Water/n-octanol partition

coefficient

dg Solvent free energy
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Figure 1. Dual PDE-1 and 5 inhibitors (A) SCH51866 and (B) representative compounds of the hydroxamic acid analogs.
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that CART was the best among the algorithms they test-
ed. For virtual screening, prediction of unknown data
should bemore emphasized than explaining training data.
We expected that the classification ability of the CART
method would give a good prediction in virtual screening.

In the CART analysis, a prediction model is configured
with selected explanatory variables in the learning step.
The selection of explanatory variables is based on dis-
crimination indices of the training set. However, in
many cases the number of active compounds is inade-
quate for the number of explanatory variables. In such
a situation, an intrinsic variable for biological activity
should be selected for prediction model or the model is
pruned needlessly. Thus, it is best for CART analysis
to use the smallest possible number of variables that in-
clude essential factors for biological activity and are
independent from each other.

To select the optimum set of explanatory variables, we
examined the general evaluation function for binding
energy used in molecular modeling and simulation.11

This function consists of potential energy term with sol-
vation energy, and cratic and conformational entropy
terms.

Potential energy term with solvation energy, a major
constituent of binding energy, is approximated by sum-
ming up van der Waals potential term, electrostatic
potential term, hydrogen bond energy term, and solva-
tion free energy term. When a ligand binds to the target
protein, they are complementary so that every emerging
term value is within a favorable range. A pharmaco-
phore represents this situation qualitatively and illustra-
tively, providing what features are participating in the
binding and the relative locations of the features. All
or a part of pharmacophore is used as pharmacophore
descriptor in chemo-informatics analyses.12 So-called
n-center (2-center, 3-center, etc.) pharmacophore
descriptor consists of n number of binding features
and distances between the features. We adopted 2 for
n, the minimum number for n, so that the redundancy
and the number of explanatory variables were
minimized.

We used six types of binding features (Table 1) in a
pharmacophore so as to represent potential energy
function. Hydrogen bond donor and acceptor fea-
tures correspond to hydrogen bond energy term of
potential energy function. Positive ionizable and neg-
ative ionizable features correspond to electrostatic po-
tential term. Hydrophobic and aromatic features
correspond to solvation free energy term. van der
Waals potential is included indirectly in the topology
of these features, because it is a term reflecting the
molecular shape.

Distance between two binding features is represented as
a class variable for a pharmacophore descriptor. If only
a few classes of distance between binding features were
defined, it would be easy to find the pharmacophore
descriptors that were common among active
compounds, but would be difficult to find ones that



0%

20%

40%

60%

80%

100%

<1 1-10 >10

PDE-1 IC50 (µM)

P
er

ce
nt

ag
e

Figure 2. Correlation between PDE-1 and 5 activities of the hydroxa-

mic acid analogs. PDE-5 IC50 < 0.1 lM (black), PDE-5 IC50 = 0.1–

1 lM (gray), and PDE-5 IC50 > 1 lM (white).
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differentiate active compounds from inactive ones. Too
many distance classes would bring about the opposite.
We considered that an index of diversity for a chemical
library based on the pharmacophore descriptors with
the optimum class definition would give the best score.
Hence, we searched the best number of distance classes
by studying the diversity indices using 10,000 diverse
compounds selected randomly from a commercially
available chemical library.13 As a result, the eight classes
shown in Table 1 were concluded as the optimum class
definition of distance between binding features.

Six types of binding features and eight classes of dis-
tance between them give 168 2-center pharmacophore
descriptors. Each pharmacophore descriptor is repre-
sented as a bit in a 168 bit string. A compound is repre-
sented as a bit string which is the result of logical OR
operation over all the bit strings that represent energet-
ically acceptable conformations for the compound.

Some macroscopic descriptors were also used for the
CART analysis to compensate with quantitative para-
meters for qualitative nature of pharmacophore descrip-
tors. Conceptually, binding of a ligand to the target
protein can be regarded as aqueous/non-aqueous phase
partition phenomenon, because the interior portion of a
protein is usually non-aqueous environment. Therefore,
water/n-octanol partition coefficient (logP) can be
regarded as quantitative index of binding energy. Actu-
ally, there are many reports in which logP is described
to be correlated with binding activities for the target
proteins.14 In addition, the number of hydrogen bond
donors and acceptors can be regarded as quantitative in-
dex of hydrogen bond energy term. Van der Waals sur-
face area can be regarded as quantitative indices of van
der Waals energy and solvent accessible surface area as
quantitative indices of electrostatic and solvation free
energies.15 Cratic entropy is correlated with size and
shape of the ligand, and conformational entropy with
flexibility of the ligand.16 We used molecular weight
and the number of rotatable bonds as quantitative indi-
ces of these entropies. Overall, we used 168 pharmaco-
phore and 12 macroscopic descriptors in the CART
analysis (Table 1).

CART analysis for the structure activity relationship of
hydroxamic acid analogs. A hundred and two hydroxa-
mic acid analogs, which we reported previously, showed
inhibitory activities against PDE-5 (IC50 < 10 lM).4

Among them nine compounds showed potent inhibitory
activities (IC50 < 100 nM). Inhibitory activities against
PDE-1 of 60 compounds were also reported.4 In order
to study the correlation between PDE-1 and 5 activities
of the analogs, we made cross-tabulation of the PDE-1
and 5 activities, which were classified into three classes
according to the IC50 values. As a result, we found a
positive correlation between PDE-1 and 5 activities
(Fig. 2). On the whole the inhibitory activity against
PDE-1 is weaker than that against PDE-5. Therefore,
we used all the active compounds against PDE-5 as ac-
tive set of training data in the CART analysis. The ob-
tained CART model, we expected, would not only detect
the active compounds against PDE-5 but also PDE-1.
We presumed that the more training data a virtual
screening based on the more accurate the prediction
would be, and the more diverse candidate of active com-
pounds it would produce. To realize the best possible
predictability, we used not only the reported 102
hydroxamic acid analogs, but also additional 28 analogs
(Table 2). The additional compounds were obtained by
the same synthetic scheme as reported4 in this laborato-
ry. They showed inhibitory activities against PDE-5
(IC50 = 0.13–9.78 lM, in-house data).

As active set of training data, 130 compounds men-
tioned above were used. As inactive set, 10,000 com-
pounds, which were selected based on structural
diversity from about 88,000 commercially available
compounds supplied by SPECS Inc.17, were used.

Pharmacophore descriptors were computed through
three steps, namely conformational profiling, identifi-
cation of binding features, and making bit strings
based on the defined classes of distance between two
features. Conformational profile and binding features
were computed18 with the Catalyst ver.4.0.19 The pro-
cedure for converting the coordinates of binding fea-
tures to bit strings of pharmacophore descriptors
was performed with an in-house C program. Calcula-
tions of polar, apolar, and total van der Waals sur-
face areas were carried out with another in-house
Fortran program.20 This program was also used to
calculate solvent accessible surface area.21 Other
descriptors were computed with the Cerius2
ver.4.0.19 The parameters by Eisenberg and McLach-
lan15 were used for the calculation of solvent free
energy of ligand. We used the Answer Tree ver.2.1J22

for the CART analysis.23

Virtual library and screening. A library of commercially
available chemical compounds supplied by SPECS Inc.
were screened for PDE-5 inhibitory activity by a virtual
screening. The library was considered to be suitable to
find diverse hit compounds which differed structurally
from the hydroxamic acid analogs. We used only
50,520 compounds that were not listed on the catalog



Table 2. Additional hydroxamic acid analogs used as training data for

the CART analysis

Compound X Y R

1 1 C –CH2CONHCH2COOH

2 1 C –CH2CONHCH(Et)COOH

3 1 C –CH2CONHCH(i-Pr)COOH

4 1 C –CH2CONHCH(CH2OH)COOH

5 1 C –CH2CONHCH(CH2COOH)COOH

6 1 C –CH2CONHCH(CH2CH2COOH)COOH

7 1 C –CH2CONHCH(CH2CH2SCH3)COOH

8 1 C –CH2CONHCH2CH2COOH

9 1 C –CH2CONHCH2CONHCH2COOH

10 1 C –CH2CONHCH(CH2COOEt)COOEt

11 1 C –CH2CON(Et)CH2CH2OH

12 1 C –CH2CON(CH2CH2OH)2

13 1 C

COOHN
H

O

NH
N

14 1 C
COOMeN

H

O

OH

15 2 N –CH2CONHCH(Me)COOH

16 2 N –CH2CONHCH(Et)COOH

17 2 N –CH2CONHCH(i-Pr)COOH

18 2 N –CH2CONHCH(CH2COOH)COOH

19 2 C –CH2CONHCH(Me)COOMe

20 2 C –CH2CONHCH(CH2COOH)COOH

21 3 N –CH2CONHCH(CH2COOH)COOH

22 3 C –CH2CONHCH(CH2OH)COOH

23 3 C –CH2CONHCH(CH2COOH)COOH

24 3 C –CH2CONHCH(CH2CH2COOH)COOH

25 4 C –CH2CONHCH(CH2COOH)COOH

26 2 N
COOHN

H

O
OH

27 2 N
O

N

O
OH

28 3 N

COOH

NH

O

N
H

N
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of SPECS Inc. in September 1998 but listed in October
1999, so that there would be a higher possibility that
these compounds were actually in stock.

In the first step of the virtual screening, the compounds
with unfavorable physicochemical and pharmacokinetic
properties were filtered out based on a modified Lipin-
sky�s rule of 5;24 that is, molecular weight below 500,
number of hydrogen bond acceptors below 10, number
of hydrogen bond donors below 5, AlogP below 6,
and number of rotatable bonds below 12. In the next
step, the compounds with favorable biological activities
were selected with the CART model for PDE-5 inhibi-
tion built as described above. SPSS ver.10.022 was used
in both the steps of the virtual screening.

Acquisition of hit compounds of the virtual screening and
biological assay.We selected a structurally diverse subset
of 100 compounds among the hits in the virtual screen-
ing. Nineteen drug-like compounds among them were
selected by medicinal chemists� inspection and obtained
from SPECS Inc. (Table 2). They were assayed for in vi-
tro inhibitions against PDE-1 and 5.4

Prediction model by CART analysis. We analyzed the
training data of 130 hydroxamic acid analogs as PDE-
5 inhibition active set and 10,000 diverse compounds
as inactive set by the CART method. Fourfold cross-
validation demonstrated the high predictive ability and
robustness of 96.6% ± 1.0%. The CART model, config-
ured using the training data divided in a ratio of 3:1 ran-
domly, was highly predictive and could predict correctly
100% of the active set and 96.3% of the inactive set
(Fig. 3). This decision tree model had four pharmaco-
phore descriptors but no macroscopic descriptors as
branching factors and three active nodes.

Virtual screening for PDE-5 inhibitory activity. In the
first step of virtual screening of a commercially available
chemical library, 43,365 compounds were selected by a
modified Lipinsky�s rule of 5 (85.8%). Among them,
1821 compounds were finally selected as PDE-5 inhibi-
tor candidates (3.6%).

Biological activities.Nineteen diverse and drug-like com-
pounds 29–47 selected from the virtual screening hits
were assayed for the inhibitions of PDE-1 and 5. Among
them seven compounds, 29–35 (37%), showed inhibitory
activities against both PDE-1 and 5 at below 10 lM as
IC50 (Table 3). Compound 29, one of the seven dual
inhibitors, showed the most potent inhibitory activity
for PDE-5 at below 1 lM as IC50, and compound 35
was the most potent against PDE-1, below 1 lM as IC50.

As mentioned in the previous section, inhibitory activity
for PDE-5 was used as the measure in this virtual screen-
ing although the goal was to identify dual PDE-1 and 5
inhibitors. Therefore, the predictive ability of this virtual
screening should be evaluated by the PDE-5 inhibition.
Eleven compounds, 29–39, showed inhibition of PDE-5
over 50% at 10 lM. This constitutes 58% of the 19 tested
compounds. These compounds were structurally di-
verse, since they were a subset of the 100 diverse com-
pounds extracted from the 1821 virtual hit compounds
by a diversity analysis. In fact, the molecular weight
range of the 11 active compounds was 318–483, the
range of AlogP 1.3–5.5, and the range of the number
of rotatable bonds 4–9.

Prospect of lead generation and optimization of PDE-1
and 5 dual inhibitor. We obtained a variety of new lead
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Figure 3. The prediction model for PDE-5 inhibition by the CART method. The terminal nodes for active classes are shown with bold lined boxes.

K. Yamazaki et al. / Bioorg. Med. Chem. Lett. 16 (2006) 1371–1379 1375
candidates which showed potent dual inhibition of
PDE-1 and 5. We searched for seven compounds,
29–35, among them in SciFinder�25 (CAS registry num-
bers of them are listed in Table 3), and confirmed that
none of the seven compounds had been reported of
PDE inhibitory activity. On the other hand, these candi-
dates lacked structural novelty, since they were derived
from commercially available chemical library. However,
none of the PDE inhibitors registered in MDDR (MDL
Drug Data Report)26 are structurally similar to the can-
didates. Therefore, by hit-to-lead derivatization, struc-
turally novel PDE inhibitors will be identified without
too much difficulty.

Generally, a lead compound has to have not only a po-
tent in vitro activity but also acceptable physicochemical
and pharmacokinetic properties, and consequently to
show the expected therapeutic effects in the in vivo test.
The inhibitors identified in this study are structurally di-
verse, therefore stand a good chance that some of them
or derivatives of them show the expected in vivo effects.

Moreover, we have established a method of virtual
screening for PDE-5 inhibitory activity. This method
can be refined by using more information of structure–
activity relationships. It can also be adapted for PDE-
1 inhibitory activity. Hence, application of the method
to derivatives of the lead candidates will also accelerate
the lead discovery and optimization.

Advantage of the CART method for virtual screening. In
this paper, we described a virtual screening method
using carefully chosen structural descriptors and CART
analysis, a method with the most active tree pruning
among decision tree analyses. The virtual screening of
a commercially available chemical library, which con-
tained structurally diverse compounds, gave a good hit
ratio for PDE-5 inhibitory activity; 58% of the com-
pounds assayed showed the inhibitory activity of PDE-
5 over 50% at 10 lM and 89% showed over 20% at
10 lM. The latter percentage was almost equal to the
hit ratio of the training data. These results demonstrated
that the method provided a highly predictive model for
PDE-5 inhibitory activity and suggest that it can be the
most appropriate among the extensively-used �recursive
partitioning� methods for ligand-based virtual screening.

Generally macroscopic descriptors are considered to be
important factors for structure–activity relationships
between derivatives with a common scaffold. But, as
shown in Figure 3, only pharmacophore descriptors
were selected for the prediction model by the CART
analysis, but not macroscopic descriptors. This result
suggested that the inhibitory activity against PDE-5 of
the hydroxamic acid derivatives was determined mainly
by the pharmacophore factors. To compare the predic-
tion model (global model) obtained, as described above,
using the training data of 10,000 diverse compounds
with what we call local model, a CART model config-
ured using 152 hydroxamic acid analogs as inactive set
(IC50 > 10 lM, data not shown). Fourfold cross-valida-
tion showed a moderate predictive ability and a high
robustness of 70.9% ± 2.7%. The model obtained by
the divided training data could predict correctly 84.6%
of the active set and 73.7% of the inactive set (Fig. 4).
The predictive ability of the local model was lower than
that of the global model, but still was at a useful level.
The hierarchical structure of the local model was deeper
than that of the global model. There were four active
nodes, and one of them was reachable only by the
macroscopic descriptors and the others by both the
pharmacophore and macroscopic descriptors. We con-
figured another local model using the same data set
but without the macroscopic descriptors. Fourfold
cross-validation showed a predictive ability and robust-
ness of 66.0% ± 2.8%, lower than that of the local model
with the macroscopic descriptors. These results suggest
that the macroscopic descriptors are actually important
to discriminate the actives from the inactives among the
hydroxamic acid derivatives, that is, among structurally



Table 3. PDE-1 and 5 inhibitory activities of the hit compounds in the virtual screening of the commercially available compounds

Compound Structure CAS registry no. Catalog no. IC50/inhibition at 10 lM

PDE-1 PDE-5

29
N

N

S

S

O

F
F

F

OH

336179-89-6 AK-777/11655009 IC50 = 1.9 lM IC50 = 0.7 lM

30

N

NN

S
NH

O

N2H

F

354552-90-2 AM-807/12426108 IC50 = 5.7 lM IC50 = 1.7 lM

31 S

N

O

N

O

OH

357190-49-9 AE-641/09779061 IC50 = 2.5 lM IC50 = 2.1 lM

32 N

N

S

S N
H

H2N

O

315704-94-0 AG-690/12243209 IC50 = 2.5 lM IC50 = 3.0 lM

33
N

N
H

S

O

O O

OH 357619-70-6 AM-900/12992016 IC50 = 3.7 lM IC50 = 3.1 lM

34

S

N

S

HN

O

O

N2H

O

353786-40-0 AK-968/12687248 IC50 = 2.5 lM IC50 = 6.3 lM

35

N

N

N

HN

O

O

SH

OH

O

303970-83-4 AG-690/12243056 IC50 = 0.3 lM IC50 = 8.7 lM

36
NNH

S
O O

O
O

O
NH2

F

FF

— AN-465/12849048 45% 66%

37

N
N+

N NH

NH

O-

OS

NH
O

Cl

— AG-690/13702382 22% 53%

38
O

N

HN

N2H

O

O

F
F

F

O

— AG-690/12870191 9% 52%
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Table 3 (continued)

Compound Structure CAS registry no. Catalog no. IC50/inhibition at 10 lM

PDE-1 PDE-5

39
N

S

N
H

O
O

S

OH

O — AI-020/37280112 21% 51%

40 N

O
O

O

O

O

HO

— AH-487/37146001 42% 48%

41
N

S OS

S

O

O

O

HO

O

— AM-879/37266002 59% 46%

42 S NH
N

N

NH

N
H O

O
O

O

F F

F

— AG-205/10457031 15% 44%

43

N

N

N

S

N

OH

O

N2H
O — AK-968/12383011 9% 42%

44

N

S

S

N
H

O

O

HO

O
— AK-968/12265299 12% 39%

45
N
H S

N

HN

O
O

O

Br

OH

— AE-848/11828113 25% 23%

46
S NH

N
H

O

O

O

O
O

HO OH

— AK-918/37228001 49% 19%

47

O

N N N
H

S

N
H

O

O
OH

— AG-690/13416257 22% 1%
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Figure 4. Local model for PDE-5 inhibition by the CART method. The terminal nodes for active classes are shown with bold lined boxes.
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similar compounds. Virtual screening using such a local
model should be useful during the hit-to-lead or lead
optimization processes for prioritization among the
derivatives of each lead candidate identified using the
global model.

In conclusion, we identified new lead candidates of
PDE-1 and 5 dual inhibitors through a ligand-based
virtual screening optimized for lead evolution. This vir-
tual screening method, consisting of CART analysis
using 168 2-center pharmacophore descriptors and 12
macroscopic descriptors, showed a high predictive abil-
ity for bioactivity of new chemical compounds. With
this virtual screening method, we expect that some lead
compounds and, subsequently, a drug candidate will be
found efficiently.
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