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Abstract—Molecular docking and 3D-QSAR analyses were performed to understand how PDES and PDEG6 interact with a series of
(49) cyclic guanine derivatives. Using the conformations of the compounds revealed by molecular docking, CoOMFA and CoMSIA
analyses resulted in the first quantitative structure-activity relationship (QSAR) and first quantitative structure—selectivity relation-
ship (QSSR) models (with high cross-validated correlation coefficient ¢> and conventional correlation coefficient 1 values) for pre-
dicting the inhibitory activity against PDES5 and the selectivity against PDE6. The high ¢* and #* values, along with further testing,
indicate that the obtained 3D-QSAR and 3D-QSSR models will be valuable in predicting both the inhibitory activity and selectivity
of cyclic guanine derivatives for these protein targets. A set of 3D contour plots drawn based on the 3D-QSAR and 3D-QSSR mod-
els reveal some useful clues to improve both the activity and selectivity by modifying structures of the compounds. It has been dem-
onstrated that both the steric and electrostatic factors should appropriately be taken into account in future rational design and

development of more active and more selective PDES5 inhibitors for the therapeutic treatment of erectile dysfunction (ED).

© 2005 Elsevier Ltd. All rights reserved.

1. Introduction

Phosphodiesterases (PDEs) are a superfamily of
enzymes responsible for the hydrolysis of 3’,5'-cyclic
monophosphate (¢(AMP) and cyclic guanosine 3’,5-mono-
phosphate (¢cGMP) that are important intracellular second
messengers playing a central role in regulating many rele-
vant cell functions.!”> Among the 11 different PDE fam-
ilies (PDE1 to PDEI11) identified and characterized so
far, PDES is the primary target for the development of
small molecules, as PDES inhibitors, to treat male erec-
tile dysfunction (ED).%® Upon sexual stimulation, nitric
oxide (NO) is released from non-adrenergic, non-cholin-
ergic neurons in the penis.!%!! NO activates guanylyl
cyclase, which in turn produces cGMP. cGMP initiates
a protein phosphorylation cascade, which causes a
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decrease in intracellular calcium within corpus caverno-
sum smooth muscle cells, resulting in vasorelaxation, in-
flow of arterial blood, and erection. Inhibition of PDES5
increases the effective concentration of cGMP in the cor-
pus cavernosum, enhancing the above-described effects.

The development of PDES inhibitors for the therapeutic
treatment of ED has attracted great attention since the
commercial introduction of sildenafil (Viagra) in 1998
and other two commercial PDES inhibitors, that is, var-
denafil (Levitra) and tadalafil (Cialis), in 2003.'>"1° De-
spite their commercial success, the PDES inhibitors in
clinical use have shown significant side effects, most of
which are related to the insufficient selectivity versus
other PDEs, specially reported incidences of visual dis-
turbances may be linked to the unexpected inhibition
of PDE6.2° So, both the inhibitory activity and selectiv-
ity should be paid the same attention in the design of
new PDES inhibitors for therapeutic use. This requires
insights into the factors that influence the activity and
selectivity of PDES inhibitors to guide future rational
drug design. Although X-ray crystal structures of the
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catalytic domain of human PDES5 with drug molecules
bound in the active site cavity were determined recent-
ly,21-22 there is still no X-ray crystal structure available
for the catalytic domain or binding site of PDE6. A deep
understanding of the structure—activity and structure—
selectivity correlation is crucial for future rational design
of novel PDES inhibitors with the desirable higher activ-
ity and higher selectivity.

Nowadays, three-dimensional (3D) quantitative struc-
ture—activity relationship (3D-QSAR) techniques, such
as comparative molecular field analysis (CoMFA) and
comparative molecular similarity analysis (CoM-
SIA),?328 are routinely used in modern drug design to
help understand drug-receptor interaction. It has been
shown in the literature that these computational tech-
niques can strongly support and help the design of novel,
more potent inhibitors by revealing the mechanism of
drug-receptor interaction.?” 3! However, so far, there
has been no report concerning the application of a QSAR
methodology to the activity or selectivity of PDES inhib-
itors. In addition to the QSAR, understanding the quan-
titative structure—selectivity relationship (QSSR) is also
crucial for the development of these inhibitors.

Here we report the first QSAR and QSSR study on
PDES inhibitors, along with molecular docking model-
ing of the protein-inhibitor binding. Cyclic guanine
derivatives, that have attracted much attention in re-
cent years,>?>3* have been identified as a novel kind
of PDES inhibitors with good selectivity and were cho-
sen as a target scaffold in this study. To investigate the
mode of recognition and interaction of these PDES
inhibitors and to design new PDES5 inhibitors with pos-
sibly higher inhibitory activity and higher selectivity,
we have performed molecular docking and 3D-QSAR
and 3D-QSSR analyses on these cyclic guanine deriva-
tives interacting with PDES. The topographical fea-
tures of PDES5 and PDEG6 active sites can be
discussed based on the obtained 3D-QSAR and 3D-
QSSR models. The satisfactory quantitative structure—
activity and structure-selectivity correlation relation-
ships obtained provide a solid basis for future rational
design of more active and more selective inhibitors of
PDES5 within the family of cyclic guanine derivatives.

2. Computational details
2.1. Data sets

All compounds examined in the present study were
reported recently by Pissarnitski and co-workers.3*
Within a total of 59 compounds reported, 10 com-
pounds are discarded, because the 1Csy (i.e., the concen-
tration causing 50% inhibitory effect) values are not
available for these 10 compounds. The training set con-
sisting of 37 compounds and test set consisting of 12
compounds were randomly selected from the remaining
49 compounds with the ICsy values against PDES and
PDES6. An attractive feature of these compounds is their
relative conformational rigidity, which makes them
more amenable to meaningful CoMFA and CoMSIA

analyses than flexible molecules. The ICsy values
were converted to plCsy (i.e., —loglCsg) values. The
log of the reported ICso(PDE6/S) value, that is,
logICso(PDEG6/5), can be used as an index for the selec-
tivity (PDE6/5). The pICso(PDES) and log ICso(PDEG6/5)
values of the compounds from the training and test sets
covered an interval of more than 3 log units for the
inhibitory activity and selectivity against the target
enzymes.

2.2. Molecular docking

AutoDock 3.0 program suite®® was used to perform
automated docking of three representative flexible li-
gands (compounds 8, 9, and 20 in Table 1) into the
PDES binding site by using the Lamarckian genetic
algorithm (LGA) method and a recently reported
X-ray crystal structure of the catalytic domain of
PDES5A.?? In the reported X-ray crystal structure, the
PDES? active site contains a cluster of two divalent met-
al ions, denoted by Mel and Me2. Mel should be a
Zn*" jon based on the observed geometry of the metal
coordinating ligands, the anomalous X-ray diffraction
behavior, the existing biochemical evidence, and the
known high affinity of PDE for zinc and Me2 is most
likely Mg“*. According to the 3D X-ray crystal struc-
ture, there are two ligands bridging the two metal ions.
One bridging ligand is clearly an Asp residue whose two
Os atoms, respectively, coordinate Mel and Me2.
However, it was uncertain whether the second bridging
ligand (BL2) should be a water molecule or a hydroxide
ion, since hydrogen atoms cannot be determined by the
X-ray diffraction techniques.?®3° Nevertheless, in light
of our previously reported computational evidence con-
cerning the PDE active site structures,** BL2 should be
a hydroxide ion, rather than a water molecule. Starting
from the original pdb file of the X-ray crystal struc-
ture,?? all hetero atoms were removed except the protein
atoms, along with the metal ions, the bridging hydrox-
ide ion, and water molecules coordinating the metal
ions. Polar hydrogen atoms were added and Kollman
united-atom charges were assigned on the PDESA
enzyme.

The parameters for the metal ions must be defined be-
fore one can carry out molecular docking with a metal-
loenzyme. We used the van der Waals parameters
(r=1.1 A and ¢=0.25kcal/mol) developed by Stote
and Karplus*! for Zn>* (with a charge of +2.0), as we
did in our previous MD simulations of other Zn**-con-
taining protein-ligand systems.?3° For Mg>" (with a
charge of +2.0), we used the van der Waals parameters
(r=0.7926 A and ¢ = 0.8947 kcal/mol) provided in the
AMBER7 program suite.*’> In addition, the atomic
charges on the oxygen and hydrogen atoms of the
bridging hydroxide ion were set to —1.207 and 0.207,
respectively, that are the electrostatic-potential (ESP)
fitted charges determined by performing ab initio
molecular orbital calculation on the hydroxide ion using
Gaussian03 program*® at the HF/6-31G* level.

The PDES active site was defined by using the AutoGrid
module of the AutoDock 3.0 program suite. The grid
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Table 1. Molecular structures of the compounds in the training and
test sets

/N\j\)}[ :/% g A J:I:m@ )\)i
O o

1-50 20 51-59
Compound X Y V4
1 CH,-Ph H H
2 CH,-Ph p-Me H
5 CH,-Ph p-Cl H
15 CH,-Ph p-Me, m-Cl Cl
16 CH,-Ph 3,4-Methylenedioxy
18 CCPh p-Cl H
19 CCPh p-MeO H
20 CCPh p-OH H
25 OEt MeO H
26 SEt MeO H
27 COOMe MeO H
28 CN MeO H
29 CONH, MeO H
31 CF; OH H
32 CONH, OH H
33 SEt OH H
36 H MeO Br
37 H MeO Cl
39 CONH, MeO Br
40 CONH, OH Br
41 CONH, OH Cl
42 CONHMe MeO Cl
43 CONHMe OH Cl
44 OEt MeO Br
45 OEt MeO Cl
46 OEt OH Cl
47 OMe MeO Br
48 OMe MeO Cl
49 OMe OH Br
50 OMe OH Cl
51 CONH, MeO Cl
52 CONH, OH Cl
53 OBn OH Cl
54 OMe MeO CN
55 OMe MeO Br
58 OMe OH Br
59 OMe OH Cl
7 CH,-Ph p-MeO H
8 CH,-Ph p-OH H
9* CHz-Ph p-NH2 H
17° CCPh H H
23% H MeO H
24° CF; MeO H
30° NH, OH H
34° OEt OH H
35% N; OH H
38 H OH Br
56° OMe MeO Cl
57* OMe OH CN

#Compounds in the test set.

size was set to 120 x 120 x 120 points with a grid spacing
of 0.375 A centered on the active site of the crystal struc-
ture. The grid box includes almost the entire enzyme and

provides enough space for the translational and rota-
tional walk of the ligand. Fifty runs were performed
for docking with each ligand. For each of the 50 inde-
pendent runs, a maximum number of 27,000 GA opera-
tions were generated on a single population of 50
individuals. The operator weights used for crossover
rate, mutation rate, and elitism value were the default
parameters 0.80, 0.02, and 1, respectively.

2.3. 3D-QSAR and 3D-QSSR analyses

The 3D structures of all compounds were built by using
SYBYL 7.0 on a Silicon Graphics Fuel workstation.
The molecular conformation of compound 20 obtained
from the molecular docking was used as a template to
build molecular structures of all the compounds. Then,
the built molecular structures were superimposed using
the Alignment database command. The common sub-
structure consisting of asterisked atoms in compound
20, including the four aromatic nitrogen atoms and a
carbonyl carbon atom (see Table 1), was used for align-
ing the molecular structures. Atomic charges were calcu-
lated using PM3 semiempirical molecular orbital
method implemented in the MOPAC program inter-
faced with SYBYL.

The CoMFA descriptors, steric and electrostatic field
energies, were calculated using the SYBYL default
parameters: 2A grid points spdcmg, an sp> carbon
probe atom with +1 charge and a minimum & (column
filtering) of 2.0 kcal/mol, and an energy cutoff of
30 kcal/mol.

The alignment was also used to calculate similarity index
fields for CoMSIA analysis. The five similarity indices in
CoMSIA, that is, the steric (S), electrostatic (E), hydro-
phobic (H), H-bond donor (D), and H-bond acceptor
(A) descriptors, were calculated using a C1* probe atom
with a radius of 1.0 A placed at regular grid spacing of
2 A. CoMSIA similarity indices (4r) for a molecule j
with atom i at a grid point ¢ are calculated by Eq. 1:

2
E : —ar
AFk G)probe kW€ 4, (1)

where k represents the steric, electrostatic, hydrophobic,
H-bond donor, or H-bond acceptor descriptor. A
Gaussian type distance-dependence was used between
the grid point g and each atom i of the molecule. The de-
fault value of 0.3 was used as the attenuation factor («).
Here, the steric indices are related to the third power of
the atomic radii, electrostatic descriptors are derived
from partial atomic charges, hydrophobic fields are de-
rived from atom-based parameters, and H-bond donor
and acceptor indices are obtained by a rule-based meth-
od based on experimental results.

The CoMFA and CoMSIA descriptors derived were
used as explanatory variables, and pICso(PDES) and
logICso(PDEG6/5) were used as the target variables in
PLS regression analyses to derive 3D-QSAR and 3D-
QSSR models using the implementation in the SYBYL
package. The predictability of the models was evaluated
by performing the leave-one-out (LOO) cross-valida-
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tion. The cross-validation correlation coefficient, qz, was
calculated by using Eq. 2:

q2 -1 Z(Yprcdictcd - Yobscrvcd)2 (2)
Z(Yobserved - Ymean)2

where Ypiedicteds Yobserved» a1d Yinean are predicted, ob-
served, and mean values of the target property
(pICso(PDES)  or loglCso(PDE6/5)), respectively.
> (Ypredicted — Yobserved)” 1S the predicted sum of squares
(PRESS). To maintain the optimum number of PLS
components and avoid over-training, the number of
components giving the lowest PRESS value was used
to derive the final PLS regression models. Conventional
correlation coefficient, /%, and its standard error, s, were
also computed for the final PLS models. CoOMFA and

CoMSIA coefficient maps were generated by interpola-
tion of the pairwise products between the PLS coeffi-
cients and the standard deviations of the
corresponding CoMFA or CoMSIA descriptor values.

3. Results and discussion
3.1. PDES5-ligand binding and conformation of the ligand

Depicted in Figure 1 are the most stable structures for
PDES5 binding with compounds 8, 9, and 20 obtained
from the molecular docking. We carried out the docking
with these three particular compounds because com-
pound 20 is associated with the lowest ICso(PDES) val-
ue, compound 9 is associated with the highest

Figure 1. Structures of PDES5 binding with compounds 8 (A), 9 (B), and 20 (C) obtained from molecular docking with AutoDock 3.0 program.
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1C5o(PDE5) value, and compound 8 is associated with a
middle IC5o(PDESY) value. A survey of the binding struc-
tures depicted in Figure 1 reveals that these three com-
pounds bind to PDES5 very similarly, providing a
rational structural basis for our 3D-QSAR and 3D-
QSSR analyses. A remarkable feature of the PDES5-li-
gand binding structures in Figure 1 is a common hydro-
gen bond between the nitrogen of the amine group of the
Glu817 side chain and the carbonyl oxygen of the li-
gand. This hydrogen bond exists in all of the docked
PDES5-ligand binding structures.

3.2. 3D-QSAR and -QSSR models

3.2.1. CoMFA model. COMFA was developed to model
the protein-ligand interactions based on standard steric
and electrostatic molecular fields to model the protein—
ligand interactions. Despite being unable to describe
all of the binding forces, CoMFA is still a widely used
tool for a QSAR analysis at 3D level. The major objec-
tive of the COMFA analysis is to find the best predictive
model within the system. PLS analysis results for the
pICso(PDES) values are listed in Table 2. For conve-
nience, the models obtained for the PDES inhibitory
activity and for the selectivity between PDEG6 and
PDE5 will be named the pICso(PDES) and lo-
gIC5yo(PDE6/5) models, respectively. As summarized in
Table 2, a COMFA model with a cross-validation ¢* val-
ue of 0.755 for six components was obtained for the
inhibitory activity characterized by plCso(PDEY),
whereas a model with the ¢* value of 0.832 for five com-
ponents was obtained for the selectivity characterized by
logICso(PDE6/5). The non-cross-validated PLS analyses
were repeated with the optimum number of compo-
nents, as determined by the cross-validation analysis,
to give > = 0.932 and 0.955 for the pICsy(PDES5) and lo-
gICs5o(PDE6/5) models, respectively. These correlation
coefficients suggest that both the pICso(PDES) and lo-
gICs5o(PDE6/5) models are reliable and accurate. The
inhibitory activity values predicted for these compounds
are listed in Table 3 and depicted in Figures 2A and B.

3.2.2. CoMSIA model. Comparative molecular similari-

ty indices analysis (CoMSIA) computes the steric and
electrostatic fields, as in CoMFA, but it also computes

Table 2. Summary of the 3D-QSAR and 3D-QSSR models®

additional hydrophobic, hydrogen-bond donor, and
hydrogen-bond acceptor fields. The resulting field con-
tour maps are easier to interpret than those in CoMFA,
since a Gaussian function is used to determine the dis-
tance-dependence. Therefore, the similarity indices can
also be calculated CoMSIA at the grid points inside
the molecules, not just outside, as with CoMFA.?’
CoMSIA, in most instances, performs similarly to CoM-
FA in terms of predictive ability. It is a valuable addi-
tion to the 3D-QSAR tool kit and CoMSIA is gaining
popularity. In the present study, we obtained better
PLS statistics and predictive performance on the test
set with the CoMSIA 3D-QSAR and QSSR models than
that with the CoMFA models. The results of the initial
CoMSIA models for different combinations are summa-
rized in Table 2. For both plCso(PDES5) and Ilo-
gIC50o(PDE6/5), the CoMSIA models with ¢~ values of
over 0.79 were obtained, indicating that the obtained
CoMSIA models should be more accurate than the cor-
responding CoMFA models in predicting the inhibitory
activity of cyclic guanines against PDES. The model ob-
tained for log ICso(PDE6/5) performs significantly better
than the corresponding model obtained for
pICso(PDES5) based on the obtained ¢* and r* values.
For pICso(PDESY), a combined use of the steric, electro-
static, and hydrogen-bond acceptor descriptors resulted
in the best model (¢° =0.791 and r* =0.941 with six
components). For logICso(PDE6/5), a combined use of
the steric, electrostatic, hydrophobic, and hydrogen-
bond acceptor descriptors produced the best model
(¢° = 0.869 and 1 = 0.946 with four components).

3.2.3. Validation of the 3D-QSAR and -QSSR models. As
seen in Table 3, the trained CoMSIA models can repro-
duce the experimental data very well for both the
pICso(PDES) and logICso(PDE6/5) values of all the
compounds included in the training set. The ultimate test
for the predictability of a QSAR or QSSR model in the
drug design process is to predict the biological activity/
selectivity of new compounds that are not included in
the training set. The 3D-QSAR and 3D-QSSR models
obtained in this study were challenged with a test set con-
sisting of 12 randomly selected compounds. The com-
pounds in this test set include cyclic guanines
representing structures similar to those of the training

PLS statistic pICso (PDES) model

logICsq (PDE6/5) model

CoMFA CoMSIA CoMFA CoMSIA

SE SEHDA SEHA SEA SE SEHDA SEHA SEA
Poy 0.755 0.787 0.788 0.791 0.832 0.858 0.869 0.868
Number of components 6 4 3 6 5 4 4 4
r ey 0.932 0.915 0.887 0.941 0.955 0.930 0.946 0.935
s 0.172 0.185 0.210 0.160 0.205 0.252 0.220 0.243
F 68.080 86.153 86.250 79.244 131.251 106.341 140.844 114.852
Field contribution
Steric 0.499 0.093 0.110 0.199 0.575 0.090 0.093 0.166
Electrostatic 0.501 0.209 0.213 0.467 0.425 0.226 0.239 0.441
Hydrophobic 0.345 0.388 0.311 0.345
Donor 0.273 0.227
Acceptor 0.080 0.289 0.334 0.146 0.322 0.392

8, steric; E, electrostatic; H, hydrophobic; D, donor; A, acceptor.
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Compound pICso (PDES) models logICso(PDE6/5) models
Observed Predicted Observed Predicted
pICsg CoMFA CoMSIA? logICs CoMFA CoMSIA?

1 6.89 7.06 6.97 0.41 0.53 0.26

2 7.40 7.14 7.08 0.18 0.12 0.21

5 6.80 7.01 7.05 0.20 0.39 0.36
15 7.24 7.11 7.32 0.83 0.08 0.35
16 7.34 7.31 7.37 —0.16 0.17 0.08
18 8.30 8.59 8.49 0.53 0.49 0.28
19 8.51 8.47 8.60 —0.30 —0.15 —0.12
20 9.52 9.06 9.18 1.01 0.89 0.87
25 7.74 7.90 7.84 0.15 0.35 0.44
26 7.89 7.92 8.00 0.00 0.15 0.25
27 8.17 8.00 8.02 —0.10 —0.11 0.03
28 8.20 8.10 8.14 0.08 0.17 0.07
29 8.40 8.50 8.41 0.48 0.48 0.35
31 8.15 8.32 8.18 1.36 1.28 1.36
32 8.68 8.83 8.70 1.45 1.66 1.43
33 8.74 8.59 8.56 1.40 1.27 1.23
36 8.19 8.11 8.30 0.78 0.76 1.09
37 8.08 8.11 7.97 0.60 0.64 0.80
39 8.82 8.64 8.71 0.97 0.98 1.05
40 9.05 9.04 9.08 1.70 1.65 1.80
41 8.96 8.99 8.91 1.91 1.86 1.81
42 8.64 8.62 8.55 0.81 0.82 0.69
43 8.89 8.98 9.01 1.51 1.69 1.60
44 8.27 8.31 8.51 1.04 0.90 1.08
45 8.19 8.08 8.12 0.90 0.83 0.87
46 8.68 8.63 8.67 1.76 1.54 1.79
47 8.55 8.63 8.58 1.51 1.40 1.24
48 8.30 8.33 8.16 1.00 1.24 1.00
49 8.80 8.86 8.85 2.29 2.06 2.17
50 8.70 8.88 8.77 2.00 2.14 2.00
51 8.55 8.61 8.50 1.79 1.78 1.64
52 8.52 8.79 8.87 2.78 2.70 2.74
53 8.68 8.62 8.77 2.21 2.28 2.37
54 7.96 8.02 7.78 2.65 2.44 2.00
55 8.66 8.42 8.56 2.24 2.17 2.20
58 8.89 8.74 8.78 2.75 2.80 3.04
59 8.72 8.76 8.70 2.62 291 2.89

#Calculated by using the best CoOMSIA model.

set compounds and one derivative with new structural
features, for example, compound 35 bearing a N5 group.
The predicted pICso(PDES) and log ICs5o(PDEG6/5) values
for the test set are summarized in Table 4 and depicted in
Figures 2C and D.

A survey of the results in Tables 3 and 4 reveals that the
CoMSIA models are better than the corresponding
CoMFA models for both plICso(PDES) and lo-
gICso(PDE6/5). A closer look at the results indicates
that the pICso(PDES) and logICso(PDEG6/S) values of
compound 57 are overestimated significantly by all of
the 3D-QSAR and 3D-QSSR models. Although the
pICso(PDES) values of compounds 8 and 30 are signifi-
cantly underestimated or overestimated by the CoMFA
model, these pICso(PDES) values are predicted much
better by the CoMSIA model. In addition, the
pICso(PDES) value of compound 35, bearing a N3
group at X-position, was significantly underestimated
by the CoMSIA model, which may be explained by
the fact that the training set did not include the similar

compound which could contribute required information
to the model regarding the X-position. However, the
logICso(PDE6/5) models predict the selectivity of the
compound 35 quite well, indicating that the absence of
a comparable compound in the training set is not critical
for these compounds. This observation is suggestive of
the similarity in the X-position binding pocket between
PDES5 and PDE6. Except for these specially mentioned
compounds, both the inhibitory activity and selectivity,
that is, the pICso(PDES) and logICso(PDE6/5) values,
of the other compounds in the test set are all predicted
reasonably well. Therefore, we believe that these ob-
tained 3D-QSAR and 3D-QSSR models can be used
as predictive tools in future rational design of PDES
inhibitors with the desirable higher activity and higher
selectivity.

3.3. Analysis of the 3D contour maps of the best models

In the figures discussed below, the isocontour diagrams
of the field contributions (‘stdev*coeff’) of different
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Figure 2. Plots of the predicted pICs, versus observed pICsy (or logICsy) values. Red represents the CoMSIA results, whereas blue refers to the
CoMFA results: (A) the pICso(PDES) model for the training set; (B) the logICso(PDEG6/5) model for the training set; (C) the pICso(PDES) model for
the test set; (D) the logICso(PDE6/5) model for the test set.

Table 4. Predictions for the test set

Compound pICso(PDES) models logICso(PDE6/5) models
Observed Predicted Observed Predicted
pICsg CoMFA CoMSIA® LogICsg CoMFA CoMSIA?
7 7.70 6.89 7.17 0.04 —0.22 —0.01
8 8.41 7.35 7.66 0.87 0.66 0.97
9 6.26 7.04 6.87 —0.40 0.41 0.01
17 8.10 8.58 8.40 0.42 0.56 0.13
23 7.26 7.95 7.83 —0.22 0.29 043
24 7.32 7.89 7.74 0.23 043 0.42
30 7.66 8.63 8.21 1.11 143 1.52
34 9.05 8.55 8.50 1.32 1.47 1.47
35 9.21 8.68 8.13 1.83 1.36 1.53
38 8.20 7.95 8.54 1.38 1.15 1.98
56 8.80 8.17 8.10 2.31 2.04 1.90
57 7.37 8.38 8.36 2.06 291 3.00

#Calculated by using the best COMSIA model.

properties as found by the CoOMFA and CoMSIA anal-
yses are illustrated together with exemplary ligands.

data are displayed for CoMFA (left) and CoMSIA
(right). Areas indicated by green contours correspond
to regions where steric occupancy with bulky groups
should increase affinity. Areas encompassed by yellow
isopleths should be sterically avoided; otherwise, re-

3.3.1. Models for pICso(PDES). In Figure 3, the steric
properties derived from the affinity (i.e., the activity)
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duced affinity can be expected. As it becomes immedi-
ately obvious, the CoMSIA method provides more con-
tiguous contour diagrams,”® which allows an easier
interpretation of the correlation results mapped back
onto the molecular structures. Furthermore, CoMSIA
isocontour diagrams lie within regions occupied by
the ligands, whereas CoMFA contours highlight those
areas where the ligand would interact with a possible
environment. Yet, the combined use of different meth-
ods enables one to verify the convergence of the results
or to complement either conclusion.** As shown in Fig-
ure 3 (left), compound 20, a very potent ligand for
PDES, orients its phenyl into a green area, which was
in agreement with findings from the CoMSIA. Mean-
while, as shown in Figure 3 (right), the rather low bind-
ing affinity values of compound 5 could be due to the
orientation of its benzyl group into a yellow area,
which was not shown by CoMFA. This finding can

be understood in considering the low activity of com-
pounds such as 1, 2, 15, and 16. These compounds all
orient their benzyl group into this yellow area. In addi-
tion, the green area near Z-position shown in Figure 3
(left) indicates that a bulky group at Z-position may in-
crease the affinity, which is in agreement with findings
from the CoMSIA model (Fig. 3, right). However,
the yellow area near the Y-position indicates a bulky
group at Y-position is disfavored for the activity, which
is not shown in the CoMSIA model. This observation is
confirmed by the fact that hydroxyl derivatives at Y-po-
sition always display inhibitory activity higher than
that of methoxyl derivatives.

The above discussion indicated that exploiting the re-
sults of both approaches leads to a better interpretation
at the 3D level of the QSAR and QSSR. In any case,
however, it must be remembered that all of the features

Figure 3. Contour maps of pICso(PDES) models for steric field as obtained by CoOMFA (left) and CoMSIA (right) analyses. Green isopleths enclose
areas where steric bulk will enhance affinity. Yellow contours highlighted areas that should be kept unoccupied, otherwise affinity will decrease. These
maps are demonstrated by the highly active compound 20 (left) and low active compound 5 (right). Compound 20 orients its phenyl group into a
green area, while the benzyl group of compound 5 reaches a yellow highlighted area.

Figure 4. Contour maps of pICso(PDES) models for electrostatic field as obtained by COMFA (left) and CoMSIA (right) analyses. Red isopleths
enclose areas where an increase of negative charge will enhance affinity, whereas in blue-contoured areas increase of positive charge is favorable for
binding properties. These maps are demonstrated by the highly active compound 20 (left) and low active compound 5 (right). The phenyl group of
compound 20 is near the red areas, while compound 5 orients its benzyl group into a blue highlighted area.
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derived from a comparative molecular field analysis are
only a mirror of the structural variations inherently
present in the selected data set. Accordingly, selecting
another structurally deviating data set may result in dif-
ferent features leading to alternative conclusions.

Maps for electrostatic properties are shown in Figure 4
with compound 20 as an example for a high-activity
inhibitor and compound 5 as an example for a poor
inhibitor. Negatively charged groups at the Y-position
of phenyl group and electron-withdrawing substituents
at X-position are favored. A blue isopleth above the
phenyl ring system of compound 20, which was occu-
pied by the benzyl group of compound 5 as shown in
Figure 4 (right), is representing an area where a positive
charge is favored.

The contour plot for the hydrogen-bond acceptor proper-
ties (Fig. 5) shows an area in magenta that represents re-
gions of proton donors on the receptor site. This area is
near the hydroxyl oxygen at Y-position. This is in line
with the docking result of compound 20 into the active
site of the enzyme, which shows a hydrogen-bond for-
mation between this oxygen and the amino acid residue
of the binding site. This finding can account for the fact
that a hydrogen-bond acceptor at Y-position is essential
for the observed high activity of these compounds. The
low activity of compound 5 is due to the fact that it does
not have a hydrogen-bond acceptor near this magenta
area.

3.3.2. Models for logICso(PDE6/5). Figure 6 clearly
indicates that the steric properties of cyclic guanine

Figure 5. Contour maps of pICso(PDES) models for hydrogen-bond acceptor field as obtained by CoMSIA analyses. Isopleths in magenta represent
regions of hydrogen-bond donors on the receptor site. These maps are demonstrated by the highly active compound 20 (left) and low active
compound 5 (right). The oxygen of hydroxyl group at Y-position of compound 20 is oriented toward these areas, while compound 5 does not have

hydrogen-bond acceptor atom near these magenta area.

Figure 6. Contour maps of logICso(PDE6/5) models for steric field as obtained by CoMFA (left) and CoMSIA (right) analyses. Green isopleths
enclose areas where steric bulk will enhance the selectivity. Yellow contours highlighted areas that should be kept unoccupied, otherwise the
selectivity will decrease. These maps are demonstrated by the highly selective compound 52 (left) and low selective compound 5 (right). Compound 52
orients its phenyl group into a green area, while compound 5 does not reach its any part into a green area.
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derivatives play an important role in the selectivity.
Compound 52, a highly selective inhibitor of PDES
against PDEG, inserted its benzyl group at C-8 position
into a green area. It suggests that this moiety is an
important recognition element for binding with PDES,
whereas the corresponding pocket in PDE®6 is relatively
limited. Furthermore, the combined information ob-
tained from both Figures 3 and 6 suggests that the
space of binding site for group at Y-position is limited,
which explains why compounds with a hydroxyl group
at Y-position are always more active and more selective
than that bearing a methoxyl group. The combined
information obtained from both Figures 4 and 7 sug-
gests that compounds bearing (partially) positively
charged substituents at X-position could increase not
only the activity, but also the selectivity, whereas groups
with partial negative charge at Z-position could also

help to increase the activity and selectivity. The hydro-
phobic effect on the selectivity can be drawn from Fig-
ure 8 (left), suggesting that occupation of Z-position by
a hydrophobic group would increase the selectivity,
whereas a hydrophilic group at X-position is crucial
for a highly selective inhibitor. The similarity of the
contour plots of hydrogen-bond acceptor properties be-
tween the pICso(PDES) and logICso(PDEG6/5) models
reveals that the hydrogen bonding interaction of the li-
gand with PDES is different from that with PDE6. Oxy-
gen at Y-position acts as a hydrogen-bond acceptor
interacting with PDES. On the other hand, there is
probably no hydrogen bonding interaction of this oxy-
gen with PDE6. Hence, the presence of hydrogen bond-
ing acceptor at Y-position is favorable not only for the
inhibitory activity against PDES, but also for the selec-
tivity against PDEG6.

Figure 7. Contour maps of logICso(PDE6/5) models for electrostatic field as obtained by COMFA (left) and CoMSIA (right) analyses. Red isopleths
enclose areas where an increase of negative charge will enhance selectivity, whereas in blue-contoured areas increase of positive charge is favorable for
selectivity. These maps are demonstrated by the highly selective compound 52 (left) and low selective compound 5 (right). The benzyl group of

compound 5 is across the blue area.

Figure 8. Contour maps of logICso(PDE6/5) models for hydrophobic (left) and hydrogen-bond acceptor (right) field as obtained by CoMSIA
analyses. For hydrophobic properties, purple isopleths encompass regions favorable for hydrophobic groups. In white-contoured areas, more
hydrophilic groups are favorable for selectivity. For hydrogen-bond acceptor field, isopleths in magenta represent regions of hydrogen-bond donors
on the receptor site. These maps are demonstrated by the highly selective inhibitor (compound 52).
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3.4. Comparison of QSAR models with the X-ray crystal
structure of PDES

The three-dimensional crystal structures of the catalytic
domain of human PDES5 complexed with three drug
molecules indicate that the PDES active site is located
at the center of the C-terminal helical bundle domain.?!
The substrate binding pocket of PDES5 is composed of
four subsites: a metal binding site (M site), core pocket
(Q pocket), hydrophobic pocket (H pocket), and lid re-
gion (L region).?! Our docking results indicate that the
title compounds do not interact directly with the M site,
which is consistent with the X-ray crystal structures. A
common hydrogen bond between the nitrogen of the
amine group of the Glu817 side chain and the carbonyl
oxygen of the title compounds revealed by the X-ray
crystal structures was also shown in our docked
PDES5-ligand structures. The benzyl group at the N-3
position fits into the hydrophobic H pocket, and the
oxygen atom at Y-position may form a hydrogen bond
via a water-bridge with the amino acid residues in the
H pocket, which is consistent with the QSAR results
that Y-position of the title compounds is an important
H-bonding site. The docking results demonstrate that
the benzyl group at X-position of the ligand is surround-
ed by Tyr664, Ala823, and Gly819 residues in the L re-
gion of PDES. The QSAR results reveal that this benzyl
group is surrounded by a yellow region, which is consis-
tent with the docked structures that the L region of
PDES is a very limited pocket because residues #662
to #664 act as a ‘lid’ over the pocket. The ‘lid’ narrows
the entrance to the PDES5 active site. In addition, our
QSAR results suggest that the benzyl group at the posi-
tion-8 of the ligand stays in an important site discrimi-
nating between PDES and PDEG6, which is consistent
with the docked PDE5-ligand structures showing an am-
ple space surrounding the benzyl group of the ligand.
Thus, both the QSAR analysis and molecular docking
consistently suggest that the introduction of a bulky
group into this site should increase the PDES inhibitory
activity and reduce the PDEG6 inhibitory activity. In
short, our QSAR results are in agreement with the avail-
able X-ray crystal structures of PDES.

4. Conclusion

Understanding intermolecular interactions of cyclic
guanine derivatives with phosphodiesterase-5 (PDESY)
and PDES6 is achieved by performing molecular dock-
ing, 3D-QSAR, and 3D-QSSR analyses. The use of
molecular conformations of the compounds derived
from molecular docking led to satisfactory 3D-QSAR
and 3D-QSSR models (with high cross-validation corre-
lation coefficient ¢* and conventional correlation coeffi-
cient r* values) for predicting the inhibitory activity
against PDES and the selectivity against PDE6. The
high ¢* and * values, along with further testing, indi-
cate that the obtained QSAR and QSSR models should
be valuable in predicting both the inhibitory activity
and selectivity of cyclic guanine derivatives against
these protein targets. A set of 3D contour plots drawn
based on the 3D-QSAR and QSSR models reveals some

useful clues to improve the inhibitory activity and selec-
tivity by modifying structures of the compounds. Com-
parison of QSAR models with the X-ray -crystal
structures of PDES indicates that cyclic guanine deriva-
tives have a similar binding mode as sildenafil and a
binding site for PDES and PDEG6 selectivity was re-
vealed by QSSR analysis. It has been demonstrated that
both the steric and electrostatic factors should appro-
priately be taken into account for designing novel
PDES inhibitors expected to have the higher inhibitory
activity and higher selectivity.
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