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A B S T R A C T

The central role of phosphodiesterase-5 (PDE5) is to hydrolyze the cyclic guanidine monophosphate

which leads male erectile dysfunction. To inhibit the PDE5 activity, integrated computer-aided drug

design technologies were utilized to generate pharmacophore modeling, database screening and

docking methodologies. 3D pharmacophore models are generated using HypoGen to identify the critical

chemical features of PDE5 inhibitors. Among the top ten generated hypotheses, the first hypothesis

(Hypo1) was selected as best one. The best pharmacophore model, Hypo1, characterized by one

hydrogen bond acceptor-lipid (HBAL), one hydrophobic (H), two ring aromatic (RA) features, also have

high cost difference (111.04), good correlation coefficient (0.94) and low root mean square deviation

(1.53). Hypo1 model was cross validated by using Fischer’s randomization method, test and decoy sets.

The well validated Hypo1 was used as 3D query to screen NCI database. The screened molecules were

sorted by applying rule of five, ADMET properties and molecular docking study to refine the retrieved

hits. Finally, 3 molecules were showed good interaction with important amino acids in PDE5 active site.

All above said validation analysis strongly suggested that Hypo1 will act as reliable and useful tool to

identify new potential leads against PDE5 by screen the large databases and also it predicted 3

compounds in our present study which may act as potent inhibitor of PDE5 and these 3 compounds were

chosen for further development.

� 2011 Taiwan Institute of Chemical Engineers. Published by Elsevier B.V. All rights reserved.
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1. Introduction

Phosphodiesterases (PDE) control cellular concentrations of
intracellular second messengers cyclic adenosine monophosphate
(cAMP) and cyclic guanidine monophosphate (cGMP), both of which
are produced through the stereo-specific hydrolysis of the P-O30

bond in order to inactive metabolite 50GMP and 50AMP, (Alan Salter
et al., 2007) respectively. The important biological process such as
variety of extracellular cues, including hormones, neurotransmit-
ters, chemokines and cytokines are mediated by the ubiquitous
second messenger’s cAMP and cGMP. The increased concentration of
these second messengers results in the activation of protein kinase A
and protein kinase G. These protein kinases phosphorylate a variety
of substrates including transcription factors and ion channels that
regulate a myriad of physiological processes such as immune
responses, cardiac and smooth muscle contraction, visual response,
glycogenolysis, platelet aggregation, ion channel conductance,
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apoptosis and growth control (Jiang et al., 2004). The relative
activities of adenylyl and guanylyl cyclases are synthesized,
maintained the cellular levels of cAMP, cGMP, and also by PDEs.
To block the hydrolysis of these second messengers by PDEs results
in higher levels of cyclic nucleotides and therefore it may have
considerable therapeutic utility as anti-inflammatory agents, anti-
asthmatics, vasodilators, smooth muscle relaxants, cardiotonic
agents, anti-depressants, anti-thrombotic and agents for improving
memory and other cognitive functions (Corbin and Francis, 2002;
Rotella, 2002; Souness et al., 2000).

The mammalian PDE is composed 11 families’ of enzymes
(Beavo et al., 2006). Of the 11 family, 21 genes encoding human
PDE have grouped into enzyme selective towards cAMP, cGMP and
both cyclic nucleotide (Kam et al., 2004). PDE diversity is increased
due to alternative mRNA splicing of the PDE genes produce over
100 PDE isoforms that distribute in various cellular compartments
and control physiological processes (Chen et al., 2008). All the PDE
contains conserved catalytic domain and variable regulatory
domain (Kam et al., 2004). Though, each PDE family has a
characteristic pattern of substrate specificity and inhibitor
selectivity (Mehats et al., 2002). Among the 11 PDE gene families,
cGMP specific phosphodiesterase-5 (PDE5) isoform is expressed in
hed by Elsevier B.V. All rights reserved.
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smooth muscle tissue, specifically in the corpus cavernosum
(Corbin et al., 1999). Generally male erectile dysfunction (MED) is
caused by low concentration of cGMP and this process is executed
by neurotransmitter nitric oxide which is released from both
nitrergic nerves and sinusoidal endothelium. The function of nitric
oxide is to stimulate the soluble guanylyl cyclase in cavernosal
smooth muscle, inducing increase synthesis of cGMP to lead
relaxation of smooth muscle (Yoo et al., 2007). Soluble guanylyl
cyclase and cyclic nucleotide phosphodiesterases were regulates
the levels of cGMP in the corpus cavernosum. Earlier we mention
that, PDE5 plays a major role to hydrolyze cGMP but the high
concentration of cGMP needs for normal eraction to decrease
calcium ions in vascular smooth muscle cells of the penis, thus the
inhibitors of PDE5 are treating the most promising target for
erectile dysfunction.

Sildenafil (Viagra), vardenafil (Levitra), and tadalafil (Cialis) are
the most successful and widely used drug candidates for treatment
of MED (Weeks et al., 2005). In addition, among these three,
sildenafil has been approved for treatment of pulmonary
hypertension (Chen et al., 2009) and lately, other drug candidate
udenafil (zydena) has also been approved by Korean authorities for
treatment of MED (Chen et al., 2010). Further some of the
pharmacophore work has been carried out on PDE5 based on the
traditional drug candidates. Recently Chen (2009) has done the
work to find the PDE5 inhibitors through multiple regression
model analysis, docking and pharmacophore studies to screen the
derivatives of some traditional Chinese medicines such as
Epimedium sagittatum, Cnidium monnieri and Semen cuscutae which
were used for erectile dysfunction since the ancient Han dynasty
(202 BC to AD 220). Synthetic and crystal structure study has been
carried out by Chen et al. (2008) based on the sildenafil derivatives.
Together, these previous studies are strongly suggested that
hydrophobic (H), hydrogen bond acceptor (HBA) are the main
chemical feature for design the potent inhibitors and a small
hydrophobic pocket, H-loop of PDE5 are important for binding
affinity of PDE5 inhibitors. Furthermore PDE5 has also potential for
other applications such as memory improvement, anticancer
therapy, and heart diseases (Blokland et al., 2006; Palmer et al.,
2007; Stehlik and Movsesian, 2006; Supuran et al., 2006; Zhu and
Strads, 2007). Until now four PDE5 inhibitors were successfully
approved as drugs for treatment of human diseases such as MED.
However, the cross-reactivity with closely relate PDE6 and PDE11
some of adverse effects such as blurry vision, head ache, skin rash,
back and muscle pain that have been experienced by patients (Card
et al., 2004) when using the drug candidates like sildenafil,
vardenafil and tadalafil. Hence, this will be motivated us to develop
pharmacophore model for PDE5 to find new drug candidates which
can exhibit good potency towards the PDE5 and selectivity over the
PDE6 and PDE11, through pharmacophore analysis and virtual
screening method.

2. Materials and methods

2.1. Hypothesis generation

The HypoGen module of Accelrys Discovery studio v2.5 (DS)
was used to generate the hypothesis. A set of 36 compounds were
selected from literatures (Bi et al., 2004; Feixas et al., 2005; Flores
Toque et al., 2008; Giovannoni et al., 2006; Lee et al., 1995; Rotella
et al., 2000; Ukita et al., 1999; Xia et al., 2005; Yu et al., 2003) by
considering structural diversity and wide coverage activity (IC50)
range (0.001–10 mM) that spans over 4 orders of magnitude
towards PDE5. The selected compounds were divided into training
set (16), to generate the pharmacophore model, and test set (20), to
validate the developed model. The 2D structure of selected
molecules were built using MDL-ISIS draw v2.5 and converted
to 3D format using DS. All molecules were minimized to a local
energy minimum using the CHARMm-like force field implemented
(Brooks et al., 1983) within DS. DS provide two methods for
conformational analysis: Fast and Best quality analysis both
methods were implemented using a Monte Carlo-like algorithm
together with poling (Smellie et al., 1995a,b,c), which reduces
considerably the probability of reappearance of nearly similar
conformers by usage of penalty function. A maximum of 255
conformations were set for each compound by using Best

conformation generation option which represents its flexibility.
These conformations were used not only in hypothesis generation
but also to find how well the compounds are able to fit in the
hypothesis to estimating the activity of the compounds. Three
steps are followed in hypothesis generation phase. Constructive
phase is an initial stage in that, DS analysis all training set
compounds and identifies active compounds. The inactive
compounds are identified in the subtractive phase and finally
the optimization phase, DS attempts to minimize a cost function
consisting of two terms. One penalizes the deviation between the
estimated activities of the training set molecules and their
experimental values and other penalizes the complexity of the
hypothesis. The generation process stops when optimization no
longer improves the score. To generate the hypothesis, we should
give an important chemical features as input, already reported
work suggested that hydrophobic and hydrogen bond acceptor
groups play a critical role in PDE5 inhibitors (Chen, 2009; Chen
et al., 2008). For the further confirmation once again we analyzed
the training set using Feature mapping algorithm/DS for map of all
the features such as HBA, hydrogen bond donor (HBD), hydrogen
bond acceptor lipid (HBAL), H, hydrophobic aromatic (HY-Aro),
hydrophobic aliphatic (HY-Ali), ring aromatic (RA), positive
ionizable (P), and negative ionizable (N). Among all, HBA, HBAL,
H, and RA were effectively mapped with the training set and these
features were used to generate the hypothesis. The minimum and
maximum count for all the features in the hypothesis run was set
of 0 and 5, respectively. The top ten hypotheses were exported, for
the purpose of analyze the generated hypotheses, the molecules in
the training set have broadly classified into three categories
namely highly active (IC50 < 0.1 mM), moderately active
(0.1 mM � IC50 � 3 mM) and inactive (IC50 > 3 mM). The training
set activity could be estimated using regression parameters which
are computed by the regression analysis using the relationship of
predicted and experimental activities. The error value is calculated
based on the difference between predicted and experimental
activity. A positive error indicates that the predicted IC50 value is
higher than the experimental IC50 value while a negative error
value indicates that the predicted IC50 value is lower than the
experimental IC50 value.

There are three cost values such as fixed cost, null cost and total
cost, which determine the success of the pharmacophore. The
fixed cost represents the simplest model that fits the data
perfectly. The null cost represents the highest cost of a hypothesis
with no features that estimates every activity to be the average
activity. For the simplicity, the large difference between fixed cost
and null cost value above 60 bits that could entail a 90%
probability for correlating the experimental and predicted
activity data. The total cost for each hypothesis is the summation
of the three cost components (error (E), weight (W), and
configuration cost (C) multiplied by a coefficient (default
coefficient is 1.0 for each). The error cost is solely dependent on
the root mean square (RMS) deviations between the predicted and
experimental activities of the training set molecules. The weight
cost increases, the weight factor for the chemical features deviate
from the default value of 2. The configuration cost is represented
as log2 P, where P is the number of initial hypotheses created in the
constructive phase and that survived in the subtractive phase. The
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total cost of any hypothesis should be close to the fixed cost for a
good model.

2.2. Pharmacophore validation

The selected pharmacophore model was validated by its
predictability of the active from inactive compounds. Hence the
selected pharmacophore model was validated by using (1)
Fischer’s method (2) Test set and (3) Decoy set.

2.3. Fischer’s method

Fischer’s randomization method (Fischer, 1966) was used to
measure the statistical significance of our model. Fischer method
randomized the activity values of the training set data and used to
generate hypothesis by using the same feature and parameters
which was used in original hypothesis generation. The randomized
data sets should generate hypotheses without statistical relevance,
otherwise the original model has been considered to generate by a
chance. The following formula is used to calculate the statistical
significance:

Significance ¼ 100 1 � 1 þ x

y

� �

where ‘x’ is the total number of hypothesis having total cost lower
than the most-significant hypothesis and ‘y’ is the number of initial
HypoGen runs plus random runs. In our study, 19 random
spreadsheets were generated to achieve the 95% of confidence
level.

2.4. Test and decoy sets

Two statistical methods were employed to find out the
predictive ability of the selected hypothesis. In the first method,
a set of 20 compounds was used as a test set which are not included
in the training set. All the test set molecules were built, minimized
and conformations were generated using same protocols like
training set molecules. Based on the activity range the test set
molecules were also classified into three categories like as highly
active (IC50 < 0.1 mM), moderately active (0.1 mM � IC50 � 3 mM)
and inactive (IC50 > 3 mM) molecule. The second statistical
method is decoy set includes 1300 molecules and calculated the
parameters such as false positives, false negatives, enrichment
factor (EF), and goodness of hit (GH) to determine the robustness of
hypothesis.

2.5. Virtual screening

Virtual screening technique was used to retrieve new molecules
from databases (Langer and Krovat, 2003) for biological testing.
The main purpose of virtual screening is to find a novel scaffold to
inhibit the activity of various targets and also to find the potential
leads suitable for further development. The best predictive
hypothesis was used as query to search potential leads against
PDE5 from NCI database by applying Fast flexible database search
option in the virtual screening. The hit molecules from database
were subjected to filter by applying Lipinski’s rule-of-five (Lipinski
et al., 1997), ADMET properties, and molecular docking.

2.6. Molecular docking protocols

The main aim of docking study is to find the binding affinity
between protein–ligand complexes. The hit molecules, which
retrieved from the virtual screening technique was further refined
by the molecular docking programs using GOLD v4.1 (Genetic
algorithm for protein-ligand docking programme) and LigandFit/

DS. The crystal structure of PDE5 (PDB code: 1UDT) was down-
loaded directly from the Protein Data Bank (www.rcsb.org). All the
water molecules from the protein were included and hydrogen
atoms added to calculate the bond orders for the protein and
ligand. Protein preparation and refinement were carried out using
GOLD. The binding site of protein was defined for all the atoms
within 15 Å on the basis of co-crystallized ligand in the X-ray
structure. During the docking study, 10 poses were generated for
each ligand and the best poses were selected based on the GOLD
fitness score. Default fitness function (VDW 4.0, H-bonding 2.5)
and evolutionary parameters were performed in the GOLD docking
experiments: population size 100; selection pressure 1.1; opera-
tion 100,000; islands 5; niche size 2; migration 10; crossover 95.
Gold score was used to sort the molecules.

In the LigandFit/DS, the preparation of protein for docking was
carried out like as GOLD and conformations have generated for
each ligand using Monte Carlo simulations and flexible fit was
selected. A grid resolution was set to 0.5 Å. While saving the final
conformations the RMS threshold of 2.0 Å, and score threshold of
20 kcal/mol were applied to avoid the identical conformations. The
consensus scoring functions, which includes LigScore1, Ligscore2,
piecewise linear potential (PLP1) and (PLP2), Potential mean force
(PMF), JAIN and LUDI, were used to evaluate, rank for all saved
conformation and sort the molecules. The outcome molecules,
both GOLD, LigandFit, were further sort out by visualization
method, through that we can find out critical interaction between
important amino acid and ligand

3. Result and discussion

3.1. HypoGen generation

All the ten hypotheses having four features, which were
automatically exported on the basis of activity and diverse
structure of 16 training set compounds (Fig. 1). Various cost
values, correlation coefficient (r), RMS deviation and pharmaco-
phore features of all ten hypotheses were summarized in Table 1.
The fixed and null costs for the 10 hypotheses were 63.69 and
201.31, respectively. The difference between these two values is
greater and a fixed cost value is closer to the total cost value
thought to be statistically significant hypothesis. The correlation
co-efficient for the 10 hypotheses in the range of 0.94–0.82 and
furthermore cost difference between total cost of each hypothesis
and null cost for the 10 hypotheses are more than 85 bits. A cost
difference of 40–60 bits between the total cost and the null cost
indicated 75–90% chance of representing a true correlation in the
data and above 60 bits indicated more than 90% there is an
excellent chance of obtaining a predictive hypothesis. After
evaluating all ten hypotheses using above said statistical
parameters such as cost function, correlation co-efficient, and
RMS deviation. The first hypothesis, (Hypo1), comprises of one
HBAL, one H, two RA features (Fig. 2), also characterized by highest
cost difference (111.04), best correlation co-efficient (0.94), a good
configuration cost 16.12 and lowest RMS deviation (1.53), was
selected as a best hypothesis and taken for further analysis.

All the training set molecules were grouped into three classes
based on the activity scale: highly active (+++, IC50 < 0.1 mM),
moderately active (++, 0.1 mM � IC50 � 3 mM), inactive molecule
(+, IC50 > 3 mM), for the purpose of estimate the activity of all
molecules based on the best predictive pharmacophore Hypo1 of
PDE5. After evaluate the results, we concluded that out of 8 highly
active molecules 7 were predicted correctly and rest was predicted
as a moderately active. All moderately active molecules were
correctly predicted and all the three inactive molecules were over
estimated to moderately active molecule, (Table 2). This clearly

http://www.rcsb.org/


Fig. 1. 2D Chemical structure of PDE5 inhibitors in the training set together with their biological activity value (IC50, mM) for HypoGen run.
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indicates the good predictability of Hypo1. Furthermore, Hypo1
aligned with most active compound 2 (IC50:0.001 mM) and least
active compound 11 (IC50:0.88 mM) in the training set are
represented in Fig. 3. In that, all the features were perfectly mapped
on the compound 2, on the other hand, compound 11 fails to fit one
of RA. Therefore, we concluded that Hypo1 generated from small
molecule inhibitors for PDE5 clearly reflect interactions between
PDE5 and its ligand to a great extent. This further determines the
validity of the quantitative pharmacophore model Hypo1.

3.2. Fischer’s randomization method

The Fischer algorithm was used in Fischer’s randomization
test to analyze the statistical relevance of Hypo1. Active values
Table 1
Statistical parameters of the top 10 hypotheses of PDE5 inhibitors generated using Hy

Hypothesis no. Total cost Cost differencea RM

Hypo1 90.27 111.04 1.

Hypo2 97.38 103.93 1.

Hypo3 101.35 99.96 2.

Hypo4 101.83 99.48 2.

Hypo5 102.03 99.28 2.

Hypo6 109.20 92.11 2.

Hypo7 111.33 89.98 2.

Hypo8 111.33 89.98 2.

Hypo9 112.83 88.48 2.

Hypo10 114.00 87.31 2.

a Cost difference = null cost � total cost, null cost = 201.31, and fixed cost = 63.69.
b HBA, hydrogen bond acceptor; HBAL, hydrogen bond acceptor lipid; H, hydrophobi
of the training set were scrambled randomly using Fischer
program and resulting training sets were used to generate
pharmacophore hypotheses using the same features and
parameters that were used in the generation of original
hypothesis. In cross-validation method, the generation of
spreadsheets were depends on confidence level which avail
in Fischer’s model 95%, 98%, and 99% and then 19, 49, and 99
spread sheets have to be generated, respectively (Kansal et al.,
2009; Zhang et al., 2009). In our study, we set the 95% confidence
level and 19 spread sheets were generated. The results
of Fischer’s randomization run were depicted in Fig. 4 and
none of the pharmacophores have lower cost than the original
hypothesis. These results have clearly given a 95% strong
confidence on an accurate and reasonable pharmacophore
poGen algorithm within DS.

S Correlation Fit value Featuresb

53 0.94 12.73 HBAL,H,2RA

98 0.89 10.56 HBAL,H,2RA

13 0.87 9.92 HBA,HBAL,H,RA

12 0.87 10.41 2HBAL,H,RA

10 0.87 10.92 HBAL,H,2RA

36 0.84 9.59 HBA,HBAL,H,RA

43 0.83 8.65 HBA,HBAL,H,RA

43 0.83 8.65 2HBAL,H,RA

44 0.83 10.08 2HBAL,H,RA

49 0.82 9.29 HBAL,2H,RA

c; RA, ring aromatic; RMS, root mean square.



Fig. 2. Pharmacophore model of PDE5 inhibitors generated by HypoGen. (A) The best predictive Hypo1 model. (B) Geometric parameters and 3D spatial relationship of Hypo1.

Pharmacophore Features are color coded: Green – hydrogen bond acceptor lipid (HBAL), blue – hydrophobic (H), and orange – ring aromatic (RA). (For interpretation of the

references to color in this figure legend, the reader is referred to the web version of the article.)

Table 2
Experimental and predicted IC50 values of 16 training set molecules against Hypo1 model.

Molecule no. Fit valuea Experimental IC50 mM Predicted IC50 mM Errorb Experimental scalec Predicted scalec

1 8.82 0.001 0.0053 +5.3 +++ +++

2 10.27 0.001 0.00019 �5.4 +++ +++

3 8.97 0.0016 0.0037 +2.3 +++ +++

4 8.23 0.004 0.02 +5.1 +++ +++

5 8.51 0.005 0.011 +2.2 +++ +++

6 8.02 0.035 0.033 �1.1 +++ +++

7 7.26 0.048 0.019 +4 +++ +++

8 7.50 0.073 0.11 +1.5 +++ ++

9 7.78 0.11 0.058 �1.9 ++ ++

10 7.61 0.16 0.086 �1.9 ++ ++

11 6.53 0.88 1 +1.2 ++ ++

12 6.37 1 1.5 +1.4 ++ ++

13 6.37 2.1 1.5 �1.4 ++ ++

14 6.35 3.3 1.6 �2.1 + ++

15 6.36 4.9 1.5 �3.2 + ++

16 6.35 10 1.5 �6.5 + ++

a Fit value indicates how well the features in the pharmacophore overlap the chemical features in the molecule. Fit = weight � [max (0.1 � SSE)] where SSE = (D/T) 2, D,

displacement of the feature from the center of the location constraints and T, the radius of the location constraint sphere for the feature (tolerance).
b Difference between the predicted and experimental values. ‘‘+ve’’ indicates that the predicted IC50 is higher than the Experimental IC50, ‘�ve’ indicates that the predicted

IC50 is lower than the experimental IC50.
c Activity scale: IC50 < 0.1mM = +++ (highly active); 0.1 mM � IC50�3 mM = ++ (moderately active); IC5 0 > 3 mM = + (inactive).

Fig. 3. (A) Hypo1 aligned with the most active compound2 (IC50: 0.001 mM). (B) Hypo1 aligned with the lease active compound 11 (IC50: 0.88 mM). Pharmacophore Features

are color coded: Green – hydrogen bond acceptor lipid (HBAL), blue – hydrophobic (H), and Orange – ring aromatic (RA). (For interpretation of the references to color in this

figure legend, the reader is referred to the web version of the article.)
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Fig. 4. The difference in total cost of hypotheses between the initial Hypothesis (Hypo1) spreadsheet and 19 random spreadsheets after Fischer’s randomization run.

Table 3
Experimental and predicted activities of test set molecules calculated on the basis of Hypo1.

Molecule no. Experimental IC50 mM Predicted IC50 mM Errora Experimental scaleb Predicted scaleb

17 0.049 0.035 �1.4 +++ +++

18 0.024 0.049 +2 +++ +++

19 0.081 0.22 +2.7 +++ +++

20 0.019 0.059 +3.1 +++ +++

21 0.094 0.1 +1.1 +++ +++

22 1.5 6.1 +4.1 ++ +

23 0.1 0.3 +3 ++ ++

24 1.9 0.42 �4.5 ++ ++

25 2.7 6.6 +2.5 ++ +

26 13 5.7 �2.3 + +

27 7.6 6.1 �1.2 + +

28 5.6 5.8 +1 + +

29 5 6.7 +1.3 + +

30 3.3 12 +3.8 + +

31 16 6 �2.7 + +

32 21 6 �3.5 + +

33 6 6.4 +1.1 + +

34 4.1 7.8 +1.9 + +

35 13 5.6 �2.3 + +

36 6.2 5.8 �1.1 + +

a Difference between the predicted and experimental values. ‘+ve’ indicates that the predicted IC50 is higher than the experimental IC50, ‘�ve’ indicates that the predicted

IC50 is lower than the experimental IC50.
b Activity scale: IC50< 0.1 mM = +++ (highly active); 0.1 mM � IC50� 3 mM = ++ (moderately active); IC50> 3 mM = + (inactive).

Fig. 5. Plot of the correlation (r) between the experimental activity and the

predicted activity by Hypo1 for the test set molecules (in blue) and the training set

molecules (in green). (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of the article.)
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model Hypo1 with statistical significance and it is not generated
by a chance.

3.3. Validation using test and decoy sets

The main reason to validate the Hypo1 using test and decoy sets
are how well it predict active molecules from inactive molecules
and also to prove it not only predict the activity of the training set
compounds accurately but also to verify whether the pharmaco-
phore model was capable of predicting the activity of external
compounds of the test molecules and classifying them correctly as
active or inactive other than the training set. The test set contains
20 structurally diverse and different activity classes of molecules
which are not included in the training set and grouped into three
categories same like as a training set. The test set molecules
mapped onto Hypo1 and the experimental and predicted activity
are shown in Table 3. Hypo1 was regressed against the test set
molecules and gave a correlation value of 0.93 (Fig. 5) which is



Table 4
Statistical parameters of Hypo1 from screening the Decoy set.

No. Parameter Values

1 Total number of molecules in database (D) 1300

2 Total number of actives in database (A) 10

3 Total number of hit molecules from the database (Ht) 11

4 Total number of active molecules in hit list (Ha) 8

5 % Yield of actives [(Ha/Ht) � 100] 72.72

6 % Ratio of actives [(Ha/A) � 100] 80

7 Enrichment factor (EF) 9.45

8 False negatives [A � Ha] 2

9 False Positives [Ht� Ha] 3

10 Goodness of Hit Scorea (GH) 0.74

a [(Ha/4HtA)(3A + Ht) � (1 � ((Ht� Ha)/(D � A))]; GH score of 0.7–0.8 indicated a

very good model.
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much equal to the training set molecules. All 5 highly active
molecules were predicted correctly, for moderately active mole-
cule 2 out of 4 were predicted correctly then remaining 2
compounds was underestimated as inactive molecule and in the
case of inactive molecules all were predicted correctly. Overall
prediction 18 out 20 (90%) test set molecules were predicted
correctly and all the test set molecules have shown the error value
less the 5. For further validation of Hypo1, the decoy set which
consists of 1300 molecules that were comprised of 1275 unknown
molecules and 25 know inhibitors of PDE5. Hypo1 was used to
screen the database using Fast Flexible method within DS. The
parameters includes, hit list (Ht), number of active percent of yields
(%Y), percent ratio of actives in the hit list (%A), enrichment factor
(EF), false negatives, false positives, and goodness of hit score (GH)
were calculated and summarized in Table 4. Hypo1 was
successfully retrieved 72% of the active compounds and then it
also recall 3 inactive compounds (false positives) and predicted 2
active compounds as inactive (false negatives). An EF and GH were
calculated using below mentioned equations:

EF ¼ Ha=Ht

A=D

� �

GH ¼ ððHa � ð3A þ HtÞÞ=ð4HtAÞÞ � ð1 � ððHt � HaÞ=ðD � AÞÞÞ

where Ht is the number of hits retrieved, Ha is the number of active
molecules in the hit list, A is the number of active molecules
present in the database, and D is the total number of molecules in
the database and the value is 9.45, 0.74, respectively. The GH score
range from 0 and 1 which indicates that null and ideal model
(Ravikumar et al., 2008), above 0.60 indicates the very good model
(Vadivelan et al., 2006). As a result, the Hypo1 has a superior ability
to identify false positive and could be differentiate to high
structural similarity in active and inactive PDE5 inhibitors.
According to all the validations we concluded that Hypo1 was
superior, thus it will be taken as further analysis such virtual
screening.

3.4. Virtual screening

The pharmacophore model is given an idea about how getting
the necessary and sufficient molecular dimension required for a
new candidate. Thus the well validated pharmacophore Hypo1
was used as a 3D query for retrieving potential new scaffolds
against PDE5 in the chemical database. NCI database containing
200,000 molecules were used for screening process by the Fast

Flexible method. A total of 2250 molecules were obtained in the
initial screening and these retrieved hits were filtered by using
Lipinski’s rule of five for the refinement of drug likeness and
applying ADMET properties, a total of 143 molecules were passed
out these filtration. Finally, these hit molecules were taken for
molecular docking studies to analyze the critical interactions
between the essential amino acids in the PDE5 active site.

3.5. Molecular docking

To reduce the false positive and also to identify the suitable
orientation of a ligand we used two docking methods. The first is
GOLD v4.1 and second, LigandFit, a modern docking program
within DS was used. A molecule should have the ability to interact
with active site of protein, thus the molecular docking studies were
carried out to check the molecule which are retrieved from the
database, whether these chemical features are mapped with
structure-based interaction mode or not.

3.5.1. GOLD

The 16 training molecules and 143 hits from NCI database were
docked into active site of protein using GOLD. The crystal structure
of PDE5 bound with sildenafil (PDB ID: 1UDT), which is most the
active compound and also include in our training set, was taken.
The active site of PDE5 is located at the center of the C-terminal
helical bundle domain and it is comprised of four subsites. First, a
metal binding site (M site) contains two metal ions, one is zinc ion
another one is magnesium ion and Asp654, Asp764, His617,
His653, His654 and His685 are the important residues surrounded
in this region but there is no direct interaction with ligand in this
site. Second, the Q Pocket surrounded by Gln817, Phe820, Val782
and Tyr612, and sildenafil make bidendate hydrogen bonds with
Gln817. Third, hydrophobic pocket which is formed by Phe786,
Ala783, Leu804, and Val782 and finally, L region is characterized by
the residues Tyr664, Met816, Ala823 and Gly819. After thorough
analysis about binding mechanism of PDE5-sildenfil via X-ray co-
crystal structure, it was described that there are two important
interactions for ligand binding. First, the conserved glutamine
residue was form bidendate hydrogen bonds with purine moiety of
sildenfil (glutamine switch) (Kam et al., 2004). Second, a conserved
valine one side and aromatic residues other side make hydropho-
bic interaction (hydrophobic clamp) (Card et al., 2004) and fixed
orientation of the ligand with respect to the central cavity.
However, the hydrogen bond interaction between inhibitor and
protein is conserved for both PDE5/PDE6 due to over 40% identity
in its catalytic domain. The main drawback of potent inhibitor of
PDE5, sildenafil, is transient disturbance in visual function while
treatment. The selection of inhibitor selectivity towards PDE5 over
PDE6 is more complex since both catalytic mechanism share a
requirements for divalent cations, including high-affinity binding
site for zinc ion that likely serve a structural role as well (Francis
et al., 1994; He et al., 2000). Thus we consider subtype selectivity to
select potential leads from our screened molecules. P.Srivani et al.,
(Srivani et al., 2007) have reported that any group, which can make
stacking interaction between active site residues such as Tyr612,
His613, and His617, would possible enhance the selectivity
towards PDE5 over PDE6. Thus we keep in mind and carried out
the both docking study, first we docked the training set molecule in
the active site of PDE5, in that Gold fitness score of sildenafil was
28, which we have taken as reference for analyze the result of
database hit compounds which were docked in the active site. The
top ten poses were collected for each molecule and the outcome
poses of the each molecule were selected based on Gold fitness
score as above 28, a total of 35 molecules were selected.

3.5.2. LigandFit

All the molecules include training set and 143 hits from
database were docked into the active site of protein. To investigate
the outcome molecules from docking consensus scoring function
was utilized, which includes LigScore1, LigScore2, PLP1, PLP2, JAIN,
PMF, and LUDI, has given in Table 5. The polar surface receptor–



Table 5
Docking score results for retrieved compounds.

Name Ligscore1 Ligscore2 -PLP1 -PLP2 -PMF JAIN Gold score

Sildenafil 4.91 7.12 126.54 115.55 123.24 5.61 28.0

NCI0680352 3.65 5.68 103.09 96.29 155.24 4.66 31.4

NCI0607596 3.68 5.64 122.58 115.64 137.49 8.03 31.0

NCI0673104 3.53 5.78 100.3 100.72 84.36 6.7 37.9

Fig. 6. Binding mode of sildenafil (training set) and the hit compounds from NCI (0680352, 0607596, and 0673104) interacts with active site amino acids (Gln817, Try612).

Color code: Green – ligand, and dotted lines denoted as hydrogen bond. (For interpretation of the references to color in this figure legend, the reader is referred to the web

version of the article.)
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ligand complexes were calculated using Ligscore1 and Ligscore2.
The hydrogen bond formation and its strength were defined by
PLP1 and PLP2. PMF scores were determined the pair wise
interaction of interatomic pairs in the receptor–ligand complex.
Hydrophobic interaction and thermodynamic terms such as
entropy, degree of freedom and change of energy were calculated
by Jain, Ludi score. After evaluating outcome molecules based on
the consensus scoring function, a total of 15 molecules were passed
this filtration.

When comparing both the docking results (GOLD and Ligandfit),
3 molecules (NCI0680352, NCI0607596 and NCI0673104) were
selected based on the Gold fitness score as well as consensus
scoring function, have shown in Table 5. These selected molecules
were further analyzed by visualization method through we could
find orientation and critical interactions between the receptor–
ligand. All the three molecules, NCI0680352, NCI0607596, and
NCI0673104, have shown very Gold fitness value of 31.4, 31, and
37.9 (greater than control group, sildenafil 28) as well as consensus
score. These three molecules showed hydrogen bond interactions
(Fig. 6) with essential amino acid like Gln817 which is similar that
of sildenafil in the complex with the PDE5 co-crystal X-ray
structure also make essential stacking against phenyl moieties of
crucial residues Tyr612, whereas this type stacking interaction is
not present in the sildenafil. This stacking interaction is well
support to the binding mode of PDE5 proposed earlier (Srivani
et al., 2007) also this could be do crucial role for selectivity of
inhibitors towards PDE5 over PDE6. From the above analysis, we
concluded that the small molecule, which were retrieved from NCI
database are satisfied all necessary condition such as binding
affinity, calculated drug-like properties and thus could be treated
as good leads in the design of potent inhibitors of PDE5. Hence,
these filtering results have given a confidence of the validity and
robustness of the quantitative pharmacophore model Hypo1.

4. Conclusion

In our study, we have generated 3D-QSAR pharmacophore
model using HypoGen algorithm. There were 16 structurally
diversified molecules used in the training set to generate the
hypotheses. The top ten hypotheses were exported, among all
hypotheses the best predictive model, Hypo1 was selected based
on its correlation co-efficient, cost function, configuration cost and
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RMS deviation. Hypo1 was then cross validated by Fischer’s
validation and statistical significances were demonstrated by
external test set and decoy set. After all three validations, Hypo1
has shown the good predictability of active and inactive molecules
and robustness then it was taken for further analysis like virtual
screening method for retrieving the potential leads against PDE5.
NCI database contains about 200,000 molecules were used for
virtual screening technique, Hypo1 was used as query and a total of
2250 molecules were retrieved in this method. To refine the
retrieved hits, the molecules were further filtered by applying
Lipinski’s rule of five and ADMET properties to attain the more
drug-likeness, a total of 143 molecules passed these filtrations.
Further filtration, all the molecules have taken for molecular
docking studies to identify the suitable orientation and critical
interaction between essential amino acids in PDE5 active site. Two
docking methods, Gold and LigandFit were used to refine the
retrieved hit from the virtual screening, thus all compounds
include training and 143 hits were docked into the active site of
PDE5. Finally, 3 compounds were selected based on the Gold
fitness score, consensus scoring function and visualization method.
These 3 compounds have shown good binding affinity with critical
amino acid, drug-likeness which are similar that of experimentally
proved compound as well as showed stacking interaction with
phenyl moieties of Tyr612 which is crucial for selectivity of
inhibitors towards PDE5 over PDE6. Hence, we concluded that our
pharmacophore model Hypo1 is able to identify new hits from any
chemical databases and give potent molecules that may act as good
leads against PDE5.
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