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Phosphodiesterase type-5 (PDE-5) is a key enzyme involved in the erection process. PDE-5 inhibitors, such as Sildenafil
(Viagra™), Vardenafil (Levitra™) and Tadalafil (Cialis™), are used for the treatment of erectile dysfunction. Computer-
assisted modelling of biological activities of PDE-5 inhibitors may make quantitative structure—activity relationship
(QSAR) models useful for the development of safer (low side effects) and more potent drugs. The multivariate image
analysis applied to QSAR (MIA-QSAR) method, coupled to partial least-squares (PLS) regression, has provided highly
predictive QSAR models. Nevertheless, regression methods which take into account nonlinearity, such as least-squares
support-vector machines (LS-SVMs), are supposed to predict biological activities more accurately than the usual linear
methods. Thus, together with prior variable selection using principal component analysis ranking, MIA-QSAR and LS-SVM
regression were applied to model the bioactivities of a series of cyclic guanine derivatives (PDE-5 inhibitors), and the results
were compared with those based on linear methodologies. MIA-QSAR/LS-SVM was found to improve greatly the
prediction performance when compared with MIA-QSAR/PLS, MIA-QSAR/N-PLS, CoMFA/PLS and CoMSIA/PLS
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models.
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1. Introduction

The term ‘erectile dysfunction’ can mean the inability to
achieve erection, an inconsistent ability to do so or the ability
to achieve only brief erections. These various definitions
make estimating the incidence of erectile dysfunction
difficult. The National Institute of Health estimates that
erectile dysfunction affects as many as 30 million men in the
USA [1]. Physical and psychological factors, in addition to
lifestyle choices (such as smoking), may cause erectile
dysfunction; biochemically, inhibition of phosphodiesterase
type-5 (PDE-5), a cyclic guanosine 3',5'-monophosphate
(cGMP)-specific isozyme in the corpus cavernosum of the
penis, increases the effective concentration of cGMP in the
corpus cavernosum, leading to vasodilatation and increasing
flow and erection. In order to produce cGMP, nitric oxide
(NO) must be released from non-adrenergic, non-cholin-
ergic neurons in the penis upon sexual stimulation. NO
activates guanylyl cyclase, which produces cGMP [2-4].
Sildenafil (ViagraTM) [5], Vardenafil (LevitraTM) [6] and
Tadalafil (Cialis™) [7] are currently the most commonly
used drugs for the treatment of erectile dysfunction.
Recently, some derivatives of these milestone
compounds were computationally designed in order to
improve potency and side effects [8]. Also, a quantitative
structure—activity relationship analysis based on multi-
variate image analysis (MIA-QSAR) was performed to

model the bioactivities of some cyclic guanine derivatives
(PDE-5 inhibitors) [9], demonstrating predictive ability
comparable with the ones obtained through comparative
molecular field analysis (CoMFA) and comparative
molecular similarity index analysis (CoMSIA) [2].
QSAR/QSPR (quantitative structure—property relation-
ship) studies are important for designing new compounds
in lieu of testing experimentally which molecular system
would be more appropriate, reducing time and cost.
Consequently, researchers have paid attention to introduce
new methodologies with high quality and minimum cost to
achieve a robust QSAR model. Partial least squares (PLS)
is a famous and popular regression technique, which has
been used in a variety of 3D-QSARs, such as the one
previously performed on this class of compounds, through
CoMFA and CoMSIA [2]. However, external validation
gave poor correlation between experimental and predicted
activity values in all previous works, which was attributed
to external samples not calibrated in the prior modelling
step. The badly predicted results may also be due to
nonlinearity, which is not accounted for in linear methods,
such as the PLS method, during regression. In turn,
support-vector machines (SVMs), originally proposed and
developed by Vapnik [10], are based on linear or nonlinear
radial basis function (RBF) kernels, and thus can be
applied to improve correlation of data with nonlinear
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nature [11]. This, together with principal component (PC)
ranking as a variable selection method, has provided an
improved QSAR model for a series of checkpoint kinase
WEEI! inhibitors [12]. Thus, selection of MIA descriptors
by PC ranking followed by least-squares SVM (LS-SVM)
regression was carried out here to derive a QSAR model
for a series of PDE-5 inhibitors, in order to circumvent the
problem of nonlinearity and to enhance the estimation
performance for an external test set, making the prediction
of activities of novel congeners to be more reliable.

2. Computational methods

The building of the X matrix (descriptor block) to proceed
with the MIA-QSAR analysis was performed as previously
described [9], and is detailed as follows. The structures of
compounds 1-49 (Table 1) were systematically built using
appropriate software, ACD/ChemSketch [13], and then
converted to bitmaps in 250 X 250 pixel windows, with a
resolution of 102 X 102 points per inch. All the molecular
structures were fixed by a common point among them in a
given coordinate, since the shapes should be superimposed
afterwards, as a 2D alignment to allow maximum
similarity. In our data-set, the pixel located at the
50 X 100 coordinate (on the carbonyl carbon, present in
the whole series) was used as the reference in the
alignment step. Each 2D image was read and converted
into binaries (double array in Matlab [14]), and a three-
way array, the predictor block, was built by grouping the
49 treated images, giving a 49 X 250 X 250 array. The 3D
array was unfolded to an X matrix (49 X 62,500), in order
to be correlated with the Y block (the column vector of
activities) using LS-SVM regression.

In LS-SVM, a linear estimation is done in kernel-
induced feature space (y = wT¢(x) + b, where w corre-
sponds to the weights and ¢ denotes a feature map).
However, the optimisation problem is described as

, 1 1 &
minJ(w, §) = 3 ||w||2+§CZ &,
i=1

subjectedto y; = wloxi)+b+ &, i=1,2,....n

It is worth mentioning that C is the punishment factor,
which determines the trade-off between the complexities
of the LS-SVM model and had to be optimised by the user.

The LS-SVM’s loss function is different from the
standard SVM. For the optimisation problem, the
Lagrange function is introduced as follows:

N N
L=IPHCY e = > anfw o) + b+ & — i)
=1 =1

In this equation, «; is the Lagrange multiplier. By
eliminating w and &, the Karush—Kuhn—Tucker (KKT)
system is obtained as

0 1 1
1 K(xl,x1)+1/C K(xy,x,) [b]

o

1 K(xlaxn) K(xn7xn)+1/c
0
Y1
yﬂ
where o = [al,...,an]T and Mercer’s condition [15],

K(x;, xp) = d(x)T ¢(x;) is a kernel function and determines
both a nonlinear mapping, x — ¢(x), and the correspond-
ing inner product, ¢(x;)" ¢(x;). This leads to the following
nonlinear regression function:

N
Yx) =D @i K(xi,x) + b7,

where «; and b* are optimal solutions to a linear system.
In this paper, the RBF kernel was used as the kernel
function, exp(— (|lx; — x;[[2)/20 %), a simple Gaussian
function, where o? is the width of the Gaussian, so C
and o, which are the relative weights of the regression
error, and the kernel parameter of the RBF kernel should
be optimised by the user to obtain the support vector.
It should be noted that a five-fold cross-validation was
used to tune the optimised C and o2, which were 87.53
and 9.45, respectively.

However, in order to select the more relevant MIA
descriptors, principal component analysis (PCA) ranking
variable selection was performed prior to regression.
The data-set composed of 49 samples was divided into
training set (37 compounds, 75% of the whole data-set)
and test set (12 compounds), exactly as previously
reported in CoMFA, CoMSIA and MIA-QSAR/PLS
studies [2,9]. Also, the folded (three-way) array was
treated using multilinear PLS (N-PLS). The model
validation was achieved through leave-one-out cross-
validation (LOO-CV) and leave-20%-out cross-validation
(L20%0-CV), as well as by an external validation (test
set), and the quality of the results was evaluated by
analysing r % and ¢ 2, the squared correlation coefficients of
experimental vs. fitted/predicted activities of calibration
and validation, respectively. In addition, the root-mean-
square errors of calibration and external validation/predic-
tion (RMSEP), relative standard error of prediction
(RSEP), mean absolute error (MAE), Fischer (F)-test
and #-test were used as statistical parameters to account for
the predictive ability of the model.
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3. Results and discussion

In the previous work using MIA-QSAR to this series of
PDE-5 inhibitors [9], PLS was used as a regression method
and the correlation results were r”=0.864 and
g”=0.605, using five latent variables. In order to
investigate the effect of using a three-way array during
the modelling, we have used N-PLS as a regression
method, since it is supposed to be advantageous over
unfolded PLS [16]. The results of Tables 1 and 2 indicate
that a slight improvement in estimation and prediction was
achieved through MIA-QSAR/N-PLS when compared
with the PLS-based model. Although very similar to
previous results using CoMFA and CoMSIA, the
MIA-QSAR/N-PLS model was not reliable for the
prediction of activities of external compounds. In order
to improve the existing results for the series of PDE-5
inhibitors, PC ranking as a feature selection and a
nonlinear regression using LS-SVM were applied.

PCA creates p latent variables (Y) as linear
combinations of the original p variables (X), in such a
way that new orthogonal axes are built to explain the
maximum variance possible in just a few dimensions,

Yi=elX=enX| +enXos+ -+ eipXp,

where the unknown vector e; establishes the ith linear
combination, fori = 1,..., p.

The PC ranking technique was chosen as the feature
selection method. This method is an extremely useful
explorative tool that maps samples through scores and

Molecular Simulation 875

individual variables through scores in a new vector space
defined by high correlative PCs; in this work, the order of
the four selected PCs based on their decreasing correlation
coefficients was PC3 > PC5 > PC7 > PC1 (Table 3).
It can be seen that among the PCs, the four components
PC3, PC5, PC7 and PC1 show, respectively, the largest
correlation coefficients with pICsy. Although PCl1
represents 89.2% of the variance in the space of scores,
it shows a lower correlation with pICsy when compared
with PC3, PC6 and PC7. Therefore, in the PCA ranking
method, the criterion for the selection of the space of PCs
containing the important response matrix is the correlation
of PCs with pICso. Obviously, there is no significant
correlation (>0.9) among descriptors selected by PC
ranking. On the other hand, to demonstrate the absence of
chance correlation on the LS-SVM model, a Y scrambling
test was performed, in which the Y block (pICsy) was
randomised while the X one was not, to determine
the correlation and predictability of the resulting model.
The correlation obtained using this procedure was
r?=0.119 + 0.041 (average of 40 repetitions). This
demonstrates that the good correlation obtained in the real
calibration was not casual. After feature selection,
variables were used as input for nonlinear regression,
namely LS-SVMs.

The use of LS-SVM as the regression procedure gave a
high correlation both in calibration and validation/predic-
tion, as illustrated in Figure 1. The propagation of
residuals shown at both sides of the zero line in Figure 2
indicates that no systematic error exists in the development

Table 2. Statistics for the MIA-QSAR models and for those in the literature.

Parameters MIA-QSAR/PC ranking/LS-SVM MIA-QSAR/N-PLS MIA-QSAR/PLS [9] CoMFA [2] CoMSIA [2]
RMSEP
Training set 0.15 0.15 0.22 0.15 0.14
Test set 0.33 0.78 0.87 0.73 0.66
RSEP (%)
Training set 1.76 1.84 2.67 1.85 1.72
Test set 4.07 9.76 10.95 9.12 8.21
MAE (%)
Training set 5.35 5.62 6.88 5.73 5.52
Test set 15.06 24.73 26.42 23.98 22.65
2
p
Training set 0.940 0.933 0.864 0.932 0.941
Test set 0.930 0.190 0.137 0.260 0.358
(I%oo
Training set 0.876 0.724 0.605 0.755 0.788
41 20%0
Training set 0.853 0.580
F
Training set 544.41 485.07 221.48 479.68 559.47
Test set 132.07 2.34 1.58 3.51 5.56
t
Training set 23.33 22.02 14.88 21.90 23.65
Test set 11.49 1.53 1.26 1.87 2.36
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Table 3. Correlation matrix of selected descriptors.
pICso PC3 PC5 PC7 PC1
pICso 1
PC3 0.2485 1
PC5 0.1814 0.0001 1
PC7 0.1077 0.003 0.0123 1
PC1 0.0386 0.0011 0.0015 0.1656 1
9.5 1 | e Calibration
o External validation
9.0 1
3
] o
a 851
B
S 80+
8
o 7.5
g
2 701
6.5 1
60 T T T T T T T
60 65 70 75 80 85 090 95
Experimental plCsg
Figure 1. Plot of experimental vs. fitted/predicted pICsg, using

the MIA-QSAR/PC ranking/LS-SVM method.
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Figure 2. Plot of residuals vs. experimental pICs.

Table 4. Validation tests performed for the various QSAR models.

of the LS-SVM model. Tables 1 and 2 show that the results
using this approach improved significantly, i.e. higher
correlation (r2 and ¢ 2), lower errors (RMSEP, RSEP and
MAE) and better statistics (F and r) were achieved through
the MIA-QSAR/LS-SVM method when compared with
MIA-QSAR/PLS, MIA-QSAR/N-PLS, CoMFA and
CoMSIA for a series of 49 cyclic guanine derivatives.
In addition, the model showed to be stable, since
independent of the number of samples left out, ¢ did
not vary significantly, as confirmed by the LOO-CV and
L20%0O-CV results of Table 2. Nevertheless, there are
substituents not calibrated in the test set, e.g. NH, and
N3 as X, and this extrapolation is not accurately predicted
by any model (e.g. compound 46 showed the highest
deviation from the experimental value even in the
MIA-QSAR/LS-SVM model).

Further tests on validation are required to achieve a
reliable QSAR model; according to Golbraikh and
Tropsha [17], in addition to r being close to 1, at least
one of the correlation coefficients for regressions through
the origin (observed vs. predicted activities or predicted
vs. observed activities), i.e. r% orr 3, should be close to 2.
Furthermore, at least one slope of regression lines (k or k')
through the origin should be close to 1. Models would be
considered acceptable, if they satisfy all of the following
conditions: (i) g2 > 0.5, (ii) r> > 0.6 and (iii) 73 or /g is
close to r2, such that [(r? — r%)/rz] or [(r? — r’%)/rz] <
0.1 and 0.85 <k = 1.15 or 0.85 = ¥ = 1.15. Moreover,
other parameters have been implemented to guarantee
the validity of QSAR models [18—20]: an additional
statistic for external validation r? is calculated as

2 =r2(1 = (r> = r3)'/?). The parameters r2 and r2 are
squared correlation coefficient values between observed
and predicted values of the test-set compounds with and
without the intercept, respectively. For a model with good
external predictability, the rgq value should be greater than
0.5. A similar procedure can be performed to obtain
r,zn(LOO), based on the LOO predicted values. We have
found that the MIA-QSAR/LS-SVM model obeys all these
requirements, as depicted in Table 4, while others do not
positively fulfil the whole set of the above validation tests.

Models Sets rfn(LOO) r g r’é k K > =r)/r* (- r’(z))/r2 lrg — 2
LS-SVM Training set 0.658 0.905 0.938 0.938 0.997 1.002 0.004 0.001 0.001
Test set 0.439 0.652 0.844 1.000 0.999 0.299 0.094 0.191
N-PLS Training set 0.438 0.880 0.923 0925 0.999 1.001 0.003 0.001 0.002
Test set —0.050 —1.374 0.166 1.019 0.973 0.825 0.127 1.539
PLS [9] Training set 0.348 0.785 0.858 0.865 1.000 0.999 0.010 0.002 0.007
Test set 0.010 —0.715 —0.023 1.025 0.966 6.230 1.168 0.692
CoMFA [2] Training set 0.506 0.864 0.927 0.932 1.000 1.000 0.006 0.000 0.005
Test set 0.034 —0.49%4 0.215 1.001 0.991 —2.901 0.174 0.709
CoMSIA [2] Training set 0.539 0.887 0.938 0.941 1.000 1.000 0.003 0.000 0.003
Test set —6.990 —0.682 0.357 0.995 0.998 2.907 0.000 1.039
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Overall, we found that nonlinearity must be accounted
for to achieve accurate estimations and predictions. This
might be easily achieved using LS-SVM regression, which
increased r2 for an external test set, in comparison with
linear-based methods, from 0.14—0.36 to 0.93. The high
correlation between experimental and predicted pICsy
obtained for a series of 49 PDE-5 inhibitors makes the
MIA-QSAR/LS-SVM model useful for the prediction of
activities of new related derivatives. These compounds may
be designed by combining significant substructures or
substituents previously calibrated, e.g. those possessing high
influence on the bioactivity values, forming a new chemical
structure. For example, compounds 8 and 20, which exhibit
pICs values above 9, can be mixed to give a new, potentially
useful drug with X, Y and Z substituents as CCPh, OH and
Br, respectively. A similar procedure, assisted by docking
studies, has been performed previously [8,21].

4. Conclusion

Previous QSAR analyses, including those based on MIA,
were found to be very estimative, but not equally
predictive, as shown by the poor results of external
validation. Despite some substituents not calibrated being
used in the test set, it should not be supposed that bad
predictions are only due to the choice of compound sets,
but also selection of suitable descriptors and, especially,
the use of nonlinear regression between dependent and
independent variables must be considered. This made the
model for a series of PDE-5 inhibitors to be approximately
10% more estimative than the MIA-QSAR/PLS-based
model and really useful for the prediction of unknown,
potential derivatives.
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