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a b s t r a c t
Presently, a genetic algorithm (GA)-support vector machine (SVM) coupled approach is proposed for
optimizing the 2D molecular descriptor subset generated for series of P2Y12 (members of the G-proteincoupled receptor family) antagonists, with the statistical performance and efﬁciency of the model being
simultaneously enhanced by SVM kernel-based nonlinear projection. As we know, this is the ﬁrst QSAR
study for prediction of P2Y12 inhibition activity based on an unusually large dataset of 364 P2Y12 antagonists with diversity of structures. In addition, three other widely used approaches, i.e., partial least squares
(PLS), random forest (RF), and Gaussian process (GP) routines combined with GA (namely, GA–PLS, GA–RF,
GA–GP, respectively) are also employed and compared with the GA–SVM method in terms of several rigorous evaluation criteria. The obtained results indicate that the GA–SVM model is a powerful tool for
2
prediction of P2Y12 antagonists, producing a conventional correlation coefﬁcient R2 of 0.976 and Rcv
2
(cross-validation) of 0.829 for the training set as well as Rpred
of 0.811 for the test set, which signiﬁ2
2
cantly outperforms the other three methods with the average R2 = 0.894, Rcv
= 0.741, Rpred
= 0.693. The
proposed model with excellent prediction capacity from both the internal to external quality should be
helpful for screening and optimization of potential P2Y12 antagonists prior to chemical synthesis in drug
development.
© 2011 Elsevier B.V. All rights reserved.

1. Introduction
Nowadays, the most common causes of mortality from cardiovascular and cerebrovascular diseases are endangering human
health all over the world. Researchers are trying their best to
develop new drugs against these stubborn diseases, the current
therapy for which includes antiplatelet agents such as aspirin,
dipyridamole, glycoprotein IIb/IIIa antagonists, and thienopyridines [1]. Clopidogrel, a thienopyridine, is an oral prescription
antiplatelet drug approved for the reduction of atherosclerotic
events (stroke, myocardial infarction, and death) in patients
with acute coronary syndrome that acts by blocking the adenosine diphosphate (ADP)-stimulated platelet aggregation. As an
important platelet agonist, ADP, induces a primary aggregation
response and contributes to the secondary aggregation following release from platelet dense granules upon the activation by
other agonists [2]. ADP induces platelet aggregation via the activation of two major ADP receptors, P2Y1 and P2Y12 [3], both
members of the G-protein-coupled receptor family [4,5]. Experimental studies have demonstrated that a selective blockade
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of either receptor is sufﬁcient to inhibit the platelet activation
[6]. However, P2Y12 represents a more attractive therapeutic
target for the selective modulation of ADP-induced platelet activation compared to P2Y1 , because P2Y1 gene is ubiquitously
expressed, whereas P2Y12 is primarily a platelet speciﬁc receptor.
Current drugs against P2Y12 receptor [7], however, suffer some
limitations. Take Clopidogrel as an example, the active metabolite
of the prodrug can irreversibly and selectively inhibit P2Y12 receptor, leading to a delay for the antiplatelet efﬁcacy for several days
[8]. This makes it less effective in acute settings and difﬁcult to manage if a patient bleeds, experiences a trauma, or requires emergency
surgery. In addition, there are also some other unavoidable shortcomings which can affect the efﬁciency of this drug, for example,
some individuals do not metabolize the prodrug adequately and
some might be resistant to clopidogrel [9]. It is anticipated that a
direct acting, reversible P2Y12 antagonist will achieve an improvement in efﬁcacy and also exhibit an improved safety proﬁle. Several
groups have put their efforts aimed at discovering ADP receptor antagonists, including cangrelor (AR-C69931MX) and ticagrelor
(AZD-6140) [10], both of which are currently in late stage clinical
trials. Recently, John et al. have also reported an unusually large
dataset of structural diversity of P2Y12 antagonists to address the
unmet medical need for safe and effective oral antiplatelet agents
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with good human platelet rich plasma potency, selectivity, in vivo
efﬁcacy and oral bioavailability.
As we know, novel medicines are typically developed using
a trial and error approach which is normally costly and
time-consuming. The application of in silico methods such as quantitative structure-activity relationship (QSAR) to this issue has the
potential to decrease substantially the time and effort required
to discover new drugs or improve current ones in terms of the
efﬁcacy [11,12]. Therefore, in silico approaches have been successfully applied to various ﬁelds of biochemistry such as the
prediction of chromosome aberrations [13], blood–brain barrierpenetrating agents [14], P-glycoprotein substrates and inhibitors
[15], etc. However, there is still, to our best knowledge, no report
of any computational models for prediction of the P2Y12 inhibition activity up to the present. Therefore, it is necessary to build a
predictive QSAR model to ﬁll this gap.
Among the QSAR investigations, one of the important factors
affecting the quality of the model is the molecular descriptors used
to extract the structural information that is suitable for the model
development. The software Mold2 [16] enables a rapid calculation
of a large and diverse set of descriptors encoding two-dimensional
(2D) chemical structure information. By comparative analysis of
Mold2 descriptors with those calculated by Cerius2 , Dragon or MolconnZ on several data sets it has been demonstrated that Mold2
descriptors convey a similar amount of information as these widely
used software packages [16]. Although serving as free available
software, Mold2 has been proved suitable not only for the QSAR
research [17], but also for virtual screening of large databases in
drug development [16].
The selection of appropriate approaches to building the models
is another key factor to produce an accuracy prediction. Often used
statistical methods include the simple but interpretable multiple
linear regression (MLR) [18], PLS [19] and nonlinear, relatively not
prone to interpretable but often highly predictive methods such
as artiﬁcial neural networks (ANN) [20] and recently popular SVM,
RF, GP and so forth [21–24], which is just the case in this work.
All of these methods have a proven record of successful applications in QSAR modeling. However, several of them also often suffer
several limitations. For example, traditional statistical method like
MLR can only handle data sets where the number of descriptors (p)
is smaller than that of the molecules (n), unless a pre-selection of
the descriptors is executed (e.g. by using successive projections or
genetic algorithms [25,26], etc.). Also they are not ﬂexible enough
and do not account for nonlinear behavior [21]. SVM, a relatively
new nonlinear technique employed in classiﬁcation and regression
problems [27], is not robust to the presence of a large number of
irrelevant descriptors [21]. PLS is a popular computational method
that expresses a dependent variable in terms of linear combinations of the independent variables commonly known as principal
components. However, PLS may not be suitable for handling multiple mechanisms of action [21], such as the nonlinear biological
behaviors.
Thus, in the present work for purpose of obtaining mathematic
models with highly statistical performance and efﬁciency, GA is
selected as the feature selection method to obtain the optimal
descriptor subset when dealing with a number of descriptors. As
a state-of-art algorithm that has found success in a variety of areas,
SVM, has been used as a classiﬁer in the wrapper feature selection method [28]. Among the many wrapper algorithms used, the
GA, which solves optimization problems using the evolution with
appropriate crossover and mutation operators, has been proven
as promising one due to its prominent capability in solving global
optimization problems. However, existing GA-based wrapper was
primarily developed for optimizing either the feature subset selection [29,30] or optimizing the parameters of various algorithms
[31]. However, in SVM regression analysis, a key problem is that

the model efﬁciency is not only largely dependent on the feature
subset, but also on the kernel parameters needed to be optimized
simultaneously in the model generation process [32]. In light of
this, for the ﬁrst time in this work, we have adopted GA to optimize the SVM parameters (including not only the C and the kernel
function ␥, but also the variable  for the radial basis function kernel) and descriptor subset simultaneously to build a reliable model.
In addition, for comparison with the GA–SVM, three other popular
methods, i.e., GA–PLS, GA–RF and GA–GP, are also applied using the
same dataset.
2. Material and experimental methods
2.1. Data sets
A large, diverse dataset of 364 antagonists of P2Y12 with deﬁnitive biological values, were collected from literatures [33–36]
published by the same research group. The experimental IC50 values of all the molecules were from human platelet rich plasma
incubated with 20 M ADP. Here, the converted molar pIC50
(−log IC50 ) values, ranging from 4.013 to 6.678 M, were used as the
dependent variables in the QSAR regression analysis to improve
the normal distribution of the experimental data points. As to the
selection of training/test sets which plays a crucial role in the QSAR
modeling, two split formats of approaches including (1) the single pair of training/test sets [37–40] which is usually based on
the descriptors space such as Kennard–Stone (KS) algorithm and
Kohonen self-organizing mapping, and (2) the repeated splitting of
data to training/test sets [21,41]) both have a good record of successful applications in QSAR modeling. Thus in this present work,
the whole data set was divided into training (291 compounds) and
test (73 compounds) sets in a ratio of 4:1 based on Kennard–Stone
algorithm, which guarantees that the points of the training set are
distributed evenly within the whole area occupied by representative points, and the closeness condition of the test set points to the
training ones is satisﬁed [42]. Since KS has been reported [43] to
be superior to both the random sampling (RS) and Kohonen selforganizing mapping [44,45], it has also been successfully applied
to many QSAR researches [39,43,46]. Table 1 shows several representative compounds together with their activity. All information
about the 364 compounds with their diverse scaffolds of structures
is provided in Table S1 (Supporting information).
2.2. Descriptors calculation and pre-processing
Construction of the 2D prediction models ﬁrstly depends
on the generation of molecular descriptors. By simply using
various molecular modeling tools, it is possible to calculate thousands of these descriptors directly from the structure of any
particular molecule. In the present work, all two-dimensional
structures of the dataset were built with the ISIS/Draw 2.3 program
[47], and converted SDF format by Open Babel software package (http://openbabel.sourceforge.net/). The ﬁnal structures were
transferred into Mold2 [16], a free program available to public,
to calculate molecular descriptors. The Mold2 software package
can calculate 777 molecular descriptors solely from 2D chemical
structures. Hong et al. have reported that the models generated
using Mold2 descriptors were comparable to those generated using
descriptors from the compared commercial software packages. In
our work, all original 777 molecular descriptors were calculated,
which were then preprocessed (also called unsupervised selected)
as follows: (1) descriptors containing greater than 85% zero values were removed; (2) zero- and near zero- variance predictors
were removed because such descriptors may cause the model to
crash or the ﬁt to be unstable; and (3) one of the two descriptors

M. Hao et al. / Analytica Chimica Acta 690 (2011) 53–63

55

Table 1
Representative chemical structures, actual and predicted activities by GA–SVM, GA–PLS, GA–RF and GA–GP models based on 364 P2Y12 antagonists of diverse structures.

.
Compd.

Scaffold

pIC50 (M)

GA–SVM

GA–PLS

GA–RF

GA–GP

R1

R

1
2
3
191a
192
193
194
196a

A
A
A
B
B
B
B
B

–
–
–
Bu
Pent
Et
Allyl
Bu

(CH2 )3 CF3
CH2 cPent
(CH2 )2 CH(CH3 )2
O(CH2 )2 OH
O(CH2 )2 OH
O(CH2 )2 OMe
O(CH2 )2 OMe
O(CH2 )2 OMe

4.155
4.086
4.056
5.108
4.939
5.237
4.876
5.357

4.207
4.138
4.108
5.181
4.991
5.199
4.928
5.487

4.206
3.939
4.309
5.040
4.843
4.872
4.764
5.118

4.413
4.208
4.232
5.066
4.988
5.170
4.929
5.306

4.645
4.701
4.580
5.150
5.020
4.914
4.940
5.162

[33]
[33]
[33]
[34]
[34]
[34]
[34]
[34]

297a

C

Pent

6.000

5.989

5.806

5.805

6.016

[36]

298

C

Bu

5.620

5.672

5.704

5.694

5.788

[36]

299

C

Pent

5.658

5.751

5.719

5.692

5.758

[36]

305a
323a
324
325
326a
329a
330

C
D
D
D
D
D
D

Pent
–
–
–
–
–
–

6.125
5.721
5.638
5.301
5.745
5.959
6.292

6.188
5.487
5.593
5.447
5.657
6.210
6.240

6.107
5.284
5.393
5.366
5.322
6.047
5.943

6.023
5.642
5.656
5.499
5.677
5.833
6.128

5.905
5.534
5.572
5.488
5.680
6.061
6.080

[36]
[36]
[36]
[36]
[36]
[36]
[36]

a

Substitute

H
Me
Pr
(CH2 )2 OH
(CH2 )2 NH2
(CH2 )2 NMe2

Ref.

Test set.

that have the absolute correlations above 0.75 was omitted. After
these steps, the number of the descriptors was reduced to 106 for
further research. In addition, in each case, descriptors were scaled
according to the following formula:
Xijn =

Xij − Xj,min
Xj,max − Xj,min

(1)

where Xij and Xijn are the non-scaled and scaled jth descriptor values
for compound i, respectively, and Xj,min and Xj,max are the minimum
and maximum values for jth descriptor, respectively. Thus, for all
descriptors, min(Xijn ) = 0 and max(Xijn ) = 1.
2.3. GA–SVM
Genetic algorithm, derived from Darwin’s theory of natural
selection and evolution, is a highly efﬁcient optimization algorithm
which has already been successfully applied in many QSAR analyses [48,49]. GA works with a set of candidate solutions called a
population. Based on the Darwinian principle of survival of the
ﬁttest, GA obtains the optimal solution after a series of iterative
computations (i.e., selection or reproduction, crossover or recombination, and mutation). For variable selection issue, the binary

coding form of each chromosome is adopted with 1 and 0 representing selected and non-selected descriptors, respectively. Crossover,
the critical genetic operator that allows new solution regions in the
search space to be explored, is a random mechanism for exchanging
genes between two chromosomes using different crossover strategies [32,50,51]. The simplest one point crossover was employed in
our study. In mutation the genes may occasionally be altered, i.e.,
in binary code genes the code may be changed from 0 to 1 or vice
versa. Children replace the old population using the elitism or diversity replacement strategy and form a new population in the next
generation. The evolutionary process operates many generations
until the termination condition is satisﬁed [32,52,53]. The detailed
methodology about GA has been described everywhere [53,54].
Support vector machines are a relatively new type of learning algorithm originally introduced by Vapnik and co-workers
[55]. Because of many attractive features and promising empirical performances, it is gaining increasing popularity in many ﬁelds
including QSAR analysis [56]. Although SVM is initially developed
for binary classiﬁcation, it has been extended to solve regression
problems with the given data set D = {(xi , yi )}N
i=1 obtained from a
latent function by the introduction of -insensitive loss function,
where xi means the sample vector, yi the corresponding response,
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Fig. 1. The chromosome representation (including four parts of C, , ε and the features mask).

and N the number of samples. Since for the present work, the main
aim employing SVM is to predict P2Y12 inhibition activity which
belongs to the regression issue, the support vector regression (SVR)
is simply introduced with the standard form of SVR as follows [57]:


1 T
(i + i∗ )
w w+C
∗
2
w,b,,
N

min

i=1
⎧ T
⎨ w (xi ) + b − zi ≤ ε + i

s.t.

⎩

(2)

zi − wT (xi ) − b ≤ ε + i∗
i , i∗ ≥ 0, i = 1, ..., N

The dual is:



1
min (˛i − ˛∗i )T Q (˛ − ˛∗i ) + ε
(˛i + ˛∗i ) +
zi (˛i − ˛∗i )
∗
˛,˛ 2
N


s.t.

(˛i − ˛∗i )

= 0,

0 ≤ ˛i ,

N

N

i=1

i=1

˛∗i

≤ C,

(3)

i = 1, ..., N

i=1

where Qij = K(xi , xj ) ≡ (xi )T (xj ).
For SVR, the input x is mapped into a higher dimensional feature
space by the use of a kernel function (often used in SVM including
linear, polynomial, radial basis function, and sigmoid function), and
then a linear model given in Eq. (4) is constructed in this feature
space:
f (x, ω) =

m


ωj gj (x) + b

(4)

j=1

where gj (x), j = 1,.., m represents a set of nonlinear transformations,
ωj and b are the coefﬁcient and bias terms, respectively.
The generalization performance of SVR depends on a good setting of parameters: C, ε, the kernel type and corresponding kernel
parameters. The selection of the kernel function and corresponding
parameters is very important because they deﬁne the distribution
of the training set samples in the high dimensional feature space.
There are four possible choices of kernel functions available in normal algorithms [58], i.e., linear, polynomial, radial basis function,
and sigmoid function. For regression tasks, the radial basis function kernel is often used because of its effectiveness and speed
in training process. It was also used for all SVR models in our
study. For the RBF kernel, the most important parameter is the
width  of the radial basis function. The previous references [59]
have illustrated that C is a regularization parameter that controls
the trade-off between maximizing the margin and minimizing the
training error. If C is too small, then insufﬁcient stress will be placed
on ﬁtting the training data. If C is too large, then the algorithm
will overﬁt the training data. The optimal value for ε depends on
the type of noise present in the data, which is usually unknown.
Even if enough knowledge of the noise is available to select an
optimal value for ε, there is the practical consideration of the number of resulting support vectors. ε-insensitivity prevents the entire
training set meeting boundary conditions and so allows for the possibility of sparsity in the dual formulation’s solution. The value of
ε can affect the number of support vectors used to construct the
regression function, where the bigger ε is, the fewer support vectors
are selected. In the present work, a genetic algorithm approach was
employed to simultaneously optimize the parameters (including
the C, width  and ε) and feature subset.

Since RBF has been selected as a kernel function of SVR, its three
parameters (C,  and ε) and the descriptors used as input must be
optimized using our proposed GA-based system. The chromosome
comprises four parts, C, , ε and the features mask as described
formation [32] previously. The binary coding system was used to
represent the chromosome in this work. Fig. 1 shows the binary
chromosome representation in our design process, where the deﬁnitions of the parameters are: Ci represents the ith bit’s value of bit
string that represents parameter C, and nc is the number of bits representing parameter C;  j represents the jth bit’s value of bit string
that represents parameter , and n is the number of bits representing parameter ; εk represents the kth bit’s value of bit string that
represents parameter ε, and nε is the number of bits representing
parameter ε; fm represents the mask value of mth feature, and nf is
the number of bits representing the selected features, respectively.
nc , n and nf can be modiﬁed according to the calculation precision
and/or efﬁciency required (nc = 20, n = 20, nε = 20 and nf is the total
106 number of descriptors in the present work).
According to Eq. (5), the bit strings representing the genotype of
parameters C,  and ε in Fig. 1 were transformed into their phenotypes. Note that the precision of representing parameter depends
on the length of the bit string (nc , n and nε ), and the minimum and
maximum values of the parameter are determined by the designer.
For chromosome representing the feature mask, the bit with value
‘1’ represents that the feature is selected, and ‘0’ indicates that the
feature is not selected.
p = minp +

maxp − minp
2l − 1

×d

(5)

where p is the phenotype of the bit string; minp and maxp are the
minimum and maximum values of the parameter, respectively; d
represents the decimal value of bit string and l is the length of the
bit string.
To evaluate whether an individual is ﬁt to survive, ﬁtness
function is needed in the GA. In the GA–SVM model, we used
two criteria, namely mean squared error based on 10-fold crossvalidation (MSECV) and the number of selected features, to design
the ﬁtness function. The principle is that individuals with low
MSECV and small number of features have a high ﬁtness value, and
thus a high probability to be passed to the next generation. A single
objective ﬁtness function that combines the two goals into one was
designed to solve the multiple criteria problem [32], with a formula
as below:
ﬁtness = wa × MSECV + wb ×

nf


fi

(6)

i=1

where wa represents the weight value for MSECV, wb for the number of features respectively. fi is the mask value of the ith feature
where ‘1’ represents that feature i is selected and ‘0’ represents
that feature i is not selected. In this equation, wa can be adjusted to
100% if MSECV is the most important and generally, wa can be set
from 75% to 100% according to user’s requirements. In our study,
we set wa to 100% for the purpose of high predictive ability after
we systematically changed the weight values.
Fig. 2 depicts the design of the proposed GA–SVM approach
whose detailed explanation is as follows: (1) converting genotype
to phenotype. Each parameter and descriptor chromosome was
converted from its genotype into a phenotype; (2) feature subset. After the genetic operation and the converting of each feature
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Fig. 2. System architecture of the proposed GA–SVM.

subset chromosome from the genotype into phenotype, a feature
subset can be determined; (3) ﬁtness evaluation. For each chromosome representing C, , ε and selected features, training dataset
is used to train the SVM, while the testing dataset is used to calculate MSECV. When the MSECV is obtained, each chromosome
is evaluated by the ﬁtness function described in Eq. (6); (4) termination criteria. When the termination criteria are satisﬁed, the
process ends; otherwise, we proceed with the next generation; and
(5) genetic operation. In this step, the system searches for better
solutions by genetic operations, including the selection, crossover,
mutation, and replacement [32]. After these steps, the optimal
parameters (C, , ε) and descriptor subset determined will also be
served as input to the other three statistical methods for the further
investigation and comparison.

the correlation between Y and T(X), E, F, and H are the corresponding
residuals matrices, respectively. PLS calculations also give an auxiliary matrix (PLS weights), which expresses the correlation between
U and X and is used to calculate the T [60]. Determination of the signiﬁcant number of model dimensions was made by cross-validation
[61].
Up to date, PLS regression algorithms have been extended to
various methods such as the kernel algorithm, the wide kernel
algorithm, SIMPLS algorithm and the classical orthogonal scores
algorithm in the R package pls [62]. In the present study, the kernel algorithm was selected to build the QSAR models, and the
optimal principal component with the lowest root-mean-squarederror (RMSE) according to the following equation was selected
based on 10-fold cross validation for further analysis.



n

2

(yi − ŷi )


2.4. GA–PLS
PLS is similar to principal components regression but with both
the independent and dependent variables involved in the generation of the orthogonal latent variables rather than only independent
variables used. PLS is based on the projection of the original multivariate data matrices down onto smaller matrices (T, U) with
orthogonal columns, which relates the information in the response
matrix Y to the systematic variance in the descriptor matrix X, as
shown below:
X = X̄ + TP  + E


(7)

Y = Ȳ + UC + F

(8)

U =T +H

(9)

where X and Y are the corresponding mean value matrices, T and
U are the matrices of scores that summarize the x and y variables
respectively, P is the matrix of loadings showing the inﬂuence of the
x variables in each component, C is the matrix of weights expressing

RMSE =

i=1

n

(10)

where yi is the actual output and ŷi is the predicted output of the
model, and n is the number of compounds in the analyzed set,
respectively.
To reduce noise and enhance prediction performance, in the
present work, a simple combination use of PLS method with genetic
algorithm was also carried out to select the optimal descriptors
for building PLS regression model. Here, the minimum MSE based
on the 10-fold cross-validation was adopted as the ﬁtness function. And the GA parameters were set as follows: the number of
individual (NIND) of 50, the max number of generation to evolve
(MAXGEN) of 200, the gap between the two generation (GGAP) of
0.9, and the probability of crossover (Pc ) of 0.7 and others were set
to default values in the GA toolbox.
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2.5. GA–RF
RF models were constructed according to the described original RF algorithm [63]. RF is an ensemble of single decision trees,
which ensemble produces a corresponding number of outputs and
the outputs of all trees are aggregated to obtain one ﬁnal prediction.
The training algorithm of RF for regression can be brieﬂy summarized as follows: (1) draw N bootstrap samples from the original
training set; (2) construct an unpruned tree Tp (p = 1,. . ., N) with
each training set Bp . At each node, rather than choosing the best
split among all predictors, randomly sample mtry of the predictors
and then choose the best split from among those variables. The tree
is grown to the maximum size and not pruned back; and (3) predict
the N trees by average for regression. RF algorithm is the same as
Bagging when mtry = p and the tree growing algorithm used in RF
is CART. RF algorithm is efﬁcient especially when the number of
descriptors (p) is very large, with the reason that RF only tests the
mtry of the descriptors rather than the p, where the default mtry is
one-third of the number of descriptors (p) for regression. Thus, mtry
is very small so that the search is very fast. In addition, RF is more
efﬁcient than a single tree deriving from that RF does not do any
pruning at all, while a single tree needs some pruning using cross
validation that can take up a signiﬁcant portion of the computation
time to get the right model complexity.
RF possesses its own reliable statistical characteristics based on
OOB set prediction, which could be used for validation and model
selection with no cross-validation performed. It was shown that
the prediction accuracy of an OOB set and a 5-fold cross validation
procedure was near the same [21]. Although RF performs relatively
well “off the shelf” without expending much effort on the parameter tuning or variable selection [21], it is also of importance for
carrying out some tentative investigations on the changes of mtry
or descriptor selection to optimize the performance of RF.
Random forest, as a new classiﬁcation and regression tool,
has not been frequently applied in QSAR, QSPR (quantitative
structure–property relationship). Thus it is necessary to investigate whether RF can obtain better statistical performance for the
current dataset. Here, we just present a brief introduction about
RF, for more details please see the corresponding important literatures [21,63]. It has been reported that RF can show excellent
performance even when most predictive variables are noise, and be
used when the number of variables is much larger than the number of observations, and returns measures of variable importance
[21,63]. However, for approaching an ideal regression model (with
high prediction accuracy by using less number of descriptors), a
variable selection process is still required. To achieve the above
object, in this work, the GA variable selection method using MSE
based on out-of-bag of RF as the ﬁtness function was carried out to
achieve regression task for the current P2Y12 antagonists. The GA
parameters were set to be the same as those of PLS. And performance measures of the RF model, presently, were employed using
the R package randomForest [64].
2.6. GA–GP
Preliminarily used in QSAR ﬁeld, the Gaussian process (GP) [65],
in the present study, was also introduced to predict the P2Y12
antagonists activity. Pioneering works were made by Burden [66]
who demonstrated that GP can be applied in the QSAR modeling
of data sets of compounds active at the benzodiazepine and muscarinic receptors, etc. In addition, researchers [67–70] also reported
satisfactory statistical prediction performances of GP on a series of
pharmacokinetic properties. Recently, GP was adopted not only for
implementing the automatic QSAR modeling of ADME properties
[71], but also for executing multivariate spectroscopic calibration
[72]. All these works conﬁrmed the feasibility of GP’s application

on QSAR studies as a promising machine learning tool. In view of
this, GP is also introduced in the QSAR modeling of P2Y12 inhibition
presently.
Being deﬁned simply as a collection of random variables which
have a joint Gaussian distribution, a Gaussian process is completely
characterized by its mean and covariance function. One usually considers the mean function to be zero everywhere. The covariance
function deﬁnes nearness or similarity between the values of targets (predictions) at two input points. More details can be found in
[65].
In the current work, to determine the best variables for
building the GP model, the Netlab toolbox was used to perform the Gaussian process combined with the genetic algorithm
(http://www1.aston.ac.uk/eas/research/groups/ncrg/resources/
netlab/). Here, the squared exponential was selected as covariance
function, and other parameters were set by default. During this
process, it should be pointed out that for comparison the same
GA parameters set as those used in PLS and RF modeling were
adopted. Besides, the MSE based on 10-fold cross-validation was
employed as the ﬁtness function. After the determination of the
optimal descriptors, we carried out further calculation of GP using
the R package kernlab [73].

2.7. Evaluation of the statistical performance
The statistical performances of the constructed models are usually evaluated by several critical parameters like the square of
correlation coefﬁcient (R2 ), the RMSE described above, and the 102 [74,75]. In case of the external validation,
fold cross-validated Rcv
the predictive capacity of the model we established was judged by
its application for prediction of test set activity values, the predic2
tive R2 (Rpred
) value of which was calculated as follows:

2
Rpred
=1−

test
2
(y − ŷi )
i=1 i
test
(y − ȳtr )2
i=1 i

(11)

where yi and ŷi are the measured and predicted values of the dependent variable (over the test set), respectively, and ȳtr is the averaged
value of the dependent variable for the training set and the summations run over all compounds in the test set.

3. Results and discussion
3.1. Set parameters of GA–SVM method
These parameters include the range of kernel parameter C, , ε,
NIND, MAXGEN, GGAP, Pc and the probabilities of mutation (Pm ),
which are set as follows: the minimum C = 0, maximum C = 200,
minimum  = 0, maximum  = 1000, minimum ε = 0.001, maximum
ε = 1, NIND = 50, MAXGEN = 200, GGAP = 0.9, Pc is set to 0.7 and Pm
set to default value included in the genetic algorithm tool box.

3.2. Effect of parameter optimization and selected descriptors
The prediction effect of SVM regression systems using the GA
method is evaluated by means of 10-fold cross-validation method.
The optimal parameters (C, , ε) and proper descriptors are determined when the mean-square-root (MSE) reaches the lowest value
in terms of 10-fold cross-validation. Thus, for this dataset, the
parameter optimization ended in a lowest MSE of 0.063, the C,  and
ε ﬁtted to 7.191, 0.183 and 0.052, respectively. Table S2 shows the
ﬁnal 41 descriptors selected and their corresponding deﬁnitions.
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3.3. Explanation of the descriptors
Presently, a GA–SVM model was developed successfully, with
the ﬁnal number of descriptors reduced to 41 (Table S2) from
the original 106 ones for further study. Here it should be pointed
out that since in most QSAR researches a full direct explanation
for all the descriptors involved in the related model is difﬁcult,
where most similar reported works all gave few detailed analysis of the descriptors involved in their model development, only
a few descriptors in this work were explained. According to the
suggestion [76] that the number of compounds should be at least
5 times larger than that of the selected independent variables, the
models we developed all maintain the recommended ratio. By analyzing these 41 descriptors, some interesting information about
P2Y12 -antagonist interaction is inferred as follows.
First of all, in all selected 41 descriptors, the electronic factors
are proved to be an important kind of interactions for the binding of P2Y12 with its antagonists. In the present model there are
totally 18 descriptors (D464, D467, D472, D475, D478, D499, D500,
D504, D508, D509, D525, D529, D551, D552, D559, D585, D590,
and D592) that represent certain electronic relevant features possessing about 43% of all selected descriptors, which demonstrates
clearly the crucial role of electronic factors playing in describing
the inhibition activity of the antagonists. Among these, the descriptors including D464, D467, D472, D475, D478, D499, D500, D504,
D508 and D509 all belong to 2D autocorrelation descriptors [77],
which represent the topological structure of compounds, but are
more complex in nature when compared to the classical topological descriptors. The computation of these descriptors involves the
summations of different autocorrelation functions corresponding
to different structural lags and leads to different autocorrelation
vectors corresponding to the lengths of substructural fragments.
Keeping in mind of this aspect, the interpretation of the twodimensional autocorrelation descriptors is uneasy. Basically, the
pool of 2D autocorrelation descriptors deﬁnes a wide 2D space.
Herein, on behalf of a greater applicability, the physicochemical
properties (atomic Sanderson electronegativities and atomic polarizabilities here) are inserted as weighting components. In addition,
D525 and D529 refer to the mean molecular charge indices of order5 and order-9, respectively. The remaining descriptors (i.e., D551,
D552, D559, D585, D590, and D592) are BCUT variables, which are
the eigenvalues of modiﬁed connectivity matrix, the Burden matrix
[78,79]. In fact, the BCUT metrics have been successfully applied to
several QSAR studies [50,80,81]. In summary, all these descriptors
depicted above represent certain electronic relevant information.
Furthermore, several atom-centred fragment and functional
group counts descriptors (D715, D719, D732, D744, D745, D746,
D651 and D712) may also be correlated with the H-bond formation process. Third, the hydrophobic or hydrophilic effect is also
proven to be important for the inhibition activity of the P2Y12
antagonists. The developed model selects the descriptor relevant to
log P (D777), which indicates that it is the hydrophobic effect of the
ligand that dominates its inhibition activity. Whereas at the same
time, the descriptor D775 (hydrophilic factor) which regulates the
hydrophilicity of the molecules, is also selected by our model, suggesting that an enhancement of the inhibitory activity may be
achieved by substitution with more hydrophilic substituents, while
as a complete unit of molecule the antagonist should also hold certain hydrophobic features like the ring-based structures. Finally, it
is worthwhile to mention that some other descriptors are also useful in the prediction of P2Y12 inhibition potency which can offer us
some important information. For example, D142, one of the topological descriptors, appears in the model as a Balaban type of mean
square vertex distance index. It relates to the molecular branching
in an isomeric series, which index decreases with the increase of the
molecular branching [27]. Several other descriptors are found alone
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may not be very conspicuous, but are valuable in the prediction of
P2Y12 inhibition activity while coupling with other factors.
In summary, it is concluded that the electronic factors,
hydrophobic and H-bond interaction play a central role in the P2Y12
inhibition of the studied antagonists. Partially, our results are supported by some references [33–36]. For example, the report [33]
indicated the importance of H-bond donors for the inhibition activity and we ﬁnd that the corresponding descriptor D712 (number of
group donor atoms for H-bonds (with N and O)) also plays a part in
P2Y12 inhibition.
As expectation, an ideal QSAR model would be robust, sparse,
predictive, and interpretable. In many cases, however, such ideal is
not easy to achieve with current descriptors and response variable
mapping methods, though much effort is being expended. Consequently, QSAR modeling tends to be divided into two classes
depending on the intended outcome of the study. Predictive QSAR
aims to screen large, chemically diverse compound libraries that
are often noisy, thus they often present less descriptors explanation, especially, with various descriptors, which is just the case
here. In addition, in case of possible multiple mechanisms of action
among the molecules, nonlinear machine learning algorithms are
sometimes employed (like SVM) with purpose of making the corresponding models they built be as potent predictive as possible
so that new candidates can be assessed prior to synthesis or large
databases and virtual libraries be screened for hits, which in turn
makes the model interpretation much harder. Interpretative modeling often uses linear simulation tools (like MLR), chemically
relevant and interpretable descriptors, and smaller, more congeneric data sets that have usually been measured to a higher
degree of accuracy. As a result, it is still a difﬁcult task to produce
an as well highly predictive as easily interpretable model. Thus,
in terms of developing a highly predictive model, the proposed
GA–SVM model in this work could implement this task.
3.4. Performance of different statistical methods
After ﬁnishing all above work, four different statistical methods
(GA–SVM, GA–PLS, GA–RF and GA–GP) are applied on the dataset
and their performances are compared with detailed statistics summarized in Table 2. The representative predicted P2Y12 inhibitory
activities by these models are shown in Table 1, with the full predicted results listed in Table S1.
3.4.1. GA–SVM
Based on the determined optimal parameters by GA, the SVM
model presents an RMSE of 0.133 and 0.209 for the training and test
sets, respectively. The determined coefﬁcient R2 reaches as high as
2 = 0.829 for the training set. The model predictabil0.976 with Rcv
2
ity is evaluated by an external prediction set, which illustrates Rts
2
and Rpred values of 0.806 and 0.811, respectively. The experimental
versus predicted P2Y12 inhibition activity based on the SVM model
is shown in Fig. 3A.
3.4.2. GA–PLS
To investigate whether there is a linear relationship existing
between the descriptors and P2Y12 inhibition, the widely used PLS
approach is also applied in the present work. After GA–PLS, ﬁftyseven descriptors are determined and used for further calculation.
Based on the lowest 10-fold cross-validation RMSE (0.311), a 27latent variable QSAR model is obtained. The statistical results of
the PLS model present a coefﬁcient of determination R2 = 0.839,
2 = 0.737 and RMSE = 0.243 for the training set, respectively. The
Rcv
model was also evaluated on unseen chemicals, i.e., the test data,
2 = 0.594, R2
resulted in Rts
pred = 0.577 and RMSE = 0.312 for the test
set, respectively. Fig. 3B presents a visual investigation of the PLS
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Table 2
Performance comparison between GA–SVM, GA–PLS, GA–RF and GA–GP models.
Model

Calibration set

GA–SVM
GA–PLS
GA–RF
GA–GP

Prediction set

R

2
Rcv

RMSE

2
Rts

2
Rpred

RMSE

0.976
0.839
0.966
0.877

0.829
0.737
0.750
0.737

0.133
0.243
0.128
0.234

0.806
0.594
0.745
0.783

0.811
0.577
0.739
0.764

0.209
0.312
0.245
0.234

2

Fig. 3. The predicted versus the actual pIC50 values for the P2Y12 antagonists. (A) GA–SVM model; (B) GA–PLS model; (C) GA–RF model; and (D) GA–GP model.

scatter plot for predicted versus experimental pIC50 values of the
training and test sets. In a word, PLS generates a relatively poor
QSAR model for these P2Y12 antagonists.

3.4.3. GA–RF
Random forest effectively has only one tuning parameter, mtry .
Since in the present work, there are 38 variables to be selected by
GA as the optimal subset of descriptors, the mtry value is tried from
1 to 38, the optimal one of which is determined also by the 10-fold
cross-validation RMSE (0.309). Thus, RF results are obtained based
on the optimal mtry (=12) and 500 trees in the forest. For the training
and test sets, the RMSE values of 0.128 and 0.245, a coefﬁcient of
determination, the R2 of 0.966 are obtained. In addition, the R2 cv
2 and R2
is 0.750 and the Rts
for the test set are 0.745 and 0.739,
pred
respectively. Fig. 3C shows the performance of the RF model for the
data sets.

3.4.4. GA–GP
The Gaussian process method, based on clearly deﬁned statistical principles which is easily programmed [66], is also adopted to
predict the P2Y12 inhibition activity. It can be noted that 44 descriptors are determined ﬁnally to build the optimal GP model. The
optimal inverse kernel width for the Radial Basis kernel function
(sigma) ﬁnally ﬁxes to 0.020 based on the sigest function included
in the R package kernlab. The resulting GP model gives statistical
2 values of 0.877, 0.234, 0.737 for the trainresults of R2 , RMSE, Rcv
2 = 0.783, R2
= 0.764, RMSE = 0.234 for the test set,
ing set, and Rts
pred
respectively. Fig. 3D depicts the scatter plot of the GP model based
on the current dataset.
3.5. Further tests on the external predictability
To believe ﬁrmly the performance of the prediction, the squared
correlation coefﬁcient values between the observed and predicted
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Table 3
Comparison of the external predictability of GA–SVM, GA–PLS, GA–RF and GA–GP models for the prediction set.
Model

R2

Ro2

(R2 − Ro2 )/R2

2
Rm

k

k

GA–SVM
GA–PLS
GA–RF
GA–GP

0.806
0.594
0.745
0.783

0.792
0.530
0.461
0.501

0.018
0.108
0.381
0.361

0.710
0.443
0.348
0.367

0.999
0.993
0.996
0.994

0.999
1.004
1.002
1.004

Table 4
Comparison with and without Y-randomization check of the optimal GA–SVM model.
Model

Calibration set

GA–SVMa
GA–SVMb
a
b

Prediction set

R

2
Rcv

RMSE

2
Rts

2
Rpred

RMSE

0.976
0.011

0.829
−0.131

0.133
0.696

0.806
0.039

0.811
−0.425

0.209
0.571

2

Without Y-randomization check.
With Y-randomization check.

2 ) and without
values of the test set compounds with intercept (Rts
intercept (Ro2 ) are also calculated. Table 3 presents the values of the
parameters for all models in the present work. According to references [42,82–84], models are considered acceptable if they satisfy
2
2 > 0.6, and (3) R2 is
all following conditions: (1) Rpred
> 0.5, (2) Rts
o
2 , such that the [(R2 − R2 )/R2 ] < 0.1 and 0.85 ≤ k ≤ 1.15
close to Rts
o
or 0.85 ≤ k ≤ 1.15. When the observed values of the test set compounds (X axis) are plotted against the predicted values of the
compounds (Y axis) with the intercept set to zero, slope of the ﬁtted line gives the value of k and interchange of the axes gives the
value of k respectively. All the models (except the SVM one) have
2 − R2 )/R2 being less
not satisﬁed the requirement of the value of (Rts
o
ts
than 0.1.
2
Previous report [85] has illustrated that the R pred may not truly
reﬂect the predictive capability of a model on a new dataset. Also,
2 ) between the observed and
the squared regression coefﬁcient (Rts
predicted values of the test set compounds does not necessarily
mean that the predicted values are very near to the observed activities (as there may be considerable numerical difference between
the values though maintaining an overall good inter-correlation).
To better evaluate the external predictive capacity of a model a
2 ) is been deﬁned as follows [86]:
modiﬁed R2 term (Rm
2
2
Rm
= Rts
× (1 −

2 − R2 )
Rts
o

(12)

In case of good external prediction capacity, predicted values
2 value will
will be very close to the observed ones and thus the Rts
2 may be equal to R2 ,
be very near to the Ro2 one. In the best case Rm
ts
2 value could be zero. Here, the three
whereas in the worst case Rm
models (i.e., PLS, RF and GP) are all less than the recommended
2 value of 0.710.
value (0.5). Only the SVM model achieves a best Rm
3.6. Comparison of different approaches
After the above discussion, it can be concluded that the developed SVM model based on the GA optimization on the parameters
(C, , ε) and the descriptor subset outperforms all other three ones
in terms of the statistics. Most importantly, this model has passed
through every rigorous examinations, especially as it is the only
2 value larger than 0.5. In addition, the PLS model
one with an Rm
is observed uniformly less accurate both in the training and test
sets when compared with other three models, suggesting that the
linear relationship of this series of P2Y12 data set is not obvious compared to the nonlinear one (Fig. 3 and Table 2). Thirdly,
though the performance of RF is better than GP in the training
set, the external evaluation of the RF model gives worse results

(Table 2), thus proving the better generalization performance of
the GP model than RF. In summary, in our modeling process the
SVM illustrates the best performances, and is more suitable to
achieve further prediction task for unknown P2Y12 antagonist data
set.

3.7. Outlier test
Outliers from a QSAR are compounds that do not ﬁt the model or
are poorly predicted by it [87]. Many reasons may exist for the presence of outliers in the dataset used for in silico modeling. Typically,
some outliers are recognized as acting by a different mechanism of
action from other molecules, which may be well modeled by QSAR
techniques, and thus do not follow the general structure-activity
rule established by this modeling. When performed correctly, the
removal of outliers will allow for the development of stronger and
more signiﬁcant models, and the outlier test is therefore reasonable and necessary in the derived models. There are a variety of
methods to highlight outliers including, at the most basic level,
identifying those compounds with signiﬁcantly high residuals from
regression-based techniques. At present, since the proposed SVM
model presents wonderful prediction ability over the others, only
this one is checked to identify possible outliers. It can be observed
that none of residuals in both the training and test sets is more than
one log unit, illustrating that the SVM model is both a robust and
predictive one. Thus it is reasonable to consider that there are no
outliers in the present SVM model.

3.8. Y-randomization check
Presently, the Y-randomization check [84] is implemented for
further assurance of the robustness of the optimal GA–SVM model.
The dependent variable is randomly shufﬂed and a new QSAR
model is developed using the original independent variable matrix.
The new QSAR models (after several repetitions) are expected to
2 , R2 , R2 , R2
possess low Rtr
cv ts pred and high RMSE for the training and test
sets, respectively. If the opposite happens, then an acceptable QSAR
model cannot be obtained for the speciﬁc modeling method and
data. In the current work, 500 times of Y-randomization checks are
repeated and the ended results are compared with those prediction
statistics without such checks, with the average values reported in
Table 4. As shown in this table, the correlation coefﬁcients have a
signiﬁcant decline while the RMSE values sharply increase, which
indicates that the proposed GA–SVM model is not due to a chance
correlation.
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4. Conclusion
In the present work, we have developed a GA–SVM method
as efﬁcient tool for simultaneous parameters optimization and
descriptor subset selection. As far as we know, there is still no similar research reported up to now that carried out such simultaneous
feature selection and the parameters optimization (not only C, 
but also ε) for SVM regression analysis. In addition, this is also the
ﬁrst QSAR study for the prediction of an unusually large dataset
of 364 P2Y12 antagonists with diversity of structures by using the
proposed GA–SVM.
In addition, three other widely used approaches including the
PLS, RF and GP are also employed combined with GA on the dataset
and the models they established are compared with the GA–SVM
model in terms of several rigorous evaluation criteria. As a result,
the GA–SVM model has gone throughout all rigorous examinations suggested by all relating references [42,83–85], with the best
qualities and generalization capabilities than the other approaches,
demonstrating its feasibility and reliability to derive highly predictive model for P2Y12 antagonists. Results from the GA–SVM model
also suggest that the electronic factors, hydrophobic and H-bond
interaction play a central role in the P2Y12 inhibition. Thus, the
proposed models may provide an insight into some instructions
for further synthesis of highly potent P2Y12 antagonists and should
be useful for the predictive tasks to screen for new and potent P2Y12
antagonists in early drug development.
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