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Abstract—In this work some chemometrics methods were applied for modeling and prediction of the induction of apoptosis by
4-aryl-4-H-chromenes with descriptors calculated from the molecular structure alone. The genetic algorithm (GA) and stepwise
multiple linear regression methods were used to select descriptors which are responsible for the apoptosis-inducing activity of these
compounds. Then support vector machine (SVM), artificial neural network (ANN), and multiple linear regression (MLR) were uti-
lized to construct the nonlinear and linear quantitative structure–activity relationship models. The obtained results using SVM were
compared with ANN and MLR; it revealed that the GA–SVM model was much better than other models. The root-mean-square
errors of the training set and the test set for GA–SVM model are 0.181, 0.241 and the correlation coefficients were 0.950, 0.924,
respectively, and the obtained statistical parameters of cross validation test on GA–SVM model were Q2 = 0.71 and SRESS = 0.345
which revealed the reliability of this model. The results were also compared with previous published model and indicate the supe-
riority of the present GA–SVM model.
� 2007 Elsevier Ltd. All rights reserved.
1. Introduction

Apoptosis, or programmed cell death, is an innate mech-
anism by which unwanted, defective, or damaged cells
are rapidly and selectively eliminated from the body.

Apoptosis was originally described by Kerr and Wyllie,1

who observed the unique changes in cells undergoing or-
ganized cell death by electron microscopy.

Apoptosis occurs during tissue remodeling, embryonic
development, and immune regulation,2–6 and is the prin-
ciple mechanism employed by the immune system and
chemotherapeutic drugs in eradicating tumor cells.
Resistant tumor cells evade the action of anticancer
agents by increasing their apoptotic threshold. This has
spurred the development of novel chemical compounds
capable of inducing apoptosis in chemo/immune-resis-
tant tumor cells. Therefore apoptosis has received a huge
amount of attention in recent years.2 Recent reports indi-
cate that many clinically useful cytotoxic agents induce
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apoptosis in cancer cells.7,8 Since many medicines are
typically developed using a trial and error approach
which is costly and time-consuming, therefore the devel-
opment of theoretical methods as alternative tools for
predicting medical activities of chemicals has been the
subject of many intensive studies. As we know, the prop-
erties of a chemical are all derived from, and related to,
the unique molecular structure of that chemical, because
these properties are all originated from the molecular
structure of the chemical. It follows that these relation-
ships also exist between structure and activities of chem-
ical. These principles form the underlying basis for the
prediction of activity from chemical structure. Among
the theoretical methods, the quantitative structure–activ-
ity relationships (QSAR) have been successfully estab-
lished to predict different important biopharmaceutical
properties, including genotoxicity,9–11 toxicity,12 oral
bioavailability,13 carcinogenicity,14,15 and mutagenic-
ity,16 etc. To our knowledge, only four attempts have
been made to build QSAR models in the general field
of apoptosis. Hansch et al.17 presented a QSAR model
to study the apoptosis including activities of simple phe-
nols, estradiol, bisphenol A and diethyl stilbesterol on
L1210 leukemia cells and later they presented a QSAR
model for investigation of apoptosis-induction in various
cancer cells.18 They considered the effect of phenolic
compounds on Ramos cells (non-Hodgkins B-cell
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lymphoma); the effect of O-8-thapsigargin analogous on
human prostate cancer cells (Tsu-Pr-1), and the induc-
tion of apoptosis of a complex set of congeners on
human fibro sarcoma cells (HT 1080). Selassie et al.19

investigated the apoptosis-inducting effect of 51 substi-
tuted caspase-mediated phenols in a murine leukemia cell
line (L1210). They determined the concentration needed
to induce caspase activity by 50% (I50) and utilized those
data to develop a QSAR model using steric terms and
hydrophobic character of the substituents on the pheno-
lic ring. Kemnitzer et al. found 4-aryl-4H-chromenes20 to
be a promising series of novel apoptosis inducers that
could be used to develope new therapeutic anticancer
agents. In the recent work, Afantitis et al.21 developed
a linear QSAR model using seven descriptors for predic-
tion of apoptosis-induction for the 43 4-aryl-4H-chrom-
enes. The best global model after rejecting one
compound in their model yields the correlation coeffi-
cients (R) of 0.806, root-mean-square error of 0.222,
and Q2 = 0.678 for training set.

In QSAR studies, there are some techniques which can
be applied for construction of model, such as multiple
linear regression (MLR) and artificial neural networks
(ANN), that were used for inspection of linear and non-
linear relation between interested activity and molecular
descriptors, respectively. The flexibility of neural net-
works enables them to discover more complex nonlinear
relationships in experimental data.22 Neural networks
have some problems inherent to its architecture, such
as overtraining, overfitting, network optimization, and
reproducibility of results, due to random initialization
of the networks and variation of stopping criterias.23

Owing to these reasons there is a tendency to use more
accurate and informative techniques in QSAR analysis.
The support vector machine (SVM) is a new algorithm
developed from the machine learning community.24

SVM approach automatically controls the flexibility of
the resulting classifier on the training data. Accordingly,
by the design of the algorithm, the deteriorating effect of
the input dimensionality on the generalization ability is
largely suppressed. Due to its remarkable generalization
performance, the SVM has attracted attention and
gained extensive application, such as pattern recognition
problems,23,25 drug design,26 QSAR,27 and quantitative
structure–property relationship (QSPR) analysis.28 In
the most of these cases, the performance of SVM mod-
eling either matches or is significantly better than that of
traditional machine learning approaches. The main aim
of the present work was to establish a new QSAR model
for predicting apoptosis-inducing activity of the 4-aryl-
4H-chromenes in human breast cancer cells (T47D)
using SVM techniques. The performance of this model
was compared with those obtained by ANN and MLR
methods as well as previous work of Afantitis.
2. Materials and methods

2.1. Data set

The data set used in this study was taken from the work
of Kemnitzer et al.20 and is shown in Table 1.This set
contains the apoptotic activities of 43 4-aryl-4H-chrom-
enes compounds which were measured at the same con-
ditions. The basic structures of these compounds are
shown in Figure 1.

The specific apoptotic activities of these compounds
were expressed as the effective concentration, which
causes 50% reduction in cell growth (EC50). The apopto-
tic activities in logarithmic scale (log 1/EC50) fall in the
range of �0.763 for compound No. 1a, to 1.854 for
compound No. 43b, with a mean value of 0.983.

2.2. Descriptors calculation and selection

The first step to obtain a QSAR model was to encode
the structural features of molecules, which were named
molecular descriptors. The molecular descriptors used
to search for the best model of the apoptosis-induction
activity of these compounds were calculated by the Dra-
gon program29 on the basis of the minimum energy
molecular geometries that optimized by the Hyperchem
package (Ver. 7.0)30 based on AM1 semi empirical
method. In addition electronic descriptors were calcu-
lated by the MOPAC package.31

After the calculation of the molecular descriptors, those
that stayed constant for all molecules were eliminated
and pairs of variables with a correlation coefficient
greater than 0.90 were classified as intercorrelated, and
one of them in each correlated pair was deleted.

We used nonlinear feature mapping techniques (SVM and
ANN) for construction of QSAR models in this work.
Since these methods cannot be able to select the more sig-
nificant descriptors from the pool of calculated molecular
descriptors, it would be necessary to use some variable
selection methods. In the present work, stepwise multiple
linear regression (Stepwise-MLR) and genetic algorithm
(GA) variable subset selection methods32 were used for
the selection of the most relevant descriptors from the
pool of remaining 180 descriptors. These descriptors
would be used as inputs of the SVM and ANN.

2.3. Support vector machine

Support vector machine, developed by Vapnik and Cor-
tes,33 as a novel type of machine learning method, is
gaining popularity due to many attractive features and
promising empirical performance. Originally, the SVM
was developed for pattern recognition problems.34 Re-
cently, with the introduction of e-insensitive loss func-
tion, the SVM has been extended to solve nonlinear
regression estimation.35

In support vector regression (SVR), the basic idea is to
map the data x into a higher-dimensional feature space
F via a nonlinear mapping U and then to do linear
regression in this space. Therefore, regression approxi-
mation addresses the problem of estimating a function
based on a given data set G ¼ fðxi; diÞgl

i¼1 (xi is the input
vector, di is the desired value, and l is the total number
of data patterns). SVM approximates the function in the
following form:



Table 1. Data set and corresponding observed and GA–SVM calculated values of apoptosis-inducing activity of 4-aryl-4H-chromenes

Compound R1 R2 R3 R4 A R5 R6 R7 log(1/EC50) (Obs.) log(1/EC50) (Pred.) Residual

1a H H OH H — — — — �0.763 �0.722 0.041
t2b H H OH OH — — — — �0.230 0.191 0.421

3a H H NH2 H — — — — �0.079 0.274 0.353

4a H Me NHEt H — — — — �0.041 0.308 0.349

5a H H NEt2 H — — — — 0.319 0.709 0.390

6e — — — — C CN H H 0.409 0.451 0.042
t7e — — — — C NO2 H H 0.409 0.391 �0.018

8c — — — — C H H H 0.444 0.483 0.041

9a H H NHEt H — — — — 0.481 0.520 0.041

10a H H NH2 H — — — — 0.509 0.273 �0.236

11a H OCH2O Me — — — — 0.678 0.260 �0.418
t12c — — — — N H H H 0.769 0.882 0.113

13a H H OMe H — — — — 0.796 0.836 0.040

14b H H Cl H — — — — 0.796 0.834 0.038

15e — — — — C Br H H 0.824 0.864 0.040

16b H H Br H — — — — 0.854 0.932 0.078
t17b H H OH H — — — — 0.886 0.752 �0.134

18d — — — — C Cl H H 0.921 0.836 �0.085

19d — — — — C OMe H H 0.959 0.924 �0.035

20d — — — — C NO2 H H 0.959 0.919 �0.040

21e — — — — C OMe H OMe 1.036 1.076 0.040
t22c — — — — C NO2 H H 1.051 1.388 0.337

23c — — — — C Cl H H 1.097 1.007 �0.090

24a H H NMe2 H — — — — 1.137 0.758 �0.379

25b H H OEt H — — — — 1.194 1.474 0.280

26d — — — — C OMe H OMe 1.210 1.034 �0.176
t27b H H OH NH2 — — — — 1.215 1.244 0.029

28c — — — — C OMe H H 1.284 1.137 �0.147

29c — — — — C Br H H 1.284 1.324 0.040

30d — — — — C OMe OMe OMe 1.310 1.270 �0.040

31e — — — — C I OMe OMe 1.310 1.270 �0.040
t32c — — — — N OMe H H 1.328 1.477 0.149

33b H H Me Me — — — — 1.337 1.571 0.234

34b H H NH2 NH2 — — — — 1.468 1.427 �0.041

35b H H NH2 H — — — — 1.481 1.541 0.060

36b H H NH2 Me — — — — 1.585 1.654 0.069
t37c — — — — C OMe OMe OMe 1.585 1.790 0.205

38e — — — — C Cl OMe OMe 1.620 1.281 �0.339

39e — — — — C Br OH OMe 1.638 1.572 �0.066

40b H H NMe2 H — — — — 1.721 1.648 �0.073

41b H H OMe H — — — — 1.769 1.728 �0.041
t42c — — — — C OMe H OMe 1.824 1.454 �0.370

43b H H NHEt H — — — — 1.854 1.814 �0.040

The letters of a, b, c, d, and e in the first column correspond to the basic structures of 4-aryl-4H-chromenes depicted in Figure 1, and t is referring to

test set.
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y ¼
Xl

i¼1

wiUðxiÞ þ b; ð1Þ

where fUðxiÞgl
i¼1 are the features of inputs, and fwigl

i¼1

and b are coefficients. They are estimated by minimizing
the regularized risk function R(C)

RðCÞ ¼ C
1

N

XN

i¼1

Leðdi; yiÞ þ
1

2
kwk2

; ð2Þ

where

Leðd; yÞ ¼
jd� yj � e for jd� yjP e
0 otherwise

�
ð3Þ

and e is a prescribed parameter.

In Eq. 2, Cð1=NÞ
PN

i¼1Leðdi; yiÞ is the so-called empirical
error (risk), which is measured by e-insensitive loss func-
tion Le(d,y), and indicates that it does not penalize er-
rors below e. The parameter of e is called the tube
size, and it is equivalent to the approximation accuracy
placed on the training data points. The second term,
1/2jjwjj2, is used as a measurement of function flatness.
C is a regularized constant determining the trade-off
between the training error and the model flatness. Intro-
duction of slack variables ‘n’ leads Eq. 2 to the following
constrained function:

Minimize Rðw; ni; n
�Þ ¼ 1=2kwk2 þ C

Xn

i¼1

ðni þ n�i Þ ð4Þ
Subject to wUðxiÞ þ b� di 6 eþ n�i ,

di � wUðxiÞ � b 6 eþ ni;

ni þ n�i P 0:
ð5Þ
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Figure 1. Basic structures of 4-aryl-4H-chromenes.
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Thus, decision function of Eq. 1 changes to the follow-
ing form:

f ðx; ai; a
�
i Þ ¼

Xl

i¼1

ðai � a�i ÞKðx; xiÞ þ b ð6Þ
In this equation, K(xi,xj) is the kernel function and ai

and a�i are the introduced Lagrange multipliers. They
satisfy the equality of aia�i ¼ 0, ai P 0; a�i P 0, and are
obtained by maximizing the dual form of Eq. 4, which
has the following form:

Uðai; a
�
i Þ ¼

Xl

i¼1

diðai � a�i Þ � e
Xl

i¼1

ðai � a�i Þ � ð1=2Þ

�
Xl

i¼1

Xl

j¼1

ðai � a�i Þðaj � a�j ÞKðai � ajÞ ð7Þ

with the following constrains

0 6 ai 6 C i ¼ 1; . . . : ; l 0 6 ai 6 C

i ¼ 1; . . . : ; l
Pl

i¼1

ðai; a�i Þ ¼ 0
ð8Þ
Based on the Karush–Kuhn–Tucker (KKT) conditions
of quadratic programming, only a number of coefficients
(ai � a�i ) will be assumed to have nonzero values, and the
data points associated with them could be referred to
support vectors.

The value of kernel function is equal to the inner prod-
uct of two vectors xi and xj in the feature space U(xi) and
U(xj), that is, K(x,xi) = U(xi) U(xj). The elegance of
using kernel function lieds in the fact that one can deal
with feature spaces of arbitrary dimensionality without
having to compute the map U(x) explicitly. Any func-
tion that satisfies Mercer’s condition can be used as
the kernel function. In the practical study, the type of
kernel function and its parameter are defined by the
user. In support vector regression, the Gaussian radial
basis function (RBF) and the polynomial function are
commonly used, and are defined in Eqs. 9 and 10,
respectively:

Kðxi; xjÞ ¼ exp
�kxi � xjk2

2r2

 !
ð9Þ

Kðxi; xjÞ ¼ ðxT
i xj þ 1Þd ð10Þ
In case of the RBF kernel, the parameter of r repre-
sents the kernel width, and d in Eq. 10 denotes the
degree of the polynomial kernel. The kernel parame-
ter and also the earlier mentioned parameters C and
e need to be selected properly by the user, because
the generalization performance of the SVR model
heavily depends on the right setting of these
parameters.

The overall performance of SVM was evaluated in terms
of root-mean-square error which was calculated from
the following equation:

RMSE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPns
i¼1 yi � yoð Þ2

ns

s
ð11Þ
In this equation yi is the desired output, yo is the pre-
dicted value by model, and ns is the number of molecules
in data set.

The predictive power of the SVM models developed on
the selected training sets is estimated on the predictions
of an external test set and also examined by cross valida-
tion test to the calculating statistical parameters of Q2

and SPRESS as follows:
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Q2 ¼ 1�
P
ðyo � yiÞ

2P
ðyi � ymÞ

2
ð12Þ

SPRESS ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
ðY o � Y iÞ2

n� k� 1

s
ð13Þ
In the above expressions, ym is the mean of dependent
variable, n is the number of observations, and k is the
number of independent variables in regression equation.

All calculations in this work were carried out by using
Matlab (V 7.1, The Mathworks, Inc.) and the SVM tool-
box was developed by Gunn.36,37 The calculations were
performed on a 3.4 GHz Intel Pentium IV with 1 GB
RAM under windows XP.
3. Result and discussion

As mentioned in the previous section, two linear and
nonlinear variable selection methods were used to select
the most significant descriptors (Stepwise-MLR and
GA). The selected descriptors by these methods were
used to construct some linear and nonlinear models by
using MLR, ANN, and SVM techniques. Based on the
types of variable selection method and also the types
of the feature mapping technique, these models can be
shown as MLR–MLR, MLR–ANN, MLR–SVM,
GA–MLR, GA–ANN, and GA–SVM.

The statistical parameters of these models are shown in
Table 2. As can be seen from this table the statistical
parameters of GA–SVM model are better than the other
models, therefore we only will explain descriptors which
were used in this model.

Since the chemical variation of the considered com-
pounds are low, the selection of chemical descriptors,
which can encode the small variations between struc-
tures of molecules in data set, is very important. In this
way, GETAWAY and WHIM descriptors are very
informative 3D descriptors that can encode structural
features of molecules and they are included in the
GA–SVM model. The seven most significant descrip-
tors which were selected by genetic algorithm are:
E-state topological parameter (ESTP), maximum par-
tial charge for on carbon atom (PCmax), H autocorrela-
tion of lag 3/unweighted (H3u), H autocorrelation of
Table 2. The statistical parameters of different constructed QSAR

models

Training set Test set

RMSE R F RMSE R F

Previous work 0.222 0.844 16 0.319 0.932 33

MLR–MLR 0.261 0.915 165 0.365 0.830 16

MLR–ANN 0.349 0.868 97.7 0.477 0.681 6

MLR–SVM 0.207 0.935 221 0.384 0.811 13

GA–MLR 0.261 0.914 162 0.366 0.859 20

GA–ANN 0.356 0.837 75 0.473 0.657 5

GA–SVM 0.181 0.950 290 0.241 0.924 41
lag 6/weighted by atomic masses (H6m), average infor-
mation content order 0 (AIC0), R maximal autocorre-
lation of lag 3/weighted by atomic Sanderson
electronegativities (R3e+), and first component accessi-
bility directional WHIM index/weighted by atomic
electrotopological states (E1s). The statistical parame-
ters of GA–MLR model constructed by these descrip-
tors are shown in Table 3. The methods for
calculations of these descriptors and the meaning of
them have been explained in the Handbook of Molec-
ular Descriptors by Todeschini et al.38 In these 7
descriptors, R3e+, H3u, and H6m are GETAWAY
type, ESTP is geometrical, PCMax is electrostatic, E1s
is WHIM, and AIC0 is topological descriptor. The cor-
relation matrix between these descriptors is shown in
Table 4. As can be seen in this table, the linear corre-
lation between each two descriptors is lower than 0.4,
therefore they are independent from each other.

For inspection of the relative importance and contribu-
tion of each descriptor in the model to apoptosis-induc-
ing activity, the value of mean effect (MF) was
calculated for each descriptor by the following equation
and is shown in the last column of Table 3:

MFj ¼
bj

Pi¼n
i¼1dijPm

j bj

Pn
i dij

; ð14Þ

where MFj is the mean effect for considered descriptor j,
bj is the coefficient of descriptor j and dij is the value of
interested descriptors for each molecule, and m is the
number of descriptors in the model. The value of MF re-
vealed the relative importance of a descriptor in compar-
ison with the other descriptors in the model and its sign
represented the direction of variation in the values of
activities resulted by increasing (or decreasing) the val-
ues of this descriptor.

One of the newly developed 3D descriptors is geometry
topology and atomic weight assembly (GETAWAY)
descriptors that were presented by Consonni et al.39,40

They encode geometrical information given from influ-
ence matrix, topological information given by molecular
graph, and chemical information from selected atomic
properties. They contain two sets of theoretically closely
related molecular descriptors; H-GETAWAY descrip-
Table 3. Details of the constructed GA–MLR model

Descriptora Coefficient MFb

ESTP �0.003(±0.001) �0.561

PCMax �73.552(±21.290) �3.76

H3u �0.629(±0.283) �14.41

H6m 1.202(±0.302) 0.21

AIC0 2.702(±0.769) 5.92

R3e+ �9.259(±3.116) �1.5

E1s �2.043(±0.736) �0.76

Constant 2.812(±2.365)

n = 34, R = 0.914, RMSE = 0.261, F = 162.
a The name and chemical meanings of descriptors are explained in the

text.
b MF refer to the mean effect value.



Table 4. Correlation matrix of descriptors selected by genetic algorithm

ESTP PCmax H3u H6m AICO(0) R3e+ E1s

ESTP 1 0.257 �0.022 0.258 0.203 �0.122 0.132

PCmax 1 0.182 �0.341 �0.002 �0.395 0.234

H3u 1 0.124 �0.084 �0.123 0.054

H6m 1 0.242 0.210 �0.072

AICO(0) 1 0.100 0.383

R3e+ 1 0.317

E1s 1
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tors which have been calculated by the molecular influ-
ence matrix and R-GETAWAY descriptors which have
been formed by the influence/distance matrix, where the
elements of this matrix are combined with those of the
geometry matrix.

H3u is one of GETAWAY type descriptors, which ap-
peared in the model. This descriptor is related to the size
and location of the atom in the molecule. By increasing
the size of the atom and the distance between an atom
and the center of the molecule the value of this descrip-
tor increases. As shown in Table 3, the mean effect of
H3u has negative sign, which indicates that log(1/
EC50) is inversely related to this descriptor; therefore,
increasing the size of molecules leads to decrease in its
activity.

The second descriptor is H6m which was weighted by
atomic mass. As shown in Table 3, mean effect of
H6m has positive sign, therefore the value of apopto-
tic activity was varied in the same direction to this
descriptor. By considering the value of this descriptor
for the whole molecules in data set, it was concluded
that by increasing of molecular mass the value of this
descriptor increased which caused an increase in its
activity.

The third GETAWAY descriptor is R3e+, which was
calculated by the multiplication of the leverages between
two atoms with topological distance equal to 3 and the
maximum value of the respective Sanderson electroneg-
ativities, and then it was divided to the geometrical dis-
tance between them. Thus increasing the size and the
electronegativity of molecule increases its R3e+ value.
Mean effect of R3e+ has negative sign, which indicates
that an increase in R3e+ leads to decrease in hydropho-
bicity of the molecule and finally a decrease in its
activity.

The second type of descriptors in the model was weighted
holistic invariant molecular descriptors (WHIM).
WHIM descriptors are the molecular descriptors based
on statistical indices calculated on the projections of
the atoms along principal axes.38,41 They are built in such
a way to capture relevant molecular 3-dimensional infor-
mation regarding to the molecular size, shape, symmetry,
and atom distribution with respect to invariant reference
frames. The WHIM descriptor E1s, calculated from
the fourth-order moments of the tm scores weighted by
the electrotopological states, is related to the atom distri-
bution along the first axis for the electrotopological
states-weighted scheme. According to this, E1s repre-
sents a combination of both electronic and topological
characteristics in a mathematically defined zone. Mean
effect of E1s has negative sign which indicated that by
increasing the size of molecules, its apoptosis-inducing
activity was decreased.

E-state topological parameters (ESTP) were derived
from applying the Ivanciuc–Balaban operator to the
E-state index values used to characterize molecule
atoms.42

This descriptor describes the atomic connectivity and
branching information in the molecule. The mean effect
of ESTP has negative sign, which indicated that by
increasing the size of molecule, its activity decreases.

The next descriptor was maximum partial charges on
carbon atom and its mean effect had negative sign,
which indicated that an increase in partial charge on
carbon atom in a molecule leads to a decrease in its
hydrophobicity and caused a decrease in its apoptosis-
inducing activity.

The average information contents descriptors are de-
fined on the basis of the Shannon information theory
and it is inversely related to size of molecule. They can
be calculated for different orders of neighborhoods, r
(r = 0, 1, 2, . . . ,q), where q is the radius of the molecular
graph G. At the zeroth-order level, the atom set is parti-
tioned solely on the basis of its chemical nature; at the
level of the first-order topological neighborhood, the
atoms are partitioned into disjoint subsets on the basis
of their chemical nature and their first-order bonding
topology. At the next level, the atom set is decomposed
into equivalence classis using their chemical nature and
bonding pattern up to the second-order bonded neigh-
bors.43 In essence, this descriptor gives us information
on how many different atoms are in the molecule and
how diverse the branching of these atoms is at zeroth va-
lence level (coordination sphere). The mean effect of
AIC0 has positive sign which indicates that by decreas-
ing of molecular size the apoptosis activity increases.
According to the above discussion. it was concluded
that steric parameters as well as electronic interactions
can affect the apoptosis-inducing activities of 4-aryl-
4H-chromenes. The justification of these descriptors
based on mean effect sign showed a good compatibility
with the work of Kemnitzer et al.20

These GA selected descriptors were used as inputs for
the construction of SVM model. Firstly, the kernel func-
tion should be determined, which represents the sample
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distribution in the mapping space. In this work, the
polynomial kernel function was set to 2 (d = 2) because
it had good general performance. The next step in the
construction of SVM model was optimizing of its
parameters, including e and C. The optimization of
SVM parameters was performed by systemically chang-
ing their values in the training step and calculating the
RMSE of the model. The optimal value for e depended
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 e, there will be
some practical consideration of the number of resulting
support vectors. e-Insensitivity prevents the entire train-
ing set to meeting boundary conditions and allows the
possibility of sparsity in the dual formulations solution.
So, choosing the appropriate value of e is a critical step.
To find an optimal value for e, the RMSE of SVM mod-
els with different e values was calculated. The variation
of RMSE versus the epsilon values is plotted in Figure
2. As it is shown in this figure, the optimal value of e
was 0.04. The other parameter is a regularization
parameter C that controls the trade-off between maxi-
mizing the margin and minimizing the training error.
If C is too small, then insufficient stress will be placed
on fitting the training data. On the other hand if C is
too large, then the SVM model will overfit on the train-
ing data. To find an optimal value of C, the RMSE of
SVM models with different C values was calculated.
The obtained results revealed that the variation of
RMSE in C > 20 is small, therefore this value (C = 20)
was selected as the optimal value of C. Also for inspec-
tion of any interactions between C and epsilon, after
optimization of the C value, the epsilon value was var-
ied. The results indicated that the value of optimized
epsilon was not varied in this stage, which concludes
that they are independent from each other.

After optimizing SVM parameters, it was used to calcu-
late the log(1/EC50) of training and test set. The statisti-
cal parameters of this model are RMSE = 0.181,
R = 0.950, and F = 290 for the training set, and
RMSE = 0.241, R = 0.924, and F = 41 for the test set.
Also the leave-5-out cross validation test was carried
out for the evaluation of the prediction power of
Figure 2. The variation of RMSE versus epsilon (C = 100, d = 2).
obtained SVM model. The calculated values of Q2 and
SPRESS for cross validation test were 0.710 and
0.345, respectively. The comparison between these val-
ues and those obtained by Afantitis et al.21

(Q2 = 0.678) revealed the superiority of obtained GA–
SVM model. In addition, it was noteworthy that in the
QSAR model presented by Afantitis et al.,21 one com-
pound was considered as outlier and rejected during
modeling process (No. 2b), while in the present work
all of 43 4-aryl-4-H-chromenes were considered in
modeling.

The predicted GA–SVM values of log(1/EC50) were
plotted versus their experimental values in Figure 3,
and their residuals were plotted in Figure 4. The ran-
dom distribution of the residuals around the zero line
indicated that there were not any systematic errors in
this model. Based on the residuals values (Table 1
and Fig. 4) it was found that the compound No. 2b
is the worst predicted compound (residual = 0.421).
This compound has two adjacent OH groups which
can make an intermolecular hydrogen bonding that
can affect its activity. In contrast, other molecules in
data set cannot formed intermolecular hydrogen bond-
ing. Since the predicted value of apoptosis-inducing
activity of this compound in the previous work had
large residual (0.892), this compound was omitted
from their investigation.

In a benchmark test, the results of support vector regres-
sion model were compared with several modeling tech-
niques currently used in this field, such as artificial
neural network and multiple linear regression. Table 2
shows the statistical parameter of some models con-
structed by these feature mapping methods and used
GA and stepwise multiple linear regression techniques
for variable subset selection. In this table, it can be seen
that the RMSEs of the GA–SVM model for the training
and test set (0.181 and 0.241, respectively) are lower
than that those of constructed ANN and the MLR mod-
els as well as the previous work. Also through a regres-
sion analysis on the results obtained for the prediction
of apoptosis-inducing activity by various methods, the
values of correlation coefficients (R) and statistical F-va-
lue were calculated and shown in Table 2. Comparison
between these parameters revealed that the values of R
and F for GA–SVM model were higher than the other
models for both training and test sets, which revealed
the superiority of GA–SVM over other investigated
models, as well as previous work.
4. Conclusion

In the present study, two linear and nonlinear variable
selection methods were used to select the most signifi-
cant descriptors, and the multiple linear regression, arti-
ficial neural network and the support vector machine
were used to construct a quantitative relation between
the apoptosis-induction activities of 4-aryl-4-H-chrom-
enes and their calculated descriptors. The obtained re-
sults demonstrated that the GA–SVM models
produced better results with good predictive ability than
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Figure 4. Plot of the residuals versus experimental log(1/EC50).
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other methods. These results also indicated that the con-
structed GA–SVM model predicted the values of log(1/
EC50) more accurately than those reported previously by
Afantitis et al.21

Therefore it was concluded that (1) SVM proved to be a
useful tool in the prediction of the drugs activity, (2)
nonlinear relationship can describe the relationship be-
tween the structural parameters and the apoptosis-
induction activities of 4-aryl-4-H-chromenes accurately,
(3) the proposed models could identify and provide
some insight into what structural features are related
to the apoptosis-induction activities of 4-aryl-4-H-
chromenes.
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