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a b s t r a c t

The support vector machine (SVM), which is a novel algorithm from the machine learning community,
was used to develop quantitative structure–activity relationship (QSAR) for BK-channel activators. The
data set was divided into 57 molecules of training and 14 molecules of test sets. A large number of
descriptors were calculated and genetic algorithm (GA) was used to select variables that resulted in the
best-fitted for models. A comparison between the obtained results using SVM with those of multi-
parameter linear regression (MLR) revealed that SVM model was much better than MLR model. The
improvements are due to the fact that the activity of the compounds demonstrates non-linear correla-
tions with the selected descriptors. Also distances between Oxygen and Chlorine atoms, the mass, the
van der Waals volume, the electronegativity, and the polarizability of the molecules are the main
independent factors contributing to the BK-channels activity of the studied compounds.

� 2009 Elsevier Masson SAS. All rights reserved.
1. Introduction

The large-conductance calcium-activated potassium (BK) chan-
nels are expressed in excitable as well as in non-excitable cells. They
control several cell functions in the nervous system, BK channels
contribute to the shaping of action potential and modulate the
neuronal excitability and the release of neurotransmitters; also, BK
channels play a fundamental role in the regulation of the tone of
smooth muscle cells [1,2]. BK-activators can guarantee an innovative
pharmacological tool for the clinical management of many patho-
logical states, due to a cell hyperexcitability, such as asthma, urge
incontinence and bladder spasm, gastric hypermotility, neurological
and psichiatric disorders [1,2]. Also, Potassium channel activators
have been indicated as emerging drugs for the therapy of several
cardiovascular, respiratory or CNS diseases [3].

Although there are several experimental methods available for
screening the biological activity of chemicals (e.g. in vivo and in vitro
assay tests), and these all have also been carried out using receptors
and other biological materials of human, rat, mouse, and calf origin
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at least [4], they are costly, time-consuming. This has meant that the
development of computational methods as an alternative tool for
predicting properties of chemicals has been a subject of intensive
study. Among the computational methods, the quantitative struc-
ture–activity relationships (QSAR), has found diverse applications
for predicting compounds’ properties, including biological activity
prediction [5–7], physical property prediction [8–10], and toxicity
prediction [11–13]. In QSAR studies, there are some techniques
which can be applied for the construction of model, such as multiple
linear regression (MLR) and artificial neural networks (ANN) that
were used for inspection of linear and nonlinear relation between
interested activity and molecular descriptors, respectively. The
flexibility of neural networks enables them to discover more
complex nonlinear relationships in experimental data [14]. 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 [15]. 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 [16]. SVM approach auto-
matically 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 generali-
zation ability is largely suppressed. Due to its remarkable
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generalization performance, the SVM has attracted attention and
gained extensive application, such as pattern recognition problems
[17] drug design [18] QSAR [19] and quantitative structure-property
relationship (QSPR) analysis [20]. In most of these cases, perfor-
mance of SVM modeling either matches or is significantly better
than that of traditional machine learning approaches. The applica-
tion of these techniques usually requires variable selection for
building well-fitted models. Nowadays, GA is well-known as an
interesting and more widely used variable selection method
[21–23]. GA is a stochastic method to solve the optimization prob-
lems defined by fitness criteria, applying the evolution hypothesis of
Darwin and different genetic functions, i.e. crossover and mutation.

Recently, separate multi-parameter linear QSAR models have
been proposed for BK-Channel Activators [24]. In the present work,
linear (GA-MLR) and non-linear (GA-SVM) methods were
employed to generate QSAR models and the obtained results with
GA-MLR method were compared with the GA-SVM method and
also the experimental values. According to the literature survey,
this is the first research on the QSAR of the BK channel activity
using GA-SVM technique.

2. Data and methodology

The data set of pIC50 values for 71 BK-Channel Activators used for
the QSAR analyses was selected from the literature [24]. The IC50

expresses the parameter of potency, representing the molar
concentration of the tested compounds, which evokes half-reduc-
tion of the contractile tone induced by KCl 20 Mm [25]. The data set
was randomly split into training, and testing sets (57 and 14
compounds, respectively) (Table 1). The z-matrices (molecular
models) were constructed with HyperChem 7.0 and molecular
structures were optimized using AM1 algorithm [26]. In order to
calculate the theoretical descriptors, Dragon package version 2.1 was
used [27]. For this propose the output of the HyperChem software for
each compound fed into the Dragon program and the descriptors
were calculated. As a result, a total of 1481 theoretical descriptors
were calculated for each compound in data sets (71 compounds).

The theoretical descriptors were reduced by the following
procedure:

1) Descriptors that are constant have been eliminated (324
descriptors). 2) in addition, to decrease the redundancy existing in
the descriptors, the correlation of descriptors with each other and
with pIC50 of the molecules are examined, and collinear descriptors
(R> 0.9) are detected. Among the collinear descriptors, one that has
the highest correlation with activity is retained, and the others are
removed from the data matrix (688 descriptors).

We used MLR as a linear technique and SVM as a non-linear
feature mapping technique for the construction of QSAR models in
this work. Since SVM method is not be able to select the most
significant descriptors from the pool of calculated molecular
descriptors, it would be necessary to use variable selection method.
In the present work genetic algorithm (GA) variable subset selec-
tion method [28] was used for the selection of the most relevant
descriptors from the pool of remaining 468 descriptors. These
descriptors would be used as inputs of MLR and SVM.

2.1. Genetic algorithm (GA)

To select the most relevant descriptors, evolution of population
was simulated [29–32]. Each individual of the population defined
by a chromosome of binary values represented a subset of
descriptors. The number of genes at each chromosome was equal to
the number of descriptors. The population of the first generation
was selected randomly. A gene took a value of 1 if its corresponding
descriptor was included in the subset; otherwise, it took a value of
zero. The number of genes with a value of 1 was kept relatively low
to have a small subset of descriptors, that is, the probability of
generating 0 for a gene was set greater (at least 60%) than the value
of 1. The operators used here were crossover and mutation. The
probability of the application of these operators was varied linearly
with generation renewal (0–0.1% for mutation and 60–90% for
crossover). The population size was varied between 50 and 250 for
different GA runs. For a typical run, the evolution of the generation
was stopped when 90% of the generations took the same fitness
[33] The GA program was written in Matlab 6.5 [34].
2.2. Support vector machine

Support vector machine, developed by Vapnik and Cortes [35] as
a novel type of machine learning method, is gaining popularity due
to many attractive features and promising empirical performance.
A detailed description of SVM theory can be found in several
excellent books and tutorials [36–39]. Here, only a brief description
is given. In support vector machine, the input data is first mapped
into high dimensional feature space by the use of kernel function
and then linear regression is performed in the feature space. The
non-linear feature mapping will allow the treatment of non-linear
problems in a linear space. After training on set data SVM can be
used to predict the objects whose values are unknown. The
prediction or approximation function used by SVM is:

f ðxÞ ¼
Xl

i¼1

aiKðx; xiÞ þ b (1)

where ai is some real value, xi is a feature vector corresponding to
a training object. The components of vector a and the constant
b represent the hypothesis and are optimized during training.
K(x,xi) is a kernel function. Training points with nonzero weight ai

are called support vectors. The elegance of using a kernel function
lies in the fact that one can deal with feature spaces of arbitrary
dimensionality without having to compute the map F(x) explicitly,
and it may be useful to think of the kernel, K(x,xi) as comparing
patterns or evaluating the proximity of objects in their feature
space. Thus, a test point is evaluated by comparing it with all
training points. In the function estimation problems, the Gaussian
radial basis function kernel is most commonly used because of its
effectiveness and speed in the training process. The form of the
Gaussian function in R is:

Kðu; vÞ ¼ exp
�
� g*ju� vj2

�
(2)

where g is the parameter of the kernel, u and v are two independent
variables.
3. Results and discussion

For the selection of the most important descriptors, genetic
algorithm variable subset selection method was used. According to
rule of thumb [40,41] at least five data points (compounds) should
be included in the equation for every parameter (descriptor). On
the other hand, the ratio of 5 training molecules for each descriptor
must be included in the equation. For this reason to select the
optimum number of descriptors the influences of the number of
descriptors was investigated from one to ten descriptors.

The R2 value can be generally increased by adding the additional
predictor variables to the model, even if the added variable does not
contribute to the reduction of the unexplained variance of the
dependent variable. Therefore, the R2 usage requires special



Table 1
The data set and the corresponding observed and predicted pIC50 values by GA-MLR
and GA-SVM methods.

Number Namea Exp (pIC50) GA-MLR GA-SVM

Training set
1 II-2c 3.81 4.23 4.15
2 II-2a 3.95 3.59 3.96
3 II-2e 4.03 4.03 4.06
4 II-6b 4.03 3.93 4.06
5 III-7 4.10 4.61 4.13
6 III-4b 4.26 4.5 4.53
7 II-2f 4.43 4.32 4.46
8 IX-6d 4.51 4.96 4.54
9 IX-7a 4.51 4.88 4.54
10 X-7I 4.52 4.95 4.55
11 I-2c 4.55 4.56 4.58
12 IX-3f 4.57 4.35 4.60
13 I-2d 4.61 4.37 4.64
14 IV-7 4.71 5.94 5.35
15 X-7e 4.73 4.86 4.76
16 III-10 4.75 4.53 4.73
17 X-11a 4.76 5.18 4.79
18 IX-6a 4.77 4.66 4.80
19 IX-7d 4.80 4.89 4.82
20 IX-3a 4.82 5.39 4.85
21 IX-7b 4.82 4.77 4.79
22 II-2b 4.86 4.61 4.82
23 IX-3c 4.87 4.84 4.84
24 X-7f 4.90 5.25 4.93
25 IX-6c 4.91 5.47 4.94
26 IX-3b 4.93 4.92 4.96
27 IX-7c 4.93 5.08 4.90
28 X-9a 4.93 6.06 5.43
29 X-11b 4.95 5.06 4.98
30 X-7h 4.95 4.92 4.98
31 IV-1d 4.96 5.07 4.95
32 IX-3e 4.99 5.16 4.98
33 X-7b 5.03 4.87 5.00
34 V-12f 5.09 4.73 5.06
35 VIII-14b 5.11 5.67 5.14
36 IV-1c 5.16 4.81 5.13
37 IV-1f 5.23 5.55 5.26
38 NS1619 5.23 4.9 5.20
39 X-4b 5.28 5.11 5.25
40 IV-1e 5.46 5.31 5.43
41 IV-3f 5.48 5.59 5.47
42 IV-1a 5.51 5.17 5.38
43 X-7g 5.51 5.53 5.48
44 IV-3d 5.52 5.13 5.49
45 IV-1b 5.6 5.94 5.63
46 IV-3c 5.61 5.47 5.58
47 IV-3e 5.67 5.77 5.64
48 V-12d 5.84 5.38 5.68
49 X-4c 6.16 6.38 6.13
50 V-12e 6.35 6.58 6.38
51 V-17 6.43 5.84 6.40
52 V-12a 6.6 5.26 5.61
53 V-12c 6.72 6.71 6.64
54 VIII-5b 6.75 6.17 6.23
55 V-12g 6.87 6.25 5.96
56 VIII-14a 7.56 6.53 6.50
57 V-16b 8.49 8.16 7.59

Test set
58 I-2a 3.98 3.55 4.17
59 II-2d 4.26 4.42 4.28
60 X-7c 4.52 5.53 5.23
61 I-2b 4.73 4.13 4.56
62 I-2f 4.79 4.67 4.67
63 X-7a 4.87 5.51 5.10
64 III-5b 5.06 4.84 5.16
65 X-4a 5.39 3.93 4.70
66 VI-16 5.58 5.4 5.35
67 IV-3a 5.81 5.14 5.30
68 VIII-6b 6.19 5.47 5.39
69 VI-3b 6.55 5.77 5.94
70 IV-3b 6.84 5.81 5.70
71 V-16a 7.56 5.63 5.49

a The name of compounds are according to the reference [24].
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attention. For this reason, it is better to use another statistical
parameter, named as adjusted R2ðR2

adjÞ, were R2
adj is defined by

equation (3).

R2
adj ¼ 1�

�
1� R2

��
n� 1

n� p� 1

�
(3)

R2
adj is interpreted similarly to the R2 value, considering the number

of degrees of freedom, as well. It is adjusted by dividing the residual
sum of squares and total sum of squares by their respective degrees
of freedom. The R2

adj value diminishes if an added variable to the

equation does not reduce the unexplained variance [41]. Subse-
quently, R2

adj is utilized to compare models with different numbers

of predictor variables.
Another statistical parameter is the standard error of the esti-

mate (s) that measures the dispersion of the observed values about
the regression line. When the s value is low, the reliability of the
prediction is higher. Fig. 1 shows the plots of R2, R2

adj, and s for the
training set as a function of the number of descriptors for the 1–10
parameter models. R2 and R2

adj are increased with the increasing
number of descriptors. However, the values of s decreased with the
increasing number of descriptors. As can be seen, the models with 9
and 10 descriptors did not improve significantly the statistics of
a model, it was determined that the optimum subset size had been
achieved with maximum 8 descriptors.

The selected variables and the correlation matrix of these
descriptors are visualized shown in Table 2. From Table 2, it could
be seen that the correlation coefficient value of each pair descrip-
tors was less than 0.62, which meant that the selected descriptors
were independent.

To examine the relative importance as well as the contribution
of each descriptor in the model, for each descriptor the value of the
mean effect (MF) was calculated. This calculation was performed
with the equation (4).

MFj ¼
bj

Xi¼n

i¼1

dij

Pm
j

bj
Pn

i
dij

(4)

MFj represents the mean effect for the considered descriptor j, bj is
the coefficient of the descriptor j, dij stands for the value of the
target descriptors for each molecule and, eventually, m is
Fig. 1. Influences of the number of descriptors on the R2 (C), R2
adj (B) and s (:) of the

regression model.



Table 2
Correlation coefficient matrix of the selected descriptors.

G(O/Cl) RDF105m RDF040e Mor05v Mor19v Mor08p HATS8m R7uþ

G(O/Cl) 1
RDF105m 0.294 1
RDF040e 0.237 0.037 1
Mor05v �0.091 �0.271 �0.615 1
Mor19v �0.164 0.071 0.079 �0.209 1
Mor08p �0.074 �0.210 0.053 0.299 �0.176 1
HATS8m 0.588 �0.036 0.327 �0.185 �0.329 �0.124 1
R7uþ 0.060 �0.344 0.348 �0.186 �0.281 0.099 0.485 1

Fig. 2. Plot of the calculated values of pIC50 from the GA-MLR model versus the
experimental values for training (C) and test (B) sets.
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the descriptors number in the model. The MF value indicates the
relative importance of a descriptor, compared with the other
descriptors in the model. Its sign exhibits the variation direction in
the toxicity values as a result of the increase (or reduction) of this
descriptor values. The mean effect values are 0.058, �0.049,
�0.649, 1.879, 0.183, �0.353, 0.304 and �0.373 for G(O/Cl),
RDF105m, RDF040e, Mor05v, Mor19v, Mor08p, HATS8m and R7uþ,
respectively. By interpreting the descriptors contained in the
model, it is possible to gain useful chemical insights about the
activity of compounds. For this reason, an acceptable interpretation
of the QSAR results is provided below.

G(O/Cl) (sum of geometrical distances between O/Cl) is one of
the geometrical descriptors which has been appeared in the model.
The value of this descriptor related to the distances between
Oxygen and Chlorine atoms in compounds. As can be seen the
G(O/Cl) mean effect has a positive sign which indicates that pIC50

is directly related to this descriptor; therefore, increasing the G(O/
Cl) of molecules leads to increase in its pIC50 values.

The second and third descriptors are RDF105m and RDF040e,
which belongs to the radial distribution function (RDF) descriptors.
RDF in these forms meets all the requirements for the 3D structure
descriptors. It is independent of the atom number (i.e. the size of
a molecule), it is unique regarding the three-dimensional
arrangement of the atoms and it is invariant against the translation
and rotation of the entire molecule. Additionally, the RDF descrip-
tors can be restricted to specific atom types or distance ranges to
represent specific information in a certain three-dimensional
structure space (e.g. to describe the steric hindrance or the struc-
ture/activity properties of a molecule). The radial distribution
function (RDF) descriptors are based on the distance distribution in
the molecule. The radial distribution function of an ensemble of n
atoms can be interpreted as the probability distribution of finding
an atom in a spherical volume of radius R. In these descriptors
(RDF105m and RDF040e) weighting schemes are the atomic masses
and the atomic Sanderson electronegativities respectively, that
shows the mass and the electronegativity of the molecules play
main role in this descriptor. RDF105m and RDF040e display
a negative sign, which indicates that the pIC50 is inversely related to
these descriptors. From above discussing it was concluded that by
decreasing the molecular mass and molecular electronegativity the
value of these descriptors decreased, causing a increasing in their
pIC50 value.

Mor05v, Mor19v and Mor08p are the other descriptors, appearing
in the model which are belong to the 3D-MoRSE descriptors. 3D-
MoRSE descriptors (3D Molecule Representation of Structures based
on Electron diffraction) are derived from Infrared spectra simulation
using a generalized scattering function [42]. Mor05v and Mor19v
were proposed as signal 05/weighted by atomic van der Waals
volumes and signal 19/weighted by atomic van der Waals volumes
respectively which relate to the van der Waals volume of the mole-
cules. These descriptors display a positive sign, which indicate that
the pIC50 is directly related to this descriptor. Therefore, increasing
the van der Waals volume of the molecules leads to increase in its
pIC50 values. Mor08p was proposed as signal 08/weighted by atomic
polarizabilities which relates to polarizabilitie of the molecules.
Mor08p displays a negative sign, which indicates that the pIC50 is
inversely related to this descriptor. Decreasing the polarizability of
the molecules leads to increase in its pIC50 values.

HATS8m and R7uþ belong to the GETAWAY descriptors. The
GETAWAY (GEometry, Topology, and Atom-Weights AssemblY)
descriptors have been recently proposed as chemical structure
descriptors derived from a new representation of molecular
structure, the Molecular Influence Matrix (MIM) [43]. HATS8m is
the leverage-weighted total index weighted by atomic masse and
R7uþ is the R maximal autocorrelation of lag 7/unweighted.

In summary, it is concluded that the distances between Oxygen
and Chlorine atoms, the molecular mass, the van der Waals volume
of the molecules, the molecular electronegativity, and the molec-
ular polarizability play main role in BK-channel activators features
which are going to design.
3.1. Genetic algorithm-multi-parameter linear regression

Multi-parameter linear correlation of pIC50 values for 57 BK-
channel activators in training set was obtained using eight selected
descriptors by GA, and the following equation was obtained:

pIC50 [ 2:83ð±0:43ÞD 0:02ð±0:01ÞGðO/ClÞL 0:32ð±0:10Þ
3RDF105m L 0:12ð±0:03ÞRDF040e L 1:56ð±0:19Þ
3Mor05v D 2:47ð±0:43ÞMor19v D 1:34ð±0:31Þ
3Mor08p D 4:38ð±0:90ÞHATS8m L 7:05

ð±2:08ÞR7uD (5)

Then the built model was used to predict the test set
(14 compounds). The prediction results are given in Table 1. Also the



Table 3
Statistical results of different QSAR models.

Training set Test set Whole data set

RMSE R2 Q2
LOO F RMSE R2 RMSE R2 R2

CR

MLR 0.436 0.758 0.675 18.824 0.874 0.456 0.550 0.650 0.173
SVM 0.295 0.924 0.712 664.433 0.795 0.659 0.428 0.832 0.201

Fig. 4. The epsilon versus RMSE for the training set (Gamma¼ 5; C¼ 40).
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calculated values of pIC50 for the compounds in training and test
sets using the GA-MLR model have been plotted versus the
experimental values of it (Fig. 2). The correlation coefficient R2 was
obtained to be 0.758 for the training set and 0.456 for the test set.
Table 3 shows the statistical results for whole, training, and test
sets.

The model obtained was validated using leave-one-out (LOO)
cross-validation process. For LOO cross-validation, a data point is
removed from the set, and the model is recalculated. The predicted
activity for that point is then compared to its actual value. This is
repeated until each data point is omitted once. The cross-validated
correlation coefficient ðQ2

LOOÞ is 0.675.
The robustness of the resultant models was also validated with

the chance correlation procedure. For a set of the various BK-
channel activators, the pIC50 values were randomly attributed to
the molecules. Then, the MLR modeling with the selected
descriptors was repeated with the randomized data [44]. The
randomization was repeated 20 times. The squared correlation
coefficient of the model with the randomly selected data ðR2

CRÞwas
used as statistical criterion. If the R2

CR values of these models were
much lower than those of the original model, it could be consid-
ered that the model was reasonable, and had not been obtained by
the chance. The low chance correlation value ðR2

CR ¼ 0:173Þ
confirm this result.

3.2. Genetic algorithm-support vector machine

In order to develop a more accurate model, SVM was used to
develop a model by the training set compounds based on the same
subset of selected descriptors. LOO cross-validation method
implied in SVM was used to build the model. Performance of SVM
for regression depends on the combination of several factors. They
are kernel function type, capacity parameter C, 3 of 3-insensitive
loss function, and its corresponding parameters.

Firstly, the kernel function should be decided, which determines
the sample distribution in the mapping space. The radial basis
function (RBF) is commonly used in many studies because of its
good general performance and few parameters to be adjusted [45].
Fig. 3. The gamma versus RMSE for the training set (3¼ 0.03; C¼ 40).
In this work, the radial basis function was used, the form of which
in R is as follows:

exp
�
� g*ju� vj2

�

where g is a parameter of the kernel; u and v are two independent
variables.

Secondly, corresponding parameters, i.e. g of the kernel function
greatly affect the number of support vectors, which has a close
relation with the performance of the SVM and training time. Too
many support vectors could produce overfitting and increase the
training time. In addition, g controls the amplitude of the RBF
function and, therefore, controls the generalization ability of SVM.
The plot of g versus RMSE on the LOO cross-validation is shown in
Fig. 3. As can be seen from the figure, the optimal g was 5.

Parameter 3-insensitive prevents the entire training set meeting
boundary conditions and so allows for the possibility of sparsity in
the dual formulation’s solution. The optimal value for 3 depends on
the type of noise present in the data, which is usually unknown. The
RMS error of LOO cross-validation on different epsilon is recorded
in Fig. 4 and the optimal value was found to be 0.03.

Lastly, the effect of capacity parameter C was tested. It 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
Fig. 5. The capacity parameter C versus RMSE for the training set (Gamma¼ 5;
3¼ 0.03).



Fig. 6. Plot of the calculated values of pIC50 from the GA-SVM model versus the
experimental values of it for training (C) and test (B) sets.
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overfit the training data. However, Ref. [37] indicated that prediction
error was scarcely influenced by C. To make the learning process
stable, a large value should be set up for C initially. The plot of RMSE
versus C value is shown in Fig. 5 with values g¼ 5, 3¼ 0.03. The
optimal value of C was 40. Therefore, the best choices for g, 3 and C
were 5, 0.03 and 40. For the optimal model, the cross-validated
coefficient Q2 was 0.712. It gave RMSE of 0.295 for the training set,
0.795 for the test set, and the corresponding correlation coefficients
(R2) were 0.924 and 0.659, respectively. Then the optimized support
vector regression could simulate the complicated nonlinear rela-
tionship between pIC50 value and the descriptors.

The calculated pIC50 values obtained from SVM predictive model
are listed in Table 1. Fig. 6 shows the predicted versus experimental
values of pIC50 for the training and test sets with SVM method.
Table 3 presents the statistical parameters of the results obtained
from the two studied models for the same set of compounds. The
RMSE of SVM model for the training, test and whole data sets were
lower than those of models proposed in MLR method. The corre-
lation coefficient (R2) given by SVM was higher than of MLR. And
the results of F-test were obtained and also are shown in Table 3.
From the table, it can be seen that SVM model gives higher F values,
so this model gives the most satisfactory results, compared with the
results obtained from MLR method. It can be seen that although
parameters appearing in the GA-MLR model are used as inputs for
the generated GA-SVM model, the statistics has shown a large
improvement. These improvements are due to the fact that BK-
channels activity of compounds shows non-linear correlations with
the selected descriptors.

4. Conclusion

In the present study, a linear method (GA-MLR) and a non-linear
method (GA-SVM) were used to construct a quantitative relation
between the pIC50 values of BK-channel activators and their calcu-
lated descriptors. The results obtained by GA-SVM were compared
with those obtained by GA-MLR which confirmed the superiority of
the GA-SVM model as a more powerful method to predict the pIC50.
Since the improvement of the results obtained using non-linear
model (GA-SVM) is considerable, it can be concluded that the non-
linear characteristics of the descriptors on the pIC50 values of the BK-
channel activators. Distances between of the Oxygen and Chlorine
atoms, the mass, the van der Waals volume, the electronegativity,
and the polarizability of the molecules found to be important factors
controlling the BK-channels activity. The proposed models can
identify and provide an insight into some instructions for further
designing of new BK-channel activators.
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