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a b s t r a c t

Proteins belonging to different subfamilies of Voltage-gated Kþ channels (VKC) are functionally

divergent. The traditional method to classify ion channels is more time consuming. Thus, it is highly

desirable to develop novel computational methods for VKC subfamily classification. In this study, a

support vector machine based method was proposed to predict VKC subfamilies using amino acid and

dipeptide compositions. In order to remove redundant information, a novel feature selection technique

was employed to single out optimized features. In the jackknife cross-validation, the proposed method

(VKCPred) achieved an overall accuracy of 93.09% with 93.22% average sensitivity and 98.34% average

specificity, which are superior to that of other two state-of-the-art classifiers. These results indicate

that VKCPred can be efficiently used to identify and annotate voltage-gated Kþ channels’ subfamilies.

The VKCPred software and dataset are freely available at http://cobi.uestc.edu.cn/people/hlin/tools/

VKCPred/.

& 2012 Elsevier Ltd. All rights reserved.

1. Introduction

Potassium (Kþ) channels are the most widely distributed type
of ion channels and are found in virtually all living organisms
[1,2]. Voltage-gated Kþ channels (VKC), the largest family of Kþ

channels, are specific for Kþ ions and sensitive to voltage changes
of cell membrane. VKC response to membrane potential changes
by opening and closing an ion-selective permeation pathway of
Kþ ions across the cell, and play a crucial role during action
potentials in returning the depolarized cell to a resting state. They
are also key components in generation and propagation of
electrical impulses in nervous system. By contributing to the
regulation of the action potential duration in cardiac muscle,
malfunction of VKC may cause life-threatening arrhythmias.
Moreover, mutations in VKC genes can lead to severe diseases,
such as long QT syndrome and epilepsy [3–6]. Thus, VKC have
become valuable targets for disease diagnosis and drug design.

In terms of sequence diversity, VKC can be grouped into
different subfamilies [7,8] and proteins in these subfamilies are
functionally divergent. The sensitivity to the membrane potential
and the kinetics of the response to changes in potential vary

substantially between different VKC subfamilies, which means
that cells expressing different VKC subfamilies repolarize the
membrane and shorten the action potential at different rates [9].
Thus, judging the subfamilies of VKC not only provides novel
insights into their functions, but also facilitates understanding the
intricate pathways regulating cellular processes. Phylogenetic
tree [10] is a traditional method and a gold standard for most
experimental scholars to classify ion channels. Although this
method is not particularly expensive, it is more time consuming
than machine learning approaches.

Currently, many computational methods have been developed
to study the structure and function of ion channels [11–17]. Some
works focused on the prediction of the activity of ion channel
proteins using machine learning methods [18,19]. Other works
employed computational approaches to find potential drug tar-
gets from ion channels [20,21]. A web server VGIchan [22] was
developed to predict four types of voltage-gated ion channels
using support vector machine (SVM). Lin and Ding [23] developed
a soft package IonchanPred to predict ion channels and their
types. However, few cases were performed to predict subfamilies
of VKC. Recently, Liu et al. [24] predicted five types of VKC on a
high similarity benchmark dataset using support vector machine.
It has been demonstrated that the predictive accuracy is closely
related with sequence identity [25,26] and high sequence simi-
larity can surely lead to the overestimation of predictive perfor-
mance. Therefore, there is an urgent need to develop efficient
computational tools for VKC subfamilies identification.
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Keeping this in mind, we proposed an SVM-based method to
predict VKC subfamilies using amino acid compositions and
dipeptide compositions. The Correlation-based Feature Subset
Selection algorithm [27] was introduced to perform feature
selection for improving the predictive accuracy. In the jack knife
cross-validation, our method yields an overall accuracy of 93.09%
with 93.22% average sensitivity and 98.34% average specificity for
VKC subfamilies prediction.

2. Materials and methods

2.1. Dataset

VKC belonging to 6 phylogenetic subfamilies (Kv1, Kv2, Kv3,
Kv4, Kv6 and Kv7) were derived from the updated Voltage-gated
Kþ Channel DataBase (VKCDB, http://vkcdb.biology.ualberta.
ca) [9]. To prepare a high quality dataset, the following proce-
dures were performed: (1) Protein sequences containing ambig-
uous residues (‘‘B’’, ‘‘X’’ and ‘‘Z’’) were removed. (2) Sequences
which are not full-length were excluded. (3) Highly similar
sequences were excluded. For balancing the number of samples
and providing a significant statistics, sequences which have
460% sequence similarity were removed from the dataset using
CD-HIT program [28]. If the sequence identity cutoff is set to a
stringent threshold of 25%, the results will be more objective and
reliable. However, in this study we did not use such a stringent
criterion because the currently available data do not allow us to
do so. Otherwise, the number of proteins for some subfamilies
would be too few to have statistical significance. Finally, 217VKC
were retained in the final dataset, composed of 82 Kv1, 16 Kv2,
37 Kv3, 32 Kv4, 10 Kv6 and 40 Kv7, respectively.

2.2. Features

Each sequence in the dataset is encoded by 420 features,
including 20 amino acid compositions (AAC) and 400 dipeptide
compositions (DPC) defined as the following equations:

AACðiÞ ¼
xðiÞ

P20

i ¼ 1

xðiÞ

ð1Þ

DPCðjÞ ¼
yðjÞ

P400

j ¼ 1

yðjÞ

ð2Þ

where i can be any one of the 20 amino acids and j represents one
out of the 400 dipeptides. The x(i) and y(j) are their numbers in
each sequence, respectively.

2.3. Feature selection

Inclusion of irrelevant, redundant and noisy attributes in the
model building process can result in poor predictive performance
and increased computation. To remove redundant features and
identify features that could distinguish subfamilies of VKC from
the original feature set, we performed feature selection using the
Correlation-based Feature Subset Selection algorithm that couples
the evaluation formula with an appropriate correlation measure and
a heuristic search strategy [27]. This procedure was implemented
using Weka [29] by ten-fold cross-validation on the final dataset.

2.4. Support vector machine

Support vector machine (SVM) is an effective method for
supervised pattern recognition [13], which is well founded

theoretically [30] and has been widely used in the field of
bioinformatics, such as subcellular localization prediction
[31–36] and membrane protein identification [37–39]. The basic
idea of SVM is to transform the data into a high dimensional
feature space, and then determine the optimal separating hyper-
plane. For handling a multi-class problem, ‘‘one-versus-one
(OVO)’’ and ‘‘one-versus-rest (OVR)’’ are generally applied to
extend the traditional SVM. Since this work deals with proteins
from 6 families, OVO strategy was employed for making predic-
tion using radial basis function (RBF), which outperforms the
other three kinds of kernel functions, namely, linear function,
polynomial function and sigmoid function, in empirical studies.
The implementation of SVM is based on LibSVM 2.84 written by
Chang and Lin [40]. The grid search method is applied to tune the
regularization parameter C and the kernel width parameter g.

2.5. Prediction assessment

The performance of the method was measured in terms of
sensitivity (Sn), specificity (Sp), Matthew’s correlation coefficient
(MCC) [41] and overall accuracy (OA) defined as follows:

SnðiÞ ¼
TPðiÞ

TPðiÞþFNðiÞ
ð3Þ

SpðiÞ ¼
TNðiÞ

TNðiÞþFPðiÞ
ð4Þ

MCCðiÞ ¼
TPðiÞ � TNðiÞ�FPðiÞ � FNðiÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðTPðiÞþFNðiÞÞ � ðTNðiÞþFPðiÞÞ � ðTPðiÞþFPðiÞÞ � ðTNðiÞþFNðiÞÞ
p

ð5Þ

OA¼
1

N

Xk

i ¼ 1

TPðiÞ ð6Þ

here k (k¼6) is the number of families, N is the total number of
sequences. TP(i), TN(i), FP(i), and FN(i) represent true positive, true
negative, false positive and false negative of family i, respectively.

3. Results

3.1. Prediction of VKC subfamilies

We trained our SVM classifier (VKCPred) on the dataset contain-
ing 217 sequences. Three cross-validation methods, i.e., sub-
sampling test, independent dataset test and jack knife test are
often employed to evaluate the predictive capability of a predictor.
Among the three methods, the jack knife test is deemed the most
objective and rigorous one [42] that can always yield a unique
outcome as demonstrated by a penetrating analysis in a recent
comprehensive review [43] and has been widely and increasingly
adopted [44–47]. Accordingly, the jack knife test was employed to
examine the performance of VKCPred. For the jackknife cross-
validation, each sample in the dataset is in turn singled out as an
independent test sample and all the rule parameters are calculated
based on the remaining samples without including the one being
identified. As shown in Table 1, an overall accuracy of 87.39% with
an average sensitivity of 84.54% and an average specificity of
96.43% was obtained using all 420 features.

In order to identify prominent features that distinguish
proteins from different VKC subfamilies, we applied Correlation-
based Feature Subset Selection algorithm to eliminate redundant
features. This algorithm evaluates the worth of a subset of
attributes by considering the individual predictive ability of each
feature along with the degree of redundancy between them.
Subsets of features that are highly correlated with the class while
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having low inter-correlation are preferred. The prediction rate is
improved in each feature selection step until the number of
features increased to 118. To demonstrate this point, we listed
the representative results (subsets with best 24, 50 and 118 best
features) in Table 1. The highest overall accuracy of 93.09% with
93.22% average sensitivity and 98.34% average specificity was
obtained by using 118 features.

3.2. Comparison with other methods

It is objective to compare the proposed methods with previously
published classifiers using an independent dataset. However, the
currently available data do not allow us to do so because of lacking
enough samples. We can only perform a rough comparison with
previously published classifiers. Liu et al. [24] have predicted five
types of VKC on a high similarity benchmark dataset using 2000
features. Using 118 optimized features, our proposed model classi-
fied six types of VKC on a lower similarity benchmark dataset and
achieved a comparable accuracy with that of Liu et al. [24].

In addition, our proposed SVM model was also compared with
two state-of-the-art classifiers, i.e. Random Forest (RF) and Naı̈ve
Bayes (NB) implemented in WEKA. We also optimized the
features for both RF and NB algorithms and enumerated their
best jack knife cross-validated results in Table 2. The prediction
accuracy of SVM is approximately 8% and 11% higher than Naı̈ve
Bayes and Random Forest classifiers, respectively. These results
indicate that it is creditable to use VKCPred to annotate voltage-
gated Kþ channels’ subfamilies.

4. Discussion

Proteins from different VKC subfamilies are functionally diver-
gent. Identification of VKC subfamily is an essential and difficult
task. We implemented an SVM based approach to predict VKC

subfamilies using primary sequence information. Using Correla-
tion-based Feature Subset Selection algorithm, we identified the
118 prominent features that could improve predictive accuracies
remarkably. However, the detailed analysis of the selected features
are required to provide more information about their roles in
biological activity. High accuracies indicate that the proposed
method is an effective tool for VKC subfamily identification. Since
user-friendly and publicly accessible web-servers represent the
future direction for developing practically more useful predictors
[48], we have provided a predictive tool of the proposed method at
http://cobi.uestc.edu.cn/people/hlin/tools/VKCPred/ and hope that
this method will pave the way for the further research on VKC.
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