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Summary. Apoptosis proteins play an important role in the development

and homeostasis of an organism. The accurate prediction of subcellular

location for apoptosis proteins is very helpful for understanding the mech-

anism of apoptosis and their biological functions. However, most of the

existing predictive methods are designed by utilizing a single classifier,

which would limit the further improvement of their performances. In this

paper, a novel predictive method, which is essentially a multi-classifier

system, has been proposed by combing a dual-layer support vector ma-

chine (SVM) with multiple compositions including amino acid compos-

ition (AAC), dipeptide composition (DPC) and amphiphilic pseudo amino

acid composition (Am-Pse-AAC). As a demonstration, the predictive

performance of our method was evaluated on two datasets of apoptosis

proteins, involving the standard dataset ZD98 generated by Zhou and

Doctor, and a larger dataset ZW225 generated by Zhang et al. With the

jackknife test, the overall accuracies of our method on the two datasets

reach 94.90% and 88.44%, respectively. The promising results indicate

that our method can be a complementary tool for the prediction of subcel-

lular location.

Keywords: Subcellular location – Apoptosis protein – Dual-layer sup-

port vector machine – Amino acid composition – Dipeptide composition –

Amphiphilic pseudo amino acid composition

1. Introduction

Subcellular location is a key functional characteristic of

proteins (Hua and Sun, 2001). The knowledge of the sub-

cellular location of a protein is very helpful for under-

standing its biological function (Reinhardt and Hubbard,

1998), because newly synthesized proteins must be local-

ized to the appropriate subcellular compartments to

perform their biological functions. Even for proteins of ba-

sic functions known, information about their localizations

may give insights about their involvements in specific

metabolic pathways (Garg et al., 2005). Although subcel-

lular location of unknown proteins can be determined by

experimental methods such as cell fractionation, electron

microscopy and fluorescence microscopy, they are both

time-consuming and expensive (Chou and Cai, 2002;

Feng, 2002). Therefore, it is very urgent to develop an

automatic and reliable prediction system for protein sub-

cellular location.

Actually, many predictive methods have been devel-

oped, which in general, can be roughly divided into two

categories. One is based on N-terminal sorting signal

(Nakai and Kanehisa, 1992; Emanuelsson et al., 2000),

whose predictive result is inaccurate when the sorting sig-

nals are missing or partially included (Hua and Sun,

2001). The other is based on amino acid composition

(AAC) (Reinhardt and Hubbard, 1998; Hua and Sun,

2001; Zhou and Doctor, 2003), which, in fact, is absent

of any information of sequence order. Subsequently, some

new protein features were proposed in order to incor-

porate sequence order effects of proteins, including pseu-

do amino acid compositions (Chou, 2001; Chou and Cai,

2003), dipeptide composition (DPC) (Bhasin and Raghava,

2004; Huang and Li, 2004), amino acid pairs composi-

tion (Park and Kanehisa, 2003), Markov chains model

(Bulashevska and Eils, 2006) and so on. Additionally, a

new concept of functional domain composition was pro-

posed by Chou and Cai (2002), who also presented a new

method incorporating gene ontology (Chou and Cai,

2004b). However, the methods mentioned above can only

deal with proteins that just exist at one subcellular loca-

tion. For proteins that may simultaneously exist at, or move

between, two or more different subcellular locations, two

predictors called ‘‘Hum-mPLoc’’ (Shen and Chou, 2007b)

and ‘‘Euk-mPLoc’’ (Chou and Shen, 2007b) were pro-

posed. For a comprehensive description in this area, read-



ers can refer to two recent reviews (Chou and Shen,

2007c; Shen et al., 2007b).

Meanwhile, methods only using a single classifier have

limitations in the prediction of subcellular location (Chou

and Shen, 2006a, c). Consequently, many attempts have

been made to enhance the prediction quality by utilizing

multi-classifier system (Park and Kanehisa, 2003; Chou

and Cai, 2004a; Yu et al., 2004; Chou and Shen, 2006a,

b, c, 2007a). Yu et al. (2004) proposed a predictive meth-

od called CELLO which used multiple SVM classifiers

based on n-peptide composition. Chou and Shen (2006a)

developed a predictor by fusing multiple basic optimized

evidence-theoretic k-nearest neighbor classifiers for the

prediction of eukaryotic protein subcellular location. Both

of them gave the final decision through a voting system.

In our previous study (Chen et al., 2006b), a dual-layer

support vector machine (SVM) was developed containing

multiple SVM classifiers for the prediction of protein

structure class. Instead of the voting system, a second

SVM classifier was used to give the final decision, and

significant enhancement in success rate was achieved.

Encouraged by this, we extend this idea down the predic-

tion of subcellular location.

Apoptosis, also known as programmed cell death, plays

a central role in normal tissue homeostasis by regulating a

balance between cell proliferation and death (Chou et al.,

1997, 2000; Chou, 2004, 2006). Unregulated excessive

apoptosis may cause various degenerative and autoim-

mune diseases. Conversely, an inappropriately low rate of

apoptosis may promote survival and accumulation of ab-

normal cells that can give rise to tumor formation and

prolonged autoimmune stimulation such as in cancers

and Graves disease (Peter et al., 1997). The study on

apoptosis proteins can help us to understand the mecha-

nism of apoptosis and provide many targets for therapeutic

intervention (Chou et al., 1997, 2000; Chou, 2004, 2006).

In 2003, Zhou and Doctor (2003) constructed a stan-

dard dataset of apoptosis proteins including four major

subcellular localization sites. On the basis of the dataset,

they developed a predictive method by associating covar-

iant discriminant algorithm (CDA) with AAC. The overall

accuracy of their method reached 72.5%. Bulashevska

and Eils (2006) proposed a predictor called HensBC by

using hierarchical ensemble of Bayesian classifiers based

on Markov chains model of primary protein sequence.

On the same dataset, HensBC yielded an overall accuracy

of 89.8%. More recently, a predictive method called

EBGW_SVM which combined a new protein descriptor

EBGW (Encoding Based on Grouped Weight) with SVM

has been developed by Zhang et al. (2006b), and they got

a higher overall accuracy of 92.9%. Despite of the great

enhancement in accuracy, EBGW_SVM would limit the

further enhancement of predictive performance because it

was essentially a single classifier based on single protein

feature.

In view of the above facts, this article presents a frame-

work with a dual-layer SVM system. In its first layer,

there are three SVM classifiers trained by various protein

features. Then the computational results are combined and

input into the second layer, where another SVM classifier

makes the final decisions adaptively. It is demonstrated

through two different working data sets that the predictive

performance is improved significantly.

2. Materials and methods

2.1 Dataset

Two datasets were applied to examine the effectiveness of our method.

One is the standard dataset ZD98 generated by Zhou and Doctor (2003). It

involves 98 apoptosis protein sequences classified into four location cate-

gories, of which 43 are cytoplasmic proteins, 30 Plasma membrane-bound

proteins, 13 mitochondrial proteins and 12 other proteins (exclude the

former three classes of proteins).

The other is a larger dataset ZW225 provided by Zhang et al. (2006b). It

consists of 225 apoptosis proteins divided into four subcellular locations

with 41 nuclear proteins, 70 cytoplasmic proteins, 25 mitochondrial pro-

teins and 89 membrane proteins. All the protein sequences in the two

datasets were extracted from SWISS-PROT (Bairoch and Apweiler, 2000),

and the accession numbers can be found in the literatures (Zhou and

Doctor, 2003; Zhang et al., 2006a).

2.2 Protein features

AAC is the occurrence frequency of each amino acid residue in a protein.

A protein can be represented as a 20-D (dimension) vector according to

AAC. DPC is the occurrence frequency of each two adjacent amino acid

residues. It is used to encapsulate the global information about each

protein sequence and a protein can be represented as a 400-D vector by

means of DPC. The Amphiphilic pseudo amino acid composition (Am-

Pse-AAC) originally proposed by Chou (2005) is designed to reflect the

sequence-order effects by using the hydrophobicity (Tanford, 1962) and

hydrophilicity (Hopp and Woods, 1981) of the constitute amino acids in a

protein. By using it, a protein sample can be represented as follows:

P ¼ ½P1; . . . ;P20;P20þ1; . . . ;P20þ�; . . . ;P20þ2��; ð1Þ

where the first 20 numbers in Eq. (1) represent the classic AAC, and the

next 2� discrete numbers are described as sequence-correlation factor,

which can be calculated according to the literature (Chou, 2005). For

different problems, the optimal value of � is variable. In this study, the

optimal value of � was selected as the one that yielded the highest overall

accuracy through the jackknife test. Detailed descriptions about the Am-

Pse-AAC can refer to Chou’s paper (2005). Recently, a very flexible

PseAA web-server has been established at the website http:==chou.

med.harvard.edu=bioinf=PseAA=, where readers can easily calculate vari-

ous kinds of pseudo amino acid composition.

2.3 SVM

SVM has been widely used in biological sequence analysis (Yang, 2004).

The main idea of SVM (Cortes and Vapnik, 1995) is to map the samples
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from input space into a high dimensional feature space by the so-called

kernel function and to seek a separating hyper-plane with the maximal

margin (i.e. Optimal Separating Hyper-plane (OSH)). It has many attrac-

tive features including effective avoidance of over-fitting, capability of

handling large feature space, and absence of local minima.

The key step of training SVM is the selection of parameters. A few

parameters such as the penalty parameterC and the parameters of the kernel

function must be determined in advance. Herein we use the jackknife test

to select parameters. In the jackknife test, each protein is singled out in

turn as a query protein with the remaining proteins for training SVM.

It is a multi-classification problem for the prediction of subcellular

location. The simple solution is to reduce the multi-classification to a se-

ries of binary classifications. In this study, we adopted the one-versus-rest

method (Brown et al. 2000; Ding and Dubchak, 2001) to transfer it into a

series of two-class problems. For example, for a K-classes problem, there

are K two-class subclassifiers needed to be constructed by the one-versus-

rest method. The ith subclassifier is trained by considering all the proteins

in the ith class as positive samples and all other classes as negative sam-

ples. In practice, however, this method will lead to the so-called ‘False

Positive’ problem (Ding and Dubchak, 2001) which would cause am-

biguous prediction results. To avoid the drawback, the ‘winner-takes-all’

scheme (Angulo et al., 2003) was utilized, in which the output of each

binary classifier will be specific numerical values instead of label þ1 or

�1, and the final results of prediction will be given by considering the

maximum of the output values. The software used to implement SVM

is SVM-lite – a MATLAB MEX-interface to SVMlight written by Tom

Briggs and can be freely downloaded from http:==webspace.ship.edu=

thbrig=mexsvm= for academic purpose.

2.4 Dual-layer SVM

The structure of dual-layer SVM containing multi-classifiers based on

multiple protein compositions is shown in Fig. 1. The first layer is made

up of three SVM classifiers: SVM1, SVM2 and SVM3, which is based on

AAC, DPC and Am-Pse-AAC, respectively. The corresponding dimen-

sions of input vector of three SVM classifiers are 20, 400 and 20þ 2� (the

optimized value of � is 2 for ZD98 and 4 for ZW225). For the first layer,

there are totally 4� 3¼ 12 SVM binary classifiers needed to construct by

using the one-versus-rest method. preliminary tests show the RBF kernel

can give best results. Therefore, RBF kernel was selected for all the 12

SVM binary classifiers.

To give the final decision, the second layer SVM classifier is designed

by merging the outputs from the first layer as input. Different from the first

layer SVM classifiers, the relationship between the inputs and the outputs

in the second layer SVM may be linear. Accordingly, we selected the

linear kernel function for the second layer SVM.

2.5 Assessment of predictive performances

The prediction quality is examined by the jackknife test. Among the in-

dependent dataset test, sub-sampling (e.g., 5-fold sub-sampling) test, and

jackknife test, which are often used for examining the accuracy of a

statistical prediction method, the jackknife test is deemed the most rigor-

ous and objective as analyzed by a comprehensive review (Chou and

Zhang, 1995) and has been increasingly adopted by leading investigators

to test the power of various prediction methods (Zhou, 1998; Zhou and

Assa-Munt, 2001; Gao et al., 2005; Wang et al., 2005; Xiao et al., 2005,

2006; Du and Li, 2006; Guo et al., 2006; Chen et al., 2006a, b; Mondal

et al., 2006; Niu et al., 2006; Sun and Huang, 2006; Wen et al., 2007; Zhang

et al., 2006; Chou and Shen, 2007d, e; Lin and Li, 2007a,b; Shen and

Chou, 2007c; Chen et al., 2007; Ding et al., 2007; Liu et al., 2007;

Shen and Chou, 2007a; Shen et al., 2007a; Shi et al., 2007; Zhang and

Ding, 2007).

The overall prediction accuracy, the prediction accuracy and Matthew’s

correlation coefficient (Matthews, 1975) (MCC) for each subcellular loca-

tion calculated for assessment of the prediction system are given by Eqs.

(2)–(4).

overall accuracy ¼
Pk

i¼1 pðiÞ
N

; ð2Þ

accuracy ðiÞ ¼ pðiÞ
obsðiÞ ; ð3Þ

MCC ðiÞ ¼ pðiÞnðiÞ � uðiÞoðiÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðpðiÞ þ uðiÞÞðpðiÞ þ oðiÞÞðnðiÞ þ uðiÞÞðnðiÞ þ oðiÞ

p
Þ
; ð4Þ

where N is the total number of sequences, k is the class number, obs ðiÞ is

the number of sequences observed in location i, pðiÞ is the number of

correctly predicted sequences of location i, nðiÞ is the number of correctly

predicted sequences not of location i, uðiÞ is the number of under-pre-

dicted sequences and oðiÞ is the number of over-predicted sequences.

3. Results and discussion

3.1 Predictive performance of the dual-layer SVM

Firstly the standard dataset ZD98 was used to evaluate the

performance of the dual-layer SVM and the results of

jackknife test are summarized in Table 1. As shown in

Table 1, SVM1 based on AAC and SVM2 based on DPC

give the same accuracy of 90.82%. SVM3 based on Am-

Pse-AAC reach the highest overall accuracy of 93.88%,

indicating that Am-Pse-AAC can capsulate more informa-

tion of protein sequence. To further enhance the predictive

performance, the dual-layer SVM was devised on the ba-Fig. 1. Structure of the dual-layer SVM
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sis of various features described above. The final overall

accuracy of the dual-layer SVM is 94.90%, which is bet-

ter than any individual feature-based module. It implies

that the dual-layer SVM based on multiple features can

take better advantage of the sequence information of a

protein than the single-layer SVM based on individual

feature. The detailed performance of the dual-layer SVM

is shown in the last row of Table 1.

3.2 Comparison with existing methods

The predictive performance of the dual-layer SVM was

compared with that of existing prediction methods. The

dataset ZW98 was also tested with CDA (Zhou and

Doctor, 2003), HensBC approach (Bulashevska and Eils,

2006) and EBGW_SVM (Zhang et al., 2006b). CDA was

based on AAC, HensBC approach based on the Markov

chains, and EBGW_SVM based on EBGW. The results of

CDA, HensBC, EBGW_SVM and the dual-layer SVM were

obtained through the jackknife test, and listed in Table 2.

As can be seen from Table 2, the overall accuracy of the

dual-layer SVM is 94.90%, which is almost 22%, 5%, and

2% higher than that of CDA, HensBC, EBGW_SVM,

respectively. Especially for the most difficult case – the

forth class (i.e. other subcellular location), the predictive

accuracy is improved to 91.67% by our method. Although

the predictive accuracy is a convenient measure for pre-

dictive performance, it is still not enough to draw a con-

clusion, because it overlooks over-predictions. As taking

into account of both under- and over-prediction, MCC can

offer a complementary measure for the predictive per-

formances (Yu et al., 2004). The value of MCC is 1 for

a perfect prediction and 0 for completely random assign-

ment. The MCCs of the dual-layer SVM range from 0.91

to 0.95 which is higher than those of HensBC and

EBGW_SVM (see Table 2). These results further indicate

that our method can significantly improve the predictive

performance by using multiple features with a more pow-

erful machine learning method.

A much large dataset ZW225, constructed by Zhang

et al. (2006a), was also utilized to evaluate the generali-

zation ability of our method. And the results of compari-

son between our method and EBGW_SVM (Zhang et al.,

2006b) with jackknife test are listed in Table 3. As can

be seen, in contrast to EBGW_SVM, the predictive per-

formance is remarkably improved by our method. The

overall accuracy of 88.44% has been obtained, which

is appropriately 5% higher than that of EBGW_SVM.

Especially for the nuclear and mitochondrial proteins,

the accuracies are improved nearly 15% and 16%. All the

Table 2. Comparison with other methods on dataset ZD98 by the Jackknife test

Subcellular location CDAa HensBCb EBGW_SVMc Dual-layer SVMd

ACC MCC ACC MCC ACC MCC ACC MCC

Cytoplasmic 97.7 – 95.3 0.89 97.67 0.90 95.35 0.92

Plasma membrane 73.3 – 90.0 0.83 90.00 0.88 96.67 0.93

Mitochondrial 30.8 – 92.3 0.83 92.31 0.91 92.31 0.91

Other 25.0 – 66.7 0.80 83.33 0.90 91.67 0.95

Overall accuracy 72.5 – 89.8 – 92.86 – 94.90 –

a Data was taken from Zhou and Doctor (2003)
b Data was taken from Bulashevska and Eils (2006)
c Data was taken from Zhang et al. (2006b)
d Data from current paper

Table 1. Performance of various SVMs based on different compositions on dataset ZD98 by the Jackknife test

Approach Cytoplasmic Plasma Mitochondrial Other Overall

ACC MCC ACC MCC ACC MCC ACC MCC ACC

SVM1 93.02 0.86 90.00 0.90 100 0.89 75.00 0.80 90.82

SVM2 95.35 0.88 90.00 0.86 92.31 0.87 75.00 0.85 90.82

SVM3 95.35 0.90 96.67 0.93 100 0.96 75.00 0.85 93.88

Dual-layer SVM 95.35 0.92 96.67 0.93 92.31 0.91 91.67 0.95 94.90

� ACC Accuracy; MCC Matthew’s correlation coefficient. SVM1 is based on AAC, SVM2 based on DPC and SVM3 based on Am-Pse-AAC
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results show that our method is superior to EBGW_SVM.

The reason may be that multi-classifier system based on

multiple protein features can make use of more informa-

tion than single classifier based on single protein feature,

and therefore can enhance predictive performance signifi-

cantly. Certainly, the cost of the adoption of multi-clas-

sifier system is its complicated framework and time

consuming in model training and testing. Consequently,

it is the major task to select the protein features and to

optimize the framework of multi-classifier system in our

future work.

4. Conclusion

With the rapid increment of protein sequence data, it is

indispensable to develop an automated and reliable pre-

dictive method for subcellular location. In this paper, a

prediction system is provided for apoptosis proteins by

constructing the dual-layer SVM based on multiple protein

features. The results from two different datasets show that

our method can significantly improve the predictive perfor-

mance. It is anticipated that our method can be a comple-

mentary tool for the prediction of subcellular location.
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