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Abstract Apoptosis proteins have a central role in the

development and homeostasis of an organism. These pro-

teins are very important for understanding the mechanism

of programmed cell death. As a result of genome and other

sequencing projects, the gap between the number of known

apoptosis protein sequences and the number of known

apoptosis protein structures is widening rapidly. Because of

this extremely unbalanced state, it would be worthwhile to

develop a fast and reliable method to identify their sub-

cellular locations so as to gain better insight into their

biological functions. In view of this, a new method, in

which the support vector machine combines with discrete

wavelet transform, has been developed to predict the sub-

cellular location of apoptosis proteins. The results obtained

by the jackknife test were quite promising, and indicated

that the proposed method can remarkably improve the

prediction accuracy of subcellular locations, and might also

become a useful high-throughput tool in characterizing

other attributes of proteins, such as enzyme class, mem-

brane protein type, and nuclear receptor subfamily

according to their sequences.
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Introduction

Apoptosis, or programmed cell death, is a fundamental

process controlling normal tissue homeostasis by regulat-

ing the balance between cell proliferation and cell death

(Jacobson et al. 1997; Vaux et al. 1994; Zhou et al. 1999).

This process entails the autolytic degradation of cellular

components, and is characterized by blebbing of cell

membranes, shrinkage of cell volumes, and condensation

of nuclei (Kerr et al. 1972), and is currently an area of

intense investigation. Cell death and renewal are respon-

sible for maintaining the proper turnover of cells, which

ensures a constant controlled flux of fresh cells. Pro-

grammed cell death and cell proliferation are tightly cou-

pled. When apoptosis malfunctions, a variety of formidable

diseases will ensue, such as cancer (Adams and Cory 1998;

Evan and Littlewood 1998) and autoimmune diseases

caused by blocking apoptosis, ischemic damage (Reed and

Paternostro 1999) and neurodegenerative diseases (Schulz

et al. 1999) possibly caused by unwanted apoptosis.

Apoptosis is considered to play a key role in these devas-

tating diseases and, in principle, provides many targets for

therapeutic intervention (Barinaga 1998; Chou et al. 1998,

1999).

Obtaining information about subcellular locations of

apoptosis proteins is very helpful in understanding the

apoptosis mechanism and functions of proteins (Schulz

et al. 1999; Suzuki et al. 2000). However, it is both

expensive and time-consuming to conduct various experi-

ments to obtain relevant information. With the explosion of
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protein sequences generated in the post-genomic era, it is

both challenging and indispensable to develop an auto-

mated method to quickly and reliably annotate the sub-

cellular attributes of uncharacterized proteins. The

knowledge thus obtained can help us timely utilize these

newly found protein sequences for both basic research and

drug discovery (Chou 2004). Therefore, it is urgent to

develop an automatic and reliable prediction system for

protein subcellular location.

Actually, many efforts have been made in this regard

(Bulashevska and Eils 2006; Cedano et al. 1997; Chen and

Li 2004; Chen and Li 2007a, b; Chou 2001; Chou and Shen

2006; Ding and Zhang 2008; Feng 2001; Huang et al. 2005;

Nakashima and Nishikawa 1994; Park and Kanehisa 2003;

Zhang et al. 2006; Zhou and Doctor 2003), most of which

were based on amino acid composition (Cedano et al.

1997; Feng 2001; Nakashima and Nishikawa 1994; Park

and Kanehisa 2003), where the sample of a protein was

represented by 20 discrete numbers, with each representing

the occurrence frequency of 20 different constituent native

amino acids. Obviously, if one uses the conventional amino

acid composition to represent the sample of a protein, all

the effects of sequence order and length will be lost.

Recently, some new protein features have been proposed in

order to incorporate sequence order effects of proteins,

including pseudo amino acid composition (Chen and Li

2007b; Chou 2001; Ding and Zhang 2008; Chou and Shen

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

2006, 2008; Chou and Cai 2003, 2004), dipeptide compo-

sition (DPC) (Chen and Li 2004; Bhasin and Raghava

2004a, b; Huang and Li 2004; Zhou et al. 2008), Markov

chains model (Bulashevska and Eils 2006) and so on.

Stimulated by these new representation methods, the

present study was initiated in an attempt to introduce a

novel approach—the wavelet transform analysis to for-

mulate the protein features.

In this paper, a novel hybridization classifier

(DWT_SVM) was developed by fusing discrete wavelet

transform (DWT) with support vector machine (SVM)

based on the amino acid hydrophobicity in order to predict

subcellular locations of apoptosis proteins. First, the amino

acids of apoptosis proteins are transformed into sequences

of hydrophobic free energies per residue. Second, the

hydrophobic profile is decomposed into wavelet coeffi-

cients using DWT. Following this, using the statistical

method, a series of statistical feature vectors are con-

structed to represent the apoptosis proteins. Finally, SVM

is used to model with these statistics feature vectors. The

influence of amino acid hydrophobic values, wavelet

functions and decomposition scales on the result has been

discussed. The prediction results of the jackknife cross-

validation test show significant improvement compared

with the previous algorithms, and hence the methodology

presented here might be useful for other studies of protein

structure and function.

Materials and methods

Datasets

To have a critical comparison between different approa-

ches, three datasets were adopted in our work. Proteins in

those datasets were extracted from SWISS-PROT (version

49.5). The ZD98 dataset consists of 98 apoptosis protein

sequences, which include 43 cytoplasmic proteins, 30

plasma membrane-bound proteins, 13 mitochondrial pro-

teins and 12 other proteins (Zhou and Doctor 2003). The

ZW225 dataset consists of 41 nuclear proteins, 70 cyto-

plasmic proteins, 25 mitochondrial proteins and 89 mem-

brane proteins (Zhang et al. 2006). The dataset CL317

constructed by Chen and Li, consists of 112 cytoplasmic

proteins, 55 membrane proteins, 34 mitochondrial proteins,

17 secreted proteins, 52 nuclear proteins and 47 endo-

plasmic reticulum proteins (Chen and Li 2007a).

Discrete wavelet transform

A protein sequence can be represented as a series of amino

acids by their single-character codes A, C, D, E, F, G, H, I,

K, L, M, N, P, Q, R, S, T, V, W and Y, formulated as

R1R2R3R4R5R6R7R8. . .RL ð1Þ

Suppose H(R1) is the hydrophobic value of the 1st

residue R1, H(R2) that of the 2nd residue R2, and so forth.

In terms of these hydrophobic values the protein sequence

of Eq. 1 can be converted to a digit signal (Qiu et al. 2003,

2004), from which we can generate several groups of

wavelet coefficients using WT. A WT is defined as the

projection of a function or a signal f (t) onto the wavelet

function.

T a; bð Þ ¼ 1
ffiffiffi

a
p
Z

t

0

f ðtÞw t � b

a

� �

dt; ð2Þ

where a is a scale variable and b is a translation variable,

they belong to the real number R(n), and a [ 0. w t�b
a

� �

is

the analyzing wavelet function. It is used to plot T(a,b)

against a and b in a surface plot known as a scalogram,

which is particularly suited to the detection of singularities.

DWT analysis can decompose the amino acid sequences

into coefficients at different dilations and then remove the

noise component from the profiles, so it can give us local

structures of sequences which can more effectively reflect

the sequence order effects. In addition, the DWT is an

economical way to compute the WT, because it is
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computed only on a dyadic grid of points, where the

subsampling is at a different rate for different scales. So, in

this work the DWT is the preferred wavelet representation.

The DWT uses a0 = 2 and b0 = 1, so that the results can

lead to a binary dilation of 2-m and a dyadic translation of

n2-m. Therefore,

wm;nðtÞ ¼ 2�mw 2�mt � nð Þ ð3Þ

Here, m = 1, 2,…, and n = 0, 1, 2,…. The wavelet

coefficients of the signal f (t) are obtained by following

formula:

Tða; bÞ ¼ f ðtÞ;wa;bðtÞ
� �

¼ 2�m=2

Z

t

0

f ðtÞwð2�m � t � nÞ

ð4Þ

Although Eq. 4 can now be used to estimate the feature,

it is redundant and involves extremely large computations.

It is often reasonable to assume that only a few coefficients

contain information about the underlying function, while

other coefficients can be attributed to noise. Therefore, the

following exponents of ‘maximum line’, ‘minimum line’,

‘mean line’ and ‘standard deviation line’ were used to

predict the subcellular location of apoptosis proteins. The

maximum line, minimum line, mean line and standard

deviation line of a protein subcellular location feature are

the lines joining maximum, minimum, mean and standard

deviation of its wavelet coefficients at different scales (Qiu

et al. 2009a, b, c). Consequently, sequence pk can be

characterized as a 4(m ? 1) dimension feature vector,

which can be put in SVM directly.

ZðkÞ ¼ maxðkÞ þminðkÞ þmeanðkÞ þ stdevðkÞ ð5Þ

Here, max(k), min(k), mean(k), stdev(k) are maximum,

minimum, mean and standard deviation of the wavelet

coefficients in each sub-band, respectively, and can be

defined as (see Appendix):

1. Maximum of the wavelet coefficients in each sub-

band.

2. Minimum of the wavelet coefficients in each sub-band.

3. Mean of the wavelet coefficients in each sub-band.

4. Standard deviation of the wavelet coefficients in each

sub-band.

Multi-class SVM

The SVM introduced by Vapnik (1995) has proven to be a

useful learning machine, especially for classification. A

classification problem usually involves training data and

testing data that consist of some data instances. Each

instance in training data contains one class label and one

feature vector. The goal of SVM is to construct a classifier

that classifies the data instances in the testing data. For a

binary classification problem, assume xi (i = 1, 2,…,N) to

be input training vectors and yi e {?1,-1}be their corre-

sponding target classes. Let N be the total number of input

vectors. The SVM classification problem can then be for-

mulated in terms of a convex quadratic optimization

problem, formulated as:

max
X

N

i¼1

ai�
1

2

X

N

i¼1

X

N

j¼1

yiyjaiajKðxi; xjÞ ð6Þ

Subject to,

ðIÞ 0� as�C; i ¼ 1; 2; . . .;N ðIIÞ
X

n

i¼1

yiai ¼ 0

C is a regularization parameter that controls the trade-

off between margin and classification error. Function K(xi,

xj) is called the SV kernel when satisfying the Mercer

condition principle. A SV kernel function is shown by the

following formula (7).

Kðxi; xjÞ ¼ sðxiÞTsðxjÞ ð7Þ

In this study, the radial basis function (RBF) was

selected as the kernel function, formulated as:

Kðx; xiÞ ¼ exp � 1

2r2
x� xikk 2

� 	

ð8Þ

where, r is the kernel width parameter which is automat-

ically tuned based on the training set using the grid search

strategy in the LIBSVM software (Chang and Lin 2002).

The multi-class classification problem is commonly

solved by a decomposing and reconstructing procedure

when the binary class SVM is implied. There are several

methods to extend the SVM for classifying multi-class

problems, for example ‘One-Versus-Rest (OVR)’ (Vapnik

1998), ‘One-Versus-One (OVO)’ (Kreßel 1999), and

DAGSVM (Platt et al. 2000). This paper used the ‘One-

Versus-One’ strategy. For a k-classification problem, the

OVO strategy constructs k*(k - 1)/2 classifiers with each

one trained with the data from two different classes. The

software used to implement the SVM in this paper is

LIBSVM written by Chang and Lin (Joachims 1999;

Chang and Lin 2002) and can be freely downloaded from:

http://www.csie.ntu.edu.tw/*cjlin/libsvm/.

Results and discussion

Effect of decomposition scales

A WT decomposes a signal into several groups (vectors) of

coefficients. Different coefficient vectors contain informa-

tion about characteristics of the sequence at different
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scales. Coefficients at coarse scales capture gross and

global features of the signal while coefficients at fine scales

contain local details (Hirakawa et al. 1999). The curves of

wavelet coefficients at four decomposition scales are

shown in Fig. 1. The original protein signal is represented

by ‘‘S’’, Am denotes the approximation at level m and Dm

denotes the detail at level m. It can be seen that along with

the decomposition processed by DWT, the feature infor-

mation in amino acid sequence of each scale differs.

Restricted by the property of wavelet decomposition,

different decomposition scales have different results in

analyzing protein sequences. On the one hand, decom-

posing a shorter sequence with too high a decomposition

scale will introduce ineluctable redundancy in the decom-

posing process. On the other hand, decomposing a longer

sequence with too low a decomposition level will omit

much detailed information. In order to gain the highest

predictive accuracy, an appropriate decomposition scale a

is selected (Qiu et al. 2009a, b, c). To choose the appro-

priate decomposition scale, the test sequences are decom-

posed with scales from 2 to 8 separately with the

aforementioned 317 proteins. Table 1 shows the effect of

decomposition scales on CL317 in re-substitution test.

From Table 1, we can see that a significant increase in

accuracy can be observed for those proteins with decom-

position scale 3, and the accuracy is about 99.4%, which is

higher than that of other decomposition scales. Therefore,

scale 3 is selected as the appropriate decomposition scale

for the detection of subcellular locations in this study.

Effect of wavelet functions

In wavelet theory, a function is represented by an

expansion of infinite series in terms of a dilated and

translated version of a basic function w called the

‘mother’ wavelet (Daubechies 1992; Grunbaum 1992;

Mallat 1989). The simplest example of a wavelet basis is

the Harr basis; other frequently used wavelet bases are

those developed by Daubechies (1992). Several wavelet

families, with different properties (orthogonal, biorthogo-

nal, semiorthogonal) have recently been developed

(Daubechies 1992; Grunbaum 1992; Mallat 1999). For

example, the Daubechies were the first compactly sup-

ported orthonormal wavelets. Symlet wavelets are a

slightly symmetrical version of the Daubechies. The

Coifman wavelets are a more symmetrical version of the

Daubechies (Walczak 2000). The Biorthogonal wavelets

are designed to overcome the conflict between symmetry

and exact reconstruction (except Haar).

Currently, there is no standard method to select a

wavelet function in WT. Some criteria have been proposed

to select a wavelet. One of them was that the wavelet and

signal should have good similarities. Table 2 shows the

predictive results performed by different wavelet functions

Fig. 1 DWT coefficient plot of

Q8CJ70 (Brookhaven Protein

Databank accession: Q8CJ70_
Secreted protein) protein by

using the Bior3.3 wavelet and

Kyte-Doolittle hydrophobicity

scales
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at a decomposition level of 3 and Kyte-Doolittle hydro-

phobicity scales (KDHU). The training accuracy can reach

99.4% when using Bior3.3 wavelet (m = 3, n = 8) to

extract feature. However, when using the other wavelet

functions, the training accuracy only ranges from 88.6 to

97.5%. Furthermore, the training accuracies of mitochon-

drial proteins, endoplasmic reticulum proteins, nuclear

proteins and cytoplasmic proteins can reach 100%. So, in

this paper, Bior3.3 wavelet function is selected as the

decomposition wavelet.

Influence of hydrophobicity data types

Most of the methods are based on the physicochemical

properties that contribute to the function of proteins.

Among various properties, the most important one is

hydrophobicity, which determines the stability of the pro-

tein structure (Eisenberg et al. 1984; Eisenberg and

McLachlan 1986). Quantitative estimates of the hydro-

phobicity can be derived from their relative concentrations

in organic versus aqueous bulk phase of a binary solution.

Different experimental conditions, solvents, and computa-

tional schemes have led to different sets of estimates of

hydrophobicity. In fact, there are several hydrophobicity

data types available for amino acids to transform protein

sequences into real numbers (Qiu et al. 2004). Three sets of

hydrophobicity data types, Kyte-Doolittle hydrophobicity

scales (KDHU) (Kyte and Doolittle 1982), Mandell

hydrophobicity scales (MHU) (Hirakawa et al. 1999), and

Fauchereand hydrophobicity scales (FHU) (Fauchere and

Pliska 1983), have been investigated in this paper (see

Appendix). Table 3 shows the prediction results performed

by different hydrophobicity data types at a decomposition

scale of 3 and bior3.3 wavelet. From Table 3, we can

clearly see that compared with the prediction accuracies

of the MHU and FHU, the KDHU presents the highest

prediction ability.

Comparison of different classifiers

The so-called re-substitution test is an examination for the

self-consistency of an identification method. It is necessary

but not sufficient for evaluating an identification method.

As a complement, a cross-validation test, it is needed. As

is well-known, there are three methods usually used for

cross-validation in statistical prediction, namely, the sub-

sampling test, independent dataset test and jackknife test.

Of these tests, the jackknife test is deemed as the most

effective and objective one (Chou and Zhang 1995). Dur-

ing jackknife test, each protein in the data set is in turn

singled out as a tested protein and all the rule-parameters

are calculated based on the remaining proteins. The pre-

diction accuracies by jackknife test for the 317 proteins

classified into 6 subcellular locations are enumerated in

Table 4, and are compared with other published results of

the same dataset. It can be seen that the overall accuracy of

the proposed approach (DWT_SVM) is 97.5%, about 15

and 13% higher than that of ID (Chen and Li 2007a) and

ID_SVM (Chen and Li 2007b), respectively. Furthermore,

the prediction accuracies of nuclear proteins and endo-

plasmic reticulum proteins have been remarkably

enhanced. The prediction accuracy of the proposed

approach for nuclear protein is 100%, about 17 and 27%

higher than those by ID (Chen and Li 2007a) and ID_SVM

(Chen and Li 2007b), respectively. The success rate of the

proposed approach for endoplasmic reticulum protein is

Table 1 Experiment results of different decomposition scales on

CL317 in re-substitution test (%)

Decomposition

scales

Sensitivity for each class (%) Overall

accuracy
Cyto Memb Mito Secr Nucl Endo

2 89.3 92.7 100 88.2 92.3 93.6 92.1

3 100 98.2 100 94.1 100 100 99.4

4 100 100 100 41.2 100 100 96.8

5 100 100 100 29.4 100 97.9 95.9

6 100 100 100 88.2 100 97.9 99.1

7 100 100 100 100 100 89.4 98.4

8 52.9 100 100 100 100 100 97.2

Table 2 Experiment results of different wavelets on CL317 in

re-substitution test (%)

Wavelets Sensitivity for each class (%) Overall

accuracy
Cyto Memb Mito Secr Nucl Endo

Db1 100 52.7 100 52.9 100 97.9 89.0

Db6 100 100 100 52.9 100 100 97.5

Db10 95.5 96.4 100 100 100 68.1 93.1

Meyer 100 100 100 58.8 88.5 100 95.9

Sym10 100 100 100 64.7 75 100 94.0

Coif4 89.3 92.7 94.1 47.1 86.5 95.7 88.6

Bior2.4 100 100 100 47.1 100 100 97.2

Bior3.3 100 98.2 100 94.1 100 100 99.4

Table 3 Experiment results of different hydrophobicity data types on

CL317 in re-substitution test (%)

Hydrophobicity Sensitivity for each class (%) Overall

accuracy
Cyto Memb Mito Secr Nucl Endo

FDHU 98.2 98.2 79.4 64.7 76.9 97.9 90.9

MHU 100 89.1 70.59 64.7 80.8 100 89.9

KDHU 100 98.2 100 94.1 100 100 99.4
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100%, about 17 and 13% higher than those by ID (Chen

and Li 2007a) and ID_SVM (Chen and Li 2007b),

respectively. Shi et al. have developed the multi-scale

energy approach (IEPseAA) to predict the protein subcel-

lular localizations by calculating the root mean square

energy of the wavelet transform coefficients which can

effectively reflect the sequence order effect, and the

remarkably improved accuracy indicates the efficiency of

the wavelet transform in the feature extraction (Shi et al.

2007). From Table 4, it can be seen that the overall accu-

racy of IEPseAA is 89.0%, about 6.3 and 4.8% higher than

those by ID and ID_SVM, respectively. However, the

overall accuracy of IEPseAA is about 8.5% lower than that

by DWT_SVM, which combines the maximum, minimum,

mean and standard deviation of the wavelet coefficients in

each sub-band based on the amino acid hydrophobicity to

code the protein sequence.

In order to further test the performance of the proposed

approach, the dataset ZW98 (Zhou and Doctor 2003) and

ZW225 (Zhang et al. 2006) were also adopted. The pre-

diction results of the DWT_SVM model are enumerated in

Tables 5 and 6, and are compared with other published

results of the same dataset. It can be seen from Table 5 that

for the dataset ZW98, the overall jackknife accuracy

obtained by the proposed approach is 88.8%, which is

16.3% higher than the result of Zhou and Doctor (2003),

4.1% higher than the result of Chen and Li (2004), 11.2%

higher than the result of Huang et al. (2005), but a little

Table 4 Prediction results with

different models on CL317 in

Jack-Knife test

Model Sensitivity for each class (%) Overall

accuracy
Cyto Memb Mito Secr Nucl Endo

ID

Chen and Li (2007a)

81.3 81.8 85.3 88.2 82.7 83.0 82.7

ID_SVM

Chen and Li (2007b)

91.1 89.1 79.4 58.2 73.1 87.2 84.2

IEPseAA

Shi et al. (2007)

90.2 90.9 82.4 88.2 86.5 91.5 89.0

DWT_SVM 100 98.2 82.4 94.1 100 100 97.5

Table 5 Prediction results with

different models on ZD98 in

Jack-knife test

Model Sensitivity for each class (%) Overall accuracy

Cyto Memb Mito Other

Instab_SVM

Huang et al. (2005)

33/43 = 76.8 25/30 = 83.3 12/13 = 92.5 6/12 = 50.0 76/98 = 77.6

Dipep_Diver

Chen and Li (2004)

38/43 = 88.4 27/30 = 90.0 12/13 = 92.3 6/12 = 50.0 83/98 = 84.7

AAC_CCA

Zhou and Doctor (2003)

42/43 = 97.7 22/30 = 73.3 4/13 = 30.8 3/12 = 25.0 71/98 = 72.5

EBGW_SVM

Zhang et al. (2006)

42/43 = 97.7 27/30 = 90.0 12/13 = 92.3 10/12 = 83.3 91/98 = 92.9

DWT_SVM 41/43 = 95.4 28/30 = 93.3 7/13 = 53.9 11/12 = 91.7 87/98 = 88.8

Table 6 Prediction results with

different models on ZW225 in

Jack-Knife test

Model Sensitivity for each class (%) Overall accuracy

Cyto Memb Mito Other (nucl)

ID_SVM

Chen and Li (2007b)

65/70 = 92.9 81/89 = 91.0 17/25 = 68.0 30/41 = 73.2 193/225 = 85.8

FKNN

Ding and Zhang (2008)

59/70 = 84.3 83/89 = 93.3 18/25 = 72.0 33/41 = 85.5 193/225 = 85.8

EBGW_SVM

Zhang et al. (2006)

63/70 = 90.0 83/89 = 93.3 15/25 = 60.0 26/41 = 63.4 187/225 = 83.1

DWT_SVM 61/70 = 87.1 83/89 = 93.2 16/25 = 64.0 37/41 = 90.2 197/225 = 87.6
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lower than the result of Zhang et al. (2006). In addition, the

much larger dataset ZW225 was also utilized to evaluate

the generalization ability of our method. As shown in

Table 6, the overall prediction jackknife rate for the dataset

of the 225 apoptosis proteins could still reach 87.6%,

which is appropriately 5% higher than that of

EBGW_SVM (Zhang et al. 2006) and about 2% higher

than that of ID_SVM (Chen and Li 2007b) and FKNN

(Ding and Zhang 2008). Especially for nuclear proteins, the

accuracy of the proposed approach is 90.2%, about 27, 17

and 5% higher than that of EBGW_SVM (Zhang et al.

2006), ID_SVM (Chen and Li 2007b) and FKNN (Ding

and Zhang 2008), respectively. All the results indicate that

the proposed method has a good performance for predic-

tion of subcellular locations.

Conclusions

Our results show that the novel DWT_SVM model can

successfully predict subcellular localization of apoptosis

proteins. The novel feature extraction method, DWT based

on the amino acid hydrophobicity, can reduce the dimen-

sion of the input vector, improve calculating efficiency, and

more effectively reflect the overall sequence order feature

of a protein. It is anticipated that the new method could be

potentially useful for the classification of G-protein cou-

pled receptors (GPCRs), nuclear receptors, enzyme fami-

lies and analysis of protein function.
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