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Abstract A prior knowledge of protein structural classes

can provide useful information about its overall structure,

so it is very important for quick and accurate determination

of protein structural class with computation method in

protein science. One of the key for computation method is

accurate protein sample representation. Here, based on the

concept of Chou’s pseudo-amino acid composition (AAC,

Chou, Proteins: structure, function, and genetics, 43:246–

255, 2001), a novel method of feature extraction that

combined continuous wavelet transform (CWT) with

principal component analysis (PCA) was introduced for the

prediction of protein structural classes. Firstly, the digital

signal was obtained by mapping each amino acid according

to various physicochemical properties. Secondly, CWT

was utilized to extract new feature vector based on wavelet

power spectrum (WPS), which contains more abundant

information of sequence order in frequency domain and

time domain, and PCA was then used to reorganize the

feature vector to decrease information redundancy and

computational complexity. Finally, a pseudo-amino acid

composition feature vector was further formed to represent

primary sequence by coupling AAC vector with a set of

new feature vector of WPS in an orthogonal space by PCA.

As a showcase, the rigorous jackknife cross-validation test

was performed on the working datasets. The results indi-

cated that prediction quality has been improved, and the

current approach of protein representation may serve as a

useful complementary vehicle in classifying other attri-

butes of proteins, such as enzyme family class, subcellular

localization, membrane protein types and protein second-

ary structure, etc.

Keywords Pseudo-amino acid composition �
Support vector machine � Wavelet power spectrum

Introduction

The structural class has become one of the important fea-

tures of a protein, and has played an important role in both

experimental and theoretical studies in protein science

(Chen et al. 2006a), because a prior knowledge of protein

structural classes is helpful to improve the prediction

accuracy of the protein secondary and tertiary structure

(Chou 1992; Deleage and Roux 1987). It becomes more

and more interesting and challenging to predict protein

structural classes, because the gap between the number of

known protein sequences and known protein structures is

widening rapidly, and the experiments of X-ray crystallo-

graphic and NMR are expensive and time-consuming.

According Levitt and Chothia’s definition (1976), a

protein of known structure can generally be categorized

into one of four structural classes: all-a, all-b, a/b, and

a?b. The results observed by Muska and Kim (1992)

suggested that protein structure class correlates strongly

with its amino acid composition (AAC). Actually, most

classifiers were based on their AAC for predicting protein

structural classes (Bahar et al. 1997; Cai et al. 2001; Cai

and Zhou 2000; Chou 1995, 1999a; Chou and Zhang 1994;

Zhou 1998; Zhou and Assa-Munt 2001) (for a systematic

description in this area, see comprehensive reviews by

Chou (2000, 2005b). However, the successful prediction

rate may be declined due to the complete lack of sequence-

order effects in primary sequence. To take into account the
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effects, a diverse set of descriptors were proposed for

enhancing the prediction quality; these include pair-

coupled AAC (Chou 1999b), various auto-correlation

descriptors (Feng and Zhang 2000; Horne 1988; Lin and

Pan 2001), the polypeptide composition (Luo et al. 2002),

other composition (Du et al. 2006) and pseudo-amino acid

composition (PseAAC; Chou 2001). Another important

progress in this area is the introduction of function domain

composition by Chou and Cai (2004a) to incorporate the

information of various function types.

The PseAAC was originally introduced by Chou to

improve the prediction quality for protein subcellular

localization and membrane protein type. It can be used to

represent a protein sequence with a discrete model yet

without completely losing its sequence-order information.

Since the concept of Chou’s PseAAC was introduced,

various PseAAC approaches have been stimulated to deal

with varieties of problems in proteins and protein-related

systems (Aguero-Chapin et al. 2006; Caballero et al. 2007;

Cai and Chou 2006; Chen et al. 2006a, b; Chen and Li

2007a, b; Chou 2005a; Chou and Cai 2004b; Du and Li

2006a, b; Fang et al. 2008; Gao et al. 2005a, b; Gonzalez-

Diaz et al. 2006, 2007a, b, c; Jiang et al. 2008; Kurgan

et al. 2007; Li and Li 2008; Lin 2008; Lin et al. 2008; Lin

and Li 2007a, b; Liu et al. 2005a, b; Mondal et al. 2006;

Mundra et al. 2007; Nanni and Lumini 2008; Pan et al.

2003; Pu et al. 2007; Shen and Chou 2005a, b, 2006, 2007f;

Shen et al. 2006, 2007; Wang et al. 2004, 2006; Xiao et al.

2006a, b; Zhang and Fang 2008; Zhang et al. 2008a; Zhang

et al. 2006; Zhou et al. 2007). Because of its wide usage,

recently a very flexible pse-AAC generator, called

‘‘PseAAC’’ (Shen and Chou 2008), was established at the

website http://chou.med.harvard.edu/bioinf/PseAAC/, by

which users can generate 63 different kinds of PseAA

composition. Stimulated by these success, diverse PseAAC

based on different digital signal processing approach was

developed and utilized to predict various attributes of

proteins. Liu et al. (2005a) construct PseAAC by using

low-frequency Fourier spectrum analysis. Xiao et al.

(2006b) introduced a kind of PseAAC by measuring the

complexity of a protein digital signal sequence. Then, Lin

and Li (2007b) proposed a novel method to generate

PseAAC, which was based on the diversity of the amino

acid and dipeptide composition. More recently, Zhang

et al. (2008b) used the approximate entropy and hydro-

phobicity pattern of a protein sequence to construct

PseAAC, and Xiao et al. (2008) introduced the grey

dynamic modeling to construct PseAAC. However, all

these existing PseAAC methods did not consider interac-

tion of long-range in the primary structure (long-range

interaction is a major driving force for the protein folding

process). Consequently, classification accuracy would

further be enhanced by considering the interaction of

long-range in the primary structure with more effective

digital signal processing approaches.

In view of the above facts, the work presents a new kind

of PseAAC based on the continuous wavelet transform

(CWT) and principal component analysis (PCA). The

procedures of the method are as followings. Firstly, the

digital signal is obtained by mapping each amino acid

according to various physicochemical properties. Second-

ary, CWT is utilized to extract new feature vector from the

digital signal based on wavelet power spectrum (WPS), and

PCA is utilized to reorganize the feature vector to decrease

information redundancy and computation complexity.

Finally, the reorganized feature vector and AAC are used

to generate PseAAC. Evaluated by the jackknife cross-

validation test with support vector machines (SVM), the

performance of current method exhibited improvement

compared with several published results.

Materials and methods

Protein dataset

As is well-known, protein sequence homology in dataset

has an effect on the prediction accuracy, i.e. prediction

accuracy will be overestimated when using highly homol-

ogous protein sequences. Thus, in order to test current

method strictly and facilitate the comparison, the dataset

constructed by Kurgan and Homaeian (2006) and other two

dataset constructed by Zhou (1998) were used as the

working dataset. The dataset constructed by Kurgan and

Homaeian contains 1673 proteins and domains, of which

443 all-a, 443 all-b, 346 a/b, and 441 a ? b. One of the

two dataset constructed by Zhou, consists of 277 domains:

70 all-a domains, 61 all-b domains, 81 a/b domains, and 65

a ? b domains; the other consists of 498 domains: 107 all-

a domains, 126 all-b domains, 136 a/b domains, and 129

a ? b domains.

Continuous wavelet transform and its power spectrum

Since introduced in the early 1980s, wavelets transform

(WT) has become a popular signal analysis tool due to their

ability to elucidate simultaneously both spectral and tem-

poral information within the signal (Zhou et al. 2003). WT

overcomes the shortcoming of Fourier analysis, which is

based on functions that are localized in frequency domain,

not in time domain, thus leading to location-specific fea-

tures in the signal being lost (Subramani et al. 2006). A

digital signal can be decomposed into many groups of

coefficients in different scales with CWT, and these coef-

ficient vectors can exhibit characteristics in time domain

and frequency domain. WPS is a graphical representation
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of cumulative information variations at each scale of

decomposition of a data and can be a powerful tool for

analyzing the WT of a dataset at different decomposition

level (Prabakaran et al. 2007). CWT and WPS can be

described as follows (Yang 1999):

Wf a; bð Þ ¼ 1
� ffiffiffi

a
p
Z

f tð Þw t � b=a

� �
dt ð1Þ

WPS½j� ¼
Xk

k¼1

C2
j;k ð2Þ

where a is scale factor and b is the shift factor, and all of

them belong to the set of real numbers, and a [ 0. f(t) is

digital signal sequences. w(t) is wavelet core. Wf a; bð Þ is

the result of inner product operation between f(t) and w(t).

Cj,k is coefficient vectors in different scales, where j is level

of decomposition and k is the order of the coefficient.

WPS½j� is the values of WPS at jth level of decomposition.

Principal component analysis

One of the key matters in classification is to find ways to

reduce dimensionality and eliminate information redun-

dancy in data without sacrificing accuracy. Principal

component analysis (PCA) is a prominent method, which

can be used to deal with this kind of problem. The most

common derivation of PCA is in terms of a standardized

linear projection which maximizes the variance in the

projected space. i.e. PCA generates a new orthogonal

space, in this space, a set of variable called principal

components. Each principal component is a linear combi-

nation of the original variables. The first principal

component accounts for as much of the variability in the

data as possible, and each succeeding component accounts

for as much of the remaining variability as possible

(Mazzatorta et al. 2006). PCA can be described as follows

(Wang and Paliwal 2003; Polat and Güneş 2008a, b;

Widodo and Yang 2007): for a given p-dimensional dataset

X. The m principal axes T1,T2,…,Tm, where 1 B m B p,

are orthonormal axes onto which the retained variance is

maximum in the projected space. Generally, T1, T2,…,Tm

can be given by the m leading eigenvectors of the sample

covariance matrix:

S ¼ 1=N

XN

i¼1

xi� lð ÞT xi� lð Þ ð3Þ

where xi [ X, l is the sample mean and N is the number of

samples, so that:

STi ¼ kiTi i 2 1; . . .;m ð4Þ

where ki is the ith largest eigenvalue of S. The m principal

components of a given observation vector xi [ X are given

by

y ¼ y1; y2; . . .; ym½ � ¼ TT
1 x; TT

2 x; . . .; TT
mx

� �
¼ TT x ð5Þ

The m principal components of X are decorrelation in

the projected space. More details of PCA can be referred to

the literature (Jolliffe 1986).

Protein representation based on CWT and PCA

An important issue in the prediction of protein structure

class is to represent the primary sequence of proteins with a

certain encoding scheme. As is well known, multifarious

physicochemical properties of amino acids are important

factors in protein folding. Consequently, we choose 9

physicochemical properties which can be referred to

previous research (Du and Li 2006a; Gao et al. 2005a,

Gao et al. 2005b; Lio and Vannucci, 2000) to map the

amino acid sequence to corresponding numerical sequence,

and all the properties were listed in Table 1. All amino

acid indexes were extracted from AAIndex database

(Kawashima et al. 2000).

Here, the protein of 1bea was chosen from the dataset

constructed by Kurgan and Homaeian (2006) as an exam-

ple to describe protein primary structure representation by

CWT and PCA. The protein is a kind of serine protease

inhibitor and contains 127 residues. The hydrophobic

Table 1 The physicochemical

properties used in current

research

Properties description Entry Reference

Hydrophobicity JURD980101 Juretic et al. (1998)

Hydrophilicity HOPT810101 Hopp-Woods (1981)

Refractivity MCMT640101 McMeekin et al. (1964)

Flexibility BHAR880101 Bhaskaran-Ponnuswamy (1988)

Normalized van der Waals vloume FAUJ880103 Fauchere et al. (1988)

Transfer free energy to surface BULH740101 Bull-Breese (1974)

Electron-ion interaction potential values COSI940101 Cosic (1994)

Mean polarity RADA880101 Radzicka-Wolfenden (1988)

Isoelectric point ZIMJ680104 Zimmerman et al. (1968)
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values of the 20 amino acids were listed in Table 2. Firstly,

the amino acid sequence of 1bea was mapped to numerical

sequence based on the hydrophobic values and shown in

Fig. 1. Secondly, Meyer wavelet was chosen, and scale

vector was selected in the range of 1–100 for the step of 1

to perform CWT for the numerical sequence, and the result

were shown in Fig. 2.

In Fig. 2, the abscissa is the residue position of the

amino acids, the ordinate is the decomposition scales, and

the coefficient in different scales are coded from black

(relative minimum) to white (relative maximum). Finally,

WPS was calculated according to the wavelet coefficients

vector obtained from every scale, and WPS values were

illustrated in Fig. 3. Further, PCA was used to reorganize

the WPS to minimize the random errors and redundant

information.

According to Chou’s PseAAC (2001), a protein sample

can be represented by a vector or a point in (20?k)-D

space. In other words, protein can be expressed as fol-

lowing formula:

X ¼

X1

X2

..

.

X20þ1

..

.

X20þk

2

666666664

3

777777775

ð6Þ

Where

xu ¼

fuP20

i¼1
fiþx
Pk

j¼1
hj

1� u� 20ð Þ
x hu�20P20

i¼1
fiþx
Pk

j¼1
hj

20þ 1� u� 20þ kð Þ

8
><

>:
ð7Þ

where, fi (i = 1, 2,…,20) are the normalized occurrence

frequencies of the 20 native amino acids in the protein X,

and x is a weight factor that adjusts the latter k-D com-

ponents to be in similar scales with the first 20 components.

In current study, hj are the j-th principal component of

WPS. In order to get better prediction accuracy and sim-

plify the method in finding best x, Shi et al. (2007)

parameters normalization approach was applied to

(20 ? k)-D components. In this situation, we need not to

find best x, and it was set at 1.

Table 2 The hydrophobic values of 20 amino acids

Amino acid Hydrophobicity Amino acid Hydrophobicity

A 1.1 M 1.9

C 2.5 N -3.5

D -3.6 P -1.9

E -3.2 Q -3.68

F 2.8 R -5.1

G -0.64 S -0.5

H -3.2 T -0.7

I 4.5 V 4.2

K -4.11 W -0.46

L 3.8 Y -1.3

Fig. 1 Amino acid numerical sequence of 1bea

Fig. 2 The CWT plot for amino acid numerical sequence of 1bea

Fig. 3 WPS values in different decomposition scale
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Prediction algorithm

The support vector machine (SVM) (Cortes and Vapnik

1995) is a machine learning system based on statistical

learning theory. Compared with other machine learning

systems, SVM has many attractive features, including the

absence of local minima, the speed and scalability, and the

ability to condense information contained in the training set

(Chen et al. 2006b). In this research, the publicly available

LIBSVM (Chang and Lin 2001) software was used to

process the classification. The radial basis function (RBF)

was selected as the kernel function and one-versus-one

strategy was utilized to predict protein structure class. The

whole procedure of current method was illustrated in

Fig. 4.

Assessment of predictive performances

For the current study, some assessments of predictive

performances were given by Eqs. (8)–(10), including the

overall prediction accuracy, the prediction accuracy and

Matthew’s correlation coefficient (MCC) (Matthews 1975).

overall accuracy ¼
Xk

i¼1

pðiÞ
 !,

N ð8Þ

accuracyðiÞ ¼ pðiÞ=ðpðiÞ þ oðiÞÞ ð9Þ

MCCðiÞ

¼ pðiÞnðiÞ � uðiÞoðiÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðpðiÞ þ uðiÞÞðpðiÞ þ oðiÞÞðnðiÞ þ uðiÞÞðnðiÞ þ oðiÞÞ

p

ð10Þ

As described by Du and Li (2006a), N is the total

number of sequences in the dataset, k is the class number,

p(i), n(i), u(i), o(i) are the numbers of true positives, true

negatives, false positives and false negatives of the ith

class.

Results and discussion

Selection of optimal decomposition scale

Continuous wavelet transform has different resolution at the

different decomposition scale. CWT has higher resolution

to the lower frequency region of the digital signal when the

decomposition scale is larger, so it can be used to study the

interaction of long-range in the primary structure and the

relation between the structural classes and the entire protein

sequence. At the same time, CWT has higher resolution to

the high frequency region when the decomposition scale is

smaller, it also can be used to analyze local character of the

primary structure. It can be observed from Fig. 2 that there

are 5 bright regions at the scale of 25–50, which may

character the interaction of long-range. There are also many

bright regions at the scale of 1–20, which may represent the

local character of the primary structure. However, there is

no obvious bright region at the scale 50–100, indicating that

there are no the interaction of long-range and the local

character in the range of these scale. Consequently,

decomposition scale was selected in the range of 1–48 for

the step of 1 to perform CWT for each physicochemical

properties sequence, for investigating the interaction of

long-range and the local character simultaneously.

Comparison with different physicochemical properties

and wavelet

The effects of wavelet functions and physicochemical

properties on prediction accuracy were also investigated.

We chose 29 kinds of wavelets function and 9 physico-

chemical properties to test the maximal overall prediction

accuracy of 277 proteins based on fivefold cross-validation.

The overall prediction accuracies were illustrated in

Fig. 5 according to 9 physicochemical properties and 29

kinds of wavelet function, including meyr, haar, mexh,

morl, db1, db2, db3, db4, db5, db6, db7, db8, db9, db10,

bior1.1, bior1.3, bior1.5, bior2.2, bior2.4, bior2.6, bior2.8,

bior3.1, bior3.3, bior3.5, bior3.7, bior3.9, bior4.4, bior5.5,

bior6.8.

It is very clear from Fig. 5 that the overall prediction

accuracies are in the range of 0.7–0.81, and the highest

success rates are not obtained for any kind of the wavelets

function and each physicochemical property. However, the

overall prediction accuracy are in the range of 0.81–0.85Fig. 4 The chart of the current method
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for each wavelet functions by merging nine physico-

chemical properties (i.e. we combined WPS of nine

physicochemical properties to become a 9 9 48 = 432

dimension feature vector, PCA was used to reorganize the

feature vector and form PseAAC). The results from

merging of physicochemical properties are higher than any

kind of physicochemical properties, and the highest overall

prediction accuracy is obtained when meyr, haar, bior1.1 or

bior3.3 is used, indicating the synergistic effects of many

kinds of physicochemical properties are the main factor to

the protein structure classes. Consequently, meyr wavelet

and merging of physicochemical properties were utilized to

predict structural classes.

Selection of optimal value for k in PseAAC

Previous investigations indicated that k may have different

optimal values for different datasets and prediction models.

In current study, the value of k is from 1 to 432 for any

dataset. Here, we only carries on discusses to the database

constructed by Kurgan and Homaeian, in order to save

length and avoid tedious. Figure 6 illustrates the effect of k
on overall success rate by fivefold cross-validation test for

the working dataset. Figure 7 showed the variance and the

cumulative variance calculated by only first 40 principal

components for the convenience of plot. In that, the curve

indicates the cumulative variance and bars indicates the

variance of the every principal components.

We can see from Fig. 6 that the overall success rate by

the fivefold cross-validation test can be improved as the k
value increases, and the best prediction result is achieved

when k is equal to 36. However, overall accuracy of the

prediction is decreased with the continue increase of k. The

results from Fig. 7 indicated that the variance enhances

with the increase of k, and 36 significant principal com-

ponents successfully described over 90% of the variance

of the original 432 descriptors. In theory, the overall

prediction rate should be enhanced, when variance is

explained by more principal components. However, the

result showed that the overall prediction rate is not con-

tinuously improved with the increase of k. The reason may

be caused by the fact when the k is large, the noises in the

principal components will augment. And the noises will

lead to more information redundancy and more instable for

the prediction model. Accordingly, for the dataset, the

optimal value for k is 36 (i.e. given a protein in the dataset,

we can use 20 ? 36 = 56 dimension PseAAC feature

vector to represent it). Similarly, we can use 20 ? 90 =

110 and 20 ? 127 = 147 dimension PseAAC to represent

a protein primary structure in the other two datasets con-

structed by Zhou, respectively.

Results and comparison with different methods

In statistical prediction, the following three cross-valida-

tion methods are often used to examine a predictor for its

Fig. 5 Overall prediction accuracy based on 29 kinds of wavelet

function and 9 physicochemical properties Fig. 6 The effect of k on overall success rate for the working dataset

constructed by Kurgan and Homaeian

Fig. 7 The variance and the cumulative variance calculated by first

40 principal components
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effectiveness in practical application: independent dataset

test, subsampling test, and jackknife test (Chou and Zhang

1995). However, as elucidated by (Chou and Shen 2008)

and demonstrated in (Chou and Shen 2007c), among the

three cross-validation methods, the jackknife test is deemed

the most objective that can always yield a unique result for

a given benchmark dataset, and hence has been increas-

ingly and widely used by investigators to examine the

accuracy of various predictors (Cai and Chou 2003, 2005,

2006; Cai et al. 2005; Chen and Li 2007a, b; Chou and

Shen 2006a, b, c, 2007a, 2007b, 2007d, Chou and Shen

2008; Diao et al. 2007; Ding et al. 2007; Du et al. 2003,

2006; Gao et al. 2005a; Jiang et al. 2008; Jin et al. 2008; Li

and Li 2008; Lin 2008; Lin et al. 2008; Liu et al. 2005a, b;

Niu et al. 2006, 2008; Shen and Chou 2005a, b, 2006,

2007a, b, c, d, e, g; Shen et al. 2006, 2007; Wang et al.

2004, 2006, 2008; Xiao and Chou 2007; Xiao et al. 2006a,

b; Zhang and Fang 2008; Zhang et al. 2006, 2008b; Zhou

et al. 2007). In the jackknife test, each protein in the dataset

is in turn singled out as an independent test sample and

all the rule-parameters are calculated without using this

protein. For the prediction method proposed here, the

optimized parameter combination for C, c and k based on

fivefold cross-validation tested were utilized to perform

jackknife cross-validation test, and the success rates were

listed in Tables 3, 4 and 5, compared with several pub-

lished results for the same dataset.

From Table 3 we can see that the overall success rate by

the current approach is 64.0%, about 1.3% higher than the

SVM (Kurgan and Chen 2007) based on custom feature.

Most notably, the success rates for the current dataset are

increased by 29.8% in comparison with the SVM (Kurgan

and Homaeian 2006). In additional, our method has best

prediction accuracy for the most difficult cases of a/b and

a ? b class. The MCC of the current method is in the

range of 0.28–0.62, which is also comparable to the results

from the previous literatures (Kurgan and Homaeian 2006;

Kurgan and Chen 2007; Kedarisetti et al. 2006). Mean-

while, it is worth noting that StackingC ensemble, LLSC-

PRED algorithms and SVM (Kurgan and Chen 2007) based

on custom feature achieved higher classification success

rate than the SVM (Kurgan and Homaeian 2006; Kurgan

and Chen 2007), and these results even comparable to the

present method.

As shown in Table 4, the overall accuracy of the current

approach is 85.9, which is 11% higher than that of neural

network, about 6% higher than component coupled, SVM

as well as rough sets. The MCC is in the range of 0.77–0.86

for different structure classes, indicating the present

method is a reliable tool for the dataset contained 277

proteins.

It demonstrates from Table 5 that overall success rates

of our method for 498 proteins reach 95.2%, which is about

5% higher than component coupled, neural network and

rough sets, respectively. To the best of our knowledge, our

method is superior to the previous approaches in terms of

predictive accuracy. The MCC is from 0.92 to 0.96 for

different structure classes, indicating that our method

Table 3 Comparison of different methods by the jackknife test for 1,673 proteins

Method Success rate (%)/MCC

All-a All-b a/b a ? b Overall

SVM (Kurgan and Homaeian, 2006; Kurgan and Chen 2007) 50.1 0.16 49.4 0.16 28.8 0.05 29.5 0.05 34.2

StackingC ensemble (Kurgan and Chen 2007; Kedarisetti et al. 2006) 74.6 0.62 67.9 0.53 70.2 0.55 32.4 0.22 61.3

SVM (Kurgan and Chen 2007) 77.4 0.65 66.4 0.54 61.3 0.55 45.4 0.27 62.7

LLSC-PRED (Kurgan and Chen 2007) 75.2 0.63 67.5 0.54 62.1 0.54 44.0 0.27 62.2

Our method 76.5 0.62 67.3 0.51 66.8 0.50 45.8 0.28 64.0

Table 4 Comparison of different methods by the jackknife test for 277 proteins

Method Success rate (%)/MCC

All-a All-b a/b a ? b Overall

Component coupled (Zhou 1998) 84.3 N/A 82.0 N/A 81.5 N/A 67.7 N/A 79.1

Neural network (Cai and Zhou 2000) 68.6 N/A 85.2 N/A 86.4 N/A 56.9 N/A 74.7

SVM (Cai et al. 2001) 74.3 N/A 82.0 N/A 87.7 N/A 72.3 N/A 79.4

LogitBoost (Feng et al. 2005) 81.4 N/A 88.5 N/A 92.6 N/A 72.3 N/A 84.1

Rough sets (Cao et al. 2006) 77.1 N/A 77.0 N/A 93.8 N/A 66.2 N/A 79.4

SVM fusion (Chen et al. 2006b) 85.7 N/A 90.2 N/A 93.8 N/A 80.0 N/A 87.7

Current method 85.7 0.77 90.2 0.86 87.7 0.82 80.1 0.78 85.9
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exhibited good performances. In additional, to the dataset

of 498 proteins, the overall success rate and success rate to

a/b class by the present method is about 4 and 16% higher

than our former study (Chen et al. 2006b), respectively.

However, we should point out that the current method

obtained higher overall success rate and success rate of a/b
than SVM fusion network to 498 proteins, however, the

present method achieved lower overall success rate and

success rate of a/b than the SVM fusion network to 277

proteins.

In one word, these results suggested that our method is

superior or comparable to other existing methods. And

from both the rationality of testing procedure and the

success rates of test results, the current method can

improve the prediction quality of protein structure class,

and can serve as a useful complementary tool. And how to

use more effective digital signal processing method is the

major task in our feature work.

Conclusion

In this article, a new feature extraction method was

presented based on CWT and PCA to take into account

the sequence-order effects and long distance interaction

in primary sequence. The results of jackknife cross-val-

idation test from working dataset showed that the current

method is helpful for the prediction of protein structure

class. Our study also indicated that success rates can be

improved significantly if many kinds of physicochemical

properties are considered in protein representation.

Moreover, it can be anticipated that the current method

may also have impacts on improving the success rates

for many other protein attributes, such as subcellular

localization, membrane types, enzymes family and

subfamily classes, and G-protein coupled receptor

classification.
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