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Summary. Compared with the conventional amino acid composition

(AA), the pseudo amino acid composition (PseAA) as originally intro-

duced by Chou can incorporate much more information of a protein

sequence; this remarkably enhances the power to use a discrete model

for predicting various attributes of a protein. In this study, based on the

concept of Chou’s PseAA, a 46-D (dimensional) PseAA was formulated to

represent the sample of a protein and a new approach based on binary-tree

support vector machines (BTSVMs) was proposed to predict the protein

structural class. BTSVMs algorithm has the capability in solving the

problem of unclassifiable data points in multi-class SVMs. The results

by both the 10-fold cross-validation and jackknife tests demonstrate that

the predictive performance using the new PseAA (46-D) is better than that

of AA (20-D), which is widely used in many algorithms for protein

structural class prediction. The results obtained by the new approach are

quite encouraging, indicating that it can at least play a complimentary role

to many of the existing methods and is a useful tool for predicting many

other protein attributes as well.

Keywords: Protein structure classes – Pseudo amino acid composition –

Correlation of amino acid – Hydrophobic amino acid couple – Binary tree
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1. Introduction

Prediction of protein structural class is still a hotly

researched field in bioinformatics. Protein 3-D (dimen-

sional) structure is related to its function. However, it is

difficult to predict 3-D structure from protein sequence

directly. The proteins or domains in structural classifica-

tion of proteins databank (SCOP) (Murzin et al., 1995; Lo

et al., 2002; Andreeva et al., 2004) are classified into

seven structural classes: all-a, all-b, aþ b, a=b, multi-

domain, small protein, and peptide. More than 80% pro-

teins are deposited into the former four classes. Many

efforts were focused on the four structural classes, i.e.,

all-a, all-b, aþ b, and a=b.

The results of Nishikawa et al. (1982, 1983a, b) indi-

cated that the structural class of a protein is correlated

with its AA. Several approaches have been developed to

predict protein structural classes based on the AA alone.

Different clustering and classification algorithms have

been used in those prediction approaches, such as the dis-

criminate analysis (Klein and Delisi, 1986; Klein, 1986),

the least Euclidian distance (Nakashima et al., 1986), the

Mahalanobis distance (Chou and Zhang, 1994; Chou,

1995), covariant discriminant (Chou et al., 1998; Chou

and Maggiora, 1998; Zhou, 1998; Chou, 2000), fuzzy

clustering (Zhang et al., 1995; Shen et al., 2005), support

vector machines (SVMs) (Cai et al., 2001), amino acid

principal component analysis (AAPCA) (Du et al., 2006),

and rough sets algorithm (Cao et al., 2006).

Although promising results have been achieved by the

improvement of algorithms, the representation of protein

with AA lacks the sequence order information. The con-

cept of pseudo amino acid composition (PseAA) as orig-

inally introduced by Chou (2001) can incorporate much

more information of a protein sequence so as to remark-

ably enhance the power of using a discrete model to

predict various attributes of a protein (Chen et al., 2006;

Chou, 2002, 2005a; Chou and Cai, 2005; Gao et al.,

2005a, b; Liu et al., 2005a, c; Mondal et al., 2006; Pan

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

2006; Wang et al., 2004, 2005, 2006; Xiao et al., 2005b, c,

2006b, c; Zhang et al., 2006a, b).



Meanwhile, Chou and Cai (2004a) have reported that

an overwhelming high success rates could be obtained by

using the functional domain composition for predicting

protein structural class on a benchmark dataset in which

none of protein has greater than 25% sequence identity to

any other in a same class. The functional domain compo-

sition of proteins has also been used in membrane protein

type prediction (Cai et al., 2003) and subcellular location

prediction (Chou and Cai, 2002).

Support vector machines (SVM) algorithm is a power-

ful tool in solving classification problems. SVM has been

used to predict various attributes of proteins such as sub-

cellular location (Chou and Cai, 2002), and membrane

type (Cai et al., 2003; Wang et al., 2004). Toward protein

structural classes, the prediction approaches based on

SVM algorithms have achieved promising predictive

accuracy on different datasets (Cai et al., 2001; Isik

et al., 2004; Markowetz et al., 2003). The prediction of

protein structural classes is a multi-classes classification

task. The conventional multi-classes SVMs include one

against one, one against others, and DAG. However, there

are some unclassifiable data points existing in conven-

tional multi-classes SVMs. The methods solving unclas-

sifiable data points in multi-classes SVMs include fuzzy

SVM (Lin and Wang, 2002; Huang and Liu, 2002; Abe,

2004), SVM-tree (Pang, 2004; Pang et al., 2005). Here,

we introduce a new method to predict protein structural

class, which is based on BTSVM and PseAA of protein,

which is a 46-D vector, including amino acid composi-

tion, correlation of amino acids with different distances,

and occurrence frequencies of hydrophobic amino acid

couples in protein sequence. BTSVMs algorithm has the

capability to solve the problem of unclassifiable data

points. The new approach provides encouraging predic-

tive result on self-consistency and jackknife test methods.

Compared with the reported methods, the test results

show that the new method is promising and will become

potential tool for protein function prediction.

2. PseAA representation

In this study, the protein sequence is represented by

PseAA (46-D), where the first 20-components are the 20

occurrence frequencies of the native amino acids in a

protein, the next 20-components are the correlation fac-

tors of amino acids, and the last 6 components are the

occurrence frequencies of hydrophobic amino acid couple

in protein sequence. The correlation factors and hydro-

phobic amino acid couple in a protein sequence are given

below.

2.1 Correlation factors of amino acid

The sequence of a protein with N residues can be written

as R ¼ R1R2 . . .RN . According to Chou (2001, 2005b),

the sequence order effect can be approximately reflected

through the following equation:

tl ¼
1

L� l

XL�l

i¼1

Ji;iþl ð1Þ

where Ji;iþl is the correlation factor of residue i and iþ l.

In this study, Ji;iþl is defined as the product of hydropho-

bic values of two residues

Ji;iþl ¼ hðRiÞhðRiþlÞ ð2Þ

Similar to Liu et al. (2005a, c), Fourier transforms are

used to get the frequency information of protein sequence

order effect.

FðkÞ ¼ 1

L

XL

i¼1

tðiÞ expð�j2�ki=LÞ; k ¼ 0; 1; 2; . . . ; L� 1

ð3Þ

We get the power spectral density of protein sequence

with Eq. (4) and the energy spectral density with Eq. (5)

PðkÞ ¼ FðkÞ
L

; k ¼ 0; 1; 2; . . . ; L� 1 ð4Þ

EðkÞ ¼ jPðkÞj2; k ¼ 0; 1; 2; . . . ; L� 1 ð5Þ

Based on the theory of digital signal processing, the

high-frequency components are more noisy and hence

only the low-frequency components are more important.

This is just like the case of protein internal motions where

the low-frequency components are functionally more im-

portant (Chou, 1988, 1989a). In this study, we pick the 20

lower frequencies of energy spectral density to represent

the correlation of amino acid with different distances in

protein sequence.

2.2 Hydrophobic amino acid couples

In the process of folding from sequence to 3-D structure,

the hydrophobic force between polar amino acid side

chains and water is the main driving force. Each amino acid

has hydrophobic value based on the polar of side chain.

Hydrophobic amino acid couple at the different position

of protein sequence determines the conformation of protein.

Different hydrophobic amino acid couple occurs in dif-

ferent protein secondary structure. According to the the-

ories of Lim (1974), hydrophobic amino acid couples

have six kinds of classes: i; iþ 2; i; iþ 3; i; iþ 2; iþ 4;
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i; iþ 5; i; iþ 3; iþ 4; i; iþ 1; iþ 4. Hydrophobic amino

acid couple i; iþ 2 and i; iþ 2; iþ 4 occur more frequently

in beta-sheets while the patterns i; iþ 3, i; iþ 3; iþ 4 and

i; iþ 1; iþ 4 tend to occur more often in alpha-helices.

The couple i; iþ 5 is an extension of the concept of the

‘‘helical wheel’’ or ‘‘amphipathic’’ alpha-helix.

The selection of hydrophobic amino acids is based on

the theory of Rose et al. (1985). The amino acids that have

a mean fractional area loss (on transfer from the standard

state to the folded protein) of greater than 80% are in-

cluded. These amino acids tend to be buried in the hydro-

phobic core of a protein. Seven amino acids meet this

criterion: Val (V), Leu (L), Ile (I), Met (M), Cys (C), Phe

(F), and Trp (W). The method of calculation occurrence

frequencies of six patterns in protein is described as below:

Step 1: A protein sequence R is expressed by R ¼
R1R2R3 . . .RN , where Ri is the i-th residue in

protein sequence.

Step 2: If the conditions Ri 2C and Rðiþ2Þ 2C are satis-

fied simultaneously,

Cði;iþ2Þ ¼ Cði;iþ2Þ þ 1; ð6Þ

where CfV ;L; I;M;C;F;Wg, Fði; iþ 2Þ ¼ 1
N

PN�2
i¼1 Cði;iþ2Þ,

Fði; iþ 2; iþ 4Þ, Fði; iþ 3Þ, Fði; iþ 3; iþ 4Þ, Fði; iþ 1;

iþ 4Þ, and Fði; iþ 5Þ are computed according to the rule

mentioned above.

3. BTSVMs

SVM is one kind of machine learning algorithm based on

statistical learning theory. The theory of SVM for pattern

recognition has been described in details in the book of

Vapnik (1995). The process of SVM is demonstrated sim-

ply as follows: first, the samples are transformed into a

high-demonstrational feature space through kernel func-

tion. Then, optimal separating hyperplane is decided in

this space.

SVM is regarded as a typical binary classifier. The

methods of applying SVM to solve multi-class classifica-

tion problems have one-against-one, one-against-others

and DAGSVM. The methods mentioned above have the

problems of existing unclassifiable data points. Several

approaches are developed on this issue. Here, we adopt

the approach of SVM multi-class classification based on

binary tree (Tang et al., 2005).

The idea of SVM multi-class classification based on

binary tree can be stated briefly as follows. First, all

classes are separated into two subclasses. Then, each sub-

class is separated into two sub-subclasses until all

subclasses comprise single class. In this way, the multi-

classes problem can be transformed into many binary-

classes problems. Toward k classes, we need just k � 1

SVM classifiers when we construct SVM classifier be-

tween two subclasses. This approach can avoid the prob-

lem of unclassifiable zones. All classes are ranged from

small to large, based on the volume of distribution of

input vectors. When the volume of one class equals to

another, we arrange the class with smaller tab number

in the front. In the way, we can get the array of all classes:

n1; n2; . . . ; nk. Making the n1 as positive training sample

and others as negative training sample, the first SVM sub-

classifier is obtained. After deleting n1 from the array, the

secondary SVM sub-classifier is obtained by the method

mentioned above. The positive training sample of the

ðk � 1Þ-th SVM sub-classifier is nk�1 and negative is nk.

Here, we consider the type of distribution of input

vectors as just super sphere for the input vector being

multi-dimension. The volume of super sphere is calcu-

lated as below.

Step 1, getting the center of gravity of samples, see

Eq. (7),

x ¼ 1

n

Xn

i¼1

xi ð7Þ

Step 2, the semi-diameter of super sphere is defined as

the maximum value of subtraction of samples and center

of gravity of samples,

R ¼ maxfkx� xikg ð8Þ

where k�k represent Euclidian distance.

Step 3, the volume of super sphere is the product of d

power of semi-diameter of super sphere and p,

v ¼ pRd ð9Þ

4. Results and discussion

We chose the same dataset as constructed by Chou (2000),

which has been used in several previous studies (Zhang

et al., 1995; Shen et al., 2005; Du et al., 2003; Xiao et al.,

2006c), to validate the performance of the current ap-

proach. The dataset contains 204 proteins classified into

four structural classes: 52 all-a, 61 all-b, 45 a=b, and 46

aþ b. In the process of SVM training and classification,

the kernel function is crucial. We compare the predictive

accuracy rates for four structural classes using linear ker-

nel, RBF kernel, and poly kernel functions under 10-fold

cross-validation test. The test results are listed in Table 1.

RBF kernel function behaves the best performance. We
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select it as kernel function of SVM in the following

experiments.

The success rates thus obtained for the all-a, all-b,

a=b, and aþ b classes by the 10-fold cross-validation test

are 90.4, 95.1, 73.3, and 63.0%, respectively. The overall

accuracy is 81.9%. The accuracy rates of the new PseAA

approach are higher than those of the AA approach for

whichever structural class and overall accuracy rate. The

new PseAA method is a kind of combined one, which

integrates the concepts of amino acid composition, correla-

tion of amino acids, and hydrophobic amino acids couples.

The function of a protein is determined directly by its

amino acid sequence and spatial structure. When a protein

is folded into a 3D (dimensional) structure, the amino acid

with farther distance in linear sequence will become neigh-

bor residues in the 3D structure. So, the correlation of

amino acids could represent the features of the protein

sequence. Hydrophobic amino acid couples at different

positions often occur in different protein secondary struc-

ture states. Lim (1974) has obtained the frequent occur-

rence of six kinds of hydrophobic patterns in helices and

strand. The frequencies of hydrophobic amino acid couples

reflect the secondary structure distribution in protein se-

quence. Thus, the new PseAA could reflect essential char-

acteristics of protein sequence in different structural

classes. The test results are also validating the effectiveness

of the feature expression of protein (see Table 1).

Three indexes are applied to evaluate the prediction

accuracy, that is, sensitivity (Sn), personality (Sp), and

correlation coefficient (CC).

Sn ¼
TP

TPþ FN
ð10Þ

Sp ¼
TP

TPþ FP
ð11Þ

CC ¼ TP�TN � FP�FN

½ðTPþ FNÞðTPþ FPÞðTN þ FNÞðTN þ FPÞ�1=2

ð12Þ

where TP (true positives) is the protein number of right

prediction in a structure class, FN (false negatives) is the

protein number of wrong prediction in a structure class,

and FP (false positives) is the number of the proteins in

other classes to be predicted in this class. TN (true nega-

tives) is the number of proteins observed in other classes

that are not predicted in this class. Sn represents the ac-

curacy, and Sp represents the reliability in procedure of

prediction. The CC is a single parameter characterizing

the matching extent between the observed and predicted

structural classes.

In statistical prediction, the following three cross-valida-

tion tests are often used to examine the power of a pre-

dictor: independent dataset test, sub-sampling test, and

jackknife test. Of these three, the jackknife test is thought

the most rigorous and objective one [see (Chou and

Zhang, 1995) for a comprehensive review in this regard],

and hence has been used by more and more investigators

(Chou and Shen, 2006a, c, d; Feng, 2001, 2002; Guo et al.,

2006b; Liu et al., 2005a, b; Luo et al., 2002; Sun and Huang,

2006; Wang et al., 2005; Wen et al., 2007; Xiao et al., 2005a,

c, 2006b, c; Zhang et al., 2006a; Zhou, 1998) (Cao et al.,

2006; Chen et al., 2006; Chou and Shen, 2006a, b, c, d, e;

Gao and Wang, 2006; Gao et al., 2005b; Guo et al., 2006a,

b; Liu et al., 2007; Mondal et al., 2006; Shen and Chou,

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

and Huang, 2006; Wen et al., 2007; Xiao et al., 2005a, c,

2006a; Zhang et al., 2006a) in examining the power of

Table 1. 10-Fold cross validating results of four structural classes with different kernel functions

Kernel

function

Accuracy rates (%)

all-a all-b a=b aþb Total

Linear kernel
35

52
¼ 67:3

57

61
¼ 93:4

41

45
¼ 91:1

25

46
¼ 54:3

158

204
¼ 77:4

RBF kernel
48

52
¼ 92:3

61

61
¼ 100:0

44

45
¼ 97:8

35

46
¼ 76:1

188

204
¼ 92:2

Poly kernel
40

52
¼ 76:9

59

61
¼ 96:7

42

45
¼ 93:3

27

46
¼ 58:7

168

204
¼ 82:4

Table 2. Predicted results by different test methods

Structural

classes

Self-consistency test (%) Jackknife test (%)

Sn Sp CC Sn Sp CC

all-a 100.0 100.0 100.0 90.4 85.4 83.6

all-b 100.0 100.0 100.0 100 92.3 94.4

a=b 100.0 100.0 100.0 97.8 97.8 97.1

aþ b 100.0 100.0 100.0 73.9 89.5 76.6

Total 204=204¼ 100.0% 186=204¼ 91.2%
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various prediction methods. Three indexes as defined in

Eqs. (10–12) for four structural classes are calculated un-

der self-consistency and jackknife tests, respectively. The

results are illuminated in Table 2. In self-consistency test,

the predicted results of Sn, Sp, and CC are 100%, respec-

tively. The same results have been obtained in prior works

(Cao et al., 2006; Xiao et al., 2006c). The overall accuracy

rate of jackknife test is 91.2%. In the four structural

classes, the Sn values of all-b, a=b and all-a classes are

more than 90%, which are 100, 97.8, and 90.4%, respec-

tively. The Sn values of aþ b class is the smallest, i.e.

73.9%. The Sp and CC values of the four structural classes

are promising and satisfying.

Several approaches (Zhang et al., 1995; Shen et al.,

2005; Du et al., 2003; Xiao et al., 2006c) have been re-

ported on prediction of protein structural classes using the

same test dataset constructed by Chou (2000). To compare

the test results of the new method with those of prior

works, the test results of different algorithms by jackknife

test are shown in Table 3. As we can see, the new ap-

proach achieves the highest overall accuracy (91.2%) by

jackknife test.

Comparing with the reported prediction methods on

the same dataset, our approach behaves encouraging pre-

dictive performance. The new PseAA representation in

this study could better reflect the essential of a protein

sequence.

As mentioned above, Chou and Cai (2004a) have used

functional domain composition to predict protein struc-

tural class on a benchmark dataset classified into 7 classes

where none of protein has greater than 20% sequence

identity to any other in a same class, and obtained an

overall success rate of 98%. This is indeed a huge im-

provement in this area. In the future work, we are to

improve the current approach by combining the functional

domain composition as well.

5. Conclusions

A new approach based on PseAA and BTSVM is reported

to predict protein structure classes. BTSVM eliminates

the unclassifiable data points happed in multi-class

SVM. The protein sequence is represented by a new kind

of PseAA: 46-D vectors, including amino acid composi-

tion, correlation of amino acid with different distances,

and hydrophobic amino acid couples. The predictive per-

formance on PseAA of protein expression is better than

that of amino acid composition by 10-fold cross-valida-

tion. In order to compare predictive performance objec-

tively, the same dataset (Chou, 2000) is applied to test the

new approach. The new approach achieves quite encourag-

ing results. BTSVM has the capability to solve the prob-

lem of unclassifiable data points. We believe that the new

approach might be further improved by combining the

function domain composition (Chou and Cai, 2004a). It

is reasonable to believe that the new method could also be

used to predict other protein attributes, such as subcellular

location and enzyme family class.
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