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Summary. In the Post Genome Age, there is an urgent need to develop

the reliable and effective computational methods to predict the subcel-

lular localization for the explosion of newly found proteins. Here, a

novel method of pseudo amino acid (PseAA) composition, the so-called

‘‘amino acid composition distribution’’ (AACD), is introduced. First, a

protein sequence is divided equally into multiple segments. Then, ami-

no acid composition of each segment is calculated in series. After that,

each protein sequence can be represented by a feature vector. Finally,

the feature vectors of all sequences thus obtained are further input into

the multi-class support vector machines to predict the subcellular local-

ization. The results show that AACD is quite effective in representing

protein sequences for the purpose of predicting protein subcellular

localization.

Keywords: Protein subcellular localization – Amino acid composi-

tion distribution – Pseudo amino acid composition – Support vector

machines

Abbreviations: AAC, amino acid composition; AACD, amino acid

composition distribution; 5CV, 5-fold cross validation; DAG, directed

acyclic graph; DPC, dipeptide composition; KNN, k-nearest neighbor;

OVO, one-versus-one; OVR, one-versus-rest; PPC, polypeptide com-

position; PseAA, pseudo amino acid composition; RBF, radial basis

function; SVM, support vector machines

1. Introduction

As one of the most important areas in post-genome

era, proteome aims to understand proteins’ potential

roles, elucidate their interaction in a cellular context,

and further make the corresponding functional annota-

tion. Determination of subcellular location of proteins is

very essential for annotating their biological functions.

However, the traditional way to determine the locali-

zation of a protein in a cell is by biochemical experi-

ments, which are hard to meet the demands due to both

time-consuming and expensive. Therefore, to bridge this

gap, there is a need to develop more effective prediction

methods.

During the last decade, many theoretical and com-

putational methods were developed in an attempt to pre-

dict subcellular localization of protein. These methods

can be broadly classified into four types (Guda and

Subramaniam, 2005): (1) Methods based on the sorting

signals which rely on the presence of protein targeting or

signal peptides (Nakai and Horton, 1999). (2) Methods

based on lexical analysis of keywords (LOCkey) from

the functional annotation of proteins (Nair and Rost,

2002). (3) Methods based on the uses of phylogenetic

profiles (Marcotte et al., 2000), domain projection (Mott

et al., 2002) or a combination of evolutionary and struc-

tural information. (4) Methods based on the differences in

the amino acid composition or amino acid properties of

proteins from different subcellular locations (Nakashima

and Nishikawa, 1994; Chou, 2001; Park and Kanehisa,

2003; Cui et al., 2004; Huang and Li, 2004; Guda and

Subramaniam, 2005; Chou and Shen, 2006a–c; 2007a, b;

H€ooglund et al., 2006; Shen and Chou, 2007a, b, e; Shen

et al., 2007). In this paper, our interest is focused on the

researches about the last type.

Because this kind of prediction methods always in-

volves the theories and methods of statistical pattern rec-

ognition, the representation of protein sequence which is

also referred to as feature, plays naturally the key role in

the prediction of subcellular location.



Originally, Nakashima and Nishikawa represented pro-

tein sequence with amino acid composition (AAC) and

indicated that intracellular and extracellular proteins are

significantly different in this representation (Nakashima

and Nishikawa, 1994). The subsequent studies showed

that AAC is closely related to protein subcellular locali-

zations (Chou and Elrod, 1999; Hua and Sun, 2001).

Although AAC can represent the major information of

protein sequence, it always ignores the sequence-order

and structure information of protein. Hence, two se-

quences with different functions and localizations but

similar AAC, may be predicted in the same localization.

To represent protein sequence better, some improved

representations have been proposed and can be classified

into the following two categories: One focuses on the

combination of AAC and with physicochemical properties

of amino acids (Chou, 2001, 2005; Chou and Cai, 2002,

2005; Pan et al., 2003; Gao et al., 2005b; Shi et al., 2007).

The other one makes the direct extension of AAC (Park

and Kanehisa, 2003; Bhasin and Raghava, 2004; Cui et al.,

2004; Shi et al., 2006). Among these methods, the pseudo

amino acid (PseAA) composition (Chou, 2001) is a popu-

lar method. According to its original definition (Chou,

2001), the PseAA composition of a given protein sample

is represented by a set of greater than 20 discrete factors,

where the first 20 factors represent the components of its

conventional AA (amino acid) composition while the ad-

ditional factors incorporate some of its sequence-order

information via various modes. Since the concept of

Chou’s PseAA composition was introduced, it has been

widely used to improve the prediction quality for vari-

ous different protein attributes. Meanwhile, various kinds

of PseAA composition have been proposed (Pan et al.,

2003; Gao et al., 2005b; Xiao et al., 2005a, b; 2006a, b;

Mondal et al., 2006; Mundra et al., 2007; Shi et al., 2007;

Xiao and Chou, 2007; Zhang and Ding, 2007; Zhou et al.,

2007). Owing to the wide usage of PseAA composition,

recently a web-server called PseAA was established at

http:==chou.med.harvard.edu=bioinf=PseAA= (Shen and

Chou, 2007c), by which users can generate various kinds

of PseAA composition for a given protein sequence to

best fit their need. However, the current PseAA server

cannot cover the specific PseAA composition as will be

formulated in this paper.

Here, we introduce a novel representation of protein

sequence, amino acid composition distribution (AACD),

to predict subcellular location by a direct extension of

AAC. Then, multi-class SVM is applied to validate the

effectiveness of AACD with several datasets of protein

subcellular localization.

2. Materials and methods

2.1 Datasets

In this paper, we use several datasets from 6 papers which are presented by

Chou (2001), Park and Kanehisa (2003), Cui et al. (2004), Huang and Li

(2004), H€ooglund et al. (2006), Guda and Subramaniam (2005), respective-

ly. These datasets vary with the version of SWISS-PROT, the similarity

between sequences, the type of locations, the count of subcellular locali-

zation and the total number of samples. Remarkably, Chou’s datasets are

composed of a training set and a testing set, and the latter one is only for

the independent test (Chou, 2001); Huang and Li built two datasets with

the sequence similarities which are lower than 50 and 80% (Huang and

Li, 2004), respectively; H€ooglund et al. (2006) constructed three datasets in

which many locations and sequences overlap (H€ooglund et al., 2006),

therefore only the plant datasets is used here.

Consequently, the eight datasets were used in these papers, which are

shortly denoted by CH01-T, CH01-E, PK03, CU04, HL04-1, HL04-2,

HO06-P and GS05, and listed in Table 1.

2.2 Representation methods of protein sequence

Without loss of generality, we assume that there are N protein sequences in

the dataset, let Lk be the length of the k-th sequence pk , and ai be the i-th

element of 20 natural amino acids represented by English letters A, C, D,

E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V, W, and Y, respectively.

2.2.1 Amino acid composition

According to amino acid composition (AAC), the protein sequence pk can

be represented as a 20-D feature vector:

AACk ¼ ½ck1; . . . ; cki ; . . . ; ck20�; k ¼ 1; . . . ;N ð1Þ

where cki ¼ tki =Lk is the normalized occurrence frequency of amino acid

ai, and tki is the count of ai appearing in sequence pk .

However, it is not sufficient to represent a specific protein sequence only

based on AAC. For example, suppose we have two protein sequences p1:

AAADDD and p2: DDAA. According to AAC, the feature vectors of p1

and p2 are represented as follows:

AAC1 ¼ ½0:5; 0; 0:5; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0�
AAC2 ¼ ½0:5; 0; 0:5; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0; 0�

Obviously, AAC1 and AAC2 are identical so that we cannot distinguish

protein p1 from protein p2 only based on AAC. Consequently, there is a need

to develop other representations of protein sequence to treat such case.

2.2.2 Polypeptide composition

Considering the sequence order information, polypeptide composition

(PPC) is an improved representation which is used to calculate the nor-

Table 1. The datasets used in this paper

Datasets Version Similarity (%) Location Sample number

CH01-T 35.0 �80 12 2191

CH01-E 35.0 �80 11 2494

PK03 39.0 �80 12 7589

CU04 41.0 �90 8 8305

HL04-1 41.0 �50 11 3572

HL04-2 41.0 �80 11 7203

HO06-P 42.0 �80 10 5856

GS05 45.0 �95 9 18317
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malized occurrence frequency of n residues instead of single residue in a

sequence. So the protein sequence pk can be represented as:

PPCk¼
ckðAA���A

zfflffl}|fflffl{n�1

Þ ��� ckðAV ���V
zfflffl}|fflffl{n�1

Þ
��� ckðb1b2 ���bj ���bn�1bnÞ ���

ckðVA���A
zfflffl}|fflffl{n�1

Þ ��� ckðVV ���V
zfflffl}|fflffl{n�1

Þ

8>>>>><
>>>>>:

9>>>>>=
>>>>>;

20�20n�1

ð2Þ

where ckðb1b2 � � �bj � � �bn�1bnÞ is the normalized occurrence frequency

of sub-sequence b1b2 � � �bj � � �bn�1bn in sequence pk , bj 2 faig, j ¼
1; . . . ; n, and k ¼ 1; . . . ;N.

Because of the huge dimension of PPC, dipeptide composition (DPC) is

always used to represent protein sequence (Bhasin and Raghava, 2004),

and it is also called as amino acid pair composition (Park and Kanehisa,

2003) for some cases. But DPC still has 400 dimensions and is defined as

the following:

DPCk ¼
ckðAAÞ � � � ckðAVÞ
� � � ckðb1b2Þ � � �

ckðVAÞ � � � ckðVVÞ

8><
>:

9>=
>;

20�20n�1

ð3Þ

2.2.3 Amino acid composition distribution

A protein sequence pk can be equally divided into multiple segments, and

then calculate AAC of each segment in series. So the sequence pk can be

represented as the following formula:

AACDk
n ¼

ck1;1 � � � ck1;m � � � ck1;n

� � � � � � cki;m � � � � � �
ck20;1 � � � ck20;m � � � ck20;n

8><
>:

9>=
>;

20�n

ð4Þ

where n is the count of segments, ½ck1;m; . . . ; cki;m; . . . ck20;m�
T

is the AAC of

the m-th segment of pk , and cki;m is defined as:

cki;m ¼ n � tki;m=Lk; m ¼ 1; . . . ; n; i ¼ 1; . . . ; 20 ð5Þ

where tki;m is the count of ai appearing in the m-th segment of sequence pk .

We define this representation as amino acid composition distribution

(AACD), which has lower dimension than PPC generally.

2.3 Support vector machines

Once the representation of protein sequence is fixed, the next step is

to choose a classifier to predict the protein subcellular localization.

Many types of classifiers, such as neural network, covariant discrimi-

nant algorithm (Chou, 2001), fuzzy KNN (Huang and Li, 2004) and

support vector machines (SVM) (Chou and Cai, 2002; Park and Kanehisa,

2003; Cui et al., 2004; H€ooglund et al., 2006) have been applied to pre-

diction of protein subcellular location. In these classifiers, SVM has been

more broadly applied to such prediction due to its good performance of

classification.

SVM was originally designed for binary classification (Vapnik,

1998), while prediction of subcellular localization is M-class classifica-

tion. Usually, we can construct M-class SVMs to solve such problem

based on the binary class SVM. There are mainly two kinds of

approaches for multi-class SVM. The one can processes directly all data

in one optimization formulation (Crammer and Singer, 2001). The other

one decomposes multi-class into a series of binary SVMs, includ-

ing ‘‘one-versus-rest’’ (OVR) (Vapnik, 1998), ‘‘one-versus-one’’ (OVO)

(Kreßel, 1999), and ‘‘directed acyclic graph’’ (DAG) (Platt et al., 2000).

The extensive experiments have shown that OVR, OVO and DAG are more

practical (Hsu and Lin, 2002; Rifin and Klautau, 2004; Shi et al., 2006,

2007).

Because of OVO approach convenient usage, it is used in this paper. For

an M-class problem, OVO constructs MðM � 1Þ=2 binary SVMs. During

the evaluation, each of the MðM � 1Þ=2 SVMs casts one vote for its most

favored class, and finally the class with the most votes wins. Figure 1

shows that OVO decomposes 3-class problem into a series of binary

SVMs.

The SVM software, LibSVM, is used in this paper, which can be freely

downloaded from http:==www.csie.ntu.edu.tw=�cjlin=libsvm= for aca-

demic research (Hsu and Lin, 2002). In addition, we do the training only

with the RBF kernel in all experiments.

2.4 Prediction assessment

Among the independent dataset test, sub-sampling (e.g., 5 or 10-fold

sub-sampling) test, and jackknife test, which are often used for exam-

ining the accuracy of a statistical prediction method, the jackknife test is

deemed the most rigorous and objective (Chou and Zhang, 1995) as

demonstrated by a penetrating analysis in a recent review (Chou and

Shen, 2007e) and has been increasingly adopted by investigators to

test the power of various prediction methods (see, e.g., Zhou, 1998;

Zhou and Assa-Munt, 2001; Du et al., 2003; Pan et al., 2003; Zhou and

Doctor, 2003; Huang and Li, 2004; Wang et al., 2004, 2006; Gao et al.,

2005a, b; Liu et al., 2005a, b, 2007; Shen and Chou, 2005a, b, 2006,

2007a, b, d, e; Wang et al., 2005; Cao et al., 2006; Chen et al., 2006a, b;

Chou and Shen, 2006a, d, 2007a, c, d, f; Du and Li, 2006; Du et al.,

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

2006; Mondal et al., 2006; Niu et al., 2006; Shen et al., 2006, 2007; Sun

and Huang, 2006; Wen et al., 2006; Xiao et al., 2006a, b; Zhang et al.,

2006a, b, c; Chen and Li, 2007; Chen et al., 2007; Ding et al., 2007;

Jahandideh et al., 2007; Lin and Li, 2007a, b; Shi et al., 2007). However,

since jackknife test will take a lot of computational time for SVM to

complete, as a compromise, in this study we adopted the 5-fold cross-

validation to examine the performance of our approach.

According to 5CV procedure, the dataset is randomly split into 5 equal

subsets. In turn, we take each subset as the testing set to evaluate the

prediction, and use the rest subsets to build classification model, in other

words, to do the training. The average and the standard deviation of the

Fig. 1. The binary SVM decomposition of 3-class problem with

OVO approach, where label !A, !B and !C denote class A, B, and C,

respectively
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accuracies of all evaluations can indicate the performance of prediction,

and are defined, respectively as:

Q ¼
Xk

i¼1
Qi=k; i ¼ 1; . . . ; k ð6Þ

S ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXk

i¼1
ðQi � QÞ2=ðk � 1Þ

r
; k ¼ 5 ð7Þ

where Qi is the accuracy of the i-th evaluation and k is the count of cross-

validation.

3. Results and discussion

3.1 Representations with different segments

In order to find the impact of the numbers of split seg-

ments on the classification performance, classifiers are

performed on all selected datasets with various and con-

tinuous count to split protein sequences, respectively. The

Fig. 2. The accuracies of different segments of

protein sequence
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up arrows in Fig. 2 are marked as the best predicted

accuracies. From Fig. 2, we can see that the count of split

segments has an important impact on the prediction.

Firstly, for all datasets, the best accuracies achieved by

AACD are remarkably higher than that of AAC (the first

data point in all subfigures). This indicates that AACD

can represent protein sequence better than ACC.

Secondly, along with the increasing of the count of split

segment, the accuracies increase at the beginning, and

then decrease slowly. Hence, the optimal split correspond-

ing to the best prediction exists for a specific dataset. The

properties of dataset such as its version, the similarity

between sequences, the type of locations and the count

of samples, always affect the optimal splits.

3.2 Comparison with other sequence representations

In order to assess the quality of AACD representation, the

results of AAC, DPC and AACD are listed in Table 2.

Table 2 shows that AACD achieves the best accuracies

and always has the lower standard deviations for all data-

sets. It means that AACD is more effective to represent

protein sequence and is better robust than both AAC and

DPC for the prediction of subcellular localization.

In addition, it is worth to note that the accuracy and

standard deviation of AACD are 66.84% and 0.52, respec-

tively, which are about 7% higher than that of AAC and

DPC for dataset HL04-1(sequence similarity�50%). DPC

gets the lowest accuracy and has the biggest standard

deviations. The results show that AACD maybe is non-

sensitive to sequence similarity.

3.3 Comparison with other methods

In order to further validate the presented methods, the

results of several methods are listed in Table 3.

Table 3 shows that AACD obtains almost the best pre-

diction results for the seven selected datasets. Although

some prediction methods used jackknife test to assess

their results, 5-CV and jackknife test will achieve similar

estimation if the number of samples (protein sequences) is

not too much less (Jain et al., 2000).

3.4 Comparison with other PseAA methods

We choose datasets CH01 to compare the performance of

several PseAA methods (Chou, 2001; Pan et al., 2003;

Xiao et al., 2005a) in jackknife and independent tests re-

spectively. The results are listed in Table 4. Table 4 shows

that the corresponding accuracies achieved by AACD are

the highest in both jackknife and independent tests.

4. Conclusion

In this paper, we have developed a novel method of pseu-

do amino acid composition, amino acid composition dis-

tribution (AACD). Instead of calculating AAC of the

whole sequence, the presented method is used to calculate

AACs of multiple segments which are derived from the

equal interval split of the whole sequence.

With this AACD representation, Multi-class SVMs are

applied to predict the subcellular localization. Compared

with other methods, the results show that AACD is an

effective representation of protein sequence and non-sensi-

tive to sequence similarity because of the better ability to

reflect the information of protein subcellular localization.
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Table 3. The results (in percentage) of the comparison with other methods

Datasets Assessment Original result Our result

CH01-T Jackknife 73.03 80.87 � 0.84

PK03 5CV 78.2 � 0.9 79.19 � 0.54

CU04 Jackknife 87 87.51 � 0.68

HL04-1 Jackknife 58.1 66.84 � 0.52

HL04-2 Jackknife 80.1 79.66 � 0.59

HO06-P 5CV 74.60 � 0.80 78.09 � 1.01

GS05 unknown 79.43 85.99 � 0.81

Table 2. The results (in percentage) of AAC, DPC, and AACD in 5CV test

Datasets AAC DPC AACD

CH01-T 78.14 � 0.72 76.40 � 0.75 80.87 � 0.84

PK03 71.91 � 0.66 74.64 � 0.55 79.19 � 0.54

CU04 84.30 � 0.56 86.48 � 1.02 87.51 � 0.68

HL04-1 59.80 � 0.38 58.23 � 0.83 66.84 � 0.52

HL04-2 72.17 � 0.75 72.62 � 0.84 79.66 � 0.59

HO06-P 67.54 � 1.07 71.23 � 1.44 78.09 � 1.01

GS05 80.59 � 0.57 83.89 � 0.69 85.99 � 0.81

Table 4. The results (in percentage) of the comparison with other PseAA

methods

Datasets Assessment Chou

(2001)

Pan et al.

(2003)

Xiao et al.

(2005a)

Our

method

CH01-T Jackknife 73.03 67.68 73.57 82.15

CH01-E independent 80.87 73.86 79.79 85.49
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