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Summary. Recent advances in large-scale genome sequencing have led

to the rapid accumulation of amino acid sequences of proteins whose

functions are unknown. Because the functions of these proteins are close-

ly correlated with their subcellular localizations, it is vitally important

to develop an automated method as a high-throughput tool to timely

identify their subcellular location. Based on the concept of the pseudo

amino acid composition by which a considerable amount of sequence-

order effects can be incorporated into a set of discrete numbers (Chou,

K. C., Proteins: Structure, Function, and Genetics, 2001, 43: 246–255),

the complexity measure approach is introduced. The advantage by

incorporating the complexity measure factor as one of the pseudo

amino acid components for a protein is that it can more effectively

reflect its overall sequence-order feature than the conventional correlation

factors. With such a formulation frame to represent the samples of

protein sequences, the covariant-discriminant predictor (Chou, K. C. and

Elrod, D. W., Protein Engineering, 1999, 12: 107–118) was adopted to

conduct prediction. High success rates were obtained by both the jack-

knife cross-validation test and independent dataset test, suggesting that

introduction of the concept of the complexity measure into prediction

of protein subcellular location is quite promising, and might also hold a

great potential as a useful vehicle for the other areas of molecular

biology.
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I Introduction

For a newly found protein sequence, how can one timely

identify which subcellular localization it belongs to? This

is a big challenge today because a fundamental goal of

cell biology is to define the functions of proteins in the

context of compartments that organize them in the cellular

environment, and the knowledge of the subcellular loca-

tion of proteins is vitally important to the understanding

of their functions and interactions (Chou, 2001; Chou and

Cai, 2002, 2004b). Even for a function-known protein,

information of its subcellular localization may provide

useful insights into the specific enzyme pathway (Nakai

and Kanchisa, 1992). Experimental determination of sub-

cellular location is currently mainly accomplished by the

following three approaches: cell fractionation, electron

microscopy and fluorescence microscopy. These ap-

proaches are time-consuming, and might bear some sorts

of subjective assumption and uncertainty (Murphy et al.,

2000). Accordingly, knowledge of protein subcellular

location derived from statistical prediction can play a

complemental role to the above biochemical experiments.

Furthermore, it can help to screen candidates for drug

discovery, expedite the annotation of gene products as

well as provide insights in selecting the relevant proteins

for further study (Nakai, 2000; Chou, 2002, 2004a; Chou

and Elrod, 1999).

To address the challenge, many efforts have been made

to develop various approaches on this topic, see, e.g.,

Horton and Nakai (1997), Cedano et al. (1997), Reinhardt

and Hubbard (1998), Chou and Elrod (1999), Yuan

(1999), Nakai and Horton (1999), Chou (2000b), Cai

and Chou (2000), Feng (2001), Hua and Sun (2001), Chou

and Cai (2002), Cai et al. (2002), Emanuelsson et al.

(2002), Pan et al. (2003), Zhou and Doctor (2003), Chou

and Cai (2003a, c), Bhasin and Raghava (2004), Huang

and Li (2004), Chou and Cai (2004a, 2004b). For a sys-

tematic description of development in this area at different



stages, refer to the reviews by Nakai (2000) and Chou

(2000b, 2002) as well as some recent papers (Chou and

Cai, 2004a, b).

The present study was initiated in an attempt to develop

a different approach for predicting protein subcellular

location based on the concept of the pseudo amino acid

composition originally proposed by Chou (2001). The

introduction of pseudo amino acid composition, by which

a considerable amount of the sequence-order effects can be

incorporated into a set of discrete components (Chou,

2001), has stimulated the development of several powerful

prediction algorithms in the relevant areas (Pan et al., 2003;

Cai and Chou, 2003; Chou and Cai, 2002, 2003b, 2004a, b;

Wang et al., 2004a, b; Chou, 2004b). Here we attempt to

develop a different prediction algorithm by introducing a

new concept, the so-called complexity measure factor, into

the pseudo amino acid composition in order to make it

more effectively reflect the sequence-order effect. The bot-

tom line is that a protein sequence is actually a symbolic

sequence for which the complexity measure can be used to

reflect its intricate feature. There are several methods to

evaluate the text complexity, such as entropy measure

(Sadovsky, 2003), evaluation of the alphabet capacity l-

gram (Gabrielian and Bolshoy, 1999), modification of

complexity measure by Lempel and Ziv (Gusev et al.,

1999), and stochastic complexity (Orlov et al., 2002).

Complexity measure has been successfully used to predict

protein-coding regions in DNA, sequences comparison and

other areas. Of the known complexity measure approaches

so far, the Ziv-Lempel complexity measure (Gusev et al.,

1999, 2001) is the most adequate one in reflecting the

repeat patterns occurring in the text, and hence was

adopted in this study.

II Method

The key to improve the prediction quality is how to effectively

define the components of pseudo amino acid composition for

different cases studied (Chou, 2004b; Chou and Cai, 2003c). In this

study, we are to use the complexity measure and auto correlation

functions to define the pseudo amino acid components for a protein

sequence.

The complexity of a sequence can be measured by the minimal

number of steps required for its synthesis in a certain process (Ziv and

Lempel, 1976). For each step only two operations were allowed in the

process: either generating a new symbol or copying a fragment from

the part of a synthesized sequence. Suppose a string S expressed by

S ¼ �1�2�3 . . .�N ð1Þ

Its substring is expressed by

S½i : j� ¼ �i�iþ1�iþ2 . . .�j ð1� i< j�NÞ ð2Þ

The complexity measure, CLS (S), of a non-empty sequence S synthesized

according to the following procedure is defined by the minimal number of

steps

HðSÞ ¼ S½1 : i1�S½i1 þ 1 : i2� � � � S½ik�1 þ 1 : ik� � � � S½im�1 þ 1 : N�
ð1<k<m�NÞ ð3Þ

At each step k the sequence is extended by concatenating a fragment

S½ik�1 þ 1 : ik�. The length of this fragment is equal to 1 if some symbol

at position ik�1 þ 1 occurs for the very first time. Otherwise, a component

of length given by

ik � ik�1 ¼ max
j� ik�1

flj : S½ik�1 þ 1 : ik�1 þ lj� ¼ S½ j : jþ lj � 1�g ð4Þ

is copied from the prefix S½1 : ik�1 þ lj � 1�, where lj is the length of the

fragment being copied. The Lempel-Ziv complexity algorithm in its

simplest form is given in Box 1. For example, for the string

S¼ 0001101001000101, the Lempel-Ziv schema of synthesis gives the

following components and corresponding complexity:

HðSÞ ¼ 0 � 001 � 10 � 100 � 1000 � 101

CLSðSÞ ¼ 6

�
ð5Þ

Now, let us represent the sequence of a protein by a stochastic digital

signal, i.e.,

S ¼ fxig; i ¼ 1; 2; . . . ;N ð6Þ

where xi is the numerical code for ith amino acid in protein sequence, and

N the length of sequence. Its complexity factor CLS (S) can be easily

derived according to Table 1 and Box 1. And the value thus obtained is

used to represent the 1st pseudo amino acid component �1 for the protein

concerned. The other pseudo amino acid components are defined as

follows:

��þ1 ¼ 1

N � �

XN��

i¼1

xðiÞxðiþ �Þ; � ¼ 1; 2; . . . ; 5 ð7Þ

The five factors in Eq. 7 can be easily computed according to Table 1 that,

to some degree, reflect the sequence-order effect, as illustrated in Fig. 1 of

(Chou, 2000a).

Given a protein sequence, we can generate a set of 6 numbers �1, �2,

�3, �4, �5, and �6 according to Table 1, Box 1 and Eq. 6. Thus, following

Table 1. Digital codes for the 20 native amino acids

Amino acid K N D E P Q R S T G

Decimal numbers 6 8 9 10 11 12 13 14 15 16

Binary notation 00110 01000 01001 01010 01011 01100 01101 01110 01111 10000

Amino acid A H W Y F L M I V C

Decimal numbers 17 18 20 21 23 24 26 27 28 30

Binary notation 10001 10010 10100 10101 10111 11000 11010 11011 11100 11110
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exactly the same procedure as described by Chou (2001), a protein X can

be expressed by a vector or a point in a 26D (dimensional) space, i.e.,

X ¼ ðx1; x2; x3; . . . ; x26ÞT ð8Þ

where T is the transpose operator, and

xk ¼

fkP20

i¼1
fiþ
P6

j¼1
wj�j

; ð1�k�20Þ
wðk�20Þ�ðk�20ÞP20

i¼1
fiþ
P6

j¼1
wj�j

; ð21�k�26Þ

8><
>: ð9Þ

where fiði ¼ 1; 2; . . . ; 20Þ are the occurrence frequencies of the 20 native

amino acids in the protein (Chou and Zhang, 1993), and wj the weight

factor for the jth factor

½w1;w2;w3;w4;w5;w6�

¼
�

1

7000
;

1

7000
;

1

7000
;

1

7000
;

1

7000
;

1

8000

� ð10Þ

Now we can directly use the augmented covariant-discriminant algo-

rithm develop by Chou (2001) to perform prediction. It is instructive to

point out that owing to the normalization condition imposed by Eq. 9,

the 20þ 6 components in Eq. 8 are not independent. Therefore, a

dimension-reduced operation (Chou and Zhang, 1994) by leaving out

one of the components and making the rest completely independent is

needed when using the augmented covariant discriminant algorithm;

i.e., a protein should be defined in a (26-1)D space instead of 26D

space. Otherwise, a divergence difficulty will occur. However, which

one of the 26 components should be removed? Anyone. The reason is

that according to a theorem given and proved by Chou (1995), which is

generally quoted as ‘‘Chou’s Invariance Theorem’’ (Pan et al., 2003;

Zhou and Assa-Munt, 2001; Zhou and Doctor, 2003), the values of the

covariant discriminant function will remain the same regardless of

which one of the 26 components is left out.

III Results and discussion

The training dataset and independent dataset taken from

Chou (2001) are used to test the current method. The

training dataset consists of 2191 protein sequences, of

which 145 are chloroplast, 571 cytoplasmic, 34 cytoske-

letal, 49 endoplasmic reticulum, 224 extracellular, 25

Golgi apparatus, 37 lysosomal, 84 mitochondrial, 272

nuclear, 27 peroxisomal, 699 plasma membrane and 24

vacuoles. The independent dataset consists of 2,494 pro-

tein sequences, of which 112 are chloroplast proteins, 761

cytoplasm, 19 cytoskeleton, 106 endoplasmic reticulum,

95 extracellular, 4 Golgi apparatus, 31 lysosome, 163

mitochondria, 418 nucleus proteins, 23 peroxisome, and

762 plasma membrane. The prediction quality was exam-

ined by the resubstitution, jackknife, and independent

dataset tests, respectively.

(1) Resubstitution test

This method is for testing the self-consistency of a

method. During the test process, the subcellular location

of each protein in a dataset was predicted by using the

parameters derived from the same dataset, the so-called

training dataset. The success rates thus obtained on the

training dataset are given in Table 2, form which we can

see that the overall success rate is 86%. This is 40%

higher than the rate by the ProtLock predictor (Cedano

et al., 1997) and 4.5% higher than the rate by Pan et al.

(2003), respectively. However, to really examine the

power of a predictor, a cross-validation test is needed,

as described below.

(2) Jackknife test

As is well known, the single independent dataset test, sub-

sampling test and jackknife test are the three procedures

often used for cross-validation in literature (Chou and

Zhang, 1995). Of these three, the jackknife test is regarded

as the most objective and effective one (Zhou, 1998; Zhou

and Assa-Munt, 2001). The mathematical principle and a

comprehensive discussion about this can be found in a

monograph (Mardia et al., 1979) and a review paper

(Chou and Zhang, 1995), respectively. Accordingly, the

real power of a predictor should be measured by the suc-

cess rate of jackknife test. The success rates by the jack-

knife test on the training dataset are given in Table 3, from

which we can see that overall success rate is 73.1%, which

is 6% higher than the rate by Pan et al. (2003).

(3) Independent dataset test

Finally, as a paradigm to show how to use the present

method in practical application, prediction was also per-

formed the aforementioned independent dataset from Chou

(2001). The success rates were also given in Table 3, from

which we can see that the overall success rate is 79.8%,

which also is 6% higher that the rate by Pan et al. (2003).

Routine Lempel-Ziv complexity

STRING¼ get input character

CHARACTER¼ ’’

CLS¼ 1

WHILE there are still input characters DO

Character¼ get input character

CHARACTER¼CHARACTERþCharacter

Q¼ dele (STRINGþCHARACTER)

IF CHARACTER is not substring of the Q

STRING¼ STRINGþCHARACTER

CLS¼CLSþ 1

CHARACTER¼ ’’

END of IF

END of WHILE

a The function of the dele (STRINGþCHARACTER) is to delete the

last character in the character string of STRINGþCHARACTER.

Box 1. The Lempel-Ziv complexity algorithma
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IV Conclusions

Different with the 20D conventional amino acid composi-

tion, the pseudo amino acid composition contains more

than 20 components. It is thru the additional components

that a considerable amount of the sequence-order effects

can be reflected in terms of a set of discrete numbers

(Chou, 2001). The pseudo amino acid composition also

possesses the merit of flexibility, by which the additional

components can be defined according to the case investi-

gated to optimize the desired results. It is demonstrated in

this study that the introduction of the complexity measure

factor as one of the pseudo amino acid components can

more effectively reflect the overall sequence-order feature

of a protein, leading to higher success rates in predicting

the subcellular location of proteins. It is anticipated that

the concept of complexity measure might be of use to the

other areas of molecular biology.
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