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Summary. Mitochondria are essential cell organelles of eukaryotes.

Hence, it is vitally important to develop an automated and reliable method

for timely identification of novel mitochondrial proteins. In this study,

mitochondrial proteins were encoded by dipeptide composition technol-

ogy; then, the genetic algorithm-partial least square (GA-PLS) method

was used to evaluate the dipeptide composition elements which are more

important in recognizing mitochondrial proteins; further, these selected

dipeptide composition elements were applied to support vector machine

(SVM)-based classifiers to predict the mitochondrial proteins. All the

models were trained and validated by the jackknife cross-validation test.

The prediction accuracy is 85%, suggesting that it performs reasonably

well in predicting the mitochondrial proteins. Our results strongly imply

that not all the dipeptide compositions are informative and indispensable

for predicting proteins. The source code of MATLAB and the dataset are

available on request under liml@scu.edu.cn.
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1. Introduction

Mitochondria carry out a wide variety of biochemical pro-

cesses within the eukaryotic cell. They fulfill most of the

energy requirements of aerobic cells and are essential for

the metabolism of a number of important biological com-

pounds (Scharfe et al., 2000). Of 1331 identified human

disease proteins, a proportion of �10% (129) of the known

disease proteins have been known to be localized in mito-

chondria (Andreoli et al., 2004). Meanwhile, in recent

years, there has been an unprecedented increase in the pro-

duction of mitochondria sequences. Unfortunately, most of

these sequences will remain of no avail to the understand-

ing of their biological significance until properly analyzed.

The contradictions between their critical roles in a vari-

ety of complex biochemical processes and the deposition

in the public data bank have made it a crucial issue to

predict mitochondrial proteins. Most of existing prediction

methods fall into two categories: one trends to combine

several source of biological information for prediction,

the other is based on the sequence composition incorporat-

ing some pattern recognition or machine learning meth-

ods. Some prevalent approaches in the first category

include Target P (Emanuelsson et al., 2000), SignalP 3.0

(Bendtsen et al., 2004), WoLF PSORT (Horton et al., 2006),

TargetLoc (H€ooglund et al., 2006), MitoProt II (Claros and

Vincens, 1996), MITOPRED (Guda et al., 2004) and so on.

Although these methods are popularly used, these algo-

rithms rely strongly on the existence of leader sequences.

Proteins localized in the same organelle have been re-

ported to show a similar overall amino acid composition

(Andrade et al., 1998). It means that a method based on the

amino acid or dipeptide composition would be possible and

more useful in practical applications. A number of different

computational approaches based on amino acid or dipeptide

compositions have been presented, including the covariant

discriminant algorithm (Chou and Elrod, 1999), Markov

chain models (Yuan, 1999), support vector machine (Hua

and Sun, 2001; Chou and Cai, 2002; Kumar, 2006), fuzzy

K-NN method (Huang and Li, 2004), etc. Because of the

special properties of mitochondrial proteins, the prediction

accuracy is much lower than proteins in other locations.

To approximately incorporate the sequence-order effects

(Chou, 2000a), the concept of the pseudo amino acid com-

position (PseAA) was proposed (Chou, 2001, 2005a, b)

and has been used via various approaches to enhance the

prediction quality (Chou and Cai, 2003; Chou and Shen,

2006a; Gao et al., 2005; Xiao et al., 2005a, 2006a).

Recently, two very powerful predictors were developed.



One is Hum-PLoc (Chou and Shen, 2006b, c), which can

identify mitochondrion proteins among 12 human protein

subcellular locations. And the other is Euk-OET-PLoc

(Chou and Shen, 2006d), which can identify mitochon-

drion proteins among 16 eukaryotic protein subcellular

locations.

The present study was initiated in order to develop an

integrative method for recognizing mitochondria proteins

on the base of dipeptide composition. First, the inquired

sequence was transformed to numeric series by dipeptide

composition technology; then, we applied the GA-PLS

method to extract the more important dipeptide composi-

tion elements; finally, the selected dipeptide composition

elements were introduced as input to construct SVM mod-

els. The results suggest GA-PLS is an effective tool for

extracting feature dipeptide composition elements and not

all the dipeptide compositions are informative in predic-

ting proteins.

2. Materials and methods

2.1 Data sets

The dataset used in this paper was generated in our previous work (Jiang

et al., 2006). All the sequences were extracted from Swiss-Prot release

46.6 (Boeckmann et al., 2003) by the keyword mitochondrial and 2833

entries were obtained. All sequences with ambiguous words, such as

POTENTIAL, BY SIMILARITY, or PROBABLE and fragments were all

excluded. The final dataset consisted of 499 entries that appeared as whole

sequences and had reliable experimental annotations for localization. They

consisted of a credible mitochondrial database and were used as positive

samples. Meanwhile 681 entries were also extracted by selected one out of

every 250 entries in Swiss-Prot and mitochondrial protein sequences or

fragments were all deleted. They were used as negative samples. Some

sequences with high identity of 90% were not removed in order to provide

a wide range prediction, while most sequences were clustered lower than

20% identity using Clustal W program (Thompson et al., 1994).

2.2 Dipeptide composition

The dipeptide composition (Liu and Chou, 1999) and pair-coupled amino

acid composition (Chou, 1999) have been successfully used to predict

protein secondary structure contents. The dipeptide composition used as

input can provide global information on protein features in the form of

fixed-length vector. It is calculated as follows for each protein:

FdipðiÞ ¼ total number of dipðiÞ
total number of all dipeptides

ð1Þ

where Fdip(i) is the fraction of dip(i) that is the ith dipeptide out of 400

dipeptides.

Compared with amino acid composition, the advantage of dipeptide

composition is that it incorporates some sequence-order information. With

dipeptide composition coding scheme, each protein was represented as a

fixed pattern length of 400 elements.

2.3 Performance evaluation

The jackknife test has been considered as one of the most objective test

methods in examining the power of a prediction method, as illustrated in a

comprehensive review article (Chou and Zhang, 1995). It has been adopted

by more and more leading investigators to test the powers of various

predictors (see, e.g., Cai and Chou, 2005; Chou, 1995, 2000b, 2005c;

Chou and Cai, 2004a, b, 2006; Chou and Elrod, 1998, 2002, 2003; Chou

et al., 1998; Chou and Maggiora, 1998; Gao et al., 2005; Guo et al., 2006;

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

Sun and Huang, 2006; Wen et al., 2006; Xiao et al., 2005b, 2006b, c;

Zhang et al., 2006; Zhou, 1998; Zhou and Assa-Munt, 2001; Zhou and

Doctor, 2003). In this paper, a jackknife procedure was carried out. All

the protein sequences in the training dataset were in turn singled out as

a ‘tested protein’ and all the rule parameters were determined from the

remaining proteins. Meanwhile each non-mitochondrial protein sequence

in test dataset was also compared with the 499 mitochondrial sequences.

Four parameters were employed to measure the performance of models,

including Acc, SE, SP, and MCC. Details of these indices are listed in

Table 1 (Liu et al., 2006).

2.4 Support vector machine

SVM is a statistical learning theory based on machine learning algorithm

presented by Vapnik (1998). A brief and clear description for how to use

SVM to do classification also has been given by Chou and Cai (2002) and

Cai et al. (2003). In this particular work, the mitochondrial proteins were

defined as one class (labeled as þ1) and the non-mitochondrial proteins

were defined as the other one (labeled as �1) while radial basis function

(RBF) was selected as the kernel function and quadratic programming

(QP) method was introduced to solve the optimization problem. All the

parameters were kept constant except for C (regulatory parameter) and s
(kernel width parameter). In the training process, C and s were optimized

(Guo et al., 2006). The fixed length feature vector was obtained using

dipeptide composition.

2.5 Genetic algorithm and partial least square

GA-PLS is a sophisticated hybrid approach that combines GA as a pow-

erful optimization method with PLS as a robust statistical method for

variable selection. GA is inspired by the biological concept of natural

selection and evolution. Just as the most fit organisms are most likely to

survive and be reproduced by crossover together with random mutations

of chromosomes in the surviving ones. In GA-PLS, the chromosome and

its fitness in the species correspond to a set of variables and internal

prediction of the derived PLS model, respectively (Hasegawa et al.,

1999). In this study, the GA-PLS programs were implemented using the

freely downloadable software package PLS_Genetic Algorithm Toolbox

Table 1. Indices introduced to evaluate the dipeptide composition-based

support vector machine method using jackknife test

Index Formula

Acc ðTPþ TNÞ=ðTPþ TN þ FPþ FNÞ
Sen TP=ðTPþ FNÞ
Sp TP=ðTPþ FPÞ

MCC ðTP � TN � FN � FPÞ
� ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðTPþ FNÞ � ðTPþ FPÞ�
ðTN þ FNÞ � ðTN þ FPÞ

s

Acc Total accuracy; Sen sensitivity; Sp specificity; MCC Matthews’s

correlation coefficient. TP (true positive) The number of observed positive

samples, predicted positive samples; TN (true negative) the number of

observed negative samples, predicted negative samples; FP (false pos-

itive) the number of observed negative samples, predicted positive sam-

ples; FN (false negative) the number of observed positive samples,

predicted negative samples
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written by Leardi (Leardi and Lupiá~nnez, 1998). The values of empirical

parameters affecting the performance of GA-PLS were defined as

Table 2 (Leardi, 2000). The exploration of possible variable combina-

tions was then done by PLS models. Selection of useful variables was

based on their frequency of occurrence in the best models obtained for

each program.

3. Results and discussion

3.1 Prediction procedure

Recently, Kumar et al. (2006) have developed dipeptide

composition-based method to predict mitochondrial pro-

teins and achieved sound accuracy. This work expects

to predict mitochondrial proteins with higher accuracy

while using as fewer dipeptide composition elements as

possible. GA is a powerful optimization method in selec-

ting the most relevant molecular descriptors for database

mining in biochemistry (Ros et al., 2002). Compared

with other optimization methods, the genetic algorithm

selects features themselves other than their assemblage.

This makes it possible to progress further study of pro-

tein structure and biological function on the base of these

selected dipeptides.

Since the GA is mainly a stochastic algorithm, the re-

sults of different GA applications can therefore be slightly

different. In order to get more consistent results, the GA

process needs to repeat many times to give a more reliable

model. In this particular work, GA process was finally re-

peated 500 times and the selection of useful variables was

based on their frequency of occurrence in the models with

the maximal C.V. % (Cross-validated explained variance)

obtained for each operation. The frequency was calculated

by Eq. (2). The frequency of each dipeptide composition

occurrence in GA-PLS model is listed in Table 3. Dipep-

tide compositions with higher frequency were considered

as more important in identifying mitochondrial proteins.

Figure 1 shows the number of dipeptide compositions with

a frequency above 70% in each 100 operations.

frequencyðiÞ

¼ the total number of dipðiÞ selected by GA-PLS

the times of operation using GA-PLS

ð2Þ

where i is the ith dipeptide out of 400 dipeptides.

It was observed that the number of common dipeptide

compositions with frequency above 90% and 80% sta-

bilized around 84 and 112, respectively; and the number

of common dipeptide compositions with frequency 100%

trended to 26 gradually. The number with other frequen-

cies also shows a similar phenomenon. So we utilized

these common dipeptide compositions as input to con-

struct the SVM models, respectively. The details are listed

in Table 4.

It was obvious that SVM model using 84 dipeptide

compositions (84-D) with frequency of 90% showed the

best performance with MCC of 0.6913. In order to vali-

date the importance of the 84 dipeptides, a comparison

was completed on the base of other 316 dipeptides.

Although the number of features (dipeptide compositions)

was far more than 84, the result showed worse perfor-

mance. The 26 dipeptides were considered as the most

important dipeptides. However, due to the fact that none

of them can represent significant information, more than

84 dipeptide compositions were needed for SVM-model

construction. We believe that in the further study, more

useful biological information on the base of these dipep-

tides will be found.

In order to explore the performance of the method in

detail, we further analyzed the result on the base of spe-

cies composed of the dataset, it observed that after feature

selection by GA, the accuracies of most species were

influenced a little, and the accuracy of fungus was even

greatly improved (Table 5). It proved that the 84 dipeptide

compositions were sufficient and efficient in identifying

mitochondrial proteins.

3.2 Comparison with other prediction methods

In comparison, we made our method compare with other

existing prediction methods using the same dataset with

a jackknife test; all prediction results are listed in Table 6.

The results depicted that the selected 84 dipeptide com-

positions (84-D) can identify mitochondrial proteins

from other proteins with reasonable accuracy of 0.85

and MCC of 0.69, respectively. MITOPRED showed the

Table 2. Parameters of the genetic algorithm (Leardi, 2000)

Population size: 30 chromosomes

On average, five variables per chromosome in the original population

Regression method: PLS

Response: cross-validated % explained variance (five deletion groups;

the number of components is determined by cross-validation)

Maximum number of variables selected in the same chromosome: 30

Probability of mutation: 1%

Maximum number of components: the optimal number

of components determined by cross-validation on the model

containing all the variables (not higher than 15)

Number of runs: 100

Backward elimination after every 100th evaluation and at the end

(if the number of evaluations is not a multiple of 100)

GA-PLS based method for predicting mitochondrial proteins 671



best performance with accuracy of 0.9568; MitoProt per-

formed marginally better than dipeptide composition-

based method. But our work remained high accuracy

without any biological relevant information. In practice,

not all the biological information can be easily attained.

Once such information absent, our method will be influ-

enced little. As the same as MITOPRED, MitoProt also

has some limitations: it can only predict the sequences

started by a methionine and the mature proteins which

cleaved the precursor or the long sequences can’t be

predicted, either. Moreover, the datasets of MITOPRED

and MitoProt may include part of our sequences, which

resulted in a better performance than this work. Consider-

ing this, the differences between MITOPRED, MitoProt

and this work will decrease. The discrete wavelet trans-

form method (Jiang et al., 2006), based on the sequence–

scale similarity measurement, does not rely on subcellular

locations information and can directly predict protein

sequences with different length. Although the perfor-

mance of specificity is relative higher, the accuracy is

poor. It is usually due to specific properties of mitochon-

drial protein that make it difficult to discriminate from

other proteins by just one method, or simply because

the number of proteins present in the mitochondrion is

Table 3. Frequency (%) of each dipeptide composition occurrence in GA-PLS model

A C D E F G H I K L M N P Q R S T V W Y

A 100 11 99 12 24 84 11 91 52 48 95 42 34 6.8 100 100 95 41 5.4 63

C 1.8 100 73 68 71 92 5.0 14 95 42 8.0 97 7.4 30 99 73 40 2.4 85 59

D 91 90 100 75 0.0 92 5.2 5.0 2.0 100 99 90 100 99 100 100 66 18 46 0.0

E 4.2 98 46 56 7.0 71 18 100 20 1.6 2.6 3.0 0.2 1.4 4.2 6.6 99 21 5.4 16

F 98 2.6 51 5.6 69 64 88 82 59 91 2.2 92 56 100 47 1.4 3.8 85 25 99

G 99 24 100 64 2.0 54 15 4.6 50 98 0.8 93 94 69 38 99 9.4 70 37 4.0

H 1.4 4.0 97 4.0 42 1.4 3.8 61 8.4 86 1.2 86 88 6.8 3.8 3.2 58 67 63 33

I 100 85 33 91 84 11 6.0 100 24 100 12 11 8.0 67 3.6 73 100 100 68 52

K 69 95 19 64 6.0 49 31 37 74 87 1.6 56 94 73 97 79 4.0 27 28 51

L 37 8.4 74 4.0 12 100 3.2 100 95 97 14 20 1.2 81 100 87 45 100 82 33

M 90 9.6 57 100 54 9.4 72 95 98 100 4.8 0.0 46 30 46 12 22 38 89 59

N 2.2 95 83 27 52 1.4 0.4 40 23 85 71 44 45 96 80 65 45 75 20 93

P 98 81 32 11 31 44 0.2 74 84 97 0.6 8.0 30 1.2 10 5.8 70 67 6.2 0.0

Q 1.8 1.0 42 31 6.0 0.0 91 12 99 0.0 28 0.0 56 50 12 0.2 20 64 6.8 2.0

R 99 0.6 2.4 0.4 1.0 42 1.2 32 91 21 1.0 6.0 89 0.0 1.6 54 47 0.0 0.0 32

S 95 6.4 100 5.6 2.0 38 2.4 6.0 72 44 35 86 0.8 0.6 5.0 17 93 93 26 11

T 21 99 0.2 17 32 19 99 84 29 95 0.6 49 34 98 89 96 27 65 89 0.0

V 99 61 95 7.8 1.0 17 0.8 95 2.8 97 64 26 100 46 24 0.0 1.2 71 0.0 34

W 49 0.0 0.2 65 70 27 3.2 4.6 100 1.8 67 40 0.2 86 34 68 2.4 6.8 8.4 83

Y 42 67 7.4 30 12 1.6 3.8 95 52 73 5.0 1.0 3.0 19 79 33 99 0.8 0.0 83

The shadow represented the most informative dipeptide compositions in identifying the mitochondrial proteins

672 F. Tan et al.



unmanageable (Cameron, et al., 2005). With the increase

of the exact experimental mitochondrial proteins, the per-

formance should also be improved significantly.

4. Conclusions

In this paper, GA-PLS and SVM methods based on dipep-

tide composition of proteins were developed to predict the

mitochondrial proteins. Traditionally, all the 400 dipeptides

are used as features for proteins prediction. This report

proclaims that not all the dipeptides are informative in

identifying proteins. The GA-PLS selects features them-

selves other than their assemblage, which makes it possi-

ble to progress further study of protein structure and bio-

logical function on the base of these selected dipeptides.

This work describes a statistical prediction method to dis-

tinguish mitochondrial proteins only using raw sequence

data. Therefore, it is helpful in annotating the mitochon-

drial proteins in the absence of experiment data. It is antic-

ipated that it can play a supplementary role to biochem-

ical experiments and help to provide insights in selecting

the peptides for drug discovery in further study.
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