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Abstract Membrane transporters are critical in living

cells. Therefore, the discrimination of the types of mem-

brane proteins based on their functions is of great impor-

tance both for helping genome annotation and providing a

supplementary role to experimental researchers to gain

insight into membrane proteins’ function. There are a lot of

computational methods to facilitate the identification of the

functional types of membrane proteins. However, in these

methods, the local sequence environment was not inte-

grated into the constructed model. In this study, we

described a new strategy to predict the functional types of

membrane proteins using a model based on auto covariance

and position-specific scoring matrix. The novelty of the

presented approach is considering the distribution of dif-

ferent positions of functional conservation sites in protein

sequences. Thereby, this model adequately takes into

account the long-range correlation between such sites

during sequential evolution. Fivefold cross-validation test

shows that this method greatly improves the prediction

accuracy and achieves an acceptable prediction accuracy of

87.51%. The result indicates that the current approach

might be an effective tool for predicting the functional

types of membrane proteins only using the primary

sequences. The code and dataset used in this article are

freely available at http://cic.scu.edu.cn/bioinformatics/

predict_membrane.zip.
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Introduction

As the most basic structural and functional unit of all living

organisms, a cell is ‘‘enveloped’’ by one or more mem-

branes, in which membrane proteins play a key role in the

cell membranes of both prokaryotic and eukaryotic

organisms, by executing biologically important functions

related to the cell membrane. These include transporting

ions and molecules into and out of cells, recognizing the

immune system and energy transducers and possessing a

characteristic of nature such as membrane adhesion, cata-

lytic activity and receptors of signal molecules. Membrane

transporters are proteins that span the lipid bilayer and

support basic biological processes in living cells by moving

essential nutrients and metabolites across cell and cellular

compartment boundaries, importing and exporting signal-

ing molecules to mediate intercellular communications by

maintaining physiological concentrations of metabolites

and ionic species, and preventing the accumulation of

toxins by virtue of transporters that function as toxin

pumps (Yan 2003). Transporters represent a large and

diverse group of proteins that differ in membrane topology,

energy coupling mechanism and substrate specificities

(Ren et al. 2007). Hence, membrane transport systems play

indispensable roles in the fundamental cellular functioning

and normal physiological processes of all organisms (Saier

2000).
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There are a lot of technologies to screen transporters and

determine their transport mechanisms. However, molecular

biology experiment is a time-consuming and difficult work

to determine their 3D structure with X-ray crystallography

or NMR spectroscopy. Especially, among tens of thousands

of proteins with known 3D structure, only a trivial pro-

portion has yielded 3D structural information about trans-

port systems (Kuhlbrandt and Wang 1994). Whereas the

information about topology structure of transporters is

of great significance in both basic research and drug dis-

covery, so a series of automatic computational methods

had been developed to identify and classify transporters

effectively.

It is a fundamental view that two proteins shown

homologous can be expected to exhibit strikingly similar

3D structures (Doolittle 1986). In recent years, there is a

huge appearance of studies regarding the field of discrim-

inating membrane proteins using bioinformatics technol-

ogy. Several statistical prediction methods had been

proposed (Chou and Elrod 1999; Gromiha and Suwa 2005;

Cai and Chou 2006; Diao et al. 2008), using hidden Mar-

kov model (Martelli et al. 2002; Bagos et al. 2004), fuzzy

K-NN method (Shen et al. 2006) and other machine

learning techniques (Cai et al. 2003; Wang et al. 2004;

Shen and Chou 2005, 2007; Gromiha and Yabuki 2008).

However, the prediction of membrane proteins based on

their functions has not received enough attention in the

existing studies (Gromiha and Yabuki 2008). So far only a

few studies in this field have used protein sequences

information or evolution information. Recently, Gromiha

has applied amino acid composition and occurrence into

functional discrimination of membrane proteins. In their

study, the neural network for discriminating the channels/

pores, electrochemical potential-driven transporters and

active transporters achieved the highest accuracy (64%)

with amino acid composition among different machine

learning algorithms. The application of amino acid occur-

rence improved the accuracy to 68% (Gromiha and Yabuki

2008). In addition, there are two articles emphasized on

sequential evolution information. IAMPC developed by Pu

was composed of five modules. Module 1–module 4

extracted a particular feature from PSSM and module 5

extracted features from protein sequence. The accuracy of

each module was 88.2, 91.3, 90.5, 89.4 and 86.6%,

respectively (Pu et al. 2007). MemType-2L developed by

Chou was a prediction engine with which a query protein

can be identified as membrane or non-membrane protein.

Once a protein was identified as membrane protein, the

engine would further identify its type among the membrane

proteins. The evolution information was incorporated in

this method by representing the protein samples with the

Pse-PSSM. The overall accuracy of discriminating mem-

brane protein types by the jackknife test was reported to be

85% (Chou and Shen 2007a, b). By virtue of the close

correlation between function and structure, as reported in

literature (Bartlett et al. 2002), there are a lot of conser-

vation residues with similar function in the vicinity of the

3D structure of functional sites. These conservation resi-

dues play an important role in maintaining the structural

integrity of the protein. Yet, these adjacent positions in 3D

structure may span a certain distance in primary structure

of a protein. Owing to the knowledge of protein finger-

printing, it is well recognized that exiguous local envi-

ronment information of amino acids often plays crucial

roles in identifying protein function. However, few works

have tried to explore the relationship between sequential

evolution information and the local sequence-order effects

for predicting the functional types of membrane proteins.

In view of the above-mentioned reasons and on the

purpose of further improving the prediction performance

on functional discrimination of membrane proteins, we

proposed a new PSIAC model based on Position-specific

scoring matrix (PSSM) and auto covariance (AC). Firstly,

sequential evolution information on the inquired sequences

was obtained by PSI-BLAST. Secondly, the obtained

PSSM was further applied AC transformation to incorpo-

rate local sequence-order effects between an amino acid

and its neighbor (both in 3D structure and primary struc-

ture). Finally, Support vector machine (SVM) was applied

with fivefold cross-validation. The flowchart of the exper-

iment is described in Fig. 1. The overall accuracy is

87.51% (when using three-state classification method, the

obtained accuracy is 82.21%). The sensitivities of correctly

identifying channels/pores, electrochemical and active

transporters are 0.897, 0.955 and 0.797, respectively, and

the specificities are 0.878, 0.924 and 0.864, respectively.

Materials and methods

Data sets

Here, we manually compiled our dataset as channels/pores,

electrochemical transporters and active transporters from

the TCDB website (Saier et al. 2006) in January 2008.

The IUBMB endorsed transporter classification database

(TCDB) where the classification of families is based on their

phylogeny, transport mode, energy coupling mechanism,

and substrate specificity (Li et al. 2008). The TCDB contains

seven groups of transporters in which three groups include

few data for model construction and one is for incompletely

characterized proteins (Gromiha and Yabuki 2008). Hence,

we have excluded these four groups and focused on the three

major transporters, namely channels/pores, electrochemical

and active transporters. They contain 910, 1219 and 1697

proteins, respectively. To get rid of redundancy and
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homology bias, we have removed the redundant sequences

using BLASTCLUST program (Altschul et al. 1997) so that

the mutual identity in the dataset was less than 25% (Chou

and Shen 2007a, b; Chou 2004). Moreover, the protein

fragments with less than 50 amino acids and the sequences

containing ambiguous residues such as X, B and Z were

screened out. After filtering, a total of 2,373 proteins were

left, which include 662 channels/pores, 670 electrochemical

and 1,041 active transporters.

On the basis of the membrane protein dataset, two

working datasets were constructed. The independent test-

ing dataset contains 186 proteins by randomly extracting

from our dataset proteins, of which 52 are channels/pores,

48 electrochemical transporters and 86 active transporters.

The remaining 2,187 proteins were used as the training

dataset (used for model construction with fivefold cross-

validation), of which 610 are channels/pores, 622 electro-

chemical transporters and 955 active transporters. None of

the 186 entries in the independent dataset occurs in the

training dataset of the 2,187 entries.

Position-specific scoring matrix

Position-Specific Iterated BLAST (PSI-BLAST) is a strong

measure of residue conservation in a given location and

much more sensitive sequence comparison based on a

gapped BLAST (Altschul et al. 1997). It is able to detect

distant homologs and represent evolution information of a

protein sequence. Position-specific scoring matrix is a

matrix that consists of a 20-dimensional vector got by

PSI-BLAST and represents the probabilities of conserva-

tion against mutations to 20 different amino acids for all

residues in a given sequence. If a residue is conserved

through cycles of PSI-BLAST, it is likely to be a biological

function domain (Ahmad and Sarai 2005). This method has

been widely used in membrane protein types prediction (Pu

et al. 2007; Chou and Shen 2007a, b), protein secondary

structure prediction (Jones 1999; Kaur and Raghava 2003),

subcellular localization (Xie et al. 2005), and other bioin-

formatics problems.

To gain PSSM, each sequence in the constructed dataset

was processed to search the homologous sequences against

the Swiss-Prot database (version56, released on 22 July,

2008) using the PSI-BLAST with parameters e value of

0.001 and 3 iteration. The generated matrix includes

L 9 20 elements, where L is the length of the query

sequence. Each element represents the frequency of the

occurrence of each 20 amino acids when it was mutated to

the others at one position during the evolution process.

Auto covariance

In this study, to avoid loss of the local sequence-order

information, AC variables were applied to each column of

PSSM. In view of the fact that SVM requires the fixed

length feature vectors as their inputs for training, AC was

employed to transform these digital vectors into equal

length matrices. As a powerful statistical tool published by

Wold et al. (1993), it has been widely applied to the field of

bioinformatics (Guo et al. 2006a, b; Wen et al. 2007; Fang

et al. 2007; Doytchinova and Flower 2007). Auto covari-

ance is a correlation factor coupling adjacent residues

along a protein chain, which is a kind of variant of auto

cross covariance (ACC). Compared with the other vari-

ables such as cross covariance (CC), AC variables are able

to avoid producing too many variants, and have also been

proved to be the most important components in ACC

variables by our previous work (Guo et al. 2008). In sta-

tistics, AC is simply the covariance of the signal against a

time-shifted version of itself. For protein sequence, it is the

covariance of residues against those with certain distance

apart along protein sequence. Here, AC variables were

used to describe the average correlation between positions

with a series of lag (i.e., the residue number when applied

to protein sequences) apart throughout the protein sequence

P. The AC can be calculated by

AClag;j ¼ 1

n� lag

Xn�lag

i¼1

ðPi;j � 1

n

Xn

i¼1

Pi;jÞ

� ðPðiþlagÞ;j �
1

n

Xn

i¼1

Pi;jÞ ð1Þ

with

Input a transporter sequence P

Generate PSSM descriptors for P Swiss-Prot

lg1

Construct SVM classifier

Prediction

Training dataset

…

PSI-Blast

Numerical converting
(PSIAC substitution model)

lg10 lg50

The optional lg

Fig. 1 Flowchart of the entire prediction system
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D ¼ lg� q lg ¼ Max lag k lag ¼ 1; 2; . . .; lgf g ð2Þ

where lag denotes the distance between one residue and its

neighbors, j represents one descriptor, i is the position and n

is the length of the sequence. Due to the length of the shortest

sequence (50 amino acids) in our dataset, the lg corre-

sponding to the maximum lag should be smaller than 50. In

terms of the AC descriptor (Eqs. 1, 2), a protein sequence P

was represented by a vector of AC variables, which equals to

the value of D. Here, the number of descriptors q equals to 20

(namely the dimensionality of PSSM scores), the optimal lg

(lg = 10) is adopted in this study by the reasons given in

‘‘Discussion’’. So the number of AC variables equals to 200

(D = 20 9 10). Ultimately, each protein sequence was

characterized by the PSIAC model, which consists of 200-D

(dimensional) AC variables.

Support vector machine

Support vector machine, based on the structural risk min-

imization principle from statistical learning theory algo-

rithm, had been detailedly described in the literature

(Vapnik 1998). Here, we used the software libsvm 2.86

(http://www.csie.ntu.edu.tw/*cjlin/libsvm/) to construct

the classification model for functional discrimination of

membrane protein types. Facilitating the analysis on the

capability of our model on discriminating each class, a ‘one

versus rest’ method (Hua and Sun 2001) was adopted. In

the work, the channels/pores were defined as positive

samples (labeled as ?1) and the rest two kinds were

defined as negative samples (labeled as -1), etc. Besides,

to facilitate comparison with other methods, we also used

three-state classification method. A radial basis function

(RBF) was chosen as the kernel function, and an easy

search method was employed to optimize the regularization

parameter C and the kernel width parameter c.

Performance evaluation

A statistical prediction method is widely developed by

jackknife test and k-fold cross-validation (Chou and Zhang

1995). The former is deemed more rigorous and objective

in a series of papers (Tan et al. 2006; Guo et al. 2006a, b;

Liu et al. 2005; Liu and Chou 1999). Considering the size

of our dataset, the jackknife test would be time-consuming,

so fivefold cross-validation was used in this work. The

dataset was randomly divided into five subsets. Each was

singled out in turn as a testing set and the remaining four

were used for training the classifier. The process was

repeated for five times and the final prediction result was

the average accuracy of the five testing sets. (The accuracy

for each testing sets was then averaged as the final pre-

diction result.)

TP, TN, FP, and FN are the number of true positives,

true negatives, false positives and false negatives, respec-

tively. The performance of SVM classification can be

measured by sensitivity, specificity, accuracy and MCC

(Matthews 1975). The term ‘sensitivity’ shows the correct

prediction of specific transporters and ‘specificity’ about

the negative samples. Accuracy is the total accurate rate of

the predictions. MCC accounts for both over- and under-

predictions. These parameters can be calculated by fol-

lowing equations:

Sensitivity ¼ TP

TPþ FN
Specificity ¼ TN

TNþ FP

Accuracy ¼ TPþ TN

TPþ FNþ TNþ FP
� 100%

MCC

¼ TP�TN� FP� FNffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðTPþ FPÞ � ðTPþ FNÞ � ðTNþ FNÞ � ðTNþ FPÞ

p :

Results and discussion

Selecting the optimal lg

As mentioned above, the maximal possible lg must be

smaller than the length of the shortest sequence (50 resi-

dues) in the dataset, and the parameter lg represents the

maximum distance between two considered positions in the

sequence. Therefore, optimal value lg usually varies in

different data sets. In our paper, in order to achieve the

optimum characterization of the protein sequences, a series

of lgs were investigated (lg = 1, 5, 10, 15, 20, 25, 30, 35,

40, 45, 50). The results are shown in Fig. 2. As can be

observed from the curve, the overall accuracy increases

when lg increases from 1 to 10, and then decreases when lg

larger than 10. However, it slightly rebound when lg is 35,

and then gradually reduces as lg increasing from 35 to 50.

This fluctuation may be originated from the diversity and

complexity of protein sequence and spatial structure.

It is obviously seen that the optimal lg is 10, corre-

sponding to a peak with an overall accuracy of 87.51%.

The observed result is in line with the viewpoint that the

positions of adjacent conservation residues in 3D structure

may span a certain distance in primary structure of a pro-

tein. Moreover, it proves the importance of the local

environment information of amino acids.

The performance for discriminating channels/pores,

electrochemical and active transporters was evaluated by

fivefold cross-validation and presented in Table 1. It can be

observed that electrochemical transporters are well distin-

guished from other two classes of transporters, with the
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best sensitivity, specificity, MCC and accuracy, which are

0.955, 0.924, 0.825 and 93.08%, respectively. They are

0.897, 0.878, 0.700 and 88.19% for channels/pores, and

0.797, 0.864, 0.663 and 83.45% for active transporters.

This might be due to the fact that electrochemical trans-

porters can be better characterized using our method.

Comparison with simple PSI-BLAST search

and other prediction methods

In order to highlight the advantage of our model, we ana-

lyzed the prediction capability using only PSSM. Because

the proteins with different lengths will correspond to row-

different matrices based on PSI-BLAST, here, Chou’s

method was used to generate a size-uniform matrix (Chou

and Shen 2007a, b). The result is listed in Table 2. The

size-uniform process roughly handled the PSSM scores

without the consideration of correlation between different

positions, so this method obtained the accuracy of only

60.91% in discriminating channels/pores, electrochemical

and active transporters. It well proved the importance of

the local sequence-order effects. In addition, we also

performed the comparison of PSIAC module developed in

this study with two other existing methods using amino

acid composition and amino acid occurrence. For the sake

of a fair comparison, the same dataset was employed

to construct models. In Table 2, we observed that the

obtained accuracy was 70.55% using amino acid compo-

sition and the application of amino acid occurrence

improved the accuracy to 73.48%. Our method achieved

the highest accuracy of 82.21%. The results demonstrated

that the performance of our method is superior to the

simple PSI-BLAST programmer search. It is revealed that

the incorporation of evolution correlation between different

positions do help to identify functional type of membrane

proteins.

Performance on the independent testing dataset

In order to demonstrate and evaluate the practical predic-

tion capability of our model, it was also tested by the

aforementioned independent dataset. Here, we focus on the

comparison of encoding strategies rather than algorithms,

so SVM was used for all of the methods. The corre-

sponding accuracy is listed in Table 2. It can be shown

from Table 2, compared with those results gained by other

methods, that the accuracy obtained by our method was

84.95% which has been significantly improved. It is con-

sistent with our hypothesis that the model performance

should be significantly improved by integrating local

sequence environment.

Conclusions

Traditionally, the previous methods with only sequential

information did not consider the local environment of

proteins. In this study, AC was applied to PSSM. So, an

inquiry protein sequence can be characterized by the

sequential evolution information and the local sequence-

order effects between each position and its 10 sequential

vicinal positions, which adequately reflected the protein

Fig. 2 The overall accuracy of the method with AC of different lgs

Table 1 Performance of our method in discriminating channels/pores, electrochemical and active transporters using fivefold cross-validation

test

Membrane types No. of sequences Correct hit Accuracy (%) Sensitivity Specificity MCC Overall accuracy

(%)

Channels/pores 610 538 88.19 0.897 0.878 0.700 –

Electrochemical transporters 622 579 93.08 0.955 0.924 0.825 –

Active transporters 955 797 83.45 0.797 0.864 0.663 –

Total 2,187 1,914 – – – – 87.51

Here, we used ‘one versus rest’ method. For example, the channels/pores were defined as positive samples while the rest two kinds were defined

as negative samples, etc.

PSSM–AC-based method for functional discriminating membrane proteins 1501
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local environment during evolution. Therefore, it is

expected that this method could be effectively used to

discriminate different classes of transporters in the absence

of experimental structure data. Furthermore, we believe

that the application sphere of our model is not limited to

this field, and it can be extended to other biological prob-

lems such as the identification of enzyme functions, even

the location of functional sites, which have been proved

closely correlated with local environment around active

sites.
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