
ORIGINAL ARTICLE

An ensemble of support vector machines for predicting
the membrane protein type directly from the amino acid sequence

Loris Nanni Æ Alessandra Lumini

Received: 21 January 2008 / Accepted: 26 February 2008 / Published online: 22 April 2008

� Springer-Verlag 2008

Abstract Given a particular membrane protein, it is very

important to know which membrane type it belongs to

because this kind of information can provide clues for

better understanding its function. In this work, we propose

a system for predicting the membrane protein type directly

from the amino acid sequence. The feature extraction step

is based on an encoding technique that combines the

physicochemical amino acid properties with the residue

couple model. The residue couple model is a method

inspired by Chou’s quasi-sequence-order model that

extracts the features by utilizing the sequence order effect

indirectly. A set of support vector machines, each trained

using a different physicochemical amino acid property

combined with the residue couple model, are combined by

vote rule. The success rate obtained by our system on a

difficult dataset, where the sequences in a given membrane

type have a low sequence identity to any other proteins of

the same membrane type, are quite high, indicating that the

proposed method, where the features are extracted directly

from the amino acid sequence, is a feasible system for

predicting the membrane protein type.
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Introduction

The function of a membrane protein is closely related to

the type it belongs to (Chou and Elrod 1999a; Lodish et al.

1995). It is very interesting to note that 20–35% of genes

encode membrane proteins, but only 1% of proteins whose

three-dimensional structure is known are membrane pro-

teins (Douglass et al. 2007). Unfortunately, it is expensive

to experimentally identify the membrane type of a mem-

brane protein; for this reason it is very important to develop

a fast and reliable method for predicting the membrane

protein type. Many membrane proteins are important tar-

gets for drug discovery (see e.g, Doyle et al. 1998; Chou

2004; Schnell and Chou 2008). In view of this, a fast and

reliable method for predicting the membrane protein type is

highly desired. In particular, the membrane proteins can

move around the cell membrane, and hence knowing the

type of a membrane protein can provide insight into this

kind of motion (Chou and Shen 2007c).

In the last few years some membrane type prediction

methods have been proposed in the literature (Liu et al.

2005; Pu et al. 2007; Shen et al. 2007a; Wang et al. 2004).

The main drawback of these methods is that small datasets

(five classes) without rigorous screened by a data-culling

operation to avoid redundancy (Chou and Shen 2007c)

have been used to validate the proposed methods.

In Chou and Shen (2007c), an ensemble of optimized

evidence-theoretic k-nearest neighbor classifiers was pro-

posed to predict the membrane proteins and their types. To

extract the features from a given protein, a method that

considers the evolution information of the protein is pro-

posed. The pseudo–amino acid composition (Chou 2005)

was adopted to extract the features from the position-spe-

cific scoring matrix (Mundra et al. 2007). The ensemble of

classifiers is built, perturbing both the feature set and the
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parameter of the classifier. Notice that the method proposed

in Chou and Shen (2007c), named MemType-2L, is a two-

layer predictor: the first layer recognizes a protein as

membrane or non-membrane; the second layer identifies

the membrane type of the membrane proteins. Another

interesting contribution of Chou and Shen (2007c) is that

the authors collect a benchmark dataset of eight categories,

and a redundancy cut-off was used to avoid redundancy

among the sequences that belong to the dataset.

The eight categories of the proposed dataset are (1) type

I, (2) type II, (3) type III, and (4) type IV transmembranes,

(5) multipass transmembrane, (6) lipid-chain-anchored

membrane, (7) GPI-anchored membrane, and (8) peripheral

membrane. Please refer to Cedano et al. (1997) and Chou

and Shen (2007c) for a detailed description of these

categories.

The prediction of the membrane protein type is a

problem of subcellular localization. In the literature, sev-

eral subcellular localizers, mainly based on analysis of the

amino acid sequence, are proposed (Cai et al. 2000, 2002;

Cedano et al. 1997; Chou 2000, 2001; Chou and Cai 2002,

2003, 2004a, b, 2005; Chou and Elrod 1998, 1999a, b;

Chou and Shen 2006; Nakai and Horton 1999; Nakai and

Kanehisa 1992; Yuan 1999; Nanni and Lumini 2008) as

well relevant references are cited in a recent review article

(Chou and Shen 2007d). Moreover, recently some web-

servers for predicting protein subcellular localization with

both single and multiple sites have been established (Chou

and Shen 2007a, 2008; Shen and Chou 2007a).

In the literature on the membrane-protein-type predic-

tion systems, it has been shown that the methods in which

the features are directly extracted from the amino acid

sequence do not perform as well as the feature extraction

methods based on the position-specific scoring matrix

(Chou and Shen 2007c; Pu et al. 2007). In this paper, we

deal with the membrane-protein-type prediction problem

using an ensemble of support vector machines trained

using features extracted directly from the amino acid

sequence. We show that the ensemble of classifiers, where

each classifier is trained considering a different physico-

chemical property, outperforms the standard method based

on the residue couple model and that our idea partially fills

the performance gap between the feature extraction meth-

ods based on the amino acid sequence and the feature

extraction methods based on the position-specific scoring

matrix. Since there are hundreds of physicochemical

properties, a physicochemical property selection is per-

formed by sequential forward floating selection (Nanni and

Lumini 2006a, b), where the objective function is the

minimization of the error rate in the training set. Notice

that all the parameters of the proposed method are calcu-

lated on the training set, then the performance is calculated

on an independent set.

Materials and methods

In this paper the same dataset used in Chou and Shen (2007c)

is used to assess the performance of the proposed method.

The protein sequences were collected from the Swiss-Prot

database (http://www.ebi.ac.uk/swissprot/; version 51.0

released on 6 October 2006). The proteins that contain fewer

than 50 amino acid residues were excluded; moreover, in

contrast to the previous membrane type datasets, several

categories (eight) are considered. To avoid redundancy

among the data, the proteins were screened strictly by a cut-

off procedure based on the sequence identity among proteins

of the same type. In this paper, we use the training set to find

the parameters of the proposed method and for training the

classifiers, then we use an independent set to validate our

results. The number of membrane proteins in each of the

eight types is reported in Table 1.

In this work, we extend the quasi-residue couple model

proposed in Nanni (2006), and we study the performance of

the combination of the residue couple model with each of

the physicochemical properties obtained in the amino acid

index database1 (Kawashima and Kanehisa 2000) (avail-

able at http://www.genome.jp/dbget/aaindex.html).

An amino acid index is a set of 20 numerical values

representing any of the different physicochemical proper-

ties of the amino acids (Nanni and Lumini 2006a, b).

The extraction of the quasi-residue couple features2 for a

physicochemical property d from a given protein is

obtained as:

P1m
i;j ¼ 1= L�mð Þð Þ �

X
n¼1:L�m

H1i;j n; nþm; dð Þ
h i

ð1Þ

P2m
i;j ¼ 1= L�mð Þð Þ �

X
n¼1:L�m

H2i;j n; nþm; dð Þ
h i

ð2Þ

where the values of i and j range from 1 to 20 representing

the 20 different amino acids; H1i,j(n,n+m,d) = index(i,d) if

Table 1 Number of membrane proteins in each of the eight types

Type Training set Independent set

Single-pass type I 610 444

Single-pass type II 312 78

Single-pass type III 24 6

Single-pass type IV 44 12

Multipass 1,316 3,265

Lipid-chain anchor 151 38

GPI anchor 182 46

Peripheral 610 444

Overall 3,249 4,333

1 This database currently contains 544 such indices and 94 substi-

tution matrices.
2 To avoid any problem in the re-implementation of the method, the

Matlab code is available in the Appendix of this paper.
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the amino acid in location n is i and the one in location

n+m is j, otherwise H1i,j(n,n+m,d) = 0; H2i,j(n,n+m,d)

= index(j,d) if the amino acid in location n is i and the one

in location n+m is j, otherwise H2i,j(n,n+m,d) = 0; L is the

length of the protein sequence; index(p,d) is the function

returning the value of the physicochemical property p of

the amino-acid d; the parameter m is called the rank of the

residue couple model. The vector that describes a given

protein is given by the concatenation of P1 and P2. In this

paper, we extract the features using the first three ranks

(i.e., m range from 1 to 3); in this way, the final vector is

2,400-dimensional.

For each physicochemical property, a different support

vector machine is trained. Among these hundreds of

physicochemical properties, a small set is selected by

running the sequential forward floating selection3 (SFFS)

[as in Nanni and Lumini (2006a, b)], where the objective

function is the minimization of the error rate in the training

set. The support vector machine is a machine learning

algorithm based on statistical learning theory that was

introduced by Vapnik (Cristianini and Shawe-Taylor

2000). It searches for an optimal separating hyperplane that

maximizes the margin in feature space.

In Fig. 1 our system is detailed.

In Fig. 2 we show an example of feature extraction

where the Alpha-CH chemical-shifts property is used.

Experimental results

In this work we have used the dataset described in Chou

and Shen (2007c), and the error rate in percentage is used

as a parameter to evaluate the proposed system.

In Fig. 3, we report the error rate, obtained by a five-fold

cross-validation on the training set, varying the number K

of physicochemical properties selected by SFFS. In statis-

tical prediction, the subsampling (such as fivefold or

tenfold cross-validation) test and jackknife test are two

cross-validation methods often used in the literature for

examining the accuracy of a predictor (Chou and Zhang

1995). Because there are too many ways to sub-sample a

given dataset (Chou and Shen 2007b), only the jackknife

test can yield an objective unique result for a given

benchmark dataset (Chou and Shen 2008). Accordingly,

the jackknife test has been increasingly and widely adopted

by investigators to test the power of various predictors

(Cao et al. 2006; Chen et al. 2006a, b, 2007; Chen and Li

2007; Diao et al. 2007a, b; Ding et al. 2007; Du and Li

2006; Fang et al. 2007; Gao and Wang 2006; Gao et al.

2005a, b; Guo et al. 2006a, b; Huang and Li 2004;

Jahandideh et al. 2007; Kedarisetti et al. 2006; Li and Li

2007; Lin and Li 2007a, b; Liu et al. 2007; Mondal et al.

2006; Mundra et al. 2007; Nanni and Lumini 2008a, b; Niu

et al. 2006; Pugalenthi et al. 2007; Shen and Chou 2007a,

b; Shen et al. 2007; Shi et al. 2007a, b; Sun and Huang

2006; Tan et al. 2007; Wang et al. 2005; Wen et al. 2007;

Xiao and Chou 2007; Xiao et al. 2005, 2006; Zhang et al.

2006a, 2007; Zhang and Ding 2007; Zhang et al. 2006b;

Zhou 1998; Zhou and Assa-Munt 2001; Zhou and Doctor

2003; Zhou et al. 2007a, b). However, since it would take

too much computational time to perform the jackknife test

(particularly by SVM), as a compromise here we used the

fivefold cross-validation to test our method.

We test two different classifiers: linear support vector

machine (LSVM) and radial basis function support vector

machine (RSVM)4. Before the classification, the features

are linearly normalized between 0 and 1. The best perfor-

mance was obtained by RSVM with K = 13.

In Table 2, we report performance with the independent

dataset using the 13 physicochemical properties selected by

SFFS in the training set. With VOTE, we included the

fusion-by-vote rule5 among the classifiers trained using the

13 physicochemical properties. With NO, we named the

RSVM trained by our feature extraction where the value of

the physicochemical property for each amino-acid was not

considered, as in the standard residue couple model (Pu

et al. 2007) (i.e., H1i,j(n,n+m) = 1 if the amino acid in

location n is i and the one in location n+m is j, otherwise

Training
Proteins

To combine residue couple 
method with the 1-st
physicochemical property 

To combine residue couple 
method with the k-th
physicochemical property

……………………………
SFFS for selecting a 
set of physicochemical 
properties

Ensemble of support 
vector machines 

Fig. 1 System proposed

3 Implemented as in the PRTools 3.1.7 Matlab toolbox.

4 The support vector machine is implemented as in the OSU svm

Matlab toolbox; the parameters of RSVM are C = 0.1 and

gamma = 100.
5 In the vote rule, all votes from the classifiers are tallied, and the

class with the most votes represents the final prediction (Nanni and

Lumini 2006c).
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H1 = 0; H2i,j(n,n+m) = 1 if the amino acid in location n is

i and the one in location n+m is j, otherwise H2 = 0).

From Table 2, it is clear that the ensemble reduces the

error rate by 20% with respect to the error rate obtained by

the standard stand-alone method (i.e., the method named

NO in that table). Notice that the best property obtains an

error rate of 10% (the ensemble obtains an error rate of

10.2%), unfortunately it is not possible to understand the

good behavior of that property using only the training data

(the best property of the training data obtains an error rate

of 11.5% on the independent dataset).

The main drawback of the proposed system is the high

dimensionality of the feature vector (2,400-dimensional). To

reduce the dimensions of the feature vector, we have modi-

fied the feature extraction method in the following way:

P1m
i;j¼ 1 L�mð Þð Þ
�
X

n¼1:L�m
H1i;j n;nþm;dð ÞþH2i;j n;nþm;dð Þ
� �h i

ð3Þ

Each protein is represented only using P1. In this way we

have a feature vector of 1,200 elements. We named this

feature extraction method the short quasi-residue couple.

We also ran the SFFS selection using the short quasi-res-

idue couple method.

In Table 3, the performance obtained in each class is

reported. In this table we compare the performance of the

proposed systems with the state-of-art [i.e., the MemType-

2L system proposed in Chou and Shen (2007c)]. ENS1 is

the ensemble based on the quasi-residue couple method,

and ENS2 is the ensemble based on the short quasi-residue

couple method. Moreover, for ENS2 we report

ENS2-BORDA6 as well as the performance obtained by

d= “R” d= “N” 

4.38 4.75

Amino Acids d of 
the Protein: 

Value index(p,d) for 
the property p of the 
amino-acid d:

Alpha-CH chemical shifts: 

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

  4.35 4.38 4.75 4.76 4.65 4.37 4.29 3.97 4.63 3.95 4.17 4.36 4.52 4.66 4.44 4.50 4.35 4.70 4.60 3.95

Protein= R N R C C C

(4.38+4.38)/3=2.92

Amino Acids: 

P13
R,C

d= “C” 

4.65

(4.65+4.65)/3=3.1P23
R,C

Fig. 2 Example of feature

extraction (with m = 3)

19
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21.5

22
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23

23.5

24

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

RSVM

LSVM

K=

Error Rate

Fig. 3 Error rate in percentage obtained by varying the number K of

physicochemical properties selected by SFFS

Table 2 Performance with the independent dataset

Physicochemical property Ensemble

(%)

Average relative fractional occurrence in AL(i-1) 11.5

Transfer energy, organic solvent/water 10

Average non-bonded energy per atom 13.1

Short- and medium-range non-bonded energy per

atom

13.1

Average relative fractional occurrence in AL(i) 11.4

A parameter of charge transfer donor capability 11.4

Net charge 21.7

Weights for alpha-helix at the window position of –2 10.8

Long-range non-bonded energy per atom 13.1

Average non-bonded energy per residue 12.4

Number of full nonbonding orbitals 12.9

Partition coefficient 13.1

The number of atoms in the side chain labelled 1 + 1 11.1

VOTE 10.2

NO 12

6 The properties selected for ENS2-BORDA are normalized hydro-

phobicity scales for alpha/beta-proteins, a parameter of charge

transfer capability, short- and medium-range non-bonded energy per

residue, hydrophobicity factor, net charge, free energy of solution in

water (kcal/mole), long-range non-bonded energy per atom, partition

coefficient, hydropathy index, transfer free energy, average non-

bonded energy per atom, weights for beta-sheet at the window

position of -1, positive charge, transfer energy, organic solvent/

water, weights for alpha-helix at the window position of -2, direction

of hydrophobic moment.

576 Amino Acids (2008) 35:573–580

123



combining the classifiers using the Borda Count7 (Nanni

and Lumini 2006c).

The MemType-2L did outperform our system, but we

want to stress that MemType-2L extracts the features

considering the evolution information of the proteins. The

aim of our work is to show how an ensemble of classifiers

can improve the performance of a method based on the

features extracted directly from the amino-acid sequence.

Notice that Pu et al. (2007) show that the features extracted

from the amino-acid sequence and from the evolution

information of the proteins are partially complementary

and that this property can be used for building a multi-

classifier.

Moreover, several improvements of the system (e.g., a

grid search for the parameters of the support vector

machine, different ways to combine the physicochemical

properties with the residue couple model, different methods

to combine the classifiers of the ensemble) could improve

the performance.

As further comparison we report the error rate on the

independent set obtained by two well-known systems: from

Chou and Shen (2007c), least Euclidean distance 38.6%;

from Cedano et al. (1997), ProtLoc 62.8%. From these

results, it is clear that the proposed method obtains a very

low error rate with a very difficult dataset.

Conclusions

In this paper, we propose a new algorithm that uses the

residue couple model in conjunction with the

physicochemical properties to obtain a novel method for

predicting the membrane protein type directly from the

amino acid sequence. A reduced set of classifiers—radial

basis function support vector machines—are selected by

running the sequential forward floating selection, where the

objective function is the minimization of the error rate in

the training set.

The validity of the novel approach is proved by com-

parison with other state-of-the-art methods using the tested

problem.

Appendix: Matlab code of the quasi residue couple

The following function implements the base feature

extraction method as detailed in Materials and methods.

function X=QRcouple(seq,m,P) 
alfabeto=['A' 'R' 'N' 'D' 'C' 'Q' 'E' 'G' 'H' 'I' 'L' 'K' 'M' 'F' 'P' 'S' 'T' 'W' 'Y' 'V']; 
%seq is a given protein 
%P is the property 
N=size(seq,2);
t=1;
for ii=1:m 

for i=1:20 
for j=1:20 

            X(t)=0; 
            X(t+1)=0; 

for n=1:N-ii 
if seq(n)==alfabeto(i) & seq(n+ii)==alfabeto(j)

                    X(t)=X(t)+P(i); 
                    X(t+1)=X(t+1)+P(j); 

end
end
if X(t)>0 

                X(t:t+1)=X(t:t+1).*(1/(N-ii)); 
end

            t=t+2; 
end

end
end

The following function implements the short quasi residue couple method: 

function X=QRcouple(seq,m,P) 
alfabeto=['A' 'R' 'N' 'D' 'C' 'Q' 'E' 'G' 'H' 'I' 'L' 'K' 'M' 'F' 'P' 'S' 'T' 'W' 'Y' 'V']; 
N=size(seq,2);
t=1;
for ii=1:m 

for i=1:20 
for j=1:20 

            X(t)=0; 
for n=1:N-ii 

if seq(n)==alfabeto(i) & seq(n+ii)==alfabeto(j)
                    X(t)=X(t)+P(i)+P(j); 

end
end
if X(t)>0 

                X(t)=X(t).*(1/(N-ii)); 
end

            t=t+1; 
end

end
end

Table 3 Error rate obtained in each class

Type ENS1

(%)

ENS2

(%)

ENS2-BORDA

(%)

MemType-

2L (%)

Single-pass type I 8.3 9.2 10.3 13.1

Single-pass type II 37.2 29.4 25.6 29.5

Single-pass type III 100 83.3 83.3 66.7

Single-pass type IV 66.7 58.3 66.6 32.3

Multipass 7.2 7.3 6.2 5.0

Lipid-chain anchor 68.4 65.8 60.5 57.9

GPI anchor 37 39.1 32.6 23.9

Peripheral 17.1 17.1 16.2 17.8

Overall 10.2 10 9 8.4

7 Borda Count is defined as a mapping from a set of individual

rankings to a combined ranking leading to the most relevant decision.

Each class gets one point for each last place vote received, two points

for each next-to-last point vote, etc., all the way up to M points for

each first place vote (where M is the number of candidates/

alternatives).
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the following code is the main of our program: 

RAN(4333,8)=0;

for ii=1:16 
    QRCtraining(3249,1200)=0; 
    QRCtesting(4333,1200)=0; 

for j=1:size(TR,2) 
        QRCtraining(j,:)=single(QRcouple2(char(TR{j}),3,MM(F(ii),:))); 

end
for j=1:size(TE,2) 

        QRCtesting(j,:)=single(QRcouple2(char(TE{j}),3,MM(F(ii),:))); 

end
    %MM stores the properties, F are the selected properties 

    massimo=max(QRCtraining)+0.00001; 
    minimo=min(QRCtesting); 
    training=[]; 
    testing=[]; 
    training=QRCtraining; 
    testing=QRCtesting; 

for i=1:size(QRCtraining,2) 
        training(1:size(QRCtraining,1),i)=double(QRCtraining(1:size(QRCtraining,1),
        i)-minimo(i))/(massimo(i)-minimo(i)); 

end
for i=1:size(QRCtesting,2) 

        testing(1:size(QRCtesting,1),i)=double(QRCtesting(1:size(QRCtesting,1)
,i)-minimo(i))/(massimo(i)-minimo(i)); 

end
tra=[]; 

    QRCtraining=training; 
    QRCtesting=testing; 

    CO=[]; 

for i=1:max(y) 
A=QRCtraining;A(find(y==i),:)=[]; 

        B=QRCtraining(find(y==i),:); 
        yA=y;yA(find(y==i))=[];yA=(yA.*0)+1; 
        yB=y(find(y==i));yB=(yB.*0)+2; 
        [AlphaY, SVs, Bias, Parameters, nSV, nLabel] = rbfSVC(double([A; B]'), 

        [ER, Decision, Ns, ConfMatrix, S]= SVMTest(double(QRCtesting'), double(yy), AlphaY, 
SVs, Bias, Parameters, nSV,nLabel); 

        CO(:,i)=Decision; 

end
    [a,b]=sort(CO*-1,2); 

for j=1:8 
for jj=1:size(CO,1) 

            RAN(jj,j)=RAN(jj,j)+find(b(jj,:)==j); 

end
end

end
%the scores are stored in the matrix RAN 

double([yA yB]),0.1,100); 
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