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Abstract Given a novel protein it is very important to

know if it is a DNA-binding protein, because DNA-binding

proteins participate in the fundamental role to regulate gene

expression. In this work, we propose a parallel fusion

between a classifier trained using the features extracted

from the gene ontology database and a classifier trained

using the dipeptide composition of the protein. As classi-

fiers the support vector machine (SVM) and the 1-nearest

neighbour are used. Matthews’s correlation coefficient

obtained by our fusion method is &0.97 when the jack-

knife cross-validation is used; this result outperforms the

best performance obtained in the literature (0.924) using

the same dataset where the SVM is trained using only the

Chou’s pseudo amino acid based features. In this work also

the area under the ROC-curve (AUC) is reported and our

results show that the fusion permits to obtain a very

interesting 0.995 AUC. In particular we want to stress that

our fusion obtains a 5% false negative with a 0% of false

positive. Matthews’s correlation coefficient obtained using

the single best GO-number is only 0.7211 and hence it is

not possible to use the gene ontology database as a simple

lookup table. Finally, we test the complementarity of the

two tested feature extraction methods using the Q-statistic.

We obtain the very interesting result of 0.58, which means

that the features extracted from the gene ontology database

and the features extracted from the amino acid sequence

are partially independent and that their parallel fusion

should be studied more.

Keywords DNA-binding proteins � Gene ontology �
Dipeptide composition � Chou’s pseudo amino acid

composition � Multi-classifier

Introduction

DNA-binding proteins participate in a fundamental role in

the regulation of gene expression, since the number of

proteins sequence data increase rapidly it is important to

develop an automatic method to identify DNA-binding

proteins (Lander et al. 2001).

Several methods are yet proposed in the literature, some

of them are based on chemical or physical properties of

amino acids (Jones et al. 2003; Shanahan et al. 2004; Keil

et al. 2004; Tsuchiya et al. 2004). More recent methods are

based on machine learning classifiers (e.g. neural net-

works). The authors of Ahmad et al. (2004) and Ahmad

and Sarai (2005) propose a method based on neural net-

work classifiers where the features are based on sequence

neighbour, structure information and sequence alignment

profiles. The authors of Kuznetsov et al. (2006) propose a

method based on evolutionary and structural information of

proteins. The authors of Bhardwaj et al. (2005) extract the

features from the electrostatic potentials and from the

amino acid composition of the protein.

In Fang et al. (2007), several methods based only on the

primary sequences are compared, each feature vector is

used to train a given support vector machine. The results

reported in that paper indicate that Chou’s pseudo-amino

acid composition obtains the best results (Matthews’s

correlation coefficient = 0.924).

In the literature several methods are proposed to extract

a feature vector from the primary sequence of a protein.

The main part of these methods are proposed for the
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sub-cellular location prediction (Shen and Chou 2006,

2007a, b, c, d).

Another interesting method to extract the features from a

given protein it is to use the Gene Ontology (GO) Database

(Chou and Shen 2007d). Each protein in the GO Database

is described by several GO numbers, each GO number

reflects the ‘‘biological reality’’ of a particular protein. In

the GO Database there are several thousands of GO num-

bers, a protein can be represented by a vector where to the

ith component is assigned 1 if to that protein is assigned the

ith GO number. In Chou and Shen (2007a) this feature

extraction method is coupled with an ensemble of nearest

neighbour based classifiers. The ensemble of classifier was

built by fusing many single classifiers where each classifier

has a different value for the number K of considered

neighbours.

The GO-based features are widely studied by the

research group of Professor Chou, in whose works the

GO-based features are combined ONLY in a serial way

with the features extracted from the primary sequence of

a protein. For a systematical description how to hybridize

the ab-initio sequence-based approach (e.g. Chou’s

pseudo amino acid composition) and the higher-level GO

(gene ontology) approach, the reader is referred to a

recent review (Chou and Shen 2007d) and the references

therein. Simply, if a protein has a hit in the GO database

then the GO-based features are used else the pseudo

amino acid composition is used. The pseudo amino acid

composition was originally introduced by Chou to

improve the prediction quality for protein subcellular

localization and membrane protein type (Chou 2001), as

well as for enzyme functional class (Chou 2005). It can

be used to represent a protein sequence with a discrete

model yet without completely losing its sequence-order

information. Since the concept of Chou’s pseudo amino

acid composition was introduced, various pseudo amino

acid composition approaches have been stimulated to

deal with varieties of problems in proteins and protein-

related systems (Aguero-Chapin et al. 2006; Caballero

et al. 2007; Cai and Chou 2006; Chen et al. 2006a, b;

Chen and Li 2007a, b; Chou and Shen 2006a, b, 2007a,

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

2006; Fang et al. 2007; Gao et al. 2005; Gonzalez-Diaz

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

2007; Lin and Li 2007a, b; Liu et al. 2005a, b; Mondal

et al. 2006; Mundra et al. 2007; Pan et al. 2003; Pu et al.

2007; Shen and Chou 2005a, b, 2006, 2007a, b, c, d, f,

g, h; Shen et al. 2006, 2007; Shi et al. 2007; Wang et al.

2004, 2006; Xiao and Chou 2007; Xiao et al. 2006a, b;

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

et al. 2007). Because of its wide usage, recently a very

flexible pseudo amino acid composition generator, called

‘‘PseAAC’’ (Shen and Chou 2007e), was established at

the website http://chou.med.harvard.edu/bioinf/PseAA/,

by which users can generate 63 different kinds of pseudo

amino acid composition. In this work we show that the

parallel fusion is very useful.

The good performance, with respect to that obtained by

a stand-alone method, of the ensemble of classifiers (Chou

2000a, b) are well known, several examples are published

in the bioinformatics literature. Several ensemble methods

are applied on protein secondary structure prediction (Riis

and Krogh 1996), protein fold pattern prediction (Shen and

Chou 2006), protein subcellular localization prediction

(Shen and Chou 2006, 2007a, b, c, d), membrane protein

type prediction (Chou and Shen 2007c), and signal peptide

prediction (Chou and Shen 2007e).

Particularly interesting are Nanni and Lumini (2006a,

b), where multiple physicochemical properties of amino-

acids are used to train a given classifier. The selection of

the best physicochemical properties to be combined is

performed by sequential forward floating selection (Nanni

and Lumini 2006a).

In this paper, we deal with the DNA-binding protein

prediction problem proposing a parallel fusion between a

classifier trained using the features extracted from the GO

database and a classifier trained using the dipeptide com-

position of the protein (Nanni and Lumini 2006a). Our

results are very interesting; the fusion outperforms both the

stand-alone methods and the best published results on the

same dataset. We test two different classifiers: support

vector machine (Cristianini and Shawe-Taylor 2000);

1-nearest neighbour (Duda et al. 2000).

The proposed fusion obtains an interesting result of

&0.97 Matthews’s correlation coefficient when the jack-

knife cross-validation is used, while the best performance

obtained in the literature is 0.924.

Finally, we test the complementarity of the two tested

feature extraction methods by the Q-statistic (Kuncheva

and Whitaker 2003). We obtain the very interesting result

of 0.58, which means that the features extracted from the

GO database and the features extracted from the amino

acid sequence are partially independent.

Materials and methods

In this paper, we propose a system for dealing with the

DNA-binding protein prediction problem (see Fig. 1)

combining two classifiers: the first classifier is trained using

the features extracted using the GO database; the latter

classifier is trained using the well known 2-gram (i.e. the

dipeptide composition).

Finally, these two classifiers are combined by sum rule

(Kittler et al. 1998). The sum rule selects as final score the

sum of the scores of the two classifiers.
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As base classifier we have tested the support vector

machine (the state-of-the-art of the machine learning

approaches; Cristianini and Shawe-Taylor 2000) and the

1-nearest neighbour. Moreover, for each classifier we have

tested also the random subspace version. The random

subspace method (Ho 1998) modifies the training data set

generating K new training sets (K = 50 in this paper),

builds classifiers on these modified training sets, and then

combines them into a final decision rule (sum rule in this

paper). The new training sets contain only a subset (50% in

this paper) of the all features.

We obtain the best results using as classifier the linear

version of SVM1 (LSVM).

2-Grams

Each 2-gram is a couple of values (vi, ci), where vi is the

feature and ci is the counts of this feature in a protein

sequence. The features vi are all the possible combina-

tions of 2 amino-acids (Nanni and Lumini 2006). An

example is shown in Fig. 2. Since there are 20 amino-

acids, we have 400 2-grams for each protein. The feature

vector extracted from the 2-gram i is given by dividing ci

with the length of the protein. Notice that this normali-

zation is very important since the proteins can have a very

different length.

Gene ontology

To extract the feature vector P from a protein using the Gene

Ontology we need to search the protein in the GO database,

then if the ith GO number is assigned to that protein to the ith

component, of the feature vector that describes that protein,

is assigned the value 1 (i.e. Pi = 1) otherwise 0.

Thus, for each protein it is possible to extract a binary

vector. Given a protein which biological activities are

sulfotransferase activity (GO number 0008146) and trans-

ferase activity (GO number 0016740), the feature vector P

that describes that protein has value 0 for each component

except P8146 and P16740 that have value 1.

Notice that some GO-numbers do not exist and these

features (that are 0 for all the proteins) are not considered

in the feature extraction step (see Chou and Shen 2007d)

for details).2

Results and discussion

We have used exactly the same datasets used in (Fang et al.

2007). This dataset contains 118 DNA-binding Proteins

and 231 Non-DNA-binding proteins.3 These proteins have

less than 35% sequence identity between each pairs.

As performance indicator we use the Matthew’s corre-

lation coefficient (MCC) (Fang et al. 2007) and the area

under the ROC-curve (Fawcett 2004) (AUC). The ROC-

curve is a two-dimensional measure of classification per-

formance that plots the probability of classifying correctly

the positive examples against the rate of incorrectly

classifying negative examples.

where TP(i) is the number of correctly predicted DNA-

binding proteins (true positives); TN(i), FP(i) and FN(i) are

the numbers of true negatives, false positives and false

negatives, respectively.

We use the objective and rigorous leave-one-out cross

validation method (Feng 2002) as testing protocol. In sta-

tistical prediction, the sub-sampling test and jackknife test

are two cross-validation methods often used in literatures

Linear SVM 

Linear SVM 

  Sum Rule 

2-Grams Feature Extraction

     GO-based Feature Extraction

Training
Proteins

Fig. 1 Global schema of our system
2- Grams:    (AG,2) 
        (GA,2)

   (IL,1)
…

Protein
sequence

….A G G A I L V A G A….

Fig. 2 An example of 2-grams (from Nanni and Lumini 2006)

MCCðiÞ ¼ TPðiÞ � TNðiÞ � FPðiÞ � FNðiÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

TPðiÞ þ FPðiÞð Þ � TPðiÞ þ FNðiÞð Þ � TNðiÞ þ FNðiÞð Þ � TNðiÞ þ FPðiÞð Þ
p

1 The OSU svm Matlab toolbox was used, the parameter C of Linear

SVM is set to the default value 1.

2 In this dataset we have 336 GO-numbers with some hits.
3 107 DNA-binding proteins and 196 Non-DNA-binding proteins

have a hit in the GO database.
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for examining the accuracy of a predictor (Chou and Zhang

1995). However, as demonstrated by Eq. (50) in a recent

comprehensive review (Chou and Shen 2007d), the sub-

sampling (e.g. fivefold cross-validation) test cannot avoid

arbitrariness even for a very simple benchmark dataset.

Accordingly, the jackknife test has been increasingly and

widely adopted by investigators (Chen et al. 2006a, b,

2007; Chou and Shen 2006a; Diao et al. 2007b; Ding et al.

2007; Du and Li 2006; Fang et al. 2007; Gao et al. 2005;

Guo et al. 2006; Kedarisetti et al. 2006; Li and Li 2007; Lin

and Li 2007a, b; Liu et al. 2007; Mondal et al. 2006; Niu

et al. 2006; Shen and Chou 2007g; Shen et al. 2007; Shi

et al. 2007; Sun and Huang 2006; Tan et al. 2007; Wang

et al. 2005; Wen et al. 2006; Xiao and Chou 2007; Xiao

et al. 2005a, b, 2006a; Zhang et al. 2006a, 2007; Zhang and

Ding 2007; Zhou 1998; Zhou and Doctor 2003; Zhou et al.

2007) to test the power of various predictors.

In Tables 1, 2 we report the AUC and the MCC obtained

by the stand-alone classifiers and by them the random

subspace version.

In Table 3 we report the performance obtained com-

bining the two stand-alone linear support vector machine

and the two random subspace of linear support vector

machine. In both the methods the first classifier is trained

by the GO-based features, while the latter classifier is

trained by the 2-gram features. Moreover, it is interesting

to note that a random subspace of linear support vector

machine based on the 2-gram features outperforms the

support vector machine trained using the Chou’s pseudo

amino-acid composition.

The results reported in Table 3 show that the parallel

fusion is very useful, the fusion drastically outperforms the

base classifiers.

In order to confirm the benefit of our method the DET

curve has been also considered. The DET curve (Martin

et al. 1997) is a two-dimensional measure of classifica-

tion performance that plots the probability of false alarm

(i.e. false positive) against the probability of mis-detec-

tion (i.e. false negative). In Fig. 3 the DET curves

obtained by fusion between the two stand-alone linear

support vector machine (FUS) and by the linear support

vector machine trained using the 2-gram features (2G)

are plotted.

As further experiment, we run the Wilcoxon Signed-

Rank test (Demsar 2006) for comparing the results (the

MCC is used as performance indicator) of FUS and the

linear support vector machine trained using the Gene

Ontology based features. The null hypothesis is that there is

no difference between the accuracies of the two classifiers

(Demsar 2006). We reject the null hypothesis (level of

significance 0.05) and accept that the two classifiers have

significant different accuracies. This result confirms that

FUS outperforms the stand-alone approaches.

Table 1 Performance obtained using the GO-based features

Onthology MCC AUC

Stand-alone

LSVM 0.928 0.993

1-NN 0.892 0.990

Random subspace

LSVM 0.935 0.991

1-NN 0.921 0.990

Table 2 Performance obtained using the 2-gram features

2-gram MCC AUC

Stand-alone

LSVM 0.848 0.982

1-NN 0.657 0.989

Random subspace

LSVM 0.942 0.989

1-NN 0.401 0.903

Table 3 Comparison among several methods

Methods MCC AUC

Fusion between the two stand-alone LSVM 0.971 0.995

Fusion between the two random subspace of LSVM 0.971 0.994

Fig. 3 The DET curves obtained by FUS (black line) and by 2G (red
line)
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Finally, we run the Q-statistic method to measure the

complementarity between the two classifiers that belong to

the method FUS. We obtain a value of 0.58; this result

explains the good performance of our parallel fusion.

For two classifier Di and Dk the Yule’s Q-statistic

(Kuncheva and Whitaker 2003) is

Qi;k ¼
ad � bc

ad þ bc

where a is the probability of both classifiers being correct,

d is the probability of both classifiers being incorrect, b is

the probability that the first classifier is correct and second

is incorrect, c is the probability that the second classifier is

correct and the first is incorrect. For statistically indepen-

dent classifiers, Qi,k = 0. Q varies between -1 and 1.

Classifiers that tend to classify the same patterns correctly

will have Q [ 0, and those which commit errors on dif-

ferent patterns, will have Q \ 0.

From the analysis of the experimental results, the fol-

lowing observations may be made:

• The Gene Ontology based feature extraction permit to

obtain a reliable method;

• The random subspace permits to improve the perfor-

mance of linear support vector machine when the 2-

grams features are used; the random subspace of

support vector machine obtains a Matthew’s correlation

coefficient of 0.942, when it is trained by the 2-gram

features. In the literature it is well known that random

subspace works well when the features are correlated

(Ho 1998), our results confirm that the 2-grams features

are correlated and that random subspace could be an

interesting method to solve these drawbacks;

• All the tested fusions permit to outperform the method

proposed in (Fang et al. 2007), where a Matthew’s

correlation coefficient of 0.924 is reported (on the same

dataset), when the Chou’s pseudo amino-acid compo-

sition is used;

• Our results confirm that Chou’s pseudo amino-acid

composition outperforms the 2-grams features, but we

show that the performance of a classifier based on

2-grams features increases if an ensemble of classifiers

is used.

Conclusions

We investigated the fusion of classifiers for predicting

DNA-binding proteins. To enforce the diversity we com-

bine two classifiers based on features extracted from the

proteins. It is believed that classifiers based on different

features offer complementary information about the pat-

terns to be classified. In our test the Q-statistic between the

two combined classifiers is only 0.58. Our method

describes a given protein by the features extracted from the

Gene Ontology database and from the amino-acid

sequence.

We can draw the conclusion that it is reasonable to study

the parallel fusion between the two tested feature extraction

methods and we want to stress that our method can be

successfully used in all the methods where the serial fusion

is used (e.g. Chou and Shen 2007a).

The validity of the novel approach is proved by the

performance improvements obtained with respect to other

state-of-the-art methods in the tested problem.
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