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Abstract The last decade has seen an explosion in the

collection of protein data. To actualize the potential

offered by this wealth of data, it is important to develop

machine systems capable of classifying and extracting

features from proteins. Reliable machine systems for pro-

tein classification offer many benefits, including the

promise of finding novel drugs and vaccines. In developing

our system, we analyze and compare several feature

extraction methods used in protein classification that are

based on the calculation of texture descriptors starting

from a wavelet representation of the protein. We then feed

these texture-based representations of the protein into an

Adaboost ensemble of neural network or a support vector

machine classifier. In addition, we perform experiments

that combine our feature extraction methods with a stan-

dard method that is based on the Chou’s pseudo amino

acid composition. Using several datasets, we show that our

best approach outperforms standard methods. The Matlab

code of the proposed protein descriptors is available at

http://bias.csr.unibo.it/nanni/wave.rar.

Keywords Proteins classification � Machine learning �
Ensemble of classifiers � Support vector machines

Introduction

There are a number of areas where reliable methods for

protein classification are of benefit. They are important in

detecting remote sequence homologous (Saigo et al. 2004),

in sub-cellular localization (Chou and Shen 2007), and in

the protein–protein interaction problem (Nanni and Lumini

2006). They are also of value in designing novel drugs and

vaccines, especially in the discovery phase, for many

human diseases, such as those implicated in mitochondrial

defects (Lowell and Shulman 2005; Lin and Beal 2006). To

reduce costs and to speed up the development of protein

research, it has become crucial to develop better compu-

tational methods for solving these protein classification

problems.

Extracting features from proteins is an essential first step

in building these systems. Various methods have been

developed for extracting features from proteins, including

pseudo amino acid composition (Chen and Li 2007; Chou

2001; Ding and Zhang 2008) and Markov chains model

(Bulashevska and Eils 2006). The Chou’s pseudo amino

acid composition (PseAAC) (Chou and Shen 2007) is one

of the most widely used feature extractors for peptides and

proteins (Chen et al. 2009; Xiao et al. 2011a, b; Fang et al.

2008; Nanni and Lumini 2008). While maintaining much

of the sequence order information, PseAAC represents a

protein sequence using a discrete model that is composed

of a set of more than 20 discrete factors. The first 20 factors

represent the components of its conventional amino acid

(AA) composition. Additional factors incorporate some

sequence order information using various modes (e.g., a
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series of rank-different correlation factors along a protein

chain).

There are many variations of the PseAAC. In Du and Li

(2006), feature vectors were constructed by combining

PseAAC with dipeptide composition and the occurrence

frequencies of different residues. In Du et al. (2009),

PseAAC was created by computing the correlation function

of the physicochemical properties of two residues for

subchloroplast location prediction. In Zeng et al. (2009), a

substitution model was constructed based on the aug-

mented PseAAC that was composed of amino acid com-

position and auto covariance (AC) variables. In Nanni and

Lumini (2008), genetic programming was applied to

extract artificial features as PseAAC.

Another important class of feature extraction methods

includes those that are based on kernels. One of the first

kernels used to represent proteins was the Fisher kernel

(Jaakkola et al. 1999). Another kernel method is the mis-

match string kernel (Leslie et al. 2004), which measures the

sequence similarity based on shared occurrences of sub-

sequences. String kernels perform as well as the Fisher

kernel but are lower in computational cost. A new class of

kernels, proposed in Lei and Dai (2005) derives vectors

from k-peptide vectors mapped by a matrix of high-scored

pairs, measured using BLOSUM62 scores of k-peptides.

Another interesting approach is the bio-basis function

neural network (Yang and Thomson 2005), where

sequences are not encoded within a feature space. The

distances obtained by sequence alignment are used to train

the neural network.

The aim of this work is to analyze and to compare

several feature extraction methods that are based on the

calculation of texture descriptors starting from a wavelet

representation of the protein. Recent studies have proposed

methods for extracting features from the proteins using

wavelets (Li 2008; Qiu et al. 2009; Nanni and Lumini

2010; Shi et al. 2011). These approaches, described below,

encode the protein sequence as a numerical sequence by

substituting each amino acid with a value corresponding to

a given physicochemical property.

Using graphic approaches to study biological systems is

highly intuitive and can provide useful insights in the

analysis of complicated relations in these systems, as

indicated by many previous studies on a series of important

biological topics, such as enzyme-catalyzed reactions

(Zhou and Deng 1984; Andraos 2008; Chou 1989), protein-

folding kinetics and folding rates (Chou 1990), inhibition

of HIV-1 reverse transcriptase (Althaus et al. 1993), inhi-

bition kinetics of processive nucleic acid polymerases and

nucleases (Chou et al. 1994), and drug metabolism systems

(Chou 2010). The graphical analysis via the ‘‘cellular

automaton image’’ (Wolfram 1984) has also been applied

to study hepatitis B viral infections (Xiao et al. 2006) and

HBV virus gene missense mutation (Xiao et al. 2005), as

well as representing complicated biological sequences

(Xiao et al. 2005) and providing assistance in the identi-

fication of various important protein attributes (Xiao et al.

2006, 2011; Xiao and Chou 2007). Recently, the Wenxiang

diagram (see Chou et al. 1997 and the web-server at

http://icpr.jci.edu.cn/bioinfo/wenxiang) has been used to

study protein–protein interactions and provided very useful

insights (Zhou 2011).

Although Adaboost-based approaches have been used to

predict protein structural classes (see, e.g., Niu et al. 2006),

we use an Adaboost ensemble of neural networks or a

support vector machine classifiers to train our texture-

based representations of the protein. In addition, we per-

form experiments that combine our feature extraction

methods with a standard method that is based on the

Chou’s pseudo amino acid composition. Moreover, we try

to develop methods that succeed in handling a number of

datasets. For this reason, we train our classifiers using

several datasets that represent several different classifica-

tion problems. This strengthens our approach so that it

outperforms standard methods trained specifically on

individual datasets.

The remainder of this paper is organized as follows. In

Sect. 2, we introduce the feature extraction methods ana-

lyzed in this work. In Sect. 3, we report the experimental

results obtained on four classification problems. Finally, in

Sect. 4, we draw some conclusions and indicate areas for

future research.

Feature extraction

Recently, a number of studies have searched for a compact

yet effective representation of proteins (see, e.g., Chou and

Shen 2007; Nanni and Lumini 2008). One solution that

works well in many problems is based on a fixed length

encoding that is combined with a general-purpose classi-

fier. In our study, the set of physicochemical properties we

use are obtained from the amino acid index (Kawashima

and Kanehisa 2000) database.1 An amino acid index is a set

of 20 numbers that represent different physicochemical

properties. In this work, for each protein descriptor, a set of

50 physicochemical properties are used. A different clas-

sifier is trained for each physicochemical property, and

then they are combined by sum rule. The different prop-

erties are selected using the training data by sequential

forward floating selection as in Nanni and Lumini (2006).

For each feature extraction method employed in this

study, we use an Adaboost of neural networks or a support

1 Available at http://www.genome.jp/dbget/aaindex.html. We have

not considered the properties where the amino acids have value 0 or 1.
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vector machine2 (Cristianini 2000) as our classifiers.

Before the classification step, all the features used for

training are linearly normalized to [0 1] considering the

training data.

In addition to extracting the texture descriptors from the

wavelet images, we also use Chou’s pseudo amino acid

composition (PseAAC) (Zeng et al. 2009). A set of pseudo

amino acid-based features are extracted from a given pro-

tein. This is the concatenation of the 20 standard amino

acid composition values and m (here m = 20) values that

reflect the effect of the sequence order.

In our experiments, we combine 50 Chou’s pseudo

amino acid feature vectors using 50 different psycho-

chemical properties extracted from the AAindex3 (Kawa-

shima and Kanehisa 2000). Different classifiers are trained

for each Chou’s pseudo amino acid feature vector. The 50

classifiers are then combined using the sum rule.

Below, we discuss the feature extraction methods used

in our experiments. In Sect. 2.1, we describe several

methods for encoding the protein sequences as wavelets. In

Sect. 2.2, we describe the texture features we extract from

the resulting wavelet images.

Wavelet descriptor (WA)

Proposed methods for extracting features from the proteins

using wavelets include Li (2008), Qiu et al. (2009), Nanni

and Lumini (2010), Shi et al. (2011), and Wen et al. (2005).

These methods encode the protein sequence as a numerical

sequence by substituting each amino acid with a value

corresponding to a given physicochemical property. Dif-

ferent decomposition scales have different results in ana-

lyzing protein sequences. A too high a decomposition scale

would introduce redundancy in the decomposing process

while a too low decomposition level would omit much

detailed information (Wen et al. 2005).

In Li (2008), the Meyer continuous wavelet is then

applied to this encoding, and the wavelet power spectrum

is extracted by considering different decomposition scales.

In this paper, we name this method for representing a

protein as an image CW.

In our experiments, we explore another method for

representing a protein as an image. The algorithm is as

follows. Given a physicochemical property, the value of

the element (i,j) of the image that describes a given protein

is the sum of the value of the physicochemical property of

the amino acid in position i of the protein and the value of

the physicochemical property of the amino-acid in position

j. Then, if the image has a size larger than 250 9 250, it is

resized to 250 9 250. We named this method for repre-

senting a protein as an image PR, some examples are

reported in Fig. 1.

Finally, we use a method of applying wavelets that is

derived from that proposed in Qiu et al. (2009), Nanni and

Lumini (2010), and Shi et al. (2011), where a biorthogonal

discrete wavelet is used to describe a protein. In this

method, wavelet coefficients, using different scales, are

extracted from the maximum, minimum, mean and stan-

dard deviation values. We also extract (as in Nanni and

Lumini 2010) the first five discrete cosine coefficients from

the approximation coefficients and maximum, minimum,

mean and standard deviation values from both detail and

approximation coefficients of the wavelet decomposition

(four scales are used). This is because the high-frequency

components are more noisy and hence only the low-fre-

quency components are more important, just like the case

of protein internal motions where the low-frequency

components are functionally more important, as elucidated

in Chou (1985, 1988, 1989). We have named this method

as DW.

Texture descriptors

In our experiments, the following texture descriptors are

extracted from the wavelet images: Dominant Local Ter-

nary Patterns (DLTP), Local Phase Quantization (LPQ),

Local Binary Pattern Histogram Fourier (LBP-HF), and the

Multiscale Autoconvolution Histogram (MSAhist). Each of

these texture descriptors is described below.

Dominant Local Ternary Patterns (DLBP)

DLPT combines Dominant Local Binary Patterns (DLBP)

with Local Ternary Patterns (LTP). DLBP was proposed in

Liao et al. (2009) for selecting the rotation invariant pat-

terns to be selected in LBP. Rather than selecting uniform

patterns, patterns were chosen in Liao et al. (2009) that

represent 80% of the whole pattern occurrences in the

training data. The LBP operator is calculated by evaluating

   P09333      P13692

Fig. 1 PR representation of the proteins P09333 and P13692

2 http://sourceforge.net/projects/svm/.
3 The IDs of the properties are available at http://bias.csr.unibo.it\

nanni\IDw.docx.
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the binary differences between the gray value of a pixel x

and the gray values of P neighboring pixels on a circle of

radius R around x. The LBP operator is made rotation

invariant by selecting the smallest value of P - 1 bitwise

shift operations on the binary pattern. A pattern is con-

sidered uniform if the number of transactions in the

sequence between 0 and 1 is less than or equal to two.

In LTP (Tan and Triggs 2007), the difference between a

pixel x and its neighbor u is encoded by three values

according to a threshold s : 1 if u C x ? s; -1 if u B x –

s; else 0. The ternary pattern is then split into two binary

patterns by considering its positive and negative compo-

nents. Finally, the histograms that are computed from the

binary patterns are concatenated to form the feature vector.

Here s = 0.15; P = 16; R = 2.

Local Phase Quantization (LPQ)4

The LPQ operator as a texture descriptor was originally

proposed by Ojansivu and Heikkila (2008). LPQ is based

on the blur invariance property of the Fourier phase spec-

trum. In this method, local phase information extracted

using the 2D short-term Fourier transform (STFT) is

computed over a rectangular neighborhood at each pixel

position of the image. Only four complex coefficients are

considered in LPQ that correspond to the 2D frequencies.

Our experiments use the same code as was used in Ojan-

sivu and Heikkila (2008). For the mathematical details,

refer to Ojansivu and Heikkila (2008).

Local Binary Pattern Histogram Fourier (LBP-HF)5

LBP-HF, first proposed by Ahonen et al. (2009), is a

rotation invariant image descriptor that is computed glob-

ally from the discrete Fourier transforms of LBP histo-

grams. The LBF-HF descriptor computes a non-invariant

LBP histogram over the entire region and then constructs

rotationally invariant features from the histogram using

Discrete Fourier Transform. The features are invariant to

cyclic shifts in the input vector. The overhead of LBF-HF,

compared with the LBP histogram, is low since only P - 1

Fast Fourier Transforms of P points needs to be computed

from the LBP histogram to construct LBP-HF. Here

(P = 16; R = 2) and (P = 8; R = 1).

Multiscale Autoconvolution Histogram (MSAhist)

The MSAhist, proposed by Rahtu et al. (2005), is a deri-

vation of the multiscale autoconvolution (MSA) transform

(Rahtu et al. 2005). The MSAHist is a new way of

constructing affine invariant histograms from images. It

uses the same affine invariant random variable as MSA but

estimates the complete distribution rather than an expected

value and has about the same computational complexity as

MSA. MSAhist can be considered a generalization of the

gray scale histogram except that it also encodes spatial

information. For the mathematical details, refer to Rahtu et

al. (2005).

Datasets

In this section, we briefly describe the datasets and the

related protein problems that are used in our experiments:

• GPCR (Xiao et al. 2009) is a dataset that contains 365

G protein-coupled receptors (GPCR) and 365 non-

GPCR. None of the proteins included in this dataset has

C40% pairwise sequences that are identical to any

other in the same subset.

• Virulent dataset (Garg and Gupta 2008) contains

bacterial virulent protein sequences that were retrieved

from two databases, the SWISS-PROT (Bairoch and

Apweiler 2000) and VFDB (Chen et al. 2005), it

contains 1,025 virulent and 1,030 non-virulent bacterial

sequences. In the original protocol (Garg and Gupta

2008), the Virulent dataset is used as training set. The

ADHESINS dataset (Garg and Gupta 2008) was used as

the testing set, it contains 469 adhesins and 703 non-

adhesins proteins, including several archaebacterial,

viral, and yeast non-virulent proteins. None of the

proteins included in this dataset has C40% pairwise

sequences that are identical to any other in the same

subset.

• HUM dataset (Bock and Gough 2003) examines human

protein–protein interaction. HUM contains a total of

1,882 human interacting/non-interacting protein pairs.

None of the proteins included in this dataset has C40%

pairwise sequences that are identical to any other in the

same subset.

• HEL dataset (Bock and Gough 2003) examines

helicobacter protein–protein interaction. HEL contains

a total of 2,916 helicobacter interacting/non-interacting

protein pairs. None of the proteins included in this

dataset has C40% pairwise sequences that are identical

to any other in the same subset.

• Membrane sub-cellular (MEM) (Chou and Shen 2007)

dataset contains 7,582 membrane proteins that belong

to eight membrane types. None of the proteins has 80%

sequence identity to any other in the same subset

(subcellular location).

• GRAM (Shen and Chou 2007) dataset contains 452

Gram-positive proteins that belong to five subcellular

4 http://www.cse.oulu.fi/Downloads/LPQMatlab.
5 http://www.cse.oulu.fi/MVG/Downloads/LBPMatlab.
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location sites. To eliminate redundancy and homology

bias, only those proteins that have \25% sequence

identity to any other in a same subcellular location were

allowed to be included in the benchmark datasets.

• RAW (Shen and Chou 2007) dataset contains 413

proteins that belong to four subchloroplast locations,

including stroma, thylakoid lumen, thylakoid mem-

brane, and envelope. To eliminate redundancy and

homology bias, only those proteins that have \60%

sequence identity to any other in a same subcellular

location were allowed to be included in the benchmark

datasets.

Experiments

In this section, we evaluate the protein descriptors descri-

bed above by performing experiments using the descriptors

on several datasets. In the experiments reported in this

section, we use the area under the ROC curve (AU)6

(Fawcett 2004; Qin 2006) as the performance indicator.

AU is a scalar measure, which can be interpreted as the

probability that the classifier will assign a lower score to a

randomly picked positive pattern than to a randomly picked

negative pattern. The area under the ROC is widely con-

sidered one of the most reliable performance indicators

(Qin 2006). It is based on both sensitivity and specificity.

Instead, when a multiclass dataset is used, the accuracy

is employed as performance indicator. Among the inde-

pendent dataset tests [sub-sampling (e.g., two or fivefold

cross-validation) test and the jackknife test, which are often

used for examining the accuracy of a statistical prediction

method (Chou and Zhang 1995)], the jackknife test was

deemed the least arbitrary that can always yield a unique

result for a given benchmark dataset, as elucidated in

(Chou and Shen 2010) and demonstrated by Eqs. 28–32 of

Chou (2011). Therefore, the jackknife test has been

increasingly and widely adopted by investigators to test the

power of various prediction methods (see, e.g., Chen et al.

2009; Zeng et al. 2009; Li 2008; Lin 2008; Zhou et al.

2007; Lin et al. 2008; Ding et al. 2009; Kandaswamy et al.

2011; Masso and Vaisman 2010; Hayat and Khan 2011;

Jiang et al. 2008; Hu et al. 2011; Chou and Shen 2010;

Mohabatkar 2010). However, to reduce the computational

time, we adopted the twofold cross-validation in this

study,7 as done by many investigators with complex

machine learning classifiers as the prediction engine. The

exceptions to this protocol are with the Virulent, GRAM,

and MEM datasets. Since those datasets are originally

divided in training set and independent dataset (used as test

set). For details, see the papers where the datasets are

proposed.

Experimental results

In Table 1, we compare the wavelet-based descriptors

using as classifier the AdaBoost of neural networks. In

these tests, only the two-class datasets are used since

AdaBoost is a two-class classifier8 and for reducing the

computation time.

The method named WAVE is the weighted fusion, by

weighted sum rule, among CWT?LBP-HF, with a weight

of 1. PR-LPQ also has a weight of 1, and DW has a weight

of 2.

The following fusion approaches9 are reported in

Table 2:

• CHOU, the Chou’s pseudo amino acid composition

descriptor;

• WAVE?X*CHOU, the weighted sum rule where the

weight of WAVE is 1 and the weight of CHOU is X.

Now in Tables 3 and 4, we report other results obtained

using the support vector machine (SVM) as classifier.10

Only the methods that belong to WAVE are reported (to

reduce the computation time).

Since SVM works better than AdaBoost of neural net-

work, we have tested only SVM in the multi-class datasets

(to reduce the computation time).

It would be interesting to consider as baseline CHOU

since it is widely used for protein classification. The fol-

lowing conclusions can be drawn from the results reported

in this section (Tables 5, 6):

• our experiments, show that there is not a ‘‘best’’ stand-

alone ‘‘wavelet-based’’ method that clearly performs

better than others in all the case studies, it is interesting

to note that in the VIR1 dataset only DW works well

(among the wavelet-based approaches), while in HEL

dataset the method DW works poorly.

• better performance stability among different test sets is

obtained by combining different methods, see the good

performance of WAVE and the impressive results

obtained combing CHOU and WAVE. This an exper-

imental confirm that texture descriptors and the protein

6 Implemented as in DDtool 0.95 Matlab Toolbox.
7 It is performed 10 times and the average results are reported.

8 For a multi-class classification with a two-class classifiers the one-

versus-one or one-versus-all approach should be used (Cristianini

2000).
9 Before the fusion the scores of each method are normalized to mean

0 and standard deviation 1.
10 We have tested both linear and Gaussian kernels, the parameters

are estimated using a grid search in the training set.
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descriptor based on amino acid sequence bring com-

plementary information.

In order to give a statistical validation to the hypothesis

that the fusion between CHOU and WAVE is the best

approach the Wilcoxon Signed-Rank test (as suggested by

Demsar 2006) is used to compare WAVE?5*CHOU with

CHOU. The null hypothesis is that there is no difference

between the accuracies of the two methods. The results are

that the two approaches are statistically different (reject the

null hypothesis, level of significance 0.05).

In Fig. 2, we report the specificity/sensitivity curve (for

the 2-class datasets) obtained by CHOU (the red line) and

our proposed method, WAVE?5*CHOU (the blue line).

Table 1 Comparison among the tested wavelet based descriptors

using AdaBoost as classifier

Datasets

HUM HEL GPCR VIR1

CW

DLTP 61.2 68.3 95.9 59.4

LBP-HF 61.3 88.1 96.0 65.6

LPQ 60.2 83.6 96.7 59.4

MSAhist 62.3 79.8 93.7 56.7

PR

DLTP 64.0 77.6 93.1 64.3

LBP-HF 60.7 89.3 84.0 59.7

LPQ 62.5 90.6 86.3 57.2

MSAhist 61.5 70.9 93.7 74.5

DW 60.0 77.0 98.7 82.7

WAVE 63.1 86.4 98.8 75.5

The bold number represents the best result in a given dataset

Table 2 AU obtained by different methods in the different datasets

Datasets

HUM HEL GPCR VIR1

ENSEMBLE

WAVE 63.1 86.4 98.8 75.5

WAVE?CHOU 67.9 91.1 99.6 77.7

WAVE?2*CHOU 70.7 93.3 99.7 78.6

WAVE?3*CHOU 72.0 94.0 99.8 78.9

WAVE?4*CHOU 72.7 94.3 99.8 79.0

WAVE?5*CHOU 72.9 94.3 99.8 78.9

CHOU 70.1 90.3 98.8 75.8

The bold number represents the best result in a given dataset

Table 3 Comparison among the tested wavelet based descriptors

using SVM as classifier

Datasets

HUM HEL GPCR VIR1

CW?LBP-HF 66.1 92.2 96.6 67.1

PR?LPQ 62.8 90.8 87.8 57.5

DW 67.4 87.0 98.7 82.1

WAVE 67.5 91.6 99.0 75.5

The bold number represents the best result in a given dataset

Table 4 Comparison among the tested wavelet based descriptors and

CHOU

Datasets

HUM HEL GPCR VIR1

ENSEMBLE

WAVE 67.5 91.6 99.0 76.6

WAVE?CHOU 71.2 94.5 99.7 77.6

WAVE?2*CHOU 73.2 95.6 99.7 78.5

WAVE?3*CHOU 74.3 95.8 99.7 78.8

WAVE?4*CHOU 74.4 95.6 99.7 78.8

WAVE?5*CHOU 74.6 95.6 99.7 78.8

CHOU 70.4 90.1 99.2 76.2

The bold number represents the best result in a given dataset

Table 5 Comparison, in the multi-class datasets, among the tested

wavelet-based descriptors

Datasets

GRAM RAW MEM

CW?LBP-HF 78.45 84.47 82.18

PR?LPQ 54.31 75.24 76.62

DW 81.47 86.11 86.17

WAVE 83.19 84.47 85.39

The bold number represents the best result in a given dataset

Table 6 Comparison, in the multi-class datasets, among the tested

wavelet-based descriptors and CHOU

Datasets

GRAM RAW MEM

ENSEMBLE

WAVE 83.19 84.47 85.39

WAVE?CHOU 84.91 87.38 88.09

WAVE?2*CHOU 84.91 90.78 90.05

WAVE?3*CHOU 84.91 90.29 90.81

WAVE?4*CHOU 84.05 90.29 91.37

WAVE?5*CHOU 84.05 90.29 91.65

CHOU 81.47 88.83 89.08

The bold number represents the best result in a given dataset
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These plots confirm our previous conclusions that tex-

ture descriptors generalize well across different protein

classification problems.

Conclusions

In this paper, we have presented an empirical study where

different feature extraction approaches for representing

proteins are compared and combined. We obtain a number

of statistically robust observations regarding the behavior

of the different texture descriptors here tested, the main

conclusions that can be drawn from the results are:

• in each dataset, the best ‘‘wavelet approach’’ is

different;

• combining different wavelet descriptors, it is possible

to obtain an approach that works well in all the four

datasets;

• it is clear that the texture descriptors and the protein

descriptor based on amino acid sequence bring com-

plementary information, this is experimentally con-

firmed by the fusion between the two approaches that

outperform all the other methods.

Another way for further improving the performance of

system used in our experiments is to use information from

different sources. For example, features can be extracted

directly from an analysis of the protein’s spatial structure

(Daras et al. 2006). The position-specific scoring matrix

(PSSM) (Ben-Gal et al. 2005) could also be considered.

Finally, since user-friendly and publicly accessible web-

servers represent the future direction for developing prac-

tically more useful models or predictors (Chou and Shen

2009), we are currently working on providing a web-server

for the method presented in this paper.
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