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Abstract Many domains have a stake in the development
of reliable systems for automatic protein classification. Of
particular interest in recent studies of automatic protein
classification is the exploration of new methods for
extracting features from a protein that enhance classifica-
tion for specific problems. These methods have proven very
useful in one or two domains, but they have failed to gen-
eralize well across several domains (i.e. classification
problems). In this paper, we evaluate several feature
extraction approaches for representing proteins with the aim
of sequence-based protein classification. Several protein
representations are evaluated, those starting from: the
position specific scoring matrix (PSSM) of the proteins; the
amino-acid sequence; a matrix representation of the protein,
of dimension (length of the protein) x 20, obtained using the
substitution matrices for representing each amino-acid as a
vector. A valuable result is that a texture descriptor can be
extracted from the PSSM protein representation which
improves the performance of standard descriptors based on
the PSSM representation. Experimentally, we develop our
systems by comparing several protein descriptors on nine
different datasets. Each descriptor is used to train a support
vector machine (SVM) or an ensemble of SVM. Although
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different stand-alone descriptors work well on some data-
sets (but not on others), we have discovered that fusion
among classifiers trained using different descriptors obtains
a good performance across all the tested datasets. Matlab
code/Datasets used in the proposed paper are available at
http://www.bias.csr.unibo.it\nanni\PSSM.rar.

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

Introduction

Until fairly recently, classification of proteins has been
largely a manual process. Efforts to automate the process
have become a major area of study in machine learning
(Wang et al. 1994). Central to this work is discovering
good methods of extracting features from proteins for
enhancing the classification process for different applica-
tions (Maddouri and Elloumi 2004, Saidi et al. 2010), such
as subcellular localization and protein—protein interactions
(Chou and Shen 2007b, 2010, Shen and Chou 2010).
Protein feature extraction methods fall into three main
classes. The first class considers Chou’s pseudo amino acid
(PseAA) composition (Chou and Shen 2007b). PseAA has
proven to be one of the most studied and most popular
methods for extracting features from proteins. It expands
the simple amino acid composition (AAC) by retaining
information embedded in protein sequences (Chou 2001,
2009). The PseAA model does this by including some
additional factors that incorporate information regarding a
protein’s sequential order along with the first 20 factors
representing the components of the conventional AAC.
Various modes, e.g., a series of rank-different correlation
factors along a protein chain, are utilized to represent the
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sequential information. An excellent history of the devel-
opment of PseAA that includes how to use the concept of
Chou’s PseAAC to develop 16 variant forms of PseAAC
can be found in (Chou 2009). In this paper, we will con-
sider additional forms of PseAAC and show how they
further strengthen the power of PseAAC.

The second class of protein feature extraction methods
includes techniques that are based on a vectorial repre-
sentation of the protein. In these methods, feature extrac-
tion is not explicitly related to groups of amino acids
and the protein is represented by a vector of fixed length.
Given a protein sequence P = (p;, p», ..., pn) Where
pi€ A=A, C,D,.. Y], P is represented by a vector
eR" without explicitly considering how the amino acids
are grouped inside a given protein.

In (Nanni et al. 2010), for instance, some physico-
chemical encodings are reported that combine the value of
a given property for an amino acid with its 2-grams rep-
resentation. Another vectorial representation is the quasi
residue couple (Nanni 2006), a model which combines the
information related to a fixed physicochemical property of
the protein with the sequence order effect of the compo-
sition of the amino acid.

The third class of protein feature extraction methods
includes techniques that are based on kernels. The Fisher
kernel (Jaakkola et al. 1999) was one of the first proposed
for remote homology detection. A kernel that performs
similarly but with less computational cost is the mismatch
string kernel proposed in (Leslie et al. 2002, 2004). It
measures sequence similarity based on shared occurrences
of subsequences. Yet, another class of kernels was devel-
oped by (Lei and Dai 2005) for vectors derived from
k-peptide vector, mapped by a matrix of high-scored pairs
of k-peptides measured by BLOSUMG62 scores. These
kernel functions were used for training a support vector
machine (SVM). In (Yang and Thomson 2005), the bio-
basis function neural network was trained with sequence
distances obtained using sequence alignment.

Different pseudo amino acid compositions have been
developed and widely used for very specific practical
applications. Some biological sequence feature represen-
tations designed for predicting various biological attributes
include cellular automata image classification (Lin et al.
2009; Xiao et al. 2006b, 2008b, 2009a), complexity mea-
sure factor (Xiao et al. 2005, 2006a); grey dynamic model
(Xiao and Lin 2009, Xiao et al. 2008a); and functional
domain composition (Xiao et al. 2009b). Despite the
promise held by machine learning, sequence-based func-
tion prediction remains a challenge. Critical issues center
on a lack of understanding regarding the biological prop-
erties that characterize protein function, thereby making it
difficult to extract informative features. This paper focuses
on sequence-based protein classification; we evaluate novel
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features for protein function prediction. Some of these
features are derived from the position-specific scoring
matrix (Gribskov et al. 1987), which describes a protein
starting from the evolutionary information contained in a
PSI-BLAST similarity search.

The main objective of this study is to search for a
general ensemble method that could works well on dif-
ferent protein classification datasets and problems.
Studying protein classification methods that generalize
well has the potential of deepening our understanding of
protein representation and of promoting the development
of more robust and powerful classification systems. Such
investigations also have the potential of speeding up real
world development in new areas involving protein
classification.

To reach our goal, we extract some descriptors from a
matrix representation of amino acids, which we call the
substitution matrix representation (SMR). This represen-
tation is obtained by replacing each amino-acid of the
sequence with a row in a given substitution matrix. We
propose new protein descriptors for matrix representation
that can be extracted from both the PSSM matrix and the
SMR matrices. A valuable result is that a well-known
texture descriptor named local phase quantization can be
coupled with a standard approach based on PSSM repre-
sentation for improving its performance (see the method
named WS2 in the “Experimental” section).

To obtain a system that generalizes well, we perform an
exhaustive search for the best ensemble based on the
combination of our novel representations along with the
best known descriptors for peptides/proteins.

The remainder of this paper is organized as follows. In
“Pattern representation and feature extraction”, we intro-
duce the feature extraction methods explored in this work.
In “Experiments”, we report experimental results obtained
using datasets for different classification problems. Finally,
in “Conclusions”, we draw a number of conclusions.

Pattern representation and feature extraction

Recent research has focused on finding a compact and
effective representation of proteins because there are many
classification problems (e.g., subcellular localization and
protein—protein interactions) that require a machine learn-
ing approach (Chou and Shen 2007a; Nanni et al. 2010).
One feasible solution is base extraction on a fixed length
encoding scheme and couple it with a general purpose
classifier.

In this work, we test three different representations for
proteins: two based on a matrix representation and a third
based on the classical amino acid primary sequence. From
each of these representations, a set of fixed length



An empirical study on the matrix-based protein representations

889

descriptors is extracted. Below, we briefly describe the
representations explored in this study.

We are able to use SVM! as the classifier, because we
adopted a fixed length encoding scheme. SVM is arguably
one of the most widely used techniques for classification. It
arose from the field of statistical learning theory (Cristia-
nini and Shawe-Taylor 2000) and is a binary-class pre-
diction method. The basic idea behind SVM is to find the
equation of a hyperplane that divides the training set into
two classes, with all the points of the same class on the
same side, while simultaneously maximizing the distance
between the two classes and the hyperplane. In those cases
where a linear decision boundary does not exist, kernel
functions are used to project the data onto a higher-
dimensional feature space so that they can be separated by
a hyperplane. Some typical kernels include polynomial
kernels and the radial basis function kernel. In our exper-
iments, all features used for training a SVM are linearly
normalized to [0 1] considering the training data. In each
dataset, the SVM is tuned considering only the training
data (the test is blind) using a gird search approach (Cris-
tianini and Shawe-Taylor 2000).

When a set of descriptors is extracted instead of a single
one, for each descriptor a different SVM is trained, and the
final decision is obtained by combining the pool of SVMs
by the sum rule. The sum rule simply sums the scores
obtained by the pool of SVMs classifiers: let us define SV;
the set of scores obtained by the i-th SVM and k the
number of combined SVMs, then the scores of the
ensemble is given by: > i_; i SV,

The rest of this section includes the explanation of two
descriptors extracted from the classical amino acid primary
sequence (Quasi Residue Couple in “Quasi Residue Cou-
ple (RC)” and Autocovariance approach in sub-Sect.
“Autocovariance approach (AC)”) and several descriptors
(sub-Sects. “Matrix-based descriptors” and “Texture
descriptors”) obtained by a matrix representation of the
protein (Position Specific Scoring Matrix in Sub-sect. “A
matrix representation for proteins: position Specific Scor-
ing Matrix” and Substitution matrix representation in
Sub-sect. “A new matrix representation for proteins: sub-
stitution matrix representation”). A summary of all the
descriptors is reported in Table 2.

A primary representation for proteins: amino acid
sequence (AAS)

The older and most used representation for proteins is the

simple amino acid sequence, which is a linear sequence of

! SVM is implemented as in the LibSVM toolbox http://www.csie.
ntu.edu.tw/ ~ cjlin/libsvm/.

amino acids. The amino acid representation for a given
protein sequence is
P = (p1. p2. - PN)

where p; € A= [A, C, D,...,Y]. This representation has
been proven to be outperformed by several newer repre-
sentation methods, mainly based on the use of physico-
chemical properties of amino acids (Kawashima and
Kanehisa 1999). In this work, we use two descriptors based
on the combination of AAS with physicochemical prop-
erties of amino acids: Quasi Residue Couple (Nanni et al.
2010) and Autocovariance approach (Zeng et al. 2009).

Quasi residue couple (RC )2

Quasi Residue Couple is a model for protein representation
that was inspired by Chou’s quasi-sequence-order model
and Yuan’s Markov chain model (Guo et al. 2005). The RC
encoding scheme combines information related to a fixed
physicochemical property of the protein with the sequence
order effect of the composition of the amino acid. A resi-
due couple model of order less than three is considered to
represent the sequence. For each nonzero entry in the
residue couple, a corresponding value of the selected
property is selected.

The RC model (order m < 3) for a physicochemical
property d, is given by:

1 N—m
Pi(i.j) = N_m Z H;j(n,n+m,d) + H;;(n+ m,n,d),
n=1

ij €[1..20]

where i and j are the 20 different amino acids; N is the
length of the protein; d is the selected physicochemical
property; the function index(i,d) returns the value of the
property d for the amino acid i; and the function H;(a, b,
d) = index(i,d), if the amino acid in location a is i and the
amino acid in location b is j. H;(a, b, d) = 0 otherwise.
Parameter m is the order of the residue couple model.
The feature vector that describes a given protein is a
400-dimensional vector obtained by calculating P4 (i, j) for
each i j couple. In our experiments, we extract the RC
features for m, ranging from 1 to 3. We then concatenate
the resulting descriptors into a 1200-dimensional vector.
We obtain the set of physicochemical properties using
the amino acid index (Kawashima and Kanehisa 1999)
database.” This database currently contains 544 indices and
94 substitution matrices. The amino acid index is a set of
20 numerical values, with each value representing the
different physicochemical properties of amino acids. One

2 Matlab code: http://bias.csr.unibo.it/nanni/QRcouple2.zip.

3 Available at http://www.genome.jp/dbget/aaindex.html. We have
not considered the properties where the amino acids have value O or 1.
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problem using this database is that many physicochemical
properties are highly correlated with each other. We ran-
domly select 50 physicochemical properties, as motivated
in (Nanni et al. 2010).

Autocovariance approach (AC )¢

The Autocovariance approach (Zeng et al. 2009) is a
sequence-based variant of the Chou’s pseudo amino acid
composition. A set of pseudo-amino-acid-based features’
are extracted from a given protein as the concatenation of
the 20 standard amino acid composition values and m
values reflecting the effect of sequence order (where m is a
parameter, here m = 20, denoting the maximum distance
between two considered amino acids i, j). The final

. . _ d d
descriptor is a vector C = (Cy, .. 5 C20, G5 - - .,C20+m)
where Cy, ..., Cy are the 20 standard amino acid compo-
sition values and C§,_,, ..., C4.,, are defined as:

Y (index(A(k),d) —My) - (index(A(k+1),d) — M,
ng:;( (A(k),d) Vdd-)(L(en—l)(( ),d) —Ma)
le[l...m]

where A(k) denotes the index of the amino acid in the kth
position of the protein; N is the length of the protein;
d denotes the selected physicochemical property; the
function index(i,d) returns the value of the property d for
the amino acid i; and My and V4 are normalization factors
denoting the average and the variance of the physicochemical
property d on the 20 amino acids.

1 & .
My = %;mdex(z,d)

1K, . 2
Vi = %Z(mdex(z,d) — My)

i=1

In this work, we consider the vector C = (Cy, ..., Ca,

Chyits--Clo .m) calculated using 50 physicochemical
properties (thus obtaining 50 descriptors).

A matrix representation for proteins: position specific
scoring matrix (PSSM)

PSSM.° first introduced in (Gribskov et al. 1987) for
detecting distantly related proteins, is generated from a
group of sequences previously aligned by structural or

4 Matlab code: http://bias.csr.unibo.it/nanni/EstraggoFeaturesAC.rar.
> Extracted by the matlab code shared by the original authors.

° For extracting PSSM, after installation of PSI-BLAST, with Matlab
to use system(’blastpgp.exe -i input.txt -d D:\PSI-BLAST\swissprot -

Q PSSM.txt -j 3”); where: input.txt is the protein sequence; PSSM.txt
contains the PSSM matrix.
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sequence similarity. Position-specific iterated BLAST
(PSI-BLAST) is the most commonly used application. It
compares PSSM profiles for detecting remotely related
homologous proteins or DNA.

PSSM considers the following parameters:

1. Position, which indicates the sequentially increased
index of each amino acid residue in a sequence after
multiple sequence alignment;

2. Probe, which is a group of typical sequences of
functionally related proteins that have been aligned by
sequence or structural similarity;

3. Profile, which is a matrix of 20 columns corresponding
to the 20 amino acids;

4. Consensus, which is the sequence of amino acid
residues that is most similar to all the alignment
residues of probes at each position. The consensus
sequence is generated by selecting the highest score in
the profile at each position.

A PSSM representation for a given protein sequence of
length N is an N x 20 matrix. Each element PSSM(i,j) of
the matrix is obtained by the following formula:

20
PSSM(i,j) = > w(i,k) x Y(j,k) i=1.N,j=1.20
k=1

where w(i,k) is the ratio between the frequency of appearing
the kth amino acid (among the 20 amino acids) at the position
i of the probe and total number of probes, and Y(j,k) is the
value of Dayhoff’s mutation matrix between the jth and kth
amino acids (Y(j,k) is a “substitution matrix”’) .

A large value of the score PSSM(i,j) indicates a highly
conserved position and a small value indicating a weakly
conserved position. While the formations of PSSM are
slightly different from one application to another, the
principles are very much the same. In our study, we used
PSI-BLAST to create PSSMs for each protein sequence.

A new matrix representation for proteins: substitution
matrix representation

We named Substitution Matrix Representation (SMR), a
variant of a representation method proposed by (Yu et al.
2011). A SMR for a given protein of length Nis a N x 20
matrix where each element SMR(i,j) of the matrix is
obtained as®:

7 A “substitution matrix” describes the rate at which one character in
a protein sequence changes to other character states over time.
Substitution matrices are usually seen in the context of amino
acid or DNA sequence alignments, where the similarity between
sequences depends on their divergence time and the substitution
rates as represented in the matrix. (http://en.wikipedia.org/wiki/
Substitution_matrix, Accessed 07/14/2012).

8 Matlab code: http://bias.csr.unibo.it/nanni/SMR.rar.
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SMR(i,j) = M(P(i),j) i=1...N,j=1...20

where M is a 20 x 20 substitution matrix, whose element
M; ; represents the probability of amino acid i mutating to
amino acid j during the evolution process and P = (p;, p2,
..., pn) is the given protein.

The representation matrix SMR of a given protein has
the same dimension of its PSSM, therefore they can be
used to calculate the same set of fixed-length descriptors.
Here, we have used the “STROMA score matrix for the
alignment of known distant homologs” (Kawashima and
Kanehisa 1999) as substitution matrix since it works well
on average in the tested datasets, to improve the perfor-
mance it is possible to use different substitution matrix for
building an ensemble of SMRs.

Matrix-based descriptors

In this subsection, the fixed length descriptors extracted both
from PSSM and SMR matrix representations are explained.

Average blocks

This descriptor, originally proposed by (Jeong et al. 2011)
for the PSSM representation, is based on a local average of
the input matrix Mat of dimension N x 20. The descriptor
AB is a fixed length vector of 400 elements:

. N .
AB(k) NZMat(er(t—l)*zO,J)
i=1.20j=1.20k=j+20x(i—1)

where k is a linear index used to scan the cells of Mat.
Thus, the final descriptor is a vector obtained as the aver-
age of Mat blocks (each related to the 5 % of a sequence).

Single average

This descriptor (Garg and Gupta 2008) is a variant of the
previous one, designed to consider domains of a sequence
with similar conservation rates. The rationale of this
descriptor is to group together rows related to the same
amino acid.

We tested two variant of the single average descrip-
tor:SA performs a matrix normalization using a sigmoid
function by which each matrix element is scaled to a range
[0, 1], SA1° does not perform normalization.

The descriptors SA (SA1) is a fixed length vector of 400
elements:

SA(k) = avg,_; yMat(i,j) * 6(P(i),A(z))
2=1.20j=1.20,k=j+20x (z—1)

° Matlab code: http://bias.csr.unibo.it/nanni/SAl.rar.

where k is a linear index used to scan the cells of Mat, and
(-, -) is the delta function.

Average similar cells

This descriptor (Jeong et al. 2011) is a variant of the pre-
vious one, which considers only positive cells as the
average. The descriptor ASC is a fixed length vector of 400
elements:

ASC(k) = avg,_;_yp(Mat(i,j)) = 6(P(i), A(z))
z=1,..,20,j=1,..,20x (z— 1)

where k is a linear index used to scan the cells of Mat,
A=[A,CD, ..,Y] is the ordered set of amino acids, P is
the given protein, o(-,-) is the delta function and p(-) is a
function that selects only positive values (therefore only
positive cells are considered in the average).

(x) = x ifx>0
PYI=90 otherwise

Autocovariance matrix

This descriptor proposed in (Yang et al. 2010) is aimed at
avoiding the loss of the local sequence-order information.
Autocovariance variables are applied to each column of the
input matrix to reduce each column to a fixed length of one.
In this work, an autocovariance matrix (AM) is 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.
AM can be calculated as follows:

N—lag

AM(k) = 5 _1 T Z (Mat(i,j) - %ZMat(i,j))

i=1 i=1

1 &
x | Mat(i + lag,j) — N g Mat(i, )
—

4

j=1.20,lag = 1..15,k = j + 20 x (lag — 1)

where £ is a linear index used to scan the cells of Mat, lag
denotes the distance between one residue and its neighbors
and N is the length of the sequence.

Pseudo PSSM

This Pseudo PSSM approach (PP)'° is one of the most used
descriptor (e.g. Fan and Li 2011; Jeong et al. 2011) for
protein giving its PSSM. In this work, we extend its use
also to SMR. To avoid complete loss of the sequence-order
information, the concept of the pseudo amino acid com-
position is adopted. Given an input matrix Mat of dimen-
sion N x 20, we define:

1 Matlab code: http://bias.csr.unibo.it/nanni/PP.rar.
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. Mat(i,j) — 5522 Mat(i, v)
E(i,j) = 2 =
o Zu l(Mat(l i) — 35 9 Mat(i, v))
=1...20,j=1...20
= . R | = 1, .o ey
T la z” “‘gw J) — E(i +lag )" 7

P-1
LTP(P,R) =Y s(u, —x)2"  where
0

=
Lx>rt
s(x)=¢ —lx< —1
0, x| <z
20
20,lag = 1...15

k=20+j+20- (lag—1)

The final descriptor is a vector PP of length 320.
Texture descriptors

Both PSSM and SMR matrix representations for proteins
can be treated as images and used to extract texture
descriptors. In this work, we test two high performing
descriptors (detailed in the following sub-sections): local
ternary pattern (LTP) (Tan and Triggs 2007) and local
phase quantization (LPQ)!! (Ojansivu and Heikkila 2008).
Both the descriptors are extracted according to a global and
a local evaluation after that the matrix/image has been
normalized between O and 255 (as a standard image).

According to the different methods, we obtain the fol-
lowing couple of descriptors:

ImGy 1p and ImGy pg are obtained by extracting a single
descriptor (LTP or LPQ) from the whole matrix/image;
ImL; 1p and ImL; pg are obtained by dividing the image
in ten blocks each of dimension (N/10) x 20 and
extracting the texture descriptors from each block; the
resulting 10 vectors are finally concatenated for describ-
ing a given protein.

Local ternary patterns (LTP)

The LTP descriptor (Tan and Triggs 2007) is a variant of
LBP (Ojala et al. 2002). Both the LBP and the LTP
operators quantize the difference of each pixel x and its P
neighboring pixels u,, on a circle of radius R around x. A
histogram is then computed from these differences. LBP
uses a binary encoding scheme that has the disadvantage of
being sensitive to noise in the near-uniform regions. LTP
solves this problem using 3 values instead of 2 to encode
the difference between a pixel x and its neighbor u. The
LTP operator is defined as follows:

T Matlab code: http://www.cse.oulu.fi/fCMV/Downloads/LPQMatlab.
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The descriptor is constructed by transforming the
ternary pattern into two binary patterns according to its
positive and negative components. Two histograms are
computed, one for the positive and one for the negative
pattern, using a threshold value of 7. The two histograms
are then concatenated. In this work, we report the
performance obtained using the rotation invariant uniform
bins and the uniform bins which we name ImGjtp,,
ImGy tp, and ImL; p,, ImL; 1p,, Where subscript » stands
for the rotation invariant uniform bins and subscript
u stands for uniform bins. Our final descriptor has been
obtained by concatenating the extracted features.'> The
features were obtained in the experimental section with
settings (P =8, R=1) and (P = 16, R = 2).

Local phase quantization

The LPQ operator, first proposed in (Ojansivu and Heikkila
2008), is based on the blur invariance property of the
Fourier phase spectrum. LPQ uses the local phase infor-
mation extracted from the two-dimensional short-term
Fourier transform (STFT) computed over a rectangular
neighborhood defined by each pixel position. Only four
complex coefficients are considered. They correspond to
four fixed two-dimensional frequencies, which are sepa-
rated into real and the imaginary parts and quantized as
integers between 0 and 255 using a binary coding scheme
[see (Ojansivu and Heikkila 2008) for mathematical
details]. A histogram of these integer values is then com-
puted and used as the feature vector. The histogram is
normalized by dividing each element with the sum of the
values of the histogram before it is used to train a classifier.
In this work, we report the performance obtained using
concatenated features extracted'> by LPQ with radius 3 and

'2 Implementing LTP from the matlab LBP code available at http://
www.cse.oulu.fi/CMV/Downloads/LBPMatlab.

13 Using the matlab code of LPQ available at http://www.ee.oulu.fi/
mvg/download/lpq/.
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Table 1 Summarized description of the datasets (if available the number of training and independent samples is given in column #Samples)

Name References Short name  #Samples #Classes  Protocol

Membrane sub-cellular (Chou and Shen 2007c) MEM 3249 + 4333 8 Independent training and testing sets
DNA-binding proteins (Guo et al. 2008) DNA 349 2 Tenfold cross validation

Enzyme (Nanni et al. 2009) ENZ 1,094 2 Tenfold cross validation

GO dataset (Nanni et al. 2009) GO 168 4 Tenfold cross validation

Human interaction (Pan et al. 2010) HI 8,161 2 Tenfold cross validation
Submitochondria locations (Du and Li 2006) SL 317 3 Tenfold cross validation

IsEnzyme (Lu et al. 2007) 1IE 7,329 2 Tenfold cross validation

Virulent independent set 1 (Garg and Gupta 2008) VIl 2,055 + 83 2 Independent training and testing sets
Virulent independent set 2 (Garg and Gupta 2008) VI2 2,055 + 284 2 Independent training and testing sets

5. The Gaussian derivative quadrature filter pair is used for
local frequency estimation.

Experiments

This section reports the results of an experimental evalu-
ation of the protein descriptors with the aim of sequence-
based protein classification performed on several datasets.

Datasets, testing protocols and performance indicators

The proposed approach has been evaluated on the follow-
ing datasets, according to the testing protocols suggested
by their creators. A brief summary description of each
dataset and its testing protocol is reported in Table 1.

Membrane sub-cellular (MEM) (Chou and Shen 2007a):
this dataset contains membrane proteins that belong to eight
membrane types: (1) single-pass type I transmembrane, (2)
single-pass type II, (3) single-pass type III, (4) single-pass
type IV, (5) multipass transmembrane, (6) lipid-chain-
anchored membrane, (7) GPI-anchored membrane, and (8)
peripheral membrane. The goal of this dataset is to classify a
given query protein in a given localization. All proteins in the
same subcellular location have less than 80 % sequence
identity. The testing protocol is based on a given subdivision,
each of which is divided into training (3,249 proteins) and
testing (4,333 proteins) sets.

DNA-binding proteins (DNA) (Guo et al. 2008): this
dataset contains 118 dna-binding proteins and 231 non-
DNA-binding proteins and have less than 35 % sequence
identity between each pair.

Enzyme (ENZ) (Nanni et al. 2009): this dataset was
created using the PDB archive and includes proteins
annotated as enzymes, specifically 381 hydrolases and 713
enzymes of different kinds.

GO dataset (GO) (Nanni et al. 2009): this dataset was
extracted from the PDB archive by selecting proteins
according to GO annotations. It distinguishes the biological

processes “immune response” (33 proteins) and “DNA
repair” (43 proteins) and the molecular functions “sub-
strate specific transporter activity” (39 proteins) and
“signal transducer activity” (53 proteins). The presence of
highly similar proteins within the same class was avoided
by removing sequences which had more than 30 %
identity.

Human interaction (HI) (Pan et al. 2010): The positive
protein—protein interaction (PPI) dataset (Pan et al. 2010)
was downloaded from the human protein references data-
base (HPRD, June 2007 version). This version of HPRD
contains 38,788 protein—protein pairs of experimentally
verified PPIs from 9,630 different human proteins. Self-
interactions and duplicate interactions from the dataset
were eliminated to obtain 36,630 unique positive protein—
protein pairs. The benchmark negative dataset was
obtained from the Swiss-Prot database (version 57.3
released on 26 May 2009) by selecting 36,480 protein
couples with different cellular compartments, each of
which do not interact with each other [see (Pan et al. 2010)
for details]. The final dataset was constructed from the
original benchmark dataset by excluding proteins having
more 25 % sequence identity to any of the other proteins.
Screening was accomplished using the PISCES program.
No protein pair in the remaining dataset has sequence identity
higher than 25 %. In this way, the number of proteins in the
positive dataset was reduced from 9,630 to 2,502, and the
number of proteins in the negative dates was reduced from
2,184 to 661, for a total of 3,899 positive samples of protein
pairs and 4,262 negative samples of protein pairs.

Submitochondria locations (SL) (Du and Li 2006): this
dataset contains 317 proteins classified into three sub-
mitochondria locations: 131 inner membrane proteins; 41
outer membrane proteins; and 145 matrix proteins. Not
more than 40 % similarity was allowed (i.e., the identity
between any 2 sequences in the processed dataset had to be
less than 40 %). This value was required to obtain a bal-
ance between the homologous bias and the size of the
training set.
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IsEnzyme (IE) (Lu et al. 2007): this dataset contains
2,443 enzymes and 4,886 non-enzyme proteins selected
such that each protein shared not more than 25 % of
identities with any other.

Virulent datasets 1 and 2 (VI1, VI2) (Garg and Gupta
2008): this dataset contains bacterial virulent protein
sequences which were retrieved from the SWISS-PROT
and VFDB (an integrated and comprehensive database of
virulence factors of bacterial pathogens). The two indepen-
dent sets share the same training set which consists of 1,025
virulent and 1,030 non-virulent bacterial sequences. The
Virulent Independent dataset 1 (VI1) consists of 83 protein
sequences, selected such that there are no two sequences that
are more than 40 % similar. The Virulent Independent dataset
2 (VI2) consists of 141 virulent and 143 non-virulent
sequences from bacterial pathogen sequences of organisms
which were not represented in the training set.

In this work, we use three performance indicators: the
classification accuracy, the area under the ROC curve
(AUC) (Fawcett 2004) and the statistical rank. The accu-
racy is the ratio between the number of sample cases cor-
rectly classified and the total number of sample cases. The
ROC curve is a graphical plot of the sensitivity of a binary
classifier versus false positives (1 — specificity), as its
discrimination threshold is varied; its area is a scalar
measure that 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.
When a multiclass dataset is used, the one-versus-all area
under ROC curve is used as performance indicator
(Landgrebe and Duin 2007). The area under the ROC is
considered one of the most reliable performance indicators
(Qin 2006) as it is based on both sensitivity and specificity.
The statistical rank reports the relative position of a method
against the other tested: the average rank is the most stable
indicator to average performance on different datasets, it is
calculated using the Friedman’s test (alpha = 0.05)
applying the Holm post hoc procedure (Ulas et al. 2012).

Experimental results

The first experiment is aimed at comparing all the
descriptors detailed in “Pattern representation and feature
extraction” and summarized in Table 2, thus considering
only stand-alone classification approaches.

In Tables 3 and 4, we report the accuracy and the AUC
of each stand-alone approach.'* From the results reported
in the previous Tables, we can draw the following
conclusions:

4 The Tables 3 and 4 with standard deviations, for the datasets
where a cross validation testing protocol is used, are available at:
https://www.dropbox.com/s/k9szugy2at896j1/tabelleConSTD.docx.

@ Springer

Table 2 Summary of the descriptors

Descriptors

Protein representation Descriptor Size
AAS 2G 400
RC 1,200
AC 40
PSSM/SMR Matrix-based
AB 400
ASC 400
AM 300
SA 400
SAl 400
PP 320
Texture-based 640
ImGy rpy
ImGy 1p; 56
ImGy pq 256
ImL; 1p, 6,400
ImL; rp, 560
ImL; pq 2,560

1. PP and SAI are, on average, the best approaches using
PSSM as protein representation;

2. PP and ImGLPQ are, on average, the best approaches
using SMR as protein representation;

3. In large datasets (i.e. MEM and HI), the superiority of
PP is not confirmed (mainly in the HI dataset);

4. RC outperforms AC in large datasets, while AC
outperforms RC in the smaller dataset. Probably this is
due to the high dimensionality of the feature vector
extracted by RC that needs a large training set for
avoiding the curse of dimensionality problem;

5. On average, PSSM representation outperforms SMR
(which is based on the amino acid sequence), anyway
SMR (also if only one physicochemical property is
used) is comparable with the descriptors based on
amino-acid sequence (RC and AC);

6. RC outperforms (or obtains similar performance) also
PP extracted from the PSSM (PPPSSM) representation
of the proteins in large datasets but in the smaller ones
PP"SM wins:

7. It is interesting to note that InGLPQ (one of the novel
descriptors here proposed) is the best approach among
the tested descriptors extracted from PSSM and SMR
representation in the HI dataset (the larger tested
dataset), it also outperforms AC.

As a second experiment, we tested some ensemble
approaches based on fusion of the following descriptors
(Tables 5, 6) over all the nine datasets,:

8. S2: fusion by sum rule of RC and AC;


https://www.dropbox.com/s/k9szugy2at896j1/tabelleConSTD.docx
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Table 3 Comparison among stand-alone approaches in terms of accuracy

Accuracy Datasets

Protein representation Descriptor MEM DNA ENZ GO HI SL 1IE VIl VI2 Rank

AAS 2G 89.2 82.0 45.0 39.1 92.1 67.4 67.3 73.1 68.5 11
RC 90.7 82.9 45.7 39.4 95.6 70.7 70.3 75.9 70.8
AC 88.4 86.8 44.6 50.6 90.2 82.9 69.7 73.1 69

PSSM AB 92.1 78.5 51.7 51.9 91.4 81.0 68.2 73.2 67.5 18
SA 88.8 87.9 432 55.6 90.2 83.9 80.2 72.3 78.5 3
SA1 89.9 92.1 46.6 58.1 90.2 87.1 81.6 75.5 82.8 1
ASC 91.2 84.1 47.6 46.9 93.0 83.2 79.2 74.1 79.5 7
AM 84.0 80.0 44.5 44.4 94.1 77.4 73.2 64.7 75.1 14
PP 92.3 88.5 57.1 62.4 88.6 87.1 81.5 75.9 83 2
ImGy 1py 84.2 78.8 45.8 49.4 81.5 77.1 73.2 66.6 73.2 16.5
ImGy tp, 89.0 78.2 45.6 431 94.4 78.7 74.0 65.2 74.1 19
ImG; pq 89.5 84.7 46.5 51.3 93.2 81.6 74.1 67.5 76.8 6
ImLy p, 84.9 79.7 46.0 48.8 81.4 77.1 72.2 65.2 75.1 15
ImLy p, 79.7 75.3 42.8 33.8 69.9 42.6 60.5 58.5 52.3 21
ImL; pg 82.1 75.9 44.0 33.8 81.4 42.6 59.8 59.0 56.8 20

SMR AB 88.4 73.8 434 36.3 92.8 77.1 70.7 64.2 63.2 24
SA 85.3 82.9 43.8 41.9 79.1 76.1 70.1 63.2 63.0 9
SAl 85.3 82.9 43.8 41.9 79.1 76.1 70.0 62.8 62.9 9
ASC 87.8 78.8 422 35.0 91.8 75.8 69.7 62.5 62.2 16.5
AM 16.7 67.9 22.8 30.0 53.5 484 50.0 60.0 61.0 27
PP 90.6 85.3 44.5 48.1 87.9 82.9 72.6 77.1 69.4 5
ImG; tpy 82.3 72.6 42.5 36.9 85.6 70.3 65.2 61.2 63.1 25
ImGy 1p, 84.3 74.4 425 36.9 93.8 72.3 68.3 62.0 60.3 22
ImGy pg 85.1 81.5 44.4 40.6 94.2 76.1 70.1 66.3 68.7 12.5
ImL; 1py 82.2 72.4 425 36.9 86.6 70.3 62.3 60.5 58.5 26
ImLy 1p, 80.8 74.1 425 36.9 79.0 42.6 55.5 57.2 60.1 23
ImL; pq 82.8 81.5 444 36.9 86.0 42.6 54.2 56.3 65.1 12.5

Bold values represent the best result in each dataset

9. WS2: Fusion by weighted sum rule among descriptors
based on PSSM representation (WS2P5SM =3 x
PPPSSML ImGLPQ"SM), this ensemble is designed
to show the usefulness of the LPQ descriptor coupled
with PP both based on PSSM representation;

10. WS3: Fusion by weighted sum among RC, AC and PP
extracted from the PSSM representation of the
proteins (WS3 = RC + AC + 3 x PP” SSMy.

11. WS8: Fusion by weighted sum among RC, AC
(weight 1), PP extracted from the PSSM representa-
tion of the proteins (weight 4), PP extracted from the
SMR representation of the proteins (weight 1),
ImGy pq extracted from the PSSM representation of
the proteins (weight 1), ImGypg extracted from the
SMR representation of the proteins (weight 1), SA1
extracted from the PSSM representation of the
proteins (weight 2), SA1 extracted from the SMR
representation of the proteins (weight 1); (WS8 =
RC + AC + 4 x PP"S5M 4 pPSMR o ImGPRM +
ImGPNVG + 2 x SAIPSSM - SASMR)

The weights and the selection of the methods of WS2,
WS3 and WS8 were done by considering all the datasets
used in the first experiment. When a large training set
is available, it is also possible to tune the ensemble creation
in order to optimize the performance. For example, if
in HI we define an ensemble WSHI =2 x RC +
ImGE%SQM + Imell\fg we obtain an accuracy of 95.91 and
an AUC of 98.98.

In the following test, we show our motivation of the
parameters setting of RC; in Table 7, we report the per-
formance of RC withm =1, RCm =2, and RCm =3
compared with the RC as used in the previous tests (sub-
Sect. “Quasi residue couple”). It is clear that our concat-
enated descriptor RC is better the RC with a single value of
m.

We can also compare our results with other recent state-
of-the-art approaches where the same testing protocol is
used. For example in (Chou and Shen 2007c), an accuracy
of 91.7 % is reported in the MEM dataset, while our best is
94.14 % (WS3), while in HI dataset the best methods
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Table 4 Comparison among stand-alone approaches in terms of AUC

AUC Datasets
Protein representation Descriptor MEM DNA ENZ GO HI SL IE VII VI2 Rank
AAS 2G 94.0 87.0 68.3 64.8 93.4 81.1 70.0 84.2 74.8 11
RC 96.2 86.7 65.5 65.7 98.9 82.9 71.1 86.1 76.3 12
AC 93.6 91.2 66.7 72.2 95.9 92.6 73.5 85.1 76.8 4
PSSM AB 93.4 773 73.5 73.9 96.4 89.9 82.1 71.5 82.2 22
SA 93.9 93.0 68.0 75.9 95.7 94.2 87.0 79.2 86.2 3
SAl 95.4 95.3 72.3 79.1 95.9 93.8 87.3 80.2 87.0 1
ASC 95.8 90.7 66.9 68.6 97.5 93.0 85.6 78.9 84.8 5
AM 90.9 84.7 68.0 68.7 98.3 86.0 78.5 75.2 78.5 15
PP 96.0 95.0 78.0 84.0 94.8 94.2 87.2 80.6 87.3 2
ImGy tpy 91.7 85.9 62.4 72.9 89.4 86.6 78.2 75.3 79.1 13.5
ImGy tp, 93.6 89.5 66.8 65.4 98.3 90.6 79.0 76.8 84.2 10
ImGy pq 93.4 90.5 66.8 74.1 97.6 90.7 79.2 76.1 83.9 8
ImL; tpy 92.1 85.9 62.9 72.9 88.8 86.6 77.8 76.0 82.1 13.5
ImLy p, 89.5 80.5 58.0 44.8 92.3 443 64.2 69.0 68.2 21
ImL; pg 93.4 83.0 62.0 51.3 93.5 50.5 65.2 70.0 71.8 19
SMR AB 90.3 72.4 57.6 55.6 96.9 86.8 73.4 77.5 72.5 26
SA 90.3 90.6 62.1 68.9 84.8 87.7 73.1 77.2 72.0 6.5
SA1 90.3 90.6 62.2 68.9 84.8 87.7 73.1 774 69.9 6.5
ASC 94.8 83.5 58.3 62.3 96.2 85.9 72.3 72.8 67.5 18
AM 54.0 57.5 52.7 51.6 52.9 58.9 52.1 55.5 56.2 27
PP 93.4 90.1 65.3 72.3 93.8 93.3 74.7 81.8 75.0 9
ImGy 1py 87.6 76.4 60.7 59.5 91.0 82.7 714 74.3 72.2 24
ImGy 1p; 91.0 80.9 61.5 59.4 97.9 83.2 71.7 74.1 72.1 20
ImGy pg 92.2 84.3 61.9 64.6 98.2 85.5 72.5 814 71.0 16
ImL; 1py, 87.4 76.3 60.7 59.5 91.6 81.8 70.7 72.2 66.8 25
ImLy tp, 89.8 76.8 57.2 47.7 94.4 43.6 58.6 54.9 59.2 23
ImL; pq 92.2 84.1 60.9 51.2 95.4 494 60.2 63.2 66.3 17
Bold values represent the best result in each dataset
Table 5 Comparison among ensembles and best stand-alone in terms of accuracy (with standard errors)
Accuracy Datasets
MEM DNA ENZ GO HI SL IE VI VI2 Rank
Best Stand-Alone
RCAAS 90.7 829 + 144 457 + 1.61 394 +3.85 95.6 + 0.33 70.7 £ 2.47 703 £1.62 759 708 10
ACAAS 88.4 86.8 £2.12  44.6 + 147 50.6 £+ 4.61 90.2 £ 030 829 +1.93 69.7 £ 1.79 83.1 69 7
pprssM 923 885+ 1.67 57.1+£099 624 +3.10 88.6 £0.52  87.1 £245 815+ 130 759 83 5
SA1PSSM 89.9 92.1 + 1.71 46.6 £ 1.00 581336 902 +0.35 87.1 + 2.68 81.6 + 1.85 75.5 82.8 6
ppSMR 90.6 853+ 1.70 445+ 1.02  48.1 +4.57 87.9 £ 0.28 829+ 152 726+1.80 77.1 69.4 8
ImGLPQ™S™ 89,5 84.7 £ 151 465+ 1.05 51.3+£346 932+£027 81.6+215 741£172 675 768 9
ImGLPQSMR 85.1 81.5 + 1.81 444+ 078 406 £339 942+020 761 £+ 1.68 70.1 + 1.43 66.3 68.7 11
Ensemble
S2 90.8 853+ 1.62 51.1+£138 494 +444 943 +028  76.8 +2.29 72.1 £ 1.59 84.3 70.8 3
WwS2 93.3 909 +£1.59 598 +£096 625+ 3.11 919 £ 026  87.4 +2.26 815+ 144 77 83.1 2
WS3 93.1 91.5 + 1.61 56.8 + 0.97 619 +£3.09 935+ 0.25 87.7 £2.23 792+ 142 748 838 4
WS8 94.1 90.3 £ 1.57 56.2 + 1.25 59.4 £ 3.23 93.1 £0.25 85.8 £2.13 81.5 + 1.38 85.5 81.7 1

Where results were obtained from a single repetition (MEM, VII1, VI2), the standard error is not reported

Bold values represent the highest value in each dataset
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Table 6 Comparison among ensembles best stand-alone in terms of AUC (with standard errors)
Best Stand-Alone  Datasets

MEM DNA ENZ GO HI SL 1IE VI VI2  Rank
AUC
RCAAS 96.2 86.7 £ 1.61 655+098 657+285 989 +024 8294157 71.1+£1.74 86.1 763 10
ACAAS 93.6 912 £ 134 667 096 722+261 959+£027 926=+£071 735+180 851 768 7
ppFSsM 96 95 £ 1.11 78 £ 0.87 84 £1.82 948 +£030 942 4+0.55 872+133 80.6 873 5.5
SAPSSM 95.4 953+ 123 723 £098 79.1 £225 959+£0.28 938+068 873+122 802 870 5.5
ppSMR 93.4 90.1 £ 145 653 +£1.13 723 +279 938 +£033 933+063 747+157 81.8 750 9
ImGLPQFSM 934 9054145 668 +126 7414277 97.6+027 90.7+097 7924145 751 839 8
ImGLPQSMR 922  843+£193 619+1.06 646+28) 982+025 855+120 725+173 814 710 11
Ensemble
S2 96.2 93 £ 1.11 706 £096 724 +239 984 4+026 908+097 744+161 873 772 4
WS2 96.5 957+ 1.01 794 +0.89 84.4 + 1.64 97 £ 024 943 +063 87.6+ 134 803 879 2.5
WS3 96.6 95.8 £ 098 789 +0.85 83.1 £ 1.66 98 £ 028 938 +0.53 872+134 87.1 879 1
WS8 96.8 959 +£ 096 794 +0.88 828+ 163 9764021 949 +049 875+133 871 875 2.5
Bold values represent the highest value in each dataset
Table 7 Comparison among different RC descriptors
AUC Datasets
Descriptor MEM DNA ENZ GO HI SL IE VI1 VI2 Rank
RCm=1 95.3 85.0 60.6 64.0 96.5 78.1 69.3 84.5 74.3 4
RCm=2 95.8 86.2 63.4 66.1 97.1 79.9 69.5 86.0 74.9 2
RCm =3 96.8 85.8 62.0 65.3 97.0 79.5 70.8 85.7 75.6 3
RC 96.2 86.7 65.5 65.7 98.9 82.9 71.1 86.1 76.3 1
Bold values represent the highest value in each dataset
Table 8 Comparison with some state of the art approaches atpproatches15 is reported in terms of accuracy for the multi-
Performance indicator AUC Accuracy class datasets and AUC for the two-class dfcltasets.

In Table 9, we report some results obtained on the HI

Method DNA ENZ HI MEM GO dataset unbalancing the training data (since the original
Chou and Shen (2007¢)  — _ _ 917 _ dataset is almost perfectly balanced, which does not illus-
Pan et al. (2010) _ _ 0820 — _ trate the true distribution of the data). The unbalancing of
Wang et al. (2012) _ _ _ 927 _ the training data has been obtained by undersampling the
Nanni et al. (2009) 933 725 _ _ 500  Positive class to a ratio of “n/p” (n negative samples for
WS3 959 794 9760 94.1 s94 P positive samples). The results reported in Table 9, which
WS 958 790 9840 937 62.5 have been obtained as the average of ten experiments, are
WSHI B B 98.98 _ 7 related to some stand-alone approaches and to the best

Bold values represent the highest value in each dataset

reported in (Pan et al. 2010) obtains an accuracy of 96.4
and AUC of 98.20 which are comparable to WS8. In a
recent paper (Wang et al. 2012), based on the fusion of
PSSM-based features and pseudo amino acid composition,
obtained in the MEM dataset an accuracy of 92.71 %.
In Table 8, a comparison with some state-of-the-art

ensemble for this dataset, i.e. : WSHI which is more robust
than the stand-alone approaches with unbalanced training
sets.

Finally, for a better comparison of the tested approaches
on the different datasets, we report in Fig. la comparative

15 Only results from methods that use the same testing protocol are
reported (the results obtained by leave-one-out cross validation are
not considered).
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graph that shows in more detail which methods are good/
bad overall or just for a specific dataset.

Finally, for a statistical validation of our experiments,
we have used the Wilcoxon signed rank test (Demsar

Table 9 Comparison among methods in terms of AUC considering
an unbalanced dataset

AUC HI
Method Balanced 3/1 10/1 30/1
RC 98.90 98.50 91.50 89.65
ImGPME 97.60 97.35 92.00 90.25
ImGr3g” 98.20 97.10 91.65 88.75
WSHI 98.98 98.92 94.85 92.25

Bold values represent the highest value in each dataset

Fig. 1 Comparison among best
approaches (AUC)

2006) among each couple of methods in Table 10 reporting
different p values (“~” indicates no statistical difference with
a p value higher than 0.10). We have used the Bonferroni-
Holm (Holm 1979) correction for multiple comparisons.

The most interesting results among those reported in
Table 10 are:

1. WSS outperforms with p values of 0.05 or 0.01 all the
stand-alone methods;

2. 'WS2 outperforms with p values of 0.01 both the stand-
alone methods that belong to that ensemble;

3. S2 outperforms with a p value of 0.05 both the stand-
alone methods that belong to that ensemble.

4. Among the three proposed ensemble, there is not a
clear winner.

Table 10 Wilcoxon signed rank test among best approaches using AUC as performance indicator

PSSM

RCAAS ACAAS pprssM ppSMR ImG} 3o ImGPrS S2 wS2 WS3 WS8
RCAAS _
ACAAS _ _
ppPssM 0.05 0.05 -
PPSMR - - 0.05 -
ImGl o - - 0.01 - -
ImGPYS 0.1 0.05 0.05 0.05 0.1 -
S2 0.05 0.05 - 0.05 - 0.01 -
WS2 0.05 0.05 0.01 0.01 0.01 0.01 0.1 -
WS3 0.01 0.01 0.1 0.01 0.01 0.01 0.05 - -
WS8 0.05 0.01 0.05 0.01 0.01 0.01 0.05 - - -
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Discussion

The results in Tables 2 and 3 show that there is not a
representation which is superior to all the other in all the
tested dataset. This fact, known as the “no free lunch”
theorem in machine learning, means that no representation
can be better than all others for all problems. To find the
best for one problem you have to tune a system to the
problem at hand. The results of our experiments can be
viewed as an aid to make a choice on the base of the
problem to be solved. In particular, we can draw the fol-
lowing conclusions:

1. PSSM is a good protein representation which works
well mainly with PP and SA1 approaches;

2. Giving a texture representation to proteins and using a
texture descriptor gives encouraging results: InGLPQ
is one of the best approaches using SMR as protein
representation. The results of WS2 shown that it could
be coupled with PP for improving its performance.

3. The size of datasets seems to play a main role in the
choice of protein representation in fact the variation of
performance among descriptors is stronger among in
large datasets; in particular, approaches that use a high
dimensional representation (e.g. RC) require larger
dataset to avoid the curse of dimensionality. Moreover
notice that when a large training set is available, it is
possible to optimize the performance tuning the weights
of a weighted sum rule, e.g. the weighted sum rule
2 x RC + ImGES:%M + Imell\:’lg obtains an accuracy of
95.91 and an AUC of 98.98 in the HI dataset.

4. From the results reported Tables 4 and 5, we can
conclude that designing an ensemble can be a smart
method to improve the system performance: all the
three reported ensembles outperform the stand-alone
methods that built each ensemble. In particular, WS2,
WS3 and WS8 work well, on average, on all the tested
datasets and this is very useful for practitioners.

In the literature, there are several papers recently pub-
lished based on the ensemble of descriptors, anyway most
of them are tested on few datasets; in this work, differently
from other recent papers, we propose an ensemble of
descriptors/classifiers for sequence-based protein classifi-
cation which works well on several datasets. Furthermore,
instead of developing a web server, we share almost all the
Matlab codes of the proposed approached (see the
footnotes).

Conclusions

In this paper, we have presented an empirical study where
different feature extraction approaches for representing

proteins are compared and combined. Moreover, novel
configurations based on PSSM and the substitution matrix
are proposed for the first time and evaluated. Our experi-
ments produced a number of statistically robust results
regarding the generality and robustness of our system
across an extensive evaluation of different datasets. Two
main conclusions can be drawn from the results: (1) our
proposed ensemble on average works well on all the tested
datasets and would thus be very useful for practitioners;
and (2) in the larger dataset (HI), ImGipg (a novel
approach proposed in this paper) is the best approach
among the tested descriptors extracted from PSSM.

In this work we used a single SMR representation (i.e.
SMR is created from a pre-fixed substitution matrix): one
of the main advantages of SMR (not yet explored in this
work) is the possibility to be defined starting from different
substitution matrices. As a future work, we plan to design
an ensemble to exploit the advantage of the fusion of dif-
ferent SMR representations.

To further improve the performance of our methods, we
plan on testing more classification approaches. In particu-
lar, we plan on investigating the performance of ensembles
using AdaBoost and Rotation forest (Rodriguez et al. 2006)
as classifiers. The main drawback using these ensemble
methods is that they require more computational power
than SVM, the classifier used in this work. This is not a
problem for the testing phase, but in the training phase, this
would be a drawback if we want to compare several
descriptors using a set of different (and preferably large)
datasets.

For example, we have run some tests using a very dif-
ferent descriptor based on cloud of points (CP), see (Nanni
2005) for details, where from each protein patches of 30
amino acids are extracted. Each patch is described using
AC and a one-class radial basis function SVM is trained for
each protein. Finally the classifier profiles, see (Nanni
2005) for details, of each proteins are used to train Lib-
SVM. CP obtains in the MEM dataset an accuracy of
0.84 % and an AUC of 0.91, when it is combined with
WS3 it permits to improve its performance, i.e. the fusion
CP + RC + AC + 3 x PP obtains an accuracy of
0.94 and an AUC of 0.97 (in the MEM dataset).
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