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Abstract Given a protein that is localized in the mito-
chondria it is very important to know the submitochondria
localization of that protein to understand its function. In
this work, we propose a submitochondria localizer whose
feature extraction method is based on the Chou’s pseudo-
amino acid composition. The pseudo-amino acid based
features are obtained by combining pseudo-amino acid
compositions with hundreds of amino-acid indices and
amino-acid substitution matrices, then from this huge set of
features a small set of 15 “artificial” features is created.
The feature creation is performed by genetic programming
combining one or more “original” features by means of
some mathematical operators. Finally, the set of combined
features are used to train a radial basis function support
vector machine. This method is named GP-Loc. Moreover,
we also propose a very few parameterized method, named
ALL-Loc, where all the “original” features are used to
train a linear support vector machine. The overall predic-
tion accuracy obtained by GP-Loc is 89% when the
jackknife cross-validation is used, this result outperforms
the performance obtained in the literature (85.2%) using
the same dataset. While the overall prediction accuracy
obtained by ALL-Loc is 83.9%.
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Introduction

Protein localization is a very deep studied problem in
Bioinformatics, since it is important to know the exact sub-
cellular localization of a protein for understanding its
function (Chou and Shen 2007d). Unfortunately, it is costly
and time consuming to experimentally identify the protein
sub-cellular location, for this reason several systems have
been developed with the aim of automatically solving this
problem. These methods are mainly based on the analysis
of the amino-acid sequence (Cai et al. 2000, 2002; Cedano
et al. 1997; Chou 2001; Chou and Cai 2002, 2003, 2004a,
b; Chou and Elrod 1998, 1999; Chou and Shen 2006; Nakai
and Horton 1999; Nakai and Kanehisa 1992; Yuan 1999) as
well as the relevant references cited in a recent review
article (Chou and Shen 2007d).

Moreover, some proteins have multiple locations, and
these proteins have some very special biological functions.
The literature about this problem is quite recent: the first
few automatic systems (Chou and Cai 2005; Lee et al.
2006) developed for multiple sub-cellular localization of a
protein are based on the budding yeast proteins only; more
recently, two web servers, i.e. Euk-mPLoc at http://chou.
med.harvard.edu/bioinf/euk-multi/ (Chou and Shen 2007a)
and Hum-mPLoc at http://chou.med.harvard.edu/bioinf/
hum-multi/ (Shen and Chou 2007b), have been estab-
lished for predicting the multiple sub-cellular localization
of eukaryotic proteins and human proteins, respectively.

Another problem which has received little attention in
the literature is the submitochondria location. Mitochondria
are membrane enclosed organelles found in most eukary-
otic cells. Mitochondria are surrounded by two layers of
membrane, the inner membrane and the outer membrane,
the proteins belonging to the inner membrane, outer
membrane and matrix contributed in a different way to
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different procedures in energy metabolism. The use of a
reliable automatic submitochondria localizer could speed
up the drugs design for over 100 kinds of complex diseases
related with mitochondria like programmed cell death
(Gottlieb 2000) and ionic homeostasis (Jassem et al. 2000).
The importance of mitochondrial proteins is reflected by
the fact that children keep dying from mysterious ill-
ness that have been traced to tiny structures called
mitochondria.

To the best of our knowledge, however, only one
computational system (Du and Li 2006) for predicting
protein submitochondria location is proposed in the liter-
ature. suBmITo (Du and Li 2006) is an automatic system to
predict the submitochondria location (mitochondria inner
membrane, mitochondria outer membrane and mitochon-
dria matrix) for a protein, where the features are extracted
from the amino-acid sequence. The feature vector is
composed by: occurrence frequencies of different resi-
dues; dipeptide composition; Chou’s pseudo-amino acid
composition (Chou 2005) where nine physicochemical
properties are used.

Moreover, the protein is segmented into fixed length
segments and the features are extracted from each segment.

Although significant progresses have been made during
the last 15 years in predicting protein sub-cellular locali-
zation as summarized in a recent review article (Chou and
Shen 2007d), in contrast to that much fewer methods
(particularly with web-server) have been reported for pre-
dicting protein submitochondrial localization. The present
study was initiated in an attempt to enrich the latter by
proposing a submitochondria localizer whose feature
extraction method is based on the Chou’s pseudo amino
acid (PseAA) composition.

To successfully use the Chou’s PseAA composition for
improving the prediction quality of various protein attri-
butes, the key is how to optimally extract the features for
the PseAA components. Many different approaches have
been proposed, such as hydrophobicity (Wang et al. 2004),
hydrophilicity (Chou 2005), physicochemical distance
(Chou 2000), digital code (Gao et al. 2005), complexity
factor (Xiao et al. 2005, 2006b), digital signal (Xiao and
Chou 2007), Fourier low-frequency spectrum (Liu et al.
2005), cellular automata (Xiao et al. 2006a), as well as a
variety of many others (see, e.g., Chen et al. 2006a, b; Chen
and Li 2007b; Diao et al. 2007a; Du and Li 2006; Fang
et al. 2007; Kurgan et al. 2007; Li and Li 2007; Lin and Li
2007a, b; Mondal et al. 2006; Mundra et al. 2007; Pu et al.
2007; Shi et al. 2007; Zhang et al. 2006; Zhang and Ding
2007; Zhou et al. 2007).

In this paper, we deal with the submitochondria locali-
zation problem by generating a set of “artificial” features
(Lumini and Nanni 2007) (to be used instead of the “origi-
nal” ones). The “original” feature set is composed by the
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Chou’s pseudo-amino acid composition features and the set
of the physicochemical properties obtained by the amino
acid index database (Kawashima and Kanehisa 2000).

From the set of 11,540 “original” features, a small set of
15 “artificial” features is created by genetic programming
(GP) (Yu and Bhanu 2006; Paul and Iba 2007), randomly
applying mathematical operations to randomly extracted
“original” features. This set of “artificial” features is used
to train a radial basis function support vector machine
(RSVM).

The proposed method (GP-Loc) obtains an interesting
result of 89% accuracy on the same dataset used in (Du and
Li 2006), when the jackknife cross-validation testing pro-
tocol is used. Moreover, our experiments demonstrate that
a method (ALL-Loc) where all the 11,540 “original”
features are used to train a linear support vector machine
(LSVM) obtains performance (83.9% accuracy) similar to
(Du and Li 2006) (85.2% accuracy) without any kind of
parameter optimization (the parameter C of LSVM is set to
the default value 1).

Notice that both GP-Loc and suBmiTo are based on a set
of selected physicochemical properties, where the selection
is necessarily dataset dependent; therefore some problems
could happen if the dataset is not enough representative for
the submithocondria localization problem. For example, in
the 2007 it has been discovered that the most used (in the
last 10 years) dataset for HIV-protease (Rognvaldsson and
You 2003; Kontijevskis et al. 2007) was not representative
and that several biological and bioinformatics discoveries
were not completely true (i.e. the best physicochemical
properties) (Kontijevskis et al. 2007). On the contrary, the
main advantage of ALL-Loc is that it is a very few
parameterized method: no feature selection is performed
and the parameter C of LSVM is set to the default value 1.

Methods

In this paper, we propose two systems for dealing with the
submitochondria localization problem (see Fig. 1): the first
and simpler one, ALL-Loc, is based on a set of 11,540
“original” features directly used to train a LSVM classifier,
the second, GP-Loc, uses GP to generate from the “origi-
nal” features a set of “artificial” features (Lumini and
Nanni 2007) to be used for training a RSVM classifier. The
“original” feature set is composed by the Chou’s pseudo-
amino acid composition features and the set of the physi-
cochemical properties obtained by the Amino Acid index
database (Kawashima and Kanehisa 2000).

Then GP is used to generate “artificial” features named
evolved Chou’s PseAA features. Our system is built by
running different executions of GP to synthesize G evolved
Chou’s PseAA features; finally, these G (G = 15 in this
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with the 1* physicochemical property (ALL-Loc)
Combination Chou’s pseudo amino acid | Genetic Proerammine —» RBF SVM
with the k" physicochemical property & J (GP-Loc)

Fig. 1 Global schema of our two systems: ALL-loc and GP-loc

work) features are used instead of the original ones to train
the classifier.

Support vector machine is a machine learning algorithm
based on statistical learning theory which was introduced
by Vapnik (Cristianini and Shawe-Taylor 2000). It sear-
ches for an optimal separating hyper plane which
maximizes the margin in feature space.

Extraction of the “original” features

The set of “original” features used to describe the patterns
is composed by 11,540 features obtained combining the
pseudo-amino acid composition with the set of the physi-
cochemical properties obtained by the amino acid index
database (Kawashima and Kanehisa 2000) (available at
http://www.genome.jp/dbget/aaindex.html).

An amino acid index is a set of 20 numerical values
representing any of the different physicochemical proper-
ties PC of amino acids (Nanni and Lumini 2006a, b). This
database currently contains 494 such indices and 83 sub-
stitution matrix.

In several works, that are summarized in a recent review
article (Chou and Shen 2007d), Chou proposes to extract
from a given protein A a set of PseAA based features:
(20 4+ A) features (where 4 is a parameter denoting the
maximum distance between two considered amino acids)
P = (Py,....P29, P2os1,...,P2042). The first 20 features are
the amino acid composition, the features from P,gp,; to
Py, reflect the effect of sequence order.

In this paper, only the features from P,p,; to Psg,; are
considered (4 is set to 20 in this work) and evaluated for all
the available physicochemical properties p € PC, hence we
have a set of P(p) = (P’5041,..., P’204,). The extraction of a
generic feature PP,g,;, for a physicochemical property p,
from a given protein A is obtained as:

Pl = [0, 1, val(p AG)) x val(p, AG +)] /(L — )
val(p,d) = (index(p,d) — N,) /D,

where A(j) is the jth amino acid of A, L is the length of the
protein sequence in A, index(p,d) is the function returning
the value of the physicochemical property p of the amino-
acid d, N, = avg, _ 10(index(p,d)), is a normalization
factor obtained as the average value of a given physico-
chemical property p for the whole set of amino-acids;
D, = ((Z4(index(p,d) — N,)*/20)*> is a normalization
factor.

Since 4 is set to 20 and we use 494 indices and 83
substitution matrix we obtain a the final vector set of
11,540 “original” features ([494 + 83] x 20).

In Fig. 2 we show an example of feature extraction
where the Alpha-CH chemical shifts property is used.

Genetic programming’ for evolved Chou’s pseudo
amino acid features

GP may be considered an extension of the genetic algo-
rithms. In GP the individuals can be complicated
structures such as trees and graphs. An individual’s pro-
gram is a tree-like structure and as such there are two
types of genes: functions and terminals®. Terminals, in
tree terminology, are leaves while functions are nodes
with children.

In this work the primitive features are the Chou’s PseAA
based features, the representation structures are binary trees
and the primitive operators are the pool of unary and binary
operators detailed in Table 1.

The selection for the reproduction is obtained using the
well-know method named “roulette”. Moreover, the best
individual from both parents and children is kept for the
new population (after the reproduction), independently of
being a parent or a child. The remaining places in the new
population are occupied by children only.

' This algorithm has been implemented in the Matlab toolbox named
“GPLAB: A Genetic Programming Toolbox for MATLAB”, http://
gplab.sourceforge.net/.

2 http://www.massey.ac.nz/ ~ mgwalker/gp/index.html.
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Amino Acids: A R N D C O E

G HI L KM F P S T W YV

Alpha-CH chemical shifts: | 4.35 4.38 4.75 476 4.65 4.37 4.29 3.97 4.63 3.95 4.17 4.36 4.52 4.66 4.44 4.50 4.35 4.70 4.60 3.95

p= “alpha-CH chemical shifts”, N,=4.4175; D,= 0.2498

Amino Acids d of A
the Protein: d="A
Value index(p,d) for

the property p of the 4.35

amino-acid d:

d= “C” d: “R”

4.65 4.38

val(p,d) [(4.35—4.4175)/0.2498] =—0.2702  [[(4.65—4.4175)/0.2498] = 0.9307 |[(4.38— 4.4175)/0.2498]= —0.1501

P?5041=(-0.2702%x0.9307+0.9307x-0.1501)/2= —0.1956

P?504,=—0.2702%x-0.1501=0.0406

Fig. 2 Example of feature extraction

Table 1 Primitive operators

Unary operators Binary operators
SQ: square SUM: sum
SQRT: square root SUB: subtraction
SIN: sin PROD: product
cos: cosine DIV: division

ASIN: arc sin

REC: reciprocal

ACOS: arc cosine

LoG: logarithm

TAN: tangent

ABS: absolute value
TANH: hyperbolic tangent
NEG: negative value
NO: nothing

Our system is built running different executions of GP to
synthesize G evolved Chou’s PseAA features. The results
of all the previous executions of GP are used to drive the
actual one. The fitness function of the ith GP is given by
the Accuracy Rate obtained using a fivefold cross-valida-
tion, where the support vector machine is trained
considering also the evolved Chou’s PseAA features cre-
ated by the previous 1,...,i — 1 GP executions.

In the example reported in Fig. 3 there are two binary
operators (x and +) and three terminals (P”»g, 1, P"5,> and
P?50.3) obtained for p = “alpha-CH chemical shifts”: the
“artificial” feature created by GP is given by:

Poot1 + (PPa040 X PPygys).
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+
PPy041 X
P 042 Pho.s

Fig. 3 Example of a GP individual
Experimental results

In this work we have used the dataset described in (Du and
Li 2006), which contains 317 proteins classified into three
submitochondria locations: 131 inner membrane proteins;
41 outer membrane proteins; 145 matrix proteins. The
identity cut off is set to 40% (i.e. the identity between any
two sequences in the processed dataset is less than 40%) in
order to get a balance between the homologous bias and the
size of the training set. The authors (Du and Li 2006) claim
that if a cut off value at level 25% was used, it should not
be possible to obtain enough sequences to build sufficient
large training set.

The prediction accuracy in percentage and Matthew’s
correlation coefficient (MCC) for each location are used as
parameters to evaluate the proposed system:
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1 C
Total accuracy = % Z TP(i)
=1

TP(i
Accuracy (i) = (©)

_WXIOO

MCC(i) =

TP(i) x TN(i) — FP(i) x FN(i)

/(TP(i) + FP(i)) x (TP(i) + FN(i)) x (IN(i) + FN(i)) x (IN(i) + FP(i))

where: #D is the total number of sequences, c is the number
of classes (¢ = 3 in this problem, “inner membrane pro-
teins”, “outer membrane proteins”, “matrix proteins”);
TP(i) is the number of correctly predicted sequences (true
positives) of location i (i € {1,...,c}); TN(), FP(i) and
FN(i) are the numbers of true negatives, false positives and
false negatives of the ith location, respectively.

Notice that the MCC considers not only the number of
true positives but also the number of false positives, false
negatives and true negatives, for this reason it is more
reliable than the overall accuracy, especially when the
studied dataset is unbalanced.

Among the independent dataset test, subsampling (e.g.,
five or tenfold cross-validation) test, and jackknife test,
which are often used for examining the quality of a sta-
tistical prediction method, the jackknife test was deemed
the most rigorous and objective (Chou and Zhang 1995).

Besides, in contrast to the subsampling test which may lead
to many different results even for a same benchmark
dataset, the jackknife test can always yield a unique result
as demonstrated by an incisive analysis in a recent com-
prehensive review (Chou and Shen 2007d) and Eq. 50
thereof. Accordingly, the jackknife test has been increas-
ingly and widely adopted by investigators to test the power
of various prediction methods (see, e.g., Chen et al. 2007,
Chen and Li 2007a; Chou and Shen 2007b, c, e; Diao et al.
2007b; Ding et al. 2007; Fang et al. 2007; Gao et al. 2005;
Guo et al. 2006; Li and Li 2007; Lin and Li 2007a; Lin and
Li 2007b; Liu et al. 2007; Mondal et al. 2006; Mundra et al.
2007; Niu et al. 2006; Shen and Chou 2007a, c, d; Shen
et al. 2007; Shi et al. 2007; Sun and Huang 2006; Tan et al.
2007; Wang et al. 2005; Wen et al. 2006; Zhang et al.
2006; Zhang and Ding 2007; Zhou et al. 2007). In view of
this, here we use the objective and rigorous jackknife

(b) MCC(“Matrix”)
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Table 2 Comparison among several methods

Indicator GP-LOC SUBMITO ALL-LOC ALL(B)-LOC 2-GRAM
Total accuracy 89% 85.2% 83.9% 83.9% 71.3%
Accuracy Inner membrane 83.21% 85.5% 78.6% 79.4% 71.8%
Outer membrane 78.05% 51.2% 58.5% 56.1% 31.7%
Matrix 97.24% 94.5% 95.9% 95.9% 82.1%
MCC Inner membrane 0.8 0.79 0.75 0.75 0.56
Outer membrane 0.77 0.64 0.62 0.60 0.30
Matrix 0.85 0.77 0.75 0.75 0.497

Table 3 The five best evolved features and the original features used
to their creation

Original Properties
features

Evolved features

TANH(TAN(P"'50,4))  P"'50.4  pl = Proportion of residues
95% buried

P00 P2 p2 = Hydrophobicity
P05 P.s  p3 = Hydropathy index

PROD(P"*50. 16, P",0.16  p4 = Relative preference value
LOG(P"50416)) at N4
P 50416 p5 = Normalized positional
residue frequency at helix
termini N1

PS50 P, p6 = Normalized frequency of
zeta L

cross-validation method as testing protocol, while the
feature generation by GP is performed using a fivefold
cross-validation in the following way: remove one obser-
vation from the data set; perform the feature extraction
using fivefold cross-validation on the remaining data; train
a classifier that uses the found features on the remaining
data; test this classifier on the left out observation; Repeat
these steps over the entire data set.

In Fig. 4 the performance of GP-Loc in function of the
number of features used to train the support vector machine
are plotted.

In Table 2 the following approaches are compared in
terms of accuracy and MCC: Gp-Loc is our best method
where the “artificial” features are used to train a RSVM;
suBMITO is the system proposed in (Du and Li 2006); ALL-
Loc is our simpler method, where all the “original” features
are used to train a LSVM; ALL(B)-Loc is a variant of the
method above where the “original” features are concate-
nated with the occurrence frequencies of different residues
and the dipeptide composition before to be used to train a
LSVM; 2-Gram, only the dipeptide composition features
are used to train a LSVM.
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In Table 3 the five best evolved features obtained by
running GP* are listed. Notice that the second and the third
features correspond to a simple selection of an “original”
feature, no combination is performed.

From the analysis of the experimental results, the fol-
lowing observations may be made: the standard dipeptide
composition does not permit to obtain a reliable method;
Using GP to select a small set of features among the huge
set of “original” features, that can be obtained combining
pseudo-amino acid composition with the set of the physi-
cochemical properties obtained by the amino acid index
database, permits to outperform sumito (Du and Li 2006),
the best method proposed in the literature; both GP-Loc
and susmITO are based on the assumption that the collected
database is a reliable database for the studied problem
(both the methods need a parameter optimization), we also
propose a non-parameterized method (ALL-Loc) that
obtains good performance.

Conclusions

In this paper, we propose a new algorithm which uses GP
in conjunction with Chou’s PseAA to obtain a novel sub-
mitochondria localizer.

All the amino-acid indices and amino-acid substitution
matrices reported in amino acid index database are used to
obtain the pseudo-amino acid based features, then the
generation of the new “combined” features is carried out
by GP, combining one or more “original” features, by
means of some mathematical operators. Finally, a small set
of combined features are used to train a prediction algo-
rithm (the RSVM).

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.

3 The GP is performed using a fivefold cross-validation for each
pattern, so for each pattern the best features could be quite different,
we report the best five features on average.
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