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Abstract Knowledge of the submitochondria location of
protein is integral to understanding its function and a
necessity in the proteomics era. In this work, a new sub-
mitochondria data set is constructed, and an approach for
predicting protein submitochondria locations is proposed
by combining the amino acid composition, dipeptide
composition, reduced physicochemical properties, gene
ontology, evolutionary information, and pseudo-average
chemical shift. The overall prediction accuracy is 93.57%
for the submitochondria location and 97.79% for the three
membrane protein types in the mitochondria inner mem-
brane using the algorithm of the increment of diversity
combined with the support vector machine. The perfor-
mance of the pseudo-average chemical shift is excellent.
For contrast, the method is also used to predict submito-
chondria locations in the data set constructed by Du and Li;
an accuracy of 94.95% is obtained by our method, which is
better than that of other existing methods.

Keywords Submitochondria location - Increment
of diversity - Average chemical shift - Support vector
machine - Chou’s pseudo amino acid

Introduction
The mitochondrion is a semiautonomous, self-reproducing

organelle that occurs in the cytoplasm of all cells of most,
but not all, eukaryotes (Scharfe et al. 2000; Cotter and Guda
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2004). Each mitochondrion is surrounded by a double
limiting membrane: the inner membrane and outer mem-
brane. Inner and outer mitochondrial membranes enclose
two spaces: the matrix and intermembrane space. Mito-
chondria are the sites of the reactions of oxidative phos-
phorylation, which result in the formation of ATP. Proteins
located in mitochondria play important roles in the energy
metabolism process. Proteins in different submitochondria
play distinctive roles in biological processes like triggering
programmed cell death (Gottlieb 2000) and ionic homeo-
stasis (Jassem and Heaton 2004). Therefore, knowing their
submitochondria locations can provide useful hints to
understand the protein functions and assist with drug design
for many diseases related to mitochondria defects, ranging
from rare monogenic to common age-related disorders
(Alberts et al. 2002). However, experimental approaches for
identifying the protein submitochondria locations are costly
and time consuming. Therefore, it is becoming crucial to
develop a reliable automatic submitochondria localizer for
identifying protein subcompartment locations.

Recently, some computational methods for predicting
protein submitochondria locations have been proposed in
the literature: SUBmito (Du and Li 2006), Gp-Loc (Nanni
and Lumini 2008), and Predict_subMITO (Zeng et al.
2009). Both of these methods used the data set constructed
by Du and Li (2006) with 317 proteins and considered
three submitochondria locations: the mitochondria inner
membrane, mitochondria outer membrane, and mitochon-
dria matrix. SUBmito considered the sequence-order
information, and used the amino acid composition (AAC),
dipeptide composition (DC) (Bhasin and Raghava 2004),
and pseudo-amino acid composition (PseAAC) of nine
physicochemical properties to construct the feature vector.
Moreover, the protein was segmented into two segments.
The predictive accuracy was 85.5% for the inner
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membrane, 94.5% for the matrix, and 51.2% for the outer
membrane using the jackknife test. Gp-Loc enhanced the
prediction accuracy of the matrix and outer membrane
using genetic programming extracting 15 “artificial”
features as its PseAAC, but the accuracy of the inner
membrane was 83.21%, lower than that of SUBmito.
Predict_subMITO used the auto covariance (AC)
approach to transform numerical vectors of eight physi-
cochemical properties of amino acids into uniform
matrices and then used Chou’s PseAAC to construct the
vector. The overall jackknife cross-validation predictive
accuracy was 89.3%.

In this article, we constructed the most up-to-date sub-
mitochondria data set, which has 1,105 proteins (denoted
as M1105) derived from SWISS-PROT (Release 2010_12
of 30-Nov-2010) (Wu and Apweiler 2006), and then used
the ID_SVM approach combined increment of diversity
(ID) (Li and Lu 2001) with the support vector machine
(SVM) (Chang and Lin 2011) by using many features to
enhance the prediction performance for submitochondria
locations. Some researchers have pointed out that proteins
localized in the same subcellular location have similar
amino acid compositions (AAC), which may reflect the
physicochemical properties, because they are adapted to
the micro environment (Andrade et al. 1998). However, the
AAC lost the sequence order information; dipeptide com-
position, Pse AAC, and other representational features were
extracted to construct the substitution model of a protein
for subcellular location (Cai and Chou 2000; Bhasin and
Raghava 2004; Chou and Shen 2006a, b, 2010a, b, ¢; Chen
and Li 2007a, b; Li and Li 2008b; Lee et al. 2008; Cai et al.
2010; Gu et al. 2010b; Wang and Geng 2011), and the
features were used for submitochondria locations (Du and
Li 2006; Nanni and Lumini 2008; Zeng et al. 2009). In this
article, six representative features are used, including AAC,
dipeptide composition (DC), evolutionary information
(PSSM), gene ontology (GO) information, reduced physi-
cochemical properties (Hn), and a novel constructed fea-
ture, pseudo-average chemical shift (PseACS). The DC and
PseACS information was input to the ID, and then each
feature was selected as an input to multiclass SVM. Here,
the overall predictive accuracy was 93.57% for submito-
chondria locations and 97.79% for membrane protein types
in our data set. In order to compare the prediction perfor-
mance, we got an overall predictive accuracy of 94.95% for
submitochondria locations of the data set (denoted as
M317) constructed by Du and Li in jackknife tests.

According to a recent comprehensive review (Chou
2011), to establish a really useful statistical predictor for a
protein system, we need to consider the following proce-
dures: (1) construct or select a valid benchmark data set to
train and test the predictor; (2) formulate the protein
samples with an effective mathematical expression that can
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truly reflect their intrinsic correlation with the attribute to
be predicted; (3) introduce or develop a powerful algorithm
to operate the prediction; (4) properly perform cross-vali-
dation tests to objectively evaluate the anticipated accuracy
of the predictor; (5) establish a user-friendly Web server
for the predictor that is accessible to the public. Below, we
describe how to deal with these steps.

Materials and methods
Data sets

We constructed the submitochondria data set derived from
SWISS-PROT [Release 2010_12 of 30-Nov-2010 (Wu and
Apweiler 2006)] by searching with ‘KW’ containing
‘mitochondrion,” and then the following steps were used to
confine the quality data set. (1) The sequences that had any
ambiguous annotation words such as ‘probable,” ‘poten-
tial,” ‘possible,” and ‘by similarity’ were excluded. (2) The
sequences containing ambiguous residues such as ‘X,” ‘B,
and ‘Z’ were removed. (3) The sequences that located more
than one submitochondria location were also excluded. (4)
The sequences annotated with ‘fragment’ were excluded.
(5) Sequences with a length less than 20 were dropped. (6)
Proteins located at the inner membrane without a mem-
brane protein type such as ‘multi-pass membrane protein,’
‘single-pass membrane protein,” or ‘peripheral membrane
protein’ were also excluded. (7) To avoid homology bias
and remove the redundant sequences from the benchmark
data set, a cutoff threshold of 25% (Chou et al. 2011; Xiao
et al. 2011a, b) was imposed to exclude those proteins from
the benchmark data sets that have >25% sequence identity
to any other in a same subset. However, in this study we
did not use such a stringent criterion because the currently
available data do not allow us to do so. Otherwise, the
numbers of proteins for some subsets would have been too
few to have statistical significance. We used the CD-HIT
(Li et al. 2001) program to exclude the proteins with a
sequence identity higher than 40%.

Finally, we obtained 1,164 sequences classified into four
submitochondria locations, including 589 mitochondria
inner membrane proteins, 59 mitochondria intermembrane
space membrane proteins, 280 mitochondria matrix mem-
brane proteins, and 236 mitochondria outer membrane
proteins. Owing to the number of proteins located at the
mitochondria intermembrane space is smaller than others,
the data set used in this work contained three submito-
chondria locations. The final data set contained 1,105
sequences distributed in the three submitochondria loca-
tions listed in Table 1, denoted as M1105. For the 589
mitochondria inner membrane proteins, we divided them
into three membrane protein types according to their
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Table 1 The distribution of data set M1105

Label Compartment Membrane protein type Sequence
no.
1 Inner Single-pass membrane 119 589
membrane protein
Peripheral membrane protein 158
Multi-pass membrane 312
protein
2 Matrix membrane 280
3 Outer membrane 236
Total 1,105

annotation. The data sets are listed on our website (http://
wlxy.imu.edu.cn/college/biostation/fuwu/mito/index.asp)
and can be obtained from the author.

Feature vectors

To develop a powerful predictor for a protein system, one of
the keys is to formulate the protein samples with an effective
mathematical expression that can truly reflect their intrinsic
correlation with the attribute to be predicted (Chou 2011). To
realize this, the concept of pseudo amino acid composition
(PseAAC) was proposed (Chou 2001) to replace simple
amino acid composition (AAC) for representing the protein
sample. For a brief introduction to Chou’s PseAAC, visit
the Wikipedia Web page at http://en.wikipedia.org/wiki/
Pseudo_amino_acid_composition. Ever since the concept of
PseAAC was introduced, it has been widely used to study
various problems in proteins and protein-related systems
[see, e.g., (Chen et al. 2009; Ding et al. 2009; Esmaeili et al.
2010; Georgiou et al. 2009; Gu et al. 2010a; Jiang et al.
2008a, b; Li and Li 2008a; Lin 2008; Lin et al. 2008; Moh-
abatkar 2010; Mohabatkar et al. 2011; Qiu et al. 2010; Yu
et al. 2010; Zeng et al. 2009; Zhang et al. 2008; Zhou et al.
2007)]. For various different modes of Pse AAC, see Chou
(2009). According to a recent comprehensive review (Chou
2011), the general form of Chou’s pseudo amino acid com-
position (PseAAC) can be formulated as [see Eq. 6 of (Chou
2011)]:

P = [y Yo Wy g’ (1)

where T is a transpose operator, while the subscript Q is an
integer, and its value as well as the components y/,, ¥/, . ..
will depend on how to extract the desired information from
the amino acid sequence of P. Here, we used a combination
of the amino acid composition, dipeptide composition,
reduced physicochemical property, gene ontology, evolu-
tionary information, and pseudo-average chemical shift to
represent the protein samples.

Amino acid composition

The amino acid composition may represent the average
physicochemical properties of the molecule. Therefore, we
considered the amino acid composition. The sequence was
divided into three segments. The absolute occurrence fre-
quencies of 20 amino acids from each segment were cal-
culated. Then these vectors from each segment were
merged together. Thus, the feature vector of AAC can be
expressed by 20 x 3 = 60D coordinates.

Vit = E[nil,mz,mnija-u,nizo]
1

(i =1,23]=1.23,...20)

(2)

where L; is the length of the ith segmentation; n;; is the jth
residue occurrence frequencies in the ith segment.

Dipeptide composition

We used the DC of two consecutive residues to express the
sequence order information. Like for AAC, the protein
sequence was also divided into three segments; then, the
feature vectors of DCs extracted from each segment were
inputted into ID; finally, the dimension of DC was
3 x 3 =09D, denoted by V,, (i =1, 2, 3). The perfor-
mance of the ID algorithm was good, so that it reduced the
dimension from 1200 to 9D and improved the accuracy
from 79.5 to 84.2% for M317.

Reduced physicochemical properties

The amino acid composition of the sequence was cor-
related with the average physicochemical properties of
the molecular surface. Therefore, we used 6 characters to
represent the 20 amino acids according to the following
physicochemical properties: strongly hydrophilic or polar
(R, D, E, N, Q, K, H), strongly hydrophobic (L, I, V, A,
M, F), weakly hydrophilic or weakly hydrophobic (S, T,
Y, W), proline (P), glycine (G), and cysteine (C) (Chen
and Li 2007a; Li and Li 2008a, b). The protein
sequence was divided into eight segments; then, the
composition of six characters for each segment was
chosen, denoted by H, (n = 1,2,...,8). The dimension
was 6 x 8 = 48D.

Gene ontology

Molecular function was correlated to the subcellular loca-
tion, and the gene ontology (GO) (Ashburner et al. 2000)
was one of the databases that describes the molecular
function. Chou and Cai had used GO to predict the
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subcellular locations (Chou and Cai 2004, 2005; Fyshe
et al. 2008; Huang et al. 2008; Chou and Shen 2010a, b, ¢).

According to the (GO) consortium, the GO database was
established based on three criteria: (1) biological process,
(2) molecular function, and (3) cellular component. Since
the cellular component refers to the place in the cell, we
only used the GO of biological process and molecular
function.

We could get ‘GO_terms_and_ids’ from GO (http://
www.geneontology.org/GO.Downloads.files.shtml), then
map the GO numbers, which were used in the submito-
chondria data setin a 2103D vector orderly. For example, the
GO numbers were: GO: 0000001, GO: 0000002, GO:
0000003, GO: 0000010, and GO: 0000023.... GO: 0080010
will map to ay,as,as, as, as. . .as jo3 separately.

a
a
P= (3)
La2,103 4
N T "

Then we statistically analyzed each coordinate of the
vector and found that the sum of several coordinates was
only one or two. This denoted that, for certain GOs, only a
few proteins have them; then these GOs were eliminated,
and the dimension of the feature vector decreased to 410D,
denoted by Gyo.

Evolutionary information

To use the evolution information, the position-specific
scoring matrix (PSSM) (Schaffer et al. 2001) was gener-
ated by using the PSI-Blast program (Schaffer et al. 2001)
to search the SWISS-PROT database (released on 14 May
2011) through three iterations with 0.001 as the E-value
cutoff for multiple sequence alignment against the protein
sequence P; then we used the standardization procedure to
normalization.

Ve — Vo
Vi, = =2 (i = 1,2,..
7~ o

SLj = 1,2,...,20)
(5)

is the score directly obtained by PSI-Blast, V?

over 20 amino acids, SD(V?) is the

standard deviation of V0

where V?

l**\]
0
is the mean of V;_,

, and L is the length of the protein
sequence. Then the PSSM becomes:
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V] —1 V] —2 Vl —20
V2_>1 V2—>2 V2—>20

Prssu = Viei Vio Vizao (6)
Viei Vi Vi-20

In order to use the sequence order information, we
adapted the concept of pseudo amino acid composition
(Chou 2001) and obtained the PsePSSM by the following
equations:

PﬁePSSM - [ 0; M l" 930] (7)

L—
2
i L ﬂ Z =i = Vit i)Hl} (8)

j=1
(i =1,2.20; A <L)

where Hf is the correlation factor of amino acid type i,
whose contiguous distance is 4 along the protein sequence.
Especially for 1 = 0, 9? becomes the average score of the
amino acid residues in the protein P, which is changed to
amino acid type i during the evolution process. The 4 factor
reflects the rank of correlation and is a non-negative
integer; there is a best number for a certain problem. We
calculated 4 = 0-8 from Fig. 1, and we can see that the
accuracy was best for the M317 and M1105 data set when
A = 3. Then the PsePSSM would be expressed as:

Ppgepssm =
0 0 0 pl pl 1 g2 2 2 23 3 3
[01,05,...,05,0,,0,,...,05,07,05,...,05,07,05,... 05
9)
It becomes a 20 x 4 = 80D vector.
90 =~ CEee——
85 —
Q —
=)
X 80—
Q
E -
8 7=
(&)
< E
70 | —— M1105
-M317
65 |—
60 | | | |
0 2 4 6 8

Fig. 1 The predictive accuracy varying with the A for the PsePSSM
descriptor
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Pseudo-average chemical shift

Protons are sensitive to their chemical environment—an
electron moving near them produces its own magnetic
field, which changes the external field experienced by the
proton. Protons in different chemical environments expe-
rience slightly different magnetic fields and absorb at dif-
ferent frequencies.

The resonance frequencies of the different protons are
expressed as chemical shifts relative to a standard.

Chemical shifts, among the most important parameters,
are measured by NMR spectroscopy. They are sensitive to
local environments and can be used as indicators of local
conformations. As an important example, the chemical
shifts of protein backbone atoms are known to correlate
strongly with the backbone dihedral angles or secondary
structure types (Spera and Bax 1991; Wishart et al. 1991;
Luginbuhl et al. 1995).

Several works have pointed out that the averaged
chemical shift (ACS) of a particular nucleus in the protein
backbone correlates well to its secondary structure (Sibley
et al. 2003; Mielke and Krishnan 2003; Zhao et al. 2010),
and the protein functions are determined by its structure.

Chemical shift values corresponding to the protein
backbone atoms 15N, 13Cx, 1Ha, and 1HN were obtained
from BMRB (http://www.bmrb.wisc.edu) (Seavey et al.
1991). By searching the BMRB QueryGrid Interface, the
star files of proteins with 50 or more amino acid residues
and matched with PDB (Berman et al. 2000) entries were
considered and downloaded (see http://www.bmrb.wisc.
edu/search/query_grid/query_1_2.html). In order to avoid
redundancy and homology, we used the CD-HIT program
to exclude the proteins with sequence identity higher than
40%. After the above steps, 1,552 proteins were selected.
From the star file, we extracted chemical shift values of
ISN, 13Co(, 1HM, and 1HN, four types of protein backbone
atoms for every amino acid residue of protein P.

The averaged chemical shift of a protein backbone atom

‘i’ for amino acid residue ‘j° with a second structure type
‘k’ is defined as:

ACSEG) = < 3 0l0) (10)

where i = ISN, 13Cx, lHa, or 1HN, and j is the 20 native
amino acid type; k = H, E, and C, which express the three
types of second structure. N is the total number of amino
acid residues ‘j,” which has a secondary structure of ‘k’ in
1,552 proteins. (j) is the chemical shift value of protein
backbone atoms ‘i’ for ‘j’ kind of amino acid in ‘k’ type of
second structure.

We statistically computed all the amino acid residues of
1,552 proteins using Eq. 10, then found that each of the 20
native amino acid residues has different average chemical

shifts and varies regularly with the secondary structure.
Thus, the second structure of a protein can be represented
by its ACS.

For a certain protein sequence P, we obtained the second
structure from Porter (http://distill.ucd.ie/porter/) (Pollastri
and McLysaght 2005; Pollastri et al. 2007), which is a
server for predicting the protein’s second structure. Every
amino acid in the sequence is replaced by its ACS. Then P
is expressed as:

P = [Ci,C,...Ci] (i = "N,"C,,'H,, Hy) (11)

Similar to PsePSSM, we selected 4 = 12 and i = lHoc,
"Hy, then the PseACS would be expressed as:

PPseACS = [(/7(1)’(/)17'"a(pizv(pg?q)év"'?(ﬁéz] (12)
L—

A

1 . .
A } : i P12 'Hy;
(R [Ck — Ciyl) (i = "Hy, 'Hy; 2 <L) (13)

then Ppg.acs Was inputted into ID according to the protein
backbone atoms ‘i,” and the output of ID was selected as
the parameter of Pse ACS, which was a 3 x 2 = 6D vector.

In order to better use the Pse ACS, we also established a
user-friendly Web server, PseACS (http://wlxy.imu.edu.
cn/college/biostation/fuwu/Pse ACS/index.asp), which is
accessible to the public, and the wf(j) can be downloaded
freely.

Methods
Increment of diversity

In a state space of d dimension, n; indicates the absolute
frequency of the ith state. The standard diversity measure

for diversity source X:{n;, n,, ..., n;, ..., ng} is defined as
(Li and Lu 2001):

d
D(X) = NlogN — Y n;log,n; (14)

i=1
d
where N = > n;, log(0) =0 if n, = 0.
i=1
In general, for two sources of diversity in the same
parameter space of d dimensions X:{ni, ny, ..., n;, ..., ng}

and Y: {my, mo, ..., m;, ..., my}, the increment of diversity
(ID), denoted by ID(X, Y), is defined as:

ID(X,Y) = DX + ¥) — D(X) — D(Y) (15)

where D(X + Y) is the measure of diversity of the sum of
two diversity sources called the combination diversity
source space.

ID is the method for measuring the similarity level of
two diversity sources. If X is similar to Y, then ID(X, Y) will
be small, especially if X =Y, ID(X, ¥Y) = 0.
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Support vector machine

SVM is a machine learning algorithm based on statistical
learning theory (Vapnik 1998), which can be widely used
for classification. In recent years, the SVM-based machine
learning algorithm has also been used for predicting the
membrane protein type (Cai et al. 2003b, 2004b), protein
subcellular location (Chou and Cai 2002; Matsuda et al.
2005), protein structural class (Cai et al. 2002d; Ding et al.
2007), specificity of GalNAc-transferase (Cai et al. 2002c),
HIV protease cleavage sites in protein (Cai et al. 2002b),
p-turn types (Cai et al. 2002a), protein signal sequences
and their cleavage sites (Cai et al. 2003a), «-turn types (Cai
et al. 2003c), and catalytic triads of serine hydrolases (Cai
et al. 2004a), among many others.

In this work, we used the free software LIBSVM (Chang
and Lin 2011) to predict submitochondria locations. A
radial basis function (RBF) was chosen as the kernel
function. For multi-classification, SVM uses a one-versus-
one strategy, and construct k x (k—1)/2 classifiers and
voting strategy were used to assign the class for an
unknown protein.

Hybrid model

There are some methods for combining the feature vector
to improve the accuracy of the prediction. The simple one
is to concatenate all the feature vectors into a single vector,
then input the integrated vector into the classifier for
training and prediction (Park and Kanehisa 2003; Bhasin
and Raghava 2004; Du and Li 2006; Chen and Li 2007b;
Shi et al. 2007; Gao et al. 2010; Wang and Geng 2011). It
usually occurs when these vectors have likely characters
and the dimension is not large. Others utilize the multiple
classifiers for fusing (Cai and Chou 2003; Chou and Cai
2003, 2004; Chou and Shen 2006a, b, 2008; Li and Li
2008b). In these methods, several classifiers are trained for
each kind of feature vector, and then the output of these
classifiers were combined together into a vector as the
input of SVM, KNN, or neural networks, etc., which serve
as a fusion classifier (Reinhardt and Hubbard 1998; Cai and
Chou 2000; Cai et al. 2000; Nair and Rost 2003; Chou and
Shen 2006a, b, 2010a, b, c; Lee et al. 2008; Cai et al. 2010;
Gu et al. 2010b). For the first method, it is simple to use,
but it cannot be used for large dimensional vectors;
otherwise, it will be time consuming and risk over-training.
For the fusion method, the accuracy will be improved, but
the robustness will be weak and depends on the databases.
Nanni et al. (2010) evaluated several feature extraction
approaches for representing proteins starting from their
amino acid sequence as well as different feature descriptor
combinations using an ensemble of classifiers in which

@ Springer

more than ten different protein descriptors are compared
using nine different data sets. Results show that the best
method is different for different data sets, and the com-
bined approaches seem to be more robust.

In this work, because of different kinds of feature vec-
tors and large dimensions, we must first reduce the
dimension. For the feature vector of DC, its dimension is
1200D, and after using the ID algorithm, the dimension is
reduced to 9D. The feature vector of GO is 2103D, so we
deleted the seldom-used dimensions to realize the aim of
reducing the dimension, and finally it was reduced to 410D.
Finally, six parts of the feature vector were combined
together to form a 613D feature vector as in Eq. 16 and
inputted into the SVM for training to select the best ¢ and g
for a classifier of predicting submitochondria locations. If a
protein was predicted to be an inner membrane protein,
then it was sent into the classifier for predicting membrane
types. To provide an intuitive picture, a flowchart showed
the process of the classifier’s work as given in Fig. 2.

V = [V, ViZaﬁnaé4lO7f)PsePSSM;ﬁPseACS]- (16)

Results and discussion
Evaluation methods

In statistical prediction, the following three cross-valida-
tion methods are often used to examine a predictor for its
effectiveness in practical application: independent data set
test, sub-sampling test, and jack-knife test (Chou and
Zhang 1995). However, as elucidated by Chou and Shen
(2008) and demonstrated in Chou and Shen (2007),
among the three cross-validation methods, the jackknife
test is deemed the most objective one (Feng 2002) and
can always yield a unique result for a given benchmark
data set; hence, it has been increasingly used by investi-
gators to examine the accuracy of various predictors
(Zhou 1998; Zhou and Assa-Munt 2001; Zhou and Doctor
2003; Zhou et al. 2007; Jiang et al. 2008a, b; Li and Li
2008b; Lin 2008; Lin et al. 2008; Zhang and Fang 2008;
Zhang et al. 2008; Bi et al. 2011; Ding et al. 2011; Hayat
and Khan 2011; Hu et al. 2011; Joshi and Sekharan 2010;
Kandaswamy et al. 2010; Kandaswamy et al. 2011; Lin
and Ding 2011; Liu et al. 2010; Zakeri et al. 2011).
During the jackknife test process, each protein is singled
out in turn as a test sample; the remaining proteins are
used as a training set to calculate the test sample’s
membership and predict the class.

The prediction performance was evaluated by the sen-
sitivity (S,,), specificity (S,) (Schaffer et al. 2001), positive
predictive value (PPV), accuracy (Scharfe et al. 2000), and
Mathew’s correlation coefficient (MCC) (Matthews 1975),
defined as follows:
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Fig. 2 Flowchart shows the construction of a classifier and how it works
S, = TP/(TP + FN) 17
S, = TN/(TN + FP) 1

PPV = TP/(TP + FP)
ACC = (TP + TN)/(TP + FN + TN + FP)
MCC =
(TP x TN) — (FP x FN)
/(TP + FN) x (TN + FN) x (TP + FP) x (TN + FP)
(1)

where TP denotes the numbers of the correctly predicted
positives, FN denotes the numbers of the positives pre-
dicted as negatives, FP denotes the numbers of the nega-
tives predicted as positives, and TN denotes the numbers of
correctly predicted negatives.

Two kinds of SVMs are constructed for three submito-
chondria locations and three types of mitochondria inner
membrane protein using six kinds of feature vectors, which
reduced the dimension by the ID algorithm and cutoff
value method. Since we chose the RBF as the kernel
function, the grid-search approach was used to find the best
parameters of C and y for each SVM. The parameter
optimizations are listed in Table 2. The prediction results
for submitochondria locations of the data set M1105 are
shown in Table 3, and the predictive accuracy for three
membrane protein types is also shown in Table 4.

From Tables 3 and 4, we can see that the prediction per-
formance is quite good; the total accuracy is 93.57% for
submitochondria locations and 97.79% for three membrane
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Table 2 The parameters of classifiers

Classifiers C v

0.03125
0.03125

Submitochondria locations 8

Three types of mitochondria inner membrane protein 2

Table 3 The predictive accuracy for submitochondria locations in
the data set M1105

Submitochondria TP TN FP FN ACC (%) MCC
locations

Inner membrane 566 479 37 23 96.1 0.891
Matrix membrane 263 800 25 17 939 0.901
Outer membrane 205 80 9 31 869 0.890
Overall accuracy (%) 93.57

Table 4 The predictive accuracy for three types of mitochondria
inner membrane protein in the data set M1105

Membrane protein types TP TN FP FN ACC (%) MCC
Single-pass membrane 107 470 0 12 89.9 0.936
Peripheral membrane 158 427 4 0 100.0 0.983
Multi-pass membrane 311 268 9 1 99.7 0.966

Overall accuracy (%) 97.79

protein types. For prediction of three membrane protein
types in mitochondria inner membranes, 576 out of 589 were
correctly predicted, and only 13 of them were predicted to be
wrong protein types. For different membrane types, 107 out
of 119 single-pass membranes and 311 out of 312 multi-pass
membranes were correctly predicted; for 158 peripheral
membranes, the predictive accuracy was 100%.

Comparison with other methods

In order to assess the performance of our predictor, we
applied our method to the data set constructed by Du and
Li. In Table 5, the results predicted by Submito, GP-Loc,
and Predict_subMITO were compared with our method.
Using the ID and SVM algorithm and combining several
feature vectors, 94.95% accuracy was obtained in the
jackknife test. It was 5.2% higher than the best predictor
(Predict_subMITO). In Table 6, for the three types of
mitochondrial inner membranes, the overall accuracy
reached 97.79% when the leave-one-out (LOO) cross-val-
idation was used. From the results, we can see that per-
formance of our predictor is best because of its high
accuracy and strong robustness. The contributions of each
feature vector to submitochondria locations of M317 and
MI1105 are listed in Tables 7 and 8. The comparison of
PseACS with AAC, DC, and PseAAC is also listed.

@ Springer

Table S Comparison of predictive accuracy for submitochondria
locations of M317 with other methods

Ours Submito GP-Loc Predict_subMITO

ACC MCC ACC MCC ACC MCC AcCC MCC
(%) (%) (%) (%)

Inner 94.70  0.91 8550 0.79 8321 0.80 91.80 0.79
membrane

Matrix 99.30 096 9450 0.77 97.24 085  96.40 0.79
membrane

Outer 80.50 0.84 5120 0.64 78.05 0.77  66.10 0.63
membrane

Overall 94.95 85.20 89.00 89.70
accuracy

(%)

Table 6 Comparison of predictive accuracy for three membrane
protein types in the mitochondria inner membrane with other methods

Ours Submito Predict_subMITO

No. of ACC
proteins (%)

No. of ACC No. of ACC
proteins (%)  proteins (%)

Single-pass 119 89.9 - - 14 64.3
membrane

Peripheral 158 100 - - - -
membrane

Multi-pass 312 99.7 101 83.2 127 98.4
membrane

Overall
accuracy
(%)

97.79 80.9 93.6

Table 7 The contribution of each feature vector for submitochondria
locations of M317 and the comparison of PseACS with AAC, DC,
and PseACC

Feature PSSM GO AAC DC- Pse- Hn  PseAAC
vector ID ACS-

1D
Predictive 93.1 933 823 842 855 76.3 84.5
accuracy
(%)

Table 8 The contribution of each feature vector for submitochondria
locations of M1105 and the comparison of PseACS with AAC, DC,
and PseACC

Feature PSSM GO AAC DC- Pse- Hn PseAAC
vector ID ACS-

ID
Predictive 87.9 85.9 745 732 763 65.5 759
accuracy
(%)
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Conclusion

In this work, a benchmark data set was constructed that has
about 3.5 times more proteins than the data set constructed
by Du and Li. The data set presented here contains more
information on proteins located in the mitochondria and
can be used to perform much detailed research about
submitochondria, such as submitochondria locations, the
protein function of different submitochondria locations,
and the interaction of submitochondria protein, etc.

The various features of submitochondrial protein are
considered, and an ID algorithm and dimension reduced
methods were used to construct the classifier. By using this
method, we obtained 93.57% with the jackknife test of our
data set and 94.95% with the data set of Du and Li, which
is better than the best approach in the literature.

Among the feature vectors, a novel constructed feature
PseACS is proposed. From Table 7, we can see that the
performance of PseACS is also excellent, and the predic-
tive accuracy of the submitochondria locations reaches
85.5% when using only the Pse ACS feature. The result was
better than that of Du and Li, which used Chou’s PseAAC.
Therefore, PseACS can be an effective tool for future
proteomic studies.

Since user-friendly and publicly accessible Web servers
represent the future direction for developing more practi-
cally useful models, simulated methods, or predictors
(Chou and Shen 2009), we will make efforts in future work
to develop a Web server for the method presented in this
article.
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