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Abstract Due to the complexity of Plasmodium falci-
parum (PF) genome, predicting mitochondrial proteins of
PF is more difficult than other species. In this study, using
the n-peptide composition of reduced amino acid alphabet
(RAAA) obtained from structural alphabet named Protein
Blocks as feature parameter, the increment of diversity (ID)
is firstly developed to predict mitochondrial proteins. By
choosing the 1-peptide compositions on the N-terminal
regions with 20 residues as the only input vector, the pre-
diction performance achieves 86.86% accuracy with 0.69
Mathew’s correlation coefficient (MCC) by the jackknife
test. Moreover, by combining with the hydropathy distri-
bution along protein sequence and several reduced amino
acid alphabets, we achieved maximum MCC 0.82 with
accuracy 92% in the jackknife test by using the developed
ID model. When evaluating on an independent dataset our
method performs better than existing methods. The results
indicate that the ID is a simple and efficient prediction
method for mitochondrial proteins of malaria parasite.
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Introduction

The malaria caused by Plasmodium falciparum (PF)
remains the world’s most devastating infectious disease,
which results in 300-660 million clinical cases and 2-3
million deaths annually and its long-term control and
eradication is still a long way off (Snow et al. 2005). The
rate of human death and morbidity is increasing in many
parts of the developing countries. Thus, it is essential to
develop effective drugs and vaccines against this parasite.
Mitochondria, commonly known as the powerhouse of a
cell, are one of the important organelles of a cell. Mito-
chondria in plasmodium parasites have many characteris-
tics that distinguish them from mammalian mitochondria
(Vaidya and Mather 2005). Mitochondrial proteins of PF
are different from human mitochondrial proteins, which
make them attractive potential drug targets (Vaidya and
Mather 2009). Therefore, the identification of mitochon-
drial proteins of PF will be helpful for novel potential
targets and new drugs against malaria.

Many efforts have been made for predicting protein
multi-subcellular locations and mitochondrial specific
(Bender et al. 2003; Guda et al. 2004; Kumar et al. 20006;
Garg et al. 2005; Chou and Shen 2006a; Rashid et al. 2007,
Garg and Raghava 2008; Verma et al. 2010). Several
programs have been developed for predicting mitochon-
drial proteins, such as Target P (Emanuelsson et al. 2000),
SignalP 3.0 (Bendtsen et al. 2004), TargetLoc (Hoglund
et al. 2006), MitoProtll (Claros and Vincens 1996),
MITOPRED (Guda et al. 2004) and so on. Based on the
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relative frequencies of amino acids in different regions of
PF mitochondrial proteins, Bender et al. (2003) developed
a neural network system (PlasMit) for the prediction of
mitochondrial proteins in malaria parasite. Bender et al.
demonstrated that their PF specific method PlasMit per-
forms better than the methods developed for general pur-
pose like TargetP (Emanuelsson et al. 2000) and MitoProtII
(Claros and Vincens 1996). Recently, Verma et al. (2010)
used Support Vector Machine (SVM) model for predicting
mitochondrial proteins of PF based on split amino acid
composition (SAAC) and PSSM profile, and obtained
better prediction accuracy than previous methods.

On the basis of the Shannon entropy definition, Laxton
introduced the concept of measure of diversity (Laxton
1978). The measure of diversity is a kind of information
description on discrete state space and a measure of
uncertainty of a system. In order to compare the distribu-
tion of two species, one defines the increment of diversity
(ID) by the difference of the total diversity measure of two
systems and the diversity measure of the mixed system.
The ID method has been developed and employed for
classification in biogeography. Recently, Li’s group firstly
introduced the ID method to protein prediction, the rec-
ognition of protein structural class (Li and Lu 2001; Lin
and Li 2007a), the protein superfamily classification (Lin
and Li 2007b), the subcellular and subnuclear location
(Chen and Li 2007a, b; Li and Li 2008a, b), the defensin
family and subfamily classification (Zuo and Li 2009),
beta-hairpin and gamma-turn prediction (Hu and Li 2008)
and good prediction performances are obtained. It has been
shown that the ID is a good index for distinguishing two
different sources established by proteins. In this paper, the
ID method firstly is applied to predict mitochondrial pro-
teins of malaria parasite, based on pseudo-amino acid
composition and structural alphabet. Using this hybrid
model, the prediction accuracy and Mathew’s correlation
coefficient (MCC) are 93.14% and 0.84, respectively, for
the re-substitution test, and the prediction accuracy and
MCC are 92% and 0.82, respectively, for the jackknife test.

Materials and methods
Dataset

A critical issue in developing mitochondrial protein pre-
diction algorithm of malaria parasite is to find suitable
training and testing sets. In this study, the dataset was
retrieved from Bender et al. (2003), which consists of 40
mitochondrial proteins called positive examples and 135
proteins of other locations (cytoplasm, secretory, apicop-
last) called negative examples while details about these
proteins are given in Bender et al. (2003).
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The definition of increment of diversity

For a discrete state space X with d dimension X:
[n1,n5,...,10;,...,n4], n; denotes the absolute frequency of
ith state, the Shannon information entropy (Shannon
1948), a measure of uncertainty, denoted by H(X), is
defined as:

d
H(X) ==Y pilog,pi (1)
P

where N = Ele n;, p; ="/, p; indicates probability of
ith state.

From the idea of information, the quantity of the mea-
sured diversity is called the measure of diversity, denoted
by D(X), is defined as:

d d
n;
D(X)=— Z n;log,p; = — Z n; log, N
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= NlogN — Z”i log, n;
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According to the definition of information entropy,
combining the formula (1), we get

d d
n; n; 1
HX)=—- i1 ;= — —log,— =—D(X 3
(X) ;P ogyp ;NOng N (X) 3)
So we have
D(X) =N -H(X) (4)

H(X) is the information entropy, which indicates a
measure of uncertainty associated with a random variable.
The measure of diversity D(X) in formula (4) means a kind
of information description on state space and a measure of
whole uncertainty and total information of a system
(Laxton 1978).

In general, for two sources of diversity in the same
parameter space of d dimensions X: [ny,n5,...,1;,...,1,] and
Y: [mymy,....m;,...,my], the increment of diversity (ID),
denoted by ID(X.,Y), is defined as:

ID(X,Y) = D(X +Y) — D(X) — D(Y) (5)

Here, D(X + 7) is the measure of diversity of the sum of
two diversity sources called combination diversity source
space.

It can be proved that the increment of diversity
(ID(X,Y)) satisfies nonnegativity and symmetry. Therefore,
the ID is a quantitative measure of the similarity level of
two diversity sources. The higher the similarity of two
sources, the smaller the ID.

The ID(X,Y) space can be calculated by using Eq. 5.
Then the protein X can be predicted as belonging to the
category (mitochondrial (M) or non-mitochondrial (N)) for
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which the corresponding increment of diversity has the
minimum value, and can be formulated as follows:

ID(X,Y%) = Min{ID(X, Y"),ID(X,Y")} (¢=M,N)
(6)

where ¢ can be mitochondrial and non-mitochondrial pro-
teins and the Min means taking the minimum value among
those in the parentheses, then the ¢ in Eq. 6 will give the
protein to which the predicted protein sequence Y should
belong.

The local n-peptide compositions

The description of a protein sequence can be based on the
n-peptide composition coding. In case of n = 1, the coding
reduces to the usual amino acid composition, which can be
considered as the first-order approximation to the complete
protein sequence. For n = 2, the coding gives the dipeptide
composition. As n increases, the coding provides progres-
sively more detailed sequential information. But in the case
of n > 3, the amount of information parameters increase
dramatically, and computation becomes not only imprac-
tical but also susceptible to the danger of overfitting. So we
chose the case of n < 2, and split a sequence into three
regions: N-terminal, C-terminal and the middle region in
between the two terminals, and looked at the local dipep-
tide composition in segmental fragments of protein
sequence.

The hydropathy distribution along protein sequence

It has been shown that the patterns of hydrophobic and
hydrophilic residues play a significant role in the definition
of global protein structure (Goldenberg 1999). As the
hydropathy distribution is broadly conserved in proteins, it
has been used to detect analogous as well as distantly
related proteins (Russell et al. 1997). The hydropathy dis-
tribution along the protein sequence had been recognized
as a useful feature for characterization of protein structure
in the form of hydropathy profiles (Panek et al. 2005).
The hydropathy features allow for construction of a
high-dimensional hydropathy space, where a protein is
represented as points. Similarity of proteins is measured as
a distance among the points in the space. Thus, searching
the hydropathy space for biologically related proteins is
accomplished by using common statistical methods. To
obtain the hydropathy characteristics, the amino acids are
divided into groups using their individual hydropathies
according to the ranges of the hydropathy scale. The three
hydropathy characteristics are defined in Table 1. The
distribution of amino acids into the three groups was
derived from usual classifications of amino acids according

Table 1 The hydropathy classification of amino acids

Classification Abbreviation Amino acids

Strongly hydrophilic or polar L R,D,E,N,Q K, H

Strongly hydrophobic B L,LI,V,A M, F

Weakly hydrophilic or weakly W SST,Y, W
hydrophobic

Proline P P

Glycine G G

Cysteine C C

to their individual hydropathies (Panek et al. 2005). In
addition, proline, glycine and cysteine are classified into
three groups because of their unique backbone properties.
The six groups of 20 amino acids are shown in Table 1. So
a protein sequence with 20 amino acids can be represented
by a sequence with six characters (L (strongly hydrophilic
or polar), B (strongly hydrophobic), W (weakly hydrophilic
or weakly hydrophobic), P (proline), G (glycine) and C
(cysteine)) (Chen and Li 2007a, b). The distribution of the
six characters along the protein sequence can be selected as
the information parameters of a protein.

The reduced amino acid alphabet obtained
from Protein Blocks

A common way of designing a reduced amino acid
alphabet is to cluster amino acids into groups according to
specific features. These features may use sequence or
structure information. Recently, de Brevern proposed a
structural alphabet called Protein Blocks, which is com-
posed of 16 average protein fragments of five residues in
length (de Brevern et al. 2000; de Brevern 2005; Joseph
et al. 2010). The reduced amino acid alphabet (RAAA,
Etchebest et al. 2007) has been applied to various areas of
protein annotation successfully (Li and Wang 2007; Nanni
and Lumini 2008; Ogul and Mumcuogu 2007; Zuo and Li
2009; Zuo and Li 2010). Compared to the general amino
acid composition, the reduced amino acid alphabet not only
simplifies the complexity of the protein system, but also
improves the ability in finding structurally conserved
regions and the structural similarity of entire proteins.

To avoid the complete loss of the sequence-order
information, the pseudo-amino acid (PseAA) composition
or Pse AAC was proposed (Chou 2001, 2005). The essence
of Chou’s pseudo-amino acid composition is to use a dis-
crete model to represent a protein sample yet without
completely losing its sequence-order information. Ever
since the concept of Chou’s pseudo-amino acid composi-
tion was introduced, various PseAAC approaches have
been introduced to deal with different problems in proteins
and protein-related systems (Cai and Chou 2006; Chou and
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Table 2 The scheme for reduced amino acid alphabet based on
Protein Blocks method

Size Protein Blocks method

20 G-I-V-F-Y-W-A-L-M-E-Q-R-K-P-N-D-H-S-T-C
13 G-IV-FYW-A-L-M-E-QRK-P-ND-HS-T-C

11 G-IV-FYW-A-LM-EQRK-P-ND-HS-T-C

9 G-IV-FYW-ALM-EQRK-P-ND-HS-TC

8 G-IV-FYW-ALM-EQRK-P-ND-HSTC

5 G-IVFYW-ALMEQRK-P-NDHSTC

The clustered amino acids are shown by bold values

Shen 2006a, b, 2007; Li and Li 2008b; Wang et al. 2008;
Zhang and Fang 2008; Zhang et al. 2008; Zhou et al. 2007).
Actually, in this study both the hydropathy distribution
along the protein sequence and the composition of reduced
amino acid alphabet can be regarded as some variations of
Chou’s pseudo-amino acid composition.

In this study, the n-peptide composition of reduced
amino acid alphabet clustered by the Protein Blocks
method is used to predict mitochondrial and non-mito-
chondrial proteins. The distribution of amino acids in
Protein Blocks is used to create the clusters of equivalent
amino acids according to local structure. The scheme of the
reduced amino acid alphabet is shown in Table 2. The
feature vector dimensions (d) of n-peptide composition
resulted from different reduced amino acid alphabet sizes
are listed in Table 3.

Test and performance assessment

How to evaluate a prediction algorithm is an important
issue. Usually, a prediction is evaluated by the re-substi-
tution and jackknife tests. The former reflects the degree of
self-consistency and the latter reflects the extrapolating
effectiveness of the algorithm.

In the re-substitution test, each of the mitochondrial
proteins in the given dataset will be predicted by using the
rules derived from the same dataset, the so-called devel-
opment dataset or training dataset. However, during the
process of the re-substitution test, the rule parameters
derived from the training data set include the information
of the query protein later plugged back in the test. This will
certainly underestimate the error and enhance the success
rate because the same proteins are used to derive the rule

parameters and to test themselves. For some algorithm,
there is an overtraining problem. Nevertheless, the
re-substitution test is absolutely necessary because it
reflects the self-consistency of a prediction method. In
other words, the re-substitution test is necessary but not
sufficient for evaluating a prediction method.

In statistical prediction, the following three cross-vali-
dation tests are often used to examine the power of a
predictor: independent dataset test, sub-sampling test and
jackknife test. Of these three, the jackknife test is thought
the most rigorous and objective one (Chou and Zhang
1995), and hence has been used in many studies (e.g., Feng
2001; Wang et al. 2005; Zhang et al. 2006; Zhou 1998;
Zhou and Assa-Munt 2001) for examining the power of
various prediction methods. In order to compute realistic
performance of models, it is important to evaluate perfor-
mance of models on an independent dataset, not used in
training or testing of models. Therefore, the re-substitution
test, the jackknife test and the independent dataset test are
applied to examine our algorithm.

The predictive capability of the algorithm is estimated
by the sensitivity (S,), specificity (S,),Matthew’s correla-
tion coefficient (MCC) and accuracy (Acc),

S, = TP/(TP + FN), (7)
S, = TN/(TN + FP), (8)
Acc = (TP + TN)/(TP + TN + FP + FN) (9)

(TP x TN) — (FP x FN)
/(TP + FP) x (TN + FN) x (TP + FN) x (TN + FP)

(10)

where TP denotes the numbers of the correctly recognized
positives, FN denotes the numbers of the positives recog-
nized as negatives, FP denotes the numbers of the negatives
recognized as positives and TN denotes the numbers of
correctly recognized negatives.

MCC =

Results and discussion

In order to predict mitochondrial proteins, it is very impor-
tant to choose a set of reasonable information parameters
from the sequences. By using various information parame-
ters, our prediction results show that the n-peptide compo-
sitions of N-terminal region, the hydropathy distribution

Table 3 The RAAA sizes and resulting feature vector dimensions (d) used for n-peptide composition

n-peptide The dimension (d) with different amino acid alphabet sizes (S)
S=20 S=13 S=11 S§=9 S§=238 S=5
n=1 20 13 9 8 5
=2 400 169 121 81 64 25
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along the protein sequence, and the n-peptide composition of
reduced amino acid alphabet clustered by the Protein Blocks
method are very useful for the prediction of the mitochon-
drial proteins in the malaria parasite.

(1) By choosing the n-peptide composition on the
N-terminal with m residues as the information
parameters of a diversity source, the predictive results
indicate that when n =1 and m = 20, sensitivity
(Sn), specificity (S,), Matthew’s correlation coeffi-
cient (MCC) and accuracy (Acc) are higher. The
results are shown by “N-ter” line in Table 4 for the
re-substitution test and the jackknife test. Shown in
Table 4, by choosing the 1-peptide compositions in
the N-terminal region with 20 residues as the only
input vector, the prediction performance achieves
86.86% accuracy with 0.69 MCC by the jackknife
test. We tried different lengths for both the C-terminal
and the middle region and obtained predictive
performance lower than N-terminal of a protein. It
indicates the importance of the N-terminal region of a
protein sequence, because most mitochondrial target-
ing peptides (mTPs) are located in the N-terminal
region of a protein sequence (Emanuelsson et al.
2000; Bender et al. 2003).

(2) For calculating the local features, each protein
sequence is split into p parts with same length. We
define a protein vector as,

{n1,1>n1,2,--~7n1,6,ﬂ2,1>n2,2,--~7n2,6§-~~,nu,--~,ﬂp,1,
np2,.. .}’lp’6},
wherei =1, ...,pandj = 1, ..., 6 are the numbers of the

segments and hydropathy characteristics, respectively. In

our calculation, 6 corresponding to six different types of

amino acids: (L (strongly hydrophilic or polar), B (strongly

hydrophobic), W (weakly hydrophilic or weakly hydro-
phobic), P (proline), G (glycine) and C (cysteine)) which

has been described in Table 1. The values of elements n;;

quantify the features. A protein sequence is considered a

succession of adjoining segments with the same number of

residues. The values of the features are computed by using
residues that are successive (i.e., at least 2) and that have
the same types of amino acids. Such residues are the sub-
sequences of a protein sequence. Every feature has a value
that is equal to the sum of lengths of the subsequences with

the same types of amino acids in a segment (Chen and Li

2007a, b).

By choosing n;; as information parameters, the predictive

results indicate that when p = 20, sensitivity (S,), speci-

ficity (S,), Matthew’s correlation coefficient (MCC) and

accuracy (Acc) are higher. The results are shown by “20

parts” line in Table 4 for the re-substitution test and the

jackknife test.

(3) In order to investigate how a particular class or the
property of amino acids affects prediction accuracy
and determine the optimal amount of information, the
20 amino acid alphabet is reduced to several smaller
alphabets according to the Protein Block method, i.e.,
amino acid pairs with high structural similarity scores
are grouped together. Table 3 shows the amino acid
alphabet sizes and the feature vector dimensions used
for the n-peptide composition. Figure 1 shows the
accuracy (Acc) for the jackknife test under different
parameter settings for alphabet size (S) and n-peptide
compositions (n = 1, 2). Thus, the best prediction

Table 4 The prediction results of our method based on the different information parameters for the re-substitution test and the jackknife test

Features Re-substitution test Jackknife test
Sn (%) Sy (%) Acc (%) McCC Sn (%) Sy (%) Acc (%) MCC

N-ter 92.50 88.15 89.14 0.74 90.00 85.93 86.86 0.69
20 parts 92.50 88.15 89.14 0.74 87.50 81.48 82.86 0.61
RAAA (S =11,n=2) 87.50 70.37 74.29 0.49 67.50 63.70 64.57 0.26
RAAA (S=8,n=2) 85.00 67.41 71.43 0.44 70.00 62.96 64.57 0.28
N-ter + 20 parts 100 91.11 93.14 0.84 92.50 88.15 89.14 0.74
N-ter + RAAA(S=9,n=2) 100 90.37 92.57 0.83 95.00 86.67 88.57 0.74
N-ter + 20parts + RAAA (S =20, n = 2) 100 90.37 92.57 0.83 97.50 89.63 91.43 0.80
N-ter + 20parts + RAAA (S =13, n = 2) 100 91.11 93.14 0.84 97.50 88.89 90.86 0.79
N-ter + 20parts + RAAA (S =11, n =2) 100 91.11 93.14 0.84 100 89.63 92.00 0.82
N-ter + 20parts + RAAA (S =9, n=2) 100 91.11 93.14 0.84 100 89.63 92.00 0.82
N-ter + 20parts + RAAA (S =8, n =2) 100 90.37 92.57 0.83 100 89.63 92.00 0.82
N-ter 4 20parts + RAAA (S =5,n=2) 100 90.37 92.57 0.83 97.50 84.44 87.43 0.73

The best results are shown by bold values

Sy, sensitivity; S, specificity; Acc, accuracy; MCC, Matthew’s correlation coefficient
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Fig. 1 The accuracy based on n-peptide composition of RAAA with
different alphabet size (S) for the jackknife test

accuracies are obtained using 2-peptide composition
for the alphabet S =11 and S = 8. This result
indicates that the dimension of feature vector affects
the prediction accuracy. The results are also shown by
“RAAA (=11, n=12)” and “RAAA (S =28,
n = 2)” lines in Table 4 for both the re-substitution
test and the jackknife test.

The hybrid method: a combination of several
information parameters from the above three categories

In order to synthesize the effect of the above two or three
types of information parameters on predictive results, the
hybrid method was developed. Take three types of infor-
mation parameters for instance, for a protein X, the three
increments of diversity ID;(X, ¥°), ID»(X, Y*) and ID5(X,
Y*)between the X and & type proteins in the training set can
be calculated by using the above three types of information
parameters. So we may obtain two increments of diversity
for each type of information (¢ = M, N),

(1) IDy(X, YY), IDy(X, YY)
(2) DX, YY), IDy(X, 1Y)
(3) IDs(X, ¥™), ID5(X, 1Y)

For the normalization of the IDs obtained by using
different information parameters, by normalizing the above
three sets of values, respectively, we can obtain the two
new IDs by the following method,

ID(X, ¥°) =Dy (X, Y°) + IDy(X, ¥°) + ID3(X, ¥°)

((=M,N) (11)

Protein X is predicted to be the mitochondrial or non-
mitochondrial protein for which the corresponding
increment of diversity has the minimum value,

@ Springer

ID(X, Y*) = Min{ID(X, Y"),ID(X, Y")} (12)

where A can be M or N and the operator Min means taking
the minimum value among those in the parentheses, then
the 4 in Eq. 12 will give the category to which the pre-
dicted protein X should belonging.

Based on the hybrid method, the types of 175 PF pro-
teins are predicted by the re-substitution test and the
jackknife test in our algorithm. When using a combination
of two information parameters as input features, the pre-
diction performance is improved further. As Table 4
shown, the accuracy achieved 89.14% with 0.74 MCC
based on “N-ter 4+ 20 parts” by the jackknife test, while
the accuracy achieved 88.57% with 0.74 MCC based on
“N-ter + RAAA (S =9, n = 2)”. When using a combi-
nation of three information parameters as input features,
the results are shown in the “N-ter 4+ 20parts + RAAA”
lines in Table 4 with different sizes (S) and n-peptide
compositions. The accuracies based on 2-peptide compo-
sition of 20 amino acids (S = 20, n = 2) are 92.57% for
the re-substitution test and 91.43% for the jackknife test,
respectively. After amino acids reduction, the predictive
results show that the Acc values based on 2-peptide com-
position of 11 and 9 reduced amino acids (S = 11, n = 2;
S =9, n = 2) achieve 93.14% for the re-substitution test
and 92% for the jackknife test, respectively. Shown in
Table 4, the best results when the S = 11, n = 2, and the
S =9, n =2, for the re-substitution test, sensitivity (S,),
specificity (Sp), accuracy (Acc) and Matthew’s correlation
coefficient (MCC) are 100%, 91.11%, 93.14% and 0.84.
For the jackknife test, the best results are achieved when
n=2,and S can be 11, 9, or 8, where sensitivity, speci-
ficity, accuracy and Matthew’s correlation coefficient are
100%, 89.63%, 92.00% and 0.82, respectively. From the
prediction results in Table 4, we can see that the reduced
amino acid alphabet of Protein Blocks not only can
improve the prediction performance, it also simplifies the
amino acid composition of a protein. The reduced n-pep-
tide composition can extract more useful function and
structure information than the original n-peptide composi-
tion of PF proteins, and can also reduce the dimensions of
the feature space.

In order to compute realistic performance of models, it is
important to evaluate the performance of models on an
independent dataset, not used in training or testing of models.
Thus, we evaluated the performance of our model on an
independent dataset, which consisted of 24 PF mitochondrial
proteins extracted from UniProt, a protein sequence database
which strives to provide a high level of manual annotation.
Our hybrid model based on “N-ter 4+ 20parts + RAAA
(§ =11, n = 2)” and “N-ter + 20parts + RAAA (§ =9,
n = 2)” correctly predicted 19 mitochondrial proteins.
When compared with PlasMit (Bender et al. 2003) and
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Table S Comparison of prediction performance for different meth-
ods on 175 PF proteins (40 mitochondrial and 135 non-mitochondrial
proteins)

Method Sensitivity (%) Specificity (%) Accuracy (%) MCC
Eslpred 57.50 73.33 69.71 0.27
Mitopred 55.00 87.41 80.00 0.43
Mitpred 62.50 88.89 82.86 0.51
MitoProtII* 80.00 73.33 74.86 0.49
Target P* 55.00 96.30 86.86 0.60
PlasMit" 94.00 89.00 90.00 0.74
PFMpred” 97.50 90.37 92.00 0.81
Our method® 100 89.63 92.00 0.82

* As reported by Bender et al. 2003

® PSSM + SAAC evaluated using fivefold cross-validation (Verma
et al. 2010)

¢ Our method (N-ter + 20parts + RAAA where n = 2,5 = 11,9, or
8) evaluated using the jackknife test

PFMpred (Verma et al. 2010) methods, which currently both
good prediction performance methods, our method correctly
predicted more than 5 and 1 mitochondrial proteins,
respectively.

In addition to the evaluation on an independent dataset,
we also compared our method with existing approaches on
175 PF proteins including 40 mitochondrial and 135 non-
mitochondrial proteins (Table 5). Verma et al. (2010)
employed the Support Vector Machine (SVM) model for
predicting mitochondrial proteins of PF, using split amino
acid composition (SAAC) and PSSM profile, the sensitivity
(Sn), specificity (Sp), accuracy (Acc) and Matthew’s cor-
relation coefficient (MCC) were 97.5%, 90.37%, 92% and
0.81 using fivefold cross-validation. The results in Table 5
show that the sensitivity (S,), specificity (Sp), accuracy
(Acc) and Matthew’s correlation coefficient (MCC) which
obtained by our ID method based on “N-ter 4+ 20-
parts + RAAA (n =2; S =11, 9, or 8)” achieved 100%,
89.63%, 92% and 0.82 using the jackknife test. The spec-
ificity in our method is slightly less than the result in
Verma et al. (2010), but the sensitivity and MCC values are
higher in our method. Moreover, the accuracy in our
method using the jackknife test is similar to the SVM
model (Verma et al. 2010).

The jackknife test is deemed as the most effective and
objective test and does not have the overfitting problem.
The high prediction performance also indicates that the
algorithm of increment of diversity based on hydropathy
distribution and several reduced amino acid alphabets
(RAAA) are useful and effective for predicting mitochon-
drial proteins of Plasmodium falciparum (PF).
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