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Abbreviations
ANOVA	� Analysis of variance
auROC	� Area under the receiver operating characteristic
IFS	� Incremental feature selection
MCC	� Matthews correlation coefficient
ROC	� Receiver operating characteristic
Sn	� Sensitivity
Sp	� Specificity
Acc	� Overall accuracy
SVM	� Support vector machine

Introduction

Malaria is one of the serious infection diseases caused by 
Plasmodium falciparum (P. falciparum). According to the 
report from World Health Organization (WHO) in 2014, 
over 207 million peoples were infected by malaria and 
627,000 cases died in 2012. Commonly, female anopheles 
mosquito transmits this disease. Finding drug targets from 
P. falciparum proteome is a key step for the treatment of 
malaria. The data from GenBank shows that the P. falcipa-
rum genomic data can translate more than 5,000 proteins 
(Coordinators 2014). It is a challenge for all wet-experi-
ment scholars to find potential targets by using biochemical 
experiments. Thus, computational methods are widely used.

As one of the important organelles in a cell, mitochon-
drion produces energy and regulates cellular metabolism. 
It has been reported that there are no dramatic similari-
ties between mitochondrial proteins of P. falciparum and 
human homologs (Vaidya and Mather 2009). Thus, proteins 
located in the mitochondrion of P. falciparum have been 
considered as potential drug targets. Accurate identification 
of mitochondrial proteins of P. falciparum is a key step for 
screening anti-malaria drug targets.
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lating the protein sequences. Subsequently, the analysis 
of variance (ANOVA) combined with incremental feature 
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be achieved by using 101 optimal 5-gap dipeptides. The 
comparison with previous methods demonstrated that our 
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In the past 10 years, many methods have been proposed 
to predict mitochondrial proteins (Guda et al. 2004; Kumar 
et al. 2006; Lin et al. 2013). In 2003, a neural network-based 
method was developed for the prediction of mitochondrial 
transit peptides in P. falciparum (Bender et  al. 2003). By 
using amino acid composition in the N-terminal regions, the 
method achieved a Matthews correlation coefficient (MCC) 
of 0.74. Subsequently, Verma et  al. (2010) constructed a 
web server called PFMpred to predict the mitochondrial 
proteins of P. falciparum. An MCC of 0.81 was achieved 
with an accuracy of 92  %. Jia et  al. (2011) extracted the 
features from the N- and C-terminal sequences of proteins 
to improve the successful predictive rate of mitochondrial 
proteins. Recently, Chen et  al. (2012) developed an incre-
ment of diversity-based method to predict the mitochondrial 
proteins of malaria parasite. Although the aforementioned 
methods could yield encouraging results, the accuracies of 
these methods are still far from satisfactory.

This paper aims to improve the prediction accuracy of 
mitochondrial proteins of the malaria parasite. Firstly, the 
g-gap dipeptide composition was introduced to formulate 
the protein samples. Secondly, ANOVA was proposed to 
optimize the features. Finally, the support vector machine 
(SVM) was used to perform the prediction. The jackknife 
cross-validation was used to evaluate the anticipated accu-
racy of the predictor. Moreover, we compared the perfor-
mance of our method with other published methods.

Materials and methods

Benchmark dataset

The benchmark dataset used in this study was obtained 
from (Bender et al. 2003) and can be expressed as

where Smito contains 40 mitochondrial proteins and Snon-mito 
contains 135 non-mitochondrial proteins. The subcellu-
lar localizations of the above 175 proteins have been con-
firmed by experiments.

General dipeptide composition

Generally, one of the key steps in protein prediction is to 
use an effective mathematical expression to formulate pro-
teins. In a sequence-based predictor, the most important 
issue is the way in which to extract features from primary 
sequences of proteins. Currently, various features have been 
proposed to reflect the correlation between the intrinsic fea-
tures of the sequence and the protein types to be predicted. 
A common strategy is to use amino acid compositions as 
inputting features (Lin and Chen 2011). Unfortunately, the 

(1)S = Smito ∪ Snon-mito,

sequence order information is lost. To overcome the short-
coming, the adjoining dipeptide composition was proposed 
to represent protein sequences (Ding et  al. 2014a). How-
ever, the adjoining dipeptide composition cannot reflect the 
correlation between two amino acids with an interval of g 
residues. Based on the above analysis, we defined a general 
dipeptide composition called g-gap as 

where f
g
ε  is the frequency of the ε-th (ε = 1, 2, …, 400) g-

gap dipeptide and can be calculated by 

where ng
ε is the occurrence number of the ε-th g-gap dipep-

tide; L is the length of the protein. It should be noted that 
g = 0 represents the adjoining dipeptide composition.

Analysis of variance (ANOVA)

Theoretically, if all features were selected to predict mito-
chondrial proteins of malarial parasite, the prediction model 
would not be the best one with maximum accuracy because 
of overfitting, information redundancy and dimension dis-
aster in the model (Ding et  al. 2012). To overcome these 
disadvantages, it is necessary to develop feature selection 
techniques to pick out the optimal features. Recently, the 
ANOVA has been proposed for feature selection in protein 
prediction (Ding et  al. 2013, 2014b). Thus, the ANOVA 
was adopted in this study.

Based on the theory of ANOVA statistics, the score (F) 
of the ε-th g-gap dipeptide is defined as 

where dfB = K−1 and dfW = M–K are the degree of free-
dom for the sample variance between groups and the 
degrees of freedom for the sample variance within groups, 
respectively; K  =  2 represents the number of groups; 
M = 175 denotes the total number of samples; f

g
ε (i, j) is 

the frequency of the ε-th g-gap dipeptide of the j-th sam-
ple in the i-th group, defined in Eq. 3; mi denotes the num-
ber of samples in the i-th group (here m1 = 40, m2 = 135). 
According to the theory of statistics, the F(ε) in Eq.  (4) 
obeys an F sampling distribution with dfB and dfW degrees 
of freedom under the null hypothesis.

It is obvious that the larger the value of F(ε), the better 
the discriminative capability of the ε-th feature. Therefore, 
we ranked the features according to their F values. Subse-
quently, we used the incremental feature selection (IFS) to 
determine the optimal features (Ding et al. 2014b).

(2)P = [f
g
1 , f

g
2 , . . . , f g

ε . . . f
g
400]

T,

(3)f g
ε = ng

ε/(L − g − 1),
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∑K
i=1 mi
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Support vector machine (SVM)

The support vector machine is a popular machine learning 
method widely used in bioinformatics (Ding et  al. 2012, 
2013, 2014a, b; Guo et al. 2014; Hayat et al. 2014; Jia et al. 
2011, 2014; Lin and Chen 2011; Nanni et  al. 2014; Saha 
et  al. 2014). Many soft packages of SVM algorithm have 
been launched. In the current study, the LibSVM (version 
3.18) was adopted to implement SVM (Fan et  al. 2005). 
A grid search method was used to optimize the regulari-
zation parameter C and kernel parameter γ through jack-
knife cross-validation. The search spaces for C and γ were 
[215, 2−5] and [2−5, 2−15] with the steps of 2−1 and 2, 
respectively.

Performance evaluation

In statistical prediction, three cross-validation methods, 
namely, independent dataset test, sub-sampling (e.g., 2-, 
5- or 10-fold cross-validation) test, and jackknife cross-
validation, are often used to evaluate the performances of 
the predicted methods (Ding et al. 2014a; Guo et al. 2014; 
Hayat et  al. 2014; Qiu et  al. 2014). The jackknife cross-
validation can always yield a unique result for the given 
data. During the process of jackknife cross-validation, each 
protein is singled out in turn as a testing sample, and the 
remaining proteins are used as the training set to calculate 
the testing sample’s membership and predict the class. The 
jackknife cross-validation was used in this study.

The four metrics, namely, sensitivity (Sn), specific-
ity (Sp), overall accuracy (Acc) and Mathew’s correlation 
coefficient (MCC), were used to measure the performance 
of the predictor and, respectively, defined as follows:

(5)Sn =
TP

TP + FN
,

(6)Sp =
TN

TN + FP
,

(7)Acc =
TP + TN

TP + TN + FP + FN
,

The receiver operating characteristic (ROC) curves 
were plotted to study the performance of models across the 
entire range of SVM decision values. The area under the 
receiver operating characteristic curve (auROC) was calcu-
lated for objectively evaluating the performance of the pro-
posed method.

Results and discussion

Feature selection for improving accuracy

We initially investigated the performance of adjoining 
dipeptide composition (0-gap dipeptide composition) with 
jackknife cross-validation and obtained an overall accu-
racy of 88.6  %. The 400 features would not only lead to 
the overfitting problem, but also bring about informa-
tion redundancy or noise. Thus, we used the ANOVA to 
rank the 400 adjoining dipeptides. According to the IFS 
approach, the feature subset started from a feature with the 
highest F value in the ranked feature set. Subsequently, the 
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Fig. 1   A plot showing the ten IFS curves for g = 0–9 dipeptides. The 
number of features is set as x axis and the overall accuracy as y axis. 
When the top 101 5-gap dipeptides were used to perform prediction, the 
overall success rate reached an IFS peak of 97.1 % (color figure online)

(8)MCC =
TP × TN − FP × FN

(TP + FN) × (TN + FN) × (TP + FP) × (TN + FP)
,

where TP denotes the number of correctly predicted 
mitochondrial proteins; FN denotes the number of mito-
chondrial proteins predicted as non-mitochondrial pro-
teins; FP denotes the number of non-mitochondrial 
proteins predicted as mitochondrial proteins; and TN 
denotes the number of correctly predicted non-mitochon-
drial proteins.

feature with the second highest F value was added into the 
feature subset to generate a new feature subset. This pro-
cess was repeated until 400 feature subsets were obtained. 
We examined the performances of the 400 feature subsets 
for finding the optimal features with jackknife cross-valida-
tion. For the convenience of observation, we plotted an IFS 
curve in Fig. 1. The peak (the maximum overall accuracy) 
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can be found in this curve. As shown in Fig. 1, by using 47 
optimal 0-gap dipeptides, the accuracy improves from 88.6 
to 91.4 %, suggesting that the ANOVA-based technique is 
effective for feature selection.

It is necessary to investigate whether other g-gap fea-
ture subsets can obtain the higher accuracies or not. The g 
was varied from 0 to 9. The feature selection process was 
repeated for finding the maximum accuracy. The results 
in Fig.  1 show that the 101 optimal 5-gap dipeptides 
(P < 0.001) can produce a maximum accuracy of 97.1 % 
in jackknife cross-validation. Using these features, 90.0 % 
(36/40) of mitochondrial proteins and 99.3  % (134/135) 
of non-mitochondrial proteins can be correctly identified. 
To study the performance of the model across the entire 
range of SVM decision values, we plotted ROC curve in 
Fig. 2. It shows that the auROC reaches 0.975. It should be 
noticed that the number of features (101) are dramatically 
lower than the number of samples (175), suggesting that 
the model is robust.

Comparison with other methods

Because the benchmark dataset is not balanced in terms 
of positive and negative samples, we firstly investigated 
the results obtained from weight random guess. Results 
show that the Acc is [40 × (40/175) + 135 × (135/175)]/
175  =  64.7  %, which is lower than that of our method. 
Subsequently, we compared the prediction performance of 
the proposed method with those of previous methods. All 
results on this benchmark dataset are listed in Table 1. As 
we can see from Table 1, although the Sn obtained in this 
paper is lower than that of previous methods, the Sp, Acc, 

and MCC of our method are the highest among the four 
methods.

Feature analysis

Feature analysis is very important for understanding the 
relationship between the optimal features and mitochon-
dria proteins. Results in Fig. 1 and Table 1 showed that the 
correlation between two residues with five-residue interval 
(g = 5) plays an important role in the identification of mito-
chondria proteins of malaria parasite. For the convenience 
of observation, we used the following function to scale the 
F(ε) of the ε-th 5-gap dipeptide:

where Fmin and Fmax are the minimum and maximum 
F values of all the 400 5-gap dipeptides, respectively; 
f 5
ε , mito and f 5

ε , non-mito are the average frequencies of the 
ε-th 5-gap dipeptide in mitochondria proteins and non-
mitochondria proteins, respectively; sgn is called the sign 
function.

(9)F0(ε) =
F(ε) − Fmin

Fmax − Fmin
× sgn

[

f 5
ε , mito − f 5

ε , non-mito

]

,
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Fig. 2   The ROC curve obtained by using 101 optimal 5-gap dipep-
tides. The auROC of 0.975 was obtained in jackknife cross-valida-
tion. The diagonal dotted line denotes a random guess with an auROC 
of 0.5

Table 1   Comparison of the proposed method with other methods

The best results are shown as bold values

Sn, sensitivity; Sp, specificity; Acc, accuracy; MCC, Matthews correla-
tion coefficient

Classifier Sn (%) Sp (%) Acc (%) MCC

This paper 90.0 99.3 97.1 0.92

PlasMit (Bender et al. 2003) 94.0 89.0 90.0 0.74

PFMpred (Verma et al. 2010) 97.5 90.4 92.0 0.81

ID (Chen et al. 2012) 100.0 89.6 92.0 0.82
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Fig. 3   A heat map for the 400 F0(ε) of the 5-gap dipeptides. The red 
elements indicate f 5

ε , mito > f 5
ε , non-mito, whereas the blue elements 

indicate f 5
ε , mito < f 5

ε , non-mito (color figure online)
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For the purpose of providing an overall and intuitive 
view, a heat map with the first residue as column and the 
second residue as row was drawn in Fig.  3. The color of 
each element was marked based on its F0(ε). As shown in 
Fig. 3, most of the elements are green, indicating that these 
5-gap dipeptides are maybe redundant information, which 
are irrelevant to the mitochondria protein prediction. Fur-
ther observation showed that some 5-gap dipeptides [WM, 
YT, QK, MH, VK, NM, and HY (red-yellow)] often appear 
in mitochondria proteins, whereas other 5-gap dipep-
tides [GN, VL, GV (blue)] do not occur in mitochondria 
proteins.

In Fig.  3, one may also notice that the number of ele-
ments with red-yellow is more than that of elements with 
blue. The reason of this phenomenon is that non-mito-
chondria proteins consist of different types of proteins in 
malaria parasite. The features of different non-mitochon-
dria proteins annihilated each other. For improving predic-
tion performance, in the future, we should use multi-neg-
ative sets, in which each negative set has its given type to 
train and test the model.

Conclusion

The knowledge about mitochondrial proteins of malaria 
parasite is helpful for discovering anti-malaria drug tar-
gets. This study focused on the development of predictor 
for identifying the mitochondrial proteins of the malaria 
parasite. The ANOVA was proposed to screen the optimal 
g-gap dipeptides. A series of experiments demonstrates that 
the proposed method is powerful. The good results dem-
onstrate that the correlation of amino acids contains the 
important information for predicting mitochondrial pro-
teins of the malaria parasite. This promising method may 
have broad applications in protein classification and DNA 
motif identification.
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