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Abstract The rate of human death due to malaria is

increasing day-by-day. Thus the malaria causing parasite

Plasmodium falciparum (PF) remains the cause of concern.

With the wealth of data now available, it is imperative to

understand protein localization in order to gain deeper

insight into their functional roles. In this manuscript, an

attempt has been made to develop prediction method for

the localization of mitochondrial proteins. In this study, we

describe a method for predicting mitochondrial proteins of

malaria parasite using machine-learning technique. All

models were trained and tested on 175 proteins (40 mito-

chondrial and 135 non-mitochondrial proteins) and evalu-

ated using five-fold cross validation. We developed a

Support Vector Machine (SVM) model for predicting

mitochondrial proteins of P. falciparum, using amino acids

and dipeptides composition and achieved maximum MCC

0.38 and 0.51, respectively. In this study, split amino acid

composition (SAAC) is used where composition of N-ter-

mini, C-termini, and rest of protein is computed separately.

The performance of SVM model improved significantly

from MCC 0.38 to 0.73 when SAAC instead of simple

amino acid composition was used as input. In addition,

SVM model has been developed using composition of

PSSM profile with MCC 0.75 and accuracy 91.38%. We

achieved maximum MCC 0.81 with accuracy 92% using a

hybrid model, which combines PSSM profile and SAAC.

When evaluated on an independent dataset our method

performs better than existing methods. A web server

PFMpred has been developed for predicting mitochondrial

proteins of malaria parasites (http://www.imtech.res.in/

raghava/pfmpred/).
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Introduction

The human malaria causing parasite Plasmodium falcipa-

rum (PF) has been playing much havoc to the mankind, in

spite of the several efforts being made to curb this deadly

disease (Gardner et al. 2002). The rate of human death and

morbidity is increasing in many parts of the developing

countries. Thus, there is a need to understand the critical

pathways in malaria parasite in order to develop better

drugs and vaccines. Fortunately, now whole genomic data

of PF are available due to advancement in sequence tech-

nology (Gardner et al. 2002). This poses a major challenge

for researchers to annotate genome of PF particularly

functional proteins. The functional annotation of PF pro-

teins using experimental techniques is not practically fea-

sible as the process is costly and time-consuming. There is

a need to develop bioinformatics tools to elucidate the

functions of PF proteins. Mitochondria, commonly known

as powerhouse of the cell, are one of the important orga-

nelle of the cell. The importance of mitochondrial proteins

is reflected by the fact that children keep dying from

mysterious illness that has been traced to tiny structures
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called mitochondria. Thus it is important to identify or

annotate mitochondrial proteins. Mitochondria in plasmo-

dium parasites have many characteristics that distinguish

them from mammalian mitochondria. Mitochondrial pro-

teins of PF are different than human mitochondrial pro-

teins; this makes PF mitochondrial protein as attractive

potential drug targets (Vaidya and Mather 2009; Mather

and Vaidya 2008; Vaidya and Mather 2005). Thus pre-

diction of mitochondrial proteins is very important to

identify novel potential target and new drugs against

malaria. In past, number of methods, including multi-sub-

cellular localization and mitochondria specific, has been

developed (Guda et al. 2004; Kumar et al. 2006). It is

likely that these methods developed for eukaryotic proteins

will also be valid for malaria parasite. Recently, it has been

shown in number of studies that organism-specific methods

perform better than generalized methods (Garg et al. 2005;

Chou and Shen 2006a; Rashid et al. 2007; Bender et al.

2003). The organism and the organelle-specific methods

are more accurate and precise in predicting the particular

and specific query sequence. Recently, Bender et al. (2003)

analyzed the amino acid composition of mitochondrial

proteins of PF and observed unique composition pattern,

which is significantly different than composition pattern of

eukaryotic proteins. Based on these observations, they

developed a method PlasMit (Bender et al. 2003) for pre-

dicting mitochondrial proteins in malaria parasite. Bender

et al. demonstrated that their PF specific method PlasMit

performs better than methods developed for general pur-

pose like TargetP (Emanuelsson et al. 2000) and MitoP-

rotII (Claros and Vincens 1996). However, there is need to

develop PF-specific method for predicting PF mitochon-

drial proteins with high accuracy which can be achieved by

taking some more features. In this study, a systematic

attempt has been made to predict PF mitochondrial proteins

with high accuracy. In this study we used Support Vector

Machine (SVM) technique, which is well-known tech-

nique. This technique has been used successfully in past for

various type of classification/prediction methods including

subcellular localization, structural classification, signal

sequences (Cai et al. 2005, 2002; Garg and Raghava 2008).

Methods

Dataset

The dataset used in this study was retrieved from Bender

et al. 2003, which consists of 40 mitochondrial proteins

called positive examples and 135 proteins of other loca-

tions (cytoplasm, extracellular, apicoplast) called negative

examples while details about these proteins are given in

Bender et al. We had also checked the homologies between

the 40 mitochondrial proteins using CD-HIT (Li and

Godzik 2006) and observed high homology. To remove the

homologous sequences from the benchmark dataset, a cut-

off threshold of 25% was imposed to exclude those pro-

teins from the benchmark datasets that have equal to or

greater than 25% sequence identity to any other in a same

subset (Chou and Shen 2006b; Chou and Shen 2007a, b;

Chou and Shen 2008a). However, in this study we did not

use such a stringent criterion because the currently avail-

able data for mitochondrial proteins do allow us to do so.

Otherwise, the numbers of proteins for some subsets would

be too few to have statistical significance.

We also created an independent or blind dataset, which

consists of 24 PF mitochondrial proteins. These 24 PF

proteins were obtained from UniProt database of ExPASy

available at URL http://www.expasy.org/sprot/. We

extracted these proteins from SRS version (http://www.

expasy.org/srs5bin/cgi-bin/wgetz) of UniProt for organism

Plasmodium falciparum using following query ‘‘[libs =

{swiss_prot trembl}-Organism: Plasmodium falciparum*]

& [libs-Comment: mitochondr*]’’. These sequences are

available from website of PFMpred. This independent

dataset was used to evaluate performance of existing

method and modules developed in this study.

Evaluation

Among the independent dataset test, sub-sampling (e.g., 5-

or 10-fold cross-validation) test, and jackknife test, which

are often used for examining the accuracy of a statistical

prediction method (Chou and Zhang 1995), the jackknife

test was deemed the most objective that can always yield a

unique result for a given benchmark dataset, as elucidated

in past (Cai et al. 2002). Therefore, the jackknife test has

been increasingly and widely adopted by investigators to

test the power of various prediction methods (Chen et al.

2008; Chou and Shen 2008b, 2009; Ding et al. 2009; Li

and Li 2008; Shen et al. 2009; Xiao et al. 2009a, b; Kaur

and Raghava 2003; Ding and Zhang 2008; Ding et al.

2009). However, to reduce the computational time, we

adopted the 5-fold cross validation in this study. The

dataset was randomly divided into five equal sets, out of

which four sets were used for training and the remaining

one for testing. This procedure was repeated five times by

changing the test dataset, so that each set was used for

training as well as testing. The final performance was

calculated by averaging over all five sets.

Performance measures:

Finally we computed the performance of our method using

following performance measures (Kumar et al. 2006; Garg

et al. 2005).
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(a) Sensitivity or coverage of positive examples It is

percent of mitochondrial proteins correctly predicted

mitochondrial.

Sensitivity ¼ TP

TPþ FN
� 100

(b) Specificity or coverage of negative examples It is

percent of non-mitochondrial proteins correctly

predicted non-mitochondrial.

Specificity ¼ TN

TNþ FP
� 100

(c) Accuracy It is percentage of correctly predicted

proteins (mitochondrial and non-mitochondrial

proteins).

Accuracy ¼ TPþ TN

TPþ TNþ FPþ FN
� 100

(d) Mathew’s correlation coefficient (MCC) It is

considered to be the most robust parameter of any

class prediction method. MCC equal to 1 is regarded

as perfect prediction while 0 for completely random

prediction.

MCC¼ ðTP �TNÞ � ðFP � FNÞ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðTPþ FPÞðTPþ FNÞðTNþ FPÞðTNþ FNÞ
p

where TP and TN are truly or correctly predicted mito-

chondrial and non-mitochondrial proteins, respectively.

FP and FN are wrongly predicted mitochondrial and

non- mitochondrial proteins, respectively.

Amino acid and dipeptide composition

The aim of calculating composition of proteins is to

transform the variable length of protein sequence to fixed

length feature vectors. This is necessary for the kind of

SVM classification scheme we adopt. The information of

proteins can be encapsulated to a vector of 20 dimensions

using amino acid composition of the protein. In addition to

amino acid composition, dipeptide composition was also

used for classification that gave a fixed pattern length of

400. The advantage of dipeptide composition over amino

acid composition is that it encapsulates information about

the fraction of amino acids as well as their local order.

Split amino acid composition (SAAC)

In Split Amino Acid Composition method (Chou and Shen

2006a, b) protein sequence is divided in parts and com-

position of each part is calculated separately. In our SAAC

model each protein is divided into three parts; (i) 20 amino

acids of N-termini, (ii) 20 amino acids of C-termini, and

(iii) region between these two terminuses.

PSSM profile

In order to utilize multiple sequence alignment, we com-

puted PSSM profile for each protein using PSI-BLAST.

Sequence was searched against nr database with three

iterations. Intermediate PSI-BLAST generated PSSMs

were used for developing SVM. The matrix had 20 9 M

elements (excluding dummy residue X), where M is the

length of protein. Each element in the matrix represents the

frequency of occurrence of each of the amino acid at a

given position in the alignment. We generated a vector of

dimension 400 from PSSM matrix where composition of

occurrences of each type of amino acid corresponding to

each type of amino acids in protein sequence; it means for

each column we will have 20 values thus making a matrix

of dimension 20 9 20 for PSSM (Rashid et al. 2007; Chou

and Shen 2007a; Chou and Shen 2008a, b; Shen and Chou

2007a, b, 2009).

Hybrid models

In addition, number of hybrid models were developed

using combination of two or more than two types of

information. These hybrid modules include combination of

(i)amino acid (20) and dipeptide composition (400), where

a vector of dimension 420 presents information; (ii) PSSM

and amino acid composition; (iii) PSSM and dipeptide

composition.

Support vector machine

In this study, we implemented SVM using SVM_light

package (Joachims 1999; Chou and Shen 2007b, c) which

allows choosing number of parameters and kernels (e.g.,

linear, polynomial, radial basis function, sigmoid) or any

user-defined kernel. Assuming that we have number of

patterns xi e Rd (I = 1, 2,…… N) with corresponding target

values yi e {htarget valuei} that is, mitochondrial proteins

were used a positive training examples and non-mito-

chondrial for negative examples. Here the target value is

?1 for mitochondrial and -1 for non-mitochondrial pro-

teins. The value of epsilon determines the level of accuracy

of the approximated function. It relies entirely on the target

values in the training set. If epsilon is larger than the range

of the target values then we cannot expect a good result. If

epsilon is zero, we can expect over fitting. Epsilon must

therefore be chosen to reflect the data in some way.

Results

We analyzed the amino acid composition of both mito-

chondrial and non-mitochondrial proteins. As shown in

Prediction of mitochondrial proteins
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Fig. 1, it has been observed that amino acid glutamic acid,

isoleucine, and tyrosine are more abundant in mitochon-

drial proteins than non-mitochondrial proteins. In contrast

aspartic acid, asparagines, serine, and valine are more

abundant in non-mitochondrial proteins than mitochondrial

proteins. This means that mitochondrial and non-mito-

chondrial proteins can be predicted based on their amino

acid composition. We developed a SVM model using

amino acid composition and got maximum MCC 0.38 with

accuracy of 74.14%. Similarly, SVM models were devel-

oped using dipeptide composition which achieved maxi-

mum MCC 0.50 with accuracy of 82.76%.

In past it has been shown that composition of parts of a

protein provides more information than composition of

whole protein (Kumar et al. 2006). Based on this obser-

vation, methods have been developed using split amino

acid composition (Verma et al. 2008). In SAAC, first

sequence is divided in parts then composition of each part

is computed separately and finally SVM model is devel-

oped using composition of all parts of proteins. In this

study, SAAC is used to develop SVM models for pre-

dicting PF mitochondrial proteins. A protein is divided into

three parts: (i) 20 amino acids of the N terminus, (ii) 20

amino acids of the C terminus, and (iii) the region between

these two regions. We achieved MCC 0.73 using SAAC-

based SVM model (Table 1) with rbf kernel and g 0.0001,

c 6, j4. The SAAC-based model performs better than

composition models because it uses the composition of

three parts of protein independently. In SAAC model, we

tried different lengths from N- and C-terminal and found

best performance using 20 residues from each terminus of

protein.

The evolutionary information has been used success-

fully in developing prediction methods for example in

prediction of protein secondary structure (Kaur and

Raghava 2004a, b), nucleotide-binding proteins (Kumar

et al. 2008; Kumar et al. 2007), subcellular localization of

proteins. Thus, we also used evolutionary information for

predicting PF mitochondrial proteins. In this approach

evolutionary information was extracted in the form of

PSSM profile from multiple alignments of proteins similar

to query sequence. We performed PSI-BLAST search of

query protein against non-redundant database. Finally a

SVM model was developed using composition of PSSM

profile which could achieve maximum MCC 0.75.

In this study, a number of hybrid models have been

developed. Firstly, a hybrid model was developed using

amino acid and dipeptide composition and achieved MCC

up to 0.48. In this model, a vector of dimension 420 pre-

sents composition (400 dipeptides ? 20 amino acid).

Secondly, a SVM model has been developed using dipep-

tide and PSSM profile composition and achieved MCC

0.78 with accuracy 92.57%. Here, dimension of input

vector is 800, 400 for dipeptide, and 400 for PSSM com-

position. Finally, a hybrid model has been developed using

PSSM and SAAC and achieved maximum MCC 0.81 with

accuracy 92.00%. In this model, input vector is of

dimension 460, 60 for SAAC, and 400 for PSSM compo-

sition. This model was found to be more accurate com-

pared to other models developed in this study.

Fig. 1 Comparison of amino

acid composition of 40

mitochondrial and 135 non-

mitochondrial proteins. Blue

and red bars represent

mitochondrial and non-

mitochondrial proteins,

respectively
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Benchmarking of models

In order to compute realistic performance of models, it is

important to evaluate performance of models on an inde-

pendent dataset, not used in training or testing of models.

Thus, we computed the performance of our model on an

independent dataset, which consisted of 24 PF mitochon-

drial proteins extracted from UniProt, a curated protein

sequence database which strives to provide a high level of

annotation. Our hybrid model correctly predicted 18

mitochondrial proteins at default threshold. We also eval-

uated the performance of the popular existing methods like

TargetP (Emanuelsson et al. 2000), MitoPred (Guda et al.

2004), MitPred (Kumar et al. 2006), ESLpred (Bhasin and

Raghava 2004), PlasMit (Bender et al. 2003) on our

independent dataset. As shown in Table 2, performance of

most of general purpose methods was very poor on 24 PF

proteins. It is also possible that some of proteins in inde-

pendent dataset have similarity with proteins in training

dataset. We performed BLAST search and detected that 14

proteins have no-detectable homology (e-value 0.0001)

with proteins in training proteins. We also computed

performance of methods on these 14 proteins. Organism-

specific method PlasMit performed better than most of

existing method because it is developed specially for PF.

The performance of Mitpred is higher than any other

method on non-similar proteins including PFMpred

because Mitpred also uses PFAM database for searching

profiles. The proteins we called non-similar in this study

have no similarity with proteins in our main dataset but

there are chances that these proteins or similar proteins are

present in PFAM database. As shown in Table 2, the per-

formance of Mitpred is lower than PFMpred in absence of

PFAM search. In addition to evaluation on an independent

dataset, we also evaluated existing methods on 175 PF

proteins used in this study to develop our SVM models

(Table 3). In order to make fair comparison, PFMpred and

PlasMit were evaluated using cross-validation technique as

both methods were developed on this dataset. Both

organism-specific methods PFMpred and PlasMit per-

formed better than any other existing methods. PFMpred

even performed better than PlasMit. This demonstrates the

Table 1 Performance of various SVM modules developed using

various types of compositions; amino acids, dipeptides, SAAC, and

PSSM profile composition

Thrs Amino acids Dipeptides Split amino acids PSSM

ACC MCC ACC MCC ACC MCC ACC MCC

-1.0 55.75 0.29 52.30 0.35 60.92 0.43 66.09 0.48

-0.9 59.77 0.33 56.32 0.37 64.94 0.46 72.41 0.53

-0.8 60.34 0.32 59.20 0.39 68.39 0.50 73.56 0.54

-0.7 60.92 0.31 62.64 0.41 72.41 0.54 75.29 0.56

-0.6 61.49 0.32 66.09 0.44 74.71 0.57 78.16 0.59

-0.5 63.79 0.34 71.26 0.50 76.44 0.57 78.16 0.58

-0.4 66.67 0.37 72.41 0.48 81.03 0.63 80.46 0.60

-0.3 68.39 0.39 77.01 0.50 83.33 0.65 83.33 0.63

-0.2 68.97 0.35 78.16 0.51 83.91 0.65 82.18 0.57

-0.1 70.69 0.35 79.89 0.50 85.63 0.68 82.76 0.56

0.0 71.84 0.36 81.03 0.49 87.36 0.71 85.06 0.60

0.1 74.14 0.38 82.76 0.50 87.93 0.70 89.08 0.68

0.2 75.29 0.36 81.61 0.44 89.66 0.73 89.66 0.70

0.3 75.86 0.32 84.48 0.51 90.23 0.73 91.38 0.75

0.4 77.59 0.33 83.33 0.47 89.08 0.68 89.66 0.70

0.5 78.16 0.32 82.76 0.44 89.08 0.68 86.21 0.58

0.6 77.59 0.28 80.46 0.33 88.51 0.66 85.06 0.54

0.7 79.89 0.34 81.03 0.37 86.78 0.59 83.91 0.50

0.8 78.74 0.28 79.31 0.27 85.06 0.53 82.18 0.43

0.9 79.31 0.29 78.16 0.19 83.33 0.47 80.46 0.35

1.0 78.74 0.24 77.01 0.07 82.76 0.44 78.16 0.20

Bold font shows performance at default threshold

Thrs Threshold, ACC Accuracy, MCC Matthews correlation

coefficient

Table 2 Performance of existing methods on an independent dataset

of 24 PF mitochondrial proteins at a default threshold

Method Correctly predicted

proteins

Correctly predicted

non-similar proteins

ESLpred 8 7

Mitopred 10 5

Mitpred 15 (10) 11 (5)a

MitoprotII 12 5

PlasMit 14 6

TargetP 6 3

PFMpred 18 8

In addition performance also checked on 14 non-similar proteins
a values presented in parenthesis represented the performance of

Mitpred without PFAM search

Table 3 Benchmarking of mitochondrial prediction methods on 175

PF mitochondrial proteins (40 mitochondrial and 135 non-mito-

chondrial proteins) used in this study for developing SVM models

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
aMitoProtII 80.00 74.07 75.43 0.46
aTarget P 55.00 96.30 86.86 0.60
aPlasMit 94.00 89.00 90.00 0.74
bPFMpred 97.50 91.04 92.00 0.81

a As reported by Bender et al. 2003
b Present method (PSSM ? SAAC) evaluated using five-fold cross

validation
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importance of developing organism-specific methods. In

order to estimate number of mitochondrial proteins in

P. falciparum, we used various methods. As shown in

Table 4, the percentage of PF proteins predicted as mito-

chondrial protein by different methods varies from 3

(TargetP) to 25% (PFMpred).

Web-server

In order to assist the scientific community, we developed a

web server PFMpred for predicting mitochondrial proteins

from protein sequences. This server will assist the

researcher in annotating genome of malaria parasite.

PFMpred is available for public from http://www.imtech.

res.in/raghava/pfmpred/ for academic use. This server

allows user to submit multiple sequences in FASTA format

for predicting PF mitochondrial proteins using SAAC.

PFMpred allows user to predict one sequence at a time in

case user wishes to predict using our best model (Hybrid

model), which combines SAAC- and PSSM- based models.

Discussion

Functional annotation of genomes is one of the major chal-

lenges in post genomic era. In last one decade, a large

number of bioinformatics methods have been developed to

predict function of proteins. Most of these methods are

indirect methods where they predict important properties of

a protein that include prediction of protein structure, sub-

cellular localization, class of protein, and antigenic proper-

ties (Garg et al. 2005; Chou and Shen 2006a, b; Rashid et al.

2007; Bender et al. 2003; Emanuelsson et al. 2000; Claros

and Vincens 1996). One of the important classes of protein

resides in mitochondria called powerhouse of a cell. In this

study, we made systematic attempt to predict mitochondrial

proteins of P. falciparum significant composition biasness

was observed in mitochondrial proteins (Fig. 1), which

encouraged us to develop SVM models using amino acid and

Table 4 All proteins of P. falciparum predicted using various

methods; proteins predicted mitochondrial proteins are shown in table

Method Total proteins

used for

prediction

Number of

mitochondrial

proteins

Percentage of

mitochondrial

proteins (%)

Mitopreda 445 41 9.21

Mitpred 5460 560 10.26

MitoProtII 5460 882 16.15

TargetP 5460 170 3.11

PlasMit 5460 1,191 21.81

PFMpred 5460 1,432 25.39

a All proteins could not be predicted by this method due to limitation

of time

Fig. 2 Amino acid compositon

of N-terminal (first 20 amino

acids) in 40 mitochondrial

(blue) and 135 non-

mitochondrial (red) proteins of

P. falciparum parasite

R. Verma et al.

123

http://www.imtech.res.in/raghava/pfmpred/
http://www.imtech.res.in/raghava/pfmpred/


Fig. 3 Amino acid compositon

of middle region amino acids in

40 mitochondrial (blue) and 135

non-mitochondrial (red)

proteins of P. falciparum
parasite

Fig. 4 Amino acid compositon

of C-terminal (last 20 amino

acids) in 40 mitochondrial

(blue) and 135 non-

mitochondrial (red) proteins of

P. falciparum parasite
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dipeptide composition. The composition-based SVM per-

forms reasonably well. It has been reported in previous

studies that mitochondrial proteins have signal mostly in

terminal region (Kumar et al. 2006). In this study, we

compared N/C-terminal composition of mitochondrial and

non-mitochondrial proteins and observed significant differ-

ences. Based on these observations, SVM models using

SAAC have been developed. It is interesting to note that

performance of these SAAC-based SVM models was much

higher when compared to composition-based models. We

analyzed the composition of N-terminal, C-terminal, and

middle region of mitochondrial and non-mitochondrial

proteins, in order to understand why SAAC-based method

performs better than composition based model. Figures 2, 3,

and 4 show the composition of N-terminal, middle, and

C-terminal regions of both positive and negative types of

proteins. As shown in Fig. 2, composition of 20 residues of

N-terminal of mitochondrial protein is significantly different

than non-mitochondrial proteins. These figures clearly

indicate the importance of terminal regions in prediction

particularly of N-terminal.

It has been shown in past that evolutionary information

of a protein is important for predicting its function and has

been extensively used for predicting RNA interacting res-

idues (Kumar et al. 2008), irregular secondary structure

(Kaur and Raghava 2004a), and subcellular localization of

proteins (Kaur and Raghava 2004b). Thus, we also made

an attempt to utilize the evolutionary information for pre-

dicting PF mitochondrial proteins. In order to utilize evo-

lutionary information we generated PSSM profile and

developed SVM model using composition of PSSM profile.

As shown in Table 5, PSSM-based model performs better

than any other model including SAAC (Table 5). Finally,

we developed hybrid models and achieved maximum per-

formance using SAAC and PSSM profile. Our hybrid

model performs better than existing methods when evalu-

ated on an independent dataset (Table 2). Also, similarity

search was done using blast between the 24 independent

dataset and 40 mitochondrial proteins (Table 4).

The major limitation of our models is that they have

been benchmarked on small dataset. We used same dataset

as used by Bender et al. 2003, this dataset have high

similarity. Unfortunately dataset size is too small (40

proteins), so it is not possible to develop models on non-

redundant proteins. In order to overcome limitation we

tested our model on an independent dataset of 24 proteins,

here we remove redundant proteins from independent

dataset and again evaluate methods. In summary we have

tried our best to evaluate our models in given condition.

We hope our method will complement the existing meth-

ods in functional annotation of malaria proteomes. It is

possible to improve the performance of PFMpred further

by integrating it with Gene Ontology (GO) (Ashburner

et al. 2000) annotation, which describes the function of

genes and gene products across species. Recently, GO has

been integrated successfully with subcellular localization

and sub nuclearization methods (Guo et al. 2006; Huang

et al. 2008; Chou and Shen 2007d). Thus, in future, attempt

will be made to integrate GO annotation with PFMpred in

order to make it more accurate.
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