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Abstract
Background: The fungal pathogen Fusarium graminearum (telomorph Gibberella zeae) is the causal agent of
several destructive crop diseases, where a set of genes usually work in concert to cause diseases to crops. To
function appropriately, the F. graminearum proteins inside one cell should be assigned to different compartments,
i.e. subcellular localizations. Therefore, the subcellular localizations of F. graminearum proteins can provide insights
into protein functions and pathogenic mechanisms of this destructive pathogen fungus. Unfortunately, there are
no subcellular localization information for F. graminearum proteins available now. Computational approaches
provide an alternative way to predicting F. graminearum protein subcellular localizations due to the expensive and
time-consuming biological experiments in lab.
Results: In this paper, we developed a novel predictor, namely FGsub, to predict F. graminearum protein
subcellular localizations from the primary structures. First, a non-redundant fungi data set with subcellular
localization annotation is collected from UniProtKB database and used as training set, where the subcellular
locations are classified into 10 groups. Subsequently, Support Vector Machine (SVM) is trained on the training set
and used to predict F. graminearum protein subcellular localizations for those proteins that do not have significant
sequence similarity to those in training set. The performance of SVMs on training set with 10-fold cross-validation
demonstrates the efficiency and effectiveness of the proposed method. In addition, for F. graminearum proteins
that have significant sequence similarity to those in training set, BLAST is utilized to transfer annotations of
homologous proteins to uncharacterized F. graminearum proteins so that the F. graminearum proteins are
annotated more comprehensively.
Conclusions: In this work, we present FGsub to predict F. graminearum protein subcellular localizations in a
comprehensive manner. We make four fold contributions to this filed. First, we present a new algorithm to cope
with imbalance problem that arises in protein subcellular localization prediction, which can solve imbalance
problem and avoid false positive results. Second, we design an ensemble classifier which employs feature selection
to further improve prediction accuracy. Third, we use BLAST to complement machine learning based methods,
which enlarges our prediction coverage. Last and most important, we predict the subcellular localizations of 12786
F. graminearum proteins, which provide insights into protein functions and pathogenic mechanisms of this
destructive pathogen fungus.
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Background
The fungal pathogen Fusarium graminearum (telomorph Gibberella zeae) is the causal agent of several
destructive crop diseases. For example, F. graminearum
causes destructive Fusarium head blight (FHB) on wheat
and barley, and is a leading cause of economical loss for
these crops [1]. It is estimated that F. graminearum
causes economical losses of $3 billion in the United
States of America between 1991 and 1996 [2]. In addition, the fungus contaminates grain with toxic metabolites that threat human health [3].
Therefore, it is necessary to investigate the mechanism
underlying the pathogenic process of this destructive
fungus, which can help to find an efficient way to control it. The annotation of F. graminearum proteins can
provide insights into biological processes in which proteins are involved, and give hints to pathogen-host interactions. Generally, proteins are transported to specific
compartments in a cell so that they can function properly. That is, the subcellular localizations can provide
insights into protein functions and help understand the
pathogenic process of this destructive fungus. Although
the whole genome of F. graminearum has been
sequenced and partly annotated [4], there are no subcellular localization annotation available for F. graminearum right now. Since it is expensive and timeconsuming to determine protein subcellular localizations
by biological experiments in lab, computational
approaches provide alternative ways to predicting F. graminearum protein subcellular localizations.
In literature, a number of machine learning methods
have bee developed for protein subcellular localization
prediction, such as k-nearest neighbor classifiers [5-7],
artificial neural networks [8-10], support vector
machines (SVMs) [11-13], Bayesian networks [14-16],
and so on. Furthermore, many different types of features, i.e. description of proteins, have been used for
subcellular localization prediction. One popular description of protein is amino acid composition [17-20]
including single amino acid composition (AA), pair
amino acid composition (PAA) and gapped amino acid
composition (GapAA). A number of works have used
amino acid composition as the features of a protein
owing to its simplicity and effectiveness [21-23].
For example, SubLoc [24] utilized support vector
machine (SVM) and amino acid composition features to
obtain high prediction accuracy. Nakashima and Nishikawa [22] used PAA, and Chou [11] used pseudo amino
acid composition (PseAA) for prediction. PSORT [25]
used various sequence features to predict protein localization sites in eukaryotic cells. TargetP [10] utilized artificial neural networks and N-terminal sequence to
predict subcellular localizations. Except for sequence
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data, other information have also been found useful for
subcellular localization prediction. Cai and Chou [26]
integrated different information, including pseudoamino acid composition, gene ontology information, and
domain composition, for subcellular localization prediction. BaCelLo [27] used N-terminal, C-terminal, amino
acid composition, and sequence alignment profile to
predict subcellular localizations. Tamura et al [20] used
alignment of block sequences to improve prediction
accuracy. Despite the success of different methods, it is
difficult to say which is better than another one. Li et al
[28] presented a meta-predictor by combining strengths
of multiple available predicting programs, and high prediction accuracy is therefore expected. Most recently,
Hsu et al [13] developed a probabilistic latent semantic
analysis method for Gram-negative bacteria. Ideker et al
[7] integrated various information, including protein
interaction network, gene ontology, hydrophobicity,
side-chain mass and domain composition, and improved
prediction accuracy significantly.
In all methods described above, subcellular localization prediction is actually formulated as a classification
problem, where the proteins belonging to the target
compartment are usually treated as positive samples
while the rest are negative samples. Therefore, the number of negative samples is generally much larger than
that of positive samples, which leads to imbalance problem and degrade the performance of the classifier [29].
Under the circumstances, we present a new algorithm
to cope with imbalance problem arising from protein
subcellular localization prediction. Furthermore, there
are a large number of features extracted from protein
sequence for each protein in the learning procedure,
which leads to ‘bottleneck of dimensionality’, and the
noise in the data will degrade the performance of the
classifier. In this work, feature selection techniques are
utilized to find out most informative features for each
subcellular localization. In addition, different features
can make different contributions to protein subcellular
localization prediction. Therefore, a novel ensemble
classifier is developed to combine contributions from
different features and thereby improves the prediction
accuracy. Based on the methods described above, we
developed a novel predictor, namely FGsub, to predict
F. graminearum protein subcellular localizations from
the primary structures, i.e. protein sequences. First, a
non-redundant fungi data set with subcellular localization annotation is collected from UniProtKB [30] database and used as training set, where the subcellular
locations are classified into 10 groups. Subsequently,
Support Vector Machine (SVM) is trained on the training set and used to predict F. graminearum protein subcellular localizations for those proteins that do not have
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significant sequence similarity to those in training set.
The performance of SVMs on training set with 10-fold
cross-validation demonstrates the efficiency and effectiveness of the proposed method. In addition, for F. graminearum proteins that have significant sequence
similarity to those in training set, BLAST is utilized to
transfer annotations of homologous proteins to uncharacterized F. graminearum proteins so that the F. graminearum proteins are annotated more comprehensively.
Consequently, we predict the subcellular locations for
12786 F. graminearum proteins, which can provide
insights into protein functions and pathogenic mechanisms of this destructive pathogen fungus. The data sets
used in this work and the prediction results are available
at http://csb.shu.edu.cn/fgsub/.

Table 1 Distributions of the fungi proteins with known
subcellular localizations, where only localizations with
more than 30 annotations are shown for clarity
Proteins in UniProtKBa

Proteins_40b

Extracellular

272

148

Cytoplasm

1357

916

Localization

ER

895

561

Golgi apparatus
Nucleus

276
1538

150
1354

Mitochondrion

1719

949

Peroxisome

120

82

Endosome

105

54

Vacuole

315

192

Cell membrane
Total

351

186

6948

4592

a Number of proteins with unique localization found in UniProtKB.
b Curated data set with pairwise sequence identity <40%.

Results and discussion
Construction of balanced ensemble classifier

To predict subcellular localizations of F. graminearum
proteins, a set of fungi proteins with subcellular localization annotations were extracted from UniprotKB and
used as training set in this work. As shown in Table 1,
the non-redundant data set contains 4592 proteins
belonging to 10 subcellular locations, and the details of
processing data can be found in Methods. The classifier
used here are Support Vector Machines (SVMs), which
was implemented with LIBSVM [31]. The gaussian kernel was employed in SVMs at all stages of the classification procedure, and the parameters were optimized with
10-fold cross-validation. In the training of SVM classifiers, we adopted the one-versus-rest method, where
proteins belonging to the corresponding subcellular
localization were regarded as positive set while others as
negative set. For each of the 10 subcellular locations,
one ensemble classfier consists of a series of SVM classifiers was trained and a protein was predicted to be positive or negative by corresponding classifier.
To evaluate the performance of our method, AUC
(area under ROC curve) score was employed in this
work. First, different features were evaluated for selecting the most informative features. Table 2 lists the 10fold cross-validation results by SVM classifiers based on
different features for different compartments, where
threAA means feature description based on three amino
acids, N-term and C-term respectively means feature
description based on N-terminal and C-terminal
sequence, and GapAA means features extracted based
on gapped amino acids but with different gaps. For the
gapAA information, only two best representation are
shown in the table, i.e Gap1 and Gap2. In addition, the

Table 2 The 10-fold cross-validation results by SVM classifiers based on different features and those by ensemble
classifiers for 10 locations with respect to AUC scores, where the ensemble classifiers are the optimal combinations of
different SVM classifiers trained on features without strikethrough. The numbers with strikethrough indicate the
corresponding classifier was not used in the ensemble classifier. The numbers within the brackets denote the
corresponding Gap
Localization

threAA

N-term

C-term

Gap1

Extracellular

0.909

0.891

0.812

0.943(13) 0.943(7)

Gap2

Ensemble
0.950

Cytoplasm

0.652

0.653

0.643

0.637(15) 0.630(5)

0.738

ER
Golgi apparatus

0.789
0.748

0.681
0.791

0.703
0.764

0.811(11) 0.806(13)
0.732(7) 0.729(5)

0.827
0.848

Nucleus

0.688

0.630

0.615

0.709(13) 0.707(15)

0.721

Mitochondrion

0.722

0.781

0.665

0.805(15) 0.802(13)

0.833

Peroxisome

0.808

0.797

0.777

0.816(15) 0.815(13)

0.882

Endosome

0.705

0.787

0.795

0.860(13) 0.848(11)

0.895

Vacuole

0.730

0.749

0.758

0.748(15) 0.746(9)

0.820

Cell membrane

0.798

0.792

0.786

0.801(11) 0.800(9)

0.837
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optimal combination of different classifiers trained on
different features was found in 10-fold cross-validation.
In Table 2, the bold elements without strikethrough
denote the corresponding classifiers were chosen to be
integrated for the final ensemble classifier and vice
versa. From the results, we can see that different features make different contributions to distinct compartments, and the classifier with low prediction accuracy
may also make contribution to the ensemble classifier
due to the diversity introduced by it. Meanwhile, we can
see that threAA, N-term, and C-term are the features
that contribute most to the predictions. For threAA,
each threAA can be treated as a sequence motif, which
determines protein function. N-term and C-term have
relation to signal peptides, which play important roles in
protein subcellular localizations. Therefore, it is not surprise to find that these three features contribute most to
predictions. It is also found that the ensemble classifier
that fuse results by single classifiers indeed improve prediction accuracy.
Next, we investigated the effects of balancing and feature selection on performance of classifier. In this work,
the feature threAA was taken as an example. Figure 1
shows the comparison of performance of SVM classifiers
without feature selection against those with feature
selection and balancing, where CV in figure 1 means the
10-fold cross-validation results without feature selection
and balancing, while BI means the results with balancing, and FS means the results with feature selection
and balancing. From the results, we can see that feature
selection and ensemble classifier can really significantly
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Table 3 Comparison of FGsub with PLOC and PSLDoc
based on the 10 fold cross-validation on the fungi data
set with respect to AUC scores
Localization

PLOC

PSLDoc

FGsub

Extracellular

0.9220

0.9140

0.950

Cytoplasm

0.6572

0.6668

0.738

ER

0.7813

0.8083

0.827

Golgi apparatus

0.7314

0.7090

0.848

Nucleus
Mitochondrion

0.7088
0.7972

0.7331
0.8069

0.721
0.833

Peroxisome

0.6335

0.6684

0.882

Endosome

0.8031

0.7993

0.895

Vacuole

0.7141

0.7476

0.820

Cell membrane

0.7588

0.7683

0.837

improve prediction accuracy, which demonstrates the
efficiency and effectiveness of the proposed method.
Comparison with other methods

Since there are a number of methods have been developed for protein subcellular localization prediction, to
see the performance of our method, we compared our
method with several existing methods. In this part, our
method was compared with PLOC [12] and PSLDoc
[13]. PLOC uses the compositions of amino acids and
amino acid pairs, and PSLDoc uses the gapped-dipeptides XdZ with gap d (0 ≤ d ≤ 13) between any two
amino acids X and Z. For fair comparison, SVM classifiers were used for all methods. Table 3 shows the comparison of prediction accuracies by different methods on

Figure 1 The comparison of performance of SVM classifiers without feature selection against those with feature selection and balancing, where
the results were obtained with 10-fold cross-validation.
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the fungi data sets based only on protein sequence
information, where the results were obtained with 10fold cross-validation. From the results, we can see that
our method outperforms PLOC and PSLDoc in almost
all 10 subcellular localizations except Nucleus. Especially, the AUCs for ‘Golgi apparatus’, ‘Peroxisome’ and
‘Endosome’ are higher than those of the other two
methods with a magnitude about 0.1. The comparison
with other methods based on the same data set demonstrate that our proposed balanced ensemble classifier is
really effective and efficient for predicting fungi protein
subcellular localizations. Note that the aim of this work
is not to compare different methods instead the work
tries to predict protein subcellular localizations for F.
graminearum.
Prediction of protein subcellular localizations
for F. graminearum

After getting the training data set and trained classifier,
we aim to predict protein subcellular localizations for
F. graminearum. First, we predicted F. graminearum
protein subcellular localizations based on trained classifiers, and assigned 12532 proteins to 10 subcellular
localizations. Second, BLAST was employed to predict

F. graminearum protein subcellular localizations based
on protein sequence similarity among F. graminearum
proteins and fungi proteins with known subcellular
localizations so that this can complement SVMs based
methods. Moreover, other subcellular localizations
with few known proteins were also considered except
the 10 localizations used to train classifiers. As a
result, 4897 more proteins were assigned to 24 subcellular localizations. Finally, there are 12786 proteins in
total that were assigned to at least one of 24 protein
subcellular localizations. In summary, our predictions
cover about 95.98% (12786 out of 13321 proteins) of
F. graminearum proteins. Table 4 shows the distributions of F. graminearum proteins among 24 cellular
compartments. Figure 2 shows the distribution of proteins among the top 10 subcellular localizations with
largest populations of proteins. It was found that the
largest population of proteins belong to the Cytoplasm,
in which most biochemical reactions tack place. We
are surprised to find that a large number of proteins
are predicted to belong to cell membrane. Although
there are possible false positives in the predictions, it
is reasonable that F. graminearum invades plant host,
receives signal, and gets nutrients from host with

Table 4 Distributions of the predicted subcellular localizations for 12786 F. graminearum proteins based on ensemble
classifier and BLAST
Localization

Ensemble classifier

BLAST

Ensemble classifier+BLAST

Extracellular

3105

262

3163

Cytoplasm

4782

2050

5699

ER
Golgi apparatus

4016
1773

520
246

4166
1975

Nucleus

1381

1858

2868

Mitochondrion

4115

952

4484

Peroxisome

2202

154

2315

Endosome

1075

52

1114

Vacuole

3377

262

3505

Cell membrane

5035

346

5130

11
36

11
36

Bud
Bud neck
Bud tip

6

6

Lipid-anchor

61

61

Centromere

23

23

Kinetochore

28

28

Telomere

19

19

cytoskeleton

88

88

Spindle
Prospore membrane

48
4

48
4

Peripheral membrane

280

280

Multi-pass membrane

968

968

Single-pass membrane

229

229

4

4

4897

12786

Preautophagosomal structure membrane
Total

12532
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Figure 2 The distribution of proteins among the top 10 subcellular localizations.

membrane proteins. The third largest population of
proteins are found to belong to Mitochondrion which
is also found to be the third largest compartment in
Saccharomyces cerevisiae.
Although the predictions need to be verified in lab
and there are possible false positives, we believe that the
predicted F. graminearum protein subcellular localizations can guide future experiments and provide insights
into protein function and pathogenic process underlying
F. graminearum-host interactions. The prediction results
are available at http://csb.shu.edu.cn/fgsub/.
Validation of predicted F. graminearum protein
subcellular localizations

In order to validate the predicted protein subcellular
locations, we investigated the functions of F. graminearum proteins with the assumption that proteins in
the same cellular compartment should have similar
functions. Right now, there are 4321 proteins that have
been annotated in MIPS Fusarium graminearum Genome DataBase (FGDB) [32]. To see whether a pair of
proteins have similar functions, the functional similarity
score proposed in our previous work [33] was adopted
here, which is defined as:
s ( i, j ) =

f (i )  f ( j )
f (i )  f ( j )

(1)

where s(i, j) is the functional similarity score for a
protein pair (i, j), f (i) represents the set of functional
terms from FGDB for protein i, ∩ is the intersection of
two sets, U is the union of two sets, and |·| means the
number of elements in the set, i.e. cardinality of the set.

The higher s(i, j) is, the higher confidence that the protein pair (i, j) have similar functions.
In this work, all possible protein pairs predicted to the
same subcellular location were compared against all
possible pairs predicted to different subcellular locations. Figure 3 shows the distribution of functional similarity scores for proteins located to same cellular
compartment against those located to different cellular
compartments, where percentage means the percentage
of pairs that have similar functions with similarity score
s(i, j). It can be seen from Figure 2 that the proteins
located to same organelle more likely have similar functions than those located to different organelles, which
validates the reliability of our predicted subcellular
locations.
Furthermore, to verify our predicted results, we use
the core protein-protein interaction (PPI) data set predicted for F. graminearum in our previous work [33]. In
order to interact, two proteins must co-occur spatially
and temporally, and therefore proteins interacting in
vivo should be co-located in the same cellular compartment. In literature, Shin et al [34] have used proteinprotein interaction data to predict subcellular locations,
which proves that proteins in the same compartment
are more likely to interact with each other. In the core
PPI data set, there are 27102 protein-protein interactions in total. After examining all the pairs belonging to
the same subcellular localizations, it is found that 19695
of 27102 pairs are located in same cellular compartments while just 4197 pairs are located in different cellular compartments. The remaining pairs contain
proteins that are not predicted to any subcellular locations. As to the 12786 predicted proteins, there are total
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1

Figure 3 Distributions of functional similarity for protein pairs located to the same subcellular localizations and different subcellular localizations,
respectively.

81,734,505 pairs, of which 40,067,528 pairs are predicted
in same cellular compartments. A p-value less than
10−15 was obtained based on the hypergeometric distribution defined as following.
P − value = P ( m′ ≥ m ) =

(mM′)(nN−−mM′ ) <10−15
∑ (nN )
m′ = m
n

(2)

Where N = 12786 × 12785/2 = 81734505, n = 19659 +
4197 = 23892, M = 40067528, m = 19659. The p-value
shows a statistical significant difference, which demonstrates that a majority of our predictions are correct.

Conclusions
In this work, a novel predictor, namely FGsub, is proposed to predict F. graminearum protein subcellular
localizations from the primary structures in a comprehensive manner. We make four fold contributions to
this filed. First, we present a new algorithm to cope with
imbalance problem that arises in protein subcellular
localization prediction, which can solve imbalance problem and minimize false positive results. Second, we
design an ensemble classifier which employs feature
selection to further improve prediction accuracy. The

10-fold cross-validations and comparison with other
methods demonstrate that our proposed methods are
indeed effective for predicting protein subcellular localizations. Third, we use BLAST to complement machine
learning based methods, which enlarges our prediction
coverage. The two methods complement each other and
therefore make the predictions more effective. Last and
most important, we predict the subcellular locations of
12786 F. graminearum proteins, which provide insights
into protein functions and pathogenic mechanisms of
this destructive pathogen fungus. Although these
predictions are not verified in lab, we believe that the
predictions can provide guidelines for future experiments and help to understand this destructive fungus
F. graminearum.

Methods
Data sets

In this work, the annotation of protein subcellular localization for fungi were downloaded from the UniProtKB
[30] database release 57.1 and used as training data set
for predicting F. graminearum protein subcellular localizations. The number of proteins in the data set is
23228, of which 17769 is annotated. After discarding
those subcellular location annotations followed ‘By
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similarity’, ‘Potential’ and ‘Probable’, there are 10554
proteins left and were used as reference data set, and
these proteins belong to 24 subcellular localizations.
Since there are some compartments with few annotated
proteins (less than 30), it is not suitable to build classifiers for these compartments due to the small number
of samples. Finally, in this paper, 10 subcellular localizations were kept for machine learning based methods,
including Extracellular, Cytoplasm, Nucleus, Mitochondria, Endoplasmic reticulum, Golgi apparatus, Peroxisome, Endosome, Vacuole and Cell membrane.
Furthermore, proteins located in more than one subcellular compartment were removed, those with less than
50 amino acids in length were removed, and those with
ambiguous amino acids (B, X and Z) were also removed
from the data set. In addition, CD-HIT program [35]
was used to remove the homology bias in the data set
with a threshold identity of 40%. Finally, a non-redundant data set of 4592 proteins were obtained and used
as training set for machine learning based methods.
Table 1 shows the statistics of the ten compartments
used in this work.
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Feature extraction and selection

In machine learning, each protein should be represented
as a feature vector. In this work, the amino acid triplet
(threAA), gapped amino acid composition (GapAA) [13] ,
N-terminal and C-terminal sequence information are considered here.
For threAA information, each protein vector is generated consisting of frequency of all possible combinations
of three amino acids from 20-amino acid alphabet. Therefore, each protein contains 8000 (203) features. For gapped
amino acid composition, GapAA XdY (d ≥ 1) denotes the
peptide of length d + 2, where amino acids X and Y are
separated by d amino acids. Given an upper bound of
gapped distance I, i.e. 1 ≤ d ≤ l, each protein can be represented as a vector consists of all possible combinations of
GapAA XdY (1 ≤ d ≤ l). Therefore, each protein can be
represented as a l × 20 × 20-dimensionality vector, where
each feature represents the frequency of GapAA appearing
in the sequence. For N-terminal and C-terminal features,
the first 20 and 40 residues are used for N-terminal composition, and the first 20 and 50 residues are used for Cterminal composition. Furthermore, amino composition

Figure 4 The schematic flowchart of the proposed method for re-balancing the imbalanced data set.

Sun et al. BMC Systems Biology 2010, 4(Suppl 2):S12
http://www.biomedcentral.com/1752-0509/4?issue=S2/S12

Page 9 of 11

Figure 5 The schematic flowchart of predicting query proteins by ensemble classifier.

(AA), paired amino acids (pAA), one-gapped PAA
(Gap1AA), two-gapped PAA (Gap2AA) and three-gapped
PAA (Gap3AA) are used as features for N-terminal and
C-terminal compositions, respectively. Therefore, each
protein is a vector consist of 3240 features for N-terminal
and C-terminal compositions respectively.
In addition, to reduce effect of protein sequence
length, each feature value is normalized as following:
Vij =

{

Vij

}

max Vij j∈{1,…, m}

(3)

where Vij is the value for feature j in vector i, m is the
dimensionality of the vector i, where j ∊ {1, …, m}. The
representations of each protein described above have
thousands of features, which leads to high computation
cost and the noise in the data generally degrade the performance of classifiers. To find out informative features
and reduce computation cost, we first utilize t-test to
rank the features and then employ sequential forward
feature selection to select the most informative features
starting from the top ranked features by t-test. The
obtained feature set is used in sequel.
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Re-balancing imbalanced data set

After getting the feature vectors for protein sequences,
one classifier can be designed for each localization, and
the new protein sequence can be classified into one or
more subcellular localizations or none of the ten localizations. However, as described previously, the imbalanced problem will arise in this case. To overcome this
problem, a bagging-like re-balanced classifier is presented in this section. Figure 4 presents the schematic
flowchart of the proposed method for re-balancing the
imbalanced data set. In our work, the number of negative data is always larger than that of positive data, so
the negative data set is first under-sampled and divided
into m subsets, where each subset has similar size as the
positive data set. After the sampling procedure, we get
m training sets, where each training set consists of one
subset from the negative data and the positive data, i.e.
{positive set, negative subset 1}, ..., {positive set, negative
subset m}. With the newly generated data sets, we train
m classifiers with one for each training set. Given a new
test example, the prediction results are obtained by fusing the outputs from the m classifiers, where the results
are combined by a voting scheme.
Ensemble classifier

With different feature extraction methods described
above, each protein is described in a different way. It
has been shown that different descriptions for proteins
can lead to different results. Generally, there is no guarantee that one single method can always outperform
other methods in any cases. On the other hand, these
methods may complement each other, and the combination of these methods may lead to better results. In this
work, we combine classifiers trained in different feature
spaces introduced by different feature extraction methods. Figure 5 shows the schematic flowchart for constructing ensemble classifier. As shown in figure 4, each
classifier has inputs with feature descriptions that are
different from those to the other classifiers. Consequently, n classifiers can be constructed if there are n
different ways to describe the protein sequences. For a
new test example, the combination of outputs from the
n classifiers is the final decision. In this paper, the
weighted majority voting method is adopted here, where
the weight for each classifier is the AUC score obtained
by each classifier on the training set using 10-fold crossvalidation.
Predicting protein subcellular localization for F.
graminearum

After getting the ensemble classifiers trained on the
fungi data set with localization annotations, these classifiers can be used to predict F. graminearum protein
subcellular localizations especially for those proteins
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with low sequence similarity with known proteins.
Furthermore, subcellular localization tends to be evolutionarily conserved, and the homologous with localization annotation appears to be a good indicator of the
target protein. We therefore use a homology method, in
which a BLAST search of a submitted protein is carried
out against our database of 10554 proteins with known
localization using an E-value cutoff of 1e-10. The localization information of its homologous proteins is then
transferred to the target protein.
Verification of predicted results

To validate the predicted protein subcellular localizations, we investigate the functions of proteins with the
assumption that proteins in the same cellular compartment generally have similar functions. F. graminearum
annotations were downloaded from MIPS FGDB [32],
where a small number of genes have been annotated
with different functions. Generally, the pair of proteins
belonging to the same cellular compartment should
have similar functions. Therefore, function enrichment
analysis can verify prediction results to some extent.
The function enrichment was investigated for the protein pairs predicted to belong to the same compartment
or different ones . We compared the proportion of protein pairs sharing at least one function term for proteins
predicted to same compartments against those predicted
to different ones. Furthermore, to verify our predicted
results, we use the core PPI data set of FPPI [33]. It is
found that in order to interact two proteins must cooccur spatially and temporally. Therefore, proteins interacting in vivo should be generally co-located in the same
cellular compartment. In other words, proteins in the
same subcellular localization are more likely to interact
with each other.
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