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Abstract Mycobacterium tuberculosis is the primary path-
ogen causing tuberculosis, which is one of the most prevalent
infectious diseases. The subcellular location of mycobacte-
rial proteins can provide essential clues for proteins function
research and drug discovery. Therefore, it is highly desirable
to develop a computational method for fast and reliable pre-
diction of subcellular location of mycobacterial proteins. In
this study, we developed a support vector machine (SVM)
based method to predict subcellular location of mycobac-
terial proteins. A total of 444 non-redundant mycobacterial
proteins were used to train and test proposed model by using
jackknife cross validation. By selecting traditional pseudo
amino acid composition (PseAAC) as parameters, the overall
accuracy of 83.3% was achieved. Moreover, a feature selec-
tion technique was developed to find out an optimal amount
of PseAAC for improving predictive performance. The opti-
mal amount of PseAAC improved overall accuracy from 83.3
to 87.2%. In addition, the reduced amino acids in N-termi-
nus and non N-terminus of proteins were combined in models
for further improving predictive successful rate. As a result,
the maximum overall accuracy of 91.2% was achieved with
average accuracy of 79.7%. The proposed model provides
highly useful information for further experimental research.
The prediction model can be accessed free of charge at http://
cobi.uestc.edu.cn/cobi/people/hlin/webserver.
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Introduction

Mycobacterium tuberculosis is the primary cause of tubercu-
losis (TB) in human. Although TB usually attacks the lungs
it can also affect many other organs and systems including
the central nervous system. Since TB is easily transmissi-
ble between persons, it causes worldwide 8–9 million cases
of infection, and 1.5 million deaths every year. Mycobac-
terium tuberculosis appears to be more genetically diverse
than previously recognized. This genetic diversity results in
significant phenotypic differences between clinical isolates.
Although drugs have been used for treatment of tuberculosis,
they were ineffective against multidrug-resistant TB [1]. The
appearance of vast genomic and proteomic data has provided
us with great opportunity to treat this disease. The subcellu-
lar location of proteins can provide useful insights about their
functions and help in understanding the intricate pathways
that regulate biological processes at the cellular level. There-
fore, successful prediction of subcellular location of proteins
using bioinformatics method is very important for elucidating
protein functions involved in various cellular processes [2].

During the past 20 years, many methods have been
developed to predict subcellular location of eukaryotic and
prokaryotic (Gram-positive and Gram-negative bacteria)
proteins using various sequence characteristics [3–9]. How-
ever, few cases were performed to predict subcellular loca-
tion of mycobacterial proteins. Some works have focused on
predicting protein synthesis promoters regions in mycobacte-
rial genome using sequence parameters as inputs for machine
learning techniques such as: SVM, ANN, LDA, etc. [10–14].
These types of procedures are of general application and have
been recently reviewed [15,16]. Recently, Rashid et al. [17]
developed a support vector machine-based method for pre-
dicting subcellular location of mycobacterial proteins using
evolutionary information and motifs. The maximum overall
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accuracy of 86.8% was achieved using five-fold cross-vali-
dation. However, the database used by Rashid et al. was not
non-redundant data. It has been found that a close relationship
between sequence identity and predicted accuracy existed in
protein subcellular location [18,19]. Using redundant data
can surely lead to overestimation of the performance of the
methods considered. Our recent research shows the maxi-
mum overall accuracy of 82.2% with average accuracy of
68.6% was achieved on 450 non-redundant sequences [20].

In order to improve the predictive accuracy, a new SVM-
based model based on feature selection technique [8,21] and
reduced amino acids [22–24] was developed to predict sub-
cellular location of mycobacterial proteins. The performance
of proposed method was compared with that of the existing
methods. Results demonstrate that this model will have wide
application both in the study of the functions of mycobacte-
rial proteins and in the design of antimicrobial drugs.

Materials and methods

Data sets

The raw database constructed by Rashid et al. [17] contained
852 mycobacterial proteins. According to their subcellular
locations, proteins were classified into four groups: 340 cyto-
plasmic proteins, 402 integral membrane proteins, 50 secre-
tory proteins, and 60 proteins attached to the membrane by
a lipid anchor. The following two steps were used to pre-
pare high quality datasets. (i) The program CD-HIT [25] was
used to remove the highly homologues sequences. In order
to get a balance between the homologues bias and the size
of the training set, the sequence identity cutoff was set to
80%. (ii) In order to utilize information of N-terminal signal
peptides, some proteins with no N-terminal signal peptides
were removed from non-redundant dataset. After strictly fol-
lowing the above procedures, we finally obtained 444 myco-
bacterial protein sequences: 147 cytoplasmic proteins, 238
integral membrane proteins, 23 secretory proteins, and 36
proteins attached to the membrane by a lipid anchor.

Support vector machine

Support vector machine (SVM) is a wonderful machine
learning method based on statistical learning theory. It has
been widely used in the field of bioinformatics. The basic idea
of SVM is to transform the samples into a high dimension Hil-
bert space and to seek a separating hyperplane in this space.
For multi-class problems, several strategies such as one-ver-
sus-rest (OVR), one-versus-one (OVO) and DAGSVM are
applied to extend the traditional SVM. In this paper, OVO
strategy is used for multi-class classification. The software
used to implement SVM is LibSVM2.83 written by Lin’s lab

and can be downloaded free of charge from: http://www.csie.
ntu.edu.tw/~cjlin/libsvm [26]. Usually, four kinds of kernel
functions, i.e. linear function, polynomial function, sigmoid
function and radial basis function (RBF), can be available to
perform prediction. After examining these kernel functions
with various parameters, we found that RBF achieved the
highest predictive accuracy.

PseAAC

The appropriate parameter is one of the most important
aspects for prediction algorithms. The physicochemical
properties of a protein molecular surface are adapted to the
micro environment the protein localized at, and the aver-
age physicochemical properties are correlated with the amino
acid composition of the sequence. The PseAAC proposed by
Chou [27] describes not only the feature of amino acid com-
position, but also the long distance interaction of physico-
chemical properties between residues. Thus, we constructed
a feature vector based on PseAAC.

For reader’s conveniences, the concept of Chou’s PseAAC
was briefly introduced as follows. A protein sequence with
length L amino acid residues R1 R2 R3. . .RL , where R1 rep-
resents the residue at sequence position 1, R2 represents
the residue at position 2, and so forth, may be denoted as
a (20 + λ)-dimensional vector defined by 20 + λ discrete
numbers; i.e.

X = [x1 · · · x20x20+1 · · · x20+λ]T (1)

where the first 20 numbers in the Eq. 1 represent the clas-
sic amino acid composition, and the next λ discrete numbers
describe sequence correlation factor, which can be calculated
according to the reported paper [27]. While using Chou’s
PseAAC, two parameters that are weight factor w and cor-
relation factor λ should be optimized. For different prob-
lems, the optimal values of w and λ are different. Detailed
descriptions about the PseAAC can refer to Chou’s paper
[27]. Recently, a PseAAC web server [28] has been devel-
oped for conveniently calculating various kinds of PseAAC.

Feature selection

Some methods like principal component analysis and genetic
algorithm, etc have been developed for feature selection [8].
Other selection procedures are done according to forward and
backward selection [21]. In this work, we performed forward
selection (addition) with the complete set of PseAAC to find
a good small feature set. It initially evaluates each PseAAC
and selects the one with the best prediction rate. It then builds
all the two-additional feature subsets and finds two PseAACs
with highest accuracies. This process continues until increas-
ing the size of the current feature subset leads to a lower
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prediction rate. We adopted jackknife cross-validation accu-
racy of SVM for the selection criteria.

The reduced amino acids

Another feature vector used in this paper was the frequen-
cies of reduced amino acids. Some residues can be clustered
into groups according to their physicochemical properties.
Because the residues in the same group commonly play sim-
ilarly structural or functional roles in proteins, the reduced
amino acids can provide a method for finding conserved
regions of proteins [29]. Recently, Panek et al. [30] have
classified 20 amino acids into three classifications accord-
ing to their individual hydropathies. In any case, Proline (P),
Glycine (G) and Cysteine (C) were grouped into a new partic-
ular classification [16,31]. Here, according to rules proposed
by Chen and Li [22,23], 20 amino acids were classified into
six groups: (1) strongly hydrophilic or polar (D, E, H, K,
N, Q and R), (2) strongly hydrophobic (A, F, I, L, M and
V), (3) weakly hydrophilic/hydrophobic (S, T, Y and W), (4)
Proline (P), (5) Glycine (G) and (6) Cysteine (C). Proteins
in different subcellular locations have different N-terminal
residue compositions and non N-terminal residue composi-
tions. Therefore, for an arbitrary protein sequence, it can be
represented as a twelve-dimensional vector.

The criteria definitions

Three test methods that are sub-sampling test, independent
dataset test and jackknife cross-validation can be used to eval-
uate the predictive capability of an algorithm. Among these
three methods, the jackknife cross-validation is deemed the
most objective and rigorous one [32] that can always yield a
unique outcome as demonstrated by a penetrating analysis in
a recent comprehensive review [2] and has been widely and
increasingly adopted by over 100 papers. For the jackknife
cross-validation, each proteins in the dataset is in turn singled
out as an independent test sample and all the rule parame-
ters are calculated based on the remaining proteins without
including the one being identified. In this paper, the jackknife
cross-validation is adopted to evaluate proposed method.

In order to assess the accuracy of prediction methods, four
parameters: sensitivity (Sn), specificity (Sp), overall accuracy
(Ac) and average accuracy (Aa) are used and defined as fol-
lows:

Sn = T P/(T P + F N ) (2)

Sp = T P/(T P + F P) (3)

Ac = (T P + T N )/(T P + T N + F P + F N ) (4)

Aa =
∑

Sn/ξ (5)

here TP denotes the numbers of the correctly recognized pos-
itives, FN denotes the numbers of the positives recognized

as negatives, FP denotes the numbers of the negatives rec-
ognized as positives, TN denotes the numbers of correctly
recognized negatives, ξ denotes the number of classes.

Results

SVM was initially trained and tested on 444 protein sequences
by the use of traditional PseAAC. The weight factor wand
correlation factor λ of the PseAAC must be determined in
advance. Usually, the larger the λ, the more information the
representation bears. However, if the PseAAC contains too
many components, it would reduce the cluster-tolerant capac-
ity [33] so as to lower down the jackknife success rate. We
performed a great number of examinations to optimize w

and λ of PseAAC. For the current study, the optimal val-
ues of w = 0.05 and λ = 8 were selected as the ones that
yielded the maximum overall accuracy. The regularization
parameter C and kernel parameter γ of SVM are two key
parameters for SVM model selection. Here, we performed
the grid-search on C and γ using jackknife cross-validation.
As a result, the optimal values of C = 10 and γ = 0.05 were
obtained. Table 1 exhibited that the overall accuracy of 83.3%
was achieved with average accuracy of 69.8%.

With a view to ascertain whether there was a subset of most
informative features among these 28 PseAACs, we exam-
ined predictive capability of each PseAAC to identify useful
or informative features from a large collection of parame-
ters for improving predictive accuracy. By executing forward
selection technique, we found that a small feature set of 18
PseAACs achieved best predictive performance. The overall
accuracy increased to 87.2% using the parameter C = 8 and
γ = 0.03 (see in Table 1). Our simulations indicated that this
method could pick out informative subsets of PseAAC and
improve classification results.

Moreover, we investigated the predicted accuracy of
reduced amino acids on 444 mycobacterial proteins. The 12
reduced amino acid compositions were selected from N-ter-
minal regions with 30 residues and non N-terminal regions
with remained residues of protein sequences. Table 1 showed
that the overall accuracy of 79.1% with average accuracy
of 61.4% was achieved. By combining 12 reduced amino
acid compositions with 18 optimal PseAACs, the overall
accuracy improved from 87.2 to 91.2%. The average accu-
racy increased to 79.7%. The performance of this model
was excellent for cytoplasmic, integral membrane and mem-
brane-attached proteins but failed to predict secretory pro-
teins.

Discussion

Recently, Rashid et al. [17] have developed a SVM-based
method to predict subcellular location of mycobacterial
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Table 1 The predictive results using different parameters

Parameters PseAAC (C = 10, Reduced PseAAC Reduced amino acids Reduced PseAAC + Reduced
γ = 0.05) (C = 8, γ = 0.03) (C = 10, γ = 0.05) amino acids (C = 10, γ = 0.05)

Sn (%) Sp (%) Sn (%) Sp (%) Sn (%) Sp (%) Sn (%) Sp (%)

Cytoplasmic 83.0 85.3 91.2 85.4 84.4 77.0 96.6 91.0

Integral membrane 90.3 85.0 89.9 90.7 84.5 80.7 93.7 92.5

Membrane-attached 66.7 66.7 72.2 74.3 63.9 79.3 80.6 93.5

Secretory 39.1 75.0 56.5 81.3 13.0 60.0 47.8 68.8

Ac (%) 83.3 87.2 79.1 91.2

Aa (%) 69.8 77.5 61.4 79.7

Table 2 Compared results with other methods

Success rate (sensitivity) (%)

Cytoplasmic Integral membrane Secretory Membrane-attached Overall accuracy

SVM + PSSM profile [17] 94.7 87.8 44.0 68.3 86.6

Hybrid model (10) [17] 87.0 85.3 92.0 91.7 86.8

SVM + 18 PseAAC + 12
reduced amino acids
(C = 128, γ = 0.125)

96.6 94.3 71.1 88.3 93.5

proteins. A maximum overall accuracy of 86.8% was
achieved on 852 redundant datasets using five-fold cross-val-
idation. It is important to compare proposed model with Ras-
hid’s method using same benchmark dataset. However, there
are 18 proteins not contained N-terminal peptides. Therefore,
our model was evaluated by only 834 proteins. The predicted
results of five-fold cross-validation were recorded in Table 2.
As it can be seen from Table 2, the overall accuracy of our
method was 93.5% which was higher than that of Rashid
methods. Results reveal that the feature selection technique
was effective methods for improving predictive performance.

We also checked the performance of proposed method
for low identity datasets using jackknife cross-validation.
By use of 30% sequence identity as the cutoff, we obtained
330 mycobacterial protein sequences included 116 cytoplas-
mic proteins, 178 integral membrane proteins, 10 secre-
tory proteins, and 26 proteins attached to the membrane
by a lipid anchor. The sensitivities of cytoplasmic proteins,
integral membrane proteins, secretory proteins and mem-
brane-attached proteins were 96.4, 93.8, 31.3 and 74.1%,
respectively. The overall accuracy of 90% with average
accuracy of 73.9% was achieved. The overall accuracy just
decreased by 1.2% with the sequence identity decreasing
from 80 to 30%. These results demonstrated that the pro-
posed model is robust.

The investigation by Rashid et al. [17] showed that cyto-
plasmic proteins are too different to have any specific motifs.
Membrane proteins maintained certain type of secondary
structure, so there may be few motifs in these proteins. Our

study exhibited that the correlation of physicochemical prop-
erties of amino acids is conservation for cytoplasmic proteins
and integral membrane proteins. The signal peptides contain
important information for subcellular localization. This con-
clusion is consistent with other investigations [22,23]. The
reason of low accuracy for secretory proteins may be due to
lack enough sequences in this location for training the pro-
posed model.

Conclusion

We have developed a SVM-based method for subcellu-
lar location prediction of mycobacterial proteins using fea-
ture selection techniques. Feature selection techniques can
decrease data dimensionality and find out an optimal amount
of features, leading to a better performance of predictive
model. The good results confirmed that amino acids and
physicochemical characteristics contain sufficient informa-
tion for predicting subcellular location of mycobacterial pro-
teins. This promising method will have broad applications
ranging from protein function research to antimicrobial drugs
design.
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