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Abstract: Background: Tuberculosis is one of the biggest threats to human health. Recent studies 
have demonstrated that anti-tubercular peptides are promising candidates for the discovery of new 
anti-tubercular drugs. Since experimental methods are still labor intensive, it is highly desirable to 
develop automatic computational methods to identify anti-tubercular peptides from the huge 
amount of natural and synthetic peptides. Hence, accurate and fast computational methods are 
highly needed. 

Methods and Results: In this study, a support vector machine based method was proposed to iden-
tify anti-tubercular peptides, in which the peptides were encoded by using the optimal g-gap dipep-
tide compositions. Comparative results demonstrated that our method outperforms existing meth-
ods on the same benchmark dataset. For the convenience of scientific community, a freely accessi-
ble web-server was built, which is available at http://lin-group.cn/server/iATP. 

Conclusion: It is anticipated that the proposed method will become a useful tool for identifying 
anti-tubercular peptides. 
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1. INTRODUCTION 

Tuberculosis (TB), one of the top 10 causes of death, is a 
serious infectious disease caused by Mycobacterium tubercu-
losis (Mtb) [1-3]. According to the global tuberculosis report 
2018 from the World Health Organization (WHO), TB has 
infected approximately 10 million people and caused 1.3 
million deaths worldwide last year. Therefore, there is an 
urgent need for the development of new drugs for the treat-
ment of TB. 

The isoniazid and rifampicin have been selected as the 
first-line medicines to treat TB for a long time [44]. How-
ever, the capability of these first-line medicines began to 
decrease due to the prevalence of drug-resistant strains of 
Mtb [5, 6]. For example, more than 0.5 million people are 
resistance to the most effective first-line medicine rifampicin 
in 2017. In such case, the second-line medicines, including 
cycloserine, terizidone, and ethionamide have been approved 
for the cure of TB [2, 4]. Unfortunately, the second-line 
drugs are more expensive and toxic than the first-line drugs. 
Moreover, the emergence of multi-drug resistant, exten-
sively-drug resistant and totally drug resistant Mtb strains 
give rise to challenges for the cure of TB [7]. 
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Owing to their merits of low immunogenicity, selective 
affinity to prokaryotic negatively charged cell envelopes, and 
diverse modes of action, several peptides known as anti-
tubercular peptides, have been used as the pharmaceutical 
agents to treat TB [8]. Therefore, they become promising 
sources for the discovery of new anti-tubercular drugs. Since 
experimentally identifying anti-tubercular peptides from the 
huge amount of natural and synthetic peptides is still cost-
ineffective, accurate and fast computational methods are 
highly needed for this aim. Recently, Usmani and his col-
leagues developed a computational method for discriminat-
ing anti-tubercular peptides from anti-bacterial peptides and 
non-antibacterial peptides [9]. However, the performance of 
their method is still unsatisfactory. 

In order to improve the predictive performance for identi-
fying anti-tubercular peptides, this study developed a support 
vector machine-based method, in which the peptides were 
encoded by using the optimal g-gap dipeptide. In the jack-
knife test, we obtained the overall accuracies of 80.69% and 
87.80% for discriminating anti-tubercular peptides from anti-
bacterial peptides and non-antibacterial peptides, which is 
better than Usmani et al.’s method. Moreover, a web-server 
was built based on the proposed method, which is freely 
available at http://lin-group.cn/server/iATP. It is anticipated 
that the proposed method will become a useful tool for iden-
tifying anti-tubercular peptides. 
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2. MATERIALS AND METHOD 

2.1. Benchmark Dataset 

In the current study, the benchmark datasets used to train 
and test the proposed model were constructed by Usmani et 
al. [9]. The positive dataset contains 246 experimentally 
verified anti-tubercular peptides that are effective against 
Mycobacterium. Two negative datasets were prepared by 
Usmani et al. [9]. One negative dataset contains 246 anti-
bacterial peptides that were obtained from antimicrobial pep-
tide database DBAASP [10]. As indicated by Usmani et al., 
they are active against Gram positive and Gram negative 
bacteria, and are independent of the positive dataset [9]. The 
other negative dataset contains 246 non-antibacterial pep-
tides that were generated from Swiss-Prot database, none of 
which is identical to anti-tubercular and anti-bacterial pep-
tides. Therefore, two benchmark datasets were formed and 
expressed as follows, 
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where S+ contains the 246 anti-tubercular peptides,  S- 
antibacterial 

contains the 246 anti-bacterial peptides, and S - 
nonantibacterial 

contains the 246 non-antibacterial peptides, respectively. The 
length of the peptides in both positive and negative dataset 
ranges from 5 to 61 amino acids. 

2.2. g-gap Dipeptide Composition 

Instead of the proximate dipeptide composition, the g-
gap dipeptide composition describing long-range correlation 
between two residues has demonstrated its effectiveness in 
the realm of proteomics [11]. Therefore, in the present work, 
the g-gap dipeptide composition was used to encode the pep-
tides in the benchmark dataset. 

Suppose a peptide P with L residues as given by 

P=R1 R2 R3⋯R(L-2) R(L-1) RL                                      (2) 

where R1 is the residue at the first position of the peptide, R2 
is the residue at the second position, and so forth. 

According to the g-gap dipeptide composition, a peptide 
will be converted to a 400-dimensional feature vector ex-
pressed as 
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where f i 
g is the frequency of the ith g-gap dipeptide in the 

peptide and is defined as, 
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where ni 
g is the number of the ith g-gap dipeptide and g is an 

integral number. It is obvious that the g-gap dipeptide com-
position represents the correlation between two residues with 
g residues interval. In the current study, considering the 
length distribution of the peptides in the benchmark dataset, 
g is in the range of [0, 4]. 

2.3. Support Vector Machine (SVM) 

SVM is a powerful and popular method for classification 
and regression analysis, which has been widely used in com-
putational genomics and proteomics [12-22]. Its basic idea is 
to transform the input data into a high dimensional feature 
space and then determine the optimal separating hyperplane. 
Owing to its effectiveness and speed in the training process, 
the radial basis kernel function (RBF) of SVM was used to 
obtain the classification hyperplane in this study. The regu-
larization parameter C and kernel parameter γ of the SVM 
operation engine were optimized in the ranges [2-5, 215] and 
[2-15, 2-5] with the steps of 2 and 2-1, respectively. 

2.4. Feature Selection 

Inclusion of redundant features will cause poor prediction 
results and increase computational time. In order to alleviate 
irrelevant features, a series of effective feature selection 
techniques have been proposed [23-25]. To improve the pre-
diction quality, in the current study, we performed feature 
selection using the ‘‘fselect.py’’ algorithm 
(http://www.csie.ntu.edu.tw/~cjlin/libsvmtools), which ranks 
the features according to their scores. The ranked feature 
with a higher score indicates that it is a more highly relevant 
one for the target to be predicted. To determine the optimal 
number of features, the Incremental Feature Selection (IFS) 
was performed. By adding these features sequentially from 
the higher to lower ranks, new feature sets will be obtained 
[26-28]. For each feature set, an SVM model was built and 
evaluated in terms of accuracy by using the 5-fold cross 
validation test. By doing so, an IFS curve will be obtained, 
from which the optimal feature set is defined when the IFS 
curve reaches its peak. 

2.5. Performance Evaluation 

Sensitivity (Sn), specificity (Sp), accuracy (Acc) and 
Mathew’s correlation coefficient (MCC) were used to evalu-
ate the performance of the proposed method, which are ex-
pressed as follows [29-35]. 
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where TP, TN, FP and FN represent true positive, true nega-
tive, false positive, and false negative, respectively. 

Besides the four metrics defined above, the threshold in-
dependent measure, area under the ROC curve (auROC), has 
also been widely used to objectively evaluate the perform-
ance quality of a binary classifier [18, 36]. A value of 0.5 is 
equivalent to random prediction, while a value of 1 repre-
sents a perfect prediction. Therefore, the auROC was also 
used to evaluate the performance of the current method. 
3. RESULT AND DISCUSSION 
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3.1. Determining the Optimal g-gap Dipeptide 

In Eq. (3), the g describes the global sequence-order ef-
fect. The greater the g is, the more global sequence-order 
information will be included. However, if g is too large, it 
will decrease the signal-to-noise ratio. Therefore, our search-
ing for the optimal value of g was carried out in the range of 
[0, 4] with a step of 1. Accordingly, five models (g=0, 1, ..., 
4) were built based on the benchmark dataset S1 and S2, re-
spectively. Their predictive performances of the 5-fold cross 
validation test for identifying anti-tubercular peptides by 
these models were reported in Table 1. 

As shown in Table 1, the model based on g=1 obtained 
the best performance for discriminating anti-tubercular pep-
tides from anti-bacterial peptides, while the model based on 
g=0 obtained the best performance for discriminating anti-
tubercular peptides from non-antibacterial peptides. There-
fore, in the following analysis, g was set to 1 for discriminat-
ing anti-tubercular peptides from anti-bacterial peptides and 
to 0 for discriminating anti-tubercular peptides from non-
antibacterial peptides. 
3.2. Prediction Performance 

In order to avoid the high-dimension problem and im-
prove the performance of the proposed model, it is necessary 
to choose the optimal number of features to build a robust 
and efficient predictive model. Here, we take the model 
based on benchmark dataset S1 as an example to show the 
way of how to obtain the optimal feature set. At first, the 400 
1-gap dipeptides were ranked by using the ‘fselect.py’ algo-
rithm. Subsequently, based on the ranked 1-gap dipeptides 
and 147 dipeptides were used to build the final computa-
tional models for discriminating anti-tubercular peptides 
from anti-bacterial peptides and discriminating anti-
tubercular peptides from non-antibacterial peptides, respec-
tively. In the jackknife test, the model obtained an accuracy 
of 80.69% for discriminating anti-tubercular peptides from 
anti-bacterial peptides, and an accuracy of 87.80% discrimi-
nating anti-tubercular peptides from non-antibacterial pep-
tides.  

Furthermore, to show the performance of the current 
model across the entire range of SVM decision values, the 
ROC curves of the two models from the jackknife test were 
plotted in Fig. (2). The auROCs for the two models are 0.86 
and 0.95, respectively. All results demonstrate that our pro-
posed models are powerful for identifying anti-tubercular 
peptides. Accordingly, two models (Model 1 and Model 2) 
based on the benchmark dataset S1 and S2 were built for dis-
criminating anti-tubercular peptides from anti-bacterial pep-
tides and non-antibacterial peptides, respectively. 

3.3. Comparison with Other Methods 

To further demonstrate the performance of the proposed 
method, a comparison was made between our proposed 
method and Usmani et al.’s method [9]. Since Usmani et al. 
evaluated their method by the 5-fold cross-validation test [9], 
for a fair comparison, we also evaluated our method via the 
5-fold cross-validation test on benchmark dataset S1 and S2. 
To perform 5-fold cross-validation test, the benchmark 
dataset will be randomly divided into five parts, four of them 
will be used as the training set and the other part as the test-
ing set. 

It was found in Table 2, for discriminating anti-tubercular 
peptides from anti-bacterial peptides, our proposed method 
obtained an average accuracy of 79.13% with the average 
auROC of 0.88 on the training dataset and an average accu-
racy of 77.66% with the average auROC of 0.85 on the vali-
dation dataset, which are higher than the corresponding rates 

Table 1. Performance of different methods for identifying anti-tubercular peptides. 

Benchmark Dataset S1 Benchmark Dataset S2 
 

Sn(%) Sp(%) Acc(%) Mcc Sn(%) Sp(%) Acc(%) Mcc 

g=0 71.54 83.74 77.64 0.56  79.67 91.87 85.77 0.72  

g=1 75.61 84.96 80.28 0.61  76.83 92.28 84.55 0.70  

g=2 67.48 83.33 75.41 0.51  75.2 91.06 83.13 0.67  

g=3 69.11 80.08 74.59 0.49  74.39 87.80 81.10 0.63  

g=4 67.48 86.18 76.83 0.55  76.42 91.46 83.94 0.69  

 
Fig. (2). A graphical illustration to show the performance of the 
models by means of the ROC curves obtained from the jackknife 
test. Model 1 is based on the benchmark dataset S1, Model 2 is 
based on benchmark dataset S2. The vertical coordinate is the true 
positive rate (Sn) while the horizontal coordinate is the false 
positive rate (1-Sp). 
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reported by Usmani et al. For discriminating anti-tubercular 
peptides from non-antibacterial peptides, our method yielded 
an average accuracy of 86.53% and 90.85% on the training 
and validation dataset, respectively, which are 4.67% and 
13.31% higher than that of Usmani et al.’s method [9]. The 
auROC obtained by our method is also higher than that of 
Usmani et al.’s method [9] (Table 2). The above results indi-
cate that the proposed method is indeed quite promising or at 
least can play a complementary role to the existing method 
for identifying anti-tubercular peptides. 

4. WEB-SERVER 

Since user-friendly and publicly accessible web-servers 
[26, 27] and databases [37-40] represent the future direction 
for developing practically more useful models, for the con-
venience of the scientific community, a public-accessible 
web-server was provided for the proposed method. The step-
by-step guide on how to use the webs-server is given below. 

First, open the web-server at http://lin-group.cn/server/ 
iATP, and its top page will be shown on the computer 
screen, as shown in Fig. (3). 

 
Fig. (3). The top page of the web-server. Its website address is at 
http://lin.uestc.edu.cn/server/iATP. 

Second, either paste or type the query peptides into the 
input box. The input peptide should be in the FASTA format 
that can be seen by clicking on the Example button. 

Third, click the open circle (Model 1 or Model 2) to 
choose the model concerned, followed by clicking the Sub-
mit button. The predictive results are shown in a new page. 

CONCLUSION 

In this work, we developed a support vector machine 
based in silico model to identify anti-tubercular peptides by 
using the g-gap dipeptide compositions. The feature selec-
tion technique was utilized to select the optimal g-gap dipep-
tide compositions for improving the performance of the 
models. In the jackknife test, the accuracy of 80.69% was 
obtained for discriminating anti-tubercular peptides from 
anti-bacterial peptides, while an accuracy of 87.80% was 
obtained for discriminating anti-tubercular peptides from 
non-antibacterial peptides. To further access the effective-
ness of the proposed model, we have compared its perform-
ances with the state-of-the-art predictor for the same pur-
pose. The cross validation results demonstrate that our 
method is promising and outperforms the existing predictor. 
For the convenience of the scientific community, a freely 
accessible web server for the proposed method was estab-
lished at http://lin-group.cn/server/iATP. It has not escaped 
our notice that deep learning has become a popular method 
because of its wonderful performance [41-48]. Thus, in the 
future, we will apply it in this field. 
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Table 2. A comparison of the proposed method with the existing method. 

Benchmark Dataset S1 Benchmark Dataset S2 
 

Ta Va Tb Vb Ta Va Tb Vb 

Sn(%) 84.22 80.43 76.76 75.02 82.01 88.51 78.68 73.33 

Sp(%) 74.01 74.90 77.27 76.73 91.05 93.19 84.64 83.75 

Acc(%) 79.13 77.66 77.48 75.87 86.53 90.85 81.66 78.54 

MCC 0.59 0.56 0.55 0.52 0.73 0.82 0.64 0.57 

auROC 0.88 0.85 0.82 0.83 0.94 0.96 0.87 0.86 
a Results obtained from this work by using the optimal features; T indicates training, V indicates validation; 
b The best predictive results obtained by Usmani et al9; T indicates training, V indicates validation. 
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