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Abstract—Tuberculosis has plagued mankind since ancient times, and the struggle between humans and tuberculosis continues. Mycobacterium
tuberculosis is the leading cause of tuberculosis, infecting nearly one-third of the world's population. The rise of peptide drugs has created a new direction
in the treatment of tuberculosis. Therefore, for the treatment of tuberculosis, the prediction of anti-tuberculosis peptides is crucial. This paper proposes
an anti-tuberculosis peptide prediction method based on hybrid features and stacked ensemble learning. First, a random forest (RF) and extremely
randomized tree (ERT) are selected as first-level learning of stacked ensembles. Then, the five best-performing feature encoding methods are selected
to obtain the hybrid feature vector, and then the decision tree and recursive feature elimination (DT-RFE) are used to refine the hybrid feature vector.
After selection, the optimal feature subset is used as the input of the stacked ensemble model. At the same time, logistic regression (LR) is used as a
stacked ensemble secondary learner to build the final stacked ensemble model Hyb_SEnc. The prediction accuracy of Hyb_SEnc achieved 94.68% and
95.74% on the independent test sets of AntiTb_MD and AntiTb_RD, respectively. In addition, we provide a user-friendly Web server (http://www.bioai-
lab.com/Hyb_SEnc). The source code is freely available at https://github.com/fxh1001/Hyb_SEnc.

Index Terms—anti-tuberculosis peptide, machine learning, recursive feature elimination, stacked ensemble

1 INTRODUCTION

UBERCULOSIS (TB) has plagued mankind since ancient

times. Historical records show that tuberculosis existed in the
earliest urbanized societies[1]. According to the "Global
Tuberculosis Report-2021," which was recently released by the
WHO[2], tuberculosis remains a major threat to global public
health. Since the German scientist Robert Koch delivered a
famous speech in 1882, announcing the discovery of the
pathogen that causes tuberculosis as Mycobacterium
tuberculosis[3], humanity has been fighting against tuberculosis
and there is a global goal to eliminate tuberculosis by 2035[4].
However, the cumulative reduction rate of TB incidence has not
been ideal thus far, and therefore, there is a need to optimize
existing treatment methods and discover new methods [2].

For the treatment of tuberculosis, from the effective drug
streptomycin, which was discovered as early as 1944, to the
"triple therapy" (streptomycin, p-aminosalicylic acid and
isoniazid) invented in 1952, the discovery of isoniazid in the

1970s and rifampicin can greatly shorten the treatment time.
Finally, in the 1980s, the addition of pyrazinamide to these drugs
is able to cure tuberculosis in just six months[5]. However, the
treatment of tuberculosis can still experience the problem of drug
resistance. Therefore, the effectiveness of these treatments has
decreased over time, and in extremely drug-resistant (XDR),
completely drug-resistant (TDR) and multidrug-resistant strains
(MDR)[6], the high lethality makes the situation even more
severe, and the development of new treatments is urgently
needed. The rise of peptide drugs in the past two decades has
enabled peptide therapeutics to play an important role in various
medical fields[7-10]. Additionally, anti-tuberculosis peptides
have proven to be more promising anti-tuberculosis drugs[11,
12].

Anti-tuberculosis peptides are actually antibacterial peptides
with anti-tuberculosis activity, which have many advantages
such as low immunogenicity, selective affinity for bacterial
negatively charged cell envelopes and different mechanisms of
action[13, 14]. Therefore, the prediction of anti-tuberculosis
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peptides is very important for the treatment of tuberculosis.
Presently, a variety of machine learning methods have been
proposed to predict anti-tuberculosis peptides and all of them
have achieved good results. Support vector machine-based
models, such as those developed by Usmani et al., use different
sequential features[15-17]. Khatun et al. used the amino acid
index, binary code, dipeptide composition and tripeptide
composition as feature coding methods, adopted the support
vector machine and random forest as prediction methods, and
finally combined these two prediction models into the iAntiTB
final prediction model[18]. Additionally, Manavalan et al. used a
variety of encoding methods based on protein sequence
characteristics and physical and chemical properties and used the
extremely randomized tree (ERT) as a prediction method to build
a two-layer model. The first layer used the extreme random tree
and each encoding method one by one. Corresponding to
multiple baseline models, the second layer stitched the prediction
probabilities of multiple baseline models obtained by the first
layer into a probability feature matrix as the input of the extreme
random tree to obtain the AtbPpred final prediction model [19].
Then, Jain et al. used multiple feature encoding methods and
feature selection methods of divergence measures and built the
final prediction model based on voting ensemble learning to
improve the prediction effect of anti-tuberculosis peptides[20].
Additionally, Akbar et al. used k-spaced amino acid pairs
(KSAAP), composite physiochemical properties (CPP), and one-
hot encoding (one-hot) as feature encoding methods[21] to
create SVM[22], FKNNJ[23], RF[24], PNN[25], and KNN[26] as
five algorithms, and then integrated these five models through
the genetic algorithm to obtain the iAtbP-Hyb-Enc final
integrated model [27]. These existing predictors have achieved
relatively good prediction results, but there is still room to
improve the generalization ability.

In this study, predictors are built based on hybrid features and
stacked ensemble models. According to existing research, hybrid
feature encoding often makes the model show better predictive
performance than single feature encoding[28-32], and ensemble
learning is widely used to improve the overall predictive
performance[27]. The feature encoding methods used in this
study are amino acid composition, amphiphilic pseudo amino
acid composition, dipeptide composition, adaptive skipping

dinucleotide composition, pseudo amino acid composition and
quasi-sequence order, and composition/transition/distribution. A
variety of machine learning algorithms are then used to evaluate
the predictive performance of the feature vectors extracted by
each feature encoding method including SVM [22], RF [24],
GBDT [33], ERT [19], and XGB [34]. Then, according to the
performance effects of these feature encoding methods on
various machine learning algorithms, five feature encoding
methods with better performance are finally determined,
including amphiphilic pseudo amino acid composition, dipeptide
composition, adaptive skipping dinucleotide composition,
pseudo amino acid composition and quasi-sequence order.
Furthermore, two machine learning algorithms, RF and ERT, are
selected according to the performance of each machine learning
algorithm to construct the final stacking ensemble model. These
five encoding methods are used as the final feature extraction
method, and these five feature encoding methods are hybridized
at the same time to obtain hybrid features and recursive feature
elimination is used for feature selection [35]. At the same time,
machine learning algorithms, such as RF[35], DT[36], and
ERT[37], are used for feature rating. By comparing the influence
of the hybrid feature vectors selected by these three algorithms
on the prediction effect of the final stacking ensemble model, the
selection makes the DT-RFE algorithm with the best model
prediction performance used for feature selection to obtain the
final optimal feature subset. Finally, the stacking ensemble
method is adopted[38] using the RF and ERT machine learning
algorithms as the first-level learner, using its LR as the second-
level learner, and using the optimal hybrid feature subset as input
to build the stacking ensemble model Hyb SEnc. The overall
architecture of this study is shown in Figure 1. To verify the
generalization ability of the model obtained in this study, two
different independent test sets were used to judge whether the
obtained model was overfitting and to address the overfitting
problem.

The structure of the rest of the article is as follows. The
second part provides a detailed description of the materials and
methods used in the study. The third part analyzes the
experimental results in detail. Finally, the fourth part summarizes
the research.
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Fig. 1. The construction process of Hyb_SEnc

2 MATERIALS AND METHODS
2.1 Dataset Collection

The selection of the dataset is very important when training a
prediction model[39-41]. For example, choosing an effective
dataset will often lead to better training of the model and thus a
better prediction effect. In this study, we chose two separate anti-
tuberculosis peptide datasets proposed by Usmani et al., which
were AntiTb MD and AntiTb_RD[15]. To obtain a positive
dataset, that is, a dataset with anti-tuberculosis peptide activity,
the authors extracted 246 unique peptides from the AntiTbPdb
database [42] and each had a length between 5 and 61. To obtain
negative datasets, that is, datasets without anti-TB peptide
activity, they extracted unique peptides from the DBAASP
database [43] and the Swiss-Prot database[44] to construct
AntiTb_MD and AntiTb_RD, respectively. For AntiTb MD, a
large number of peptides were extracted from the DBAASP
database through deredundancy operations, and 246 negative
samples with the same number of positive dataset samples were
obtained. For AntiTb_RD, 246 random peptides were generated
from the Swiss-Prot database to construct negative samples in
the dataset. Finally, 80% of the two datasets were taken as the
training set after preprocessing. The two training sets obtained
were the AntiTb MD_benchmark and AntiTb RD benchmark.
Each dataset consisted of a total of 398 samples made up of 199
positive samples and 199 negative samples. Then, the remaining
20% of the data was used to construct two independent test sets,
which were Anti MD_Ind and Anti RD_Ind. Each independent
test machine had a total of 94 samples consisting of 47 positive
and 47 negative samples. The samples of each dataset obtained
in the end were evenly distributed, which is ideal for
experimental data. The sample distribution of each dataset is
shown in Table 1.

TABLE I
Sample distribution of the AntiTb_MD and AntiTb_RD
datasets

s

Lapstic Regression(t B)

/

Dataset Positive ~ Negative
B%‘;famsgrk 199 199
AntiTb MD
= Independent 47 47
Dataset
B%‘;famsgrk 199 199
AntiTb RD
- Independent
47 47
Dataset

2.2 Feature encoding method

In this study, a total of 7 feature encoding methods were used
including Amino Acid Composition (AAC), Amphiphilic Pseudo
amino Acid Composition (APAAC), Dipeptide Composition
(DPC), Adaptive Skip Dinucleotide Composition (ASDC),
Pseudo Amino acid composition (PAAC) and quasi-sequence
order (QS0). There was also a
Composition/Transition/Distribution (CTD) method based on
the physical and chemical properties to extract features. These
feature encoding methods can be directly implemented on the
latest feature extraction platforms to directly obtain the feature
vectors extracted by each feature encoding method. These
platforms include BioSeq-BLM[45], iFeature[46], and
iLearnPlus[47].

2.3 Classifier

In the field of machine learning, the choice of the classifier is
crucial. Selection of the appropriate classifier directly affects the
prediction effect of the final model. In this study, a total of five
machine learning-related algorithms were used including the
support vector machine (SVM), random forest (RF), gradient
boosting tree (GBDT), extremely randomized tree (ERT) and
extreme gradient boosting (XGB). These five machine learning
algorithms have been proven to play a satisfactory role in solving
binary classification problems. Among the existing predictors
developed for anti-TB peptide prediction, SVM, RF and ERT
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same time, for GBDT and XGB machine learning algorithms,
satisfactory prediction results were also obtained in other
classification problems [33, 34, 48, 49]. Finally, we used scikit-
learn (https://scikit-learn.org/) to implement these five machine
learning algorithms and used a random grid search[50] to
optimize the parameters.

2.4 Feature selection

The feature vector extracted by the feature encoding method,
if the dimension is high, often has feature redundancy and
contains many unnecessary features, which often results in the
model showing unsatisfactory prediction results[51]. Feature
selection is necessary to obtain ideal feature vectors. This is
especially true for hybrid feature vectors, and to splice feature
vectors obtained by different feature encoding methods together
to obtain a feature vector with a higher dimension, feature
selection is an essential step. Recently, scientists have proposed
many methods for evaluating feature importance. There are the
more commonly used analyses of variance (ANOVA)[52],
maximum-relevance-maximum-distance (MRMD)[53] and so
on. There are also some commonly used algorithms for feature
selection such as SFS and RFE[54].

In this study, we initially used random forest (RF) [35],
decision tree (DT) [36], and extreme random tree (ERT) [37] to
rank the features and RFE was used to search and construct the
optimal feature subset[36]. By comparing the influence of the
optimal feature subset obtained by these three machine learning
algorithms and RFE on the prediction effect of the final model
on the independent test set, we determined which of the three
machine learning algorithms can make the model perform on the
independent test set. The best machine learning algorithms are
then used to rank the features. Here, we briefly describe the steps
of feature selection. The first step is to input the original feature
vector with the label value into the machine learning algorithm.
We use three different machine learning algorithms, i.e., random
forest (RF) for illustration and the remaining two algorithms for
feature selection. The general steps are the same. The original
feature vector is input into the RF for training, and the feature
importance index of each feature is obtained through the built-in
function of the RF and then sorted according to the level of the
feature importance index to obtain a list of feature importance
indices from high to low. The higher the feature importance
index of a feature is, the richer the information of the feature,
which plays an important role in improving the classification
efficiency. In contrast, the lower the feature importance index of
a feature, the less information the feature carries and the more
likely it is to be useless; that is, it cannot improve or even reduce

the classification efficiency. The second part uses the RFE
algorithm to search for the optimal feature subset. Through the
feature sorting list obtained in the previous round, the RFE
algorithm removes the useless features that rank last. Then, the
dimension of the feature vector is reduced by one, and iteratively,
one feature is eliminated in each round (i.e., the dimension of the
feature vector in each round is reduced). One dimension is
reduced, and at the same time, the new feature subset obtained
in each round is input into the classifier, a stacked ensemble
model is built, and tenfold cross-validation[55] is used for
evaluation until a certain subset of obtained features makes the
performance of the final stacked ensemble model on the
independent test set the best. Then, this subset of features is
considered the final optimal feature subset.

2.5 Ensemble classification

Integrated systems have received increasing attention over
the past few decades due to their effectiveness and versatility in
many fields[56]. This attention is justified because various
machine learning problems, such as feature selection and
incremental learning, have been successfully solved by
integrating a system[57]. Thus, ensemble methods are
considered state-of-the-art for many machine learning
problems[58]. There are also many methods for building
integrated systems such as blending and stacking ensemble
methods and each has its own advantages[59, 60]. This study
adopted a stacked ensemble approach to build an ensemble
model. Here, a brief introduction to the ensemble principle and
process of the stacking ensemble method is provided. First, the
training dataset is input into several first-level learners, that is,
the first layer of the stacked ensemble, and then a cross-
validation is performed. The prediction results of the validation
set in each fold of the cross-validation are spliced together to
obtain a one-dimensional feature vector, and the one-
dimensional feature vectors from these several first-level
learners are then spliced through the above cross-validation to
obtain a new feature vector, which is used as the input of the
second layer of the stacking ensemble. Since each first-level
learner can obtain a one-dimensional vector, that is, it can
provide one-dimensional features, the dimension of this newly
constructed feature vector is the same as the number of first-level
learners. This newly obtained feature vector is then fed into the
secondary learner for training, which is the second layer of the
stacked ensemble. The final prediction result of the second-level
learner is the final prediction result of the stacking ensemble[57].
The entire stacking ensemble algorithm process is shown in
Figure 2.
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Fig. 2. The entire stacking ensemble algorithm process

2.6 Performance evaluation curve (AUC)[65] to make a comprehensive comparison so that
A tenfold cross-validation process was used in this study to ~ We can better evaluate the performance of the model obtained in

prevent overfitting and evaluate the proposed machine learning  this study.

model[61-63]. Tenfold cross-validation divides the original TP+TN

training dataset into ten random and equal parts. Among these ACC= TP+FP+TN+FN 1)

parts, 9 datasets are used for training and the remaining one is

used as a validation set. Finally, the average performance of the SE=_TP_ ?)
ten subsets is obtained as the result of the tenfold cross-validation. TP+FN

Furthermore, in binary classification tasks, various evaluation

indicators are often constructed through values in the confusion SP = TNTEFF 3)

matrix[64]. This study used four evaluation indicators that were
constructed based on the confusion matrix as follows: accuracy
(ACC), sensitivity (SE), specificity (SP) and Matthew's
correlation coefficient (MCC). The calculation formulas of these MCC =
four evaluation indicators are shown in (1)-(4). To understand
the pros and cons of the model performance, we use the receiver

operating characteristic curve (ROC) and the area under the ROC TP: true positive; FP: false seropositive; TN: true negative;
FN: false-negative

(TP+TN)—(FP*FN)
/(TP+FP)+(TN+FN)*(TP+FN)*(TN+FP)"

“)

A AntiTb_MD B AnTb Mo

00 AAC - 0.775 0.777 0.766 0.86

07 0.82
DPC - 0.712 [eE:ELE 0.744 QK38 0.766
06
mSWM 0.80
Voos WFRF
Q ASDC - 0.734 [0 0.755 XYM |
< o W GBDT 0.78
: ERT
0 B XGE PAAC - 0.745  [J:LE) 0.755 | 0.76
02 L
Qs0 - 0.777 [} 0.777 0.74
01
L0.72
. CID- 0.700 0.723 0.720 0.734 0.700
AAC APAAC DPC ASDC PAAC QO  CTD ' LLo70

' ' ' '
SVM RF GBDT  ERT XGB

Fig. 3. The performance of five different machine learning algorithms on seven different feature encoding methods on the AntiTb_MD benchmark dataset
(A), and the classification heatmap of 35 baseline models with respect to accuracy (B).
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Fig. 4. The performance of five different machine learning algorithms on seven different feature encoding methods on the AntiTb_RD benchmark dataset (A),

and a classification heatmap of 35 baseline models with respect to accuracy (B)

3 EXPERIMENTAL RESULTS

3.1 The evaluation of different machine learning
models using seven different feature encoding
methods

This study used seven different feature encoding methods,
and six are classical feature encoding methods based on the
following protein sequences: amino acid composition (AAC),
amphiphilic pseudo amino acid composition (APAAC),
dipeptide composition (DPC), adaptive skip dinucleotide
composition (ASDC), pseudo amino acid composition (PAAC)
and quasi-sequence order (QSO). There is also a feature coding
method, composition/transition/distribution (CTD), which is
based on physical and chemical properties. In the initial stage of
this study, five machine learning algorithms were used as follows:
support vector machine (SVM), random forest (RF), gradient
boosting tree (GBDT), extremely randomized tree (ERT) and
extreme gradient boosting (XGB) [19, 22, 24, 33, 34]. Usually,
the choice of the machine learning algorithm is not determined
at the beginning but needs to be compared through experiments
to select the best algorithm for the experimental dataset[19, 20].
At the very beginning of this research, we evaluated the five
different machine learning models mentioned above by using the
seven different feature encoding methods to determine the
machine learning model that performs best among the seven
feature encoding methods. The performance was determined
based on the prediction accuracy (ACC). A feature encoding
method corresponds to a machine learning model and so 35 (7*5)

baseline models are generated. To prevent the trained model
from overfitting and enhance the robustness of the model, we
used tenfold cross-validation to train the initial baseline model
and random grid search to tune the hyperparameters of each
baseline model.

Figure 3A and B show the performance histogram and
classification heatmap of the 35 baseline models trained on the
AntiTb_MD dataset, respectively. According to Figure 3 A and
B, it can be seen that the two machine learning models, ERT and
RF, perform better than other machine learning models in the
AntiTb MD dataset in terms of the seven different feature
encodings. From a data point of view, the average accuracy rates
of SVM, RF, GBDT, ERT and XGB on these seven feature
encoding methods are 0.744, 0.801, 0.775, 0.839 and 0.761,
respectively. The ERT model performs best overall followed by
the RF model. Examining the performance histogram and
classification heatmap of the baseline model on the AntiTb RD
dataset, as shown in Figure 4A and B, it can also be seen that
ERT and RF perform better in most feature encodings. Similarly,
in the AntiTb_RD dataset, the average accuracy rates obtained
by SVM, RF, GBDT, ERT and XGB on these seven feature
encoding methods are 0.756, 0.791, 0.759, 0.813 and 0.768,
respectively. The ERT model performs the best followed by the
RF model. According to the above analysis in the AntiTb MD
and AntiTb_RD datasets, these two datasets, the ERT and RF
models, perform better than the other models. Therefore, the
ERT and RF models were used as the first-level learner for the
stacked ensemble.
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3.2 The feature encoding method that performs best

on the ERT and RF models

According to the experimental results in the previous step, we
choose the ERT and RF models as the first-level learner for the
stack ensemble. However, to further improve the performance of
the final integrated model, we also needed to select the feature
encoding method that performs better on the ERT and RF models.
Similarly, in the AntiTb MD and AntiTb RD datasets, we
conducted experiments as shown in Figure 5A and B and Figure
6A and B. We selected the feature encoding method with the best
performance. This performance is based on the prediction
accuracy (ACC) of the baseline model after training. According
to Figure 5A and B, it can be seen that on the AntiTb_MD dataset,
amino acid composition (AAC) and physicochemical properties
(CTD) showed worse results than other feature encoding
methods on ERT and RF models. We used the mean of the
accuracy rate (ACC) of each feature encoding method on the
ERT and RF models for comparison, and the mean accuracy rate
of AAC, APAAC, DPC, ASDC, PAAC, QSO, and CTD on the
ERT and RF models on the AntiTb MD dataset were 0.804,
0.862, 0.841, 0.836, 0.830, 0.841, and 0.729, respectively. The
CTD feature encoding method shows the worst effect on the two

effect on the two models. According to Figure 6A and B, on the
AntiTb_RD dataset, AAC and CTD show poorer results than
other feature encoding methods on the ERT and RF models.
Similarly, we use the mean of the accuracy rate (ACC) of each
feature encoding method on the ERT and RF models for
comparison, the mean accuracy rates of AAC, APAAC, DPC,
ASDC, PAAC, QSO, and CTD on the ERT and RF models on
the AntiTb RD dataset were 0.776, 0.830, 0.830, 0.782, 0.804,
0.808, and 0.787, respectively. Then, the AAC feature encoding
method showed the worst effect on the AntiTb_RD dataset, and
APAAC and DPC showed the same optimal results. According
to the above experiments, in the AntiTb_ MD and AntiTb RD
datasets, the CTD and AAC feature encoding methods showed
the worst results, and so these two feature encoding methods
were eliminated. The remaining five feature encoding methods
of APAAC, DPC, ASDC, PAAC, and QSO were retained for the
next experiment.
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Fig. 7. The dimensions of the feature vectors obtained by seven feature
encoding methods and the dimensions of the hybrid feature vectors.
3.3 Construct hybrid features and perform feature

selection

After previous experiments, we chose the ERT and RF
models to build the final stacked ensemble model and selected
five feature encoding methods as follows: APAAC, DPC, ASDC,
PAAC, and QSO. At this step, we use these five feature encoding
methods to build a hybrid feature vector as Hybrid F. First, we
directly stitch the feature vectors obtained by these five feature
encoding methods to obtain the initial hybrid feature vector
Hybrid F. The feature dimensions of APAAC, DPC, ASPC,
PAAC, QSO and Hybrid F are shown in Figure 7.

The feature vector dimension after mixing reaches 888
dimensions and the dimension is high. Considering that there are
redundancies, feature selection must be conducted. Before
feature selection and to determine whether the hybrid feature
vector Hybrid F will improve the performance of the model, we
use five feature encoding methods to extract feature vectors from
the AntiTb MD and AntiTb RD datasets and obtain the
corresponding hybrid feature vector Hybrid_F. Then, Hybrid F
is used to train the ERT and RF models, and it also uses tenfold
cross-validation and random grid searching for training and
tuning. Tables 2 and 3 represent the performance effects of
different feature encoding methods on the Antitb MD and
Antitb RD datasets, respectively. At this time, the hybrid feature
vector does not perform feature selection. Table 2 shows that for
the ERT model and on the Antitb MD dataset, the hybrid feature
vector Hybrid_F obtained the highest ACC with a value of 0.883,
the highest MCC with a value of 0.766, and the highest SP with
a value of 0.872. APAAC and ASDC obtained the highest SE
with a value of 0.936. Overall, Hybrid F performed best on the
Antitb MD dataset. This shows that the hybrid features
effectively integrate the important information contained in each
feature encoding. However, Hybrid F has not shown the best
effect on each evaluation indicator in the AntiTb RD dataset.
However, its results are not bad. The ACC reached 0.829, which

is 0.022 from the highest value of 0.851, and this result is
acceptable. Overall, APAAC performed best on the Antitb RD
dataset. It can be seen that APAAC shows excellent performance
on both AntiTb MD and AntiTb RD datasets, and APAAC
makes a huge contribution to the performance of the ERT model.
Next, the performance effects on the RF model are examined.
According to Table 3 and for the RF model on the Antitb MD
dataset, the hybrid feature vector Hybrid F shows the best ACC
with a value of 0.851, the highest MCC with a value of 0.702,
and the highest SE with a value of 0.872. APAAC also shows
good performance on the AntiTb_MD dataset. Similarly, for the
RF model, the hybrid feature vector Hybrid_F shows excellent
effects on the Antitb MD dataset. However, the RF model uses
a hybrid feature vector on the Antitb RD dataset, as the ERT
model does not show a bright result. For the highest ACC of
0.830, the hybrid feature vector, Hybrid F, obtained an accuracy
of 0.809 (ACC) rather than only 0.021, which is also within the
acceptable range. Meanwhile, DPC obtained the highest ACC
and MCC, APAAC obtained the highest SP. After the above
comparison, we can see that for both ERT and RF, APAAC
extracted important information on both AntiTb MD and
AntiTb RD datasets to make a useful contribution to the
classification effect of the model, and the hybrid feature vector
has the potential to make the model effect better, but it performs
slightly worse on the AntiTb RD dataset. Furthermore, the
dimension of the hybrid feature vector is large, and the hybrid
feature vector that has no feature selection is redundant.
Therefore, the feature selection needs to be performed on the
hybrid feature vector Hybrid_F.

Next, we perform feature selection on Hybrid F and compare
it with the feature vectors obtained by other feature encodings.
As shown in Figure 7 and in addition to the hybrid feature vector,
the maximum dimension of the feature vector extracted by other
feature encoding methods is 400. That is, in this experiment, the
dimension of the feature selection for hybrid feature Hybrid F
will initially be 400, and the feature vector after feature selection
is recorded as Hybrid 400. A preliminary examined looked at
whether the effect of the hybrid feature vector will be improved
after rough feature selection. A decision tree (DT) is used for
feature ranking, and recursive feature elimination (RFE) is used
for feature selection. Table 4 and Table 5 show the performance
effect of the hybrid feature vector after rough feature selection
on the ERT and RF models compared with the hybrid feature
without feature selection. Table 4 and Table 5 show that on the
ERT model, the hybrid feature vector Hybrid 400 after feature
selection improved on the AntiTb MD dataset compared to
Hybrid_F in all evaluation indicators; AAC reached 0.904, MCC
reached 0.808, SE reached 0.915, and SP reached 0.894. Each
evaluation indicator did not change on the AntiTb_RD dataset,
which indicated that there may still be redundancy in the 400-
dimensional feature vector after feature selection. On the RF
model, Hybrid 400 achieved AAC of 0.872, MCC of 0.745, SE
of 0.894, and SP of 0.851 on the AntiTb MD dataset. On the
AntiTb_RD dataset, AAC reached 0.830, MCC reached 0.662,
SE reached 0.872, and SP reached 0.787. All evaluation
indicators on the two datasets were improved. Therefore, feature
selection is necessary, and feature selection can make the model
perform better and lay the foundation for the next experiment.
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TABLE II
In the ERT model, the performance of APAAC, DPC, ASDC, PAAC, QSO and Hybrid F on the benchmark datasets of
AntiTb_MD and AntiTb_RD. Bold fonts indicate the best results.

Dataset Feature Encoding ACC MCC SE SP
APAAC 0.872 0.750 0.936 0.808
DPC 0.851 0.702 0.872 0.829
ASDC 0.872 0.750 0.936 0.808

AntiTb MD
- PAAC 0.851 0.702 0.829 0.872
QSO 0.861 0.724 0.893 0.829
ERT Hybrid_F 0.883 0.766 0.893 0.872
APAAC 0.851 0.702 0.829 0.872
DPC 0.83 0.662 0.872 0.787
ASDC 0.787 0.579 0.851 0.723

AntiTb_ RD
- PAAC 0.83 0.675 0.936 0.723
QSO 0.819 0.664 0.957 0.68
Hybrid_F 0.829 0.669 0914 0.745

TABLE III

For the RF model, the performance of APAAC, DPC, ASDC, PAAC, QSO and Hybrid F on the benchmark datasets of
AntiTb_MD and AntiTb_RD. Bold fonts indicate the best results.

Dataset Feature Encoding ACC MCC SE Sp
APAAC 0.851 0.702 0.851 0.851
DPC 0.830 0.662 0.872 0.787
ASDC 0.800 0.602 0.872 0.723
AntiTb MD
- PAAC 0.809 0.618 0.83 0.787
QSO 0.820 0.642 0.872 0.723
RF Hybrid F 0.851 0.702 0.872 0.829
APAAC 0.808 0.617 0.829 0.787
DPC 0.830 0.669 0.915 0.745
ASDC 0.777 0.553 0.787 0.766
AntiTb_ RD
- PAAC 0.777 0.560 0.851 0.702
QSO 0.798 0.629 0.957 0.638
Hybrid F 0.809 0.620 0.851 0.766
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TABLE IV
For the ERT model, the performance of Hybrid 400 with rough feature selection and Hybrid F without feature selection. Bold
fonts indicate the best results.

Dataset Feature Encoding ACC MCC SE SP
APAAC 0.872 0.750 0.936 0.808
DPC 0.851 0.702 0.872 0.829
AntiTh MD ASDC 0.872 0.750 0.936 0.808
- PAAC 0.851 0.702 0.829 0.872
QSO 0.861 0.724 0.893 0.829
Hybrid_F 0.883 0.766 0.893 0.872
ERT Hybrid_400 0.904 0.808 0.915 0.894
APAAC 0.851 0.702 0.829 0.872
DPC 0.83 0.662 0.872 0.787
AntiTh RD ASDC 0.787 0.579 0.851 0.723
- PAAC 0.83 0.675 0.936 0.723
QSO 0.819 0.664 0.957 0.68
Hybrid F 0.829 0.669 0.914 0.745
Hybrid_400 0.829 0.669 0914 0.745
TABLE V

For the RF model, the performance of Hybrid 400 with rough feature selection and Hybrid F without feature selection. Bold
fonts indicate the best results.

Dataset Feature Encoding ACC MCC SE Sp
APAAC 0.851 0.702 0.851 0.851
DPC 0.830 0.662 0.872 0.787
AntiTh MD ASDC 0.800 0.602 0.872 0.723
- PAAC 0.809 0.618 0.830 0.787
QSO 0.820 0.642 0.872 0.723
Hybrid F 0.851 0.702 0.872 0.829
RE Hybrid_400 0.872 0.745 0.894 0.851
APAAC 0.808 0.617 0.829 0.787
DPC 0.830 0.669 0.915 0.745
AntiTb RD ASDC 0.777 0.553 0.787 0.766
- PAAC 0.777 0.560 0.851 0.702
QSO 0.798 0.629 0.957 0.638
Hybrid F 0.809 0.620 0.851 0.766
Hybrid_400 0.830 0.662 0.872 0.787

3.4 Building a stacking ensemble (Stacking) model effect on improving the performance of the model. To prevent
feature redundancy, feature selection is necessary. Therefore, at

chose two machine learning algorithms, ERT and RF, and this stage, the ERT model and RF model are used as the first-

concluded that the hybrid feature encoding method has a better level classifier, apd LR (lqglstlc reg.ress10n) is used as .the
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model. The hybrid feature matrix Hybrid F is used as the input
of the integrated model, and recursive feature elimination (RFE)
is used for feature selection. Initially, the three machine learning
methods of RF, DT, and ERT were used for the feature rating and
combined with RFE to perform feature selection on the hybrid
feature matrix Hybrid F using tenfold cross-validation and a
random grid search for training and parameter adjustment.
According to the model performance, the feature rating method
is selected that can make the model perform best from the above
three machine learning methods. The feature selection in
building the final stacked ensemble model is the fine feature
selection and not the rough feature selection in Section 3.3. The
goal of feature selection at this stage is to select the feature
vectors that maximize the performance of the stacked ensemble
model. In the initial stage, this study uses three methods of RF-
RFE, DT-RFE, and ERT-RFE for feature selection, and the
feature vectors obtained after feature selection by each method
are used to train the stacked ensemble model Hyb-Senc. The
performance effects of the three Hyb SEnc stacked ensemble
models obtained on the independent test sets of the AntiTb MD
dataset and the AntiTb_RD dataset are shown in Table 6.

Table 6 shows that on the independent test dataset of
AntiTb_MD, the feature selection results based on DT-RFE
show the best overall effect and performed best on the ACC,
MCC, SE and SP evaluation indicators by reaching 0.946, 0.893,
0.957 and 0.936, respectively, and achieved the best results on
all evaluation indicators. Similarly, on the independent test
dataset of AntiTb_RD, the feature selection results based on DT-
RFE showed the best performance and performed best on the
four indicators of ACC, MCC, SE, and SP in reaching 0.957,
0.916, 0.936 and 0.978, respectively. Thus, using the feature
selection method based on DT-RFE for these two datasets can
make the final stacking ensemble model show the strongest
performance and provides better generalization ability.
Therefore, we decided to use the feature selection method of DT-
RFE to perform the fine feature selection on the hybrid feature
vector. Feature selection was performed on the AntiTb MD
dataset and the AntiTb RD dataset, and the accuracy of the
stacked ensemble model Hyb-SEnc on the respective
independent test sets is shown in Figure 8A and B, respectively.
According to Figure 8A, on the AntiTb_MD dataset, DT-RFE
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performs feature selection so that Hyb-SEnc performs best with
a feature dimension of 393. Similarly, as shown in Figure 8B, for
the AntiTb RD dataset using DT-RFE for feature selection
makes Hyb-SEnc perform best with a feature dimension of 389.
For these two datasets, the feature dimension that makes Hyb-
SEnc perform best is close.

Finally, this study compared the performance of the obtained
Hyb-SEnc integrated predictor on the independent test set with
other existing predictors, and the comparison results are shown
in Table 7. According to Table 7 and the independent test set of
the AntiTb_MD dataset, Hyb-SEnc showed the best ACC, MCC
and SE, which were 94.68%, 0.89 and 95.74%, respectively. On
the AntiTb_RD dataset, Hyb-SEnc showed the best ACC, MCC,
SE and SP, which were 95.74%, 0.91, 93.61% and 97.87%,
respectively. In terms of prediction accuracy, Hyb-SEnc showed
the best results in the independent test sets of the AntiTb MD
dataset and AntiTb_RD dataset. Hyb_SEnc outperforms the best
existing anti-TB peptide predictors by 2.00% and 3.19% in
prediction accuracy on the independent test sets of AntiTb_ MD
and AntiTb_RD, respectively. Therefore, Hyb-SEnc is currently
the best performing model regarding prediction accuracy.
Similarly, Hyb SEnc achieved the best MCC on the independent
test sets of AntiTb_ MD and AntiTb_RD, which were 0.89 and
0.87, respectively. At the same time, Hyb-SEnc showed the best
SE on the independent test set of the AntiTb MD dataset, and
Hyb_SEnc achieved the best results in all evaluation indicators
on the independent test set of AntiTb_RD. The ROC analysis of
Hyb_SEnc on the independent test sets of AntiTb MD and
AntiTb_RD is shown in Figures 9A and B. On the independent
test sets of AntiTb_MD and AntiTb_RD and after ROC analysis,
the areas under the ROC curve (AUC) obtained by Hyb_SEnc
were 0.94, 0. 98, respectively. This result is very ideal. Therefore,
in general, Hyb-SEnc shows the best overall effect and is
currently the best model for predicting anti-tuberculosis peptides.
At the same time, in order to further verify the effectiveness of
the ensemble learning strategy, we conducted an ablation
experiment, using the features used by Hyb-SEnc to train the
ERT and RF models, and then compared their performance. The
results are shown in Table 8. It can be seen that the integrated
learning strategy greatly improves the prediction ability of the
model.
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Fig. 8. Fine feature selection is performed on AntiTb_MD, and the feature vector dimension corresponds to the model performance accuracy (A). Fine feature
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selection is performed on AntiTb_RD, and the feature vector dimension corresponds to the model performance accuracy (B).

TABLE VI
The performance of Hyb SEnc constructed using different feature selection methods on the independent test sets of
AntiTb MD and AntiTb_RD. Bold fonts indicate the best results.

Dataset Feature Select ACC MCC SE SP

DT-RFE 0.946 0.893 0.957 0.936

AntiTb_MD RF-RFE 0.915 0.83 0.893 0.936

ERT-RFE 0.904 0.81 0.872 0.936

Hyb-SEnc

DT-RFE 0.957 0.915 0.936 0.978

AntiTb_RD RF-RFE 0.904 0.81 0.872 0.936

ERT-RFE 0.893 0.794 0.829 0.957

TABLE VII

Performance of Hyb_SEnc on independent test sets of AntiTb_MD and AntiTb_RD compared with existing predictors of anti-
tuberculosis peptides. Bold fonts indicate the best results.

Predictors ACC(%) MCC(%) SE(%) SP(%)

Antitbpred 75.90 52.00 75.01 76.70

MD Independent AtbPpred 89.40 79.00 83.01 95.70
dataset iAtbP-Hyb-EnC 92.68 89.00 95.24 92.96
Hyb-SEnc 94.68 89.00 95.74 93.61

Antitbpred 78.50 57.00 73.30 83.80

RD Independent AtbPpred 85.10 70.00 80.90 89.40
dataset iAtbP-Hyb-EnC 92.55 85.00 93.04 91.87
Hyb-SEnc 95.74 91.60 93.61 97.87

TABLE VIII

Performance of Hyb_SEnc on independent test sets of AntiTb MD and AntiTb_RD compared with ERT and RF. Bold fonts
indicate the best results.

Dataset Predictors ACC(%) MCC(%) SE(%) SP(%)
ERT 90.42 80.86 91.48 89.36
MD Independent
RF 87.23 75.08 93.61 80.85
dataset
Hyb-SEnc 94.68 89.00 95.74 93.61
ERT 87.23 75.08 80.85 93.61
RD Independent
RF 86.17 73.70 95.74 76.59
dataset
Hyb-SEnc 95.74 91.60 93.61 97.87
3.5 Implementation of the Web server Note that the input sequence must be in the Fasta sequence

format. There is an example of the input sequence below the
query box. Or you can upload the fasta sequence file by clicking
the upload button. In the second step, the user selects a classifier.
This research finally obtained two different Hyb SEnc
integrated models through two different datasets, and the user
can choose one of these two models for classification. In the third

step, the submit button is used to analyze the input sequence and
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To make the final integrated model Hyb SEnc obtained in
this study more widely used, we established a user-friendly web
server(http://www.bioai-lab.com/Hyb _SEnc)to promote the
practical application of Hyb_SEnc. Meanwhile, datasets used in
this study are all freely available for download on our web server.
Next, we briefly introduce the steps of using the web server. In
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obtain the results. Users can enter up to 2000 sequences in a
single run. The purpose of providing a web server is to make our

research results more widely used.
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Fig. 9. ROC Analysis of the AntiTb_MD Independent dataset (A), and ROC Analysis of the AntiTb_RD Independent dataset (B).

IV. CONCLUSION

In this study, we propose a novel anti-tuberculosis peptide
predictor Hyb SEnc based on the hybrid eigenvector and
stacked ensemble learning. First, we select five different
machine learning algorithms and seven different feature
encoding methods, and then, according to the performance of the
baseline model obtained by training the five machine learning
algorithms on the seven feature encoding methods, two machine
learning algorithms with better performance were selected,
namely, RF and ERT. Second, the feature vectors obtained from
these seven feature encoding methods are used to train two
machine learning algorithms, RF and ERT, and one of the worst
performing feature encoding methods is removed from the
AntiTb_MD and AntiTb_RD datasets. Then, the feature vectors
obtained by the remaining five feature encoding methods are
fused to construct a hybrid feature vector as Hybrid F.
According to the comparison experiment, the hybrid feature
vector Hybrid_F shows a better classification effect. Finally, the
hybrid feature vector Hybrid F is used as an input, the two
machine learning algorithms of RF and ERT are used as the first-
level learner, and LR is used as the second-level learner to build
the stacked integrated model Hyb SEnc. Furthermore, fine-
grained feature selection is performed when building an
ensemble model. First, three feature selection methods, RF-RFE,
DT-RFE, and ERT-RFE, were selected for feature selection, and
the selected feature vectors were used for the stacking ensemble
model training to obtain each Hyb SEnc. According to the
performance effect of each Hyb_SEnc on the independent test
set of the AntiTb_MD dataset and the AntiTb_RD dataset, the
DT-RFE feature selection method was used to build the optimal
stacked ensemble model Hyb SEnc. Finally, by comparing the
existing anti-tuberculosis peptide predictors, it can be concluded
that the integrated predictor Hyb_SEnc obtained in this study has
the best overall performance on the independent test sets of the
AntiTb MD dataset and AntiTb RD dataset. The prediction
accuracy of Hyb SEnc reached 94.68% and 95.74% on the

independent test sets of AntiTb MD and AntiTb RD,
respectively. Hyb SEnc is currently the best performing anti-
tuberculosis peptide predictor. In addition to the prediction of
anti-tuberculosis peptides, the ideas and framework proposed in
this study can be further applied to the prediction of other peptide
sequences. In addition, to make Hyb SEnc more widely used,
we also created a user-friendly web server(http://www.bioai-
lab.com/Hyb_SEnc) to promote the development of tuberculosis
research. Hyb_SEnc is expected to be a valuable predictive tool
for high-performance, high-quality identification of anti-
tuberculosis peptides.
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