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a b s t r a c t

Cell-penetrating peptides are a group of peptides which can transport different types of cargo molecules
such as drugs across plasma membrane and have been applied in the treatment of various diseases. Thus,
the accurate prediction of cell-penetrating peptides with bioinformatics methods will accelerate the
development of drug delivery systems. The study aims to develop a powerful model to accurately
identify cell-penetrating peptides. At first, the peptides were translated into a set of vectors with the
same dimension by using dipeptide compositions. Secondly, the Analysis of Variance-based technique
was used to reduce the dimension of the vector and explore the optimized features. Finally, the support
vector machine was utilized to discriminate cell-penetrating peptides from non-cell-penetrating pep-
tides. The five-fold cross-validated results showed that our proposed method could achieve an overall
prediction accuracy of 83.6%. Based on the proposed model, we constructed a free webserver called
C2Pred (http://lin.uestc.edu.cn/server/C2Pred).

© 2016 Elsevier Inc. All rights reserved.
1. Introduction

Cell-penetrating peptides (CPPs), a group of short peptides, are
able to mediate the intracellular delivery of a series of molecules.
They were firstly found in the measurements of the activity of the
tat protein from human immunodeficiency virus 1 (HIV-1) in 1988
[1]. Subsequent studies revealed that a positively charged peptide
between the 47th and 57th amino acids was in charge of the
translocation [2]. Since then, more and more CPPs had been
experimentally identified [3,4]. Generally, the CPPs are typically
hydrophobic linear arrangements of less than 30 residues and can
transport both small and large molecules in vitro and in vivo. Thus,
they have great potential in the biological research and medicine
development. Recently, active CPPs (ACPPs) have been employed to
target cancer cells over-expressing metalloproteinase-2 [5] and
treat various inflammatory diseases [6]. Therefore, it is crucial to
H. Tang), hlin@uestc.edu.cn
deeply understand the CPPs function so as to reveal the mechanism
involved in membrane translocation. The correct identification of
CPPs is the first step for understanding their translocation mech-
anisms and important for discovering more CPPs, which can be
used as drug delivery agent.

Although the biochemical experimental approaches can provide
the exact details for CPPs, the wet experimental technique is time-
consuming and expensive. With a lot of biological data, it is highly
desirable to develop computational methods to identify CPPs. The
machine learning-based algorithms allow us to find out CPPs from
huge peptide data. In fact, several methods had been proposed to
computationally identify CPPs. Dobchev et al. [7] investigated 101
peptides with artificial neural networks (ANN) and principal
component analysis (PCA) and obtained the prediction accuracy of
80%e100%. Sanders et al. [8] firstly established a more objective
benchmark dataset including 111 experimentally confirmed CPPs
and 34 known non-CPPs and then distinguished CPPs from non-
CPPs with support vector machine (SVM) and 61 features. The
sensitivity (Sn), specificity (Sp) and overall accuracy (Acc) were
75.9%, 23.2% and 75.9%, respectively. Subsequently, Gautam et al.
[9] improved the prediction accuracy by considering different fea-
tures including amino acid compositions and dipeptide
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compositions as well as physicochemical properties. However, the
prediction accuracy for an independent dataset was only 81.31%.
Holton et al. [10] developed a web server called CPPpred based on
N-to-1 neural network to predict CPPs and obtained the Acc of only
75.86% in 5-fold cross-validation for a non-redundant dataset.
Recently, Chen et al. [11] used pseudo amino acid composition
(PseAAC) to encode peptides and achieved the ACC of 83.5% in 10-
fold cross-validation by using random forest (RF).

The aforementioned methods did yield quite encouraging re-
sults. However, the prediction accuracies are still far from satis-
factory. Moreover, few online resources of CPPs prediction are
available. Therefore, we developed a powerful tool to correctly
identify CPPs. In the study, we enhanced the prediction power and
quality in identifying CPPs.

According to previous studies [12e14], the machine learning
method for predicting biological molecules included four steps:
benchmark dataset construction, representation of peptide sam-
ples, machine learning method selection and webserver construc-
tion. In the following sections, we will describe the four steps in
detail.
2. Material and methods

2.1. Benchmark datasets

A reliable benchmark dataset is the foundation of an accurate
model. Thus, in this study, all the CPPs and non-CPPs were derived
from CPPsite2.0 [15]. To avoid any similarity bias which would
result in an overestimate of predicted results, we used the CD-HIT
program to remove highly similar sequences. Finally, a total of
411 experimentally confirmed CPPs and 411 know non-CPPs were
gained. All the data can be freely downloaded from the website
(http://lin.uestc.edu.cn/server/CPPIden/data).
2.2. Representation of peptide samples

Formulating a given peptide sample P with a mathematics
descriptor is the second step to develop a sequence-based predictor
for CPPs prediction. The most straightforward method in the cur-
rent benchmark dataset is to use its entire amino acid sequence to
formulate a peptide P with L residues as follows

P ¼ R1R2R3R4…RL (1)

where R1, R2 and RL respectively denote the 1st, 2nd, and L-th
residues of the peptide P. This sequential model can be statistically
analyzed by using BLAST program. Unfortunately, the straightfor-
ward and intuitive approach fails when a query peptide sequence
has no significant similarity to any known CPP sequence.

To solve this problem, a peptide sequence may be firstly trans-
lated into a vector with the same dimension and then machine
learning method is used to perform prediction. The peptide sam-
ples in the vector format can be more easily handled than those in
the sequence format with many existing operation engines. The
most simple vector model for a peptide sequence is its amino acid
composition (AAC), which has been widely applied in protein
classification [16e19]. However, if AAC was used to represent a
peptide sample, all of its sequence order informationwould be lost.
Many studies demonstrated that the residue-order informationwas
very important for peptide structure and function annotation
[12e14,20]. Thus, in this work, CPPs and non-CPPs were described
with dipeptide composition as follows:
p ¼ ½f1; f2;/; fu;/; f400�T (2)

where the fu is the frequency of the u-th (u¼ 1, 2,…, 400) dipeptide
defined as

fu ¼ xuP
uxu

(3)

where xu denotes the number of the u-th dipeptide in a peptide.
According to Eqs. (2) and (3), each sample can be transformed

into a 400-dimension vector. However, it is well known that the
length of CPPs usually ranges from 12 to 26 residues, suggesting
that noise or redundant information is included in this vector
model. Generally, garbage information will prevent the proposed
model from correctly identifying CPPs. Moreover, the computa-
tional time will increase. Thus, it is necessary to pick out the useful
features via a feature selection technique. Currently, the technique
based on analysis of variance (ANOVA) has been proposed to rank
the features and improve the predictive accuracies in protein
classification field [13,19,21]. Thus, we also used the feature selec-
tion technique to optimize the feature set for improving the pre-
dictive performance.

On the basis of the ANOVA theory, the importance of each
dipeptide for CPP prediction can be defined as:

FðuÞ ¼
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(4)

where fuði; jÞ denotes the frequency of the u-th dipeptide of the j-th
sample in the i-th group; mi denotes the number of samples in the
i-th group (here m1 ¼ 411, m2 ¼ 411). It is obviously that the larger
F(u) value means the better discriminative capability of the u-th
feature. Thus, we may rank all features according to their F values.
Thenwe investigated the predictive performance of the first feature
subset including the feature with the largest F value on CPP pre-
diction. Subsequently, we measured the predictive accuracy of a
new feature subset produced by adding a new feature with the
second highest F value into the first feature set. This process was
repeated from the higher F value to the lower F value until all
candidate features were added. The optimal feature subset
including u0 ranked dipeptides which could achieve the highest
predictive accuracy was expressed as:

pu0
¼ �f1; f2;/; fu0

�T (5)

Based on the feature selection, the high-dimensional data were
projected into a low-dimensional space. The final model was built
based on the optimal feature subset.

2.3. Machine learning method

After the representation of peptide samples, the third step in
CPPs prediction is to perform the classification with a machine
learning method. With the progress of in mathematical theory,
several machine learning methods, such as, fisher discrimination
(FD) [22], RF [23], neural network (NN) [7], and k-nearest neighbors
(KNN) [24] have been developed and widely applied in
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bioinformatics. SVM is one of the most powerful and popular
methods in protein and DNA motif classification [25e27]. Its basic
idea is to transform the input vector into a high-dimension Hilbert
space and seek a separating hyperplane in this space. Due to its
excellent learning ability, especially for small sample size, we also
used SVM to perform classification.

In this work, each sample in the benchmark dataset expressed
as a vector has a corresponding label y2f þ 1;�1g, where þ1 and
�1 indicate CPPs and non-CPPS, respectively. The SVM projects the
input vectors into a high-dimensional feature space for construct-
ing an optimal separating hyperplane with the largest distance
between two classes, measured along a line perpendicular to this
hyperplane. The decision function of SVM is expressed as:

f
�
p!
�
¼ sgn

 XN
i¼1

yiai$K
�
pi
!
; pj
!�!þ b (6)

whereN is the number of samples (here N¼ 145); Kðpi!; pj
!Þ is called

kernel function, which is an inner product in a high-dimensional
feature space. In this work, we used radial basis function (RBF)
defined as Kðpi!; pj

!Þ ¼ expð�
���gpi!� pj

!���2Þ. The coefficients ai can be
solved by the convex Quadratic Programming (QP) problem,
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8<
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(7)

where the regularization parameter C can control the tradeoff be-
tween margin and misclassification error. These pi

! are called sup-
port vectors only if corresponding ai >0.

For the convenience of study, a software package called LibSVM
(https://www.csie.ntu.edu.tw/~cjlin/libsvm/) was designed to
implement SVM. The regularization parameter C and kernel
parameter g were optimized by using a grid search method with
cross-validation test. The search spaces for C and g are [215, 2�5] and
[2�5, 2�15] with the steps of 2�1 and 2, respectively.
2.4. Performance evaluation

Three cross-validation methods are widely used in statistical
prediction: independent dataset test, sub-sampling (2-, 5- or 10-
fold cross-validation) test, and jackknife test [7,8e14,18e27]. The
jackknife test has been widely recognized and increasingly used by
investigators to examine the quality of various predictors because it
can always yield a unique result for a given benchmark data set.
[12e14,21,22]. However, it is time-consuming to run the test. Thus,
in previous studies on CPPs prediction, the n-fold cross-validation
was adopted [8,11]. To provide an objective comparison, we also
used n-fold cross-validation in this study.

A set of simple methods to measure the prediction quality are
introduced as the follows:

Sn ¼ TP
TP þ FN

0 � Sn � 1 (8)

Sp ¼ TN
TN þ FP

0 � Sp � 1 (9)

Acc ¼ TP þ TN
TP þ TN þ PF þ FN

0 � Acc � 1 (10)

where Sn, Sp and Acc are called sensitivity, specificity and overall
accuracy, respectively. TP and TN denote the numbers of correctly
recognized CPPs and non-CPPs, respectively. FP and FN are the
number of the non-CPPs incorrectly predicted as the CPPs and the
number of CPPs incorrectly predicted as the non-CPPs, respectively.

3. Results and discussion

3.1. Feature selection for improving accuracy

Based on the dipeptide composition definition in Eqs. (2) and
(3), each peptide in benchmark dataset may be represented by a
400-dimension vector. To improve the predictive performance, it is
necessary to find out the best feature subset which can produce the
highest Acc. It is obvious that the optimal feature set can be ob-
tained by investigating the Acc of all combinations of features.
However, it is impossible to examine the performance of all feature
subsets due to the long computation time. For the amino acid
composition including 20 features, there are over 106 possible
combinations. If the dimension increases to 400, the number of all
possible combinations will be greater than 10120, which is beyond
the computational capability for most computers.

Thus, in order to reduce computation time, we used the feature
selection technique defined in Eq. (4) to optimize features. At first,
we used F(u) value to evaluate the importance of each dipeptide for
CPP prediction. Secondly, 400 dipeptides were ranked according to
their F(u) values. Thirdly, we estimated the Acc of the first feature
with the largest F(u) by using SVM. Furthermore, a new feature
subset was achieved when the feature with the second highest F
value was added. Then the Acc of this feature subset was investi-
gated. We repeated the process from the large F(u) value to the
small F(u) value until the Accs of all candidate features were
examined. All examinations were performed by using 5-fold cross-
validation to avoid over-fitting.

A large feature set bears more information. However, it will also
bring about information redundancy or noise, which will result in
the low capability in the generalization of a predictor or reduce the
cluster-tolerant capacity so as to lower the cross-validation accu-
racy. For example, by investigating the accuracy of 400 features for
CPPs prediction, we found that 80.7% samples could be correctly
predicted in 5-fold cross-validation. However, the low-dimension
feature could improve the robustness of a predictor. However, if
few features are available, the obtained features are still not the
optimal features for prediction because they cannot afford enough
information or reflect real characteristics of the CPPs, thus leading
to the low predictive accuracy. For instance, 10 dipeptides can only
produce the Acc of 75.3% in 5-fold cross-validation.

To achieve the optimal feature subset and produce the highest
Acc, a curve (Fig. 1) was plotted in a 2D Cartesian coordinate system
with the number of features as its abscissa and the Acc as its
ordinate. The peak of the curve corresponds to the maximum Acc.
As shown in Fig. 1, when 164 best dipeptides are used, the
maximum Acc of 83.6% is obtained, and the Sn and Sp are 81.5% and
85.6%, respectively.

3.2. Comparison with other methods

To demonstrate the advantages of the proposed model, we
made a comparison between the proposed method and other
publishedmethods. Sanders et al. constructed a benchmark dataset
including 111 experimentally confirmed CPPs and 34 know non-
CPPs [8]. We examined our method on this dataset using 10-fold
cross-validation and recorded results in Table 1. It shows that all
index values of published methods are much lower than the cor-
responding ones achieved by our method. It should be noted that
the features used in our model are much less than that in other
published methods, suggesting that our model is more robust and
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Table 1
Comparison with published methods.

Methods Sn Sp Acc

Sander et al.’s method [8] 0.759 0.232 0.759
Chen et al.’s method [11] 0.955 0.441 0.835
Our method 0.973 0.765 0.924
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ingenious.
Sander et al. [8] designed a series of experiments to investigate

the effect of unbalanced datasets on CPP prediction. Here, we
compared the accuracies of our method with Sander’s method
through two strategies [8]. The first was to yield a set of 111
negative examples randomly repeated produced from the 34
known negatives. Combining with the 111 positive samples, we
found that the overall accuracy is 89.92% in 10-fold cross-
validation, which is higher than that of Sander’s model (88.74%).
The second strategy was to yield a set of 34 positive examples
randomly selected from the 111 know positive examples.
Combining with the 34 known negative examples, our model ob-
tained the overall accuracy of 83.35% in 10-fold cross-validation,
which is still higher than that of Sander’s model (78.82%).

Gautam et al. [28] constructed a curated database called CPPsite
including 843 cell penetrating peptides. To investigate the perfor-
mance of the proposed method, we randomly selected 5 sets of 34
positive examples from CPPsite. Combining with the 34 known
negative examples, we noticed that the averaged overall accuracy is
93.53% in 10-fold cross-validation, suggesting that our method
could identify cell-penetrating peptides. Gautam et al. [28] also
provided several search pages for users to run a search of a peptide
against the CPPsite. However, these servers were based on ho-
mologous sequence in the searching dataset. Our model is more
flexible because it is just dependent on the residue sequence.

Feature selection by using ANOVA can not only provide deeper
insights into the intrinsic properties of peptide sequences, but also
economize runtime and computational resource. Furthermore, it is
robust to most violations of its assumptions and more intuitive for
users to analyze the interaction of the two features. The ANOVA-
based method did improve the cross-validated accuracies and
robustness of the model. Therefore, our model has the better per-
formance for CPP prediction.

Protein structure and function are correlated with the physi-
ochemical properties of amino acids. Consequently, in the future,
we will make our efforts to improve the accuracy by combining the
optimal dipeptide composition with physiochemical properties of
amino acids.

The positive and negative samples can be found from a number
of different experimental techniques (different detection method-
ologies, and different cell types) [8]. Thus, in the future, we will
collect more data from different cell types for the creation of CPPs
Fig. 1. The feature selection results. When the top 164 dipeptides were used to
perform prediction, the overall accuracy reached its peak of 83.6%.
dataset and the prediction of CPPs.

4. Web-server guide

We established a user-friendly web-server called C2Pred based
on the proposed model to improve the efficiency and avoid a
repeated a complicated mathematic process for identifying CPPs.

To facilitate the studies of other scholars, we provided the
guideline as follows. One may browse the web server at http://lin.
uestc.edu.cn/server/C2Pred (top page shown in Fig. 2). The Read
me button provides a brief introduction about the predictor and the
caveat for use. The Data button lists a link for downloading the
benchmark datasets. The Citation button gives the relevant paper of
C2Pred. The Example button provides example sequences in FASTA
format. Users may type or copy/paste the query peptide sequences
with FASTA format into the input box at the center of Fig. 2. After
submitting their peptide sequences, results will be shown in a new
interface.

We will provide the maintenance of C2Pred. The server will be
available to the research community for at least five years. With the
collection of new CPPs and the development of new algorithms, we
will upgrade the server with the higher accuracy and specificity. At
this stage, C2Pred provides users with a highly practical tool and
straightforward web interface for identifying CPPs. We also plan to
develop more useful applications on CPP analysis.

5. Conclusions

In this paper, we developed a novel approach to discriminate
CPPs from non-CPPs. In order to improve the prediction capability
of the model, we designed a feature selection technique based on
the ANOVA. An overall accuracy of 83.6% was achieved in 5-fold
cross-validation underlining the predictive power of C2Pred.
Fig. 2. A semi-screenshot to show the top page of the C2Pred webserver. Its website
address is http://lin.uestc.edu.cn/server/C2Pred.
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