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Abstract Cell-penetrating peptides, a group of short pep-
tides, can traverse cell membranes to enter cells and thus
facilitate the uptake of various molecular cargoes. Thus,
they have the potential to become powerful drug delivery
systems. The correct identification of peptides as cell-pene-
trating or non-cell-penetrating would accelerate this appli-
cation. In this study, we determined which features were
important for a peptide to be cell-penetrating or non-cell-
penetrating and built a predictive model based on the key
features extracted from this analysis. The investigated pep-
tides were retrieved from a previous study, and each was
encoded as a numeric vector according to six properties of
amino acids—amino acid frequency, codon diversity, elec-
trostatic charge, molecular volume, polarity, and secondary
structure—by the pseudo-amino acid composition method.
Methods of minimum redundancy maximum relevance
and incremental feature selection were then employed
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to analyze these features, and some were found to be key
determinants of cell penetration. In parallel, an optimal ran-
dom forest prediction model was built. We hope that our
findings will provide new resources for the study of cell-
penetrating peptides.
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Introduction

Cell-penetrating peptides (CPPs) are a group of short pep-
tides that are able to penetrate the cell membrane at low
micromolar concentrations both in vivo and in vitro with-
out using chiral receptors or causing significant membrane
damage (Madani et al. 2011). Thus, CPPs are ideal candi-
dates for development as a powerful drug delivery system
(El-Andaloussi et al. 2005). Many biologically active com-
pounds, such as doxorubicin and cytarabine, are often inef-
fective due to their inaccessibility to the target cell, thereby
necessitating use of specific carriers. Like other drug
delivery systems (e.g., liposomes and micelles), CPPs are
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hypothesized to bind ‘cargo’ compounds either electrostati-
cally or covalently, pulling the cargo through the cell mem-
brane in the complex and leaving it at target sites within the
cell, thereby greatly improving the effect of the drug (Heitz
et al. 2009; Vives et al. 2008).

CPPs have been shown promise in this capacity since
their discovery in the 1980s, and many studies have
focused on their definition, categorization and mechanisms
of cellular uptake (Holm et al. 2006; Madani et al. 2011;
Mueller et al. 2008; Montrose et al. 2013; Lindberg et al.
2013; Al-Soraj et al. 2010). Traditionally, potential CPPs
were examined and screened individually for cell-penetrat-
ing capacity in vitro in cell lines (Gao et al. 2011; Lee et al.
2012), which is labor-intensive and not suitable for high-
throughput studies. Although plenty of efforts have been
made to improve the prediction, selection and investigation
of CPPs, the development of more time- and cost-efficient
methods for screening and designing effective CPPs is
desirable. With the advancement of computer-based algo-
rithms and software, computational methods have greatly
improved the efficiency of many aspects of biology and
pharmacy, including protein structure simulation (Marks
et al. 2012; Shah et al. 2003), drug design (Basak 2013;
Chen et al. 2014b; Ou-Yang et al. 2012; Chen et al. 2014a),
and the prediction of biologically active molecules (Li et al.
2014a; Wang et al. 2011).

Diverse computational prediction and design algorithms
tailored to CPPs have been proposed by researchers in this
field (Sanders et al. 2011; Gautam et al. 2013). Sanders
et al. (2011) complied a benchmark dataset that includes
111 known CPPs and 34 known non-CPPs from published
literature. They represented the biochemical properties
of the peptide with 61 features and built a support vector
machine (SVM)-based classifier whose true-positive rate,
false-positive rate and total accuracy were 0.759, 0.768 and
0.7586, respectively. Gautam et al. (2013) also proposed an
SVM-based model to predict CPPs using various features,
including amino acid and dipeptide composition, binary
pattern profile, and physicochemical properties. Their max-
imum accuracy obtained via analysis of an independent
dataset was 81.31 %.

The prediction performance of previous methods has
been relatively low. To improve prediction performance, we
proposed a new method for predicting the cell-penetrating
properties of CPPs based on different features and a dif-
ferent machine learning model. In our method, each inves-
tigated CPP or non-CPP was encoded by pseudo-amino
acid composition (PseAAC) to obtain a 270-D (dimen-
sion) vector (i.e., each CPP or non-CPP was represented
by 270 features). Several feature selection methods, includ-
ing minimum redundancy maximum relevance (mRMR)
(Peng et al. 2005) and incremental feature selection (IFS),
were employed to analyze these features and to build an
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optimal prediction model. Our method outperformed previ-
ous methods in analysis of the same dataset (Sanders et al.
2011): the sensitivity (SN), specificity (SP), and prediction
accuracy (ACC) of our method were 0.9550, 0.4412 and
0.8345, higher respective 0.759, 0.232 and 0.7586 reported
by Sanders et al. (2011).

In addition to building the prediction model, we deter-
mined the key features predicted to result in the cell-pene-
trating or non-cell-penetrating character of a peptide. This
feature is discussed at the end of the study. We hope that
the findings presented in this study will provide a strong
basis for the categorization and characterization of CPPs as
well as broaden the biochemical and medical applications
of CPPs.

Materials and methods
Materials

The investigated CPPs and non-CPPs were retrieved from
published literature authored by Sanders et al. (Sand-
ers et al. 2011), in which 111 known CPPs and 34 known
non-CPPs were compiled from other published literature
(Hallbrink et al. 2005; Hansen et al. 2008; Anaspec 2010).
Detailed information regarding these 111 CPPs and 34
non-CPPs is available in Supplementary Material I.

Encoding method

To build an effective prediction method, the first step is
to encode each sample into a numeric vector that encom-
passes its essential properties and can be processed by
computers. For a protein sequence, the most classic encod-
ing method is amino acid composition, which consists of
20 discrete numbers defined as the occurrence frequency of
amino acid in the protein sequence. However, this encod-
ing method does not consider the sequence information
of the protein (i.e., the obtained numeric vector loses the
sequence information of the original protein). To address
this issue, Chou proposed a generalized encoding method,
called PseAAC, in 2001 (Chou 2001), which partly takes
into account the sequence information. Until now, PseAAC
has been applied in the investigation of many protein and
protein-related problems (Huang et al. 2014; Lin 2008;
Chen et al. 2009; Kong et al. 2014; Zhou and Cai 2006;
Hajisharifi et al. 2014; Ding et al. 2011; Nanni et al. 2012;
Hayat and Khan 2010; Zou et al. 2011). In this study, we
employed this method to encode each protein sequence and
other selected key features for the identification of CPPs
and non-CPPs. Here, we provided a brief description of this
method, but readers can refer to Chou’s paper (Chou 2001)
for a more detailed description.
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Let AjA--- A be a protein sequence consisting of L
amino acid residues. Its sequence information can be meas-
ured by the following A discrete correlation factors:

L—j
1 ,
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where F'(A;) is a value of the amino acid A; for a certain
property (e.g., hydrophilicity) of amino acids, which can be
computed by

F(A) = Fo(A) — ZXGAA F!IZ((;()
v Fox)]? (2)
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where AA is a set consisting of 20 types of amino acids.
If the original values (i.e., F,(X)) of all types of amino
acids for a certain property of amino acids are defined
in advance, then F(X) for all X € AA can be computed
by Eq. 2, thereby calculating 4 discrete correlation fac-
tors by Eq. 1. According to the discrete correlation fac-
tors calculated by Eq. 1, some discrete numbers can be
computed by
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where @ is the weight of the sequence information and fi
(1 < k < 20) is the occurrence frequency of the 20 amino
acids. Then, the Pse AAC of a protein sequence can be rep-
resented by a vector as below:

V041" 4)

In this study, @ and 4 were set to be 0.15 and 50, respec-
tively, and the following five properties of amino acids—(I)
Codon diversity; (II) Electrostatic charge; (III) Molecular
volume; (IV) Polarity; and (V) Secondary structure—were
employed when taking into account the sequence informa-
tion of protein sequence. The original values of all amino
acids, which were retrieved from previous studies (Atch-
ley et al. 2005; Rubinstein et al. 2009; Huang et al. 2010),
are listed in Table 1. Each of the properties considered
required 50 components to contain the sequence informa-
tion. Thus, each protein sequence can be encoded into a
20 + 50 x 5 = 270-D (dimension) vector. Accordingly,
each CPP or non-CPP was represented by 270 features in
this study, and the distribution of these features is listed in
Table 2.

V=1[vi,v2,...,v20,V21,..

mRMR method

As mentioned in “Encoding method”, each investigated
CPP or non-CPP was encoded into a 270-D (dimension)
vector (i.e., each sample was represented by 270 features).
However, they may not contribute equally to determining

Table 1 Original values of five

Secondary structure

Molecular volume Codon diversity Electrostatic charge

. . . Amino acid  Polarity
properties for all amino acids

A —-0.591 —1.302
C —1.343 0.465
D 1.05 0.302
E 1.357 —1.453
F —1.006 —0.59

G —0.384 1.652
H 0.336 —0.417
I —1.239 —-0.547
K 1.831 —0.561
L —-1.019 —-0.987
M —0.663 —1.524
N 0.945 0.828
P 0.189 2.081
Q 0931 —-0.179
R 1.538 —0.055
S —0.228 1.399
T —0.032 0.326
v —-1.337 —-0.279
w —0.595 0.009
Y 0.26 0.83

—0.733 1.57 —0.146
—0.862 -1.02 —0.255
—3.656 —0.259 —3.242
1.477 0.113 —0.837
1.891 —0.397 0.412
1.33 1.045 2.064
—1.673 —1.474 —0.078
2.131 0.393 0.816
0.533 —0.277 1.648
—1.505 1.266 -0.912
2.219 —1.005 1.212
1.299 —0.169 0.933
—1.628 0.421 —1.392
—3.005 —0.503 —1.853
1.502 0.44 2.897
—4.76 0.67 —2.647
2213 0.908 1.313
—0.544 1.242 —1.262
0.672 —2.128 —0.184
3.097 —0.838 1.512
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Table 2 Distribution of the features used to encode each CPP and
non-CPP

Feature category Number of features

Amino acid frequency 20
Polarity 50
Second structure 50
Molecular volume 50
Codon diversity 50
Electrostatic charge 50

the CPP or non-CPP status of a peptide. To address this,
we adopted a popular feature selection method—minimum
redundancy maximum relevance—to distinguish them.
This method was first introduced by Peng et al. (2005) and
was executed based on the criteria of Max-Relevance and
Min-Redundancy. Accordingly, two feature lists—MaxRel
feature list and mRMR feature list—can be obtained, where
the former is constructed by the criterion of Max-Rele-
vance (i.e., sorts each feature according to its contributions
to classification) and the latter list is constructed by consid-
ering criteria of both Max-Relevance and Min-Redundancy
(i.e., sorts each feature according to its contribution to clas-
sification and redundancy with features listed before it). In
this study, we formulated these two lists as below:

{MaxRel features list: FiyfaxRel = [flM,sz, .. .,f,f”] 5)

mRMR features list: Fonrmr = [ /3 - - -5 fi']

where n is the total number of analyzed features. Read-
ers can refer to Peng et al.’s paper (Peng et al. 2005) for a
detailed description of this method. The mRMR method has
previously been applied to the investigation of many com-
plicated biological systems (Chen et al. 2013; Huang et al.
2011; Zhang et al. 2008; Mohabatkar et al. 2011; Han et al.
2013; Xu et al. 2014; Li et al. 2014b; Song et al. 2014).

Ten-fold cross-validation

Ten-fold cross-validation is a type of cross-validation method
that is often used to evaluate the performance of classifica-
tion and prediction models (Kohavi 1995). In this method,
original samples are randomly and equally divided into ten
parts. Accordingly, this method contains a procedure that is
executed in ten rounds. For the ith round, samples in the ith
part are singled out as testing samples, while samples in the
other nine parts are used to train the classification or pre-
diction methods. Thus, each sample is tested exactly once.
Compared to another cross-validation method, the jackknife
test (Chen et al. 2012), ten-fold cross-validation takes less
time and provides similar results. Thus, it was adopted to
evaluate the method used in this study.

@ Springer

Random forest

Random forest is an ensemble classifier that integrates mul-
tiple decision trees (Breiman 2001). Each decision tree is
constructed as follows:

1. Let S be a dataset consisting of N samples. Randomly
take N samples from S, with replacement, to comprise
the dataset S’ that is used to construct the decision tree,
while non-selected samples are used as testing samples
to evaluate its performance.

2. Suppose that samples in S were represented by M fea-
tures. m is set to be a positive integer much less than
M. The tree is grown at each node by randomly select-
ing m features from M features and optimally splitting
the node on these m features.

3. The decision tree is fully grown and not pruned.

For any query sample, decision trees in the random for-
est make predictions, and the predicted result of the random
forest is decided by a majority vote. The random forest
can always provide good performance; it has been used to
tackle some biological prediction problems (Kandaswamy
et al. 2011; Li et al. 2012a, b; Lin et al. 2011; Pugalenthi
et al. 2012; Shameer et al. 2011; Trost and Kusalik 2013).

Weka (Witten and Frank 2005) is a popular suite of
machine learning software that collects many widely used
state-of-art machine learning algorithms. It has a classi-
fier called RandomForest that implements the procedure
described above. For convenience, we used this classifier
without modification as the classification model with default
parameters in this study. In detail, each random forest con-
structs ten decision trees, and m is set to be [log,M + 1].

Accuracy measurement

In a two-class classification problem, the predicted results are
always counted as four values: true positive (TP), true nega-
tive (TN), false positive (FP) and false negative (FN) (Baldi
et al. 2000; Chen et al. 2010). Accordingly, the quality of the
predicted results is evaluated by calculating sensitivity (SN),
specificity (SP), prediction accuracy (ACC) and Matthews’s
correlation coefficient (MCC) (Matthews 1975) as follows:

TP
N =
TP + FN
TN
P=_
TN + FP
TP + TN
ACC =
TP + TN + FP + FN
TP x TN — FP x FN
MCC =
J(IN +EN) x (IN + FP) x (TP + EN) x (IP + EP)

Q)
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It can be seen from Eq. 6 that SN and SP only use some
of the TP, TN, FP and FN values, while ACC and MCC
use all of them. Thus, SN and SP are not appropriate for a
complete evaluation of the quality of the predicted results.
Furthermore, although ACC uses all the TP, TN, FP and FN
values, it cannot completely reflect the quality of the pre-
dicted results if the classes in the dataset are of very dif-
ferent sizes. In view of the number of investigated CPPs
and non-CPPs, ACC is not a good choice. MCC is gener-
ally regarded as a balanced measure even if the classes are
of very different sizes; it is, therefore, employed as a key
measure for evaluating the quality of predicted results of
the current method.

IFS method

As mentioned in “mRMR method”, two feature lists can
be produced by the mRMR method. The MaxRel feature
list was used to analyze the importance of features (i.e.,
their contributions to classification), while the mRMR
feature list was used to build an optimal classification
model. The IFS method attempts to construct an opti-
mal classification model based on the mRMR feature list
and a machine learning algorithm (here, we selected ran-
dom forest). First, according to the mRMR feature list
Furmr = If{" f5, ..., f;"), n feature sets are constructed:
Fiovr = UM A, f"I(1 < i < n). Second, for each
F' omr (1 < i < n), RandomForest was executed in Weka
on a dataset in which samples were represented by features
in F! g evaluated by ten-fold cross-validation. Finally,
SNs, SPs, ACCs and MCCs were calculated according to
Eq. 6, and an IFS curve with the superscript i of F’ I’.HRMR as
its X axis and MCC value as its Y axis was plotted, thereby
obtaining a feature set with the highest MCC. Features in
this set are called optimal features.

Results and discussion
Results of mRMR

As mentioned in “Encoding method”, each CPP or non-
CPP was represented by 270 features. To analyze these
features, the mRMR method was employed (this program
can be downloaded at the website http://research.janelia.
org/peng/proj/mRMR/). For convenience, it was executed
using default parameters. From this analysis, we obtained
two feature lists—MaxRel feature list and mRMR fea-
ture list—which are provided in Supplementary Material
II. Features were ranked by their values for determining
whether a peptide was cell-penetrating or non-cell-pene-
trating in the MaxRel features list (i.e., features with a high
rank contributed more, whereas those with low rank gave

little or no contribution). Here, we investigated the highest
10 % of features on the MaxRel features list (refer to the
first 27 features of the MaxRel features list in Supplemen-
tary Material II). Figure 1 shows the distribution of these
27 features, from which we can see that the amino acid fre-
quency and five properties of amino acids were included at
almost the same level of importance.

Results of IFS

To build an optimal prediction method and extract the opti-
mal combination of features, the IFS method and random
forest were employed. Figure 2 shows the IFS curve with
MCC on the Y axis and the number of features participat-
ing in the model on the X axis. The SN, SP, ACC and MCC
values obtained via the IFS method are available in Supple-
mentary Material III. The highest MCC value was 0.4867,
which was obtained using the first 32 features in the mRMR
features list and the random forest classification method.
The SN, SP and ACC were 0.9550, 0.4412 and 0.8345,
respectively. This indicates that the optimal model has good
discriminating power for determining CPPs and non-CPPs.

Comparison with other methods

To indicate the effectiveness of the optimal prediction
method obtained in “Results of IFS”, we compared our
results with those reported in the study by Sanders et al.
(2011), which were obtained from the same dataset and are
listed in Table 3. The SN, SP and ACC in (Sanders et al.
2011) were 0.759, 0.232 and 0.7586, respectively, from
which we can infer that the MCC was about —0.0089.
All values are much lower than the corresponding values
obtained by our method. Based on the fact that the MCC
obtained by the optimal prediction method is not very low,
it is not necessary to use a more complicated dataset com-
pilation strategy, as described in (Sanders et al. 2011), to
improve the predicted results.

Analysis of the optimal features

As described in “Results of IFS”, the optimal prediction
model used the first 32 features in the mRMR features list
to encode each sample and used the random forest predic-
tion method. These 32 features were deemed to be optimal
features for determination of CPPs and non-CPPs. The
distribution of these optimal features is shown in Fig. 3;
we can see that the numbers of features relating to polar-
ity, codon diversity and amino acid frequency were eight,
eight, and seven, respectively, implying that these three
amino acid properties are important factors for determi-
nation of CPPs and non-CPPs. Furthermore, four features
were related to secondary structure and molecular volume.

@ Springer
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Table 3 Comparison with the method presented by Sanders et al.

Measurement Our method Sanders et al.’s method
SN 0.9550 0.759

SP 0.4412 0.232

ACC 0.8345 0.7586

MCC 0.4867 —0.0089

Only one feature was related to electrostatic charge, imply-
ing that this property provided only a minor contribution
for determination of CPPs and non-CPPs.

The amino acid frequency and molecular volume directly
and indirectly refer to the selectivity of amino acids in com-
posing CPPs. Previous studies have indicated that CPPs are
water soluble and are polybasic peptides with a net positive
charge at physiological pH (Jarver and Langel 2006). These
properties enable CPPs to penetrate the cell membrane at
low micromolar concentrations both in vivo and in vitro and
with or without membrane receptors, all without causing

@ Springer

Number of features

significant membrane damage (Madani et al. 2011; Richard
et al. 2005; Murriel and Dowdy 2006). Usually, positively
charged arginine and lysine residues are specifically enriched
in CPPs (Su et al. 2009), indicating a high amino acid selec-
tivity and agreeing with our results. All amino acids can be
divided into two main classes based on polarity: the polar
and non-polar amino acids. Polar amino acids are those with
side chains that prefer to reside in an aqueous (i.e., water)
environment. By this definition, polar amino acids include
aspartate, glutamate, asparagine, glutamine and the CPP-
enriched arginine and lysine, consistent with our optimal
features. This selectivity in amino acid composition closely
correlates with the secondary structure of proteins and poly-
peptides (Eisenhaber et al. 1996; Malkov et al. 2009). For
CPPs, secondary structure determines their interactions and
insertion in the cell membrane and thus plays a crucial role
(Eiriksdottir et al. 2010; Ye et al. 2010). It has been shown
that several CPPs adopt a specific secondary structure, which
functions to stabilize their interactions with the membrane
and promote cellular uptake (Eiriksdottir et al. 2010).
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Fig. 3 Distribution of the 32 60 1
selected optimal features

50 4
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7120 (35%)
20 1

Number of features

Amino acid
frequency

Codon diversity implies a codon usage bias. It has been
reported that codon usage bias can be used to predict gene
expression levels (Henry and Sharp 2007; Roymondal et al.
2009). However, in our study, we show that codon diversity
also strongly correlates with the ability of CCPs to pene-
trate the cell, revealing a previously unknown role of codon
bias in CCP function.

As a result, the precise prediction of CCPs could be
dependent on the traits of polarity, frequency, codon diver-
sity and the molecular volume of amino acids, as well as
the secondary structure of the peptide itself.

Conclusion

This study analyzed the contributing features of a peptide
that determine its cell-penetrating capacity. Several fea-
ture selection methods, including minimum redundancy
maximum relevance and incremental feature selection,
were employed to analyze features extracted from pro-
tein sequence, including amino acid frequency, codon
diversity, electrostatic charge, molecular volume, polar-
ity, and secondary structure. As a result, key features
were selected, and an optimal prediction method was con-
structed based on these features. We hope that this con-
tribution will aid in uncovering the mechanism by which
peptides penetrate cells.
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