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ABSTRACT
One of the causes of death in the world is cancer. Radiotherapy and chemotherapy are
among the treatment methods existing against cancer cells. Identification and
developing a new method for treating cancer is extremely essential because traditional
methods have side effects on normal cells and are very costly. Recently discovered
agents are Antimicrobial peptides which are present in a wide variety of organisms
including plants, amphibians and mammals. Developing a computational method for
predicting these anticancer peptides is helpful since these peptides have a variety of
structures, sizes and molecular compositions. In the current research, primarily, 2
databases with 138 and 206 anticancer and non-anticancer peptides were introduced
which were classified by TRAINER. TRAINER (http://www.baskent.edu.tr
/~hogul/TRAINER/) is a new online tool designed for classification of any alphabet of
sequences. With TRAINER users are capable of selecting from among several feature
representation schemes and supervised machine learning methods with pertinent
parameters. Moreover, naive Bayes and radial basis were used in a support vector
machine in the present study. The accuracy and specificity in combination of features
by Naive Bayes were 83% and by radial basis 87% and 92%correspondingly. Based on
the findings two methods are very helpful for categorization of these peptides; yet, the
precision of Radial Basis is superior to that of Naive Bayes.
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INTRODUCTION
Throughout the world, in spite of current advances in treatment modalities, cancer remains a major source
of morbidity and death. Cancer is the most important cause of death for individuals younger than 85 years of age
[1] in the United States. Furthermore, the occurrence of various cancers including cancers of the skin, prostate,
breast, and kidney, are on the raise [2]. Actually, cancer is a general term that refers to more 100 different
diseases affecting many different tissues and cell types. Nonetheless, all cancers are distinguished by abnormal
cell growth resulting from a relatively small number of inherited or environmentally-induced genetic mutations
[3]. According to Hanahan and Weinberg [4], in order for a cell to become cancerous, it must obtain six
distinctive traits as a result of altered cell physiology. The distinctive traits of cancer cells are as follows: 1)
capability of generating their own growth signals or reacting to weak growth signals ignored by healthy cells; 2)
insensitivity to anti proliferative signals; 3) resistance to cellular suicide mechanisms that normally cause
abnormal cells to die by apoptosis; 4) capability of infinite replication; 5) being able to stimulate new blood
vessel development allowing for tumour growth; and 6) the ability to attack tissues, at first locally, and
afterward to spread or metastasize all over the body. Chemotherapy continues to be the usual treatment of
choice for advanced or metastatic disease [5] though localized cancers can often be effectively treated by
surgery and/or radiation therapy. Nevertheless, the application of usual chemotherapeutic agents that normally
target rapidly dividing cancer cells is often associated with harmful side-effects caused by unintentional druginduced damage to healthy cells and tissues [6, 7]. In addition, cancer cells that are inactive or gradually
proliferating are refractory to the cytotoxic effect of chemotherapeutic drugs that act at the level of DNA
synthesis [8]. Moreover, as a result of cellular changes that include increased expression of drug-detoxifying
enzymes and drug transporters, altered interactions between the drug and its target, an increased ability to repair
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DNA damage, and defects in the cellular machinery that mediate apoptosis [9] cancer cells often become
resistant to chemotherapy. A key advance in cancer treatment would be the development of a new class of
anticancer drugs that lack the toxicity of common chemotherapeutic agents and are unchanged by common
mechanisms of chemo resistance. In the present article, we studies on naturally occurring, in addition to some
selected hybrid and synthetic cationic antimicrobial peptides (AMPs) that display anticancer activities.
The disrupting of cytoplasmic and mitochondrial membranes is the basis of peptides anticancer effect [1215]. Membranes of cancer cells with negative charge attach to the peptides with positive charge.
Peptides’amphipathic structure allows them to insert themselves in the membrane and permeate it through the
formation of pores [16]. Still, these peptides have small size and diversity in secondary structure and
composition but the following features shared among them including positive charge, high content of
hydrophobic residues, amphipathic fold, ease of synthesis and modification and tumor penetrating ability [1719]. Developing a computational method for the prediction of anticancer peptides is needed in order to decrease
costs and time.
A number of databases such as the Antimicrobial Peptide Database (APD2) [20] and the Collection of
Antimicrobial Peptides (CAMP) have identified anticancer peptides [21]. APD2 is available at
(http://aps.unmc.edu/AP/main.php).
MATERIALS AND METHODS
Datasets:
180 experimentally validated ACPs were extracted from the literature as well as the antimicrobial database
(APD2) as positive database. A non-anticancer database was introduced manually from the Universal Protein
Resource (UniProt), at http://www.uniprot.org.To introduce the negative database, non-secretary proteins and
randomly cut out peptides with the same length range were selected. In the end, negative database containing
215 non-anticancer peptides was used. To eliminate the duplicates[22], the CD-HIT tool (http://cd-hit.org) was
used since there are the same sequences in each database. Eventually, positive and negative databases were
used, containing 130 and 200peptides respectively.
Radial basis function networks:
Similar to neural networks, radial basis function (RBF)networks [23] have also been demonstrated to be
universal approximators [24]. In comparison to neural networks, RBF networks are to a great extent easier to
design and train and have strong tolerance to input noise, which enhances the stability of the designed systems.
Consequently, it is reasonable to consider an RBF network as a competitive method for nonlinear controller
designs. Three steps are included in the basic computations of the RBF network: 1) Input Layer Computation:
At the input layer, each input (xp,i) is scaled by the input weights (ui,h) presenting the weight connection
between the it h input and RBF unit h.
(1) yp,h,i= xp,iui,h
where vector yp,h= {yp,h,1, yp,h,2 . . . yp,h,i. . . yp,h,I} is the scaled inputs, h is the index of RBF units from 1
to H, i is the index of inputs from 1 to I, and p is the index of training patterns from 1 to P.
2) Hidden Layer Computation: The output of the RBF unit h is calculated by:
(2) ϕh(xp) = exp (|| , – || )
Where ϕh(•) is the activation function of the RBF unit h,. chand σ hare the center and width, the key properties
to describe the RBF unit h,, and || • || represents the computation of Euclidean norm of two vectors.
3) Output Layer Computation: for pattern xp, the network output is calculated as the sum of weighted outputs
from RBF units.
(3) op= ( ) +
Where presents the weight value on the connection between the RBF unit h and network output. W0 is the
bias weight.
Naive Bayes:
A naive Bayes classifier is a simple probabilistic classifier based on the application of Bayes’ theorem with
strong (naive) independence assumptions. Considering features as independent makes their learning simple and
computationally efficient [25]. This method is generally used due to its advantages. For Naïve Bayes models,
parameter estimation is done using maximum likelihood. The method is suited when the dimensionality of the
input is high.
In the current study, for classification and evaluating the performance of classifiers Radial Basis and Naive
Bayes were employed Performance of the classifier is measured in terms of sensitivity (SEN), specificity
(SPEC), accuracy (ACC) and Matthew’s correlation coefficients (MCC) given by equations (4-7),
(4) SEN=TP/(TP+FN)
(5) SPEC=TN/(TN+FP)
(6) ACC=(TN+TP)/(TN+FP+TP+FN)
(7) MCC= (TP×TN - FP× FN) / (TP FP)(TP + FN)(TN + FP)(TN + FN)
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where TP, TN, FP and FN are the numbers of true positives, true negatives, false positives, and false negatives,
respectively.
The performances of classifiers are presented in tables (1-4).
Trainable Short Sequence Classifier:
TRAINER is a new online and flexible tool for biosequence analysis. TRAINER interface can provide a
user-friendly environment for any basic internet user. This system can respond to thousands of short sequences
in seconds and is capable of producing exact results for all types of biological sequences [26]. TRAINER is
available at (http://www.baskent.edu.tr/~hogul/TRAINER/). Biologicalsequences are of different lengths,
cannot be directly fed in to a classifier and need to be represented by a number of numerical features. There are
three different composition representations as 1-mer, 2-mer, 3-mer and their combinations in this tool. In the
current research, three different compositions and the combination of all vectors was used.
Results:
In the present study, for the classification and evaluation of the performance of the classifier two machine
learning methods with three different compositions of features and their combinations were used. The findings
proved that for predicting anticancer peptides these methods were useful. for classifying anticancer and non
anticancer peptides both methods are useful but accuracy, sensitivity, specificity and Matthews’ correlation
coefficients of radial basis were found to be better than Naive Bayes’, and in this analysis, the combination of all
vectors yielded the best results.
Table 1: Matthew’s correlation coefficients of two machine learning methods in three different compositional representations.
Mathew’s correlation coefficients
Methods
1-mer
2-mer
3-mer
all
Naive Bayes
0.60
0.52
0.53
0.58
Radial Basis
0.74
0.82
0.69
0.84
Table 2: Sensitivity and specificity of two machine learning methods in three different compositional representations.
Sensitivity
Specificity
Methods
1-mer
2-mer
3-mer
all
1-mer
2-mer
3-mer
Naive Bayes
87%
72%
73%
79%
82%
84%
78%
Radial Basis
77%
96%
88%
82%
74%
85%
84%
Table 3: Accuracy of two machine learning methods in three different compositional representations.
Accuracy
Methods
1-mer
2-mer
3-mer
Naive Bayes
76%
77%
86%
Radial Basis
85%
89%
69%

all
79%
81%

all
86%
79%

Discussion:
In today’s world cancer therapy is an attractive topic. For treating cancer there are many traditional
methods, but these methods have their own limitations. Consequently, we concentrated on a more particular
method. Anticancer peptides of human, plant, and animal origin are shown to be new agents against cancerous
cells. Peptides’oncolytic effect depends on their cationic and amphipathic structure [8]. Asgangliosidesexist in
both normal and cancer cells (although by different proportions), the function of the peptides is not specific,
however they may be attracted to cancer cells more commonly than normal cells. The positive charge of the
peptides is proposed to start electrostatic interaction with the negatively charged membranes of tumor cells.
These features could cause the permeation of peptides into the membrane and a succeeding complete membrane
disruption. Additionally, by perturbation in the plasma membrane they depolarize the trans membrane potential
of cancer cells and kill the cells [11, 27]. Because the examination of peptides in vitro and in vivo is protracted
and expensivive, providing a computational method for the prediction of anticancer peptides can be useful. For
predicting different aspects of proteins, based on amino acid sequence, template and amino acid composition
(AAC) several methods exist. Also, Pse AAC concept has been usually used to predict several aspects of
proteins including cyclins [28], risk type of human papillomaviruses [29], GABAA receptors [30],
metalloproteinase family [31], antibacterial peptides [32] and allergenic Proteins [33].
As a result, in the present study anticancer and non-anticancer peptides from databases and articles were
collected and classified using two machine learning methods in TRAINER tool. A new online tool acceptable
for the classification of bio sequences is TRAINER. In the current study, ACC, SEN and SPEC of these
methods demonstrated that TRAINER is a useful tool for predicting anticancer and non-anticancer peptides.
MCC is a measure for appraising the quality of binary classifications. This measure has a value between -1 and
+1.When MCC is higher than 0.7, it is acceptable for predictors. In the current study, the best results for MCC
were found to be in combinations of all vectors, MCC of Radial Basis being higher than 0.7, and hence
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acceptable. The findings demonstrated that for predicting the above mentioned peptides, the precision of Radial
Basis was more than that of Naive Bayes.
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