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Abstract Development of an accurate and reliable intel-

ligent decision-making method for the construction of

cancer diagnosis system is one of the fast growing research

areas of health sciences. Such decision-making system can

provide adequate information for cancer diagnosis and

drug discovery. Descriptors derived from physicochemical

properties of protein sequences are very useful for classi-

fying cancerous proteins. Recently, several interesting

research studies have been reported on breast cancer clas-

sification. To this end, we propose the exploitation of the

physicochemical properties of amino acids in protein pri-

mary sequences such as hydrophobicity (Hd) and hydro-

philicity (Hb) for breast cancer classification. Hd and Hb

properties of amino acids, in recent literature, are reported

to be quite effective in characterizing the constituent amino

acids and are used to study protein foldings, interactions,

structures, and sequence-order effects. Especially, using

these physicochemical properties, we observed that pro-

line, serine, tyrosine, cysteine, arginine, and asparagine

amino acids offer high discrimination between cancer-

ous and healthy proteins. In addition, unlike traditional

ensemble classification approaches, the proposed ‘IDM-

PhyChm-Ens’ method was developed by combining the

decision spaces of a specific classifier trained on different

feature spaces. The different feature spaces used were

amino acid composition, split amino acid composition, and

pseudo amino acid composition. Consequently, we have

exploited different feature spaces using Hd and Hb prop-

erties of amino acids to develop an accurate method for

classification of cancerous protein sequences. We devel-

oped ensemble classifiers using diverse learning algorithms

such as random forest (RF), support vector machines

(SVM), and K-nearest neighbor (KNN) trained on different

feature spaces. We observed that ensemble-RF, in case of

cancer classification, performed better than ensemble-SVM

and ensemble-KNN. Our analysis demonstrates that

ensemble-RF, ensemble-SVM and ensemble-KNN are

more effective than their individual counterparts. The

proposed ‘IDM-PhyChm-Ens’ method has shown improved

performance compared to existing techniques.
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Introduction

Identification of cancerous tissues in early stages provides

higher chances of survival and is helpful in avoiding

unnecessary toxicity (Milenković et al. 2013). Conse-

quently, development of an efficient and reliable intelligent

decision-making method for cancer classification system is

highly desirable. Such system has the capability to provide

adequate information for cancer diagnosis and drug dis-

covery. Cancer is one of the rapidly growing diseases in the

world (Caroline et al. 2012) and it is the second largest
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cause of death after heart-related diseases (William 2010).

Breast cancer, colorectal cancer, lung cancer, prostate

cancer, and pancreatic cancer are the major types of can-

cers. The American Cancer Society (2013) estimated that,

in 2013, approximately 226,870 women in the US would

diagnose with breast cancer and about 39,510 women

would die due to breast cancer. In western countries, due to

early detection and treatment of breast cancer, approxi-

mately 89 % of women diagnosed with breast cancer

remain still alive 5 years after their diagnosis. Every year,

about 1.5 million cases of women breast cancer are regis-

tered worldwide. Approximately 90,000 out of 1.5 million

cases are reported in Pakistan (Bray et al. 2004). Every

year, approximately 40,000 women die with breast cancer

in Pakistan; it is the highest figure in Asia (Nasim et al.

2012). Only 10 % of the breast cancer cases (i.e., 2,250 out

of 90,000) are diagnosed and treated, while 75 % of the

patients do not have treatment facility and thus die within

5 years after diagnosis.

Cancer development is a multistep process in which

normal cells of the body go through stages that ultimately

change them to abnormal cells without any control. The

protein signals, coded by a very small proportion of the

total genes in each cell, regulate the cell growth and divi-

sion. These regulatory genes include two groups of genes

called proto-oncogenes and tumor suppressor genes. A

sequence of mutations in the DNA of any group of these

growth-controlling genes can eventually lead to cancer.

The rapid development in proteome and genome resul-

ted in the generation of a large number of gene and protein

sequences. The use of protein sequencing is ever increasing

and consequently, size of protein databases is exponentially

growing with time. The rapid increase in size of protein

sequence databases is challenge for extracting useful

information for the diagnosis of diseases and drug dis-

covery. Protein may help for prediction of breast cancer

prognosis. It has been identified that the levels of expres-

sion of some 1,200 genes that are directly controlled by the

enzyme, EZH2, correlates with the aggressiveness of breast

cancer cases (Jene-Sanz et al. 2013). Protein sequences

have been used for the classification of ovarian cancer (Ji-

Yeon et al. 2013), lung cancer (Ramani and Jacob 2013a),

colon cancer, and breast cancer (Munteanu et al. 2009).

Role of feature extraction is very crucial in the devel-

opment of a reliable and effective method for the con-

struction of diagnosis system (Xin et al. 2012). Extracted

feature vectors are used by such system to establish the

classification model. An improvement in performance of

support system is obtained via integration of the deci-

sion(s) of base classifier(s). A good feature set is supposed

to be highly correlated within a class and uncorrelated with

other classes. In literature, several feature extraction

strategies and classification systems have been used for

breast cancer diagnosis (Şahan et al. 2007; Einipour 2011;

Eshlaghy et al. 2013; Bing-Yu et al. 2011; Xu et al. 2007;

Saima et al. 2013; Emmanuel et al. 2010; Ramani and

Jacob 2013b, c). A detail review of different feature

extraction and selection techniques, in particular for pro-

tein sequence analysis, was provided in (Yvan et al. 2007).

In another study, multiple sonographic and textural features

based methods were developed for classification of benign

and malignant breast tumors (Liao et al. 2010). Recurrence

modeling using incidence and survival based population

feature extraction strategy have shown good performance

(Eshlaghy et al. 2013). Similarly, for classification of breast

and colon cancers, useful features of topological indices

(TIs) were extracted using graph theory (Munteanu et al.

2009). However, these features were used to develop multi-

target quantitative proteome–disease relationship (QPDR)

models. These models were based on simple multiple linear

regression technique. Due to linear nature of QPDR mod-

els, it is not easy to accurately model the nonlinearity in the

features to corresponding target labels. Therefore, perfor-

mance of QPDR models was limited to 91.8 %. Clinical

features computed from a digitized image of a fine needle

aspirate (FNA) of a breast mass were used for development

of optimized-learning vector quantization (LVQ), Big-

LVQ, and artificial immune recognition system (AIRS)

(Goodman et al. 2002). On the other hand, in a recent

study, SVM combined with evolutionary algorithms (EAs)

using clinical features from a digitized image of a FNA of a

breast mass has reported an accuracy up to 97.07 %

(Ruxandra and Stoean 2013).

Proteins are major constituents of all cells and composed

of a sequence of amino acids (Pierrick et al. 2013). Amino

acids have different physicochemical properties, such as

charge, mass, hydrophobicity (Hd) and hydrophilicity

(Hb), etc. To the best of our knowledge, in previous

studies, the physicochemical properties of amino acids in

protein primary sequences such as Hd and Hb have not

been exploited for breast cancer classification. These

properties of amino acids are quite effective in character-

izing the constituent amino acids and are thus helpful in the

study of protein foldings, interactions, structures, and

sequence-order effects (Chou 2005). In our opinion, these

properties of amino acids would be helpful for breast

cancer classification. Additionally, ensemble classification

approach that combine the decision spaces of a specific

classifier trained on different feature spaces has not been

explored in the context of breast cancer classification. In

this scenario, unlike traditional ensemble classification

approaches, we developed IDM-PhyChm-Ens cancer clas-

sification methodology by combining the decision spaces

of a specific classifier trained on different feature spaces.

In our proposed methodology, primary protein sequen-

ces were transformed in: (1) amino acid composition
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(AAC), (2) split amino acid composition (SAAC), (3)

pseudo amino acid composition-series (PseAAC-S), and

(4) pseudo amino acid composition-parallel (PseAAC-P)

feature spaces. For data balancing, we have used mega-

trend-diffusion (MTD) function to create diffuse samples

for the minority class (Li et al. 2010). This function

oversamples the minority class in the feature space. We

have developed ensemble classifiers using diverse learning

mechanisms of RF, SVM, and KNN trained on individual

feature spaces.

Experiments were conducted under different feature

spaces. The classification performance was reported using

tenfold cross-validation data resampling technique. Our

ensemble-RF and ensemble-SVM have achieved the high-

est accuracies of 99.48 and 97.63 %, respectively. For the

breast/non-breast cancer, our analysis showed that perfor-

mance of ensemble-RF, ensemble-SVM, and ensemble-

KNN was enhanced by 7.43, 8.96, and 8.55 %, respectively,

than their individual counterparts, using combined feature

spaces of PseAAC-S and PseAAC-P. Further, we have

observed that proline, serine, tyrosine, cysteine, arginine,

and asparagine amino acids offer high discrimination for

cancer using physicochemical properties.

The main contributions of this work are:

1. To develop an effective cancer classification method-

ology ‘‘IDM-PhyChm-Ens’’ by exploiting Hd and Hb

physicochemical properties of protein primary

sequences in different feature spaces,

2. To develop a high-performance ensemble such as

ensemble-RF, ensemble-SVM, and ensemble-KNN for

classification of healthy and cancerous protein

sequences, and

3. To explore which amino acids are more affected in

terms of its physicochemical properties, when a

normal cell converts to cancerous one.

Feature Module

Input
(Protein Sequence Datasets)

Generation of Feature Space

1. Data Balancing
2. Class Label
3. Formation of Training

and Testing Datasets

Preprocessing
Module

Classification
Module

Performance
Analysis

Protein Sequence
MAVLRQLALLLW…

MRGPPAWPLRL…
...

Feature Space
AAC/SAAC/PseAA-S/PseAA-P

Classifier

Random Forest

Support Vector Machines

K-Nearest Neighbor

Ensemble classifier (Exploiting Feature Space)

Using MTD Technique for
Data Balancing

Target Labeling
Class A: a a a …

Class B: b b b …

Using 10-fold Jackknife
Technique

Membership function

L uset Uba
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Development
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Normal
Tissue

Fig. 1 Basic block diagram of the proposed IDM-PhyChm-Ens classification method
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Proposed IDM-PhyChm-Ens cancer classification

methodology

Figure 1 shows the basic block diagram of the proposed

intelligent decision-making methodology for classification of

cancerous and healthy protein sequences. The proposed cancer

classification method IDM-PhyChm-Ens combines the deci-

sion spaces of a specific classifier trained on different feature

spaces. IDM-PhyChm-Ens consists of three main modules:

feature space generation, preprocessing, and classifier devel-

opment modules. In preprocessing module, data balancing is

performed using mega-trend-diffusion (MTD) function to

create diffuse samples for the minority class (Li et al. 2010).

This function oversamples the minority class in feature space.

Feature space generation module

In feature module, primary protein sequences using Hd and

Hb properties of amino acids are transformed into AAC,

SAAC, PseAAC-S, and PseAAC-P feature spaces.

Protein sequence datasets

In this work, the performance of the proposed IDM-Phy-

Chm-Ens method has been evaluated using two real data-

sets of human protein primary sequences for cancer/non-

cancer and breast/non-breast cancers (Sjoblom et al. 2006;

Dobson et al. 2004). They extracted cancer-related proteins

after the experimental analysis of 13,023 genes in 11 breast

and 11 colorectal cancers. The first dataset has 865 non-

cancer protein sequences. The second dataset contains a

total of 191 cancer protein sequences, in which 122 protein

sequences are related to breast cancer sequences.

Generally, a protein sequence is represented by a series

of amino acid codes in the form of English letters. From

one-dimensional point of view, a protein sequence contains

characters from the 20-letter native amino acid alphabet

A = {A, C, D, E, F, G, H, I, K, L, M, N, P, Q, R, S, T, V,

W, Y}. Following are two examples of non-cancer (Seq. 1)

and breast cancer (Seq. 2) protein primary sequences:

Seq. 1: MSWQSYVDDHLMCDVEGNHLTAAAILGQ

DGSVWAQSAKFPQLKPQEI…
Seq. 2: MAARPLPVSPARALLLALAGALLAPCEAR

GVSLWNQGRADEVVSASV…
where English letters A, C, E,…, represent the standard

single-letter codes of different native amino acids in pro-

tein sequence.

Variation in amino acids composition of cancer proteins

We have analyzed the variation of amino acids composi-

tion in cancer- and breast cancer-related protein sequences

with reference to non-cancer proteins for discrimination of

cancer and healthy proteins. We observed from experi-

ments that this analysis of variation of amino acid com-

position is quite prospective for cancer classification.

Proteins perform a wide variety of functions in the body

and serve as essential components of body tissues,

enzymes, and immune cells. They also act as hormonal

messengers and enzyme catalysts. Proteins are made of

polymers of amino acids. Amino acids help in proper

growth and sustenance of the body. Traditionally in

nutrition textbooks, amino acids have been categorized into

two types: essential amino acids and non-essential amino

acids. Essential amino acids are obtained from our diet.

They include: isoleucine, leucine, lysine, methionine,

phenylalanine, threonine, tryptophan, and valine. On the

other hand, body on its own manufactures non-essential

amino acids. These amino acids are not necessarily

obtained from diet. Non-essential amino acids consist of

glutamate, alanine, aspartate, glutamine, arginine, proline,

serine, tyrosine, cysteine, taurine, and glycine.

All of the native amino acids have similar general

structure, except proline. The general structure of native

amino acids holds a central a-carbon to an amino group, a

carboxylate group, a hydrogen atom, and an R side chain

group. Several side chains are hydrophobic, while others

are hydrophilic. On the contrary, in proline, amino group is

secondary and is formed by ring closure between the R

group and the amino nitrogen. In proline, rotation about

carbon is impossible because of its rigidity to the peptide

chain. This structural characteristic of proline is important

in the structure and function of proteins with high proline

content. Studies have revealed that proline plays a special

role in cancer metabolism (Phang and Liu 2012). The

proline biosynthetic pathway is considered a key mediator

of breast tumor cell metastasis (Richardson 2011).

On the other hand, amino acids such as serine, threo-

nine, tyrosine, asparagine, and glutamine have contained

polar hydroxyl group and thus are called ‘‘hydrophilic’’ or

‘‘water-loving’’. Polar hydroxyl group enables serine,

threonine, tyrosine, asparagine, and glutamine to partici-

pate in hydrogen bonding, which is an important factor in

protein structure. The hydroxyl groups serve other func-

tions in proteins. Hydrogen-bonding capability of aspar-

agine and glutamine has a significant effect on protein

stability. Each protein has its own unique sequence of

amino acids and native conformation. Any change in the

sequence of amino acids, even one amino acid change,

can potentially change the capability of protein to func-

tion. Consequently, study of variation of amino acids

composition in cancer proteins with reference to non-

cancer proteins is important. Because the Hd and Hb

properties of amino acids are affected by variation of

amino acids in cancer proteins. Hence, such Hd and Hb
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properties of amino acids are quite useful in the classifi-

cation of cancer.

In Fig. 2, we observed the change in the concentration

of amino acid compounds in cancer proteins for general

cancer and breast cancer proteins sequences with reference

to non-cancer proteins. In Fig. 2, curves of cancer and

breast cancer proteins show almost similar behavior. The

absolute percentage differences in all of the amino acids

are relatively higher in breast cancer proteins as compared

to the general cancer proteins, except C and S amino acids.

In Fig. 2, the values above zero-line indicate the per-

centage increase of various amino acids such as C, E, H, L,

P, Q, R, and S in the cancer-related proteins with reference

to non-cancer proteins. Similarly, the values below zero-line

represent the percentage decrease of various amino acids

such as A, D, F, G, I, K, M, N, T, V, W, and Y in the cancer-

related proteins with reference to non-cancer proteins. The

maximum percentage increase of 52.27 and 55.91 % is

observed for ‘Proline’ amino acid in both general cancer and

breast cancer protein sequences, respectively. On the other

hand, the maximum percentage decrease of 27.05 and

32.43 % is observed for ‘Tyrosine’ amino acid in both

general cancer and breast cancer protein sequences,

respectively. We have noticed that higher change in the

values for P, S, Y, C, R, and N offer high discrimination

between breast cancerous and healthy proteins.

From Fig. 2, it is evident that the composition of all of

the amino acids is altered in cancerous proteins. Based

upon these results, we expect that the variation composition

of amino acid compounds in cancer proteins may help in

the treatment of cancer and drug targeting. However, in the

current work, the focus is to understand the role of such

distribution of amino acid compounds in protein primary

sequences using physicochemical properties in early stages

of cancer development.

Feature generation strategy

An important issue in applying classifier to protein

sequence classification is how to encode protein sequences,

i.e., how to represent the protein sequences as the input of

the classifier. Indeed, sequences may not be the best rep-

resentation at all. Good input representations make it easier

for the classifier to recognize underlying regularities. Thus,

good input representations are crucial to the success of

classifier learning. To generate effective sequence-based

features for protein system, one of the fundamental steps is

to formulate the protein sequences into mathematical

expression that could be capable to reflect the inherent

correlation with corresponding target labels.

For protein sequences, different feature spaces exhibited

different characteristics and yielded different classification

results. Therefore, instead of using conventional feature

selection (wrappers, filters) and transform based extraction

strategies, we used sequence-order and correlation-based

feature generation strategies of AAC, SAAC, PseAAC-S,

and PseAAC-P. Protein sequence data contain intrinsic

dependencies between their constituent elements. Given a
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protein sequence over the amino acid alphabets, the

dependencies between neighboring elements can be mod-

eled by generating all the contiguous present in sequence

data.

Thus, exploiting dependencies in the data increases the

richness of the representation. The feature spaces used in

this study try to exploit discriminating information about

protein sequence order, which is useful for classification.

These feature spaces have been employed in nearly all

fields related to protein attribute, such as predicting

enzyme family class (Qiu et al. 2010), protein subcellular

localization (Khan et al. 2010), outer membrane proteins

(Lin 2008), and protein structural class (Sahu and Panda

2010). Further, in this study our aim is to determine which

classifier has more discriminant exploitation of certain

types of feature spaces. In this way, we find the effective

and best combination of ‘‘classifier?feature-spaces’’ for

cancer classification.

Features derived from physicochemical properties of

protein sequences are quite helpful in classifying cancerous

proteins. All amino acids have different physicochemical

properties owing to their differences in side chains. Some

side chains are hydrophobic, while others are hydrophilic.

Generally, amino acids based on physicochemical proper-

ties are grouped into three main classes: hydrophobic,

hydrophilic, and charged residues. Hd and Hb properties of

protein are effectively used to convert amino acid codes

into numerical values for the classification of cancer dis-

ease. The values of Hd and Hb of amino acids are taken

from (Tanford 1962; Hopp and Woods 1981) to generate

four feature spaces. We explain these feature spaces below:

AAC is formed using 20 discrete numbers, in which

each number represents the occurrence frequency of 20

native amino acids in the protein sequence (Chou and

David 1999; Khan et al. 2010). The protein primary

sequence can be expressed as:

x ¼ p1; p2; . . .; p20½ �T ð1Þ

where, p1; p2; . . .; p20 are the native composition of 20

amino acids of a protein x.

For the generation of SAAC feature space, the protein

primary sequence is divided into three distinct parts, called

the N-terminal, internal segments and C-terminal (Chen

et al. 2006; Maqsood et al. 2012). Figure 3 shows the con-

struction of N-terminal, internal segments and C-terminal of

the SAAC feature space. The amino acid compositions at

N-terminal and C-terminal segments are calculated sepa-

rately. The length of each segment, N-terminal, internal and

C-terminal is set equal to 20. Thus, the length of each feature

vector in SAAC model is 60D (dimension).

Generally, in simple AAC feature space, important

position-specific or hidden information in protein sequences

would be entirely lost. Thus, the concept of PseAAC was

introduced to avoid completely losing the sequence-order

information for representing the protein sample. The

PseAAC feature generation strategy reflects better sequence

order and length of a protein sequence sample (Chou 2005).

In this study, we have used two types of series and

parallel PseAAC correlations. In series correlation

(PseAAC-S), a protein feature vector is generated by 20þ
i� k discrete components. The number of amino acid

attributes selected is represented by ‘i’. We used k = 20

and i = 2 for hydrophobic and hydrophilic values to form

60D feature vector. The protein vector in series correlation

is represented as:

x ¼ p1. . .p20p21. . .p20þkp20þkþ1. . .p20þ2k½ �T ðk\LÞ ð2Þ

with

pu ¼
fuP20

i¼1
fiþw
P2k

j¼1
sj

wsuP20

i¼1
fiþw
P2k

j¼1
sj

8
><

>:

for 1\l\20

for 21\l\20þ 2k

ð3Þ

where, L is the amino acid residues, fi i ¼ 1; 2; . . .; 20ð Þ are

the normalized occurrence frequencies of 20 native amino

acids in the protein x and sj the jth-tier sequence-correlation

factor computed according to s2k�1¼ 1
L�k

PL�k
i¼1 Hdi;iþk and

s2k¼ 1
L�k

PL�k
i¼1 Hbi;iþk. The constant factor w is the weighting

factor. Here, empirically, we set w = 0.05.

In parallel correlation (PseAAC-P), a protein feature

vector is represented by 20 ? k discrete components.

Parallel correlation factor or sequence order-correlated

factor is given as:

hk ¼
1

L� k

XL�k

i¼1

H Ri;Riþkð Þ ð4Þ

where, hk represents k-tier correlation factor, which reflects

the sequence-order correlation between all the k most

contiguous residues along a protein chain. We used

k = 20, thus, generated a feature set consisting of 40D.

The value of H Ri;Rj

� �
is calculated as follow:

Protein
Sequence

Internal SegmentN-terminal C-terminal

Total Length of SAAC
(20+20+20=60)

Length= 20

Length= 20

Length= 20

Fig. 3 Construction of SAAC features
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H Ri;Rj

� �
¼ 1

3
Hd Rj

� �
�Hd Rið Þ

� �2þ Hb Rj

� �
�Hb Rið Þ

� �2
n o

ð5Þ

where, Hd and Hb are hydrophobicity, and hydrophilicity

of ith amino acid Ri and jth amino acid Rj, respectively.

Preprocessing module

Generally, the size of medical data for positive examples is

small as compared to negative examples. Thus, during

classifier development stage, the decision boundary estab-

lished by classifier is biased toward the majority class and

the performance related to the minority class is affected.

In the literature, this type of problem is managed to create

diffuse samples for the minority class by applying different

data balancing approaches (Chawla et al. 2002; Li et al.

2007; Muhammad et al. 2013). In this module, we have

employed mega-trend-diffusion (MTD) function for over-

sampling the minority class in feature space (Li et al.

2010).

The classification capability is reported using various

data resampling techniques. However, jackknife technique

is considered the most objective and rigorous one and

produces a unique outcome. Investigators have widely

adopted jackknife technique to examine the quality of

various classifiers (Khan et al. 2011; Mohabatkar 2010;

Hayat and Khan 2011). Thus, we have employed tenfold

jackknife technique to evaluate and compare the perfor-

mance of models. In tenfold Jackknife technique, dataset is

divided into ten parts. The 9/10th parts of the dataset are

used to train the model and the remaining 1/10th part of the

dataset was utilized to test the model. This step is repeated

ten times using different training/testing data and average

performance of the model is reported.

Classification module

This section explains the development of proposed IDM-

PhyChm-Ens ensemble and individual classifiers. RF,

SVM, and KNN are used as single learning algorithm for

the generation of ensemble-RF, ensemble-SVM, and

ensemble-KNN. The ensemble classifiers are constructed

by combining the feature spaces at decision level. For

performance comparison, RF, SVM, and KNN are also

used for the development of individual classifiers. Now, we

describe the ensemble and individual classifiers as follows:

Development of ensemble classifiers

Ensemble classifier may be formed using several diverse

learning algorithms. Alternatively, ensemble classifier can

be created with single learning algorithm. In case of several

learners, ensemble is generated using the same training

dataset to train each learner. Then their decisions are

combined by simple voting (Khan et al. 2010; Hayat and

Khan 2011), or more sophisticated methods like consensus

theory (Benediktsson and Swain 1992; Džeroski and Ženko

2004). This type of ensemble that achieves diversity with

multiple algorithms is called heterogeneous ensemble. On

the other hand, homogeneous ensemble uses a single

algorithm and achieves diversity on the same dataset or

injecting randomness into the parameters of the learning

algorithm.

Homogeneous ensemble was developed with a specific

base learner, say, L using different feature spaces from the

set S¼ Fs1;Fs2; . . .; Fsmf g, where, Fs1; Fs2; . . .; Fsm are m

different feature spaces. A feature vector vi
j of ith feature

space, si, is formed form a protein data vector xj as:

vi
j ¼ FsiðxjÞ; i ¼ 1; 2; . . .;m. For a base learner L, the

predictions ŷ
j
i are extracted as: ŷ

j
i ¼ L vi

j

� �
. Each predic-

tion ŷ
j
i belongs to one of the k classes, i.e.,

ŷ1; ŷ2; . . .; ŷmf g 2 c1; c2; . . .; ck
� 	

. This assigned jth label

to one of the class from the set c1; c2; . . .; ck
� 	

. The value

of ensemble Z j
ens is computed using majority-voting

mechanism for all m feature spaces as:

Z j
ens ¼

Xm

i

Dðŷ j
i ; c

jÞ; j ¼ 1; 2; . . .; k ð6Þ

where, for our binary problem k = 2 and

Dðŷ j
i ; c

jÞ ¼ 1

0



if ŷ

j
i 2 c j

otherwise
. The data point xj will be

assigned to the class, which has maximum voting.

In this work, we have constructed homogeneous

ensemble by varying feature spaces of different dimen-

sions. Figure 4 demonstrates the various stages of the

proposed ensemble method. Three algorithms RF, SVM,

and KNN are selected as single learning algorithm for the

construction of homogeneous ensemble-RF, ensemble-

SVM, and ensemble-KNN by exploiting different feature

spaces. Each algorithm displays a different inductive bias

and learning hypotheses such as instance-based, trees and

statistics. Thus, each algorithm provides potentially more

independent and diverse predictions.

Development of individual classifiers

Detail information about RF, SVM, and KNN learning

algorithms is available in the literature of computational

science. RF and KNN algorithms are implemented in

Matlab 2010 environment. Libsvm software is used for the

implementation of SVM (Chang and Lin 2011). Software

available at http://www.csie.ntu.edu.tw/*cjlin/libsvm. In

future, we intend to make web server, which will be
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publicly available for readers and practitioners. Here, we

explain implementation details of the learning algorithms.

Random forest classifier

RF algorithm uses an ensemble of classification trees

(Balmain et al. 2003). It is being used to solve different

types of problems in bioinformatics. It has performed well

with small data size but complex data structures. It is a

successful approach for combining unstable learners

(Hastie et al. 2001), and random variable selection for tree

building.

Working procedure of the RF algorithm is shown in

Fig. 5. It uses two random mechanisms (1) random feature

selection and (2) bootstrap data sampling. RF utilizes

random sampling and ensemble properties that make it

possible to attain accurate prediction and better general-

ization. For n features, a number mtry \ n is specified such

that at each node, mtry out of n features are randomly

selected. The value of mtry is selected to be
ffiffiffi
n
p

. During

forest growing, the value of mtry remains constant. The

best split on these mtry features is used to split the node.

Gini measure is used as a splitting criterion that selects the

split of each node with the lowest impurity. Gini measure

of impurity is given by the following Eq.

Giniðt; xÞ ¼ 1

N

Xj

i¼1

aiIðtxi
Þ ð7Þ

where, j is the number of children at node t, N is the

number of samples, Iðtxi
Þ is Gini impurity, which gives the

class label distribution in the node. Iðtxi
Þ for the variable

x¼ x1; x2; . . .; xj

� 	
at node t is given by:

Iðtxi
Þ ¼ 1�

Xc

c¼0

nci

ai

� 
2

ð8Þ

where, nci
is the number of samples with value xi belonging

to class c, ai is the number of samples with value xi at

node t. Consider a dataset D of N protein sequences

for training: D ¼ ðx1; y1Þ; ðx2; y2Þ; . . .; ðxN ; yNÞf g, where

xi, i ¼ 1; 2; 3; . . .; n, is ith protein vector corresponding to

yi target label. The output predicted values, for a given

x 2 D, are given by ŷ1ðxÞ; ŷ2ðxÞ; . . .; ŷTðxÞf g, where ŷtðxÞ
is the predicted value of protein sequence (x) by the tth

tree. Outputs of all predicted values are aggregated using

majority vote for final decision.

SVM classifier

SVM is extensively used to perform prediction and clas-

sification tasks (Vapnik 1995). It finds a decision surface

that has maximum distance to the closest points in the

training set. It generates a decision surface by mapping

the training samples, support vectors (Ns), into a higher

dimensional space. For a linearly separable data of N

Preprocessing
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protein
sequences

Individual
classification
(RF/SVM/KNN)

Feature
generation ......

Ensemble
classification
(Ensemble-RF/-

SVM/-KNN)

Cancer/
Non-cancer
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FS3

FS2

FSm

Fig. 4 Framework of the proposed IDM-PhyChm-Ens ensemble method
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(bootstrap sampling )
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(OOB sequences)
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features

Build tree
(split dataset using best mtry)
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Fig. 5 Block diagram of the random forest classification
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training pairs xi; yih i; the function of SVM decision surface

is expressed as:

f ðxÞ ¼
XN

i¼1

aiyix
T
i :xþbias ð9Þ

where, the coefficient ai [ 0 is the Lagrange multiplier in

an optimization problem. The function f ðxÞ is independent

of the dimension of the feature space. To find an optimal

hyperplane surface for non-separable patterns, solution of

the following optimization problem is sought:

Wðw; fÞ ¼ 1

2
wT wþ C

XN

i¼1

fi ð10Þ

subject to the condition yi wTWðxiÞ þ biasð Þ� 1� fi; fi� 0

where, C is the penalty parameter of the error term
PN

i¼1 fi.

It represents the cost of constraint violation of those data

point, which occurs on the wrong side of the decision

boundary. The weight vector w minimizes the cost function

term wTw. For SVM decision function, we used radial basis

function, exp � xi�xjk k2

ð2rÞ2

� 


, where r shows the width of

Gaussian function. During optimization, the optimal values

of C and r are obtained to 100 and 0.05, respectively.

KNN classifier

KNN approach is a simple but effectively used in pattern

recognition problems. The proximity based KNN classifies

the objects based on closest training examples in the fea-

ture space. Here, we consider Euclidean distance as a

metric to measure the proximity. For a protein sequence x

under consideration, according to the nearest neighbor

principle, we find distance d between x and xi as:

dðx; xiÞ ¼ 1� x:xi

xk k xik k
ði ¼ 1; 2; 3; . . .;NÞ ð11Þ

where, x:xi is the dot product of vectors, x and xi; and xk k
and xik k are, respectively, their modulus. Then the

minimum of the distances is computed as:

dðx; xkÞ ¼ Minfdðx; x1Þ; dðx; x2Þ; . . .; dðx; xNÞg ð12Þ

The query protein sequence x is assigned the category

corresponding to the training protein xk. During the

implementation, we have tried different k values 1, 3, 5 and

7. However, we found the best results for k = 1.

Results and discussions

Several experiments were conducted to explore the effec-

tiveness of various classification algorithms in different

feature spaces. We analyzed experimental results of the

proposed IDM-PhyChm-Ens method using: (1) cancer/non-

cancer data, and (2) breast/non-breast cancer data. We

adopted tenfold cross-validation protocol to evaluate the

performance of proposed scheme. Performance of the

proposed method is assessed in individual and combined

feature spaces using different measures such as accuracy

(Acc), sensitivity (Sn), specificity (Sp), G-mean, F-score,

and Mathews correlation coefficient (MCC).

Performance analysis of individual and ensemble-RF

classifier

In this section, we discuss our findings regarding individual

and ensemble-RF classifiers using different feature spaces.

Figure 6 indicates the performance accuracy of RF classi-

fier with increasing number of trees (ntree) using different

feature spaces. We computed the accuracy of RF classifier

by varying ntree from 1 to 200 with equal interval of 20

trees. This figure shows that initially the performance of RF

classifier is considerably improved with the increase of

number of trees. Beyond a certain limit (20–80), there is no

appreciable change in overall accuracy. We observed that

SAAC feature space has provided the best overall accuracy

of 96.76 % for 90 trees, followed by PseAAC-S feature

space with 95.84 % of accuracy for 40 trees. However,

AAC and PseAAC-P feature spaces have given the overall

accuracies of 95.78 and 95.61 % for 60 and 160 trees,

respectively.

Figure 7 depicts overall accuracies against number of

trees in various feature spaces for breast/non-breast cancer

dataset. It is observed that PseAAC-S feature space has

provided the best overall accuracy of 95.34 % for 40 trees.

However, PseAAC-P feature space has yielded an accuracy

of 95.13 % for 30 trees. We have used optimal numbers of

trees to compute the results of individual and ensemble

classifiers.

Table 1 highlights the performance of RF-based indi-

vidual and ensemble classifiers using different feature

spaces of AAC, SAAC, PseAAC-S, and PseAAC-P. It is

observed that, for cancer/non-cancer dataset, individual-RF

has given the highest values of G-mean of 96.47 % and

F-score of 96.64 % for SAAC feature space. However, for

other feature spaces, individual-RF has provided values of

G-mean and F-score near to 95.37 and 95.63 %, respec-

tively. However, ensemble-RF has yielded the highest

value of 99.48 % for Acc, G-mean, and F-score using the

combined feature space of SAAC?PseAAC-S. It is infer-

red that when the predications of RF classifier using

PseAAC-S feature space are combined with SAAC feature

space, the performance of ensemble-RF is enhanced up to

3.01 % in terms of G-mean. Therefore, for cancer/non-

cancer dataset, we observed that SAAC feature space

provides sufficient information for classification.
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Using breast/non-breast cancer dataset, for PseAAC-S

feature space, Table 1 indicates that individual-RF provided

the highest values of Acc (95.24 %), Sn (93.90 %), Sp

(96.57 %), G-mean (95.23 %), and F-score (95.17 %).

However, the same feature space has the highest MCC value

of 63.84 %. Using combined feature space (AAC?SAAC),

ensemble-RF classifier has given the highest values of Acc

(97.91 %), Sp (96.79 %), G-mean (97.91 %), and F-score

(97.94 %) for breast cancer dataset. It is observed that when

predictions of RF classifier using PseAAC-S feature space

are combined with the predictions using PseAAC-P fea-

ture space, the performance of ensemble-RF classifier is

enhanced by 7.43 % for MCC measure. We inferred that

PseAAC-S feature space provides better information with
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the use of both individual-SVM and ensemble-SVM clas-

sifiers. Therefore, it can be concluded that, for breast/non-

breast cancer classification, PseAAC-S space using Hd and

Hb properties of amino acids carries the most discriminant

information from input data.

Performance analysis of individual and ensemble-SVM

classifier

In the training phase of SVM, several experiments were

performed by adding diffuse samples in minority class

datasets. In our case, dataset of breast cancer (BC) proteins

represents the minority class. BC dataset was increased by a

step size of 122. The majority class, i.e., non-breast cancer

(NBC) proteins was fixed to 934. Figure 8 shows number of

SVs produced during training of SVM with varying dataset

size of minority class. From this figure, it can be observed

that number of SVs is decreasing with increasing the

number of proteins (diffuse points) for minority class. We

found that number of SVs greater than 10 % of the original

dataset would result in overfitting. To avoid overfitting, we

have selected the size of dataset for minority class that

produced approximately 10 % number of SVs.

To evaluate the performance of SVM classifier, several

experiments were performed by varying the number of

samples of minority class. Diffuse samples are added in the

minority class datasets because it helps in avoiding overfit-

ting of SVM. Figure 9 illustrates the performance of SVM

classifier for breast cancer dataset. From Fig. 9, it is observed

that Acc and Sp are not dependent on the size of the dataset.

However, the performance of SVM, in terms of Sp, G-mean,

F-score, and MCC is enhanced up to a certain limit.

Table 2 reports the performance of SVM based on

individual and ensemble classifiers using different feature

spaces. For cancer/non-cancer dataset, individual-SVM has

provided the highest Acc (96.71 %), G-mean (96.70 %),

and F-score (96.73 %) using PseAAC-S feature space.

However, PseAAC-P feature space has provided maximum

values of Sn (97.69 %) and MCC (68.58 %). In this table,

using the combined feature space of PseAAC-S?PseAAC-

P, ensemble-SVM has given the highest Acc (97.63 %), Sn

(95.38 %), Sp (99.88 %), G-mean (97.60 %), F-score

(97.58 %), and MCC (68.47 %). However, when PseAAC-S

feature space is combined at decision level with PseAAC-P,

the performance of ensemble-SVM is enhanced up to

0.90 % (G-mean).

For breast/non-breast cancer, Table 2 highlights that

individual-SVM classifier has given the highest values of

Acc (95.18 %), Sn (93.04 %), G-mean (95.16 %), F-score

(95.08 %), and MCC (62.80 %) for PseAAC-S feature

space. Using combined feature spaces of PseAAC-S and

Table 1 Performance of RF-based individual and ensemble classifiers using different feature spaces

Method Feature space Cancer/non-cancer Breast/non-breast cancer

Acc Sn Sp Gmean F-score MCC Acc Sn Sp Gmean F-score MCC

Individual-RF AAC 95.78 99.19 91.56 95.30 95.55 72.01 94.65 91.01 98.07 94.47 94.34 60.51

SAAC 96.76 99.88 93.18 96.47 96.64 72.00 94.49 89.29 98.72 93.89 93.71 58.66

PseAAC-S 95.85 99.65 91.56 95.52 95.78 72.02 95.13 93.90 96.57 95.23 95.17 63.84

PseAAC-P 95.61 99.54 91.21 95.28 95.56 72.00 94.49 91.11 97.86 94.43 94.29 60.63

Ensemble-RF AAC?SAAC 99.08 98.84 99.31 99.07 99.07 70.22 97.91 99.04 96.79 97.91 97.94 70.05

AAC?PseAAC-S 98.90 98.61 99.19 98.90 98.90 70.12 97.16 99.36 94.97 97.14 97.22 70.77

AAC?PseAAC-P 98.90 98.50 99.31 98.90 98.90 70.04 97.81 99.68 95.93 97.79 97.85 71.02

SAAC?PseAAC-S 99.48 99.54 99.42 99.48 99.48 70.57 97.43 99.57 95.29 97.41 97.48 71.00

SAAC?PseAAC-P 99.25 99.42 99.08 99.25 99.25 70.56 97.75 98.93 96.57 97.74 97.78 69.95

PseAAC-S?PseAAC-P 99.25 99.19 99.31 99.25 99.25 70.40 97.11 99.68 94.54 97.08 97.18 71.27

Bold values indicate the maximum value of the methods
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PseAAC-P, Ensemble-SVM has provided the highest val-

ues of Sp (99.79 %), and MCC (71.76 %). However,

ensemble-SVM has given the values of Acc (96.95 %), Sp

(94.22 %), G-mean (96.91 %) and F-score (97.03 %). It is

observed that when predicated value of SVM classifier

using PseAAC-S feature space is combined with predicated

value of PseAAC-P feature space, at decision space, the

performance of ensemble-SVM classifier is enhanced by

8.96 % in term of MCC. We inferred that combined feature

spaces of PseAAC-S and PseAAC-P have provided better

information with the use of both individual-SVM and

ensemble-SVM classifiers. We thus concluded that these

feature spaces possess the most discriminant information

using Hd and Hb properties of amino acids for the classi-

fication of breast/non-breast cancer.

Performance analysis of individual and ensemble-KNN

classifier

Table 3 shows the performance of KNN-based individual and

ensemble classifiers using different feature spaces. For can-

cer/non-cancer dataset, it is observed that individual-KNN

has provided the highest Acc (96.01 %), Sn (95.14), G-mean

(96.01 %), and F-score (95.98 %) using PseAAC-S feature

space. However, individual-KNN, for other feature spaces,

has given Acc, Sn, G-mean and F-score nearly 94.74, 93.83,

94.73 and 94.69 %, respectively. From this table, ensemble-

KNN using combined feature spaces AAC and SAAC has

provided the highest values of 98.84, 99.07, 99.07 and

70.22 % for Sn, G-mean, F-score, and MCC, respectively.

Using breast/non-breast cancer dataset, Table 3 indicates

that individual-KNN classifier has yielded the highest Acc

(94.59 %), Sp (94.86 %), G-mean (94.59) %, and F-score

(94.58 %) for PseAAC-P feature space. However, for

PseAAC-S feature space, Sn and MCC measures have the

highest values of 94.43 and 64.64 %, respectively. Ensem-

ble-KNN, for AAC?SAAC features space, has provided the

highest values of Acc (94.54 %), Sp (89.72 %), G-mean

(94.42 %), and F-score (94.79 %). However, for PseAAC-

S?PseAAC-P feature spaces, ensemble-KNN has given the

highest values for Sn 99.89 % and MCC 73.19 %. It is noted

that decision of ensemble-KNN is enhanced by 8.55 %

(MCC), when the predicted values of KNN classifier in

PseAAC-S feature space is combined with the predicted

values in PseAAC-P feature space. The combined feature

spaces of PseAAC hold the most useful information for

breast/non-breast cancer dataset.

Overall performance comparison

Table 4 shows a comparative analysis, in term of accuracy,

of individual classifiers RF, SVM, KNN, and Naı̈ve Bayes

Table 2 Performance of SVM-based individual and ensemble classifiers using different feature spaces

Method Feature space Cancer/non-cancer Breast/non-breast cancer

Acc Sn Sp Gmean F-score MCC Acc Sn Sp Gmean F-score MCC

Individual-SVM AAC 95.72 96.88 94.57 95.72 95.77 67.65 94.59 92.72 96.47 94.57 94.49 62.50

SAAC 95.72 96.76 94.68 95.72 95.77 67.49 95.07 91.97 91.97 95.02 94.92 61.55

PseAAC-S 96.71 97.57 95.84 96.70 96.73 68.35 95.18 93.04 97.32 95.16 95.08 62.80

PseAAC-P 96.47 97.69 95.26 96.47 96.52 68.58 94.97 91.97 97.97 94.92 94.81 61.57

Ensemble-SVM AAC?SAAC 96.71 93.76 99.65 96.66 96.61 67.80 96.57 99.68 93.47 96.52 96.68 71.46

AAC?PseAAC-S 97.11 94.57 99.65 97.08 97.03 68.14 95.77 99.68 91.86 95.69 95.93 71.75

AAC?PseAAC-P 97.23 94.68 99.77 97.19 97.15 68.18 96.15 99.25 93.04 96.10 96.26 70.96

SAAC?PseAAC-S 97.11 94.45 99.77 97.07 97.03 68.08 96.31 99.57 93.04 96.25 96.42 71.39

SAAC?PseAAC-P 97.23 94.57 99.88 97.19 97.15 68.12 96.95 99.68 94.22 96.91 97.03 71.33

PseAAC-S?PseAAC-P 97.63 95.38 99.88 97.60 97.58 68.47 96.20 99.79 92.61 96.13 96.33 71.76

Bold values indicate the maximum value of the methods
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(NB) for cancer datasets. Form Table 4, we found that

individual-RF performed better decision than the other

individual classifiers for cancerous and non-cancerous

related protein sequences. The highest accuracy given by

individual-RF, individual-SVM, individual-KNN and

individual-NB are 96.76, 96.71, 96.01, and 93.06 %,

respectively. Individual-RF has yielded 3.7 % higher

accuracy than that of NB. However, in case of breast/non-

breast cancer dataset, individual-SVM has provided 0.05,

0.59, and 1.02 % higher accuracy than individual-RF,

individual-KNN and individual-NB.

Figures 10 and 11 highlighted the overall performance

comparison of individual and ensemble classifiers using

the most informative feature spaces in terms of G-mean

and F-score. For cancer/non-cancer dataset, Fig. 10 shows

that individual-SVM in PseAAC-S feature space and

ensemble-RF in SAAC?PseAAC-S feature spaces have

performed better. For breast/non-breast cancer, Fig. 11

highlights that individual and ensemble of RF classifiers

have performed better in PseAAC-S and AAC?SAAC

feature spaces, respectively. Figure 12 demonstrates the

overall performance comparison of ensemble classifiers

for the highest performing feature spaces in terms of

MCC measure. For cancer/non-cancer dataset, from

Fig. 12, it is observed that ensemble-RF performs better

than other ensemble classifiers using SAAC?PseAAC-S

feature spaces. However, for breast/non-breast cancer

dataset, ensemble-KNN is better than other ensemble

classifiers using combined feature spaces of AAC?-

SAAC. Therefore, the classification method developed

using RF algorithm has shown good performance for the

classification of breast/non-breast cancer. From Figs. 11

and 12, we observed that using the combined feature

space of AAC?SAAC, ensemble-RF (in terms of G-mean

and F-score) and ensemble-KNN (in terms of MCC) have

provided better performance for breast/non-breast cancer

dataset. Further, we observed that ensemble-RF has per-

formed well in SAAC?PseAAC-S and AAC?SAAC

feature spaces to classify cancer/non-cancer and breast/

non-breast cancer datasets, respectively.

Performance comparison with previous studies

In Table 5, we carried out a performance comparison of the

proposed IDM-PhyChm-Ens approach with previous

approaches for breast cancer. Multiple sonographic and

textural features based classifiers have provided accuracy

Table 3 Performance of KNN-based individual and ensemble classifiers using different feature spaces

Method Feature space Cancer/non-cancer Breast/non-breast cancer

Acc Sn Sp Gmean F-score MCC Acc Sn Sp Gmean F-score MCC

Individual-

KNN

AAC 94.74 93.29 96.18 94.73 94.66 63.18 93.36 93.58 93.15 93.36 93.38 63.74

SAAC 93.99 94.34 93.64 93.99 94.01 64.62 92.56 92.61 92.51 92.56 92.56 62.63

PseAAC-S 96.01 95.14 96.88 96.01 95.98 65.28 94.54 94.43 94.65 94.54 94.53 64.64

PseAAC-P 95.49 93.87 97.11 95.48 95.42 63.77 94.59 94.33 94.86 94.59 94.58 64.50

Ensemble-

KNN

AAC?SAAC 93.87 98.84 99.31 99.07 99.07 70.22 92.88 99.89 85.87 92.61 93.35 73.19

AAC?PseAAC-S 94.22 88.67 99.77 94.06 93.88 65.94 94.00 99.79 88.22 93.83 94.33 72.58

AAC?PseAAC-P 93.76 87.51 100.0 93.55 93.34 65.59 94.06 99.68 88.44 93.89 94.37 72.38

SAAC?PseAAC-S 94.68 89.71 99.65 94.55 94.40 66.28 93.68 99.68 87.69 93.49 94.04 72.52

SAAC?PseAAC-P 94.10 88.44 99.77 93.93 93.75 65.87 93.79 99.68 87.90 93.61 94.14 72.48

PseAAC-S?PseAAC-P 94.57 89.36 99.77 94.42 94.27 66.16 94.54 99.36 89.72 94.42 94.79 71.69

Bold values indicate the maximum value of the methods

Table 4 Overall performance comparison of individual classifiers

Method Feature space Accuracy (%)

Cancer/

non-cancer

Breast/non-breast

cancer

Individual-RF AAC 95.78 94.65

SAAC 96.76 94.49

PseAAC-S 95.85 95.13

PseAAC-P 95.61 94.49

Individual-SVM AAC 95.72 94.59

SAAC 95.72 95.07

PseAAC-S 96.71 95.18

PseAAC-P 96.47 94.97

Individual-KNN AAC 94.74 93.36

SAAC 93.99 92.56

PseAAC-S 96.01 94.54

PseAAC-P 95.49 94.59

Individual-NB AAC 90.75 93.84

SAAC 88.96 93.47

PseAAC-S 91.04 88.06

PseAAC-P 93.12 94.16

Bold values indicate the maximum value of the methods
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in the range 83.80–86.92 % (Liao et al. 2010). On the

other hand, mammographic features using SVM classifier

enhanced accuracy up to 93.73 % (Krishnan et al. 2010).

Socio-demographic and other cancer-specific information-

based features have classification accuracy in range

93.60–94.70 % (Eshlaghy et al. 2013).

Topological indices-based QPDR models have maxi-

mum accuracy of 90.5 % (Munteanu et al. 2009). Clinical

features computed from a digitized image of FNA of a

breast mass were also used for breast cancer classification

along with various machine-learning approaches (Ster and

Dobnikar 1996; Goodman et al. 2002). Optimized-LVQ,

Big-LVQ, AIRS, and LDA models provided accuracy near

to 96.80 % (Ster and Dobnikar 1996). The classification

performance using clinical features enhanced the accuracy

in the range of 97.07–97.51 % for Fuzzy-GA, AR?NN,

SVM?EAs, and SBS-BPPSO approaches.

On the other hand, our ensemble-RF using Hd and Hb

properties of amino acid-based combined feature space

SAAC?PseAAC-S has given the best classification accu-

racy of 99.48 % for cancer/non-cancer (CNC). Ensemble-

RF using combined feature space AAC?SAAC has given

the best classification accuracy of 97.91 % for breast/non-

breast cancer (BNBC). Similarly, ensemble-SVM using

feature spaces PseAAC-S?PseAAC-P and SAAC?P-

seAAC-P based on Hd and Hb properties of amino acids

has yielded an improved accuracy of 97.63 and 96.95 %

than previous SVM based approaches (Eshlaghy et al.

2013; Liao et al. 2010; Krishnan et al. 2010; Li et al. 2011;

Bennett and Blue 1998; Ruxandra and Stoean 2013).

Ensemble-NB using Hd and Hb properties of amino acids

in the SAAC?PseAAC-S feature space has yielded the best

classification accuracy of 98.32 % for CNC dataset. Sim-

ilarly, ensemble-NB in AAC?SAAC feature space has

yielded the best classification accuracy of 98.88 % for BC

dataset.

Therefore, ensemble-RF and ensemble-NB yielded

comparable performance for cancer datasets. This analysis

shows that NB and RF approaches-based classification

methodologies are quite effective for cancerous protein

sequences prediction problem.

The performance of the proposed IDM-PhyChm-Ens

method is impressive due to two reasons. The first reason is

the use of descriptors derived from physicochemical

properties of amino acids in protein primary sequences.

These descriptors have a potential to accommodate the

variation of amino acids composition in cancer and breast

cancer proteins sequences with reference to non-cancer

proteins. The second reason is the use of ensemble classi-

fier, which combines the predictions of a specific learning

algorithm at decision level using different feature spaces

through the majority-voting.
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Fig. 10 Comparison of individual and ensemble classifiers based on

RF, SVM, and KNN algorithms using the highest performing feature

spaces in terms of G-mean and F-score for cancer/non-cancer dataset
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RF, SVM, and KNN algorithms using the highest performing feature
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dataset
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Conclusions

We proposed a new and effective prediction method to

distinguish between breast and non-breast cancer proteins.

The proposed methodology exploits the physicochemical

properties of Hd and Hb of amino acids and it extracts

useful information from protein primary sequences in dif-

ferent feature spaces. In this study, we observed that pro-

line, serine, tyrosine, cysteine, arginine, and asparagine

amino acids offer high discrimination for cancer and

healthy proteins using physicochemical properties.

We have developed new and ensemble classifiers using

a specific learning algorithm such as RF, SVM, and KNN

trained on different feature spaces. Our analysis demon-

strates that RF-, SVM-, and KNN-based ensemble are more

effective than their individual counterparts in different

feature spaces. We observed that ensemble-RF have per-

formed better than ensemble-SVM and ensemble-KNN.

The proposed classification method has achieved an accu-

racy of 99.48 and 97.63 % for ensemble-RF and ensemble-

SVM, respectively. Ensemble-RF has provided the highest

F-score values of 99.48 and 97.94 % for cancer datasets.

We observed that combined feature spaces of SAAC?P-

seAAC-S and AAC?SAAC show the best discrimination

using ensemble-RF and ensemble-NB.

The comparative analysis highlights the improved perfor-

mance of our proposed IDM-PhyChm-Ens method over

existing approaches. This study indicates that the proposed

methodology can be readily used for the development of

clinical decision support system for breast cancer diagnosis.

Table 5 Comparison of classification accuracies achieved from our proposed ensemble-based classification method with other classifiers from

literature

Method Feature extraction strategy Accuracy (BNBC) (%) References

KNN Sonographic and textural features 83.80 (Liao et al. 2010)

ANN 86.60 (Liao et al. 2010)

SVM 86.92 (Liao et al. 2010)

ANN Incidence and population based features 91.20 (Dursun et al. 2005)

Decision tree 93.60 (Dursun et al. 2005)

Decision tree Socio-demographic and cancer-specific

information-based features

93.62 (Eshlaghy et al. 2013)

ANN 94.70 (Eshlaghy et al. 2013)

SVM 95.70 (Eshlaghy et al. 2013)

SVM Mammographic features 93.73 (Krishnan et al. 2010)

Decision tree Clinical features

(10 features for each cell nucleus

computed form a digitized image of a

fine needle aspirate (FNA) of a breast

mass)

94.74 (Quinlan 1996)

Optimized-LVQ 96.70 (Goodman et al. 2002)

Big-LVQ 96.80 (Goodman et al. 2002)

AIRS 97.20 (Goodman et al. 2002)

LDA 96.80 (Ster and Dobnikar 1996)

SVM 97.20 (Bennett and Blue 1998)

Fuzzy-GA 97.36 (Pena-Reyes and Sipper 1999)

AR?NN 97.40 (Karabatak and Ince 2009)

SVM?EAs 97.07 (Ruxandra and Stoean 2013)

SBS-BPPSO Entropy-Based selected clinical features 97.51 (Huang et al. 2010)

Fuzzy-SVM Clinical features extracted with Principal

Component Analysis

96.35 (Li et al. 2011)

Ensemble (NF KNN QC) Information gain-based selected clinical

features

97.14 (Sheau-Ling et al. 2012)

CNC BNBC CNC BNBC

QPDR pTIea (embedded) TIe?dTIea (embedded) 90.0 91.80 (Munteanu et al. 2009)

Ensemble-RF SAAC?PseAAC-S AAC?SAAC 99.48 97.91 Present study

Ensemble-SVM PseAAC-S?PseAAC-P SAAC?PseAAC-P 97.63 96.95 Present study

Ensemble-KNN SAAC?PseAAC-S PseAAC-S?PseAAC-P 94.68 94.54 Present study

Ensemble-NB SAAC?PseAAC-S AAC?SAAC 98.32 98.88 Present study

a dTIe Difference between the same topological indices (TIs) and the average of the TIs for each type of cancer with embedded star graph, pTIe

cancer probability TIs with embedded star graph, for more detail see (Munteanu et al. 2009)
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