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Abstract We developed genetic programming (GP)-
based evolutionary ensemble system for the early diagno-
sis, prognosis and prediction of human breast cancer. This
system has effectively exploited the diversity in feature and
decision spaces. First, individual learners are trained in
different feature spaces using physicochemical properties
of protein amino acids. Their predictions are then stacked
to develop the best solution during GP evolution process.
Finally, results for HBC-Evo system are obtained with opti-
mal threshold, which is computed using particle swarm
optimization. Our novel approach has demonstrated prom-
ising results compared to state of the art approaches.

Keywords Breast cancer diagnosis - Protein sequences -
Amino acids - Physicochemical properties - Genetic
programming - Evolutionary ensemble system

Introduction

Human breast cancer is the second major cause of world-
wide cancer-related deaths. Both men and women are
afflicted by breast cancer though it is common in women
(Good et al. 2014). Similar to other cancers, it could be
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effectively treated if diagnosed in early stages. Molecu-
lar signatures of breast cancer are predicted using basic
knowledge from biosciences-related fields of proteom-
ics, genomics, etc. Generally, most of the mutations that
affect genes result in protein sequences with truncations,
insertions or deletions. This change in protein sequences
might be useful for drug discovery and cancer prediction.
In our view, descriptors generated using physicochemi-
cal properties of amino acids of protein related to cancer
could be very beneficial for the diagnosis of breast can-
cer. These properties are utilized in the study of protein
interactions, structures, and sequence-order effects (Li
et al. 2009; Jiang et al. 2008; Magsood et al. 2012; Khan
etal. 2011).

In the literature, researchers have proposed ensemble
approaches for the early diagnosis, prognosis and predic-
tion for human breast cancer. Xin et al. (2012) have used
random forest (RF) algorithm for prediction of DNA-
binding residues in protein sequences. Aminzadeh et al.
(2011) have applied RotBoost ensemble using microar-
ray genes and achieved 94.39 % accuracy. Ruxandra and
Stoean (2013) have employed evolutionary algorithms
(EAs) with the combination of support vector machines
(SVM) and reported accuracy up to 97.07 %. Lavanya,
and Rani (2012) have used bagging and boosting ensem-
ble approaches for ensemble-based decision-making
system. They have achieved accuracies up to 97.85 and
95.56 %, respectively. Mostly, ensemble approaches have
limited performance due to small number of biological
samples and class imbalance. These approaches do not
effectively combine diverse classifiers that are individu-
ally trained in different feature spaces. On the contrary,
our proposed GP-based (HBC-Evo) system has exploited
diversity in feature and decision spaces to yield more
accurate results.
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Proposed HBC-EVO system

The proposed HBC-Evo system is evaluated using two
datasets of human protein primary sequences for cancer/
non-cancer (C/NC) and breast/non-breast cancer (B/NBC).
These datasets are retrieved from Munteanu et al. (2009).
They have composed 1,056 protein primary sequences. The
C/NC dataset is comprised of 865 non-cancer and 191 can-
cer-related proteins sequences, whereas the B/NBC dataset
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Fig. 1 Basic architecture of the HBC-Evo system
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is comprised 865 non-cancer and 122 breast cancer-related
protein sequences.

The basic architecture of the proposed HBC-Evo sys-
tem is shown in Fig. 1. The objective of this work is the
early diagnosis/prediction of human breast cancer using
protein amino acid molecules associated with cancer. Pro-
tein sequences are essential to almost all bodily functions.
The chief function of amino acids is to act as the building
blocks of protein. Amino acids could be connected jointly
in varying form of linear chains, i.e., in sequences, to form
enormous types of protein molecules. Proteins of a tissue
would reflect the initial changes caused by the successive
genetic mutations, which lead to cancer. Such changes/
mutations would be exploited for the early diagnosis of
breast cancer. Supplementary Fig. S1 illustrates the change
in the composition of the amino acid molecules of the can-
cerous proteins with respect to non-cancerous proteins. It
is observed that more disturbances occurred in P, S, Y, C,
R, and N amino acid molecules. These molecules would
offer high discrimination power between cancerous and
non-cancerous proteins. To incorporate this discriminant
feature, the molecular descriptors of amino acid sequences
are formed using numerical values of their physiochemical
properties of hydrophobicity and hydrophilicity (see Sup-
plementary Table S1). These descriptors information are
then transformed into well-known feature spaces of amino
acid composition (AAC), split amino acid composition
(SAAC), pseudo-amino acid composition-series (Pse AAC-
S), and pseudo-amino acid composition-parallel (PseAAC-
P) using statistical and/or mathematical methods. Detailed
information of these feature spaces is available in Majid
et al. (2014) and Safdar et al. (2014). For data balanc-
ing, we have employed mega-trend diffusion technique
that oversamples the minority class in feature space. The
predicted information of base learners is extracted using
naive bayes (NB), k-nearest neighbor (KNN), SVM, and
RF algorithms. In the second phase, to exploit decision
space, the predictions of individual classifiers are stacked
to develop HBC-Evo during GP evolution process. In
training process, GP algorithm has automatically extracted
useful discriminant features (attributes). Particle swarm
optimization (PSO) algorithm is applied to find optimal
threshold for the best individual developed at the end of
GP run.

A clinician could easily utilize our HBC-Evo system
for the diagnosis of cancer using protein sequences of
the affected tissue. The protein sequences of amino acids
can be obtained from DNA sequence, mass spectroscopy,
Edman degradation, etc. These protein sequences could
simply be fed to HBC-Evo system. If the protein is related
to cancer, i.e., pattern of amino acids in protein is changed,
it will diagnose cancer patient, otherwise non-cancer
patient. Once the cancer is diagnosed, the clinician may
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proceed further by recommending other standard tests to
know the severity of the cancer.

The input dataset of protein sequences is randomly
divided into two different parts for training (Trn) and test-
ing (Tst). On the average, two-third data are used for train-
ing and one-third data are remaining for model testing.
Base classifiers are trained for Trn data and new meta-data
(Trn_meta) are obtained for the development of HBC-Evo.
These base predictions are then stacked for HBC-Evo. The
Tst data are employed to evaluate the base classifiers and
thus new meta-data (Tst_meta) are obtained for the evalua-
tion of the system.

For m base-level classifiers {C;, Cp, ..., Cy}, con-
sider a set of N training data samples (Trn) of protein
sequences, S; = {(x,1") }2]:1» where x™ indicates
the nth feature vector correspond to target ™. Using
these base-level classifiers, for each ith examples, we
obtained a set of m predictions {X{,X3,..., X} }. There-
fore, at meta-level training, we obtained m-dimensional
feature vector Xm = (X1,X2,...,Xm). Consequently, for
GP training, a Trn_meta data of N samples is formed, i.e.,
Sq = {(X("),t(")) }N . GP algorithm combines the pre-

n=
liminarily predicted information X® of the base-level clas-
sifiers to their target labels 7).

ratio that automatically corrects this ratio to converge
global minima. Finally, GP simulation cease to proceed
when the best individual function, Ip(X) — Fp(X), is
developed.

Generally, the computational complexity of the GP algo-
rithm is related to the complexity of the problem. The compu-
tational time consumed during each GP simulation is highly
dependent on parameters of population size, number of gen-
erations, and input data size. All simulations are carried out
using Intel(R) dual-core processor of 2.93 GHz, 2 GB RAM
with Windows 7 operating system, in MATLAB R2013a envi-
ronment. On the average, the GP runs have provided tempo-
ral cost of 1,235.77 and 570.35 s for the highest performing
feature spaces of PseAAC-S (60 dimensions) and PseAAC-
P (40 dimensions), respectively. Therefore, our approach in
PseAAC-P feature space is nearly two times more efficient
than PseAAC-S space. The detail of parameters setting is
given in the supplementary Table S2. Supplementary Fig. S2
shows improvement in the best GP individuals in each gen-
eration. This figure indicates increase in complexity of the
best individuals with respect to nodes and tree depth. The best
numerical function for PseAAC-P in prefix form is given in
Eq. 2 and its tree structure is shown in supplementary Fig. S3.

PSO algorithm is applied to find the optimal threshold
for the best function Fjy (f(). This algorithm is used to select

Fg SeAAC—P (X) = plus(plus(cos(X3), times(times(minus(minus(minus(cos(cos(minus(minus(minus (X4, X3),

X3),X3))), cos(sin(X1))), X1), X3), abs(sin(cos(minus(minus(cos(X»), X»), cos(minus(abs

@

(X3),X3))))))), X3)), cos(minus(minus(cos(X3), X»), cos(minus(abs(X3), X3))))).

GP is a powerful optimization evolutionary algo-
rithm that searches for possible candidate solutions in
the defined problem space. During GP evolution, predic-
tor function ¢ = Iy ()A() is formed, where X € 9", peR
, and 0 represents suitable set of GP parameters. To find
proper structure of the fitness function, we provided suit-
able set of functions (like plus/sin/log/etc.), variables (like
x/yletc.), and random numbers. In GP, candidate solutions
Iy (ﬁ) are represented in the form of tree structure. GP tree
are created using Ramped Half-and-Half method to pro-
duce initial population of 100 individuals. We used area
under the curve (AUC) of receiver operating characteristic
(ROC) curve (AUC-ROC) for GP fitness. Maximum fit-
ness score shows how successfully g (X) move towards the
optimal solution. The fitness probability of individual can-
didates Iy (X), in the population Py, is computed as follows:

Iy
o, Iy (H
By employing crossover operator, new offspring is

produced by randomly choosing parts of selected individ-
ual parents. We opted for a variable crossover/mutation

Pr(lp) =

the optimal threshold values in each feature space (FS), i.e.,
VeARC=S = (0.4141 for C/NCand 0.6391 for B/NBC.The
best predictions of the HBC-Evo (EEISIS) are computed using

y&% for cancer and non-cancer patients as follows:

s _ C it FPX) = 7S 5
Ens NC otherwise

Results and discussion

The improved performance of the proposed HBC-
Evo system is revealed compared to state of the art
approaches. Table 1 demonstrates that RFp.asc.g and
RFp.aac.p models have achieved an overall accuracy
of 97.93 and 97.10 % for C/NC and B/NBC datasets,
respectively. Thus, an improvement of 7.93 and 7.10 %
is found compared to QPDR model (Munteanu et al.
2009). The performance of RFpaac.g model is high-
est among the individual classifiers. Detailed results of
the individual classifiers are provided in Supplementary
Table S3.
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Table 1. Performance Approaches C/NC B/NBC
comparison of state of the art
approaches and HBC-Evo AUC Acc  Q-avg. statistic AUC Acc  Q-avg. statistic
Fuzzy-GA (Pena-Reyes and Sipper 1999) NA  N/A NA NA 97.36 NA
QPDR (Munteanu et al. 2009) NA  90.00 NA NA 91.80 NA
Fuzzy-SVM (Li et al. 2011) NA NA NA NA 9635 NA
KNN (Majid et al. 2014) NA  96.01 NA NA 9454 NA

SVM (Majid et al. 2014)
Individual*

RFPSCAAC*S

RFPs(:AAC-P
Proposed HBC-Evo

NA not available Ensyac

* In addition to RF, we also Ensgaac
used NB, KNN, and SVM as
base classifiers (Supplementary

Table S3)

Enspgancs

Enspeancp

NA  96.71 NA 90.00 95.18 NA
99.56 97.93 NA - - NA
99.20 97.10 NA

99.91 98.83 0.397 99.82 97.80 0.399
99.93 98.89 0.398 99.70 97.69 0.391
99.95 99.01 0.397 99.89 98.40 0.393

99.87 98.40 0.398 99.86 98.30 0.399

For C/NC dataset, Enspeaac.s has attained 99.95 %
AUC of ROC and achieved an overall accuracy of 99.01 %
(Table 1). Performance of the HBC-Evo system is higher
than the highest performing individual classifier, i.e., RFp._
seAAC.s 99.56 % in terms of AUC and 97.93 % in terms of
Acc. Therefore, combining different individual approaches
through the proposed evolutionary approach has effectively
exploited diversity of learning algorithms in different deci-
sion spaces. For B/NBC dataset, Enspg.sac.g has achieved
99.89 % AUC of ROC and an overall accuracy of 98.40 %.
The average diversity of ensemble models is described in
terms of Q-statistics (Table 1). The lower value (<1) of
Q-statistics highlights the higher diversity that is useful
for the proposed approach. Supplementary Table S4 shows
other performance measures of sensitivity, specificity, F
score, etc.

Conclusion

The developed HBC-Evo system has combined the prelimi-
nary information of individual classifiers for the diagnosis
of breast cancer. This system has effectively exploited the
change that occurred in amino acids compounds related to
cancer proteins using their physicochemical properties of
hydrophobicity and hydrophilicity. Our Enspeac.g model
has demonstrated excellent improvement over other state
of the art approaches for cancer prediction. The proposed
HBC-Evo system could be used for academia, practition-
ers, and technicians for the early diagnosis of breast cancer
using protein amino acid sequences.
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