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Abstract

Breast cancer is the biggest curse for the women society in the world since the survival factor of the infected patients is ensured
only when it is detected at the early localized stage. The majority of the intelligent schemes proposed for detecting the breast
cancer relies on the human skill that helps in trustworthy determination of essential pattern that confirms the existence of the
infected cancer cells for deciding upon the course of treatment. Further, most of the research works contributed in the literature for
detecting breast cancer necessitates huge time and laborinvolved that increases the time of diagnosis. This Intelligent Artificial
Bee Colony and Enhanced Monarchy Butterfly Optimization Technique (IABC-EMBOT) is proposed for effective breast cancer
diagnosis. The core idea behind the formulation of IABC-EMBOT relies on two significant ameliorations that, i) focuses on the
modification of Monarchy Butterfly Optimization that enhances the exploration degree based on the rate of exploitation of the
searching space and ii) concentrates on the elimination in the limitations of the ABC scheme by enhancing the possibility of
search diversification process through phenomenal update facilitated through the dynamic and adaptive butterfly operator that
improves the search globally. The proposed IABC-EMBOT scheme investigated using the Wisconsin data set is proven to
facilitate an improved average classification accuracy of 97.53%.
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Introduction The breast cancer needs to be predominantly diagnosed since

this kind of cancer has the major threat that increases the

Breast cancer is considered as the most dangerous kind of
cancer most developed in the region of the women breast that
has emerged as the most crucial disease in the recent decades.
The mortality rate of the women population against breast
cancer needs to be greatly minimized to a maximum level
through the screening process in regular interval of time [1].
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infection probability of various neighboring vital organs of
the body [2]. Thus, this aggressive nature of breast cancer
need to be detected for reducing the mortality rate of women
population of the globe.Generally, the pathologist is responsi-
ble for optimal detection of breast cancer [3]. This screening
process of breast cancer requires human skill such that the
early detection process is accurate and reliable in nature. In
contrast, a number of recent computer assisted cancer detec-
tion approaches wide opens the probability of rapid detection
with improved accuracy and reliability. Thus intelligent and
automation diagnosis of breast cancer become essential for
enhancing the prevention rate of mortality among the women
population [4].

A number of intelligent and automation assisted breast can-
cer diagnosis approaches are contributed in the literature with
the aim to reduce the degree of human intervention [5].
Intelligent breast cancer diagnosis approaches are replaced
over the manual diagnostic approaches in order to reduce the
time of initial screening in the localization stage [6]. This
minimization of diagnosis time involved in the detection of
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breast cancer at the premature localized stage aids in appro-
priate and reliable diagnosis [7, 31]. The ANN-based breast
cancer diagnostic approaches are determined to be mainly
beneficial in exploring multiple dimensions of dependent pa-
rameters that influence the process of decision-making [8].
These ANN-based breast cancer diagnostic approaches are
also capable of ensuring accurate approximation since it is
considered as the essential constraint in the process of resolv-
ing nonlinear and complex factors that influence the reliable
training process involved in the detection [9]. Furthermore,
ANN-aided breast cancer diagnostic approaches are deter-
mined to be effective and efficient in detection, when five
influencing parameters such as, i) number of hidden layers,
ii) number of hidden layers in each individual layer, iii)
scheme of feature selection, iv) employed training algorithm
and v) assignment of significant weights. The scheme of fea-
ture selection is highly influential during the design of any
successful breast cancer diagnosis [10]. The selection of fea-
ture subset is also considered to be the vital in the design of
any significant breast cancer diagnosis approach [21]. Itis also
inferred that the classification accuracy of a successful breast
cancer diagnostic will be maximized only when the input fea-
ture subset and design factors are determined effectively. In
addition, the employment of meta-heuristic algorithms like
Artificial Bee Colony, Ant colony etc. during the process of
optimizing the input feature subset and design factors are con-
firmed to improve the reliability in the process of breast cancer
detection [22, 23, 32].

The motivation behind the formulation of the proposed
IABC-EMBOT scheme lies in the need for hybridizing the
two meta-heuristic approaches for effective feature selection
process. This motivation concentrates on the optimization of
hidden node size and initial weight employed during the pro-
cess of feature optimization that attribute towards improved
performance of the multilayer perceptron network. Further,
the process of hybridizing two meta-heuristic approaches are
considered to be potential in order to determine the existence
of specific pattern derived from the database. This process of
hybridizing two meta-heuristic approaches eliminates the de-
gree of time consumption, degree of human error and intensi-
fication in labor. This process of hybridizing two meta-
heuristic approaches also focus on the process of parameter
optimization and simultaneous feature selection that attribute
towards maximum detection of breast cancer.

In this paper, An Intelligent Artificial Bee Colony and
Enhanced Monarchy Butterfly Optimization Technique
(IABC-EMBOT) is contributed to facilitate effective breast
cancer diagnosis. This proposed IABC-EMBOT concentrates
on the enhancement of the Monarchy Butterfly Optimization
through the improvement of exploration degree and exploita-
tion level imposed over the searching space. This proposed
IABC-EMBOT focuses on the prevention of drawbacks that
are greatly involved during the process of optimizing feature

@ Springer

subset and design parameters through the incorporation of the
traditional Artificial Bee Colony (ABC) optimization mecha-
nism. This scheme significantly improves the rate of diversi-
fication by utilizing a global and adaptive butterfly operator
with the view to improve the process of global search.

The main contributions of the proposed scheme as listed as
follows:

a) The proposed IABC-EMBOT scheme is developed as an
automatic ABC and MBO-based hidden node size opti-
mization approach of the incorporated MLP in the process
of the breast cancer diagnosis.

b) The proposed IABC-EMBOT scheme embedded the pro-
cess of initial weight optimization for reducing the pro-
cess of minimizing the possibility of being getting trapped
into a local minimum.

¢) The proposed scheme focuses on the evaluation of the
impacts of the feature selection in the size of the hidden
nodes of MLP with respect to complexity and accuracy.

The section “Previous breast cancer related work” deals
with the related works that are existing in the literature.
Section “Proposed-intelligent artificial bee colony and en-
hanced monarchy butterfly optimization technique (IABC-
EMBOT)” explains the Proposed-Intelligent Artificial Bee
Colony and Enhanced Monarchy Butterfly Optimization
Technique (IABC-EMBOT). Section “Results and
discussions” deals about the results and discussions.
Section “Conclusion” concludes the paper.

Previous breast cancer related work

An integrated breast cancer detection scheme using Particle
Swarm Optimization and Finite Differences (PSO-FD-BCD)
was proposed for reconstructing the dimensions of the breast
cancer cell with the view to estimate its position [11]. This
PSO-FD-BCD scheme utilized two and three dimensional
breast models over which the concept of finite differences is
employed for estimating potential features that attribute to-
wards breast cancer detection. The classification accuracy,
precision and recall value of the PSO-FD-BCD schemes were
determined to be the maximum up to a level of 99.06% and
98.42% respectively. Then an integrated Particle Swarm
Optimization and Support Vector Machine (PSO-SVM-
BCD) was proposed using the machine learning method for
classifying and investigating breast cancer data [12]. This
PSO-SVM-BCD scheme utilized the merits of SVM for re-
ducing the degree of error in generalizations to a predominant
level. This PSO-SVM-BCD scheme used PSO as the optimal
technique for automatic estimation of algorithmic factors that
aids in potent detection of breast cancer. This proposed PSO-
SVM-BCD scheme was estimated to resolve the issues of
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recognition for enhancing the rate of classification accuracy. A
Sequenced Genetic Algorithm using SVM (SGA-SVM-BCD)
was proposed for breast cancer diagnosis scheme in order to
enhance the rate of classification accuracy and precision [13].
This approach prevented the risk of premature convergence of
the optimal optimization process into its local optimal point
that reduces the quality of the solutions. This SGA-SVM-
BCD scheme reduced the training time, the percentage de-
crease in classification accuracy and sensitivity to a predom-
inant level of 75.77%, 0.42% and 1.65% compared to the
PSO-FD-BCD and PSO-SVM-BCD approaches. Further, a
Genetic Algorithm-based automated breast cancer detection
scheme (GA-ABCDS) was proposed using the merits of par-
allel parameter optimization and feature selection [14]. The
GA-ABCDS scheme was implemented with three diversified
back-propagation dimensions of resilient, gradient descent
and Levenberg-Marquardt in order to fine tune the priority
weights of ANN for optimal performance. This GA-ABCDS
scheme also enhanced the mean and best classification accu-
racy to a maximum threshold of 98.21% and 99.24% under
the investigation with the Wisconsin breast cancer dataset. A
Feed Forward Neural Network-based Breast Cancer Detection
(FFNN-BCD) scheme was contributed using the Multi-Layer
Perceptron (MLP) for achieving an optimal cancer diagnosis
rate [15]. The MLP process used in this FFNN-BCD scheme
aided in assigning influencing weights related to the GA rou-
tine for improving the precision and recall value. The mean
processing time incurred in this FFNN-BCD scheme was de-
termined to be highly minimized to a maximum level of
3.87s.

Furthermore, Deep Belief Network-based Breast
Cancer Detection (DBN-BCD) scheme was proposed
based on Lievenberg-Marquardt back-propagation [16].
The weight in this DBN-BCD scheme is initialized
through the assignment of a deep belief network path that
concentrates on maximum optimization of the selected
features. The classification accuracy of approximately
99.68% is ensured in this DBN-BCD scheme since it is
capable of examining the diversified factors of cancer de-
tection together. Then, an automated assisted Deep Neural
Networks-based Breast Cancer Detection (DNN-BCD)
scheme was proposed for resolving the issues that focus
on the elimination of recursive and classifier characteris-
tics involved in the process of feature selection [17]. The
hyper spectral method used in the DNN-BCD scheme fa-
cilitated higher learning rate by elucidating maximum
learning deep features from the cancer cells. This DNN-
BCD scheme confirmed a classification accuracy of
98.62% compared to the FFNN-BCD and GA-ABCDS
approaches. An Artificial Bee Colony Optimization-
based Breast Cancer Detection (ABCO-BCD) scheme
was propounded for exploring and exploiting the feature
subset used for diagnosis [18]. This ABCO-BCD

approach explored all the probabilities of combining the
feature subset of cancer data, such that maximum preci-
sion, recall and mean processing time is sustained. This
ABCO-BCD approach improved the classification accura-
cy to a superior level of 6.72% compared to the DBN-
BCD and DNN-BCD schemes of the literature. A
Invariant Hu Moment and Feed Forward Neural
Network (IHM-FFNN) scheme was proposed for effective
detection of breast cancer [19]. This IHM-FFNN scheme
was confirmed to improve the sample accuracy during the
enforcement of k-fold-based cross validating testing pro-
cess. The classification accuracy of this IHM-FFNN
scheme was estimated to be nearly 97.32% since the
merits of the embedded Hu Moment aided in classifying
normal cells form the cancer infected cells. Finally, a
Particle Swarm Optimization with Recurrence Model
(PSO-RM) was contributed for improving the rapid rate
of classifying cancer infected cells [20]. This PSO-RM
scheme utilized three classifiers such as a fast decision
tree, naive Bayes and k-nearest neighbor classifier for
discriminating normal cells with cancer infected cells.
This PSO-RM scheme ensured a classification accuracy
rate of 98.13% over the compared IHM-FFNN detection
approach. An integrated static classifier and random
space-based computer aided breast cancer detection
scheme was proposed for effective classification of malig-
nant tumor with benign tumor [27]. This integrated static
classifier and random space-based computer aided breast
cancer detection scheme utilized the method of diversity
for inheriting the process of constructing feature collec-
tion and its feature selection from the extracted classifier
pool of features derived from the data set. This static
classifier used the benefits of classifier ensemble for de-
termining accurate diversity between the existing features
in the dataset. Then, a Semi-Supervised Learning-based
breast cancer detection scheme was proposed with diver-
sified kernel functions and semi supervised support vector
machine [28]. This Semi-Supervised Learning-based
breast cancer detection scheme was incorporated for clas-
sifying the labeled data through the process of training.
This Semi-Supervised Learning-based breast cancer de-
tection scheme was contributed for validating the dataset
that comprised of digital database used for screening
mammography images. Then, a back propagation neural
network-based training method for automated breast can-
cer detection was contributed for exploring the benign and
malignant tumors prevalent in the WBCD dataset was
proposed [29]. This back propagation neural network-
based training method inherited nine significant features
for classifying the benign and malignant tumors with an
excellent accuracy rate of 99.27%. This back propagation
neural network-based training method proved a sensitivity
of 98.21%, specificity of 99.11% and a negative predictor
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rate of 98.43% under an increasing number of features
considered for detection. A S3VM-based breast cancer
detection scheme was also proposed for validating the
dataset that comprised of digital database used for screen-
ing mammography images [30]. This S3VM-based breast
cancer detection schemewas inherited from the process of
classifying the labeled data in the training process. This
S3VM-based breast cancer detection proved a sensitivity
of 98.12%, specificity of 99.02% and a negative predictor
rate of 98.21% under an increasing number of features
considered for detection.

The need for the formulation of the proposed
IABC-EMBOT

The primitive ABC algorithm possesses the potential in ex-
ploring the search space in an effective manner with increased
significance in determining the local optima by enforcing em-
ployee and onlooker bee phases. Thus, ABC algorithm is
highly suitable for the selection of predominant solutions that
enhance the rate of local search. However, the global
searching process incorporated by the scout bee phase of
ABC is responsible for reduced convergence speed during
its implementation. Similarly, MBO algorithm is potentially
significant to ABC in exploring the search space effectively.
But, they are not capable enough in the exploitation of search
space resulted due to the contextual utilization of Levy lights
that update operators leading to random moves or steps. In this
context, it is clear that ABC possesses the limitation of re-
duced convergence speed and MBO embeds the issue of poor
exploitation in the search phase. However, the core objective
of meta-heuristic optimization schemes need to good balance
between the degree of exploration and exploitation is the
search space of solutions. Hence, a hybrid ABC and MBO-
based meta-heuristic scheme was proposed with two modifi-
cations. The first modification of the ABC is the inheriting
process of modifying the butterfly operator of MBO into its
employee phase. Likewise, the butterfly adjusting operator of
the MBO scheme is modified for enhancing the degree of
exploitation with the exploration degree with the view to in-
crease the diversity of reaching and preventing the limitations
of the ABC during its enforcement in the global searching
process.

Further, the hybridization of ABC and MBO aided in the
superior enforcement of eliminating the trade-off between the
exploitation and exploration, which is essential in improving
the rate of solving high and low dimensional problems.
Hence, this hybrid ABC and MBO method of feature optimi-
zations plays a vital role in accurate detection of breast cancer
cells. In addition, the exploitation process of hybrid ABC and
MBO method is capable of seeking superior solutions by uti-
lizing the benefits of existing knowledge with exploration
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phase for complete search of an optimal solution for the prob-
lem space.

Proposed-intelligent artificial bee colony
and enhanced monarchy butterfly
optimization technique (IABC-EMBOT)

The proposed Intelligent Artificial Bee Colony and Enhanced
Monarchy Butterfly Optimization Technique (IABC-
EMBOT) adopts the wrapper method of implementation for
facilitating simplicity and effectiveness during the process of
optimizing the number of the hidden nodes in the MLP net-
work. This wrapper approach of implementation is mainly
utilized in IABC-EMBOT for eliminating the overheads that
incur during the process of initial statistical processing per-
formed over the data set considered for optimization.
Moreover, the diagnosis time enabled by IABC-EMBOT is
also predominantly reduced since it eliminates the time in-
volved in the process of preventing inconsistent data. This is
contrasted with the recent existing methods of the literature.
Hence, this proposed IABC-EMBOT is considered to the best
approach for superior optimization of the parameters
pertaining to the MLP network as it derives the merits of
ABC and EMBO. In this proposed IABC-EMBOT, the draw-
backs of the traditional process of ABC optimization in the
global search process are improved by enabling multi-
perspective search diversification strategy through the incor-
poration of the dynamic adjustment of the flexible butterfly
operator. This proposed hybrid approach also improves the
rate of exploration through the adaptation of exploitation rate
by utilizing locally. The comprehensive architecture of pro-
posed IABC-EMBOT approach is portrayed in Fig. 1.

The subsequent section of the proposed IABC-EMBOT
approach highlights the five steps involved in its implementa-
tion such as i) Representation of solutions and fitness function
estimation, ii) Improved Monarchy Butterfly Optimization-
based employee bee phase, iii) Onlooker bee phase,iv) scout
bee phase and v) MLP network optimization process.

Representation of solutions and fitness function
estimation

In the proposed IABC-EMBOT approach, each and every
solution in the process of optimization pertains with the input
features that estimate the input node count of the
MultiLayerPerceptron (MLP) network. In this context, the
initial solution relates to the possible collection of feature sub-
set that has the potential in influencing the performance of the
MLP network is generated with input node features and hid-
den node count. The initial solutions (collection of feature
subset) may or may not necessarily facilitate the process of
optimization that results in impacting the performance of the
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Fig. 1 Architecture of the proposed IABC-EMBOT Scheme

MLP network in the training and testing process of the utilized
data set. Hence, the initial solutions need to be checked for
verifying its predominant potential in optimizing the hidden
node count of the MLP network by enforcing capable con-
straints that need to be satisfied under optimization. Thus, the
function of fitness (F(fitopr)) that verifies the potential of the
initial solutions towards optimization based on imposed con-

the cost incurred during the process of optimizing MLP net-
work under the influence of the hidden node count (P — ;) and
utilized initial weight(P;_ ).

Further, the adaptability coefficient ‘v’ determined through
the impact of average number of hidden nodes (P ;) that
satisfies or dissatisfies the derived initial solutions and iden-
tifies them into feasible optimal solution is computed and

straints are determined using Eq. (1).

F(ﬁtopr) = ’yCOSl‘(I’l) + [)’P]-p] + 0P;_w

Where v, 3 and § relates to the adaptability coefficients
utilized in the process of the ABC algorithm with Cost(n)as

updated using Eq. (2)

_ YiINITIAL

Yup =

(1)

(1+3)

Similarly, the other adaptability coefficient ‘4’ estimated
based on the influence of the assigned mean optimal initial
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priority (P;— ) that concludes a particular solution into pos-
sible optimal solution is identified and updated using Eq. (3)

OINITIAL
dup (+5) 3)

Hence, the estimated function of fitness is improved phe-
nomenally in order to optimize the search solution in a higher
order search domain in order to achieve a reduced number of
hidden node count and enhance the classification accuracy in
a precise way.

In this proposed IABC-EMBOT approach, the method
of Correlation-oriented Feature Selection is used as the
preprocessing method that aids in deriving possible ini-
tial solutions of the search domain. The Correlation-

oriented Feature Selection is capable of ranking the sub-
set of features in addition to the fitness function through
the estimation of the evaluation function derived using
Eq. (4) in a heuristic manner.

dCMC(Features)
\/d + d(d—l )CMC(FeatureS)

The data set used in the proposed IABC-EMBOT approach
for detecting breast cancer is very large and hence the incor-
poration of the Correlation-oriented Feature Selection method
can be beneficial in deriving the advantages of the individual
features for forecasting the possibility of cancer cell detection.
This correlation mechanism uses the method of maximal sim-
ilarity among the classes and minimal similarity between the

OoP Trank —

(4)
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Fig. 4 Proposed IABC-EMBOT
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features considered for breast cancer detection. This correla-
tion mechanism also manipulates two matrices that represent
feature to feature and feature to class correlation over the data
used for training process. This method of correlation used for
preprocessing initially starts from the feature empty set and
then the feature subsets with the highest rank is selected as the
initial solutions.

Improved monarchy butterfly optimization-based
employee bee phase

The employee bees are responsible for exploiting the possible
initial solutions at x; with the view to estimate the best solution
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index at each of the new positions p,. The updated best solu-
tion index on each of the new position is computed by the
employee bee based on Eq. (5)

Py = X+ grij(xy—x) (5)

Where p;=[pi1, Pizs -eeeree , Pim] and x; =[x, X2, ..., Xip] 18
the updated best solution index and the predecessor best solu-
tion index with the right random number ‘4” meeting the con-
straints k # ;. In this context, the right random number is con-
sidered to range from 1 to N, (the number of artificial bees
that represent the solution to this optimization problem).
Further, gr;; is the randomly distributed number that ranges
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between —1 and 1. Furthermore, the selection in the random
best solution index of the Winconsin dataset is facilitated
based on Eq. (6)

xj = L, + rand(0,1)*(U,~L,) (6)

Where L, and U; refer to the upper and lower limit of var-
iable x;. In this proposed approach, the value of L, and U, are
assigned to 0 and (Maximum _bestsolution _index)— 1) re-
spectively. While rand(0, 1) pertains to the random numbers
selected between the range 0 and 1. In addition, if the updated
best solution index is estimated then the process of optimiza-
tion must be initiated using the fitness function that is repre-
sented using Eq. (1). The fitness value in this proposed IABC-
EMBOT approach is estimated based on the degree of classi-
fication accuracy as determined by the utilized MLP classifier.
If the current estimated fitness value is greater than the pre-
ceding fitness value, then the old fitness value is discarded.
But, this exploitation of the feasible solution needs to be

improved since they are prone to delays convergence and
has the possibility of trapping into a local optimum point
and hence Improved Monarchy Butterfly Optimization-
based employee bee adjusting operator is incorporated for
preventing the optimizing process to fall into a local optimal
point of convergence.

This improved Monarchy Butterfly Optimization-based
employee bee phase of IABC-EMBOT consists of four pro-
cesses that include initialization, fitness evaluations, division,
migration and adjustment. The initialization and fitness eval-
uations of the improved Monarchy Butterfly Optimization-
based employee bee phase of IABC-EMBOT follows the
same process involved in the employee bee phase of the prim-
itive ABC optimization algorithm. In the third process of
EMBOT division, the initial solutions that constitute the entire
search process is partitioned into two sub populations of the
search domain based on the assignment of two vital factors L;
and L, respectively. This potential factor L, and L, in turn
depends on the pre-assigned factor ‘p’. In the fourth step, a

Table1 Proposed IABC-EMBOT Scheme evaluated using classification accuracy and number of connections under a different number of generations

Number of threshold generation Proposed IABC-EMBOT Scheme THM-FFNN Scheme ABCO-BCD Scheme
Classification Numbers of Classification Numbers of Classification Numbers of
Accuracy Connections Accuracy Connections Accuracy Connection

Best Mean Best Mean

Best Mean Best Mean Best Mean Best Mean

10 9753 9721 731 7.82
20 9732 9727 134 7.92
30 9782 9732 742 7.88

9421 9445 921 9.08 9321 93.11 11.3 11.1
9434 9432 932 9.21 9342 9322 11.9 11.6
9476 9454 941 9.23 93.63  93.52 12.3 12.1
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Table 2

Proposed IABC-EMBOT Scheme-Confusion Matrix under 10 generations

Different schemes used for comparison

Categories of test cases

Actual number of cases Predicted test results

Benign Malignant
Proposed IABC-EMBOT scheme Benign 1200 L115(TN) 358(FP)
Malignant 800 35(FN) 765(TP)
IHM-FFNN Scheme Benign 1200 1145(TN) 55(FP)
Malignant 800 40(FN) 760(TP)
ABCO-BCD Scheme Benign 1200 1130(TN) 70 (FP)
Malignant 800 30(FN) 770(TP)

migration operator is used for constructing the initial portion
of the new population based on the number of butterflies gen-
erated randomly in the sub population determined through L,
and L, factors respectively. Then the size of the possibly gen-
erated sub population is initialized by the size of the L vector.
Further, each solution in the newly generated first portion of
sub population,which represents the best solution index ‘i” of
each individual solution ‘%’ is determined using Eq. (7) and

(8).

+1 ot
Xij =Xy Where rn<p (7)
+1 ot

Xip =X, Where rn>p (8)

Where x!, 1 and xL,, ;. are two random solutions determined
based on factors L and L, on any estimated rounds ‘¢’. In this
context, 7 is the random number, analogous to the gr;; param-
eter used in Eq. (4) is estimated based on migration period
(mig _period=1.2 as defined in [24])using Eq. (9)

rn = rand(0, 1)*mig_period 9)

Where the value of mig period is derived through Eq.
(10) based on estimated xf j defined in Eq. (7) and Eq. (8)

(10)

Furthermore, the second portion of the sub population is
constructed using the factor L,based on the incorporation of

mig_period = x; ;*rand(0,1) + 0.5

Table 3

an EMBOT adjustment operator. This utilized EMBOT adjust-
ment operator is responsible for generating the second portion
of the sub population based on random solutions and best
solutions derived from the factor L,. The individual solution
in the newly generated second sub population xﬁf, which
represents the best solution index ‘7’ of each individual solu-
tion ‘&’ is determined using Eq. (11) and (12)

xﬁf :xﬁmt’k where rand(0,1)<p (11)
X' =xls, where rand(0,1) > p (12)

In addition, the elements in the second portion of the sub
population are further enhanced based on Eq. (13)

(13)

In this context, if the butterfly adjustment operator rate is
greater than randomly generated number, then the adjustment
operator rate is set to a value named F'z4p that thereafter acts as
the partition constant in this process. In Eq. (12), S«(«) acts as
the step factor that influences the local process of exploitation
enabled by Levy Flight approach derived using Eq. (14)

Xt = xﬁ}l + Sr(a)(df,—0.5)

df, = Levy (X§-) (14)

Finally, the first and second portion of sub population is
integrated into a new population using an adjustment and

Proposed IABC-EMBOT Scheme-Confusion Matrix under 20 generations

Different schemes used for comparison Categories of test cases

Actual number of cases Predicted test results

Benign Malignant
Proposed IABC-EMBOT scheme Benign 1200 1125(TN) 75 (FP)
Malignant 800 S50(FN) 750(TP)
IHM-FFNN Scheme Benign 1200 1120(TN) 80 (FP)
Malignant 800 60 (FN) 740(TP)
ABCO-BCD Scheme Benign 1200 1145 (TN) 55 (FP)
Malignant 800 25(FN) 775(TP)
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Table 4 Proposed IABC-EMBOT Scheme-Confusion Matrix under 30 generations

Different schemes used for comparison

Categories of test cases

Actual number of cases Predicted test results

Benign Malignant
Proposed IABC-EMBOT scheme Benign 1200 1140(TN) 60 (FP)
Malignant 800 60(FN) 740(TP)
IHM-FFNN Scheme Benign 1200 1120(TN) 80 (FP)
Malignant 800 65(FN) 735(TP)
ABCO-BCD Scheme Benign 1200 1135(TN) 65 (FP)
Malignant 800 55(FN) 745(TP)

migration operator based on Eq. (15) and (16).

curr __ rev
Xij = X;;

+0.5%rand (0, 1)( (o, 08" ) + (545, ))

rn2 best,j
(15)
X =
+ 0.5%rand(0, 1)*( (i =) + (=it ))
(16)

This process of optimization is iterated until a satisfactory
solution is identified or until a fixed number of iterations is
completed.

Onlooker bee phase of IABC-EMBOT

In this phase, the information related to the best solutions of
the search space is shared by the employee bee to the onlooker
bee when they complete the objective of exploiting solution.
Then the posed IABC-EMBOT scheme the optimal solutions
based on the probability of fitness which is analogous to the
roulette wheel selection phase of GA. The aforementioned
probability of fitness is manipulated by the onlooker bee based
on Eq. (17)

F(fitopr(i))

Scout bee phase of IABC-EMBOT

In this phase, employee bee or the onlooker bee is responsible
for searching the best optimal solutions for predefined number
and restricted number of iterations. The bee acting as an em-
ployee bee or the onlooker bee gets transformed into a scout
bee during the process of exploration when the fitness proba-
bility used for estimating primitive solutions does not exhibit
any predominant enhancement. In other words, the initial pos-
sible solution that does not guarantee any possibility of im-
provement over a limited number of iterations is explored by
the scout bee. The scout bee chooses an index of solutions
from the Winconsin dataset (search space) in a random man-
ner. Further, the proposed IABC-EMBOT algorithm is real-
ized to suffer from some crucial limitations that impact the
speed and computation efficiency. Especially, the implemen-
tation of proposed IABC-EMBOT algorithm is also crucial
when the aforementioned algorithm is enforced over the
higher dimensional Winconsin dataset for estimates optimal
solutions from the initial possible number of solutions that are
feasibly derived during the initial phase. This determined
drawback formed the induction behind the essentiality for
enhancing the performance of the proposed IABC-EMBOT
algorithm towards its hybridization with Minimum Repetition
Maximum Correlation (MRMC) scheme. This hybridization
of the proposed IABC-EMBOT algorithm with MRMC
scheme is proved to be successful in determining the solutions
that possess reduced repetition and maximum correlation of
cancer specific feature sets. This hybridization aids in

Fityop = B /P (17)
> F(ﬁfOPT(i))
J=1
Table 5 Evaluation of the proposed IABC-EMBOT scheme with feature selection

Different schemes used for comparison

Number of Hidden Nodes Utilized  Utilized count of selected features

Utilized number of connections

Proposed IABC-EMBOT 1.32
IHM-FFNN Scheme 1.47
ABCO-BCD Scheme 1.53

43 7.2
54 9.1
6.2 10.3
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Table 6 Evaluation of the proposed IABC-EMBOT scheme without feature selection

Different schemes used for comparison

Number of Hidden Nodes Utilized  Ultilized count of selected features

Utilized number of connections

Proposed IABC-EMBOT 1.41
IHM-FFNN Scheme 1.52
ABCO-BCD Scheme 1.59

4.7 7.8
5.8 9.6
6.5 11.2

establishing a better balance between feature dependency and
computational impact. This hybridization also helps in reduc-
ing the number of hidden nodes of the MLP network that
focuses on optimization with improved classification
accuracy.

MLP network optimization process using
the proposed IABC-EMBOT method

The MLP network used for optimization in order to facilitate
accurate detection of breast cancer consists of three layers
such as the input layer, hidden layer and the output layer.
The input layer consists of nodes that represent the input fea-
tures that are derived from the utilized data set. The hidden
layer corresponds to the number of nodes (feature subset) that
determines better accuracy rate as the output during detection.
Thus the number of feature subset needs to be optimized for
detection which means that the number of hidden nodes must
be significantly reduced to determine optimal results with
higher classification accuracy. In the MLP network, IABC-
EMBOT is utilized as the training algorithm. This proposed
ITABC-EMBOT approach is useful in exploring the biases and
connection weights that reduce the prediction error in the net-
work. Further, the implementation of the proposed IABC-
EMBOT approach in the MLP network necessitates encoding
process that depends on three essential steps such as, a) each
possible solution may be used as the connection weight

Table 7  Classification accuracy and sensitivity of the proposed IABC-
EMBOT scheme

First Author and Year Classification Accuracy Sensitivity
Zainud-Deen, 2008 [11] 93.24 91.21
Arafi, 2014 [12] 92.86 91.32
Xu, 2017 [13] 94.57 93.65
Ahmad, 2014 [14] 95.21 93.42
Belciug, 2012 [15] 95.79 92.35
Abdel-Zaher, 2016 [16] 96.32 95.42
Karthick, 2016 [17] 95.32 94.78
Nazarian, 2013 [18] 92.34 91.21
Zhang, 2018 [19] 95.97 94.18
Sakri, 2018 [20] 95.31 94.65
Proposed IABC-EMBOT scheme 97.53 96.75

between input layer and the hidden layer, the output layer
and the biases, and the connection weight between the hidden
layer and the output layer. Furthermore, the possible solution
is encoded as vectors that lies in the range of real numbers
[=1,1]. Therefore the number of dimensions that represent the
possible solution in the optimization process is estimated
using Eq. (18)

Dyip = (Nyv@y*Nywn)) + (2*Nyqr)) + 1 (18)

Where Npy) and Ny relates to the number of input
variables that are considered from the dataset and the number
of neurons that constitute the hidden layer. Hence, the MLP
network trained using the proposed IABC-EMBOT approach
focuses on determining the best collection of connection
weights that introduces the possibility of minimizing the de-
gree of approximation or prediction error under a reduced
number of hidden nodes. Thus, the cancer cells of the breast
cancer are detected in a better precise manner through the
benefits of ABC and IMBO algorithms that facilitate a higher
degree of feature optimization process.

Results and discussions

This proposed IABC-EMBOT is implemented using Matlab
7.5 with the aid of the neural network tool box with necessary
back propagation techniques utilized during the process of
analysis. In this proposed IABC-EMBOT scheme, the activa-
tion function is based on hyperbolic tangent. Further, the
method of winner-take-all strategy is utilized during the pro-
cess of implementing the proposed IABC-EMBOT scheme,
such that the effective and efficient output classification of
cancer cells from the normal cells is determined from the used
Winconsin Breast Cancer Data Set (WBCD). This WBCD
data set is the UCI machine learning-based freely existing
dataset containing maximum number of breast cancer charac-
teristics that aids in extensive investigation in the process of
diagnosing breast cancer cells. This Wisconsin data set that
comprises of malignant and benign classes of breast cancer
cells. The data set samples of the data set was periodically
collected by Dr. Wolberg from the Wisconsin hospital and it
is publicly available for the researchers [25]. This dataset
highlights the chronological clustering of the data and its

@ Springer



206 Page 12 of 14

J Med Syst (2019) 43: 206

Table 8  Specificity and average processing time of the proposed IABC-EMBOT scheme

First Author and Year Specificity Average processing time (msec)
Zainud-Deen, 2008 [11] 94.22 134.63
Arafi, 2014 [12] 93.38 156.12
Xu, 2017 [13] 94.52 132.86
Ahmad, 2014 [14] 93.28 142.11
Belciug, 2012 [15] 95.82 132.92
Abdel-Zaher, 2016 [16] 94.65 152.93
Karthick, 2016 [17] 92.83 148.91
Nazarian, 2013 [18] 93.63 141.53
Zhang, 2018 [19] 94.82 161.95
Sakri, 2018 [20] 95.24 121.34
Proposed IABC-EMBOT scheme 97.04 113.42

clustering information. The features of the WBCD dataset are
determined from the breast mass through the fine needle aspi-
rate of the digitized image. This fine needle aspirate deter-
mined in the WBCD dataset emphasize the features of the cell
nuclei existing in the derived image of the breast mass [26].
This WBCD data set is significant in the accurate detection
process of breast lumps in order to classify the malignant and
benign types of cancer cell pattern features. This WBCD data
set comprises of nine important features that determines the
presence of the data related to the diagnosis of the breast
cancer. The significant nine features existing in the UCI ma-
chine learning repository-based WBCD data set are mitoses,
bare nucleus, clump thickness, bland chromatin, the size of
each epithelial cell, cell shape uniformity, marginal adhesion,
normal nucleus and deformed nucleus. The evaluation mea-
sure corresponding with each of the considered nine features
from the WBCD dataset is determined to be an integer that is
considered to vary between 1 and 10. This integer value
assigned to each of the evaluation measuresis considered to
vary from 1 to 10 depending on its closeness to the benign and
anaplastic categories of breast cancer cells determined during
diagnosis. The comprehensive records of the incorporated
WBCD dataset of the proposed IABC-EMBOT scheme con-
sists of 34% and 66% of benign and anaplastic categories of
breast cancer cell categories. The experimental evaluation of
the proposed IABC-EMBOT scheme is conducted for quanti-
fying its predominance over the benchmarked schemes based
on classification accuracy, decrease in validation error, utilized
number of connections, estimation of the hidden node count
used without feature selection and by feature selection in the
influence of monotonically increasing iterations used in fea-
tures optimization during the process of the cancer diagnosis.

First, Fig. 2 highlights the significance of the significance
of the proposed IABC-EMBOT scheme quantified based on
accuracy in classification with an increase in the number of
generations. The accuracy in classification of the proposed
IABC-EMBOT, IHM-FFNN, PSO-RM,ABCO-BCD and

@ Springer

DNN-BCD schemes are determined to be the maximum of
97.53%, 94.32%, 93.65% and 91.25% respectively. The im-
provement in the mean classification accuracy is estimated to
be 6.28% compared to the existing baseline breast cancer de-
tection schemes considered for analysis. This increase in the
classification accuracy rate of the proposed IABC-EMBOT
scheme is mainly due to the integration of ABC and monarchy
butterfly optimization approach that maintains the balance be-
tween the degree of exploitation and exploration. Then, Fig. 3
exemplars the decrease in validation error of the proposed
IABC-EMBOT scheme quantified based on an increase in
the number of generations utilized under implementation.
The decrease in the range of validation error facilitated by
the EMBOT, IHM-FFNN, PSO-RM,ABCO-BCD and
DNN-BCD schemes are estimated to be 3.5-1.8, 3.1-1.6,
2.8-1.4, 2.6-1.1 and 2.3-0.5 respectively. Thus, the mean de-
crease in the validation error facilitated by the proposed
IABC-EMBOT scheme is nearly 5.24% compared to the
benchmarked breast cancer diagnosis approaches used for in-
vestigation. Furthermore, Fig. 4 depicts the performance of
the proposed IABC-EMBOT and IHM-FFNN, PSO-
RM,ABCO-BCD and DNN-BCD schemes evaluated using
a number of connections utilized in the MLP for breast cancer
diagnosis. The mean number of connections used by the pro-
posed IABC-EMBOT and IHM-FFNN, PSO-RM,ABCO-
BCD and DNN-BCD schemes are 7.8-9.9, 9.1-11.2, 10.6-
13,2, 11.8-14.4 and 12.5-15.7 respectively. Mean decrease in
the number of connections utilized by the proposed IABC-
EMBOT scheme is 5.6% compared to the benchmarked breast
cancer diagnosis approaches used for investigation. This av-
erage decrease in the number of connections of the proposed
IABC-EMBOT scheme is mainly due to the utilized butterfly
adjustment operator in the exploitation.

In addition, Figs. 5 and 6 quantifies the potential of
the proposed IABC-EMBOT scheme quantified using
utilized number of hidden nodes with and without fea-
ture selection respectively. The average number of
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hidden node counts without feature selection of the pro-
posed IABC-EMBOT and IHM-FFNN, PSO-RM,ABCO-
BCD and DNN-BCD schemes are 1.4-1.8, 1.6-2.2, 1.7-
2.4, 1.9-2.5 and 2.1-3,8 respectively. The mean hidden
node count without feature selection facilitated by the
proposed IABC-EMBOT scheme is nearly 7.83% com-
pared to the benchmarked breast cancer diagnosis ap-
proaches used for investigation. Similarly, the average
number of hidden nodes counts with feature selection
of the proposed ITABC-EMBOT, IHM-FFNN, PSO-RM,
ABCO-BCD and DNN-BCD schemes are 1.32-1.74,
1.43-1.98, 1.61-2.33, 1.73-2.14 and 1.84-3.72 respec-
tively. The mean number of the hidden node count with
feature selection facilitated by the proposed IABC-
EMBOT scheme is nearly 7.21% compared to the
benchmarked breast cancer diagnosis approaches used
for investigation. Furthermore, Table 1 unveils the sig-
nificance of the proposed IABC-EMBOT scheme inves-
tigated using classification accuracy and utilized num-
bers of connections. The classification accuracy and uti-
lized numbers of connections in the proposed IABC-
EMBOT scheme under 10,20,30 generations is estimated
to have improved by the mean rate of 5.62% and
5.93%, 5.02% and 5.12%, 4.12% and 4.02% respective-
ly compared to the existing IHM-FFNN and ABCO-
BCD Schemes used for benchmarking.

Further, Tables 2, 3 and 4 glorifies the confusion matrix of
the proposed IABC-EMBOT scheme compared to the existing
IHM-FFNN and ABCO-BCD Schemes determined under ten,
twenty and thirty generations of implementation using True
Positive (TP),True Negative (TN),False Positive (FP),False
Negative (FN) values.

The results from Tables 5 and 6 exemplars the mean
number of connections utilized in the proposed IABC-
EMBOT scheme is determined to be reduced by 8.54%
compared to the baseline IHM-FFNN,ABCO-BCD ap-
proaches considered for investigation. Likewise, the num-
ber of hidden node count incorporated by the proposed
IABC-EMBOT scheme is determined to be reduced by
7.21% compared to the benchmarked considered for in-
vestigation. In addition, the selected number of features
used in the proposed TABC-EMBOT scheme is maxi-
mized by 6.32% compared to the baseline breast cancer
schemes considered for investigation.

Tables 7 and 8 highlights the significance of the pro-
posed IABC-EMBOT scheme quantified in terms of clas-
sification accuracy, sensitivity, specificity and average
processing times. The classification
accuracy,sensitivity,specificity,average processing time of
the proposed TABC-EMBOT scheme is confirmed to be
increased by 5.21%,6.12%,5.92%,6.72%, respectively on
par with the comparatively recent breast cancer detection
schemes presented in the related work section.

Conclusion

The proposed IABC-EMBOT approach was presented as an
attempt for achieving a better accuracy rate during the process
of breast cancer detection by extracting the benefits of ABC
and IMBO for sustaining the balance between the exploitation
and exploration rate. The local searching ability in the em-
ployee bee phase of the proposed scheme as the training algo-
rithm is leveraged by introducing an improved IMBO that
divides the entire search space into two such that migration
and adjustment may lead to optimized performance of the
MLP network. The performance of the proposed IABC-
EMBOT approach is confirmed to be more potential where
the classification accuracy reached up to 97.53%, sensitivity
up to of 96.75%, specificity up to 97.04% and average pro-
cessing time is 113.42. As the future plan of work, It is
planned to devise an integrated ABC- BFA (Bacterial
Foraging Algorithm) that introduces swarming operator in
the employee and the onlooker bee phase of ABC for enhanc-
ing the degree of predominant exploitation and exploration
that results in improved classification accuracy with increased
speed and precision during the process of intelligent breast
cancer detection.
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