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ABSTRACT:

Breast cancer is one of the most common malignant tumors and the main cause of cancer death among
women worldwide. The diagnosis of this type of cancer is a challenging problem in cancer diagnosis
researches. Several research before have proved that ensemble based machine learning classifiers are
able to detect breast cancer spot more accurate. However, the success of an ensemble classifier highly
depends on the choice of method to combine the outputs of the classifiers into a single one. This paper
proposes a novel ensemble method that uses modified differential evolution (DE) algorithm generated
weights to create ensemble of classifiers for improving the accuracy of breast cancer diagnosis. This
paper proposes an ensemble-based classifier to improve the accuracy of breast cancer diagnosis. As
the performance of DE algorithm is strongly influenced by selection of its control parameters, local
unimodal sampling (LUS) technique is used to find these parameters. The two most popular classifiers
support vector machine (SVM) and K-nearest neighbor (KNN) classifiers are used in the ensemble.
The classification is then carried out using the majority vote of the ensemble. The accuracy of the
presented model is compared to other approaches from literature using standard dataset. The
experimental results based on breast cancer dataset show that the proposed model outperforms other
classifiers in breast cancer abnormalities classification with 99.46% accuracy.

KEYWORDS: Breast cancer diagnosis, local unimodal sampling, differential evolution algorithm,

majority vote, Accuracy.

1. INTRODUCTION

Breast cancer is one of the highly prevalent concerns in
female and the second overall cause of death among
women exceeded only by lung cancer [1]. Early
detection and diagnosis of breast cancer can improve the
cure rate and guarantee the patients’ life quality.
However, this should have an accurate and reliable
diagnosis in order to differentiate benign and malignant
tumor.

There are various studies on medical aided diagnosis of
breast cancer. Ref. [2] proposed a classification
technique based on decision tree algorithm for breast
cancer diagnosis and reached 94.74% classification
accuracy using 10-fold cross validation. In Ref. [3] a
neural network based fuzzy technique was used and the
accuracy is obtained 95.06%. Ref. [4] suggested a RIAC
technique and the classification accuracy is achieved
94.99%. Authors in Ref. [5] proposed a linear discreet
analysis method and got the accuracy of 96.8%. In Ref.
[6] an accuracy of 95.57% was calculated with the
application of supervised fuzzy clustering technique. A
fuzzy based GA method was introduced in [7] and a
classification accuracy of 97.36% was obtained. Ref. [8]
compared four different classifiers and the highest
accuracy of 97.36% was achieved by SVM. In Ref. [9]
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three different techniques including LVQ, big LVQ and
AIRS were used and the obtained accuracies were
96.7%, 96.8%, and 97.2% respectively. Also in [10], two
different methods including Bayesian classifiers and
neural networks were applied and the obtained
accuracies were 92.80% and 97.90% respectively. In
[11] a hybrid method based on fuzzy system and neural
network was suggested and the accuracy was 95.60%.
Ref. [12] evaluated the effectiveness of breast tissue type
integration on calcification detection using an
unsupervised machine learning technique and achieved
an accuracy of 94% [13]. The comparison of three
classifiers LDA, KNN and Logistic Regression were
presented in [14] and best accuracy reached 96.30% by
KNN. Ref. [15] stated that the accuracy can be increased
by combining the intelligent optimization algorithm
with machine learning based classifiers. Authors in the
above paper reported the classification accuracy rate has
been increased to 91% from 78% in their study. Ref. [16]
stated that ensembling of classifiers can increase the
accuracy of classification. The results presented in this
study showed that accuracy rate was improved to 98.6%
from 92.8%. Authors in [17] applied various
classification methods such as Bayesian network, radial
base function, decision tree, and NN algorithm for the
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UCI data set. The WEKA software provides 75% of the
data for training and the rest for testing. The highest
accuracy belongs to the Bayesian with 89.71%. In [18],
the breast cancer data have been classified in several
ways, including Bayesian method, a support vector
machine with radial base kernel, radial base neural
network, and decision tree. The highest accuracy was
achieved for the support vector machine with a radial
kernel with 98.06%. In [19], dimension reduction has
been done on breast cancer data. Subsequently, these
data have been classified by KNN, ANN, RBF, and
SVM. The best accuracy obtained 97.33% by ANN.
Despite a great deal of public scientific research, breast
cancer continues to be the most common and the second
leading reason of death for women. Hence, it is needed
to develop alternative identification methods to
recognize breast cancer. As indicated in literature works,
ensemble of classifiers is shown to possess better
accuracy than any single classifier. However, the
success of ensembles depends on the diversity in the
outputs of each classifier, as well as on the choice of
approach to combine these outputs into a single one [19].
Many heuristic and metaheuristic approaches such as
PSO and GA were proposed for combining classifiers.
Although literature review shows that heuristic and
metaheuristic approaches, especially GA and PSO
algorithm provide quite good results in the field of
combining classifiers, in order to select a suitable
combination method and also increase the variety of
available tools, other alternatives of optimization
techniques shall be taken into consideration as well. This
paper proposes a novel ensemble construction method
that uses DE generated weights to create ensemble of
classifiers with better accuracy for breast cancer
diagnosis. To achieve better performance of ensemble
classifiers, LUS technique is used to find better
parameters for DE algorithm.

In summary, the main contribution of this study is to
introduce an expert as a collection of two classifiers that
together generate a binary vector of responses. These six
k-NN and six SVM are trained on the breast cancer
dataset. After that, three new ensembles are created
using the two intelligent optimization algorithms called
DE and meta-optimized DE and the weighted majority
algorithm (WMA) approach. The ensembles all combine
the opinions of the twelve experts to reach the final
decision. These experts are combined in three ways. In
this first way, we generate weights using DE that is
constructed with manually selected its own control
parameters. These weights are then used with the WMA
to combine the expert opinions. The second way called
meta-optimized DE is similar to the first approach,
except that the control parameters of DE are optimized
using modified LUS (MLUS) method. The third way is
to combine the opinions using WMA. Finally, the three
approaches are compared. The experimental results
based on breast cancer dataset showed that the new

method gives better accuracy than original DE and
WMA.

2. METODOLOGY

In this section, first, a brief explanation is given to
some terminologies of machine learning, and then the
proposed method is presented.

2.1. Support Vector Machine

Support vector machine is supervised Machine Learning
technique that is based on the concepts of decision
planes that define decision boundaries between the data
points of classes in high dimensional space [20]. A
decision plane is one that separates between a set of
objects having different class memberships. SVM
support both regression and classification tasks and
handle multiple continuous and categorical variables
[21]. SVM provides flexibility in selecting a similarity
function. It gives sparseness of solution when dealing
with large data sets and having ability to handle large
feature spaces. In SVM, the training involves the
minimization of the error function [22]:
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Where C is the capacity constant, w is the vector of
coefficients, b is a constant, and &;represents parameters
for handling inputs .The index i labels the N training
cases. y; represents the class labels and x; represents the
independent variables. The kernel ¢ is used to transform
data from the input to the feature space [22].

2.2. The nearest neighbor classifier

The nearest neighbor classifier called KNN is a simple
technique that stores all available instances and
classifies based on a similarity measure. It has been used
in statistical estimation. For each row of the test set,
the K nearest training set vectors are found and the
classification is decided by majority vote, with ties
broken at random. If there are ties for the kth nearest
vector, all candidates are included in the vote [23]. In
order to run the KNN algorithm, a distance metric is
required to measure the distance between the testing and
training data.

The Euclidean distance is the most common distance
metric used in KNN algorithm. This metric is the
straight-line distance between two points in any number
of dimensional spaces. This distance is calculated by
taking the square root of the sum of the squares of
differences between respective coordinates of each point
[24].
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Where (xi, xj) € RY,x; = (i1, Xjp, ., Xiq). Parameter
I in KNN is the number of neighbors in the training data
set. The main drawback of KNN algorithm is expensive
testing of each instance [23].

2.3. Differential Evolution Algorithm
Differential evolution algorithm is an optimization
technique which is very efficient and simple for global
optimization over continuous spaces. It uses three
operators namely selection, crossover and mutation to
process its populations from one generation to another.
Many mutation strategies are available in the literature
[25]. The most common one is “DE/rand/1”. In this
strategy, a mutant vector is generated by multiplying F
by the difference between two random vectors and the
result is added to a third random vector as follows:

Vi=X1 +F X (X — Xr3) 3)

Xrl * Xr2 * Xr3 * Xi
where 1y, 15, 13 are random integers within the range
[1,NP] and F >0 is a user-defined real parameter,
called mutation constant. This controls the amplification
of the difference between two individuals to avoid
search stagnation. Following the crossover phase, the
crossover operator is applied to each pair of the target
vector X; and its corresponding mutant vector V;. Then a
trial vector U; = [ujq, Uy, -, Uiq] 1S generated by [26]:

U

_] vy if (rand(0,1) < CR) or (j = k) 4)

N {xij if (rand(0,1) = CR) and (j # k)
where u;;, v, and x;; are the jth dimensional
components of the vectors U;, V;, and X; respectively.
The index k € {1,2,---,d} is randomly chosen, CR €
[0,1] is a user-defined crossover constant. In other
words, the trial vector consists of some of the
components of the mutant vector, and at least one of the
components of a randomly selected individual of the
population. Then it comes to the replacement phase. To
maintain the population size, we have to compare the
fitness of U; and X;, then choose the better

X = {Ui if f(U) = fX) )

X; otherwise

Successful implementation of DE depends on proper
selection of its control parameters. Factors which impact
performance of DE are crossover rate CR, scale factor F,
maximum number of generation MaxGen, and
population size NP. There is no agreement in the
literature on how to optimally select these factors. To
overcome above drawbacks and also avoid the tuning of
parameters by trial-and-error procedure, the LUS
method described in next section is used in this paper for
finding the optimal values of DE parameters.

2.4. LUS algorithm

LUS method uses a search-range through iteration
methods to find best choice of tuning parameters for
optimization algorithms [27]. This method does not
require derivative calculations. Instead, using a
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sampling method to find the optimal parameter, it uses a
gradual matching of the searching area in a number of
iterations. The main idea is to slow down frequently the
search space for each parameter i to achieve the optimal
solution. The search range is defined as d =
(d1,dy,...,dy), where n is the number of parameters
that need to be optimized [23]. The search space has
been initially specified with an upper and lower limit
determined by the user.

5 < Bup - Elow (6)
The optimal solution s is defined as follows:
s = (Sll SZ! ---’Sn) (7)

In the first step, the value of each parameter is the
random number with uniform distribution:
§~U(Blow'l_;up) ®)
At this stage, the objective function for the primary set s
is evaluated. The goal is to find a set of weights that
maximizes the accuracy for each class.
After evaluating the primary objective function, the new
set of parameters is defined by the following equation.

Snew =S+ )
where a = (a4, ay, ... a,) is a random value vector with
normal distribution in search space d.

(~d,d)~a (10)
The value of the objective function is calculated using
the new set of parameters and the initial values. If the
new set of parameters produces more accurate weights,
this set is accepted as the current optimal solution,
otherwise d decreases as the following.

d=qd (11
where ¢ value is obtained from Eq. (9):
qg=2Fm (12)

In the above equation, f is specified by the user and n is
the number of parameters that need to be optimized.

Pseudocode 1: Original LUS Algorithm

setq = 27F/m
for dimension j € {1,2,- - -, d} do the following
set Sj~U(blow,j' bup,j)
set dj = [bup,j = biow, |
while Iter < MaxGen and fitness > acceptFitness do
set Snew,j = Sj + a;
if fitness(spew,j) < fitness(s;) then
set Snew,j = Sj

else
dj = q.4;

This process repeats until the number of iterations for the
intended algorithm reaches a specified range or the
accuracy for the created weight reaches to 100% [28].
The pseudo-code of the LUS algorithm is shown in
Pseudocode 1 [28].

3. PROPOSED SYSTEM ODEL
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As stated earlier, the objective of this paper is to develop
ensemble based classifiers that improves the accuracy.
The proposed classification framework is illustrated in
Fig. 1. As can be seen, the framework has the following
steps.

3.1. Data preprocessing

After converting all data to a numerical value, the
division is performed as follows. First, the whole data is
divided into training and test sets. Normally 70% of the
available data is allocated for training. The remaining
30% data are equally partitioned and referred to as
validation and test data sets.

In order to select the kernel in the support vector
machine, the RBF kernel is the first logical choice [28].
This kernel takes the data into a space with a higher
dimension to be easily separable. The kernel formula is
as follows:

k(xi’ x]) = ey”xl'_xfuz (13)
where ||xi — X ||2is the square of the Euclidean space of
two points. The parameter y is a parameter that can be
determined by decision boundary. If y is very small, then
the decision boundary is no longer a curvature and is
more like a small arc. In fact, the complexity of the
model gets very low. If the gamma value is very large,
the model may get overfitting.

The radius considered for the kernel function can be a
determinant factor in the classification accuracy.
Therefore, for comparison and increasing of the
accuracy, six functions with different radii were used as
follows: RBF = [3,2,1,0.5,0.2,0.1]. The second method
used for classification is KNN. The KNN algorithm
requires an integer value be set for parameter K. For the
purpose of this research, the odd integers from 1-11 were
selected for use. Only odd integers were used to avoid a
tie amongst the votes. On the contrary, larger integer
values for K were not used to avoid underfitting the data.

3.3. Crossover Operation

In this paper, crossover operation is performed by four
methods:

o Majority vote: The views of each of the 12
classifiers are compared and the highest output is
selected as the final one.

° Weighted majority vote in which the precision
of each classifier is considered as its weight. Finally,
after weighting, the majority vote of the output is
determined.

o Again, it is the weighted majority vote, but the
differential evolution algorithm determines the weight
of each classifier.

It is the same as the previous method, with the difference
that the parameters of the differential evolution
algorithm are optimized using a local unimodal
sampling algorithm method, then a weighting algorithm
is used.

e )
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SVM Classifier /K—NN Classifier

SVM 1, 1bf=3 k-NN 1, k=1

SVM 2, tbf=2 k-NN 2, k=3
SVM 3, tbf=1 k-NN 3, k=5
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Fig. 1. The proposed system framework

3.4. Modified LUS Based DE Algorithm
3.4.1. Ensemble Classification Based on DE Algorithm

In this method, the parameters of the differential
evolution algorithm are manually initialized and then
DE algorithm is used for weighting classifiers. The
structure of each chromosome in this method is shown
in Fig. 2. In this figure, the parameters w; are the weights
assigned to each classifier.

Wi| Wa| W3| Wy| Wg| Wg| W7| Wg| Wo| Wig Wy Wiy

Fig. 2. The structure of chromosome in the differential
evolution algorithm
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The ensemble classification based on original DE
algorithm is defined by Pseudocode 2.

Pseudocode 2: Ensemble Classification Based on DE

I: Defining problem parameters and algorithms

5. Establishing initial population and evaluating its
’ members

3 Repeat the following steps until the termination

terms have not been met:
The following steps are taken for each member of

4 the population:
5 A temporary response is generated using the
mutation operator.
Using the crossover operator, the new response is
6
created and evaluated.
If the new response is better than the current one,
7 then the current response will be replaced by the
new one; otherwise, the current response is kept in
its place.
8 The best solution ever found is returned as output.

3.4.2 LUS Based DE Algorithm

Due to the possibility of trapping the original LUS in
local minima, the following modification is done.
. Initially, the value of e is defined using Eq. 13.

A (14)
1+ b X iter

In the above equation, b and e are randomly initialized
by small values between 0 and 1. Also parameter 7 is
initialized to uniformly distributed random number with
value that is inside search range [0,1]. If r > e, search
is performed using LUS algorithm and exploitation.
However, if r < e, each parameter chooses a value
randomly. This procedure prevents the algorithm to trap
in local optimal. The accuracy of these values is
calculated. In this case, the previous values will be
replaced with the random values. As the value of e
decreases at each iteration, the algorithm occurs at the
beginning of the exploration and goes toward the
exploitation. The flowchart of the modified LUS
algorithm is shown in Fig. 3.

4. SIMULATION RESULTS

As stated in previous sections, performance of DE is
mainly influenced by its control parameters (i.e.
maximum number of generation (MaxGen), population
size (NP), scaling factor (F) and crossover probability
(CR)). To find the suitable control parameters, the user
uses the trial-and-error scheme. Although it is possible
to determine the parameters by trial-and-error, however,
however, this is not efficient and inappropriate
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configurations of these parameters can cause stagnation
or premature convergence. Because the quality of the
control parameters inserted by the user into DE strongly
affects its effectiveness, also to avoid manually tuning
these, we have used the modified LUS method as a meta-
optimizer for finding high-quality parameters.

First the range and possible values of the DE parameters
are chosen as NP €{1,2,...,200}, MaxGen €
{1,2,....,300}, CR €[0,1], F € [0,2]. Then MLUS is
performed trying to find the optimal choice of DE
parameters. After that, the objective values of a given
choice of DE parameters are computed. The LUS has a
number of iterations which is chosen 30 iterations. Using
the above the above settings, the best performing
parameters found for the DE method are as follows:

NP =18, MaxGen = 81, CR = 0.21, F = 0.66.

The performance of each algorithm can be evaluated
using various performance measures like Accuracy,
Sensitivity, Specificity, Precision [19].These measures
are defined by four decisions: True Positive (TP), True
Negative (TN), False Positive (FN) and False Negative
(FN). TP decision occurs when malignant instances
predicted rightly. TN decision benign instances predicted
rightly. FP decision occurs when benign instances
predicted as malignant. FN decision occurs when
malignant instances predicted as benign [19]. Accuracy,
Sensitivity, Specificity and Precision can be calculated
as:

TP + TN
A = — 15
ccuracy ,113,; N (15)
Sensitivity = - (16)
TN
Specificity = ~ 17)
TP
Precision = ————— 18
recision = s (18)

The confusion matrix for the data set is then computed
using these values into above equations to find
Accuracy, Sensitivity, Specificity and Precision.

In this work, the performance of the proposed scheme
has been evaluated using the dataset of Wisconsin Breast
Cancer (Diagnostic) [2]. This cancer dataset contains
699 instances, with 458 benign (65.5%) and 241 (34.5%)
malignant cases. Each instance is described by 9
attributes with integer value in the range 1-10 and a
binary class label. The dataset is randomly divided into
two subsets, one with about 70% of the instances to
training, and another with around the remaining 30% of
instances to testing. The performance the proposed
method is evaluated using four measures: Classification
Accuracy, Sensitivity, Specificity and Precision.
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Fig. 3. The modified LUS algorithm

Fig. 4 shows the performances of the SVM, KNN, DE
and MLUS DE classifiers in terms of classification
accuracy. Note that accuracy for base experts (i.e. SVM
and KNN) is relatively high. The accuracy of base
experts varied in correspondence to selected value of
RBF or k parameters and obtained expert’s accuracies
are in the range from 85.30% to 96.20% and 96.80% to
98.57% for SVM and KNN respectively. Well-selected
training data, good choice of RBF and k parameters and
wide range of variation in selected parameters are some
of the factors that produced high accuracies of base
classifiers.

When considering Majority Vote (MV) and Weighted
Majority Vote (WMV) methods, we observe no
strikingly high rage accuracy. This is due to the

relatively low accuracy of base classifiers. MV and
WMV methods were proven unable to overcome
difficulties presented by variations between testing and
training data and perform poorer than base classifier
with the highest accuracy. Hence, we concluded that
combining base classifiers into an ensemble classifier
with the methodology proposed in [16] has not proved
to be very successful.

According to the results presented in Fig. 4, the best
result we obtained was with MLUS DE. On average we
have accuracy improvement of 0.89% compared to the
accuracy of the best base classifier. The success of
MLUS DE-based ensemble can be attributed to the sets
of generated weights, which were further optimized to
produce results with best possible accuracy. The weights
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generated by WMV and MV are constrained to lie
between 0 and 1. Unlike these, weights generated by
MLUS DE do not have such restrictions and can take on
a positive or negative value. The success of LUS DE
can be attributed to the sets of generated weights, which
were further optimized to produce results with best
possible accuracy. The poor accuracy of MWV may be
corrected by defining different parameters for WMV.
Even then, we could not hope to match the MLUS_DE
results since weights generated by WMV would be
strictly positive values.

100.00 97.63 2857 98.10 9857 93.10

96.68
95.00
90.00
85.00
80.00
75.00

accuracy %

96.20
94.78
91.94
88.62
85.30 85.78 |
S & D D @

A comparison of the accuracy between DE and LUS_DE
based ensemble indicates that MLUS DE achieves an
average improvement of 1.36% compared to DE. In fact
in this study the accuracy is improved from 98.10% to
99.46% by using LUS method. Consequently, LUS is an
effective method to combine base classifiers into an
ensemble for breast cancer diagnosis. It is worth mention
that, although MLUS DE has better performance than
DE algorithm, however, LUS come at the cost of much
longer runtimes.
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Fig. 4. Comparison between the various types of ensemble algorithms

Fig. 5 shows the performances of the DE and MLUS _DE
classifiers in terms of sensitivity, specificity and
precision.

100 96.68 96.66 90.92 88.84
X 80
s
= 60 45.63
8 36.74
£ 40
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< 20 I
0
w w w w w w
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> D >
- - -
> > >
Sensitivity Specificity Precision

Fig. 5. The performance of DE and MLUS_DE classifiers

As can be seen, the MLUS DE classifier performs the
best for all of the evaluation metrics. In particular, the
best performance is obtained by MLUS DE for
classification sensitivity 45.63%, specificity 96.68%,
and precision 90.92%. Moreover, there are no big
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performance differences between these two methods in
terms of specificity (96.68% and 96.66%).

A comparison between the results of the proposed
method and the method presented in literature regarding
the accuracy are also shown in Table 1. As can bee seen
from this Table, the accuracy for all methods are
relatively high. The accuracies are in the range from
89.71% to 99.46%. Well-selected training data, good
choice of classifier parameters and wide range of
variation in selected parameters are some of the factors
that produced high accuracies of classifiers. The
proposed method systematically provides a promising
performance, scoring better or equivalently to the
competitor methods on breast cancer datasets, and
generally ranking among the best methods. SVM
classification is the most widely used classification
method for breast cancer dataset. It is suitable for
structure of attributes, so it gives the best result.
According to the results presented in Table 1, SVM
produced overall accuracies ranging from 97.53% to
99.00% [26-30, 32] compared to 96.05% to 95.57% [31,
33, 35, 36] and 89.71% [34] for the KNN and Neural
network classifiers, respectively. Neural network gives



a valid result but it is not as good as SVM. KNN based
classifier is as good as SVM but this approach needs
modification [31]. The changes with the same methods
depend on kernel specifications and importance order of
attributes. If we have a look at our results, we can notice
that the best accuracy is from our proposed classification
and its overall accuracy, 99.46% is higher than the

A Hybrid Classification Approach Based on Improved Differential Evolution Algorithm for Breast Cancer Diagnosis

average value of other studies. In conclusion, we can
state that weights generated with proposed metaheuristic
optimization algorithm can yield improved accuracy for
breast cancer diagnosis. Although, MLUS DE based
ensemble requires more times to complete classification,
however improvement of accuracy is significant.

Table 1. Comparison of the obtained accuracy in this paper and the previous works

Proposed method  [39] [38] [37] [36]

[35] [34] [33] [32] [31] [30] [29]

99.46 96.84 95.10 89.71 95.57 9853 96.05 9824 9816 97.53 98.60 99.00

5. CONCLUSION

Breast cancer is the most common cancer among women
throughout the world, which is one of the causes of
women's mortality. The most effective way to reduce the
risk of breast cancer mortality is early diagnosis and a
precise and reliable method is required for early
diagnosis. Machine learning is one of the methods used
to detect or predict a variety of cancers, including breast
cancer. This paper proposed a novel ensemble method
that uses DE generated weights to create ensemble of
classifiers for breast cancer diagnosis. Through
experimental results, we have demonstrated that
classification accuracy can be improved by ensemble of
multiple classifiers into one using an ensemble
approach. We combined the classifiers opinions using
the DE, MLUS DE, and the WMA approaches. The
results show that weights generated with MLUS_DE can
yield improved accuracy for breast cancer diagnosis
system. The accuracy gains contributed by LUS come at
the cost of longer runtimes. This suggests that further
improvement could be achieved by implementing
different optimization algorithms. Therefore, a task that
could be considered for future work is to implement and
compare different metaheuristic optimization algorithms
for generating weights.
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