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ABSTRACT:   Breast Cancer is becoming a leading cause 
of death among women in the whole world; meanwhile, it is 
confirmed that the early detection and accurate diagnosis of 
this disease can ensure a long survival of the patients. This 
paper proposes a hybrid classification algorithm using 
Differential Evolution (DE) and Least Squares Support 
Vector Machine (LS-SVM). LS-SVM technique is used for 
classification. Since LS-SVM classifier is so sensitive to the 
changes of its parameter values, DE algorithm is used as an 
optimization technique for LS-SVM parameters.  This  will  
guarantee  the effectiveness  of  the  hybrid  algorithm  by  
searching  for  the  optimal values of the classifier. The 
proposed algorithm is implemented and evaluated on 
Wisconsin Breast Cancer Dataset (WBCD) from UCI 
Repository of Machine Learning Databases.  The proposed 
algorithm was compared with different classifier algorithms 
which were applied on the same database.  The experimental 
results showed the superiority of the proposed algorithm that 
could achieve a classification accuracy of 99.75%. 
Keywords: Breast Cancer (BC), Differential Evolution 
(DE), Particle Swarm Optimization (PSO), Least Squares 
Support Vector Machine (LS-SVM). 
 
1. INTRODUCTION: 
Breast Cancer (BC) is a type of cancer originating from 
breast tissue. BC tumors are classified as non-invasive or 
invasive. The most common type of BC is ductal 
carcinoma, which begins in the lining of the milk ducts. 
Another type of BC is lobular carcinoma, which begins in 
the lobules of the breast. Invasive breast cancer is breast 
cancer that spreads from where it began in the breast 
ducts or lobules to surrounding normal tissue. BC occurs 
in both men and women, although male BC is rare. 
Tumors are classified as being either benign or 
malignant, depending on whether or not they can spread 
by invasion and metastasis. Benign tumors are tumors 
that can’t spread by invasion or metastasis; hence, they 
only grow locally. Malignant tumors are tumors that are 
capable of spreading by invasion and metastasis. By 
definition, the term "Cancer" applies only to malignant 
tumors. 
According to The International Agency for Research on 
Cancer (IARC) [21], global cancer burden rises to 14.1 
million new cases and 8.2 million cancer deaths in 2012. 
The most commonly diagnosed cancers worldwide were 
those of the lung (1.8 million, 13.0% of the total) then 
breast (1.7 million, 11.9%). According to the American 
Cancer Society's estimates for BC in the United States for 
2014, the chance that breast cancer will be responsible for 
a woman's death in about 3%. About 12% women in the 

US will develop invasive BC during their lifetime. The 
chance of a woman having invasive BC during her life is 
about 1 in 8. The chance of dying from BC is about 1 in 
36. BC death rates have been going down. This is 
probably the result of finding the cancer earlier and better 
treatment [24]. 
The aim of this paper is to help physicians in the early 
diagnosis for BC Patients. As it is sometimes found after 
symptoms appear, but many women with early BC have 
no symptoms. This is why getting the recommended 
screening tests before any symptoms develop is so 
important. Screening refers to tests and exams used to 
find a disease, like cancer, in people who do not have any 
symptoms. The goal of screening exams, such as 
mammograms, is to find cancers before they start to cause 
symptoms. BC that are found because they can be felt 
tend to be larger and are more likely to have already 
spread beyond the breast. In contrast, Breast Cancers 
found during screening exams are more likely to be small 
and still conned to the breast. The size of a BC and how 
far it has spread are important factors in predicting the 
prognosis for a woman with this disease. Most doctors 
feel that early detection tests for breast cancer save many 
thousands of lives each year, and that many more lives 
could be saved if even more women and their health care 
providers took advantage of these tests [1]. The rest of the 
paper is organized as follows; section 2 mentions the 
problem background and related work. The proposed 
algorithm is introduced in section 3. Experimental results 
and discussion are presented in section 4. The last section 
is devoted to conclusions and further research. 
 
2. BACKGROUND AND RELATED WORK 
Breast Cancer is a worldwide problem because of the 
severity of the disease. Diagnosis and treatment of the 
disease become a challenging research problem for many 
researchers. In [1] an Artificial Neural Network (ANN) 
approach based on the pareto-differential evolution (PDE) 
algorithm augmented with local search for the prediction 
of BC was presented. ANN algorithm was also used to 
increase the accuracy and objectivity of BC diagnosis in 
[16].A comparison between three algorithms 
(Evolutionary, Hierarchical and k-medoids) was proposed 
in [2]. BC diagnosis based on a SVM method combined 
with feature selection had been proposed in [3]. A study 
in [7] compared 3 data mining methods (Decision Tree 
(DT) C5:0, SVM and Logistic Regression) which 
attempted to identify the determining factors of BC. The 
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results showed that DT outperformed both SVM and 
logistic regression. A hybrid technique using (PSO-SVM) 
was proposed for BC diagnosis [8]. In [11] a bias-
corrected  simultaneous confidence bands 
for LS-SVM classifiers based on a regression framework 
was presented. In [10] SVM was trained using linear, 
polynomial and radial basis function (RBF) kernels and 
applying PSO to each kernels for different datasets to get 
better accuracy for BC, Lung cancer and Heart diseases. 
In [18] a model that did a simultaneous optimization for 
SVM kernel parameters and feature subset without 
degrading the SVM classification accuracy was 
introduced. In [12] a study compared PSO based ANN, 
Adaptive Neuro Fuzzy Inference System (ANFIS) and a 
case-based reasoning (CBR) classifier with a logistic 
regression model and DT model.  
In [14] a classification model was proposed to predict 
ALN status by means of selecting BC patients’ basic 
clinical and histological features that can be obtained in 
each hospital. Their model composed of back propagation 
Multi-Layer Perceptron (MLP), Logistic Regression (LR) 
and Genetic Algorithm (GA) based MLP models. A 
decisions support system for early BC detection that 
employed a Correlation Feature Selection procedure and 
an Artificial Immune Recognition System (AIRS) was 
presented in [15]. In [6] MLP was applied for BC 
patients’ classification. In [31] BC diagnosis was 
conducted using LS-SVM classifier algorithm. A Hybrid 
technique using SVM based classifier along with Novel 
PSO and Binary PSO was presented in [18]. A hybrid 
PSO and Tabu Search (HPSOTS) approach for gene 
selection for tumor classification was developed in [9]. 
An algorithm for rule based reasoning which was 
developed for mammographic findings to provide support 
for the clinical decision to perform biopsy of the breast 
[29]. In [25] a study that was built to investigate the use 
of fuzzy methodologies to create an easy to interpret set of 
classification rules, capable of placing the large majority 
of patients into one of the specified groups. PSO, 
Quantum-behave Particle Swarm for training SVM as 
well as LSSVM and active set strategy were introduced 
[27]. In [30] the asymptotic behaviors of SVM are fused 
with genetic algorithm (GA) and the feature 
chromosomes were generated. In [31] diagnose BC based 
on the extracted tumor features. Feature extraction and 
selection are critical to the quality of classifiers founded 
through a hybrid of K means and SVM algorithms. 
2.1 Differential Evolution 
Differential Evolution (DE) is a stochastic, population 
based, real-valued algorithm. It was introduced by Storn 
and Price in 1996. DE is an efficient, effective and 
powerful population-based stochastic search technique for 
solving optimization problems over continuous space, 
which has been widely applied in diverse fields especially 
in scientific and engineering ones [26]. DE has a lot of 
advantages such that its conceptual simplicity and ease of 
use, finding the true global minimum regardless of the 
initial parameter values, fast convergence, and using few 

control parameters besides its sustainability for 
parallelization [13]. The Main ad-vantage of DE is that it 
internally works on continuous space and only switches to 
the integer during the evaluation of the objective function. 
This characteristic supports higher accuracy compared to 
some other well-known algorithms. While DE shares 
similarities with other Evolutionary Algorithms (EA), it 
differs significantly in the sense that distance and 
direction information from the current population is used 
to guide the search process. In DE, a target vector is 
mutated using a difference vector (obtained as a weighted 
difference between randomly selected individuals) to 
obtain a trial vector. This trial vector is then 
stochastically recombined with the parent to produce an 
off- spring, which is only accepted if the fitness of the 
offspring is better than that of the parent. There are 
plenty of DE strategies that differ in the way that the 
target vector is selected, the number of difference vectors 
used, and the way in which recombination is applied. DE 
algorithm composed of 4 main phases, Initialization, 
Mutation, Crossover and finally selection of the coming 
generation [5]. 
A. Initialization Phase 

DE algorithm aims at evolving a population of size N 
with D-dimensional parameter vector, called 
(Individuals). These individuals encode the candidate 
solution. i.e.  towards 
the global optimum, where i index denotes the population 
in the generation G. The initial population should better 
cover the entire search space as much as possible by 
uniformly randomizing individuals within the range [0, 
1]. 
B. Mutation Operation 

After initialization, DE employs the mutation operation to 
produce a mutant vector   for each individual   
(Target Vector) in the current population. For each target 
vector  at the generation its associated mutant 
vector  can be generated via 
certain mutation strategy. 
There are lots of different mutation strategies. In the 
proposed algorithm [DE/best/1] mutation strategy was 
used, as in (1). 

                           (1)                                                                                           
Where ,  are mutually exclusive integers and 
normally generated within the range [ ]. These indices 
are randomly generated once for each mutant vector and 
they are different from the index .  is the scaling factor 
which is a positive control parameter for scaling the 
difference vector.  is the best individual vector with 
the best fitness value in the population at generation  
C. Crossover Operation 

This operation is a posterior step after the mutation 
phase. It is applied to each pair of the target vector  
and its corresponding mutation vector  to generate a 
trial vector  . Basically, DE 
employs the binomial (uniform) crossover defined in (2): 
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In (2)  is a user defined constant within the range 
, which controls the fraction of parameter values 

copied from the mutant vector.  is a randomly chosen 
integer in the range The binomial crossover 
operator copies the  parameter of the mutant vector  
to the corresponding element in the trial vector  if 

 ,Otherwise, it is copied 
from the corresponding target vector .  The remaining 
parameters of the trial vector  are copied from the 
corresponding target vector . The condition  
is introduced to ensure that the trial vector  will differ 
from its corresponding target vector  by at least one 
parameter.  
D. Selection Operation 

If the values of some parameters of a newly generated 
trial vector exceed the corresponding upper and lower 
bounds, they are randomly and uniformly reinitialized 
within the pre-specified range. The objective function 
values of all trial vectors are evaluated; then, a selection 
operation is performed. The objective function value of 
each trial vector  is compared to that of its 
corresponding target vector  in the current 
population. If the trial vector has less or equal objective 
function value than the corresponding target vector, the 
trial vector will replace the target vector and enter the 
population of the next generation. Otherwise, the target 
vector will remain in the population for the next 
generation. The selection operation can be expressed in 
(3) 

        (3)                                              

DE main steps are stated in Algorithm-1 [5] 
Algorithm-1: Differential Evolution 
 Step 1: Randomly generate a population of N vectors, 

each of D dimensions. 
Step 2: Calculate the objective function value  for 

all target vectors  
Step 3: Select 3 points from the population and 

generate mutant individual  using (1) 
Step 4: Apply Crossover operation on each target 

vector  with mutant individual (generated 
in step 3) to generate a trail vector  using 
(2) 

Step 5:  Calculate the objective function value for 
vector  

Step 6: Choose better of the two (function value at 
target and trail point) using (3)  

Step 7: Check whether a convergence criterion is met, 
if yes then stop; otherwise go to step 3. 

 
2.2 Least Squares Support Vector Machine 
LS-SVM classifiers are one particular sample of Support 
Vector Machine (SVM). LS-SVM is used for finding a 
hyper plane, which separates various classes. It obtains 
this optimal hyper-plane by using maximum Euclidean 

distance to the nearest point. The LS-SVM classifier 
maps the input vectors into a high dimensional feature 
space for non-separable data. Then, the LS-SVM 
classifier finds an optimal separating hyper-plane in this 
higher dimensional space [17]. 

Given a training dataset of N points  with 
input data and output , we consider the 
following optimization problem in primal weight space: 
                     (4) 
Such that 
                   (5)                                                                         

Where  is a regularization factor,  the difference 
between the desired output  and the actual output, and 

is a nonlinear function mapping the data points into a 
high dimensional Hilbert space; in addition, the dot 
product in the high-dimensional space is equivalent to a 
positive definite kernel function . 
In primal weight space, a linear classifier in the new space 
is calculated using (6); where  is the weight vector and 

 which called as the bias term.  
                                          (6) 

The dual space of this primal space was found by solving 
the Lagrangian function in (7)  

  (7) 
Where Lagrangian multipliers and are called Support 
Vectors. The optimal solution for objective function using 
(7) must satisfy the following Karush-Kuhn Tucker (KKT) 
conditions [23]. 
                               (8)                                                   

        

 
The linear system in, (9) will results after elimination of 

w and e which generates the Support Vector   
                                                           (9)                                                                                                                           

Where ,  and 
 is the kernel matrix. The resulting LS-SVM 

model for function estimation is as in (10), where  
is the kernel function.  

                                       (10)                                                                                                            
LS-SVM (Algorithm-2) was implemented using Ra-dial 

Basis Function (RBF) in (11). 
                                   (11)                                                                                                         

 
LS-SVM main steps are stated in Algorithm-2 
  
Algorithm-2: LS-SVM: 
Step 1: Load the training data set of n data points, 

 where  is the  input vector and 
 is the corresponding  target with 

values . 
Step 2: Generate random weights for each input data 

point. 
Step 3: Determine the value of the bias term b and 

initialize the error e for each point randomly. 
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Step 4: Initialize  and  using random values. 
Step 5: Search for values of e, w and b that minimize the 

objective function (4) and (5). 
Step 6: Construct the Lagrangian function in (7) with the 

solution that must satisfy the KKT conditions in 
the set of equations in (8) 

Step 7: Calculate number of support vectors ( using (9) 
Step 8: Training data for LS-SVM model could be 

classified using (10) with RBD kernel function in 
(11) 

Step 9: Classify any new point in (6) using RBF kernel 
function in (11) 

Step 10: Loop until stopping criteria is met, usually until 
reach the maximum number of iterations. 

 
2.3 Overview on Wisconsin Breast Cancer Database 
(WBCD) 
Cancer is one of the major causes of mortality all over the 
world. Research into cancer diagnosis and treatment has 
become an important issue for the scientific community. 
Breast Cancer is the 2nd severe type of cancer especially 
between women. BC is a malignant tumor that is 
developed from breast cells. There are some risk factors 
that increase the chance of developing breast cancer in 
women. 
The proposed Algorithm worked on the Wisconsin Breast 
Cancer Dataset (WBCD) taken from UCI repository of 
machine learning databases. The dataset contains 699 
instances taken from needle aspirates from patients 
breasts, of which 458 cases belong to benign class and the 
remaining 241 cases belong to malignant class. It should 
be noted that there are 16 instances which have missing 
values, in this study all the missing values are replaced by 
the mean of its surrounding values. Each record in the 
database has 9 attributes in addition to the class attribute 
which was represented as 2 for benign and 4 for 
malignant cases. The 9 attributes listed in Table-1 and are 
graded (1-10) with their mean and standard deviation 
values. 

 
Table-1: WBCD description of attributes 

Attribute  Description Attribut
e 

Values 

Mea
n 

Standar
d 

Deviatio
n 

1. Clump thickness 1-10 4.44 2.83 
2. Uniformity of cell size 1-10 3.15 3.07 
3. Uniformity of cell 
shape 

1-10 3.22 2.99 

4. Marginal adhesion 1-10 2.83 2.86 
5. Single epithelial cell 
size 

1-10 2.23 2.22 

6. Bare nuclei 1-10 3.54 3.64 
7. Bland chromatin 1-10 2.45 2.45 
8. Normal nucleoli 1-10 2.87 3.05 
9. Mitoses 1-10 1.60 1.73 

 
3. PROPOSED ALOGORITHM 

Reference to the previous literature review and 
background, a hybrid classification algorithm that 
integrates DE algorithm and LS-SVM is proposed. The 
proposed algorithm for BC diagnosis and treatment is 
composed of two main phases, Parameters Optimization 
and Classification. DE algorithm was used as a 
parameters optimization technique aiming to improve the 
sitting of the parameter values of LS-SVM; Hence, 
overcoming its sensitivity to the changes in the values of 
the parameters. Classification phase using LS-SVM 
technique consists of two main phases, Training phase 
followed by a phase of testing the algorithm. A block 
diagram of the proposed algorithm is depicted in Figure 
(1).  
 

 
Figure 1: Block Diagram of the Proposed Algorithm 

 
The aim of parameters optimization phase using DE is to 
find the optimal values for the parameters of the LS-SVM 
classifier (The regularization factor ( ) and Gaussian 
Kernel function ( ). The second phase utilizes LS-SVM 
to classify the BC patients into one of two classes 
(Benign/ Malignant) using the optimized parameters. 
 
4. EXPERIEMENTAL RESULTS AND 
DISCUSSION 
This section presents the results obtained in the proposed 
algorithm trying to highlight its effectiveness. The 
experiments were done on WBC Database taken from 
UCI repository of Machine Learning Databases. The 
proposed algorithm is composed of 2 main phases. The 
first phase is the parameters’ optimization which was 
conducted using DE algorithm. The second phase is the 
classification of BC patients using LS-SVM method. LS-
SVM is a parameter dependent algorithm which means 
that it’s so sensitive to the changes of its parameter 
values. Hence, DE algorithm seeks to find the best 
combination of the parameter values for LS-SVM that 
helps in maximizing the classification accuracy. In this 
study, the optimized parameters in LS-SVM were ( , ). 
BC patients were classified into one of two classes 
(Benign/Malignant).  
The classification phase was divided into 2 main sub-
phases, training followed by a testing phase. The 
proposed algorithm was applied on total of 669 records in 
WBC dataset.  Classification accuracy was calculated as a 
performance measurement using (12) 
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                                   (12)                                                                                                       

Where TP and TN are True Positive and True Negative 
respectively, which are the pro-portion of positive and 
negative cases that were correctly identified. Positive 
cases are the records with Benign label and negative ones 
are with Malignant label. FP and FN stand for False 
Positive and False Negative which are the proportion of 
negative cases that were incorrectly classified as positive 
and the proportion of positive cases that were incorrectly 
classified as negative respectively [19]. Three types of 
Cross Validation (CV) technique were conducted in this 
study, (80-20, 50-50 and 70-30). The classification 
accuracy resulted from each type was recorded, as shown 
in Figure(2) 
 

 
Fig.2 Classification Accuracy obtained from DE 

optimization technique 
 

It’s obvious from Figure(2) that the best classification 
accuracy was obtained from (80-20) CV which is 99.75%. 
To assert the contribution of DE algorithm and its 
effectiveness in the classification process; the proposed 
algorithm was compared with some of the previous results 
reported by earlier methods. Table-2 shows the comparison 
between the proposed algorithm and different classifier 
algorithms which were applied on the same database.  
 

Table-2: Classification accuracy comparison 
CI Technique Accuracy 

PSO-SVM [10] 93.55% 

PSO-RBF Kernel [8] 99.3% 
K-Means, SVM [31] 97.38% 

Proposed Algorithm 99.75% 

As shown in Table-2, the proposed algorithm 
outperformed the other CI techniques by obtaining the 
highest classification accuracy. It’s obvious from Table-2 
that PSO algorithm was used in many previous works. 
This is may be because PSO is a global search algorithm 
which has great benefits as an optimization technique. 
Although both PSO and DE are global search algorithms, 
DE could outperform PSO as proven in this study. This 
might be because PSO is a parametric method which 
depends on many parameters (interia weight  , 
Acceleration Rates ( Wrong choice of these 
parameter values may lead to divergent or cyclic 
trajectories. In contrast, DE doesn’t have this problem. 

Besides that PSO may lose its exploration capability [42]. 
On the other hand, K-means algorithm has different 
drawbacks that might prevent it from obtaining higher 
classification accuracy [32]. One of these disadvantages is 
that it is not work well in the global clusters. In contract, 
DE doesn’t have this problem as it is a global search, 
population based and real-valued algorithm. 
 
5. CONCLUSION AND FUTURE WORK 
This paper proposed a hybrid classification algorithm for 
BC patients which integrates DE and LS-SVM 
algorithms. The proposed algorithm was composed of two 
main phases. The first phase is Parameters Optimization, 
followed by a Classification phase. Classification had two 
main phases, Training and Testing phases. The input 
parameters for LS-SVM were optimized using DE 
algorithm. The LS-SVM algorithm was used to classify 
BC patients into one of two classes (Benign/Malignant). 
DE algorithm could guarantee the robustness of the 
hybrid algorithm by searching for the optimal values for 
LS-SVM parameters. Optimizing the parameters could 
guarantee the effectiveness of the proposed algorithm by 
increasing the classification accuracy. The proposed 
algorithm was implemented on WBCD from UCI 
repository of Machine Learning Databases. Different 
types of CV were conducted and the results showed that 
80-20 CV outperformed the other CV types by obtaining 
the highest classification accuracy of . The 
proposed algorithm was compared with different classifier 
algorithms. The experimental results showed the 
effectiveness of the proposed algorithm. DE algorithm 
might obtain better results than what was mentioned in 
this study either by changing the schema or changing the 
parameter settings. Hence, as a future work, other 
schemas for DE (i.e. DE/best/2) might be used or DE 
parameters might be optimized to choose the best value 
for F and CR.  
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