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Abstract: Breast cancer is more common problem among women in the last decade. The problem of classifying
breast tumor has been an important issue for many years. Computer Aided Diagnosis (CAD) system assists
in the detection and characterization of breast cancer. This paper investigates a number of data mining
techniques in the detection of breast cancer. In machine learning, classifier ensembles have proven to be better
than single classifiers. In this study, ensemble methods used for improving classifier performance to determine
whether patients have breast cancer or not. Experiments have been conducted on Wisconsin Breast Cancer
Dataset (WBCD). The results of the experiments are evaluated using metrics: Sensitivity, specificity and
classification accuracy. The objective of this study was to improve the breast cancer detection with the
application of data mining techniques.
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INTRODUCTION between10 and 31% [2]. Fine Needle Aspiration Cytology
(FNAC) is the most important method used for breast

The   most    common   disease   among   women  is cancer detection. The correct classification rate of FNAC
the  breast  cancer  in  the 35-55  year  age  group  [1]. is 90%. FNAC is considered to be the standard method for
Breast cancer diagnosis is widely discussed classification the definitive diagnosis of breast cancer. 
problems. Early diagnosis of breast cancer is becoming an Data mining is the newest areas of computer science
increasingly important health care concern. Breast cancer that uses statistical techniques, artificial intelligence and
is  a  disease  threatening  women's  health  seriously. data mining techniques. Data mining is used in various
Early detection of  breast  cancer  is  essential to save applications such as clinical predictions. In different
lives. Early detection and treatment is important in order medical areas, data mining used to improve the results
to minimize the risk  of  the cancer tissue to spread to obtained with  other methodologies. Recently, a number
other organs. Accurate and reliable methods required for of data mining techniques have been applied to
early detection that allows radiologists to differentiate automatically identify breast lesions. In this paper, we
malignant   tumors   from   benign   breast   tumors  [2]. presented a data mining technique for breast tumor
The accurate detection of breast cancer is a very classification. Recently, data mining techniques have
important medical  diagnosis problem [3]. The factors been used as a very accurate method for statistical pattern
such as gender, family history, genetic factors, ageing, recognition. CAD systems play a very important role in
menstrual periods, not have children and obesity that the detection of breast cancer in early stage. With the
increase  a  possibility  of  woman having breast cancer help of these CAD systems, radiologists increase the
[4]. accuracy of breast cancer examinations in both detection

Breast tumors can be classified into two classes: and diagnosis. Therefore, it is very important to develop
either malignant or benign. A malignant tumor is a breast an automated system in breast  cancer  diagnosis.  The
cancer  that  has  developed  from  cells of  the  breast. use of CAD systems is increasing gradually in medical
The commonly used diagnostic methods are diagnosis. An ideal CAD system would discriminate
mammography, ultrasound, thermography, biopsy and between malignant and benign findings perfectly.
fine needle aspiration cytology [5]. A biopsy is the best Discrimination is the important components of accuracy
method to accurately determine whether the tumor is in a classification model. These systems have been
malignant or benign. However, a biopsy is invasive and developed to assist radiologists in detecting breast cancer
expensive and findings at biopsy for cancer are low lesions.
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The use of data mining techniques is increasing and 96.7% respectively [9]. Liu and Zheng proposed
gradually in medical diagnosis. Machine learning methods filtered and supported sequential forward feature
have been applied in various medical areas, for example selection method. This novel feature selection method is
the detection of tumors, the diagnosis and prognosis of based on support vector machine. The experimental
cancers and other diseases. The role of diagnosis is to results based on WBCD and they obtained accuracy was
distinguish between the malignant and benign breast 92.90% [10]. Chen and Hsu proposed a genetic algorithm
tumor. The WBCD is  a widely used  and publicly based  approach  to  assess   breast   cancer  pattern.
available data set in the field of breast cancer diagnosis. They obtained classification rate was 96.57% [5]. 
Many researchers have presented a wide range of
classification methods based on WBCD. WBCD from the MATERIALS AND METHODS
UCI machine learning repository has been used as a
benchmark dataset to evaluate a breast cancer pattern. The Wisconsin Breast Cancer Dataset (WBCD): The
Recent developments in the data mining techniques are popular  and publicly available UCI  breast disease
used to the emergence of CAD systems for medical dataset is used in this research. The WBCD obtained from
diagnosis. In the last few decades CAD systems have the UCI repository. This database based on microscopic
been developed to enhance the efficiency of physicians examination of breast masses with fine needle aspiration
for making decision about their patients. tests. The features are evaluated from a digital scan of

The paper is structured as the following order. fine-needle aspirates  (FNA)  of  a  breast  mass. FNA of
Section 2 describes the previous research on breast a breast mass is an efficient method to evaluate
cancer diagnosis. Methods and materials for the proposed malignancy. The WBCD have been collected at the
methods are summarized in Section 3. Section 4 presents University of Wisconsin-Madison Hospitals by Dr.
the evaluation measures for the proposed method. William H. Wolberg. This database contains 699
Experimental results is presented in Section 5 and instances, consisting of two cases: 458 benign instances
discussed in Section 6. This paper is concluded finally in and 241 malignant instances. These 699 instances obtain
Section 7. from the FNA of human breast tissues and clinically

Related Works: There have been various research considered as indicators of breast cancer in a patient.
focused on the diagnosis of breast cancer using WBCD. Each case in the dataset has nine features. The nine
Numerous classification techniques have been used on features are ranked 1-10, with 10 being the most abnormal
WBCD and different classification performance results state. The desired class for benign is 2 and malignant is 4.
have been obtained in the last decade. Wisconsin breast These features describe the cell nuclei characteristics
cancer data set was obtained from the UCI repository. present in the image. The WBCD database consists of
Maglogiannis et al. presented an automated intelligent nine features: marginal adhesion, bare nuclei, single
system for breast cancer diagnosis to solve WBCD and epithelial cell size, clump thickness, cell size uniformity,
obtained a classification accuracy of 97% using SVM bland chromatin, cell shape uniformity, mitoses and
based classifiers [6]. Karabatak et al. used neural network normal nucleoli.
and association rules for detecting breast cancer based on
WBCD. They  obtained a classification rate of 95.6% by Ensemble Classifiers: An ensemble classifier combines
3-fold cross-validation [7]. Senapati et al proposed a local several   classifiers  is   known   as   multiple   classifier.
linear wavelet neural network and they obtained accuracy In general, an ensemble classifier performance is higher
was 97.2% [2]. Verma and Hassan applied hybrid than single classifier performance. The ensembles are
ensemble approach to WBCD and obtained an accuracy used to improve the classification performance of a single
of 96% [4]. Abonyi and Szeifert et al obtained classifier. However, not all ensemble classifiers were
classification accuracy was 95.57% in 10-fold cross- performing better than single classifier. Three popular
validation experiment using supervised fuzzy clustering ensemble methods are bagging, multiboost and random
[8]. Goodman et al employed three methods for subspace has been applied to various machine learning
classification including artificial immune recognition algorithms. Ensemble methods have been used to improve
system (AIRS), learning vector quantization (LVQ) and the prediction accuracy by combining an ensemble of
big LVQ. They obtained accuracies were 97.2%, 96.8% weak classifiers. 

evaluated based on 9 features. All features can be
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Bagging: Bagging was introduced by Breiman as a classify both linearly separable and linearly inseparable
method to enhance the performance of a weak learning data. The data points that are used to define the margin
algorithm. Bagging is used to improve the accuracy of are called support vectors [14]. SVM classification is
single classifiers by reducing the variance errors. It is based on the decision boundary between different
used to improve the accuracy of unstable classifier. classes. The decision boundary is determined by support
Aggregating classifiers can dramatically enhance vectors. Many types of kernel functions have been used,
prediction accuracy. The classifier is trained with a with the most used ones being radial-based and
bootstrap sample of the training data [11]. The base polynomial. In this work, radial basis kernel functions
classifier can be any, but the performance improvements obtained  best  results. SVMs  are  an  effective method
using diverse and accurate classifiers. Diversity on for  binary classification. SMO is  used  for  training a
bagging is achieved by bootstrapped replicas of the SVM in simple  and  fast  manner. SMO divides  the
training dataset, different training subsets are taken from overall  QP  (quadratic programming) problem into QP
the entire training dataset [12]. sub-problems.

Multi Boost: The multiboost method combines wagging Multilayer Perceptron (MLP): MLP can only classify
with adaboost. By combining the two techniques, it is linearly separable data. MLP is a feed forward neural
possible to obtain a greater error reduction than adaboost network trained using the back propagation algorithm.
or wagging. Wagging is a variant of bagging. Both MLP networks consist of three layers: an input layer,
adaboost and bagging can be used with any base hidden layer is one or more and an output layer. MLP
classification techniques. It can be considered as wagging obtains different performance results by using of different
committees formed by adaboost. The multiboost algorithm number of hidden layers. In this study, the MLP
generates a wagging ensemble  of  adaboost ensembles. performance was enhanced by using one hidden layer.
A weighted version of the original data is used for Multilayer perceptron use sigmoid activation functions in
training a base classifier. Adaboost reduce both the bias the hidden layer. These functions are used to compress
and variance error while bagging reduces the variance an infinite input into finite output. The number of nodes
error only. Multiboost obtains greater reductions in mean in the input layer is equal to the number of input variables.
error than bagging and adaboost [13]. The number of nodes in the output layer depends on the

Random Subspace: The random subspace method is nodes accept the summation of weighted inputs came
introduced in 1998 by Ho. The random subspace method from previous layer nodes and an activation function
can  be  used  with  any  base  classifier as in  bagging. reproduce the output of each node. The weights between
Like bagging, the training dataset is modified in random input-hidden layer and hidden-output layer are at first
subspace. This method has been used for large-scale selected randomly. The weights are modified in MLP
classification [11]. The classifier is trained with all the training using back propagation algorithm. 
training samples, using only a random subset of features.
This method is based on selecting a feature subset in Radial Basis Function Neural Network (RBFNN): The
training. The training sample is modified like bagging [12]. RBFNN have been proved to provide excellent
Each base classifier receives a randomly selected subset classification in many applications. Radial basis function
of features. The random subspace method has been used is used as activation function in RBFNN. This network
for weak linear classifiers. The random subspace may has three layers, namely an input layer, a hidden layer
benefit for constructing and aggregating the base with  the   gaussian  functions  and   an   output  layer.
classifiers. The advantage of this network is input to output map is

Base Classifiers consists of two phases. First, the radial basis function is
Support Vector Machine-Sequential Minimal accomplished by applying a clustering algorithm in the
Optimization (SVM-SMO): SVM is a kernel based training data. The clustering algorithm used is k-means.
machine learning method. SMO was proposed in 1998 by Second, it is important to assign the weights between the
John Platt at Microsoft research. SVMs are used to hidden and the output layers [14]. 

number of desired classes. The hidden and output layer

found using local approximations. RBF network training
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Naïve Bayes tree (NB Tree): The NBTree is a
combination of a naive bayes and a decision tree
classifier. In an NBTree, a naïve bayes is deployed on
each leaf of a decision tree and a sample is classified
using the naïve bayes classifier [15]. NBTree is more
accurate than naïve bayes or decision tree classifier. It is
similar to the classical decision tree model except that a
naïve bayes is employed on leaf nodes. NBTree is
structured as decision tree of nodes, branches and naïve
bayes on the leaf nodes.

Diagnostic Performance: Performance  measures  are
used to evaluate the effectiveness of the classification
method.  The  proposed  method  is  evaluated  in  terms
of classification accuracy, sensitivity and specificity.
These measures are evaluated using the confusion matrix
[16]. True Negative (TN) is the number of instances
correctly identified as benign; FN (False Negative) is the
number of instances incorrectly identified as benign; TP
(True Positive) is the number of instances correctly
identified as malignant; False Positive (FP) is the number
of instances incorrectly identified as malignant [17-19].

Classification accuracy, sensitivity and specificity
value can be defined by using the confusion matrix is
shown in Table 1. A confusion matrix describes a number
of correct and incorrect predictions identified by a
classification system. Sensitivity is defined as the
percentage of actual positives which are correctly
classified. Specificity is defined as the percentage of
actual negatives which are correctly classified. Accuracy
is calculated using sensitivity and specificity.

Experimental Results: We evaluate the developed model
using the WBCD to classify the breast lesion:
benign/malignant. The dataset used in this work is
available on online. The dataset collects 699 samples
presenting 9 attributes. The dataset consisting 9 features
are used in this work. In this study, we investigate three
ensemble methods such as bagging, multiboost and
random subspace for the purpose of breast cancer
classification. Ensemble techniques including bagging,
multiboost  and  random  subspace  have  been  shown  to

Table 1: Confusion matrix

Predicted

--------------------------------------------------

Actual Positive Negative

Positive TP FP

Negative FN TN

improve the performance of NBTree, RBFNN, MLP and
SMO in breast cancer classification. Of the 699 samples,
16 samples are excluded because some attribute missing
values. Moreover, we have removed the 16 samples
because in some missing attribute values. The tenfold
cross-validation test is used for evaluating classification
performance. In this test, 683 instances partition into 10
subsets of equal size. The classifier is trained using 9 of
these subsets and the trained classifier is evaluated using
the remaining subset. In each time, nine subsets are used
as  training  set  and  one  subset is taken as test data.
This procedure is applied for ten times. Each classifier will
be trained and tested for 10 times. We apply the data
mining  techniques  explained  in  section 3 to WBCD.
Four different base classifiers including NBTree, SMO,
MLP and RBFNN are used in this experiment. Totally, we
developed 16 classification models are shown in Table 2.

The results of the experiments for ensemble methods
with various base classifiers for WBCD classification is
given in Table 2. From the experimental results, the
ensemble methods gained significant improvements in
classification accuracy than a single classifier. The
efficiency of the single classifier is combined with
ensemble methods for evaluating the performance of the
ensemble classifier, as indicated in Table 2. Table 2 shows
that the ensemble method has significant performance
improvements than single classifiers. 

DISCUSSION

This section provides a discussion of the
performance of the data mining techniques. In this work,
we investigated the accuracy of base classifiers and their
ensembles for breast cancer classification and tested on
WBCD real-world datasets. The use of ensemble
techniques has become common in medical diagnosis in
the last few years. It is due to the performance
improvements in classification. Using the same datasets,
we investigated the accuracy of classifiers in terms of
improving breast cancer detection. An experiment was
designed to compare the NBTree,  SMO, MLP and
RBFNN with bagging, multiboost and random subspace.
The NBTree, SMO, RBFNN and MLP are used as the base
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Table 2: Testset Performance measures of the ensemble with base classifiers 

Classifiers TP FP TN FN Sensitivity (%) Specificity (%) Accuracy (%)

NBTree
Single 431 13 232 7 98.4 94.69 97.07
Bagging 430 14 234 5 98.85 94.35 97.22
Multiboost 430 14 233 6 98.62 94.33 97.07
Random subspace 432 12 234 5 98.86 95.12 97.51

SMO
Single 431 13 236 3 99.31 94.78 97.66
Bagging 431 13 236 3 99.31 94.78 97.66
Multiboost 432 12 236 3 99.31 95.16 97.8
Random subspace 431 13 232 7 98.4 94.69 97.07

MLP
Single 430 14 230 9 97.95 94.26 96.63
Bagging 430 14 230 9 97.95 94.26 96.63
Multiboost 430 14 230 9 97.95 94.26 96.63
Random subspace 430 14 231 8 98.17 94.29 96.78

RBF
Single 431 13 231 8 98.18 94.67 96.93
Bagging 431 13 234 5 98.85 94.74 97.36
MultiBoost 431 13 232 7 98.4 94.69 97.07
Random subspace 432 12 231 8 98.18 95.06 97.07

Table 3: Classification accuracies obtained with proposed method and other classifiers from literature

Reference Year Method Accuracy

Maglogiannis et al 2009 SVM 97%
Karabatak et al 2009 Neural network and association rules 95.6%
Senapati et al 2013 Local linear wavelet neural network 97.2%
Verma and Hassan 2011 Hybrid ensemble 96%
Abonyi and Szeifert et al 2003 Supervised fuzzy clustering 95.57%
Goodman et al 2002 Artificial immune recognition system 97.2%
Chen and Hsu 2006 Genetic algorithm 96.57%
This paper 2013 MultiboostSMO 97.8%

classifiers with three ensemble methods. For the single By using the base classifier RBF network, all the three
classifiers, SMO outperforms the other three classifiers ensemble methods get better improvements than a single
(i.e. MLP, RBF and NBTree). The result shows that classifier. Bagging is the best, while multiboost and
ensemble methods are not always enhancing the random subspace brings same improvement. By using the
performance of the base classifier. The performance base classifier NBTree, random subspace obtains
multiboost SMO is better than other ensembles and a classification  enhancement  than  a  single  classifier.
single SMO. However, there is no big difference between Only bagging brings significant improvements in
SMO and their ensembles. Based on experimental results, performance, while multiboost does not change the
it has been found that ensemble classifiers improve the performance. By using the base classifier MLP, both
classification accuracy of the base classifier. Table 2 bagging and multiboost have no change in performance
shows that there is a significant difference between single improvements while the random subspace obtains
classifiers and their ensembles. The classifier performance significant performance improvements. The best
is significantly enhanced by the ensemble methods. classification model is based on the SMO ensembles by

By using the base classifier SMO, only multiboost multiboost. There is a significant difference between SMO
brings significant classification improvements than single and SMO ensembles by multiboost. The proposed
SMO. Both bagging and random subspace does not method is compared with other methods from the literature
obtain  any  enhancement  in  the performance of SMO. is shown in Table 3.
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CONCLUSION 8. Abonyi, J. and F. Szeifert, 2003. Supervised fuzzy

The CAD system for breast cancer detection is Pattern Recognition Letters, 24(14): 2195-2207.
developed using data mining techniques and WBCD. 9. Goodman, D.E., L. Boggess  and A. Watkins, 2003.
Three ensemble methods including bagging, multiboost An  investigation  into  the source of  power  for
and random subspace are applied to improve the AIRS, an artificial immune classification system. In:
classification performance of MLP, SMO, NB and RBFNN. Proceedings of the international joint conference on
The CAD system developed in this study is concerned neural networks (IJCNN’03). IEEE Press, New York,
with automated breast cancer detection. In this paper, we pp: 1678-1683.
investigated an ensemble of classifiers, applied to the 10. Liu, Y. and Y.F. Zheng, 2006. FS-SFS: A novel feature
breast cancer diagnosis. The objective of this work is to selection method for support vector machines.
examine  the  effectiveness  of  data  mining  techniques Pattern Recognition, 39(7): 1333-1345.
for  classifying  breast  cancer  data. The proposed 11. Kuncheva, L.I. and J.J. Rodriguez, 2010. Classifiers
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multiboostSMO. Various performance measures are used Magnetic Resonance Imaging, 28: 583-593. 
for calculating  the performance score  of  the classifiers. 12. Wang, C.W., 2006. New ensemble machine learning
The SMO classifier obtained the highest score. In the method for classification and prediction on gene
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order to enhance the classification performance. EMBS Annual International Conference. 
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