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Abstract— Breast cancer is one of the leading cancers for 

women in developed countries including India. It is the 

second most common cause of cancer death in women. The 

high occurrence of breast cancer in women has increased 

significantly in the recent years. This paper investigates a 

data mining techniques in the detection of breast cancer. The 

classification performance of Decision Tree and Support 

Vector Machine are evaluated and compared. Experiments 

have been conducted on Wisconsin Breast Cancer Dataset 

and the results of the experiments are evaluated using 

metrics: Sensitivity, specificity and classification accuracy. 

The objective of this study is to improve the breast cancer 

detection with the application of data mining techniques. 
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I. INTRODUCTION 

The most common disease among women is the breast 

cancer in the 35-55 year age group [16]. Breast cancer 

diagnosis is widely discussed classification problems. Early 

diagnosis of breast cancer is becoming an increasingly 

important health care concern. Breast cancer is a disease 

threatening women's health critically. Early detection of 

breast cancer is important to save lives. Early detection and 

treatment is important in order to minimize the risk of the 

cancer tissue to spread to other organs. Accurate and reliable 

methods required for early detection that allows radiologists 

to differentiate malignant tumors from benign breast tumors 

[18]. The accurate detection of breast cancer is a very 

important medical diagnosis problem [12]. The factors such 

as gender, family history, genetic factors, ageing, menstrual 

periods, not have children and obesity that increase a 

possibility of woman having breast cancer [21]. 

Breast tumors can be classified into two classes: 

either malignant or benign. A malignant tumor is a breast 

cancer that has developed from cells of the breast. The 

commonly used diagnostic methods are mammography, 

ultrasound, thermography, biopsy and fine needle aspiration 

cytology [1]. A biopsy is the best method to accurately 

determine whether the tumor is malignant or benign. 

However, a biopsy is invasive and expensive and findings at 

biopsy for cancer are low between10 and 31% [18]. Fine 

Needle Aspiration Cytology (FNAC) is the most important 

method used for breast cancer detection.  

Data mining is the newest areas of computer 

science that uses statistical techniques, artificial intelligence 

and data mining techniques. Data mining is used in various 

applications such as clinical predictions. In different medical 

areas, data mining used to improve the results obtained with 

other methodologies. Recently, a number of data mining 

techniques have been applied to automatically identify 

breast lesions. In this paper, we presented a data mining 

technique for breast tumor classification.  

 

The use of data mining techniques is increasing 

gradually in medical diagnosis. Machine learning methods 

have been applied in various medical areas, for example the 

detection of tumors, the diagnosis and prognosis of cancers 

and other diseases. The role of diagnosis is to distinguish 

between the malignant and benign breast tumor.  

The paper is organized as the following order. 

Section 2 describes the previous research on breast cancer 

diagnosis. Methods and materials for the proposed methods 

are summarized in Section 3. Section 4 presents the 

evaluation measures and results for the proposed method. 

This paper is concluded finally in Section 5. 

II. LITERATURE REVIEW 

The diagnosis of breast cancer has been attracting many 

researchers; they have reached high classification accuracies 

using the dataset taken from UCI machine learning 

repository. T.S. Subashini et al. compared the use of 

polynomial kernel of support vector machine (SVM) and 

radial basis function neural network (RBFNN) in 

ascertaining the diagnostic accuracy of Wisconsin dataset. 

They reported accuracy 92.13% with their SVM model and 

96.57% with the RBFNN one [19]. M. Karabatak and M. 

Cevdet applied association rules and neural network to build 

diagnostic expert system for breast cancer. They have 

achieved success with 97.4% [8]. P. Luukka used fuzzy 

robust PCA algorithms (FRPCA) and similarity classifier. 

Their algorithm has achieved 98.19% accuracy with breast 

cancer data [14]. 

In 2007, K. Polat et al. published a paper that used 

least square support vector machine and achieved 96.59% 

when they partitioned the dataset into 70% for training and 

30% for test [15]. In their paper, they presented a good 

review with the accuracies achieved in previous papers. On 

the other hand, the C4.5 DT model has been used by 

Quinlan in [17]. He has achieved 94.74% classification 

accuracy using 10-fold cross-validation. The accuracy rates 

which are achieved here using RBF-SVM model with 

gamma (the width of the kernel) is set to 0.66 and 

regularization parameter (the cost parameter) is set to 10, 

these accuracies all are 100% of the training and test 

samples. In this study, there is no preprocessing for the 

attributes as they all logically have a common range. The 

accuracies which are achieved using the C5.0 Decision Tree 

model with boosting, pruning and winnowing are 98.95% of 

training samples and 100% of test ones. 

Liu and Zheng proposed filtered and supported 

sequential forward feature selection method. This novel 

feature selection method is based on support vector 

machine. The experimental results based on WBCD and 

they obtained accuracy was 92.90% [11]. Chen and Hsu 

proposed a genetic algorithm based approach to assess 

breast cancer pattern. They obtained classification rate was 

96.57% [1]. 
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III. METHODS AND MATERIALS 

A. Decision Tree: 

Decision Tree (DT) models are powerful classification 

algorithms. They are becoming increasingly more popular 

with the growth of data mining applications [13]. As the 

name implies, this model recursively separates data samples 

into branches to construct a tree structure for the purpose of 

improving the classification accuracy. Each tree node is 

either a leaf node or decision node. All decision nodes have 

splits, testing the values of some functions of data attributes. 

Each branch from the decision node corresponds to a 

different outcome of the test. Each leaf node has a class 

label attached to it. General algorithm to build a DT is as 

follows: 

1) Start with the entire training subset and a vacant 

tree 

2) If all training samples at the current node n are of 

the same class label c, then the node becomes a leaf 

node with label c. 

3) Or else, select the splitting attribute x that is the 

most important in separating the training samples 

into different classes. This attribute x becomes a 

decision node. 

4) A branch is created for each individual value of x, 

and the samples are partitioned accordingly.  

5) The process is iterated recursively until a certain 

value of specified stopping criterion is achieved. 

Different DT models use different splitting algorithms that 

maximize the purity of the resulting classes of data samples. 

Common splitting algorithms include Entropy based 

information gain (used in ID3, C4.5, C5.0), Gini index (used 

in CART), and Chi-squared test (used in CHAID). This 

study uses the C5.0 DT algorithm which is an improved 

version of C4.5 and ID3 algorithms [17]. C5.0 uses 

information gain as a measure of purity, which is based on 

the notion of entropy. 

B. Support Vector Machine: 

The Support vector machine (SVM) model is a supervised 

machine learning technique, which is based on the statistical 

learning theory. It was firstly proposed by Cortes and 

Vapnik from his original work on structural risk 

minimization in [2] and modified by Vapnik in [20]. The 

algorithm of SVM is able to create a complex decision 

boundary between two classes with good classification 

ability. Figures 1 and 2 give the basic principles of SVM. 

When the data is not linearly separable, the algorithm works 

by mapping the input space to higher dimensional feature 

space, through some nonlinear mapping chosen a priori 

(Figure 1), and constructs a hyperplane, which splits class 

members from non-members (Figure 2). SVM introduces 

the concept of ‘margin’ on either side of a hyperplane that 

separates the two classes. Maximizing the margins and thus 

creating the largest possible distance between the separating 

hyperplane and the samples on either side, is proven to 

reduce an upper bound on the expected generalization error. 

SVM may be considered as a linear classifier in the feature 

space. On the other side it becomes a nonlinear classifier as 

a result of the nonlinear mapping from the input space to the 

feature one [3,4]. 

 
Fig. 1: Mapping the Input Space to a Higher Dimensional 

Feature Space 

For linearly separable classes, SVM divides these 

classes by finding the optimal (with maximum margin) 

separating hyperplane. Optimal hyperplane can be found by 

solving a convex quadratic programming (QP) problem [6]. 

Once the optimum separating hyperplane is found, data 

samples that lie on its margin are known as support vectors. 

The solution to this optimization problem is a global one. 

This study uses the RBF kernel to map the input space into 

the higher dimensional feature space. 

 
Fig. 2: Optimal Hyperplane Separating the Two Classes and 

Support Vectors 

C. Breast Cancer Dataset: 

The breast cancer dataset used here was collected by Dr. 

William H. Wolberg (1989–1991) at the University of 

Wisconsin–Madison Hospitals. The dataset contains 699 

samples with 16 samples have attributes with missing values 

and 683 samples have complete data. The samples were 

virtually assessed nuclear features of fine needle aspirates 

taken from patients' breasts. Each sample record has nine 

cytological attributes; they measure the external appearance 

and the internal chromosome changes in nine different 

scales. The nine attributes are graded on an interval scale 

from a normal state of 1–10, with 10 being the most 

abnormal state [9]. They all are saved as ordinal data type 

(ordered set). This dataset can be downloaded from the 

University of California at Irvine (UCI) machine learning 

repository [5]. 

IV. EXPERIMENTAL RESULTS 

The classification performance of each model is evaluated 

using three statistical measures; classification accuracy, 

sensitivity and specificity [6]. These measures are defined 

using the values of true positive (TP), true negative (TN), 
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false positive (FP) and false negative (FN). A true positive 

decision occurs when the positive prediction of the classifier 

coincided with a positive prediction of the pathologist. A 

true negative decision occurs when both the classifier and 

the pathologist suggested the absence of a positive 

prediction. False positive occurs when the classifier labels a 

benign case (negative) as a malignant one (positive). 

Finally, false negative occurs when the system labels a 

positive case as negative.  

Classification accuracy is defined as the ratio of the 

number of correctly classified cases and is equal to the sum 

of TP and TN divided by the total number of cases N. 

Accuracy =TP+TN/N*100 

Sensitivity refers to the rate of correctly classified positive 

and is equal to TP divided by the sum of TP and FN. 

Sensitivity may be referred as a True Positive Rate 

 Sensitivity= TP/TP+FN*100 

Specificity refers to the rate of correctly classified negative 

and is equal to the ratio of TN to the sum of TN and FP. 

False Positive Rate equals (100-specificity). 

Specificity=TN/TN+FP*100 

In this study, we investigate two classification 

methods such as decision tree and SVM for the purpose of 

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 WEKA workbench [7] is 

used evaluate the classification performance of proposed 

model. The tenfold cross-validation test is used for 

evaluating classification performance [10]. 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.  

The decision tree and SVM classifiers are applied 

to WBCD dataset and the results is given in Table 1. The 

results demonstrate that the C 4.5 method produce the 

classification accuracy of 94.5%, senstiviy of 96% and 

specificity of 92% are obtained.  It can be seen that the best 

result is achieved with the SVM methods with an accuracy 

of 96.9%, sensitivity of 98% and specificity of 95%. 

Classifier Sensitivity (%) Specificity (%) 
Accuracy 

(%) 

C4.5 96 92 94.5 

SVM 98 95 96.9 

Table 1: Classification Results with WBCD Dataset 

V. CONCLUSION 

The proposed model for breast cancer detection is developed 

using data mining techniques. The C 4.5 decision tree and 

SVM classifiers are applied to improve the classification 

performance of WBCD dataset. The SVM classifier 

achieved an accuracy of 96.9% for WBCD dataset. In 

future, feature selection methods will be employed in order 

to enhance the classification performance. 

REFERENCES 

[1] Chen, T.C. and T.C. Hsu, A Gas based approach 

for mining breast cancer pattern. Expert Systems 

with Applications, 30(4): 674-681, 2000. 

[2] C. Cortes and V. Vapnik. Support-vector networks. 

Machine Learning, 20(2), 273–297, 1995.  

[3] F. Friedrichs and C. Igel. Trends in 

Neurocomputing. The 12th European Symposium 

on Artificial Neural Networks 64:107–117, 2005. 

[4] H. Frohlich and A. Zell. Efficient parameter 

selection for support vector machines. IEEE 

International Joint Conference on Neural 

Networks, 3:1431–1436¸2005.  

[5] ftp://ftp.ics.uci.edu/pub/machine-learning- 

databases. 

[6] J. W. Han and M. Kamber. Data mining concepts 

and techniques, The 2nd edition, Morgan 

Kaufmann Publishers, San Francisco, CA, 2006. 

[7] Ian H. Witten, Eibe Frank and Mark A. Hall. Data 

Mining: Practical Machine Learning Tools and 

Techniques. Morgan Kaufmann Publishers, Data 

Mining Software, 

http://www.cs.waikato.ac.nz/ml/weka (accessed 

May 2011). 

[8] M. Karabatak and M. Cevdet. An expert system for 

detection of breast cancer based on association 

rules and neural network. Expert Systems with 

Applications, 36: 3465–3469, 2009.  

[9] T. Kiyan and T. Yildirim. Breast cancer diagnosis 

using statistical neural networks. Istanbul 

University, Journal of Electrical & Electronics 

Engineering, 4(2): 1149–1153, 2004 

[10] R Kohavi,”A study of cross-validation and 

bootstrap for accuracy estimation and model 

selection”, IJCAI’95 Proceeding of the Fourteenth 

International Joint Conference on Artificial 

Intelligence, Morgan Kaufmann Publishers Inc, 

San Francisco, CA, USA, 1995. 

[11] Liu, Y. and Y.F. Zheng, FS-SFS: A novel feature 

selection method for support vector  machines. 

Pattern Recognition, 39(7): 1333-1345, 2006. 

[12] Marcano-Cedeno, A., J. Quintanilla-Dominguez 

and D. Andina, Breast cancer classification 

applying the artificial metaplasticity algorithm. 

Neurocomputing, 74(8): 1243-1250, 2011. 

[13] R. Nisbet, J. Elder and G. Miner. Handbook of 

statistical analysis and data mining applications. 

Academic Press, Burlington, MA, 2009. 

[14] Pasi Luukka. Classification based on fuzzy robust 

PCA algorithms and similarity classifier. Expert 

Systems with Applications 36, 7463–7468, 2009. 

[15] K. Polat and S. Güne. Breast cancer diagnosis 

using least square support vector machine. Digital 

Signal Processing, 17:694–701, 2007.  

[16] Polat, K., S. Sahan, H. Kodaz and S. Gunes, A new 

classification method for breast cancer diagnosis: 

feature selection artificial immune recognition 

system (FS-AIRS). In Advances in Natural 

Computation, pp: 830-838, 2005. 

[17] J.R. Quinlan. Improved use of continuous attributes 

in C4.5, Journal of Artificial Intelligence Res 



A Data Mining Technique for Breast Cancer Diagnosis 

 (IJSRD/Vol. 3/Issue 02/2015/053) 

 

 All rights reserved by www.ijsrd.com 202 

[18] Senapati, M.R., A.K. Mohanty, S. Dash and P.K. 

Dash, Local linear wavelet neural network for 

breast cancer recognition. Neural Computing and  

Applications, 22(1): 125-131, 2013. 

[19] T.S. Subashini, V. Ramalingam and S. Palanivel, 

Breast mass classification based on cytological 

patterns using RBFNN and SVM. Expert Systems 

with Applications, 36: 5284–5290, 2009.  

[20] Vapnik, V.N. Statistical Learning Theory. John 

Wiley & Sons, New York, 1998. 

[21] Verma, B. and S.Z. Hassan, Hybrid ensemble 

approach for classification. Applied Intelligence, 

34(2): 258-278, 2011 


