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Abstract -Breast cancer is a worldwide disease affecting mostly women of all ages, race and ethnicity. Inspite of cutting edge  

techniques for examination and diagnosis its numbers are still on the rise. The burden of breast cancer on the  healthcare 
system has increased steadily stressing the need for cost-effective methods for early detection, screening, and surveillance. 
This paper summarizes  breast cancer diagnosis using support vector machines, in conjunction with other techniques, which 
are considered as providing the  best accuracy in predicting breast cancer. The study gives an assessment on a number of 
papers that implement SVM to diagnose the breast cancer as well as a performance analysis of SVM models with various 
kernels.  
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I. INTRODUCTION 
 Breast cancer(BC) is now the most common cancer in  women especially Indian women having recently 
surpassed its numbers in cervical cancer. India, is  witnessing more and more numbers of patients being diagnosed 
with breast cancer especially in the younger age group of 30-40. According to Lancet studies the projected figure of 
cases of Breast cancer will become almost double by 2020. Hence the need of the hour is cost effective and reliable 
early  screening and detection techniques. Owing to its advantage of identifying decisive features from complex 
Breast Cancer datasets researchers have  applied many machine learning techniques in  improving the accuracy of 
breast cancer risk, detection, recurrence and survivability predictions. The selection of suitable machine learning 
techniques is a challenge in diagnosis of breast cancer. A review of current research reveals that almost all the ML 
algorithms employed in BC diagnosis are supervised. The paper reviews the various works done in diagnosing 
breast cancer using support vector machines and then evaluates the performance of SVM models with varying 
kernel functions.    

 The rest of the paper is organized as follows. section II summarizes the related works done  with SVMs, 
Section III gives a description of the dataset used and Section IV compares the performance of  the SVM model 
using different kernels Radial Basis function along with Grid search, Linear SVM with Recursive feature 
elimination, Polynomial Kernel with Grid Search CV, Sigmoid Kernel and Chisquare kernel. Section V gives the 
results obtained. The work is done using Python programming 

II.  RELATED WORKS IN BREAST CANCER DIAGNOSIS USING SVM 

 In their work Puneet[1] et al use Decision trees and Support Vector machines. The Wisconsin breast cancer 
dataset, with 9 attributes and 699 instances is used The training set and testing set used is of the ratio 80:20.   A 
prediction accuracy of 90% to 94%  is shown in decision trees and 94.5% to 97%  accuracy in the case of SVMs. It 
is seen that Decision trees provided a pathway to find rules that could be evaluated for separating the input samples 
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into one or several groups. Huang [2] et al in their work assess the prediction performance of SVM and SVM 
ensembles using different kernel functions linear, polynomial, and RBF kernel functions and combination methods 
over small and large scale breast cancer datasets. It is seen that linear kernel based SVM ensembles based on the 
bagging method and RBF kernel based SVM ensembles with the boosting method are better choices for small scale 
datasets, where feature selection is being done in the data pre-processing stage. RBF kernel based SVM ensembles 
based on boosting performed better than the other classifiers for large datasets. Milon[3] et al propose a model that 
predicts breast cancer based on Support Vector Machine and K-Nearest Neighbors and an accuracy of 99.68% with 
SVM in training phase is obtained. Osman[4] in his paper propos an automatic diagnostic method for breast tumor 
disease using hybrid Support Vector Machine (SVM) and the Two-Step Clustering Technique. The hybrid method 
enhances the accuracy by 99.1%. Bazazeh[5] compares three of the most popular ML techniques commonly used for 
breast cancer detection and diagnosis, namely Support Vector Machine , Random Forest  and Bayesian Networks. 
The Wisconsin original breast cancer data set is used. The results showed that Bayesian Network  has the best 
performance 0f 97.2 on an average in terms of recall and precision followed by SVM with 97% of accuracy. 
Random Forest  technique shows the optimum ROC performance of 99.1% when compared to the two other 
techniques. This implies that RF has a higher chance of discriminating between malignant and benign cases. 
Ebrahim[6] et al in their study observed that classification implemented by Neural Network technique was more 
efficient compared to SVM in terms of accuracy and precision. Agarwal[7] et al in their study proposed a hybrid 
SVM and Logistic Regression method to improve the accuracy of  prediction of survival chance of a patient post 
surgery. An accuracy of 85.24% was obtained, where individual methods of SVM and Logistic Regression  gave an 
accuracy of 78.03% and 72.40% respectively. Kajitha[8] et al  uses SVM and Naive Bayes technique and compares 
the performance of each methods by measuring sensitivity, specificity, accuracy, confusion matrix and 10 fold 
validation. It is found that Naïve Bayes model produced a highest accuracy of 95.65% and  SVM is far less accurate 
compared to Naïve Bayes. Hazra[9] et al devise a system to find the smallest subset of features that  ensure highly 
accurate classification of breast cancer as either benign or malignant. A comparative study on different cancer 
classification approaches Naïve Bayes, Support Vector Machine and Ensemble classifiers is conducted and they 
measure the time complexity of each of the classifiers. Naïve Bayes classifier is considered as the best classifier with 
lowest time complexity when compared with the other two classifiers. Data cleaning and normalization is done and 
Feature selection is done by Pearson Correlation Coefficient. Sivakami[10] proposes a hybrid classification 
algorithm for breast cancer patients which integrated Decision Tree and SVM algorithms. Wisconsin Breast Cancer 
Dataset (WBCD) is used. An accuracy of 91% is obtained, k fold Crossover Validation (CV) was used to evaluate 
the classification accuracy. DT is  implemented using Weka tool with Java platform and LIBSVM implementation 
for SVM. The proposed algorithm is compared with other classifiers like Instance Based Learning, Sequential 
Minimization Organization and Naïve Bayes. Zheng B et al.[11] develops a hybrid of  K-means and support vector 
machine (K-SVM) algorithms. The K-means algorithm is utilized to recognize the hidden patterns of the benign and 
malignant tumors separately. The membership  of each tumor to these patterns is calculated and treated as a new 
feature in the training model. It uses a  support vector machine to obtain the new classifier to differentiate the 
incoming tumors. Based on 10-fold cross validation, the proposed methodology improves the accuracy to 97.38%, 
when  tested on the Wisconsin Diagnostic Breast Cancer (WDBC) data set from the University of California –Irvine 
machine learning repository. Six abstract tumor features are extracted from the 32 original  features for the training 
phase. Hussain[12] et al classifies the Breast cancer data set using SVM with different kernel functions- RBF, 
polynomial, Mahalanobis, and sigmoid and compares the results with neural networks. For feature subset selection 
is used employing genetic algorithms. The polynomial kernel functions of the 4th degree gives overall best 
performance of 92.627% and radial basis functions gives an accuracy of 92.105%. Arun[13] et al used a hybrid 
Decision tree SVM with reduced support vectors to speed up testing and still maintain the classification accuracy. 
Afay[14] in his study uses SVMs with F score and grid search to diagnose Breast Cancer. For training-testing sets of 
50-50 %, 70-30% and 80-20%  an accuracy of 98.53, 99.02 and 99.5% are obtained. Yue[15] et al in their r paper 
highlighted the importance of ML techniques in healthcare applications and  usage of  Ensemble methods to 
improve the accuracy of the techniques. Bennet[16] et al intheir work combined SVMs and Decision trees and found 
that it had better performance than individual Decision trees and SVMs. Sharma[17]et al, in their study predicts 
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breast cancer as benign or malignant using data sets from Wisconsin Breast Cancer Data using Logistic Regression, 
Nearest Neighbor and linear Support Vector Machines. Probability of recurrence in affected patients is also 
calculated making use of the Wisconsin Prognostic data set. It is seen that logistic regression is the best classifier 
model for diagnostic data set whereas support vector machine is the best classifier for prognostic data set. Wang[18] 
et al used a Weighted Area Under the ROC Curve Ensemble which showed better performance than single svm 
methods giving an accuracy of 97.10%. 

 

III. DATASET 
 The Wisconsin Breast Cancer Database(WBCD) obtained from Dr. William H. Wolberg of Wisconsin 
University Hospitals, Madison is used. The Original data set contains 699 instances with 11 attributes each. The first 
attribute the ID of an instance, is discarded as it has no role in prediction, and the next 9  represent different 
characteristics of an instance. These are the cytological characteristics of the breast fine needle aspiration(FNA) test. 
The instances all have a values between 1 and 10. 1 for least problematic and 10 for the most.  The diagnosis made 
is the last attribute. Each instance belongs to one of the 2 possible classes, benign with value 2 or malignant with 
value 4. The 9 attributes that are used in the prediction process are: Clump Thickness, Uniformity of Cell Size, 
Uniformity of Cell Shape, Marginal Adhesion, Single Epithelial Cell Size, Bare Nuclei, Bland Chromatin, Normal 
Nucleoli, and Mitoses. The database has 699 instances  with 458 benign cases - 65.5% and 241 malignant cases- 
34.5%. Sixteen instances were avoided due to missing values and 683 instances(444 -benign , 239-malignant) were 
taken for the study. 

 

 

TABLE I 

Sl 
No 

Attribute Range of the 
values 

Comparison of benign and 
malignant cells 
Malignant Benign 

1 clump_thickness 
1-10 

Seen in 
multilayers 

Seen in 
monolayers 

2 size_uniformity 1-10 Size differs Uniform size 
3 shape_uniformity 1-10 Shape differs Uniform shape 
4 marginal_adhesion 

1-10 
Cells do not 
stick together 

Cells stick 
together 

5 epithelial_size 1-10 enlarged small 
6 bare_nucleoli 

1-10 
Have bare 
nucleoli 

No bare nucleoli 

7 bland_chromatin 
1-10 

Coarse in 
texture 

Uniform texture 

8 normal_nucleoli 
1-10 

Nucleus is 
bigger 

Nucleus is small 

9 mitoses 1-10 
 

Mitosis is more Not so 

 Class 2  for benign 
4 for malignant 
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IV. METHODOLOGY 

 

 

A. Support Vector Machines 

 Support Vector Machine (SVM) is a supervised machine learning algorithm used for both classification and 
regression. It also handles multiple continuous and categorical variables. It is a binary classification method that is 
used with much success  on large datasets and nonlinear classification problems. It is been found to be  most 
appropriate in solving linear separated problems as well as non-linear separated problems providing very excellent 
accuracy rates.  An SVM classifier, a concept by Vladimir Vapnik, finds the optimal separating hyperplane between 
positive and negative classes of data. The optimal hyperplane is the one that gives maximum margin between the 
training examples that lie closest to the hyperplane and the data points on the two sides belong to different classes. 
Support vectors are the points closest to the hyperplane. These support vectors are used to maximize the classifier 
margin. Different support vectors influence the position and orientation of the hyperplane. When nonlinear 
problems, (more than two features), are involved, SVMs map non linear inputs to a higher dimensional feature 
space. By defining nonlinear mappings the SVM finds an optimal hyperplane in the higher dimensional space. 
Symmetric functions called Kernel functions are used to define non linear mappings. Different types of kernels 
exist.  Some commonly used kernel functions are  linear, nonlinear, polynomial kernels, used in image processing, 
Gaussian kernel, Gaussian Radial basis function (RBF) and Laplace RBF kernels, used when there is no prior 
information regarding the data, Hyperbolic tangent Kernel, used in Neural Networks, Sigmoid, as proxy in Neural 
Networks, Linear splines kernel in one-dimension, used in large sparse data sets, Anova Radial basis Kernels, used in 
regression problems and Bessel function of the first kind Kernel, used to remove cross terms in functions. The most 
commonly used  kernel for disease prediction being radial basis function. Five kernel functions are taken and studied. The 
work was done in python using the scikit-learn implementation of  SVC. 

 

A. SVM with Radial Basis Function kernel and Grid SearchCV 

 The radial basis function (RBF) kernel between two  input vectors x and y is defined as   k(x,y) = 
exp(−γ‖x−y‖2) where gamma, γ, is variance. The SVM model with the Radial Basis function  kernel is implemented. 
The dataset is normalized and partitioned into 70- 30 training -testing set. Grid search cross validation was used to 
find the best penalty parameter values- 'C' and 'gamma' parameter values. The model is built based on the best 
parameter values obtained. The data is normalized before use as normalization enhances the accuracy rates. 

The performance of the classifier is shown in table I 

TABLE II  

Class Precision Recall F1 
score 

Support Accuracy AUC Confusion 
Matrix 

Parameters 
used 

2- Benign 0.98 0.99 0.98 130 0.9804  0.998 [[128 2]  
 [ 3 72]] 

 

C=1, 
gamma= 
.01 

4- 
Malignant 

0.99 0.96 0.97 75 

Weighted 
average 
scores 

0.98 0.98 0.98 205 
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Fig 1 ROC Curve for RBF - GSCV Kernel 

 
 

B. Linear SVM with RFECV 

 The linear kernel, simplest of kernel functions, is represented by the equation k(x,y)=x⊤y+c0 for two input 
vectors x,y. In the experiment linear SVM was applied with recursive feature elimination with cross validation for 
selecting optimal number of features. RFECV used 10 fold cross validation. Feature elimination is done iteratively 
on the subset of remaining features excluding one attribute a time. The subset which gives the best score is taken to 
build the model. It was seen that the model with 6 attributes performed better and it was chosen. Features used for 
prediction-'clump_thickness', 'size_uniformity', marginal adhesion , 'bare_nucleoli', 'bland_chromatin',  'mitoses'. 
Features excluded-shape_uniformity, 'epithelial_size'  , normal nucleoli 
Ranking of features- [1 1 4 1 2 1 1 3 1] 

TABLE II 

 
Class Precision Recall F1 

score 
Support Accuracy AUC Confusion 

matrix 
Parameter used 

2- Benign 0.97 0.99 0.98 130 0.9756 0.9973 [[129 1]        
[ 4  71]] 

Number of 
Optimal 
Features- 6 

4- 
Malignant 

0.99 0.95 0.97 75  

Weighted 
average 
scores 

0.98 0.98 0.98 205  

 

 Fig 2 FEATURE VS ACCURACY       Fig 3 ROC for LINEAR SVM- RFE 
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C.  Polynomial Kernel with Grid SearchCV 

 The polynomial kernel is defined as k(x,y)=(γx⊤y+c0)d for the input vectors x and y, d is the degree of the 
kernel. To find the best C and gamma values Grid Search is used . The dataset was normalized. The accuracy results 
and area under the curve for varying degrees of the polynomial was measured and the best accuracy and AUC was 
obtained at degree 5. As degree was increased above 5 the AUC illustrated  a decrease in area indicating signs of 
over fitting. 

TABLE III 

Class Precision Recall F1 
score 

Support Accuracy  AUC Confusion 
Matrix 

Parameter 
used 

2- Benign 0.86 1 0.92 130 89.27  0.986 [[130 0]  
[22 53]] 

 

C=3.5, 
Gamma=0.11 
Degree= 5 
R= 

4- Malignant 1 0.71 0.83 75 
Weighted 
average 
scores 

0.91 0.89 0.89 205 

 
  Fig 4 ROC of Polynomial Kernel-GSCV 

 
 

 
 
 

D.  Sigmoid Kernel 

 
 SVM models using sigmoid kernel function is equivalent to two-layer perceptron neural networks. It is 
defined as K(x,y) = tanh(axTy +r), which takes two parameters: a, slope and r, intercept constant, for 2 input vectors 
x and y. Normalization of data was done. As the experiment shows it performs fairly well. Table V gives the 
performance value 
 

 TABLE IV 

 
Class Precision Recall F1 

score 
Support Accuracy AUC Confusion 

Matrix 
Parameter 

Values 
2- Benign 0.98 0.99 0.98 130 98.05% 0.998 [[129 1] 

 [ 3 72]] 
 

C= .03 
Gamma=1 
r= 

4- Malignant 0.99 0.96 0.97 75 
Weighted 
average 
scores 

0.98 0.98 0.98 205 
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  Fig 5 ROC of Sigmoid Kernel 

 
 

E. Chi2 kernel  
  

 The chi square (χ2) kernel comes from the Chi-Square distribution: K(x,y)= 1- sum((xi-yi)
2/0.5(xi+yi)) where 

i= 1 to n. The kernel was applied in SVM to get  an accuracy of 94.63. Table VI shows the performance 
characteristics. 
 

TABLE V 

 
Class Precision Recall F1 score Support Accuracy AUC Confusion 

Matrix 
2- Benign 1 0.9 0.96 130 94.63% 0.993 [[119 11] 

 [ 0 75]] 
 

4- Malignant 0.87 1 0.93 75 
Weighted 
average scores 

0.95 0.95 0.95 205 

 
   
  Fig 6 ROC of Chi2 Kernel 
 

 

V. DISCUSSIONS AND RESULT  
 The Performance analysis of all the SVM kernels were done using the evaluation metrics Precision, Recall, 
Sensitivity, F1 Score and Area Under the ROC curve  calculated as shown in the equations 1 to 5 
 
Precision= TP/(TP+FP)              (1) 
Recall=TP/(TP+TN)           (2) 
Sensitivity=TP/(TP+FN)          (3) 
F1 score=2*((precision*recall)/(precision+recall))       (4) 
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accuracy= (TP+TN)/(TP+TN+FP+FN)        (5) 
where TP-True Positive, FP- False Positive, TN- True Negative, FN-False Negative 
Receiver operator Characteristic(ROC) curve was drawn and the area under the curve(AUC) was calculated 

 
 The results provides understanding in the prediction performances of the various SVMs with different 
kernels. Linear-RFE, RBF_GSCV and Sigmoid kernels gave the best F1 score of 0.98. Recall, the ability of a model 
to identify all relevant instances, was lowest for polynomial kernel and highest for RBF-GSCV Sigmoid and Linear-
RFE kernels. AUC is a better tool than measures such as accuracy and visualizes the performance. The higher the 
AUC value the better is the classifier performance. RBF-GSCV and sigmoid kernels showed the largest AUC value. 
It can be concluded from the results that the RBF, Sigmoid and Linear-RFE kernels are better for breast cancer 

diagnosis prediction. 
 

TABLE VI COMPARISON OF KERNELS 

 
Sl. No SVM Kernel Precision Recall F1 Score Accuracy% AUC 

1 Linear-RFE 0.98 0.98 0.98 97.5 0.998 
2 RBF-GSCV 0.98 0.98 0.98 98.0 0.998 
3 Polynomial-

GSCV 
0.91 0.89 0.89 89.2 0.986 

4 Sigmoid 0.98 0.98 0.98 98.0 0.998 
5 Chisquare 0.95 0.95 0.95 94.6 0.993 

 
 
  Fig 7 PERFORMANCE ANALYSIS 
 

 
 

VI.  CONCLUSION 
 Different ML approaches employed in BC diagnosis and prognosis is analyzed using the WBCD database 
as a benchmark dataset. ML techniques have shown their remarkable ability to improve  classification and prediction 
accuracy.  However, in biomedical sciences where accuracy of predicted outcomes are of at most importance, and 
since the methods vary for different datasets, it is vital that these techniques which are difficult to comprehend, are 
examined and assessed rigorously before using them commercially. The performance of SVM with different kernel 
functions were assessed. The performance of SVM in combination with other methods or as an ensemble is to be 
analyzed in future. 
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