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Abstract 

 
Classification is the vital step in determining presence of cancer. Here, we aim at comparing different classification 
techniques for the cancer classification. Based on accuracy, true positive and true negative rates, we proposed the 
accurate method for classification. Different types of classification techniques are used here for comparison. 
 
Index terms: cc,mlo,lda,naïve bayes,binary tree 
 

I. Introduction 
 
Mammogram is the effective technique for detection of cancer, but the classification of mammogram image into 
benign and malignant is a tedious process. Although numerous classification techniques are already available still 
classification accuracy is not improved. Classification is the problem of identifying to which of a set of categories a 
new observation belongs, on the basis of a training set of data containing observation whose category membership is 
known. An algorithm that implements classification, especially in a concrete implementation, is known as a 
classifier. The term "classifier" sometimes also refers to the mathematical function, implemented by a classification 
algorithm that maps input data to a category. In the terminology of machine learning, classification is considered an 
instance of supervised learning, learning where a training set of correctly identified observations is available 
Classification can be thought of as two separate problems - binary classification and multiclass classification. In 
binary classification, a better. Only two classes are involved, whereas multiclass classification involves assigning an 
object to one of several classes. Binary classification is Used here. Classification of masses is based on single view 
(CC) gives less accuracy than multi-view (CC&MLO).Here we used both views for effective classification. Five 
features from both the views are selected for the classification. Based on that features we have done classification. 
                      
II. Classification Techniques  
 

A. Linear discriminant analysis (LDA) 
 
LDA is a traditional method for classification [AA, BB]. The main idea of this method is to construct the decision 
boundaries directly by optimizing the error criterion to separate the classes of objects. If there are n classes, and 
linear discriminant analysis classifies the observations as the following n linear functions:   

          (1) 
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Where WT
i is the transpose of a coefficient vector, x is a feature vector and ci is a constant as the threshold. The 

values of WT
i and ci are determined through the analysis of a training set. Once the values of WT i and ci are 

determined, they can be used to classify the new observations. The observation is abnormal if gi(x) is positive, 
otherwise it is normal. In [CC] 60 mammographic masses were classified into three classes: stellate, nodular, and 
round by LDA. Seven traditional uniresolution shape features and three multiresolution shape features were used to 
classify with the result of 100% classification rate for the stellate masses, 70% for the nodular masses, and 80% for 
the round masses. By using the multi resolution features, the overall classification rates were increased from 72% to 
83%. In [CC], a classifier using the stepwise feature selection and linear discriminant analysis was trained and tested 
on two sets of features (morphological and spiculation features) that were extracted using the machine segmentation 
and radiologist segmentation, respectively. It ensures high performance for linearly separable problem. Yet it suffers 
from poor accuracy, poor at adaptability, and poor performance for non- linear separable data 
 

B.  BINARY DECISION TREE 
 
A binary decision tree recursively divides the feature space into two subspaces by selecting a threshold to separate 
input data into two classes each time. An ordered list of binary threshold operations on the features is organized as a 
tree. Each node has a threshold associating with one or more features to divide the data into its two descendents. The 
process stops when it only contains patterns of one class. Comparing with neural networks, the decision tree 
approach is much simpler and faster. In[DD,EE],after the mammogram was segmented into regions with different 
gray levels and features, a binary decision tree was used to classify the ROIs into the unsuspicious and suspicious 
classes. Fuzzy logic can improve the performance of decision tree [ff,gg]. Fuzzy subset allows taking into account of 
membership that is useful to follow a different path for two values located on the both sides of the threshold of the 
test. A high value of the membership function will represent a high probability of the corresponding feature vector to 
be classified as a tumour. In fuzzy binary decision tree was tested on a set of 100 normal images, 39 images with 48 
minimal cancers and 25 images with 25 benign masses. The greatest advantage of this method is its low complexity. 
Yet its accuracy completely depends fully on the design of the decision tree and the feature. 
 

C.  NAIVE BAYES CLASSIFIER 
 
The naïve Bayes classifier, also called simple Bayesian classifier, is a classifier built upon the Bayes’ theorem. NB, 
also called simple Bayesian classifier, is a simple Bayesian network that assumes all features are conditionally 
independent given the class variable. Since no structure learning is required, it is very easy to construct and 
implement NB in practice. Despite its simplicity, the naïve Bayes has been found to be competitive with other more 
advanced and sophisticated classifiers. It is essentially a simple Bayesian Network (BN) and particularly suitable for 
the case when the dimensionality of the inputs is high [hh]. It uses the Bayes rule to compute the posterior of 
classification variable. Posterior of classification variable C based n the feature variables Z1,Z2, …,Zn is given by 
 

                                    (2)                                                                  

 
Assuming it as class conditional independent, it can be written as 
 

                      
                                          
which means that the joint conditional probability is the product of all the marginal conditional probabilities. The 
second assumption is that all features Z1,Z2,…,Zn are directly dependent on classification variable C. If the two 
assumptions are imposed on the general BN classifier, we can obtain the naïve Bayes classifier as  
 

       (4)                                                                                          

 
Therefore to predict the class of each sample we derive the model a 
 
                 (5)       
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The above equation can be used to predict the class (Benign or malignant).  
    

D. SVM 
 
Support  Vector  Machine  is  an  unsupervised  or  self organized  neural  network.  SVM  have  recently  found 
considerable attention in classification problems due to its generalization  capabilities.  These  classifiers  maximize  
the distance  (margin)  between  the  training  examples  and  the decision  boundaries  by  mapping  the  training  
examples  to higher dimensional space [II]. The dimension of the new space is considerably larger than that of the 
original data space. Then the algorithm finds the hyper plane in the new space having the largest margin of 
separation between the classes of the training data using an optimization technique known as the risk minimization. 
For a binary classification problem where there are only two classes in the training data = {−1,1} , a hyper plane can 
be defined as:  
            W.x + b = 0                                      (6)  
where W is the normal to the hyper plane and b / W is the shortest distance of the plane from the origin. For a good 
classification model, the positive and negative examples of the training data should fulfill the following two 
conditions: 
 
           ( W.xi ) + b > 0   if Yi = 1                   (7) 
           ( W.xi ) + b < 0   if Yi = -1                  (8) 
 
These inequalities can be combined into one set of 
Inequalities  
 
            y(W.x + b) ≥ 1 for all i                     (9) 
 
The SVM finds an optimal hyper plane responsible for the largest separation of the two classes by solving the 
following optimization problem subject to the condition in (JJ). 
 
                                 (10) 

 
The quadratic optimization problem of (JJ)  can be solved using a langrangian function 
 

 
                                                                                                                     where  is the constant known as langrage 
multipliers. The solution of (HH) for  determines the parameters w and b of the optimal hyper plane. Thus a 
decision function for the binary classification is formulated as  
 

        (12) 
 
In any classification task only a few langrangian multipliers  tend to be greater than zero and the corresponding 
training vectors are the closest to the optimal hyper plane and are called the support vectors. In nonlinear SVM, the 
training samples are mapped to a higher dimensional space with the help of a kernel function K (xi ,xj) instead of the 
inner product <xi , xj> . Some of the famous kernel functions are the polynomial kernels, radial basis function 
kernels, and sigmoid kernels. 
 

E. K NEAREST NEIGHBOURS 
 
KNN stands for “k-nearest neighbour algorithm”, it is one of the simplest but widely using machine learning 
algorithm. An object is classified by the “distance” from its neighbors, with the object being assigned to the class 
most common among its k distance-nearest neighbors. If k = 1, the algorithm simply becomes nearest neighbour 
algorithm and the object is classified to the class of its nearest neighbour.  Distance is a key word in this algorithm, 
each object in the space is represented by position vectors in a multidimensional feature space. It is usual to use the 
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Euclidean distance to calculate distance between two vector positions in the multidimensional space. In a two-class 
classification problem, we would want to choose k to be an odd number to avoid a draw votes.  The training process 
for KNN consists only of storing the feature vectors and class labels of the training samples. [KK) One major 
problem to using this technique is the class with the more frequent training samples would dominate the prediction 
of the new vector, since they more likely to come up as the neighbor of the new vector due to their large number. To 
address this problem, in our experiment, we use the same number (100) image for each class.   
K-selection, another important problem we should take into account is how to choose a suitable K for this algorithm. 
Generally, [LL], larger values of k reduce the effect of noise on the classification, but make boundaries between 
classed lsee distinct. Choosing an appropriate K is essential to make the classification more successful. 
 
 
 

F. LOGISTIC REGRESSION 
 
Logistic regression measures the relationship between a categorical dependent variable and one or more independent 
variables, which are usually continuous, by using probability scores as the predicted values of the dependent 
variable. Logistic regression is a discriminative model which relies heavily on the logistic function 

 
It heavily depends on sigmoid function 

 
And assigns following probablities 

 
Logistic regression can be binomial or multinomial. Binomial or binary logistic regression deals with situations in 
which the observed outcome for a dependent variables. Logistic regression makes use of one or more predictor 
variables that may be either continuous or categorical data. 
 
     III.         RESULTS AND DISCUSSIONS: 
 
 

A. Naïve bayes: 
 
 
 

ACC TP TN 
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CC 66.45 74.67 78.93 
MLO 76.58 78.79 79.07 
CC+MLO 81.32 70.96 85.67 
Table 1: Naïve bayes result 
 

B. SVM 
 

 
 

ACC TP TN 

CC 78.90 81.58 88.65 
MLO 84.56 88.45 89.01 
CC+MLO 88.93 88.89 87.79 
Table 2: SVM result 

C. Binary Tree 
 

 
 

ACC TP TN 

CC 82.34 89.67 88.90 
MLO 88.75 87.65 89.05 
CC+MLO 91.34 89.98 88.65 
Table 3: Binary tree result 
 
 

D. LDA 
 
 
 

ACC TP TN 

CC 88.04 88.34 91.46 
MLO 92.98 88.98 92.13 
CC+MLO 94.65 89.76 93.65 
Table 4:  LDA result 
 

E. KNN 
 

 
 

ACC TP TN 

CC 91.46 91.43 92.45 
MLO 95.87 92.44 95.67 
CC+MLO 97.83 93.46 92.44 
Table 5: KNN  result 
 

F. Logistic Regression 
 

 
 

ACC TP TN 

CC 91.37 89.45 88.34 
MLO 93.74 83.89 91.56 
CC+MLO 96.54 92.15 93.56 
Table6: Logistic regression result 
 
                  IV.   CONCLUSION 
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Based on the analysis, the accuracy increases when both views are combined than using single view.KNN shows 
high accuracy and high true positive rate than other classifiers. 
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