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ABSTRACT 

 Breast cancer is the second leading cause of cancer death in women. Mammography is the 

current method for detecting the breast cancer. Current Cancer classification methods are clinical-

based and have limited diagnostic ability. The recent advent of machine learning technique has 

made a revolution in cancer diagnosis. In this Work develop a new algorithm called probabilistic 

neural network (PNN) and radial basis function neural network (RBFN) to classify breast cancer 

tumour based on mammography data. Naive baye’s and Radial basis function network neural 

network classifiers are used to classify the image and comparative study of both algorithms to 

improve the sensitivity, accuracy and performance of the classifier. 

Keywords - breast cancer, probabilistic neural network classifier, radial basis eural network 

algorithm 

 

 

I.INTRODUCTION 

        Breast cancer   is a kind of cancer that develops from breast cells. Breast cancer usually 

starts off in the inner lining of milk ducts or the lobules that supply them with milk. A malignant 

tumor can spread to other parts of the body. Breast cancer is more than 100 times more common 

in women than in men, due to delays in diagnosis. Two kinds of abnormalities are there in breast 

cancer. They are micro calcification and masses. 80% of micro calcification is considered as 

benign. Masses are ill defined, poor contrast and lack of adipose tissue in young breast can make 

masses detection difficult and it also spread to other parts of the body. CAD have been 

developed serving a second reader has been shown to improve the success of radiologist at 

detecting breast cancer. This project will develop a new algorithm to identify masses in 

mammograms. This system will capable of assisting a radiologist in making decisions. 
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II.PROBABILISTIC NEURAL NETWORK CLASSIFIER 

Probabilistic neural network based on naïve bayes. Naive Bayes classifier is a probabilistic 

classifier based on the Bayes' theorem, considering a strong (Naive) independence assumption. 

Thus, a Naive Bayes classifier considers that all attributes (features) independently contribute to 

the probability of a certain decision. 

Taking into account the nature of the underlying probability model, the Naive Bayes classifier 

can be trained very efficiently in a supervised learning setting, working much better in many 

complex real-world situations, especially in the computer-aided diagnosis than one might expect 

.The Naive Bayes classifier has been applied to the mammographic image analysis society 

(MIAS) dataset concerning a 20 images. The testing diagnosing accuracy, that is the main 

performance measure of the classifier, was about 91.3%, in accordance with the performance of 

other well-known Machine Learning techniques. 

 

III. PROBABILISTIC NEURAL NETWORK CLASSIFIER WORKS 

        The naive Bayesian classifier works as follows: 

 Let T be a training set of samples, each with their class labels. There are k classes, C1,C2, 

. . . ,Ck. Each sample is represented by an n-dimensional vector, X = {x1, x2, . . . , xn}, 

depicting n measured values of the n attributes, A1,A2, . . . ,An, respectively 

 

 Given a sample X, the classifier will predict that X belongs to the class having the 

highest a posteriori probability, conditioned on X. That is X is predicted to belong to the 

class Ci if and only if 

       
( / ) ( / ) 1 ,i jP C X P C X for j m j i         (1)               Thus we find the class that 

maximizes P(Ci|X). The class Ci for which P(Ci|X) is maximized is  called the maximum 

posteriori  hypothesis. By Bayes’ theorem 

       
( / ) ( / ) ( ) / ( )i i iP C X P X C P C P X      (2)  

 As P(X) is the same for all classes, only P (X|Ci) P (Ci) need be maximized. If the class 

prior probabilities, P (Ci), are not known, then it is commonly assumed that the classes 

are equally likely, that is, P (C1) = P (C2) = . . . = P (Ck), and we would therefore 

maximize P (X|Ci). Otherwise we maximize P (X|Ci) P (Ci). Note that the class a priori 

probabilities may be estimated by P (Ci) = freq (Ci, T)/|T|. 

 Given data sets with many attributes, it would be computationally expensive to compute 

P (X|Ci). In order to reduce computation in evaluating P (X|Ci) P (Ci), the naive 

assumption of class conditional independence is made. This presumes that the values of 
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the attributes are conditionally independent of one another, given the class label of the 

sample. Mathematically this  means that 

                  ) 1( / ( / )n

I k x iP X C P x C        (3)         

 The probabilities P (x1|Ci), P (x2|Ci), . . . , P(xn|Ci)  can easily be estimated from the 

training set. Recall that here xk  refers to the value of Attribute Ak for sample X. 

 

(a) If Ak is categorical, then P (xk|Ci) is the number of samples of class Ci in T having the   

value xk for attribute Ak, divided by freq (Ci, T), the number of sample of class Ci in T. 

(b) If Ak is continuous-valued, then we typically assume that the values have a Gaussian 

distribution with a mean μ and standard deviation defined by 

 

            
2 2( , , ) 1/ 2 exp ( ) / 2g x x          (4)                                                                

So that 

                      ,( / ) ( , , )
ik i k C iP x C g x C          (5)        

   In order to predict the class label of X, P (X|Ci) P (Ci) is evaluated for each class Ci. 

The classifier predicts that the class label of X is Ci if and only if it is the class that   

maximizes P (X|Ci) P (Ci). 

 

a. Advantage of PNN 

 The major advantage in probabilistic neural network classifier is the computational time 

and it predicts the class variable in a very short time. Since the prediction probability is 

the combination of counting in different attributes, therefore it can be even computed in 

parallel in order to increase the computational performance.   

 Another advantage in naïve Bayes classifier is that data with missing values can be used 

as inputs, whereas neural network cannot.  In naïve Bayes classifier, it simply counts the 

data with that particular attribute’s value only. 

 Naive Bayes classifier is that it only requires a small amount of training data to estimate 

the parameters (means and variances of the variables) necessary for classification.  

 Bayesian classifiers have also exhibited high accuracy and speed when applied to large 

databases 

 

IV. RADIAL BASIS FUNCTION NEURAL NETWORK (RBFNN) 

 

         Neural network-based methods have been proposed to solve the classification problem. 

Among them, the radial basis function neural network (RBFNN) is the most popular architecture, 

because it has good learning and approximation capabilities. The radial basis function is a 

classification and approximation neural network developed by M.J.D. Powell.  This is becoming 
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an increasingly popular neural network with diverse applications and is probably the main rival 

to the multi-layered perceptron much of the inspiration for RBF networks has come from 

traditional statistical pattern classification techniques  Radial basis function networks are 

multilayer feed forward network strained using a supervised training algorithm. A radial basis 

function network is an artificial neural network that uses radial basis functions as activation 

functions. The network uses the most common non linearities such as sigmoidal and Gaussian 

kernel functions. The Gaussian functions are also used in regularization networks. 

A. Radial basis functions 

Here is a radial basis network with R   inputs. 

 
Fig 1 Radial basis neuron 

The expression for the net input of a radbas neuron is different from that of other neurons. Here 

the net input to the radbas transfer function is the vector distance between its weight vector w 

and the input vector p, multiplied by the bias b. (The ||dist|| box in this figure accepts the input 

vector p and the single row input weight matrix, and produces the dot product of the two). The 

transfer function for a radial basis neuron is 

                                                                                            (6)       

 

Fig 2 Radial basis function 

http://en.wikipedia.org/wiki/Artificial_neural_network
http://en.wikipedia.org/wiki/Radial_basis_function
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        Radial basis function has a maximum of 1 when its input is 0. As the distance between w 

and p decreases, the output increases. Thus, a radial basis neuron acts as a detector that produces 

1 whenever the input p is identical to its weight vector w.The bias b allows the sensitivity of the 

radbas neuron to be adjusted.  

B. Activation function 

Radial basis function uses Gaussian activation function. The response of such function is 

non-negative for all values of x. The function is defined as  

2( ) exp( )f x x                        (7) 

The derivative is given by  

1 2( ) 2 exp( ) 2 ( )f x x x xf x           (8)        

The radial basis function is different from back propagation network in the Gaussian function it 

uses. The graphical representation of Gaussian function is shown below. 

 

Fig  3 Gaussian kernel function 

The most commonly used radial-basis function is a Gaussian function. In a RBF network, r is the 

distance from the cluster centre.  

C. Distance measure 

 The distance measured from the cluster centre is usually the Euclidean distance.  

 For each neuron in the hidden layer, the weights represent the co-ordinates of the centre 

of the cluster. 

 Therefore, when that neuron receives an input pattern, X, the distance is found using the 

following equation: 
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j i ij

i

r x w


 
         (9)   

D. Algorithm 

Newrb creates a two-layer network. The first layer has radbas neurons, and calculates its 

weighted inputs with distance and its net input with netprod. The second layer 

has purelin neurons, and calculates its weighted input with dotprod and its net inputs 

with netsum. Both layers have biases. Initially the radbas layer has no neurons. The following 

steps are repeated until the network's mean squared error falls below goal. 

1. The network is simulated. 

2. The input vector with the greatest error is found. 

3. A radbas neuron is added with weights equal to that vector. 

4. The purelin layer weights are redesigned to minimize error. 

E.  Advantage 

Radial basis function network have several advantages. 

 They are usually train much faster  

  They are less susceptible to problems with non-stationary inputs because of the behavior 

of the radial basis function hidden unit. 

V. PERFORMANCE EVALUATION 

A. Sensitivity 

Sensitivity (also called true positive) which is the probability of having a positive test among 

positive diagnosed patients 

SE=TP\TP+FN       (10) 

B.Specificity 

Specificity (also called negative rate) the probability off having a negative test among negative 

diagnosed patients 

SP=TN\FP+TN             (11)  

C.Accuracy  

Accuracy is related to the closeness of a measurement within certain limits with the true value of 

the quantity under measurement. 
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    ACCURACY= (TP+TN)\(TP+TN+FP+FN)  (12) 

                                           

VI. RESULTS AND DISCUSSIONS  

A. COMPARISON PLOT FOR PNN AND RBFNN ALGORITHM   

 

 

CLASSIFIERS 

 

SENSITIVITY 

 

SPECIFICITY 

 

ACCURACY 

 

NAIVE BAYES 

CLASSIFIER 

 

0.8571 

 

1 

 

91.6667 % 

RADIAL BASIS 

FUNCTION NEURAL 

NETWORK 

CLASSIFIER 

 

0.8889 

              

1 

 

93.3333% 

 

B. DATABASE 
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IMAGE 1 (BENIGN CONDITION) 

 

 

IMAGE 2 (ABNORMAL CONDITION) 
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IMAGE 3 (NORMAL CONDITION) 

 

 

 

 

VII.   CONCLUSION 

    Breast cancer is one of the major causes of death among women. Here presented a novel 

approach to identify the presence of breast cancer mass in mammograms using image processing 

functions. CAD system has been developed to reduce the workload to the physicians. The results 

indicate that this system can facilitate the doctor to detect the breast cancer in the early stage of 

diagnosis as well as classify the total cancer affected area. This will help doctor to take or 

analyze in which stage of cancer the patient have and according to which the patient can take 

necessary and appropriate treatment steps. Digital mammography screening programs can enable 

early detection and diagnose of the breast cancer which reduces the mortality and increases the 

chances of complete recovery. 
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