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Abstract— Breast cancer is the most common disease and 

major cause of death among women. Early detection of this 

disease can greatly enhance the chances of long-term survival of 

breast cancer victims. Artificial Neural Networks (ANN) have 

been widely used for cancer prediction and prognosis. This paper 

studies various techniques used for the diagnosis of breast cancer 

using ANN. Different methods for breast cancer detection are 

explored and their accuracies are compared.  
 

Index Terms-- Artificial neural networks, Breast cancer 

diagnosis, Wisconsin breast cancer dataset. 

I. INTRODUCTION 

Breast cancer is the major cause of death by cancer in the 

female population [1]. Most breast cancer cases occur in 

women aged 40 and above but certain women with high-risk 

characteristics may develop breast cancer at a younger 

age[2].Cancer is a disease in which cells become abnormal 

and form more cells in an uncontrolled way. With breast 

cancer, the cancer begins in the tissues that make up the 

breasts. The cancer cells may form a mass called a tumor. 

They may also invade nearby tissue and spread to lymph 

nodes and other parts of the body. The most common types of 

breast cancer are-Ductal carcinoma and Lobular carcinoma. 

Ductal carcinoma cancer begins in the ducts and grows into 

surrounding tissues. About 8 in 10 breast cancers are this 

type. Lobular carcinoma cancer begins in lobules and grows 

into surrounding tissues. About 1 in 10 breast cancers are of 

this type[3]. There is much research on medical diagnosis of 

breast cancer with Wisconsin breast cancer database 

(WBCD) in neural network literature [33]. This paper 

reviews the existing/popular neural network techniques with 

WBCD data for the diagnosis of breast cancer. 

II. NEURAL NETWORK TECHNIQUES FOR 

DIAGONOSIS OF BREAST CANCER  

Various artificial intelligence techniques have been used to 

improve the diagnose procedures and to aid the physician’s 

efforts [5], [6]. 

A. Multilayer Perceptron (MLP) 

MLP is a class of feed forward neural networks which is 

trained in a supervised manner to become capable of outcome 

prediction for new data [7]. The structure of MLP is shown in 

fig 1. An MLP consists of a set of interconnected artificial 

neurons connected only in a forward manner to form layers. 
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One input, one or more hidden and one output layer are the 

layers forming an MLP[10]. Artificial neuron is basic 

processing element of a neural network. It receives signal 

from other neurons, multiplies each signal by the 

corresponding connection strength, that is weight, sums up 

the weighted signals and passes them through an activation 

function and feeds the output to other neurons[8]. Neural 

classification of breast cancer data consists of two steps- 

training and testing. The classification accuracy depends on 

training[9]. A mapping between the input and output data 

could be established by assigning weights to the input 

numerical data during training[10]. The training requires a 

series of input and associated output vectors. During the 

training, the network is repeatedly presented with the training 

data and the weights and thresholds in the network are 

adjusted from time to time till the desired input output 

mapping occurs[8].  
 

 
Fig.1 An MLP structure 

B. Radial Basis Function Neural Network (RBFNN) 

      RBFNN is trained to perform a mapping from an 

m-dimensional input space to an n-dimensional output space. 

An RBFNN consists of the m-dimensional input x being 

passed directly to a hidden layer. Suppose there are c neurons 

in the hidden layer. Each of the c neurons in the hidden layer 

applies an activation function, which is a function of the 

Euclidean distance between the input and an m-dimensional 

prototype vector. Each hidden neuron contains its own 

prototype vector as a parameter. The output of each hidden 

neuron is then weighted and passed to the output layer. The 

outputs of the network consist of sums of the weighted 

hidden layer neurons[12]. The transformation from the input 

space to the hidden-unit space is nonlinear where as the 

transformation from the hidden-unit space to the output space 

is linear[11].  
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Fig. 2: Probabilistic neural network for breast cancer 

diagnosis. 

The performance of an RBFNN network depends on the 

number and location (in the input space) of the centers, the 

shape of the RBFNN functions at the hidden neurons, and the 

method used for determining the network weights. Some 

researchers have trained RBFNN networks by selecting the 

centers randomly from the training data[13].  

C. Probabilistic Neural Networks (PNN) 

PNN is a kind of RBFNN suitable for classification 

problems. It has three layers. The network contains an input 

layer, which has as many elements as there are separable 

parameters needed to describe the objects to be classified. It 

has a pattern layer, which organizes the training set such that 

an individual processing element represents each input 

vector. And finally, the network contains an output layer, 

called the summation layer, which has as many processing 

elements as there are classes to be recognized[18]. For 

detection of breast cancer output layer should have 2 neurons 

(one for benign class, and another for malignant class). Each 

element in this layer combines via processing elements 

within the pattern layer which relate to the same class and 

prepares that category for output[18]. PNN used in [14] has a 

multilayer structures consisting of a single RBF hidden layer 

of locally tuned units which are fully interconnected to an 

output layer (competitive layer) of two units, as shown in Fig. 

2. In this system, real valued input vector is feature’s vector, 

and two outputs are index of two classes. All hidden units 

simultaneously receive the eight-dimensional real valued 

input vector. The input vector to the network is passed to the 

hidden layer nodes via unit connection weights. The hidden 

layer consists of a set of radial basis functions. Associated 

with jth hidden unit is a parameter vector, called  a center. 

The hidden layer node calculates the Euclidean distance 

between the center and the network input vector and then 

passes the result to the radial basis function. All the radial 

basis functions are of Gaussian type. Equations which are 

used in the neural network model are as follows- 
 

                                                       (1) 

                                     (2)     

 = 0.833/s                                     (3) 

                                     (4) 

                 1, if Si max of {  } 

                                   (5) 

                0, else 

where i = 1,2, j = 1,2,. . . ,h,  is the ith output (classification 

index),  is the eight-dimensional real valued input vector, 

 is the weight between the jth hidden node and the ith 

output node, ( ) is the center vector of the jth hidden node, s 

is the real constant known as spread factor, bih is the biasing 

terms of radial basis layer, and Ø(.)  is the nonlinear RBF 

(Gaussian). PNN provides a general solution to pattern 

classification problems by following an approach developed 

in statistics, called Bayesian classifiers [15][16]. PNN 

combines the Bays decision strategy with the Parzen 

non-parametric estimator of the probability density functions 

of different classes [17].  

D. Generalized Regression Neural Networks (GRNN) 

   GRNN is the paradigm of RBFNN, often used for function 

approximations [19]. GRNN consists of four layers: The first 

layer is responsible for reception of information, the input 

neurons present the data to the second layer (pattern 

neurons), the output of the pattern neurons are forwarded to 

the third layer (summation neurons),  summation neurons are 

sent to the fourth layer (output neuron)[20]. If f(x) is the 

probability density function of the vector random variable x 

and its scalar random variable z, then the GRNN calculates 

the conditional mean E(z\x) of the output vector. The joint 

probability density function f(x, z) is required to compute the 

above conditional mean. GRNN approximates the probability 

density function from the training vectors using Parzen 

windows estimation [21]. GRNNs do not require iterative 

training; the hidden- to-output weights are just the target 

values tk, so the output y(x), is simply a weighted average of 

the target values tk of training cases xk close to the given input 

case x. It can be viewed as a normalized RBF network in 

which there is a hidden unit centered at every training case. 

These RBF units are called kernels and are usually 

probability density functions such as the Gaussians. The only 

weights that need to be learned are the widths of the RBF 

units h. These widths (often a single width is used) are called 

smoothing parameters or bandwidths and are usually chosen 

by cross validation[19]. 

E. Fuzzy- Neuro System 

Fuzzy-Neuro system uses a learning procedure to find a set 

of fuzzy membership functions which can be expressed in the 

form of  if-then rules[22-24]. A fuzzy inference system uses 

fuzzy logic, rather than Boolean logic, to reason about data 

[26]. Its basic structure includes four main components- a 

fuzzifier, which translates crisp (real-valued) inputs into 

fuzzy values; an inference engine that applies a fuzzy 

reasoning mechanism to obtain a fuzzy output; a defuzzifier, 

which translates this latter output into a crisp value; and a 

knowledge base, which contains both an ensemble of fuzzy 

rules, known as the rule base, and an ensemble of 

membership functions, known as the database. The 

decision-making process is performed by the inference 

engine using the rules contained in the rule base[27].The 

fuzzy logic procedure can be summarized in following steps:  

Determination of the input and output variables that describe 

the observed phenomenon together with the selection of their 

variation interval, defining a set of linguistic values together 

with their associated membership functions that map/cover 

the numerical range of the fuzzy variable, and defining a set 

of fuzzy inference rules between input and output fuzzy 

variables[25]. 
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F. Genetic Algorithm (GA) 

The standard GA proceeds as follows: an initial population 

of individuals is generated at random or heuristically. Every 

evolutionary step, known as a generation, the individuals in 

the current population are decoded and evaluated according 

to some predefined quality criterion. To form a new 

population (the next generation), individuals are selected 

according to their fitness. Many selection procedures are 

currently in use, one of the simplest being 

fitness-proportionate selection, where individuals are 

selected with a probability proportional to their relative 

fitness. This ensures that the expected number of times an 

individual is chosen is approximately proportional to its 

relative performance in the population. Thus, high-fitness or 

good individuals stand a better chance of reproducing, while 

low-fitness ones are more likely to disappear [27]. Genetic 

algorithms can be used to determine the interconnecting 

weights of the ANN. During training of the network, the BP 

requires approximately two ANN evaluations (i.e., one 

forward propagation and one backward error propagation) for 

each iteration, while the GA required only one ANN 

evaluation (i.e., forward propagation) for each generation and 

each chromosome. In comparison to the conventional BP 

training algorithm, the GA has shown to provide some 

benefit in evolving the inter-connecting weights for the 

ANNs. In [28] although the GA trained ANN didn’t 

outperform the BP-trained ANN at all numbers of ANN 

evaluations in the test set, the GA trained ANN was found to 

converge faster than the BP trained ANN in the training set.  

III. DESCRIPTION OF WISCONSIN BREAST CANCER 

DATABASE (WBCD) 

The database used for detection of breast cancer by 

artificial neural networks is publicly available in the 

Internet[36]. The dataset is provided by university of 

Wisconsin hospital, Madison from Dr. William H. Wolberg. 

This database has 699 instances and 10 attributes including 

the class attribute. Attribute 1 through 9 are used to represent 

instances. Each instance has one of two possible classes: 

benign or malignant. According to the class distribution 458 

or 65.5% instances are Benign and 241 or 34.5% instances 

are Malignant. Table 1 provides the attribute information. 

Table 1: Attributes of breast cancer data 

 

The original data can be presented in the form of analog  

values with values ranging from 0-10. Conversion of the 

given data sets into binary can be done based on certain 

ranges, which are defined for each attribute[37].  

IV. COMPARISON TABLE 

In [29] four different neural network structure, MLP, 

RBFNN, PNN and GRNN were applied to WBCD to show 

the performance of statistical neural networks on breast 

cancer data. The spread value of RBF, PNN and GRNN was 

chosen 4.4, 1 and 3, respectively. In MLP, learning rate was 

0.6. According to results, RBF and PNN gives the best 

classification accuracy with 342 correct classifications while 

GRNN has the lowest accuracy with 330 correct 

classifications for the training set. MLP has 335 correct 

classifications. Accuracy comparison for popular neural 

network techniques with WBCD data for the diagnosis of 

breast cancer is shown by table 2. 
 

Table 2: Accuracy comparison for test data classification 
 

Type of Network Accuracy 

 

References 

Radial Basis Function Neural 

Network (RBFNN) 

96.18% [29] 

Probabilistic Neural Network 

(PNN) 

97.0% [29] 

Multilayer Perceptorn (MLP) 95.74% [29] 

Generalized Regression Neural 

Network (GRNN) 

98.8% [29] 

Symbiotic Adaptive 

Neuro-Evolution (SANE) 

98.7% [30] 

Information Gain and Adaptive 

Neuro-Fuzzy Inference System 

(IGANIFS) 

98.24% [31] 

Xcyct system using leave one 

out method 

90 to 91% [32] 

Adaptive Neuro-Fuzzy 

Inference System (ANFIS) 

59.90% [33] 

Fuzzy 96.71% [34] 
Shunting Inhibitory Artificial 

Neural Networks (SIANN) 
100% [35] 

V. CONCLUSION 

The last decade has witnessed major advancements in the 

methods of the diagnosis of breast cancer. It was found that 

the use of ANN increases the accuracy of most of the 

methods and reduces the need of the human expert. The 

neural networks based clinical support systems provide the 

medical experts with a second opinion thus removing the 

need for biopsy, excision and reduce the unnecessary 

expenditure. This paper compares NN techniques for breast 

cancer diagnosis using WBCD. The MLP, RBFNN, PNN, 

GRNN, GA, Fuzzy- neuro -system, SANE, IGANIFS, Xcyct 

system, ANFIS, SIANN may be used for the classification 

problem. Almost all intelligent computational learning 

algorithms use supervised learning. The accuracy of different 

methods is compared in table 2.  
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