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ABSTRACT
In this study, we introduce classification using Artificial Neural network whose architecture is trained by Back propagation
algorithm and input attributes are selected by evolutionary based Genetic algorithm. Feature selection plays vital role in the
applications of Machine learning algorithms. For feature selection many approaches are used and the evolutionary based algorithms
prove to be one of the efficient methods. We have used a breast cancer dataset for the evaluation of the new approach. The
experimental result shows that the genetic-neuro system classification performs better than the conventional neural network.
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1. INTRODUCTION
The complexity and the volume of data are strictly
increasing in many disciplines particularly in biomedical
sciences. To explore and identify patterns in the huge volume
of data, the machine learning based approaches play a vital
role. Machine learning is a subfield of artificial intelligence and
its goal is to program computers to solve any problem with the
help of past experience [1], [2]. It is also of designing and
developing algorithms for analyses of data for classification,
prediction and association. In machine learning, the
performance of the classification depends upon the input
attributes. Neural network is used for classification of diseases
based on features of the patients [3].
In Multi-Layer
Perceptron’s, number of layers and the total number of neurons
present in each layer is estimated by the input attributes. So,
selecting input attributes which contribute significantly to the
classification problems plays vital role in the above tasks. In
this paper the evolutionary based Genetic algorithm is used for
best feature selection to provide as inputs to neural network.
Breast cancer is one of the deadly disease, most
common in women [4],[5]. Universally it caused 458,503
deaths in women in 2008[6]. In Western countries, the survival
rates are very high when compared to developing countries.
Although there are tests involved to diagonize the early stage of
breast cancer [7], the experts go for computer-aided diagnosis
(CAD) for confirming their prediction. This CAD helps to
improve their prediction efficiency and accuracy [8-20]. In
breast cancer, the prime target is to differentiate between
malignant and benign case. CAD should be trained well with
the past experience to predict whether the case is malignant or
benign. It should also be user-friendly, so that the experts can
have the classification with explanation.

neural network is composed of many neurons that will join
together to serve as an information processing unit. It mainly
incorporates the two fundamental components of biological
neural nets-nodes and weights. ANN is used for pattern
recognition or data classification using learning process, by
adjusting synaptic connection between neurons. Here we are
going to discuss Multi Layer Perception, which is a type of
network as shown in figure 2 and also the most widely used
neural network architecture.

Fig 1: Human brain Vs Neural Net

Fig 2: Architecture of MLP

2. NEURAL NETWORKS
Neural network is an extremely simplified version of
the brain and nervous system as shown in figure 1. Artificial

A multilayer perceptron is a general feed-forward
artificial neural network, which solves non-separable problems.
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It consists of more than one hidden layer of neurons and the
updates in the layers are exhibited starting from the input to the

where

1
output [21]. A binary sigmoid function defined by
is
1 + e− x

node to jth node,

the activation function considered for each node. For the
incoming signals, each neuron will find a weighted sum to get
the net input. Using this input, the sigmoidal activation
function gets the required activation value to the corresponding
neuron. The aim of NN training is to minimize the network
error, which is calculated using a mathematical function. The
value of the error function is used to rate the quality of the
neural network. For a Multi Layer Perceptron the error function
[22] is given by:

E=

w hji is the weight carried from the connection from ith

θ jh

denotes the bias term and h denotes the

hidden layer’s quantities. If the activation of the node and the
net input are equal then

i pj = f jh (net hp j )

(3)

The output nodes equations are
L

net opk = ∑ wkjo i pj + θ ko

(4)
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o pk = f ko ( net opk )

`

(5)

Closeness to data

output layers quantities is denoted by superscript “o”.
The error terms for the output units is given by
Neurons have weighted inputs, threshold values, activation and
an output as shown in Figure 3.

δ pko = ( y pk − o pk ) f ko′ ( net opk )

(6)

The error terms for the hidden layers, calculated before the
connections weight to the output-layer units updated is given
by

δ pjh = f jh′ ( net hpj )

∑δ

o
pk

wkjo

(7)

k

Update weights on the output layer is given by
o
wkjo (t + 1) = wkjo (t ) + ηδ pk
i pj

Fig 3: Neuron model

2.1 Back Propagation

where η is the learning-rate parameter.

Back propagation is a supervised learning method,
most commonly used for training ANN. It first modifies the
output neuron’s synaptic weight and then start modifying the
synaptic weights of all other layer starting from p-1 to the first
layer and propagates backward the local error terms. Consider
P vector pairs (x1,y1), (x2,y2),… (xP,yP) which belongs to the
functional mapping y=φ(x) such that x∈RN, y∈RM. The
network will learn an approximation o = y ′ = φ ′(x) after the
training. The single training vector pair’s relevant equation are
given in order [23],[24]. Let the input vector sent through the
input layer be

(

x p = x p , x p ,..., x p N
1

2

) , whose values are
t

also distributed to the hidden layers. Let the jth hidden units net
input be:
N

net hp j = ∑ w hji x pi + θ jh
i =1

(8)

(2)

Update weights on the hidden layer is given by:

w hji (t + 1) = w hji (t ) + ηδ pjh xi

(9)

But the error term is a measure of networks learning capacity
and if it is considerably small for each training vector pairs then
the training will be stopped. The error term is given by:

Ep =

1 M 2
∑ δ pk
2 k =1

(10)

3. GENETIC ALGORITHM
Genetic algorithms are adaptive randomized search,
optimization technique based on the evolutionary ideas of
natural selection with stochastic operators. John Holland’s
pioneering work, shows how the highly parallel technique,
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genetic algorithm is applied to solve wide variety of problems
[25]. Their robust performance gives hope for many
optimization problems, design, control and machine learning
applications [26]. In optimization problems, how genetic
algorithm was successfully applied was described in
[27],[28],[29].
Genetic algorithms are a part of evolutionary
computing, which is a subfield of artificial intelligence.
Biologically speaking, every organism has its own rule to
describe how it is built up from the tiny building blocks. These
rules are encoded in the genes of every organism. Such genes
are connected to form a long strings said to be Chromosomes.
Highly fit chromosomes are selected for reproduction to
produce offspring. The offspring’s may undergo mutation with
less chance. This is the way in which, lives on earth has
evolved.
Genetic algorithm deals with pool of solution (i.e.,
population of strings) called the chromosomes. Genetic
algorithm operates on encoded representation of the candidate
solutions to an optimization problem, which is equivalent to
those chromosomes of the individuals in nature. Most probably
solutions are encoded in binary strings of 0s and 1s, also other
encodings are possible. For evaluating each chromosome a
fitness function should be assigned then the fittest
chromosomes are selected to undergo the operations crossover
and mutation to produce a new pool of solutions. The process
will be continued till we get more hightly fittest chromosomes
in the pool of solutions. Other stopping criteria are number of
generations, almost stable value of the best fitting individual
and almost stable value of the average fitness of the population.
To know more about basic principles of GA, the principles and
applications are discussed by many authors [30]-[35].
Genetic parameters are population size, probability of
crossover and probability of mutation. Population size plays
important role in affecting efficiency of the algorithm.
It
should neither be small in size nor large. If it is small then it
will yield to poor performance. At the same time very large
population size will make the convergence rate to be slow. If
the probability of crossover is high then we get the offspring’s
quickly. At the same time the crossover rate is not suppose to
be too high or low. Mutation rate is always low, which will
ensure that no bit position is stuck to single values.

Where f (t ) is the average fitness of the population at time t,

pc is the probability of crossover and pm is the probability of
mutation. The schema theorem states that short, low-order,
above average schemata receives exponentially increasing trials
in subsequent generations of a Genetic algorithm. Such
schemata are called building blocks. Such building blocks
together achieve the high performance of genetic algorithm.

4. RESULTS AND DISCUSSION
The breast cancer data set was obtained from UCI
Machine Learning Repository [36], [37]. The input variables
for the classification of breast cancer disease are given in Table
1.

Table 1: Variables of Breast Cancer Disease
Sl.No.
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.

Neuro-Intelligence tool [38] is used to model the
breast cancer data. The data consists of 659 cases each
consisting of the variables given in Table 1 and the last column
consists of the target variable (Malignant or Benign). The
dataset is divided into training set, validation set and test set
using random data partition method given in Table 2.

Table 2: Data Partition Set
S.No

3.1 Schema and Schema Theorem

δ (S )
f (S , t ) 

1 − pc
− pm o ( S ) 
l −1
f (t ) 


Data

Records

Percentage

Partition set

If the similarities among chromosomes are allowed to
explore by a template, then it is said to be schema. In the gene
alphabet a “don’t care” symbol is introduced. into the gene
alphabet, to represent all the strings which differ only in ‘*’
position. The schema (* 1 1 1 1 0 0 1 0 0 1) matches the two
strings (0 1 1 1 1 0 0 1 0 0 1), (1 1 1 1 1 0 0 1 0 0 1). If m(S,t)
denote the expected number of individuals belonging to schema
S at time t then
E [m( S , t + 1)] ≥ m( S , t )

Input variables
Sample code number
Clump Thickness
Uniformity of Cell Size
Uniformity of Cell Shape
Marginal Adhesion
Single Epithelial Cell Size
Bare Nuclei
Bland Chromatin
Normal Nucleoli
Mitoses

1.

Training set

449

68.13%

2.

Validation

105

15.93%

Test set

105

15.93%

Total

659

100%

set
3.

(11)
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4.1 Prediction Using NN and GA-NN
NN
In feature selection using Genetic algorithm the
parameters taken into account are given in Table 3.

Table 3: Parameters used in GA

Search Method
Smoothing
Unit Penalty
Sampling
Population
Number of generation
Probability of crossover
Probability of mutation

Genetic
Algorithm
0.01
0.001
100
50
50
0.9
0.1

Using Genetic algorithm, the best features
combination found are Clump Thickness, Uniformity of Cell
Shape, Marginal Adhesion, Bare Nuclei and Normal Nucleoli.
The prediction accuracy using NN and GA-NN are given in
Table 4. The figure 4 gives errors with respect to training set,
validation set and the best network. The figure 5 gives the
ROC for testing.

GANN

Figure 4: Errors under Training, Testing and Validation

Table 4: Prediction accuracy using NN and GA-NN
NN
Neural Network
Training
Validatio
n

GA-NN
Training

CCR%

93.98663
7

96.19047
6

97.32739
4

98.09523
8

Network
error

0.628534

-

0.069682

-

Architec
ture

10-5-1

Validatio
n

5-2-1

GANN

Figure 5: ROC for testing
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5. CONCLUSION
In this paper genetic-neuro approach is applied for
classification of breast cancer. The experimental results show
that the combination of best features selected using GA to the
input of ANN improves the performance of ANN. Also the
reduced input features results in the reduction of size of the
neural network and the complexity of neural network. The
Wisconsin breast cancer classification problem was studied by
many authors using fuzzy-genetic approach [39], Support
Vector Machines combined with feature selection [40] and our
genetic-neuro approach performance is similar to them and
agrees with their classification. Further studies are needed to
confirm these findings.
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