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Abstract
A neural network system is designed and optimize to analyze
the quantitative data from the impedance spectrum from
where the breast tissue features are computed. These data
was used to predict and classify the breast cancer Car
(carcinoma), fad (fibro-adenoma+ mastopathy + glandular),
Con (connective), Adi (adipose). The performance of an
artificial neural network (ANN) is verified with nine
quantitative parameters computed from Impedance
measurements. The Self Organizing Feature Map (SOM)
network is trained using the different data partitioning
methods and tested its performance on seen and unseen data
in terms of classification accuracy, MSE and correlation
coefficient. The network is yielded better classification
accuracy (93.75%) with testing and cross validation MSE of
0.00044 and 0.00025 respectively.
Index Terms:-Breast cancer, Electrical impedance, SOM

1.INTRODUCTION
Breast cancer is the second most common disease that
affects women, next to skin cancer. However, it is curable
at initial stages and hence early detection can reduce the
mortality rate. Conventionally, Breast cancer detection
and classification is performed by a clinician or a
pathologist by observing stained biopsy images under the
microscope. However, this is time consuming and can lead
to erroneous results [1]. Some evidence has been found
that malignant breast tumors have lower electrical
impedance than surrounding normal tissues. Although the
separation of malignant tumors from benign lesions based
on impedance measurements needs further investigation,
electrical impedance could be used as an indicator for
breast cancer detection. Biological tissues have complex
electrical impedance related to the tissue dimension, the
internal structure and the arrangement of the constituent
cells. Therefore, the electrical impedance can provide
useful information based on heterogeneous tissue
structures, physiological states and functions [2, 3]. In
addition the concepts of time varying distribution of
electrical properties inside a human body such as
electrical conductivity and (or) permittivity can be used to
analyze a variety of medical conditions. High-conductivity
materials allow the passage of both direct and alternating
currents and high-permittivity materials allow the passage
of only alternating currents. Both of these properties are of
interest in medical systems since different tissues have
different conductivities and permittivities [4-13].
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2.NEURAL NETWORK BASED CLASSIFIER
During the recent times, because of their discriminative
training ability and easy implementation, the Artificial
Neural Networks (ANN) find extensive use in
classification of the type of tumor in breast cancer
problem. It turns out that the selection of number of nodes
for an ANN is an important criterion in breast cancer
analysis. However, a large network means more
computational expenses, resulting in more hardware and
time related cost. Therefore a compact and optimum
design of neural network is needed towards real time
detection of tumor type in breast cancer analysis.[14-18]
1.1 Data Collection
For this research work public available dataset is used
[19]. Impedance measurements of freshly excised breast
tissue were made at the following frequencies: 15.625,
31.25, 62.5, 125, 250, 500, 1000 KHz. These
measurements plotted in the (real, -imaginary) plane
constitute the impedance spectrum from where the breast
tissue features are computed. The dataset can be used for
predicting the classification of either the original 6 classes
or of 4 classes by merging together the fibro-adenoma,
mastopathy and glandular classes whose discrimination is
not important (they cannot be accurately discriminated
anyway). The following features are taken for the
classification of four classes,
I0 - Impedivity (ohm) at zero frequency
PA- Phase angle at 500 KHz
HFS - High-frequency slope of phase angle
DA - Impedance distance between spectral ends
A- Area under spectrum
A/DA - Area normalized by DA
MAX IP - Maximum of the spectrum
DR- Distance between I0 and real part of the maximum
frequency point
P - Length of the spectral curve
Total Data is to be classified into four class as, Car
(carcinoma), fad (fibro-adenoma+ mastopathy +
glandular), Con (connective), Adi (adipose).
1.2 Design and Optimization of SOM Neural Network
Classifier
The Kohonen self-organizing map (SOM) network
performs a mapping from a continuous input space to a
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discrete output space, preserving the topological properties
of the input. This means that points close to each other in
the input space are mapped to the same or neighboring
PEs in the output space. The basis of the Kohonen SOM
network is soft competition among the PEs in the output
space. The Kohonen SOM is a fully connected, singlelayer linear network. The output generally is organized in
a one or two-dimensional arrangement of PEs, which are
called neighborhoods. All the units in the neighborhood
that receive positive feedback from the winning unit
participate in the learning process. Even if a neighboring
unit’s weight is orthogonal to the input vector, its weight
vector will still change in response to the input vector.
This simple addition to the competitive process is
sufficient to account for the order mapping. The general
learning algorithm used is as follows,
Step 1: Set the topological neighborhood parameters. Set
learning rate and initialize weights.
Step 2: While stopping condition is false, do steps 3-9
Step 3: For each input vector X do steps 4-6
Step 4: For each j compute squared Euclidean distance.
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Fig.1. Variation of Average MSE with Error Criterion

(1)

i = 1 to n and j = 1 to m
Step 5: Find index J when D(j) is minimum.
Step 6: For all units J with the specified neighborhood of
J and for all I update the weights.
wij (new)  wij ( old )    xi  wij ( old ) 
(2)
Step 7: Update the learning rate
Step 8: Reduce the radius of topological neighborhood at
specified times.
Step 9: Test the stopping condition.
Selection of error criterion:
Supervised learning requires a metric, a measure of how
the network is doing. Members of the Error Criteria
family monitor the output of a network, compare it with
some desired response and report any error to the
appropriate learning procedure. In gradient descent
learning, the metric is determined by calculating the
sensitivity that a cost function has with respect to the
network's output. This cost function, J, is normally
positive, but should decay towards zero as the network
approaches the desired response. The literature has
presented several cost functions, in which p is to be define
such as p=1, 2, 3, 4… ∞ criterion is L1, L2, L3, L4 …L∞
Components in the Error Criteria family are defined by a
cost function of the form:

J (t ) 

To classify the four conditions, four PEs are in the output
layer. Remaining parametrs of network, such as
Neighborhood shape, number of rows and columns of
Neighborhood shape, number of processing elements in
the hidden layer, step size and momentum of hidden and
output layer
are selected and optimised
by
expermentations and the results are as shown in Fig.2 to
Fig.7.

Fig.2. Variation of Average minimum MSE with
Neighborhood shape

Fig.3.Variation of Average classification accuracy with
Neighborhood shape

(3)

and error function:

ei (t )  (di (t )  yi (t ))

(4)

Where d(t) and y(t) are the desired response and
network's output, respectively. To select the correct error
criterion various error criterion has been tested and results
are shown in Fig. 1. Hence L2 error criterion is selected.
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Fig.4.Variation of Average minimum MSE and
classification Accuracy with number of rows and columns
of Neighborhood
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Fig.5. Variation of average MSE with number of
processing elements in the hidden layer

Fig.6. Variation of Average Minimum MSE with step size
and momentum rate of Output layer and output layer

Fig.7. Variation of Average Minimum MSE with step size
and momentum rate of Hidden layer and output layer
From the results it is observed that Line neighborhood
shape with 8 rows and 8 columns and starting radius 7
and final radius 0 gives the optimum results. For
supervised learning the network is retrain for five times
with different number hidden layers and number of PEs in
hidden layers. It is observed that single hidden layer with
12 PEs in hidden layer gives better results. Similar
experimentations are performed to decide the step size and
momentum rate of hidden layer and output layer
considering the average minimum MSE as performance
index.
Finally with above experimentations SOM-NN is designed
with following specifications,
Neighborhood Shape: Line,
Number of Rows in Neighborhood Shape: 8,
Number of columns in Neighborhood Shape: 8,
Starting Radius of Neighborhood Shape: 7,
Final Radius of Neighborhood Shape: 0,
Number of epochs = 10000,
Exemplars for training = 70%,
Exemplars for cross validation = 15%,
Exemplars for Testing = 15%
Number of connection weights: 449
Number of PEs in Hidden Layer: 12
Time elapsed per epoch per exemplar: 0.716 ms
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Hidden layer:
T.F. :Tanh , Learning Rule : Momentum
Stepsize: 0.5 Momentum : 0.7
Output layer:
T.F. :Tanh , Learning Rule : Momentum
Stepsize: 0.6 Momentum: 0.7
Different datasets are formed using variable split ratios
and leave-N-out cross validation technique. Proposed NN
is trained on various datasets and later validated carefully
so as to ensure that its performance does not depend on
specific data partitioning scheme. The performance of the
NN should be consistently optimal over all the datasets
with respect to MSE and classification accuracy. Finally
designed SOM NN is trained five times with different
random weight initialization and tested on Testing
dataset, CV dataset and Training dataset. For training and
testing the Leave-N-Out method, data tagging by percent
and data tagging by various groups are used. Leave-N-Out
training is a technique that allows one to evaluate how
well the model generalizes. It also is very useful for small
data sets, since it allows one to use the entire data set for
training and testing. The algorithm trains the network
multiple times, each time omitting a different subset of the
data and using that subset for testing. The outputs from
each tested subset are combined into one testing report
and the model is trained one additional time using all of
the data. The set of weights saved from the final training
run can then be used for additional testing. To check the
learning ability and classification accuracy the total data is
divided in four groups. First two groups (50% data) are
tagged as Training data and third and forth group (each
25%) is tagged for Cross Validation and Testing
(1234:1,2-TR, 3-CV, 4-Test). Similar 24 combinations are
prepared and network is train and test for each group.
Results are shown in Fig.8 and Fig.9

Fig.8. Variation of average MSE with Test on Testing,
CV and Training dataset with CV rows shifted (n)

Fig.9. Variation of average Minimum MSE with Training
and CV with group of Dataset

3.RESULTS AND DISCUSSION
In this paper author examines the results of SOM NN
based classifier. The proposed SOM NN classifier, all
samples including cross validation and testing samples are
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correctly classified with good classification accuracy to the
corresponding classes (classification accuracy is 93.73%
on testing and cross validation data). Furthermore,
observing the classification errors of the two approaches,
it can be seen that the classification error of the proposed
SOM NN is 0.00044 and 0.00025 on testing and CV
respectively, which is reasonably good. These results
show that the proposed SOM NN can reliably recognize
class of breast cancer. The comparison results prove that
the proposed SOM NN have obtained significant
achievements in recognition accuracy and provided a
better generalization capability.
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