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Abstract— This paper presents a method to build binary classifier using supervised neural network. Support
Vector Machine (SVM), which is based on the concept of maximum margin, is also used to build binary
classifier, however it is mathematically complex. Neural Network (NN) is a simpler alternative and more
suitable for parallel processing. This paper presents Maximum margin algorithm (MMGDX), which stretches
out the distance between two classes (margin) to its maximum limit. It uses back-propagation method for
error calculation and also uses gradient descent with adaptive learning rate to increase learning rate of
network. In MMGDX, area under receiver operating characteristics (ROC) curve (AUC), is applied for
stopping criterion. Real time benchmark data sets are used for experiments that enable comparison with
other state-of-art classifiers.
Key Terms: - supervised neural networks; classifier; Maximum margin; AUC
I. INTRODUCTION
A. Neural Network
Artificial neural network is an excellent technique to solve a number of problem areas, whereas conventional
Von Neumann computer systems have been traditionally slow and inefficient. One of these is pattern
recognition. In pattern recognition, there are three main problems associated with it. The very first one is
suitable composition for the training data set, second is feature extraction and/or selection and the last one is
classifier. This paper mainly focuses on classifier. Classification is an instance of supervised learning, i.e.
learning where a training set has input and output pattern.
MMGDX uses multilayer perceptron (MLP) as classifier, and it is universal approximator [7], i.e. MLPs can
fit any dataset. Multilayer perceptron using a back-propagation algorithm is the standard algorithm for any
supervised learning pattern recognition process.
The back-propagation learning process consists of small iterative steps: one of the examples is applied to the
network. Then, network produces output, known as estimated output, based on the current state of its synaptic
weights (initially, the weight will be random). This estimated output is compared with the desired output and a
mean-squared error signal is calculated. The error is back propagated through the network, and based on that
weights of each layer are updated. The whole process is repeated for all cases of an example, then back to the
first case again, and so on. The weights are updated for all examples. The whole process is repeated until
overall error value is dropped below some threshold. At this stage, network has learned the problem "well
enough" and network will never exactly learn the ideal function. The back-propagation algorithm for calculating
a gradient has been rediscovered many times.
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The problem with supervised neural network is an over-fitting problem i.e. an error on training data set is
small and it increases when new data is presented. To deal with this problem, MMGDX uses the value of AUC
[6] as a stopping criterion for training section. ROC curves are widely used for visualization and comparison of
performance of binary classifiers. AUC is a single scalar value for classifier comparison. Statistically, AUC of a
classifier is the probability to rank randomly chosen positive instances higher than randomly chosen negative
instances.
II. LITERATURE SURVEY
“Beyond feed forward models trained by back propagation: A practical training tool for a more efficient
universal approximator”: There are many complex neural models, such as Simultaneous recurrent neural
networks (SRNs) [8], and MLP both are universal approximator. MLP can approximate an arbitrary nonlinear,
continuous, and multi-dimensional function with any desired accuracy.
Because of simplicity of MLP, this model is used for pattern recognition applications. The MLP is used to
achieve better performance than (or at least similar) state-of-the-art approaches, such as support vector machines
(SVMs) with nonlinear kernel [9], [11], Bayesian neural network [10], or novel algorithms based on kernel
Fisher discriminant analysis [12].
“CARVE: A constructive algorithm for real-valued examples”: It finds a hyper plane that separates a set of
data belonging to one class from the other class of the data. Then, it removes separated data from the training
data, and repeats this procedure until only one class of data remain [3] [4].
“Semi-supervised Neural Networks for Efficient Hyper-spectral Image Classification”: Training is done using
stochastic gradient descent with additional balancing constraints to avoid falling into local minima. The method
is useful for supervised and unsupervised methods and can handle millions of unlabelled samples [13].
III. PRESENTED TECHNIQUE
A. Basic framework
Fig. 1 shows basic framework of classifier. It is a non-linear binary classifier for different types of
applications. It takes input and output pair (i.e. supervised learning) as input and classify into positive or
negative class.

Fig. 1 Basic framework
B. Methodology
In gradient descent, error is equal to target output minus calculated output. However, in presented method
(MMGDX), calculation of an error is based on support vector norm, target output and calculated output. For
stopping criteria AUC curve information [1] is used.
In MMGDX algorithm, hidden layer and output layer are jointly optimized in single process. The objective
function is back-propagated through the output and hidden layers in such a way as to create a hidden output
especially oriented towards getting larger margin for output layer separating hyperplane.
Sigmoidal function is used in hidden layer,
(1)
(2)
Where is belong to training data, sigmoidal function.
For output layer
is set to 0, because after training section, ROC curve information is taken into account to
adjust the classifier threshold.
Distance between two different classes is defined as
(3)
Error function is defined as
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(4)
Objective function (J) is defined as follows
(5)
Where N is total number of training examples
AUC is very useful measure of similarity between two classes measuring AUC. In case of data with no ties,
all sections of ROC curve are either vertical or horizontal and in case of data with ties, diagonal sections can
also be occurred. One drawback of using presented error measures is that AUC calculation is computationally
expensive, Since it usually requires full sorting of the measured dataset.

Fig. 2 Flowchart of MMGDX Algorithm
For real-world problems, misclassification costs are unknown and thus, ROC curve and related metrics such
as the AUC can be a more meaningful performance measures.
Generalization is the ability to train one data set and to successfully classify independent test sets. Continuous
training can increase the training set accuracy, however test set accuracy decreases after a certain point. Overfitting means error is larger for testing data set. There are different methods for preventing over-fitting like
regularization, early stopping criteria, maximal-margin training algorithm and cross validation methods [1] [2]
[5].
The bias is equal to how much the averaged overall network output on possible data sets differs from desired
function. The variance is equal to how much the network output varies between dataset. The neural network
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performance can be improved if both the bias and the variance are reduced. However, there is a trade-off
between the bias and variance, and it is known as bias/variance dilemma [14].
As per the steps shown in fig. 2, first step is data pre-processing before training of a network. Neural network
learns faster and gives better accuracy if the input variables are pre-processed before training of a network. If
exactly same pre-processing is done on test dataset, then it avoids unexpected answers from a network. One of
the reasons for scaling the data is to equalize the importance of variables.
C. Quality Factor
1) Margin:
- The distance between the separating hyper plane and the training datum nearest to the hyper
plane is called the margin.
(6)
2) Accuracy:
- The accuracy (ACC) is the ration of the total number of predictions, those are correct, to the
total number of predictions. It is determined using the equation:
- Table 1 shows confusion matrix entries.
Table 1 Confusion Matrix
Predicate
Negative
Positive
Actual
Negative
a
b
Positive
c
d
(7)
-

“a” is a number of correct predictions of negative class.
“b” is a number of incorrect predictions of positive class.
“c” is a number of incorrect predictions of negative class.
“d” is a number of correct predictions of positive class.

IV. EXPERIMENTAL RESULTS
Algorithm is implemented in MATLAB 7.14 (32-bit) on Windows 8 (32-bit) operating system with Intel i7
processor.
For experiment, new algorithm evaluated two data set [15] shown in table 2.
Thyroid data set: The Thyroid problem task is to decide whether a patient is normal or has a thyroid
dysfunction.
Breast data set: Breast-cancer dataset was included in this work due to its difficulty; therefore, this dataset is a
suitable option to distinguish the classifier accuracy.
Fig. 3 and fig. 4 are Thyroid data set results for testing and training data sets respectively.
Fig. 5 and fig. 6 are Breast-cancer data set results for testing and training data sets respectively.
Table 2 Data set Information
Data set
Thyroid

BreastCancer
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Application

Input

Output

Training Set

5

1

#
samples
140

Testing Set

5

1

75

Training Set

9

1

200

Testing Set

9

1

77
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Fig.3 MMGDX applied on Thyroid testing data set

Fig.4 MMGDX applied on Thyroid training data set

Fig.5 MMGDX applied on Breast-cancer testing data set
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Figure 6 MMGDX applied on Breast-cancer training data set
V. CONCLUSION
The presented MMGDX algorithm provides better accuracy as compared to other state-off-art (GDX)
classifier. Results obtained after applying presented MMGDX algorithm on real-world benchmark dataset show
better accuracy. Figures (3 to 6) show that MMGDX training is data dependent. So, accuracy of training
changes with the data. Accuracy is not increased when neurons are increased above optimal number of neurons.
The presented algorithm also provides solution for over-fitting problem, i.e. error is small on testing and
training dataset.
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