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Abstract: Classification is the most important task which is used in various types of applications today. In machine
learning, classification belongs to the act of identifying to which set of categories a given observation belongs. In
practice, we can acquire finite samples of data and can perform classification. In this paper, a classifier called the
library for support vector machine (LIBSVM) is applied on different scaled values. LIBSVM was developed by Vapnik
and due to its excellent features and efficient performance it is being widely used in the field of machine learning. In
this paper, we have used heart scale data. For classification, training samples are obtained on which testing is
performed. We first scaled data at different scaling values and then comparative results are shown on these different
scaling values.
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I.
INTRODUCTION
The Support Vector Machine (SVM) was developed by Vapnik and since then it is being widely used in the field of
machine learning. Recent studies have shown that SVM (support vector machine) is capable of giving high performance
in classification accuracy as compared to other classifiers. It has been used in various real world problems such as
handwritten digit recognition, image classification, voice recognition, fingerprint matching, iris recognition, data
classification etc. Its performance is very high as compared to other machine learning methods. However, in some cases,
performance of SVM varies as we vary the scale. Therefore the user has to perform cross validation in order to properly
select the appropriate parameters. This process is called as the model selection process. There are some parameters
involved in this process which affect the accuracy of the result obtained.
Importance of SVM is to avoid attributes in greater numeric ranges. Another benefit of applying SVM is to avoid some
numerical difficulties during calculations. Before applying SVM, we need to scale data. We need to perform scaling of
data before testing it. We have taken a dataset which is divided into two sets- training data and testing data. This data is
taken from RSES data set. This paper is organized as follows. In next section, some basic introduction about scaling,
SVM, kernel selection and cross validation is given. In next sections results of experiment and conclusion are given.
1.1 SCALING
Before applying data to SVM, it is important to perform scaling of that data. Main purpose of scaling data before
processing is to avoid attributes in greater numeric ranges. Other purpose is to avoid some types of numerical difficulties
during calculation. Large attribute values might cause numerical problems. Generally, scaling is performed in the range
of [-1, +1] or [0, 1]. But before applying scaling on the given data we need to ensure that we apply the same method of
scaling on the testing data before testing. For example, we scaled the first attribute of training data from [-10, 10] to [-1,
1] and first attribute of testing data lies in the range [-15, +5] then we must scale testing data to [-1.5, +0.5]. Changing the
scale is equivalent o redefining distance. This is the reason of applying the same method to training data and testing data.
Scaling is very important in case of variables with large variances. Performance improves with scaling. Code for scaling:
svm - scale -l -1 -u 1 -s range tr.txt > tr.txt.scale. Where l and u are the lower and upper limits, .scale file contains the
output. Finally, we perform testing of scaled data values. In this paper, we have shown the comparative results on the
given data. As the scaling varies, accuracy of the data also varies.
II.
SUPPORT VECTOR MACHINE
LIBSVM is a tool for support vector machine (SVM).Purpose of SVM is to let users use SVM easily as a tool [1]. For
achieving greater accuracy with SVM, parameter selection is important. Users choose the best parameter for training the
training dataset.SVM is basically a supervised machine learning technique. It is a two class classifier. Patterns which are
determined by the empty area around the decision boundary which define the distance to the nearest training pattern are
called as support vectors. These patterns perform classification. SVM is based on the principle of structured risk
minimization to maximize the margin between two classes. Margin is a measurement which defines how well the two
classes can be separated. Margin is the distance from the hyperplane to the closest points of two classes. Goal of SVM is
to find a hyperplane that maximizes the margin. Format of training and testing data file is:
<label> <index1>:<value1> <index2>:<value2> ...
Each line contains an instance and is ended by a '\n' character. For
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classification, <label> is an integer indicating the class label. For regression, <label> is the target value which can be any
real number. For one-class SVM, it's not used so it can be any number. The pair <index> :< value> gives a feature
(attribute) value: <index> is an integer starting from 1 and <value> is a real number.
Two parallel hyperplanes are constructed on each side of the hyperplane that separates the data. Larger the distance
between these hyperplanes better the generalization error will be. Distance between the hyperplanes is 2 / |w|. So to
maximize the distance between the hyperplanes we need to minimize w.

Figure 1 Separating hypeplane and margin
Dividing hyperplane is
w. x + b =0
Where b is scalar and w is k-dimensional vector. Adding a parameter b helps to increase the margin between the
hyperplanes.
1.2 KERNEL SELECTION
K (xi, xj) ≡ Ф (xi) T Ф (xj) is called the kernel function. There are many kernel functions available in SVM. Which kernel
function to choose is also an issue. Some of these kernel functions are: Linear kernel: K (xi , xj) = xiT xj
 Polynomial kernel: K (xi , xj) = (γ xiT xj + r)d , γ > 0

RBF kernel : K (xi , xj) = exp(-γ ║xi - xj║2) , γ > 0
 Sigmoid kernel: K (xi , xj) = tanh(γ xiT xj + r)
Generally RBF is the first choice among all types of kernels.RBF kernel is used in following cases:a) When the number of hyperparameters are less. A polynomial kernel uses more number of hyperparameters as
compared to RBF kernel.
b) When the relation between class labels and attributes is non-linear. Linear kernels can’t handle this case.
c) RBF kernel has less numerical difficulties. In case of polynomial kernels value may go to infinity or zero.
1.3 CROSS VALIDATION
There are two parameters which are considered when we are using RBF kernels. These are c and ϒ. But problem is that
we don’t know which values are good there we need to find such values which give good results. Main issue in SVM is
to find such values of c and ϒ so that classifier can accurately predict testing data. Accuracy determines how well it is
classifying the unknown data. Procedure used is cross validation. If we are using x-fold cross validation scheme, we
divide the training dataset into x subsets of equal size. We train the classifier onto some of the datasets and after training
we perform testing on the remaining datasets. For example, if we have x subsets we train the system on x-1 subsets and
test the one subset. Accuracy of this method is calculated by finding the percentage of data which is being correctly
classified. Cross validation helps to avoid overfitting problem. And classifiers that don’t have overfitting problem gives
better accuracy.
III.
RESULTS OF EXPERIMENT
Experiments are performed on a heart scale dataset. Data set was taken from RSES data set. This dataset consist of 8
attributes and each attribute have some value. Format of dataset is
<label> <index1> :< value1> <index2> :< value2>...
Where label indicates a class label. Classifier will perform scaling on this data. From this scaled data model file will be
produced. We will test this data for accuracy and result of this will be in predict file.
We applied different range of scales on this data set and achieved different accuracy values with different ranges. RBF
kernel is used in this method. RBF kernel is the best choice among all the available kernel functions. SVM type used is csvc and value of gamma is 0.125. Table1 lists the results. Table shows how the data correctly classified and thus
accuracy achieved varies with the scale values.
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Table 1 comparison of accuracy achieved
Range
[-1,1]
[0,1]
[-5,5]
[-10,10]
[-20,20]

Data correctly classified
148
146
150
143
135

Total data
200
200
200
200
200

Accuracy achieved
74%
73%
75%
71.5%
67.5%

Figure 1 shows the results achieved as the scaling varies accuracy achieved vary.
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Figure 1 Total test data and correctly classified data
IV.
CONCLUSION
In this paper, we have shown the comparative results of accuracy achieved with different ranges. Table1 shows the
results achieved. Results are encouraging. Performance of SVM depends on the best choice of parameters. We have used
RBF kernel in our experiment and it is the best choice when number of hyperparameters are less and the relationship is
non-linear. Results show that as we increase the scale accuracy decreases.
V.
FUTURE SCOPE
In future, this technique can be applied on more no. of training datasets. As we increase the no of training data, accuracy
also increases. So, in future this technique can be used to enhance performance.
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