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Abstract
Class imbalance problem is attracting more attention of the 
researchers in Machine learning community. Concern with this 
problem a wide research is underwent in classification point 
of view. There is little work is available on feature selection 
algorithms. In this project we are focusing on the viability of the 
SVM feature selection algorithm on unbalanced datasets.     
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I. Introduction
The Class Imbalance Problem (CIP) is encountered in real-
world applications of machine learning and results in a 
classifier’ssuboptimal performance. Researchers have rigorously 
studied the several classification algorithms and concluded that 
the classification algorithms like decision tree, Neural Network, 
Support Vector Machine are biased towards majority class among 
these classification methods SVM is less prone to class imbalance 
problem.
TheCIP is a challenge to machine learning and data mining, and 
it has attracted significantresearch in the last 10 years. A classifier 
affected by the class imbalance problem for a specific data set 
would see strongaccuracy overall but very poor performance on the 
minorityclass. This problem can appear in two different types of 
datasets: binary problems, where one of the two classescomprises 
considerably more samples than the other, andmulticlass problems, 
where each class only contains a tinyfraction of the samples and 
we use one-versus-rest classifiers.
Data sets meeting one of these two criteria havedifferent 
misclassification costs, either implicitly or explicitlystated, for 
the different classes, and these types of datasets are pervasive in 
real-world applications. Examples ofthese kinds of applications 
include biological data analysis, text classification, and image 
classification among many others. 
The difficulty raised by the class imbalance problem (CIP) withboth 
academic research and practical applications in thecommunity 
of machine learning and data mining attractsa lot of research 
interests. Reported works focus on threeaspects of the class 
imbalance problem: 1) what are theproper evaluation measures 
of classification performance inthe presence of the class imbalance 
problem? 2) What isthe nature of the class imbalance problem, i.e. 
in what domainsdo class imbalances most hinder the performance 
of a standard classifier? And 3) what are the possible solutionsin 
dealing with the class imbalance problem?

A. Why Feature Selection?
The purpose of feature or variable selection is to eliminate irrelevant 
variables to enhance the generalization performance of a given 
learning algorithm. The selection of relevant variables may also 
be useful to gain some insight about the concept to be learned.The 
ability to apply feature selection is critical for effective analysis, 
because datasets frequently contain far more information than is 

needed to build the model. For example, a dataset might contain 
500 columns that describe the characteristics of customers, but 
if the data in some of the columns is very sparse you would gain 
very little benefit from adding them to the model. If you keep 
the unneeded columns while building the model, more CPU and 
memory are required during the training process, and more storage 
space is required for the completed model.Even if resources are not 
an issue, you typically want to remove unneeded columns because 
they might degrade the quality of discovered patterns.

Objective
According to Guangtong SVM is prone to be effected by the class 
imbalance problem and by the hyper plane boundary towards 
the minority class. As the SVM feature selection is based on the 
width of the hyper plane that is learned on the unbalanced dataset. 
In this we have attempted to verify the viability of SVM feature 
selection.

II. Literature Survey
The class imbalance problem has been well-studied that the SVM 
algorithm can be sensitive to class imbalance i.e., the separating 
hyper plane of an SVM model, which was developed with an 
imbalanced dataset, can be skewed toward the minority (positive) 
class. This skewness generally causes the generation of a high 
number of false Negative predictions, which lower the model’s 
performance on the positive class compared with the performance 
on the negative (majority) class. As mentioned earlier, there exist 
Class imbalance problem (CIP) methods that can be applied to 
reduce the effect of data imbalance, when developing SVM 
classifiers with imbalanced datasets.

A. Feature Selection Methods
According to Rohinisrihari number of feature selection metrics have 
been explored in text categorization, among which information 
gain (IG),chi-square (CHI),correlation coefficient (CC) and odds 
ratios (OR) are considered most effective. CC and OR are one-
sided metrics while IG and CHI are two-sided.

1. Chi-square (CHI) 
CHI is a statistical test measuring the independence of a feature 
from the class labels. While the chi-square test generalizes well for 
nominal data, it breaks down when testing on continuous data.The 
formula for calculating CHI can be found in below equation

 

2. Information Gain (IG) 
As a feature selection metric, IG measures the decrease in entropy 
of the class labels when we use a feature. The entropy of a random 
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variable, such as the class labels, measures how uncertain we are 
about the values drawn from a random variable.

 

III. Preliminaries

A. Variable Selection With SVM Criterion
We explore some possible methods of variable selection using 
support vector machines. After reviewing the so-called soft margin 
SVM classifier, we present ranking criteria derived from SVM 
and an associated algorithm for feature selection.

B. Variable Ranking
Several papers in thisissue use variable ranking as a baseline 
method. Variable ranking is not necessarily used to buildpredictors. 
One of its common uses in the microarray analysis domain is to 
discover a set of drugleads a ranking criterion is used to find genes 
that discriminate betweenhealthy and disease patients; such genes 
may code for “drugable” proteins, or proteins that maythemselves 
be used as drugs. 

1. Algorithm for Variable Ranking with SVM
Variable selection algorithms require a ranking criterion to rank 
variables. We will investigate three criteria Ct which are either 
the weight vector ||W||2, the radius/margin bound R2||W||2 or 
the span estimate. These criteria give either an estimation of 
thegeneralization performance or an estimation of the dataset 
separabilitytwo approachescan be proposed for each criterion:

Zero-order method: in this case, the criterion C• t is directly used 
for variable ranking and the methods consists in identifying the 
variable that produces the smallest value of Ct when removed. 
The ranking criterion then becomes Rc(i)=Ct

(i)with Ct
(i) being 

the criterion value when variable i has been removed.
First-order method: one uses the derivatives of the criterion • 
Ctwith regards to a variable. Inother words, this approach 
differs from the previous one since a variable is ranked 
accordingto its influence on the criterion which is measured 
with the absolute value of the derivative.In this case, the 
ranking criterion is 

 Rc(i)=| ∇Ct |

2. SVM-based Feature Selection Algorithm
1. Initialization: Ranked = []; Var= [1…., N]
2. Repeat
 (a). Train a SVM classifier with all the training data   
 and the variables Var
 (b). forall variables in Var, do evaluate the ranking   
 criterion Rc(i) of variable i
 Endfor
 (c). best= argminiRc
 (d). rank the variable that minimizes 
 Rc: Ranked = [best Ranked];
 (e) remove the variable that minimizes Rc from the   
 selected variables set:
 Var=[1…, best −1;best +1,…..,N]
3. until Varis not empty.

C. Naïve Bayes Classifier
The Naïve Bayes classifier works on a simple, but comparatively 
intuitive concept. Also, in some cases it is also seen that Naïve 
Bayes outperforms many other comparatively complex algorithms. 
It makes use of the variables contained in the data sample, by 
observing them individually, independent of each other.
In our experiments, it is seen that the Naïve Bayes classifier 
performs almost at part with the other classifiers in most of the 
cases. Of the 26 different experiments carried out on various 
datasets, the Naïve Bayes classifier shows a drop in performance 
in only 3-4 cases, when compared with J48 and Support Vector 
Machines. This proves the widely held belief that though simple 
in concept, the Naïve Bayes classifier works well in most data 
classification problems. 

D. J48 Decision Trees
In order to classify a new item, it first needs to create a decision 
tree based on the attribute values of the available training data. 
So, whenever it encounters a set of items (training set) it identifies 
the attribute that discriminates the various instances most clearly. 
This feature that is able to tell us most about the data instances 
so that we can classify them the best is said to have the highest 
information gain.

E. Average ROC
A Receiver Operating Characteristics (ROC) graph is atechnique 
for visualizing, organizing and selecting classifiers based on their 
performance. ROC graphs have longbeen used in signal detection 
theory to depict the tradeo off between hit rates and false alarm 
rates of classifiers. ROC analysis has been extendedfor use in 
visualizing and analyzing the behavior of diagnostic systems.
Although ROC curves may be used to evaluate classifiers, care 
should be taken when using them to make conclusions about 
classifier superiority. Some researchers haveassumed that an ROC 
graph may be used to select the bestclassifiers simply by graphing 
them in ROC space and seeing which ones dominate

IV. Experimental Setup
In this we are using the MATLAB, LIBSVM and WEKA software 
tools.
Imbalanced data sets show up in many different domains.Many 
papers have explicitly looked at imbalanced data insingle domains, 
but we have not seen research thatexperiments on imbalanced 
data sets from vastly differentdomains in the same framework. 
Thus, we used data setsfrom multiple types of sources to show the 
effectiveness offeature selection metrics on all kinds of imbalanced 
data.
In this paper selecting the page-block, CNS and TIS datasets,the 
Average ROC performance for the SVM across the different 
feature selection metrics as the numberof features varies. Load the 
data in weka software in that select the select attributes for attribute 
evaluator and choose the chi square attribute evaluation. It gives 
the best ranked features and applies the naïvebayes classification 
for these ranked features. In this classification noted the average 
ROC values for the given features. As we can apply the same 
process for Info gain attribute evaluation, and note down the 
average ROC values for given features. 
The Average ROC values we can plot the graph for CHI, IG 
and Variable ranking. Across all possible feature counts, the top 
performing metrics are CHI and Information Gain (IG). These 
metrics are consistently close to the best average performance 
across each of the evaluation statistics with CHI and IG being 
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the best with selected features.
When compare to other two methods the performance of the 
selected features of the variable ranking is very low.

Fig. 1: Average ROC Performance of Naïve Bayes for Page-
Blocks

Fig. 2: Average ROC Performance of J48 for Page-Blocks

Fig. 3: Average ROC Performances of Naïve Bayes for TIS

Fig. 4 Average ROC performance of J48 for TIS

V. Conclusion
In this we are testing the 6 imbalanced datasets for different feature 
selection metrics. All the imbalanced datasets the performance of 
average ROC is high in the CHI and IG metrics when compared 
to the SVM feature selection method, but only one of the dataset 
gives high performance. So finally I concluded, when compared 
to the other two Statistical methods like chi-square and info gain 
the performance of the SVM feature selection is low. As the SVM 
feature selection is biased on the width of the hyper plane that 
is learned on the unbalanced dataset and we have to verify the 
viability of SVM feature selection.  
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