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ABSTRACT 
The dimensionality of the data gets increased as the databases in general are modified to suit to the changing requirements of 
users. As a result, databases will be suffered with increased redundancy, which in turn effects the accuracy and prediction quality 
of classification tasks. This paper is aimed at increasing the classification performance by eliminating highly correlated and 
redundant features/attributes through newly identified feature selection methods. An attempt has been made to prove the efficacy 
of dimensionality reduction by applying LVQ(Learning Vector Quantization) method on benchmark dataset of ‘Lung cancer 
Patients’. In this paper, the newly identified feature selection methods Correlation and Coefficient of dispersion were adopted for 
facilitating in dimensionality reduction, removing inappropriate data, improving comprehensibility and learning accuracy.  
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1. INTRODUCTION 
Preprocessing is an essential step in majority of the Machine Learning tasks. Feature selection is one of the prominent 
preprocessing steps to machine learning. Feature Selection is a process of condensing the feature space by choosing a 
subset of original features according to a certain evaluation criterion. Since 1970’s, Feature Selection has been emerged 
as a significant field of research and proved very useful in removing irrelevant and redundant features, increasing the 
learning efficiency, improving learning performance like predictive accuracy, and enhancing clarity of learned results 
[John & Kohavi, 1997; Liu & Dash,1997; Blum & Langley, 1997]. The size of database has enlarged exponentially in 
present day applications such as Image recovery [Rui et al., 1998-99], Genome projects [Xing et al., 2001], Text 
classification [Pederson & Yang, 1997], Customer relationship management [Liu & Liu, 2000]. Due to this enormity of 
database size, serious problems may be caused to many machine learning algorithms in terms of their efficiency  and 
learning performance. As the degree of redundancy and irrelevance is high in high dimensional data, the performance of 
learning algorithms may be effected at significant level. Hence, Feature selection becomes highly essential in  dealing 
with high dimensional data. Some of the research efforts in feature selection have been focused and flashed some light on 
these challenges [Liu et al., 2002 & Das, 2001; Xing et al., 2001]. In the following paragraphs, fundamental models of 
feature selection have been examined and the sustained justification was given for choosing Filter solution as an 
appropriate technique for high dimensional data.  
Filter model and the Wrapper model are the two broader categories of Feature Selection[Das, 2001; John & Kohavi, 
1997]. The filter models will not rely on any precise learning algorithm. Filer Models works around the general 
characteristics of the training data to decide on the subset of features. In contrast to the Filter models, the Wrapper model 
relies on a predetermined learning  algorithm and based on its performance, feature set will be evaluated and subset of 
features will be selected. The wrapper model needs to learn a  classifier for every new subset of features. Though it is 
computationally expensive, it gives better performance as it works around the identification of suitable predetermined 
learning algorithms[Langley, 1994]. 
However, for the increased number of features, to ensure the better computational efficiency, usually, the Filter model is 
an option.  
Further, different feature selection algorithms under Filter model can be classified into two clusters, namely feature 
weighting algorithms and subset search algorithms. According to the functionality of  feature weighting algorithms, 
individual features will be allocated weights and will be graded based on their relevance to the objective. A specified 
threshold value facilitates to select the features. A feature will be selected if its corresponding weight of relevance is 
greater than a specified threshold value. Relief [Kira & Rendell, 1992] is well known algorithms that depends on 
relevance evaluation. The basic thought of Relief is to approximate the relevance of features according to their 
classification ability, i.e. how best their values can be used to differentiate the instances of the similar and dissimilar 
classes. Relief algorithm takes a random sample of ‘n’ instances from the training set and based on the difference between 
the selected instance and two nearest instances of same and opposite classes, the relevance estimation of each feature will 
be updated. By assuming ‘n’ as a constant, the time complexity of Relief algorithm can be estimated as O(MN) for a data 
set with M instances and N features, which is very scalable to high dimensional data sets. But, the performance of Relief 
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algorithm is weak and will not help much in removing the redundant features. Though many of the features are highly 
correlated to each other, as long as features are relevant to the target, they will all be selected[Kira & Rendell, 1992]. It is 
evident from the feature selection literature that both the irrelevant and redundant features will affect the efficiency of 
learning algorithm and therefore both irrelevant and redundant features should be eliminated[Hall 2000; John & Kohavi, 
1997].  
“Subset search” algorithms recognize subsets directed by an  evaluation measure/goodness measure [Liu & Motoda, 1998] 
which captures the goodness of each subset. 
Correlation measure[Hall, 1999; Hall, 2000] and consistency measure[Dash et al., 2000] are few other evaluation 
measures in eliminating both irrelevant and redundant features. As per the views proposed by Hall(2000), a good feature 
subset is one that contain features highly correlated with target class and uncorrelated with each other and correlation 
measure can be  applied to evaluate the goodness of feature subsets. Consistency measure facilitates to identify the best 
possible number of features  that can divide classes as consistently as the full feature set can. In [Dash et al, 2000], 
different search strategies, like heuristic, exhaustive and random search, are combined with this evaluation measure to 
form hybrid algorithms. The exhaustive search incurs the exponential time complexity in the order of data dimensionality 
and where as, it is quadratic for heuristic search. The complexity can be linear to the number of iterations in a random 
search, but experiments show that in order to get  best possible feature subset, the number of iterations required is mostly 
at least quadratic to the number of features [Dash et al., 2000].  
 
2. PRELIMINSARIES: 
The following theoretical foundation has been extracted from the literature: 
2.1 Correlation-Based Measures 
A feature is said to be good/suitable subject to its correlation with the class and other features. In general, a feature is 
good if it is highly correlated with the class but not  with any of the other features. Mostly, two approaches namely 
classical linear correlation and information theory can be followed to quantify the correlation between two random 
variables.  
 
For a pair of variables (X, Y), the linear correlation coefficient ‘r’ can be calculated by the formula: 
 

r =  
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where xi is the mean of X, and yi is the mean of Y .  The value of the correlation coefficient ‘r’ lies between -1 and 1, 
inclusive and correlation measure is a symmetrical measure for two variables. If X and Y are completely correlated, r 
takes the value of 1 or -1; and ‘r’ approaches to  zero for totally independent variables X and Y. Linear correlation helps 
to  identify and remove features with near zero linear correlation to the class and also to reduce redundancy among 
selected features. 
It is known that the data is linearly separable even if a group of linearly dependent features are removed from linear 
separable data[Das, 1971]. But, it is not advisable every time to believe linear correlation among features in the real 
world. Linear correlation measures may not be able to capture correlations that are not linear in nature and the huge 
requirement of calculation complexity is another limitation on the feature set contain numerical values. 
Entropy based correlation measures can be chosen to overcome the above mentioned problems. Entropy is a measure of 
uncertainty of a random variable.  
 

    The entropy of a variable X alone is defined as 
 
             E(X) = −                                                                                               (2) 
 
and the entropy of X after observing values of another variable Y is defined as 
 
                                    E(X|Y ) = −  

j i
jijij yxPyxPyP ))/((log)/()( 2                            (3) 

where P(xi) is the aforementioned probabilities for all values of X, and  P(xi|yi) is the subsequent probabilities of X given 
the values of Y. Information Gain(IG) is the amount by which the entropy of X decreases reflects the additional 
information about X provided by Y(Quinlan, 1993), and is given by  
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IG(X|Y ) = E(X) − E(X|Y )                         (4)  
 

According to this measure, IG(X|Y ) > IG(Z|Y ) reflects that a feature Y is more correlated to feature X than to feature Z.  
 

Symmetry can be considered as an essential property to a measure of correlations among features as the Information 
Gain(IG) is symmetrical for two random variables X and Y. The drawback of Information Gain measure is its biasing 
towards the greater valued features. The Information Gain’s bias can be compensated through the measure of 
Symmetrical Uncertainty and it’s values can be normalized to [0,1]. Value ‘1’ indicates that the value of feature X can 
completely predicts the value of feature ‘Y’. And ‘0’ indicates that the two features X and Y are independent. 
 
  SU(X,Y) = 2[IG(X|Y) / (E(X)+E(Y))]                          (5) 
 
2.2 CFS : Correlation-Based Feature Selection 
 
The basic idea of CFS algorithm is a heuristic evaluation of the merit of a subset of features. The usefulness of individual 
features for predicting the class label along with the level of inter-correlation among themselves can be taken into 
consideration as heuristic.  
2n  possible subsets can be drawn from ‘n’ possible features and to find the optimal subset, all the possible 2n subsets 
should be tried; which may not be  feasible.  
In this situation, various heuristic search strategies  like hill climbing and Best First Search [Ritch and Knight,1991] are 
often used. CFS uses best first forward search (BFFS) by starting with an empty set of features and the termination 
defined here is getting successive non-improving subsets. 
 

     

3.  PROCESS DESCRIPTION/METHODOLOGY 
a) The utility of correlation measure and variance measures in recognizing and removing the irrelevant/redundant 

attributes/features has been studied by the application of Learning Vector Quantization(LVQ) method on a benchmark 
micro array dataset  of Lung Cancer patients. The considered benchmark data set contains class labels as one of the 
attribute. The performance of LVQ method in supervised classification environment has been studied with the original 
data set and  with a reduced dataset in which few irrelevant and redundant attributes have been eliminated.  

b)  On Lung Cancer micro array data set, features with very low coefficient of dispersion were discarded from the further 
processing and results are tabulated and analyzed. 

 

Let the feature set contains ‘N’ features(attributes) and M instances(records). 
 

Coefficient of Dispersion(CDFi) =   σFi / iF        where iF  is the arithmetic average of a  
                                                                                           particular feature ‘i’. 
                                 

                                      σFi  = 
M

FF jiij )(        j=1 to N        [7, Gupta & Kapoor] 

Feature Fi can be eliminated from further  processing if ((CDFi) <  ), where  is a pre-specified threshold value.  
It requires only Linear time complexity(O(M), where as the other methods like FCBF or CBF with modified pairwise 
selection requires quadratic time complexity(i.e. O(MN))[3][5]. 

  
 

4. SIMULATION RESULTS  
LVQ has great importance in Feature Selection and Classification tasks. The LVQ method has been applied on the benchmark  
dataset of Lung cancer Patients[8]. And an attempt has been made to identify some of the insignificant/redundant attributes, 
by means of Class correlation(C-Correlation), inter-Feature correlation(F-Correlation) and Coefficient of Dispersion among 
all the instances of a specified attribute. This has lead to the betterment of classification efficiency in a supervised learning 
environment. A comparison has been made on the efficiency of classification by considering the original dataset and the 
corresponding preprocessed dataset with reduced set of attributes. Better performance has been noticed on the preprocessed 
dataset.  
 
 

b) Lung cancer Data set - Correlation Coefficient as a measure for  Dimensionality reduction 
 

Database Size: 73 Instances         Learning Rate:  0.1       No. of classes: 3 
No. of attributes: 326(Including Class attribute)                  No. of iterations performed: 100 
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c) Lung cancer Data set – Coefficient of Dispersion as a measure for Dimensionality reduction 

 
The following graphs illustrates the advantage of the new dimensionality reduction method applied on the benchmark 
dataset of Lung Cancer Patients in terms of Efficiency of Classification and Execution time.  
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S.No 
Training 

Inputs 
(%) 

Testing 
Inputs(%) 

No. of recognized 
data items Efficiency Ex. Time 

(in ml.secs) 

Original 
Data Set 

Reduced 
Data 
Set(Corr. 
with Class 
label) 

Original 
Data Set 

Reduced 
Data Set 
(Corr. with 
Class 
label) 

Original 
Data Set 

Reduced 
Data Set 
(Corr. 
with Class 
label) 

1 10 90 14 22   21.2121   33.3333     9.109 12.182 
2 20 80 14 19   24.1379   32.8516     8.109 22.321 
3 30 70 14 25   27.451   48.9116     6.812 42.108 
4 40 60 14 23   31.8182   52.7222     6.328 40.155 
5 50 50 14 26   37.8378   71.1731     5.171 12.371 
6 60 40 13 32   44.8276 113.1381     6.328 21.223 
7 70 30 14 27   63.6364 123.1471     8.906 30.114 
8 80 20 14 27   93.333 182.0121 212.672 49.29 
9 90 10 14 32 200.00 457.7969     6.0 37.958 

S.No 
Training 

Inputs 
(%) 

Testing 
Inputs(%) 

No. of recognized 
data items Efficiency Ex. Time 

(in Secs) 

Original 
Data Set 

Reduced 
Data Set 
(Variance) 

Original 
Data Set 

Reduced 
Data Set 
(Variance) 

Original 
Data Set 

Reduced 
Data Set 
(Variance) 

1 10 90 14 22   21.2121   33.3433     9.109 5.359 
2 20 80 14 19   24.1379   32.7586     8.109 7.89 
3 30 70 14 25   27.451   49.0196     6.812 8.016 
4 40 60 14 23   31.8182   52.2727     6.328 7.937 
5 50 50 14 26   37.8378   70.2703     5.171 5.203 
6 60 40 13 19   44.8276   65.5172     6.328 7.281 
7 70 30 14 24   63.6364 109.0909     8.906 8.953 
8 80 20 14 26   93.333 173.333 212.672 8.313 
9 90 10 14 33 200.00 471.4286     6.0 6.515 

 

Fig: B1(Correlation Measure) Fig: B2 (Correlation Measure) 
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Encouraging classification results have been observed on the datasets with reduced dimensionality. Few ridges were 
observed in the execution time due to the dynamic load on the processor at the time of running the program on 
benchmark dataset. This can be addressed by creating an ideal standalone program running environment.  
  
5. CONCLUSION AND FUTURE DIRECTIONS 
In the process of reducing the dimensionality, correlation and variance are used as measures and improvement is 
witnessed in the  efficiency of classification. The existing correlation based feature selection methods are functioning in 
the order of the features  with adequate level of correlation among themselves. However, significant effort is required on 
the independent feature integration and its effect  on C-Correlation. To study the usefulness of  the collective feature 
weights of statistically independent attributes, useful models can be identified and for further complexity reduction, pair-
wise correlations can also be well thought-out. And, further study/efforts can be initiated to study the influence of  
learning rate and threshold value on the accuracy/performance of classification tasks.  
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Fig: C1 ( Coeff. of Dispersion) Fig: C2 ( Coeff. of Dispersion) 
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