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Abstract - This paper proposes a novel feature selection using minimum variance method. The purpose of the proposed 
method is to reduce the computational complexity, reduce the number of initial features and increase the classification 
accuracy of the selected feature subsets. The clusters are formed using minimum variance method. The process must be 
repeated for different pairs of records and voting is done on the different sets of cluster pairs. The cluster pair which has the 
maximum number of votes is chosen. Now the highest priority member is chosen from each cluster using information gain 
and removing the remaining attributes, thus reducing the number of attributes. The paper also evaluates the approach by 
comparing it with existing feature selection algorithms over 9 datasets from UCI and WebKb Datasets. The proposed 
method shows better results in terms of number of selected features, classification accuracy, and running time than most 
existing algorithms. 
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I. INTRODUCTION 
 
Data mining is the process of finding interesting 
patterns in data. Data mining often involves datasets 
with a large number of attributes. Many of the 
attributes in most real world data are redundant 
and/or simply irrelevant to the purposes of 
discovering interesting patterns. Attribute reduction 
selects relevant attributes in the dataset prior to 
performing data mining. This is important for the 
accuracy of further analysis as well as for 
performance. Because the redundant and irrelevant 
attributes could mislead the analysis, including all of 
the attributes in the data mining procedures not only 
increases the complexity of the analysis, but also 
degrades the accuracy of the result. For instance, 
clustering techniques, which partition entities into 
groups with a maximum level of homogeneity within 
a cluster, may produce inaccurate results. In 
particular, because the clusters might not be strong 
when the population is spread over the irrelevant 
dimensions, the clustering techniques may produce 
results with data in a higher dimensional space 
including irrelevant attributes. As computer and 
database technologies develop rapidly, data 
accumulates in a speed unmatchable by human 
capacity of data processing. 
Feature selection is one of the important and 
frequently used techniques in data preprocessing for 
data mining. It  reduces  the  number  of  features,  
removes  irrelevant, redundant,  or  noisy  data, and  
brings  the  immediate effects  for  applications, 
speeding up  a data mining  algorithm,  improving  
mining  performance  such as predictive accuracy and  
result  comprehensibility.    Feature  selection  is  a  
fertile  field  of research  and development  in  
statistical pattern  recognition ,  machine  learning ,  
and   data  mining   since  the 1970s,   and   widely   

 
applied   to  many   fields  such  as  text  
categorization ,  image  retrieval ,  customer 
relationship management ,  intrusion  detection ,  and  
genomic analysis .  Feature selection is a process that 
selects a subset of original features.  The optimality 
of a feature subset is measured by an evaluation 
criterion. 
Each candidate subset is evaluated and compared 
with the previous best one according to a certain 
evaluation criterion.  If the new subset turns out to be 
better it replaces the previous   best subset.   The 
process of subset   generation and  evaluation is 
repeated  until  a given  stopping criterion  is 
satisfied.    Then,  the  selected  best  subset  usually  
needs  to be validated by prior  knowledge  or 
different tests via  synthetic and/or  real  world  
datasets.   Feature  selection  can  be  found  in  many  
areas  of data  mining  such  as classification, 
clustering, association  rules,  and  regression. This 
paper focuses on feature se- lection algorithms for 
classification.  Early research  efforts  mainly  focus  
on  feature selection  for  classification  with  labeled 
data  (supervised feature se- lection)   where  class  
information is  available.   The  latest developments, 
however, show that the above general  procedure  can 
be well adopted to feature selection  for clustering 
with unlabeled  data , (or  unsupervised  feature  
selection)  where  data is unlabeled. 
Feature selection algorithms designed with different 
evaluation criteria broadly fall into three categories.  
The filter model, the wrapper model, and the hybrid 
model Wrappers utilize the learning machine of 
interest as a black box to score subsets of variable 
according to their predictive power. Filters select 
subsets of variables as a pre-processing step, 
independently of the chosen predictor. Embedded 
methods perform variable selection in the process of 
training and are usually specific to given learning 
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machines.In   this   paper; we give an overview   of 
the popularly used feature selection algorithms under 
a unified framework. Moreover,  we propose  a  novel  
feature selection  algorithm based  on  the  minimum 
variance method  for  determining the  dependent 
attributes in a dataset and  removing  those  
dependent attributes, thereby reducing  the attribute 
set to increase the classification accuracy and  reduce  
the  computational time. Experiments on real world 
datasets show that the proposed method is favorable 
in terms   of its effectiveness and efficiency when 
compared with other state-of-art algorithms 

 
II. RELATED WORKS 
 
Feature selection is a mature area of research.   We 
will present a brief overview of the different feature 
selection methods. Blum and Langley [3] classified 
the feature selection techniques into three basic 
approaches.  In  the  first  approach, known as the 
embedded approach, a basic induction method  is  
used  to  add  or  remove  features  from  the  concept   
description in response  to prediction errors  on new 
instances. The second approach is known as the 
filtering approach, in which, various subsets of 
features are explored to find an optimal subset, which 
preserves the classification. The  third approach is 
known as wrapper  methods  which evaluate 
alternative feature sets by running some induction 
algorithm on  the  training data and  using  the  
estimated accuracy of the  resulting classifier as its 
metric. Asma Feki, Anis Ben Ishak and Saber Feki 
[2] proposed a feature selection using Bayesian and 
multiclass Support Vector Machines approaches for 
bank risk prediction. Hu Huang, Hong-Bo Xie, Jing-
Yi Guo and Hui-Juan Chen proposed an ant colony 
optimization-based feature selection method for 
surface electromyography signals classification.  
YouShyang Chen[30] classified credit ratings for 
Asian Banks using integrating feature selection and 
the CDPA-based rough sets approach. Jung-Hwan 
Cho and Pradeep U.Kurup[12] proposed a 
dimensionality reduction method on electronic nose 
data. 
Kohari  and  John  et  al.[16]    proposed  another  
feature se- lection  framework  known  as  the  
wrapper  technique.  The wrapper methods evaluate 
alternative feature sets by running some induction 
algorithm on the training data and using the  
estimated accuracy of the  resulting classifier  as its 
metric. The major disadvantage of the wrapper 
approach is that it requires much computation time. 
Sombut Foithong, Ouen Pinngern and Boonwat 
Attachoo[24] proposed a feature subset selection 
wrapper based on mutual information and rough sets. 
A   number   of feature selection   techniques   based   
on the   evolutionary approaches have   also   been   
proposed. Casillas et al.[4]   presented a genetic 
feature selection  technique  which  is integrated into  
a multi-stage genetic  learning process  to  obtain a  

fuzzy rule  based  classification system  (FRBCS). In 
the  first phase  of this  method, a filtering approach is  
used  to  determine an  optimal  feature subset  for a 
specific classification problem using  class-
separability measures. This  feature subset along with  
expert  opinion  is used  to  obtain the  adequate 
feature subset  cardinality in the  second phase,  
which is used as the  chromosome length. Kira and 
Rendell[14]  proposed a different approach to feature  
selection  and the filter based feature ranking 
algorithm (RELIEF) also proposed  by them  assigns  
a weight to each feature based  on  the  ability  of the  
feature to  distinguish among  the  classes,  and  then  
selects  those  features whose weights exceed a user 
defined threshold as relevant features. The  weight 
computation is based  on the  probability of the 
nearest neighbors  from  two different classes  having  
different values  for an attribute and the  probability 
of two nearest  neighbors  of the  same  class  having  
the  same  value  of the  attribute. The higher the 
difference between these two probabilities, the more 
significant is the attribute.  Inherently, the measure is 
defined for a two-class problem which can be 
extended to handle multiple classes, by splitting the 
problem into a series of two-class problems.  
Kononenko[17] suggested to use k-nearest neighbors 
to increase the reliability of the probability 
approximation.  It also suggested how RELIEF can be 
extended to work with multiple sets more efficiently.  
Weighting schemes are easier to implement and are 
preferred for their efficiency. 
 
Learning to classify objects is an inherently difficult 
prob- lem for which several approaches like instance-
based learn- ing or nearest neighbor-based algorithms 
are used. However, the nearest neighbor algorithms 
need some kind of distance measure. Cost and 
Salzberg[5] emphasized the need to select   
appropriate metrics for symbolic values. Stanfill and 
Waltz[25]    proposed the value difference metric 
(VDM) which measures  the distance between values 
of symbolic  features.  It  takes  into  account  the  
overall  similarity of classification of all  instances for  
each  possible  value  of each  feature. Based on this, 
Cost and Salzberg[5] proposed the modified value 
distance metric  (MVDM) which is symmetric, and  
satisfies  all the  metric properties. They showed that 
nearest neighbor algorithms perform well even for 
symbolic data using this metric.   It  is  observed  that 
distance-values are similar  if the  pairs  occur with  
the  same relative  frequency  for all classes. Zhao 
and Tsang[31] proposed an attribute reduction with 
fuzzy approximation operators.  Sharma and  
Paliwal[23]   proposed  a rotational linear 
discrimination analysis technique for dimensionality 
reduction which is a supervised  learning  technique 
that finds a linear  transformation such  that the  
overlap  between  the classes is minimum  for the  
projected feature vectors in the reduced  feature 
space. 
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III. PROPOSED WORK 
 
In this paper, we introduce a novel approach for 
feature selection in high dimensional data using 
minimum variance method. The dependent attributes 
are identified and are removed from the dataset.   The  
dependent  attributes are  the  at- tributes, in  which  
an  attribute depends  on  the  other  attribute in 
deciding  the  value  of the  class attribute. 
Dependency  between  attributes are  calculated by  
first  grouping  them  into clusters using  minimum 
variance method and then using information gain to 
find the highest ranked attribute among the cluster 
members. The proposed method shows better results 
in terms of number of selected features, classification 
accuracy, and running time than most existing 
algorithms. 
The variance method does not compute distances 
between clusters. Rather, it forms clusters by 
maximizing within-clusters homogeneity. The within 
group (i.e., within-cluster) sum of squares is used as 
the measure of homogeneity. That is, the variance  
method tries to minimize the total within-group or 
within cluster sum of squares. Clusters are formed at 
each step such that the resulting cluster solution has 
the fewest within-cluster sums of squares. The within 
cluster sums of squares that is minimized is also 
known as the error sums of squares (ESS).It has been 
generalised as follows. The dataset with 5 features is 
shown in Table 1. The computation steps of ward’s 
minimum variance method are as follows: 
 

Table1 General Structure of dataset 

 
 
We must first compute E for each of  the ten possible 
mergers. 
Take the first one: (12),3,4,5 Calculate the cluster 
mean for (12) 
=mean(12)=[mean(10,20),mean(5,20)]=[15,12.5] 
For the first possible merger the value of E is  
E=(10-15)2+(5-12.5)2+(20-15)2+(20-12.5)2 
      (30-30)2+(10-10)2+(30-30)2+(15-15)2 
      (5-5)2+(10-10)2 
  = 162.5 

 

 
Figure 1 Procedure Minimam variance method 

 
The   general   structure of a training set   is   shown   
in Table   1.  The   predictor attribute  a1       can   
take   values {a11 , a12  , · · · , a1n }, a2     can  take  
values  {a21 , a22  , · · · , a2n },· · · , an   can  take  
values  {an1 , an2 , · · · , ann }, and  the  class 
attribute c can take the  values  {c1 , c2 , · · · , cn }   
 
3.1 Proposed algorithm for feature selection 
 
The main steps of the proposed algorithm are given 
below. 

1)   Let   A    =   {a1 , a2 , a3 , · · · , an }  be   the   
initial   set of  attributes  and   a1          =   {a11 , a12  
, · · · , a1n }, · · · , an        = {an1 , an2 , · · · , ann }. 

 
   2)   Group the similar attributes using wards 

method.// 

    
  3) Apply voting on the combination of clusters and 
the combination which has the maximum votes are 
considered relevant.  
 
  4) Calculate information gain for the cluster 

members and select the higher ranked cluster 
members as most relevant attribute  

 
 
The proposed algorithm is enumerated as follows: 
 
Step 1:  
Let the Initial set of attributes be A  =  {a1 , a2 , a3 , 
· · · , an }, where  a1      =  {a11 , a12  , · · · , a1n }, 
a2    = {a21 , a22  , · · · , a2n }, · · · , an  = {an1 , 
an2 , · · · , ann } and class attribute c = {c1 , c2 , · · · 
, cn } 
 
Step 2: 
  
Mean11 = {a11+a12}/2 Mean12 = {a12+a13}/2 … 
Mean lm={alm+a1m+1}/2 
 Mean21 = {a21+a22}/2 Mean12 = {a22+a23}/2 … 
Mean 2m={a2m+a2m+1}/2 
. 
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. 

. 
Meann1 = {an1+an2}/2 Meann2 = {an2+an3}/2 … 
Mean nm={anm+anm+1}/2 
 
E11 = (a11-Mean11)2 + (a12 – Mean11)2 +(a21-
Mean21)2 + (a22-Mean21)2     
 E12 = (a12-Mean12)2 + (a13 – Mean12)2 +(a22-
Mean22)2 + (a23-Mean22)2 
… E1m = (a1m-1-Mean1m)2 + (a1m – Mean1m)2 
+(a2m-1-Mean2m)2 + (a2m-1-Mean2m)2  
. 
. 
. 
En1 = (an,1-Meann,1)2 + (an,2 – Meann,1)2 
+(an+1,1-Meann+1,1)2 + (an+1,2-Meann+1,1)2  
… Enm = (an,m-1-Meann,m-1)2 + (an,m–Meann,m-
1)2+(an+1,m-1-Meann+1,m-1)2 + (an+1,m -
Meann+1,m-1)2 
 
Calculate the minimum Eij value, 
i ->1 to n 
j ->1 to m 
 
minimum Eij value fixed and compare Eij with 
remaining attributes 
 
The dataset with 5 attributes has the minimum ESS 
value as E12  .The resulting cluster groups are as 
follows 
E12 minimum value m=5 
 
I.(E12)(E3)(E45) 
II.(E12)(E34)(E5) 
III.(E123)(E4)(E5) 
 
 
 
Step 3: 
 
Apply voting on the combinations and the 
combination which gets the maximum votes are 
considered  as relevant attributes. 
(E12)(E3)(E45) -> X 
(E12)(E34)(E5) -> Y 
(E123)(E4)(E5) -> Z 
 
Where, 
X, Y, Z are integers. 
 
If X>Y>Z 
 
The final cluster is (E12)(E3)(E45) 
 
Step 4: 
 
Calculate the information gain for the clusters 
obtained with minimum variance method. Choose 
the attribute with highest priority as relevant 
attribute. 

  
(E12) 1 >2 
(E3) 
(E45) 5>4 
 
Selected attribute: (1, 5) 
Removed attribute: (2, 3, 4) 
 
4  System implementation 
 
The proposed algorithm is implemented using Java.  
The stepwise approach is as follows. 
(i)The input to the system is given as a text file 
format. The results are the clusters formed.  
(ii)The implemented java file also produces the 
number of votes produced in each combination of 
cluster.  
(iii)The combination which has got the maximum 
votes are given as input to WEKA (Weikato 
Environment For Knowledge Analysis).  
(iv)The highest ranked cluster member is chosen 
using information gain available in WEKA.  
(v)The classifier accuracies from various classifiers 
for each feature selection method are recorded in 
tables from the results got from WEKA. 

 
5  Experimental results and discussion 

 
The feature selection using minimum variance 

method is applied to many datasets, and the 
performance evaluation is done.  We presented the 
performance evaluation on both UCI and WebKB 
datasets. The general structure of dataset’s used in the 
experiment is shown in Table 1. 

 
TABLE 2 DATASET DESCRIPTION 

 
 
  We applied wards minimum method to each dataset 
and  ran  all  traditional feature-selection algorithms 
including wrapper sub set  evaluation,  consistency 
subset  evaluation,  Info Gain  attribute  evaluation, 
Gain Ratio attribute evaluation, One R  attribute 
evaluation,, principal components, classifier subset  
evaluation, respectively,  and  recorded  the  number  
of selected  features by each feature selection 
algorithm. 
 
Our findings are summarized as follows: 
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1)Minimum variance method performs well than 
most traditional feature selection methods such as 
Principal Components, Information gain, relief, gain 
ratio, One R Attribute Evaluation, Wrapper Subset 
Evaluation, Symmetric uncertain attribute evaluation 
in terms of classifier accuracy and the no. of 
attributes reduced. The reduced no of attributes using 
minimum variance and information gain is about 
17.15% which is more compared to leading attribute 
selection methods like principal components which is 
15%. 
2)  In feature selection   approach, we have shown 
that the minimum variance method is a promising 
approach for automatic feature  selection. The 
classification accuracy by minimum variance as a 
feature selector  is 89.6420675% which is greater 
than the traditional feature selection methods like 
principal components which showed 88.2225% and 
One R Attribute evaluation method which showed 
89.5525%. 
3)  We  have  implemented a  new  feature  selector  
using  minimum variance method  and  found  that it  
performs  better than the  popular and  
computationally  expensive  traditional algorithms.          
       
 
CONCLUSIONS 
 
This paper proposes a novel feature selection 
algorithm using minimum variance method. The 
algorithm can remove redundancy from the original 
dataset.  The main idea provided is to find the 
dependent attributes from a cluster and remove the 
other members in the cluster.    The technology   to 
obtain the clusters is based on minimum variance 
method. A new attribute reduction algorithm of using 
minimum variance method is implemented and 
evaluated through extensive experiments via 
comparison with related attribute reduction 
algorithms.    
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