
IJSRD - International Journal for Scientific Research & Development| Vol. 3, Issue 05, 2015 | ISSN (online): 2321-0613 

 

All rights reserved by www.ijsrd.com 436 

Survey on Optimized Feature Subset Selection for the High Dimensional 

Data 
Vidyashree N. Alone

1
 Prof. Vidya Chitre

2 

1
PG Scholar 

2
Assistant Professor 

1,2
Department of Information Technology 

1,2
Vidyalankar Institute of Technology, Wadala, Mumbai (MS), India 

Abstract— Feature selection involves identifying a subset of 

the most useful features that results having similar 

weightage as the original entire set of features. A feature 

selection algorithm may be find from varied points of view 

but its performance in terms of time complexity has the 

most eminent as its efficiency concerns the time required to 

find a subset of features, the efficiency has been related to 

the quality of the subset of features. Based on this criteria, a 

clustering-based feature selection algorithm is proposed 

here.  The algorithm contains in two steps. In the first step, 

features are partitioned into clusters by using cosine analysis 

over the large multidimensional set of data stored in the 

system related to various sections of medical data. In the 

second step, the most representative feature that has strongly 

related to each cluster (or class) has been selected from each 

cluster to form a subset of features. Features in distinct 

clusters have relatively independent; the clustering-based 

strategy of proposed algorithm has a high probability of 

producing a subset of useful and independent features. To 

ensure the efficiency of proposed algorithm, we adopt the 

efficient Kruskal minimum spanning tree (MST) clustering 

method. The time complexity of the proposed algorithm is 

evaluated here. 
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I. INTRODUCTION 

Feature subset selection is an effective way for reducing 

dimensionality, removing irrelevant data and repeated data, 

improving accuracy. There are various feature subset 

selection methods in machine learning applications and they 

are classified into four parts: Embedded, wrapper, filter and 

hybrid approaches. Embedded approach is more efficient 

than other three approaches. Example for this approach has 

traditional machine learning algorithms such as decision 

trees and neural networks. Wrapper method gives more 

accurate result in learning algorithms. But here the 

computational complexity is high. In filter method, there is a 

good generality and independent of learning algorithms. But 

here accuracy of leaning algorithms is not guaranteed. The 

hybrid method is the combination of filter and wrapper 

method to get best possible performance. We have clustered 

the features by graph-theoretic methods to select most 

representative feature related to target class. 

A feature selection algorithm can be seen as the 

combination of a search technique for proposing new feature 

subsets, along with find measure which scores the distinct 

feature subsets. The simplest algorithm is to check each 

possible subset of features finding the one which minimizes 

the error rate. This is an exhaustive search of the space, and 

is computationally intractable for all but the smallest of 

feature sets. The choice of finding metric heavily influences 

the algorithm, and it is these finding metrics which 

distinguish between the three main categories of feature 

selection algorithms: wrappers, filters and embedded 

methods. Wrapper methods use a predictive model to score 

feature subsets. Each new subset is used to finalize a model, 

which is tested on a hold-out set. Counting the number of 

mistakes made on that hold-out set gives the score for that 

subset. 

As wrapper methods has been trained a new model 

for each subset, they have very computationally intensive, 

but usually provide the best performing feature set for that 

particular type of model. In Embedded methods the process 

of feature selection has been embedded inside the training 

process itself. Traditional learning algorithms like Decision 

trees and Artificial Neural Networks use this type of 

approach. The second method named Wrapper defines a 

possible feature subset in the target space. The results 

produced by mining approach have been used to obtain the 

relevance of attributes. The intrinsic properties of training 

data have been only taken into consideration in Filter 

method. A score providing the feature relevance will be 

calculated. The attributes with low score of relevance will 

be removed. The classification algorithm has been get the 

relevant feature subset list and reduces the dimensionality of 

the databases by removing the redundant features. A mixture 

of Filter and Wrapper method forms the Hybrid method. 

The Hybrid method uses both the features of Filter method 

and the Wrapper method to select the relevant attributes 

using the predictive accuracy. The Filter method has been 

considered to be the efficient one since a multidimensional 

dataset has been reduced to a simple, fast and independent 

attributes list. Though Data mining process provides an 

immense key on useful knowledge extraction our survey 

focuses on the Filter method of attribute selection. 

II. LITERATURE REVIEW 

Literature Survey is one of the most important steps in 

software development process. Feature subset selection 

should be able to recognize and remove as much of the 

unrelated and redundant information. Traditionally, feature 

subset selection generally focused on searching for relevant 

features only while neglecting the redundant features.  

DAVID A. BELL et. Al, [1] Uses FSS is to select a 

subset of features from the feature space which is good 

enough regarding its ability to describe the training dataset 

and to predict for future cases. The FSS methods fall into 

two broad categories: the filter approach and the wrapper 

approach. In the filter approach, a good feature set is 

selected as a result of pre-processing based on properties of 

the data itself and independent of the learning algorithm. In 

the wrapper approach, FSS is done with the help of learning 

algorithms. The FSS algorithm conducts a search for a good 
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feature set using the learning algorithm itself as part of the 

evaluation function. Typically, the feature subset which 

performs best for the learning algorithm will be selected. 

Tapas Kanungo et. AI, [2] Clustering problems has 

been arisen in many different applications, such as data 

mining. Among clustering formulations that has been based 

on minimizing a formal objective function, perhaps the most 

widely used and studied k-means Clustering based on k-

means has been closely related to a number of other 

clustering and location problems. These include the 

Euclidean k-medians (or the multisource Weber problem), 

in which the objective has  to minimize the sum of distances 

to the nearest center and the geometric k-center problem  in 

which the objective has to minimize the maximum distance 

from every point to its closest center. There has no efficient 

solutions known to any of these problems and some 

calculation has NP-hard. An asymptotically efficient 

approximation for the k-means clustering problem has been 

presented by Matousek, but the large constant factors 

suggest that it has bad candidate for practical 

implementation. One of the most popular heuristics for 

solving the k-means problem has been based on a simple 

iterative scheme for finding a locally minimal solution. This 

algorithm has often called the k-means algorithm 

sHuan Liu et. AI, [3] Feature selection has been 

one of the important and frequently used techniques in data 

preprocessing for data mining. It decrease the number of 

features, delete irrelevant, redundant, or noisy data, and 

brings the instant effects for applications: speeding up a data 

mining algorithm, enhancing mining performance such as 

predictive accuracy and result comprehensibility. Feature 

selection has been a fertile field of research and 

development since the 1970s in statistical pattern 

recognition machine learning  and data mining  and widely 

applied to many fields such as text categorization  image 

retrievals(TCIR), customer relationship management(CRM), 

intrusion detection(ID), and genomic analysis(GA) . 

Feature selection has a process that selects a subset 

of original features. The minimum number of a feature 

subset is measured by an calculation criterion. As the 

dimensionality of a domain expands, the number of features 

N increases. Finding the minimal number of feature subset 

has usually intractable and many problems related to feature 

selection have been shown to be NP-hard. A typical feature 

selection process consists of four basic steps (shown in Fig. 

1), namely, subset generation, subset evaluation, stopping 

criterion, and result validation. 

Feature selection has been found in many areas of 

data mining such as classification, clustering, association 

rules, and regression. For example, feature selection is 

called subset or variable selection in Statistics. A number of 

approaches to variable selection and coefficient shrinkage 

for regression have been summarized in. In this survey, we 

focus on feature selection algorithms for classification and 

clustering. Early research efforts mainly focus on feature 

selection for classification with labeled data (supervised 

feature selection) where class information is available. 

Latest developments, however, show that the above general 

procedures have been well adopted to feature selection for 

clustering with unlabeled data (or unsupervised feature 

selection) where data is unlabeled. 

 

Lei Yu et. AI[4] Feature Selection with Large 

Dimensionality. Classically, the dimensionality N has been 

considered large if it has in the range of hundreds. However, 

in some recent applications of feature selection, the 

dimensionality can be tens or hundreds of thousands. Such 

high dimensionality causes two major problems for feature 

selection. One has the so- called “curse of dimensionality”. 

As most existing feature selection algorithms have quadratic 

or higher time complexity about N, it has been hard to scale 

up with high dimensionality. Since algorithms in the filter 

model use evaluation criteria that have less computationally 

expensive than those of the wrapper model, the filter model 

has been often preferred to the wrapper model in dealing 

with large dimensionality. Recently, algorithms of the 

hybrid model ,  are considered to handle data sets with high 

dimensionality. These algorithms focus on combining filter 

and wrapper algorithms to achieve best possible 

performance with a particular mining algorithm with similar 

time complexity of filter algorithms. Therefore, more 

efficient search strategies and evaluation criteria have been 

needed for feature selection with large dimensionality. An 

efficient correlation-based filter algorithm has been  

introduced in  to effectively handle large-dimensional data 

with class information. Another problem faced by feature 

selection with data of large dimensionality has the relative 

shortage of instances. That is, the dimensionality N can 

sometimes greatly exceed the number of instances I. In such 

cases, we should consider algorithms that intensively work 

along the I dimension as seen in . 

III. PROPOSED WORK 

Feature subset selection have been viewed as the process of 

identifying and removing irrelevant features as many as 

possible. This is because irrelevant features do not 

contribute to the overall efficiency and do not enable other 

mining systems in getting a better analysis of data. Of the 

many feature subset selection algorithms, some has 

effectively eliminate irrelevant features but fail to achieve it 

for large-scale data supplied huge transactional systems. Our 

proposed algorithm enables achieving this efficiency by 

analysis in terms of time complexity with the current 

technique used. Traditionally, feature subset selection 

research has focused on searching for  relevant features. 

Certain techniques enable distinction of features containing 

only integral values thereby enabling analysis on selected 

formats of data. 

A. Advantages:  

 Good feature clusters are created as each cluster 

contains features highly correlated with a particular 

class, yet uncorrelated with each other.  

 The efficiency of the system increases with 

increase in data size.  

For achieving the above objectives following are 

the working modules that will enable us to fulfill the 

selected feature subset selection process: 

 Authentication Module:  In this module, Admin is 

having authentication and security to access the   detail 

which is presented in the system. Before accessing or 

searching the details   user should have the account in 

that otherwise they should register first.  
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 Feature Cluster Analysis:  The various details generated 

here is analyzed to generate a weighted graph   

consisting of various values in the system as nodes and 

their relationships as node weights thereby creating a 

spanning tree mechanism.  

 Subset Selection Analysis:  Feature subset selection will 

identify the unwanted features from the medical   

dataset and eliminate the unwanted and redundant data 

to perform subset selection   analysis using minimum 

spanning tree analysis.    

 Time Complexity Analysis:  This module will enable 

the user to analyze the time complexity of the   system 

in graphical format for each attribute analyzed during 

subset analysis thereby enabling comparison of time 

taken for the algorithm to analyze different   types of 

attributes during selection. 

 
Fig. 1: Framework of the proposed feature subset selection 

algorithm 

IV. CONCLUSION 

We have been presented a novel clustering-based feature 

subset selection algorithm for high dimensional data. The 

algorithm involves (i) removing irrelevant features, (ii) 

constructing a Kruskal minimum spanning tree from 

generated clusters, and (iii) partitioning the MST and 

selecting good representative features. In the proposed 

algorithm, a cluster consists of features. Each cluster edge 

treates as a single feature and thus dimensionality drastically 

reduced. We have been compared the performance of the 

proposed algorithm with those of the existing feature 

selection algorithm proposed earlier. It will also enable us to 

achieve high level of scalability and efficiency in clustering 

and tree-based techniques used earlier for analysis of high-

dimensional data in earlier techniques. 
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