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Abstract:  Feature selection is an important concept in data mining. Batch learning is the mostly used learning algorithm in 

feature selection. Unlike Batch learning, online learning proves to be the most promising, efficient and scalable machine learning 

algorithm. Most existing studies of online learning require accessing all the features of training data. But, accessing all attributes 

becomes a problem when dealing with high dimensional data. To avoid this limitation, and investigating an online learner which 

will maintain a classifier having small and fixed number of attributes. The key challenge of online feature selection is how to 

make accurate prediction for an instance using a small number of active features. This is in contrast to the classical setup of 

online learning where all the features can be used for prediction. Proposed System aim to develop novel OFS approaches which 

are compared with previous classification algorithms and to analyze its performance for real-world datasets with full and partial 

inputs. 
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I. INTRODUCTION 

    The rapid advance of computer based high-throughput 

technique has provided unparalleled opportunities for humans 

to expand capabilities in production, services, communi-

cations, and research. Meanwhile, immense quantities of high 

dimensional data are accumulated challenging state-of-the-art 

data mining techniques. Feature selection is an essential step 

in successful data mining applications, which can effectively 

reduce data dimensionality by removing the irrelevant (and 

the redundant) features. In the past few decades, researchers 

have developed large amount of feature selection algorithms. 

These algorithms are designed to serve different purposes, are 

of different models, and all have their own advantages and 

disadvantages. Feature selection, a process of selecting a 

subset of original features according to certain criteria, is an 

important and frequently used dimensionality reduction 

technique 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, and improving mining performance such as 

predictive accuracy and result comprehensibility. For 

classification, the objective of feature selection is to select a 

subset of relevant features for building effective prediction 

models.  

       By removing irrelevant and redundant features, feature 

selection can improve the performance of prediction models 

by alleviating the effect of the curse of dimensionality, 

enhancing the generalization performance, speeding up the 

learning process, and improving the model interpretability. 

Feature selection has found applications in many domains, 

especially for the problems involved high dimensional data. 

Despite being studied extensively, most existing studies of 

feature selection are restricted to batch learning, which 

assumes that the feature selection task is conducted in an 

offline/batch learning fashion and all the features of training 

instances are given a priori. Such assumptions may not 

always hold for real-world applications in which training 

examples arrive in a sequential manner or it is expensive to 

collect the full information of training data. For example, in 

an online spam email detection system, training data usually 

arrive sequentially, making it difficult to deploy a regular 

batch feature selection technique in a timely, efficient, and 

scalable manner. Another example is feature selection in 

bioinformatics, where acquiring the entire set of 

features/attributes for every training instance is expensive due 

to the high cost in conducting wet lab experiments. 

II. FEATURE SELECTION 
   Feature selection is the technique of selecting subset of 

original features according to certain criteria. It is used for 

dimension reduction and hence, can be called as 

dimensionality reduction technique. Fig.1. illustrates a unified 

view of feature selection process. There four main 

components in a feature selection process: feature subset 

generation, subset evaluation, stop criterion, and results 

validation. These components work in 2 phases. 

Phase I: Feature subset generation component will produce 

candidate feature subsets based on a certain search strategy. 

Than each candidate subset is further evaluated by a certain 

evaluation measure and it is compared with the previous best 

one with respect to this measure. If a new subset turns out to 

be better, it replaces the previous best subset. The process of 
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subset generation and evaluation is repeated until a given  

stopping criterion is satisfied. 

Phase II: The finally selected subset is subject to result 

validation by some given learning algorithms. 

 
Fig.1. A general view of Feature Selection Process. 

 

A. Online Learning  

      Online learner is allowed to maintain a classifier by 

involving  only  a  small  fixed  number  of  features.  The 

challenge  is  how  to  make  accurate  prediction  on  an 

instance using a small number of active features. Online 

learning is preferred because of its following key features: 

 Avoid re-training when adding new data 

 High efficiency 

 Excellent scalability 

 Strong adaptability to changing         environments 

 Simple to understand 

 Trivial to implement 

 Easy to be parallelized 

 Theoretical guarantee 

III. RELATED WORK 

       In this section, overviews of existing feature selection 

techniques are provided. The objective of this survey is to 

clearly understand the limitations of existing schemes. 

A. Online Passive-Aggressive Algorithms 
    Perceptron  algorithm  is  one  of  the  well  known  feature 

selection  algorithm.  Recently, a large number of online 

learning algorithms have been proposed in which many of 

them follow the criterion of maximum margin principle. For 

example, the Passive-Aggressive algorithm proposes to 

update a classifier when the incoming training example is 

either m is classified or fall into the range of classification 

margin. The PA algorithm is limited in that it only exploits 

the first order information during the updating. This limitation 

has been addressed by the recently proposed confidence 

weighted online learning algorithms that exploit the second 

order information. Despite the extensive investigation, most 

studies of online learning require the access to all the features 

of training instances. In contrast, we consider an online 

learning problem where the learner is only allowed to access a 

small and fixed number of features, a significantly more 

challenging problem than the conventional setup of online 

learning. In this project several online learning tasks are 

described and analyzed.  Author has first introduced a simple  

online algorithm which we call Passive- Aggressive (PA) for 

online binary  classification.  Alternative modifications to the 

PA algorithm which improve the algorithm‟s ability to cope 

with noise are proposed. A unified analysis for the three 

variants is also proved. Building on this unified view, author 

show how to generalize the binary setting to various learning  

tasks. 

VI. CONCLUSION AND FUTURE SCOPE 

   In this project, by reviewing different techniques of feature 

selection and efficiency of OFS algorithms against these 

techniques. OFS aims to select a small and fixed number of 

features for binary classification in an online learning fashion. 

OFS addresses two kinds of OFS tasks in two different 

settings: 1) OFS by learning with full inputs and 2) OFS by 

learning with partial input. When experimented the 

encouraging results show that the OFS algorithms are fairly 

effective for feature selection tasks of online applications, and 

significantly more efficient and scalable than other batch 

feature selection techniques. In future, we can use Online 

Feature Selection novel approaches for online multiclass 

classification problems. 
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