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Abstract— Feature is a prominent attribute of a process 

being observed. Set of features are applied to pattern 

recognition and machine learning algorithms for processing. 

In modern world, size of set of features has been increased 

to multiple of thousands. Hence dealing with large number 

of features became a challenge. Feature selection is one of 

the well-known technique to minimize the size of set of 

features. Feature selection is carried out mainly in three 

contexts: supervised, unsupervised and semi-supervised. 

Different measures are used for selection of features. In this 

paper some representative methods of each of the context 

are analysed along with their pros and cons. Also it gives 

idea about why there is a need of separate feature selection 

technique for semi-supervised data. 
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I. INTRODUCTION 

High dimensional data is challenging issue in modern world. 

Areas like image recognition, text categorization, clustering, 

system monitoring, bioinformatics, and rule induction deals 

with data having thousands of dimensions or features. High 

dimensional data increases the computational time and 

storage cost leading to the poor performance. To solve the 

high dimensionality problem dimensionality reduction 

technique is used. 

Feature selection and feature extraction are the two 

basic approaches to handle dimensionality reduction issue. 

Feature extraction is a process which creates a new set of 

features by combining existing ones whereas feature 

selection selects the subset of features from existing ones. 

Feature selection is widely used as it does not alter the 

features presented to it. 

Feature selection aim to select a set of features 

which will in some way give more information about data 

than any other combination. If there are n features then 2n 

subsets of features are possible. From these subsets, 

selecting the subset with optimum number of features is the 

job carried out by feature selection. In feature selection 

either features are ordered according to their weight (rank-

based) or subsets are evaluated (evaluation based) to find the 

best subset.  There are two ways for selection of features, 

Filter: Filter methods reduce dimensionality 

independent of any learning algorithm. Features are 

evaluated using intrinsic characteristics of data. Features are 

filtered using specific measure function. 

Wrapper: Wrapper methods search through the 

feature space using predetermined learning algorithm. If 

output of learning algorithm is satisfactory then that feature 

set is selected as best subset. The final outcome of wrapper 

methods is good but in terms of cost they are expensive to 

carry out. 

In literature various filter and wrapper methods are 

presented. The main advantage of wrapper method is that it 

implicitly handles the redundancy. But as number of 

features increase the evaluation of each subset becomes 

costlier in case of wrapper. Hence most of the time filter 

methods are adopted and thus here focus is mainly on 

various filter methods. 

Feature selection methods are widely categorized 

according to the presence of class or label in training data 

as: supervised, unsupervised, semi-supervised. Supervised 

means having labels and unsupervised means unlabeled. 

Notation Meaning 

c Number of different classes 

μr Mean value of rth feature 

σr Standard deviation of rth feature 

ni Number of samples belonging to class i 

fri rth feature of ith instance 

S Weight matrix of nearest neighbors 

D Diagonal matrix calculated from S 

ΩML Must-link constraint set 

ΩCL Cannot-link constraint set 

Table 1: Notations and Their Meaning 

In semi-supervised data, some are having labels 

and remaining are unlabeled. Now a days, most application 

generates semi-supervised data. In supervised feature 

selection, features are selected with the help of classes.  

Next is formulation of feature selection using the set 

notations. Let X = {x1, … … , xN} be the set of N instances. 

Then XL= {x1, … … , xL} and XU =  {x1, … … , xU} are the two 

subsets of X indicating labeled instances and unlabeled 

instances respectively. Here N = L + U. F = {f1, … … , fm} is 

a feature vector with m features. It is expected that feature 

selection procedure should be such that the selected features 

are relevant and non-redundant. Feature is relevant if it is 

predictive of the class label; else irrelevant. The features 

which has high correlation between each other are said to be 

redundant. 

Table I gives the meanings of notations used in 

further sections. In remaining two sections of this paper, 

section 2 explains the various feature selection methods 

along with their relevancy and redundancy analysis. Section 

3 talks about the performance evaluation of feature selection 

methods and section 4 concludes the feature selection 

techniques. 

II. FEATURE SELECTION TECHNIQUES 

Feature selection is frequently carried out in pattern 

recognition and machine learning before proceeding to 

desired task. It improves the performance of learning 

algorithms. As said earlier wrapper methods are expensive. 

Hence here focus is on various filter methods only. Different 

feature selection techniques classified under filter approach 

are presented below. 

A. Supervised Feature Selection 

In supervised case available labels are useful for selecting 

the relevant features. The feature selection techniques for 
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supervised data finds how the features are related with class. 

The feature is irrelevant if it is independent of class. To 

know this dependency, measures like mean, variance, 

correlation, or similarity are used. 

1) Fisher Score: 

Fisher Score [2] is very simple and widely used in real 

applications. Feature is good if it has related values to the 

samples from same class and vice a versa. Fisher score uses 

this property and selects the features. It is based on the 

principle of linear discriminant. Fisher score is formulated 

as given below. It evaluates the features individually; 

therefore cannot handle the redundancy. 

Fr =
∑  ni(μr

i − μr)2c
i=1

∑ ni(σr
i )2c

i=1

 . 

Fisher score should be maximum for a feature to 

get selected. If features in same class has wide range of 

values weight of feature decreases obviously and such 

features will get lower rank. 

2) Relief: 

M. Robnik-Sikonja and I. Kononenko[3] has given a Relief 

algorithm of feature selection. It is a ranking algorithm 

motivated by instance-based learning. When data is given as 

input Relief detects those features which are relevant to the 

target concept or class. It is formulated as follows, 

W[f] = W[f] − 
diff(xi, H)

no.  of iterations
+  

diff(xi, M)

no.  of iterations
 . 

W[f] is array of weight of features. H and N are 

near-hit and near-miss respectively of sample xi. The idea 

behind Relief is that if an instance and its near-hit have 

different value on feature f then instance is not well 

separated on that feature. On the other hand if an instance 

and its near-miss have different values then instance is well 

separated on that feature. Relief also shows poor 

performance in case of redundancy. Another limitation of 

Relief is that it deals with only two class problem. To solve 

this problem extensions of Relief [3] are suggested. 

3) Constraint Score: 

The methods discussed previously evaluates the feature 

relevance with every class label. When number of samples 

are huge, it increases the computational time.  To handle this 

issue D. Zang et al. [4] has proposed another approach 

called pairwise constraints. Many times natural relationship 

occurs between two samples. Using this information it can 

be specified if a pair of sample belong to the similar class or 

dissimilar class. From this, two constraint sets can be 

generated namely must link and cannot link. 

For supervised data, these constraints can be 

formed from available class labels. The must link constraint 

set includes a pairs of instances having identical class and 

pairs of instances having different class are in cannot link 

constraint set. 

Cr =
Σ(xi,xj)ϵΩML

 (fri − frj)
2

Σ(xi,xj)ϵΩCL
 (fri − frj)

2  . 

Cr  is the weight of feature calculated using set of 

constraints which should be minimized. Performance of 

constraint score depends on number of constraints selected. 

B. Unsupervised Feature Selection 

In many real applications data is unlabeled and it is not 

possible to manually assign the labels. This makes task of 

feature selection challenging in unsupervised context. “The 

goal of feature selection for unsupervised learning is to find 

the smallest feature subset that best uncovers ‘interesting 

natural’ grouping from data according to the chosen 

criterion.” So, here choosing the proper criteria is important 

as class labels are not available. Following are the scoring 

functions used to assess the features in case of unsupervised 

samples. 

1) Variance Score: 

Features can be selected using Variance score [5] in a 

simple manner. Variance is nothing but the deviation of 

variable from its mean value. Now here for each feature its 

deviation is calculated for all instances and it is summed up. 

Same is represented below in mathematical form. Features 

are arranged in decreasing order of their variance. 

Vr =
1

U
∑ (fri − μr)2

U

i=1
 . 

Here Vr  is a variance of rth feature. But Variance 

does not assure that features selected are useful for 

discriminating between instances in different classes. 

2) Laplacian Score: 

X. He in [6] has proposed feature selection using the idea of 

preserving locality known as Laplacian Score. It is 

motivated by spectral graph theory. This score makes use of 

observation that, two instances are possibly related to the 

same class if they are near to each other. To find the 

nearness between samples pairwise similarity is used.  

Laplacian score is formulated as, 

Lr =
Σi,j (fri − frj)

2
Sij

Σi (fri − μr)2Dij

 . 

For every instance k nearest neighbors are find out. 

Then difference between feature value of an instance and its 

nearest neighbors is calculated. This is represented in above 

scoring function. As variance in the denominator increases, 

Lr decreases. This suggests that features with maximum 

variance have more representative power. So, for a feature 

to get selected should have minimum Laplacian score. 

C. Semi-Supervised Feature Selection 

Semi-supervised data is mixture of labeled and unlabeled 

instances. In digital era, data generated due to various 

applications is typically semi-supervised. In that context, the 

labeled instances are usually less in number and unlabeled 

instances are more. Above supervised and unsupervised 

feature selection techniques are discussed. If class based i.e. 

supervised feature selection technique is applied to semi-

supervised data then information provided by unlabeled 

samples is completely ignored. And if unsupervised feature 

selection is applied then class information provided by 

labeled samples get ignored. Hence a technique which takes 

advantage of both type of information is required. In 

literature many authors has studied this issue and suggested 

different feature selection methods. These methods consider 

mixture of both types of instances find better results. Below 

two extensively studied methods i.e. sSelect and 

Constrained Laplacian Score (CLS) are discussed. 

1) sSelect: 

Spectral graph theory [7] has been proposed by Z. Zhao and 

H. Liu [8] for selecting subset of features in case of semi-

supervised data. The sSelect algorithm presented, calculates 

the rank of features, in which a relevancy of feature is 

computed by its appropriateness with the help of labeled and 

unlabeled samples. 
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It uses the concept of clustering. For feature f, 

cluster indicator is formed and it is evaluated using two 

parameters: separability and consistency. Depending on the 

cluster indicators score of each feature is calculated and 

after that they are arranged in descending order. 

2) Constrained Laplacian Score (CLS): 

M. Hindawi et al. [9] has suggested scoring function which 

is combination of constraint score and Laplacian score. This 

method tries to evaluate the ability of features through the 

use of neighborhood structure of samples with no labels, and 

the constraints given by labeled samples. 

M. Hindawi et al[10] introduced the concept of 

selection of constraints. In CLS constraint sets are formed 

using available labels. But all of the constraints are not 

useful for feature selection. Hence from the set of 

constraints, specific constraints are chosen depending on 

coherency criteria and then scoring function is applied. 

Below φr gives the formulation of the score suggested, 

φr =
∑ (fri − frj)

2
(Sij + Nij)i,j

∑ (fri − αrj
i )

2
Diii,j

 . 

This score has to be minimized. The idea of this 

score is that the feature is not good if two instances are in 

must link constraint set and they are not nearest neighbors of 

each other or two instances who are nearest to each other but 

are in cannot link constraint set. 

3) Constrained Semi-Supervised Feature Selection with     

Redundancy Elimination (CSFSR): 

The methods discussed till now has not considered the issue 

of redundancy explicitly. As scoring function evaluates the 

features individually, there is more chance of occurrence of 

redundant features. Hence the authors in [11] has discussed 

the issue of redundancy and suggested the minimum 

spanning tree based method for elimination of redundancy. 

It is known that features having higher correlation 

are redundant. Here the complete graph is constructed using: 

the features as nodes and correlation between features as the 

weight of an edge. Next the Prim’s algorithm is applied on 

this graph. The output of Prim’s algorithm is the final subset 

of non-redundant features. 

III. PERFORMANCE EVALUATION 

As feature selection is preprocessing required for learning 

algorithms, their performance can be viewed as 

improvement in learning. Along with this redundancy rate 

and relevancy rate can also be considered as performance 

evaluation measure. Below is the description of different 

measures. 

 Accuracy: Classification and clustering are the two 

main learning task. Number of objects correctly 

classified is measurement of classification accuracy.  

To know the accuracy of clustering, compare the labels 

obtained for an instance with that given in data 

collection. The ideal feature selection method should 

have high accuracy for both classification and 

clustering. 

 Relevancy Rate: Precision and recall [12] can be used 

as measure of relevancy rate. These concepts are 

borrowed from information retrieval context. Precision 

is number of relevant features in a subset out of total 

selected features. And recall is number of relevant 

features in a subset out of total features relevant 

features. 

 Redundancy Rate: Feature selection methods should 

give the minimum redundancy rate. Following 

measurement is widely used for calculating 

redundancy rate [11]. F is the set of selected features 

with cardinality k and C is correlation between two 

features. 

𝑅𝐸𝐷(𝐹) =
1

𝑘(𝑘 − 1)
 ∑ 𝐶𝑖,𝑗

𝑓𝑖,𝑓𝑗𝜖 𝐹,   𝑖>𝑗

 

Using RED(F) redundancy of feature set is 

calculated. It is actually the average of correlation between 

pairs of features. 

IV. CONCLUSION 

Feature selection is employed to find which features will be 

useful so as computation on be focused on them. Feature 

selection when applied reduces the training time and storage 

requirements. Several methods have been employed for 

feature selection. In the above section various filter 

approaches for feature selection has been explained. Now a 

days amount of semi-supervised data is growing faster. So 

feature selection can be focused in that direction. The 

Laplacian score, sSelect, CLS are the methods which 

employ the spectral graph theory for ranking of features.  

Therefore, there is a scope to enhance the semi-supervised 

feature selection using the constraint set selection based 

approach along with spectral graph theory. 
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