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Abstract—In the past decade, the availability of voluminous and high-dimensional datasets has
immensely emerged with continuous technological innovations to foster new ways to gather and
analyze data. Thus, feature selection has become a challenging task in areas of application like
text classification, data analysis, prediction, information retrieval etc. Knowledge extraction
using machine learning models usually depends on the quality and quantity of data that they
operate on. Feature selection is one of the core concepts to identify and remove irrelevant as
well as redundant information that may impact accuracy or have no impact on the results.
Feature selection methods are discussed in this review paper along with practical limitations.
Subsequently, the workflow to solve a feature selection problem is also elaborated with feature
selection methods. In feature selection, many surveys and empirical assessments were
performed in many areas like classification, prediction, regression, and clustering, respectively.

Index Terms— feature selection, feature ranking, filter, hybrid, wrapper, embedded.

|. INTRODUCTION

The abrupt growth in volume as well as dimension of datasets is problematic for algorithms and leads to high
computational cost and memory usage. Mobiles, social media, cameras, infrastructure-less wireless networks,
weblogs, radio frequency identification (RFID) readers, internet search, web-based data are few names of
information gathering sources. According to the IDC Digital Universe study, “By 2020, around 40 zettabytes
will be the size of the digital universe” [1]. Apart from structured data in traditional datasets, a large volume of
unstructured and semi-structured data is present.

In the late 19th century, feature selection emerged as an important technique for selection of most relevant,
significant, and important features. Variable Selection is a part of Feature Engineering, also known as ‘feature
selection’ (or attribute selection). It is the process to identify and removal of irrelevant or less vital features to
achieve better accuracy and performance enhancement of the model [2]. The identification or extraction of most
relevant features also known as dimensionality reduction techniques [1]. The advantage of feature selection is
that no information loss of a single feature importance. In case, when original features are very diverse, and a
small set of features is required then removal of some features may lead to a chance of loss of information.
Whereas drawback of feature extraction is that the linear combinations of original features are not interpretable
and the information about the contribution of each feature is often lost. Feature extraction often decreases the
feature space size without losing a lot of information. The choice of feature extraction or selection methods
totally depends on the data type of application domain [3].
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“The objective of feature selection is three-fold: improving the prediction performance of the predictors,
providing faster and cost-effective predictors, and providing a better understanding of the underlying process that
generated the data.” [2]

Il. LITERATURE REVIEW

The feature selection method consists of four critical steps: feature subset creation, subset assessment, stopping
criterion, and outcome validation. The objective of feature selection is to select a subset e.g., b= {f2, f4, f8, f9}
from the complete set of input features e.g. a = {f1, f2, 3, f4....... fn} where n is the total number of features in
a dataset. The subset ‘b’ can predict the output with improved accuracy and reduced computational cost
comparable to the performance of the set ‘a.” All the features in a dataset are not always relevant and the
redundancy in the features may not lead to potential results. Less number of highly relevant features gives a
better generalization with less training and testing time. L. Ladha et al and N. Krishnaveni et al in [4] enlisted
foremost benefits of performing feature selection before modelling the data:

o Reduces dimensionality of feature space,

Less storage requirements,

Removes redundant, irrelevant, and noisy data,

Overfitting reduction,

Accuracy improvement of resulting model,

Training time reduction,

Improve interpretation with complexity reduction,

o Performance improvement, to gain predictive accuracy.

According to literature review, many novel methods have been implemented based on local and global relations.
Genetic Algorithm and Support Vector Machine are the most used methods on the other hand many authors
consider high dimensionality to be crucial concepts to address [5]. Feature selection algorithms (FSA) are
classified into Filter, Wrapper, and Hybrid feature selection methods [6]. While based on data type, FSA are
broadly categorized into four groups: similarity-based, sparse-learning-based, information-theoretical-based, and
statistical-based methods [7]. In 2013 using affinity propagation clustering, a fast feature selection algorithm was
proposed named ‘Sequential Feature Selection’ (SFS). SFS provides high accuracy and was applied separately to
each cluster of a dataset [8]. In 2014 Naive Bayesian based novel hybrid algorithm was proposed to minimize the
feature selection computing complexity using filter and wrapper algorithms [9]. On the other hand, Unsupervised
and multivariate filter- based feature selection methods were proposed for analyzing the redundancy and
relevance of features [10].

In paper [11], four feature selection methods are compared as Decision trees, entropy measure for ranking
features, estimation of distribution algorithms, and the bootstrapping algorithm on the other side also proved that
the elimination of noise is vital to consider in the classification process. Bi-Objective version outperforms
Particle Swarm Optimization, Ant Colony Optimization, and Genetic Algorithms as an optimization technique
for ensemble systems using filter-based feature selection approach [12]. Whereas Wrapper-based approach was
used by many researchers for feature selection using different optimization techniques such as Ant Colony
Optimization algorithm [13], a hybrid search method and particle swarm optimization [14], Harmony Search
[15].

The output of feature selection algorithms is based on various dimensions such as ranking or subset, tasks
involved as supervised or unsupervised, and principle as filter/ wrapper/ embedded. The feature selection method
must be enhanced to reduce redundant data for large data analytics [4]. Various studies demonstrate that various
algorithms are available for feature selection and each algorithm behaves differently for different types of
datasets. Therefore, analysis is required to find out the suitable algorithm for feature selection.

This section provides introduction to feature selection and brief review on feature selection algorithms. In the
following section 3, different feature selection algorithms are discussed to check situation-based suitability of
feature selection techniques for classification/prediction and clustering algorithms; In section 4, feature selection
algorithms are compared based on different merits such as efficiency, computation cost, feature dependencies,
etc. Various application and technical domains for feature selection are provided in Section 5. Finally, conclude
the paper with a discussion on advanced issues section 6.
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I1l. FEATURE SELECTION METHODS AND LIMITATIONS:

The feature selection problem has been studied form many years by statistics, researcher, and machine learning
communities. With emerging data mining research, more attention has been given to feature selection
techniques. Feature selection is also known as subset selection and a pre-processing technique used in machine
learning to increase learning accuracy by removing irrelevant features [16]. Taxonomy of feature selection
techniques for different datasets is shown in “Fig. 1”.

Feature Selection

Select a subset from Filter, wrapper, Embedded Applicable for microarray data, text mining, weather
the original set and hybrid methods forecasting, image processing, sentimental analysis, etc.

Fig 1. Taxonomy of feature selection techniques for different datasets

Complete (Exhaustive) search, Sequential Search, Exponential Search and Randomized Search are most
common search Strategies used for feature selection. A large range of application areas (text analysis, microarray
data analysis, climate change prediction, digital image processing, sentimental analysis, etc.) uses different types
of feature selection algorithms (Filter, wrapper, Embedded and hybrid methods).

A. Filter Methods

Filter methods is the most generic approach among all the four and works irrespective of data modelling
algorithm. Optimal feature set is selected by analysing general features of the dataset. In literature, methods with
respect to filter class are as univariate (evaluate a single feature using ranking) and multivariate (evaluate an
entire feature subset using search strategy). Filter methods cannot be applied universally for different knowledge
discovery operations thus has been classified as regression, classification, or clustering [6], [10], [17]-[32] .
Filter approach to feature subset is shown in Fig. 2.

Entire Feature

- Machine
Feature Ranking, Learning
set subset -
e e Algorithm
Selecting the best Performance
Dataset feature subset Evaluation

Fig 2. Filter method

According to [33], filter methods are faster and have low computational cost in contrast to wrapper and
embedded methods but inefficient reliability in classification problems. As a result, this method is more popular
to both academicians and industry practitioner. According to survey analysis, in Table | filter methods are
summarised into 2 categories, along with application utility and references.

TABLE |. MOST COMMON FILTER METHODS

Information Gain (IG) [17]; Gain Ratio [18]; Chi-square [18]; Fisher Score (F-Score) [19]; | Classification

5 Symmetrical uncertainty [20]

= | ReliefC [21] Clustering

i Laplacian Score (L-Score) and Spectral feature selection (SPEC) [22] Classification, Clustering
c 'g Correlation [22] Regression
-% E @ Relief and ReliefF [23]; ANOVA / Term Variance/ Variance Threshold [24]; Count/ | Classification, Regression
2z S o| frequency based or Count Vectorizer [25]; Gini Index (GI) [26]
2 Fast Correlation based filter (FCBF) [22]; RRVSACO: Relevancy-Redundancy Variable | Classification
5 » Selection Ant Colony [10]; RSM: Random subspace (an ensemble) method [27] ;
g % Relevance-redundancy feature selection (RRFS) [28]
= < Correlation based feature selection (CFS) [20]; Minimal redundancy-maximal-relevance | Classification, Regression
E E (mMRMR) [6]

o Variable selection using sparse cluster analysis [29]; LFSBSS: Localized Feature Selection

B Based on Scatter Separability [30]; MCVS: Multi-Cluster Variable Selection [22]; Variable | Clustering

S weighting K-means [31]; Graph Clustering Ant Colony (GCACO) [32]; Graph Clustering

% with Node Centrality (GNCC) [31]

S Unsupervised Feature Selection Ant Colony (UFSACO) [10] Classification, Clustering
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B. Wrapper Methods

In 1996, Ron Kohavi and George H. John proposed the wrapper procedure to decrease irrelevant features [34].
Black-box is used as a predictor to evaluate the variable subset using wrapper methods. Wrapper methods
performs better in case of a smaller number of features in contrast it is expensive to be used for huge feature set
due to high computational cost and feature selection process got slower if each feature is evaluated with trained
classifier [16]. Another drawback is higher risk of overfitting as if using classifier model data learning rate is too
high and provides poor generalization [4], [6], [9]. The induction technique (also known as the ‘black box’) has
been used to represent the supervised problems. Each training instance is characterised by feature vectors and a
class label as shown in Fig. 3. Further, ranking is used for irrelevant features elimination [34].

In 2015, Diao R and Shen Q. suggested that to form a hybrid approach with intellectual properties for feature
selection, development of a meta-framework may be beneficial for dynamic identification of suitable algorithms
[35]. According to [14], Genetic algorithms (GA), Particle Swarm Optimization (PSO), and Ant Colony
Optimization (ACQO) are widely used among existing heuristic methods for the variable selection problem. It has
been observed that due to its cogent structure GA is preferable even though PSO and ACO provide higher
accuracy for similar tasks. According to literature survey, Wrappers algorithms can be categorized into
Sequential selection and Heuristic search. In Table Il Wrapper methods are summarized, along with application
utility and references.

Entire Search

Feature Strategy, Induction
set subset Algorithm
generation
Selecting the best Performance
Dataset feature subset Evaluation

Fig 3. Wrapper method

Wrappers perform feature selection based on performance of modelling algorithm (black box). E.g., for
classification tasks, features subsets will be evaluated based on classifier performance, whereas, for clustering, it
will be based on performance of clustering algorithm [13], [36]-[42]. While implementing Wrappers, the subset
generation is dependent on search strategy same as filter methods. The model evaluation steps are repeated for
each subset until all features are ranked. According to literature, wrappers performance is better than filters
because it evaluates subsets using real modelling algorithms. Generally, any combination of search strategy and
modelling algorithms can be implemented for variable selection. While modelling methods like Naive Bayes,
linear support vector and Extreme Learning Machines are best with wrappers for greedy search problems.

TABLE Il. MOST COMMON WRAPPER METHODS

Sequential/ Greedy | Sequential backward selection and Sequential forward [38] Classification
selection algorithms

Wrapper

feature Global/ Random/ | Ant Colony Optimization (ACO) and Genetic Algorithm (GA) [39]; | Classification, Clustering
selection | Heuristic selection | Particle Swarm Optimization (PSO-SVM) [42]; Artificial Bee Colony
algorithms (ABC) [40]; Random mutation hill-climbing [36]; Simulated annealing
(SA) [41]

C. Embedded Methods

The filter methods have a major drawback that is independent of classifiers which results worse performance than
wrapper methods. However, wrapper has high computational cost. A midway solution is the use of embedded or
hybrid methods and both use the principal of the classifier to generate criteria to rank most optimal features [43].
Embedded methods are robust and effective while dealing with high dimensional dataset and have lower risk of
overfitting in comparison to wrapper [44]. First, these methods train a machine learning model then drive feature
importance. Finally, remove non-important features using the feature subset. Fig. 4 illustrates the embedded
variable selection methodology.

Embedded methods consider not only feature dependencies via relationship between input and output feature,
but also search features locally that allow local discrimination. In other words, it uses independent criteria to find
optimal subset for known cardinality. The final optimal subset is selected among optimal subsets by using
learning algorithm having best accuracy level. Various types of decision tree algorithms are used by different
embedded methods as CART, C4.5, random forest, multinomial logistic regression, and its variants [45]. Among
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Entire Produce Algorithm

Feature aFeature +
set subset Performan
ce
Selecting the best Performance
Dataset feature subset Evaluation

Fig 4. Embedded method

different embedded methods, Support Vectors based on Recursive Feature Elimination (SVM-RFE) is widely
used [46] Whereas, regularization method also known as penalization, is one of the common embedded types of
feature selection. Among regression based embedded methods, LASSO and RIDGE regression are mostly used
for hyperspectral data to reduce overfitting through inherent correction [47], [48]. According to literature survey,
some mostly used Embedded algorithms are mentioned in Table 111. Embedded methods are summarised, along
with application utility and references [45], [47]-[52].

TABLE Ill. MOST COMMON EMBEDDED METHODS

Embedded | Tree based methods / | Classification and Regression Trees (CART) [45] Classification, Regression, Clustering
feature Decision tree algorithms ID3 [50]; Random Forest [51] Classification
selection C4.5 Decision Trees [49] Clustering
Regularization / | LASSO regression (L1 regularization) [47]
Regression methods RIDGE regression (L2 regularization) [48] Regression
Elastic nets (L1/L2 regularization) [52]

D. Hybrid Methods

Hybrid methods are developed to utilize the advantages of filters as well as wrappers methods [44]. These
methods are sequential based as the first step is commonly based on filter methods to reduce the number of
features that help to remove redundant features then a wrapper method is applied to select the desired number of
features from a reduced set for optimal feature selection [53]. It can be any combination of classical methods
such as filter-filter, filter-wrapper, and filter-filter-wrapper where the output of one method as feature subset is
provided as input to another. Independent test and performance evaluation functions are used by this approach
for feature subset selection. Thus, it helps to improve the efficiency and accuracy for high dimensional dataset
with better computational cost [54]. Hybrid feature selection method layout is shown in Fig. 5. Several
methodologies are developed using hybrid methods, such as: hybrid ant colony optimization; fuzzy random
forest-based feature selection mixed gravitational search algorithm or hybrid genetic algorithms.

feature pre- ‘f)ep;&n?el
Entire selction ot
Feature set (filter Slelailel
method) (wrapper
OR filter)
Selecting the best Performance
Dataset feature subset Evaluation

Fig 5. Hybrid method

IV. COMPARISON

All above mentioned methods have been widely used by many researchers for different applications. The
performance of feature selection methods totally depends upon the dimensionality of the dataset. Thus, new
methods for feature selection are always needed. Table IV, summaries and compared the feature selection
methods along with merits and demerits [9], [13], [14], [37], [43], [44].

V. APPLICATIONS DOMAINS FOR FEATURE SELECTION

In this section, application and technical domains for feature selection are briefly discussed. Feature selection
problems aim at selecting a subset of variables to describe the data with maximum accuracy. The chosen subset
must be short in size and contain only the information required for the given application. In the literature, feature
selection issues are often tackled using search strategies, where the assessment of a specified subset is performed
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TABLE IV. COMPARISON OF FILTER, WRAPPER, EMBEDDED AND HYBRID METHODS

Filter methods Wrapper methods Embedded methods Hybrid methods

Better results than filter, but
computational expensive for
huge dataset.

High computational efficiency. The performance degrades if
number of irrelevant features is

high in target set.

Better computational complexity than
wrapper methods.

No interaction with modelling
algorithm.

Dependent on modelling
algorithm performance.

Dependent  on  modelling
algorithm performance.

Dependent on modelling algorithm
performance.

Low computational cost for

large dataset.

High computational cost for
large dataset thus works
better for small dataset.

Computational cost is less in
comparison to wrapper
methods.

More flexible and robust against high
dimensional data

Slow execution than filter than  filter

methods.

Faster than wrapper methods. High  performance

methods.

Fast execution than wrapper
methods

Less prone to overfitting High risk of overfitting as if

data learning rate is too high.

Generally used to reduce over
fitting;  Least prone to
overfitting

Overcomes the demerits of wrapper,
enhanced search algorithm thus least
prone to overfitting

Identification of small set of
features may be problematic.

Consider feature

dependencies.

Mostly ignores feature
dependencies and consider each
feature separately.

Dependents on the combination of
different feature selection methods.

Cross validation methods are used for
assessment.

Cross validation methods are
used for valuation of methods.

Cross validation methods are
used for method assessment.

The features subsets are
evaluated by using statistical
tests

by an appropriate function (filter methods) or directly by the execution of a Data Mining tool (wrapper methods)
[6], [22], [53].

In Table V, feature selection methods are summarized with respect to application domains and evaluation
metrics. Although there is no ideal solution for a particular statement of problem and difficult to conclude until a
significant number of test situations are efficiently addressed.

TABLE V. SUMMARY OF FEATURE SELECTION METHODS BY VARIOUS APPLICATION DOMAINS

Application domain | Feature Selection methods Evaluation metrics Best performing
Bioinformatics [13], | Information Gain, Chi-square, t-Statistics, Gain Ratio, | Accuracy, Stability, | Information Gain,
[55] Symmetrical Uncertainty, ReliefF, Gini Index, Max | AUC Symmetrical Uncertainty,
Minority, Sum of Variance Chi-square and ReliefF
Text Classification | Probability ratio, Bi-normal Separation, Accuracy | Recall,  Accuracy, | Information Gain and Bi-
[56], [57] Balanced, F1 Measure, Information Gain, Power, Random, | Precision, and F- | normal Separation
Correlation, Chi-square, measure
Clustering[21], [58] Information Gain, Iterative Feature Selection, Document | Entropy and | Iterative feature selection
Frequency, Chi-square, Entropy based ranking Precision
Rule Induction[15], | RIPPER, Induction algorithms, Pruning, LEM1, LEM2, | Accuracy, Recall, | RIPPER and Multi-strategy
[59] AQ, LERS, Multi-strategy approach and Precision approach
System Distance, entropy, Wrapper (SVM/NN), Global geometric | Accuracy Overall, all methods
Monitoring[60], [61] | similarity scheme, Correlation, Principal component
analysis, Frequency-domain analysis
Image Recognition | Genetic Search, K-mean, Relief, Sequential Floating | Accuracy and MSE Relief, SFFS or SFBS and
[40], [62] Forward or Backward Selection (SFFS/SFBS), different their combinations
combination of all, and Random Search

V1. CONCLUSION

In this paper, various strategies are reviewed in the context of feature selection. Each algorithm selects the
variables without computing redundancy out of which some algorithms also do not consider performance and
accuracy. On the other hand, some algorithms do not consider the existence of noisy data when picking features.
According to literature, if the computational time is extended, then the learning process becomes negligible.
Filter methods can be used on huge datasets with many features because they are faster. However, it has no
effect on accuracy. Wrapper approaches pick the best characteristics with high precision. However, the
computational cost is high. Some hybrid solutions attempted to address the shortcomings of both methodologies.
The objective of this study is to provide an in-depth comprehension of feature selection. If the high dimensional
dataset contains irrelevant, insignificant, and unimportant features which in turns prevents effective modelling
and may produce less accurate as well as less understandable results or may fail to achieve desirable results.
Based on the research, an efficient unified framework for any size of dataset with minimal computing cost, and
highest accuracy is required for variable selection.
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