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FEATURE SELECTION: STATE-OF-THE-ART SURVEY
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ABSTRACT. Feature selection is an important preprocessing step in many ma-
chine learning algorithms. In this paper, we review the current literature on
feature selection algorithms. We discuss the major approaches and identify the
advantages and disadvantages of each approach.

1. INTRODUCTION

Feature selection is an important preprocessing step in many machine applica-
tions. It is particularly relevant in big data. Feature selection is used in a wide
range of fields including medicine, text processing, intrusion detection [11], mi-
croarray data, and others. Feature selection has a number of benefits. A model
with fewer features is easier to interpret. A simpler model is usually scientifically
more desirable than a more complicated model. Simple models are preferred to
more complex models according to the established scientific principles. Fewer
number of features has a positive effect on the computational complexity of the
models. Concretely, with fewer features the size of the data is reduced and con-
sequently the training times are also lower. In some machine learning algorithms
such as decision trees the training times are directly related to the number of fea-
tures. In decision tree classifier, the algorithm traverses each feature to find the
optimal split point. Thus, with fewer feature there are fewer steps in finding the
optimal split position. A model with fewer feature is also more interpretable. It
is easier to extract knowledge and create rules from a small model compared to a
large model where the relationships between the features and the target variable
are more complicated and harder to untangle.

In many applications such as microarray data analysis the number of features
can reach thousands. A model based on such a large number of features is not
tractable. Even if a machine learning algorithm can be trained with so many
features it would be a black box model. In many scientific fields such as medicine
black box models do not pass the test for scientific rigor and cannot be used in
practice. Therefore, it is imperative to obtain models with fewer features that
can be analyzed and used for knowledge extraction.
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High dimensional data poses a challenge called the curse of dimensionality.
Given a large number of features, it requires an exponentially larger amount
of samples to learn meaningful patterns within data. If there are not enough
samples then it is hard to distinguish between samples. In particular, samples
appear to be sparse and dissimilar. Another issue with high-dimensional data is
distance concentration which refers to the problem of all the pairwise distances
between different samples/points in the space converging to the same value as
the dimensionality of the data increases. A number of machine learning models
including clustering or nearest neighbors methods use distance-based metrics to
identify similar or proximity of the samples. Because of distance concentration,
the concept of proximity or similarity of the samples may not be qualitatively
relevant in higher dimensions.

There exist a wide range of feature selection methods [, 29]. The field of
feature selection continues to be actively researched with dozens of new feature
selection methods appearing in the literature of a consistent basis. Feature se-
lection methods can be generally grouped into three groups: i) filter methods, ii)
wrapper methods, and iii) embedded methods. The three methods differ by the
nature of identifying the relevant features.

In filter methods, a similarity metric is used to evaluate feature importance.
There exist a number of similarity metrics such mutual information and chi? for
discrete variables [13] and Pearson’s correlation for continuous variables. Given a
metric, the similarity between the target variable and each feature is calculated .
The features are ranked according to their scores. Subsequently the top features
are selected for model training. The number of selected features is either deter-
mined directly by the user or a heuristic. In many cases, a similarity metric can
also be used to evaluate subsets of features. In this case, instead of choosing the
set of optimal features based on the top ranked variables the optimal subset is
identified directly based on the similarity scores between the subsets of the tar-
get variable. Although there are a wide range of pseudo-metrics used for feature
evaluation, the most commonly used metric is mutual information which is given
by the equation

1Y) = 303 por (2.y) log 20 W)

P px(x)py(y)’

where p(xy)(z,y) is the joint probability distribution, px(x) and py(y) are the
marginal distributions.

2. FEATURE SELECTION METHODS

A great volume of research has been dedicated to the topic of feature selection.
It is important to distinguish between feature selection and dimensionality re-
duction in the literature landscape. In the former the outcome is a subset of the
original features while in the later the outcome is a set of new features albeit of
smaller dimension. There a several dimensionality reduction methods including
Principal Component Analysis (PCA) and Linear Discriminant Analysis (LDA)
in addition other popular techniques [9]. These are unsupervised methods that
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create a new reduced subspace without using the class label information [3]. On
the other hand, feature selection techniques can be classified as supervised meth-
ods, where the class information is utilized to identify the best subset of features.
The current feature selection methods can be broadly divided into four cate-
gories: i) filter, ii) wrapper, iii) embedded methods, and iv) genetic algorithms.
Filter methods are the most basic and the most efficient category of selection
methods. Filters employ an independent metric such as information gain [30] or
x?-statistic [20] to evaluate the relevance of a feature subset. Wrapper methods
train a base model on a given feature subset to measure its importance. Wrapper
methods normally perform better than filter methods but require more computa-
tional power. Embedded methods are learning models that carry out automatic
feature selection. Embedded techniques are often based on model regularization
[27]. Feature subsets selected via wrapper and embedded methods perform well
on the base models, but may fail to generalize to other learning models. Sub-
sets selected using filter methods perform more regularly over a range of different
models.

2.1. Filter Methods. The most elementary approach in feature selection is fea-
ture filtering. In a filter method the degree of the relationship between a feature
subset and the target variable is calculated based on a chosen measure. The
resulting value represents the importance of the feature subset. In the simplest
case, individual feature variables are ordered according to their metric values and
the top ranked features are selected. However, such approach ignores feature
interactions. There is a possibility that a pair of features that are irrelevant indi-
vidually can have a high predictive power when combined together as in the case
of the XOR problem. In [23, 33], the authors propose a method that attempts to
handle feature interactions by evaluating features based on their relevancy with
respect to the class variable and their redundancy with respect to other feature
variables. The features that are highly correlated with the target variable but
uncorrelated with other feature variables are given the preference. The authors
in [7], suggest combining mutual information and x? values into a ranked vector.
The use of both mutual information and y?-statistic decreases the deviation of
feature evaluation scores. The proposed method was effectively employed to se-
lect the relevant factors in autism classification [28]. Other measures of feature
relevance have also been used in literature. In [0], the authors propose to evaluate
feature subsets based on an inconsistency measure. In this approach a subset is
deemed inconsistent if there are at least two instances with identical feature la-
bels that belong to distinct classes. The authors discuss different search methods
for finding the optimal subset based on the inconsistency measure. In a novel
approach proposed in [3, 15] the authors use orthogonal variance decomposition
to evaluate features. The orthogonality of the decomposition allows to directly
calculate the total contribution of each feature to the output variance. As a re-
sult, they obtain a feature selection algorithm which takes into account feature
interactions.

2.2. Wrapper Methods. Wrapper techniques utilize a base learning model on
a feature subset and use the resulting prediction error as the subset score. The
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difference between wrapper and filter methods is in the scoring process. While
the former uses model accuracy, the later uses a statistical metric to score feature
subsets. Wrapper methods are computationally intensive but often yield better
results for a given learning model. To account for feature interactions, wrapper
methods ought to be applied to subsets inplace of individual features which en-
larges the search space. Recursive Feature Elimination (RFE) algorithm is at
the intersection of filter and wrapper approaches. RFE is a simple iterative algo-
rithm. At each iteration, the base model is trained and the weakest feature in the
model is dropped. If that the dataset is normalized, then a model feature can be
scored according to the value of its coefficient. For instance, in an ordinary least
squares (OLS) regression model the absolute value of the coefficients represent
their grandeur in the model. RFE is a widely used method and has implementa-
tions with many estimators including SVM [19], Random Forests [15], and MLP

[32].

2.3. Evolutionary Algorithms. In recent years, evolutionary algorithms have
become popular in feature selection [5, 31, 26]. An evolutionary algorithm (EA)
is an optimization technique that follows evolutionary processes. An EA model
starts with a population consisting of subsets of features called genes. Each subset
is evaluated based on a fitness measure, usually classifier accuracy. Then a num-
ber of genetic operations such as selection, crossover and mutation are carried out
on the population. This process is repeated several times (generations) until the
stopping criterion is achieved. A number of other optimization techniques along
the same lines have also been considered for feature selection. For instance, in an
artificial bee colony, the selection process is based on the behavior of honey bee
swarm Hancer. In [22], the authors employ the swarming behavior of grasshop-
pers to construct a feature selection method. An evolutionary approach based on
the behavior of gray wolf packs was employed in [1] to choose the optimal feature
subset. In another approach, a nested couple of genetic algorithms was applied to
feature selection in cancer microarray data [25]. Despite some positive findings,
these methods are computationally demanding. In addition, since EA models are
stochastic the results can be unstable and convergence to the global minimum is
not guaranteed.

2.4. Penalized Interaction. Penalized interaction approaches are used to se-
lect important interaction terms in nonlinear regression models. An important
aspect of variable selection in interaction models is the penalty term in the cost
function that follows the hierarchy of the importance of the features. An often
utilized approach is to include an interaction term only after the corresponding
main effects are present [35]. One of the popular approaches that uses hierarchi-
cal penalty is hierarchical Lasso. It is based on the traditional Lasso regression
with the addition of weak hierarchy constraints between the main effects and the
interaction effects [, 21]. There exist a number of other techniques for hierarchi-
cal selection of variables include CAP [31] and VANISH [24]. Although penalized
interaction algorithms are used to select both the main effects and interactions
terms they are primarily designed for the latter.



52 S. KAMOLOV

2.5. Principal Component Analysis. Principal component analysis (PCA)
is a dimensionality reduction algorithm that generates a new orthogonal basis
that best captures the variance in a dataset. It is commonly used to reduce
the dimension of the dataset by projecting each data point onto only the first
few principal components to obtain lower-dimensional data. At the same time, it
maximally preserves the variance of the dataset [2]. There are two key differences
between PCA and feature selection. First, PCA is an unsupervised algorithm. It
does not employ the class label information to construct the new basis vectors.
Second, PCA is not a feature selection algorithm but instead a dimensionality
reduction algorithm. PCA generates a set of new features which can be used to
reduce the dimension of the dataset. It does not supply direct information about
the significance of the original features.

2.6. Feature Selection in Imbalanced Data. Imbalanced data refers to skewed
distribution of class labels [16]. Feature selection in the context of imbalanced
data requires a careful approach. Since the number of samples in the majority
class heavily out weight the number of samples in the minority class, typical fea-
ture selection methods may not be appropriate. For instance, mutual information
based filter methods would unfairly be biased towards the majority class labels.
At the same time, correct classification of the minority samples is often of greater
importance. Therefore, the features that help correctly identify the minority sam-
ples are of added importance. To carry out feature selection in imbalanced data,
macro metrics that consider unweighted aggregate outcomes are desirable.

3. CONCLUSION

Machine learning is a growing field of research with a wide range of applications
including computer vision, speech recognition, medicine, astronomy, finance and
many others [10, 11, 12]. Feature selection is an important preprocessing step
in big data machine learning applications. In this paper, we reviewed the latest
advancement is feature selection research. We highlighted the classic as well as the
modern approaches. We discussed the benefits and drawbacks of each approach.
In the future, we recommend taking into account feature interactions.
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