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Abstract

The high dimensionality problem, which is one of the problems encountered in classification
problems, arises when there are too many features in the dataset. This problem affects the
success of classification models and causes loss of time. Feature selection is one of the
methods used to eliminate the high dimensionality problem. Feature selection is defined as
the selection of the best features that can represent the original dataset. This process aims to
reduce the size of the data by reducing the number of features in the dataset by selecting the
most useful and important features for the relevant problem. In this study, the performances
of various classification algorithms in different data sizes were compared by using the
recursive feature elimination method with cross-validation, which is one of the feature
selection methods. Recursive feature elimination with cross-validation is a method that tries
to get the most accurate result by eliminating the least important variables with cross-
validation. In the study, datasets containing binary classification problems with a balanced
distribution were used. Accuracy, ROC-AUC score, and fit time were used as evaluation
metrics, while Logistic Regression, Support Vector Machines, Naive Bayes, k-Nearest
Neighbors, Stochastic Gradient Descent, Decision Tree, AdaBoost, Multilayer Perceptron, and
XGBoost classifiers were used as classification algorithms in the study. When the findings
obtained as a result of recursive feature elimination with cross-validation were examined, it
was observed that the accuracy increased by 5% on average and the ROC-AUC score
increased by 5,3% on average, and the fit time decreased by about 5,1 seconds on average. It
has been concluded that Naive Bayes and Multilayer Perceptron classifiers are the most
sensitive to feature selection since they are the classifiers whose classification performance
increases the most after feature selection.
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1 Introduction

The rapid development of information technologies
and the cheaper use of these technologies have
made large databases more accessible in recent
years. As a result, the amount of data stored in
databases today is increasing exponentially. In
analyzing the data in these databases, modern
methods such as data mining and machine learning
have started to be used instead of traditional
methods. These up-to-date methods can be defined
as the set of processes that are useful to discover
hidden information and various patterns in large
data heaps [1]. Feature selection is part of this
whole process.

*e-posta: berkeakkaya@istanbul.edu.tr
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Although every variable is seen to be effective in
solving the problem in theory, there may be
unnecessary, irrelevant, noisy, and misleading
variables in the data used in solving many real-life
problems, and there is usually no preliminary
information about the models to be established to
solve these problems. In cases where the number of
independent variables is too high, the number of
alternative variables that can be selected for the
model also increases. In such cases, trying sub-sets
of all possible variables and deciding in this way is
not realistic both in terms of the time and cost of the
application and the performance of the algorithm to
be used in the analysis [2]. In the light of all this
information, feature selection has become a very
important issue in multidimensional data used
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today before the application of analysis and model
building processes.

2 Feature selection

In current approaches, each variable in the dataset
is called a feature or attribute. The reason why each
of these variables is called a feature is that it reflects
the characteristics of the sample represented by the
dataset. Feature selection is defined as choosing the
best subset of features that can represent the
original dataset. Feature selection is the process of
selecting the best k features among n features in the
dataset by evaluating the features according to the
algorithm used [3]. Feature selection aims to reduce
the number of features in the dataset by selecting
the most effective features for the problem of
interest. When the number of features is not
reduced, unnecessary features in the dataset may
cause the training time of the model to increase and
its interpretability to decrease. When the feature
selection is applied:

e The working speed of the model increases.

e The understandability, interpretability, and
visualization of the model become easier

[4].
e [t saves various costs such as time and
storage.

e [treduces the error rate of the model [5].

Feature selection is usually a process that consists
of the following steps [6].

1. Generation of Subsets from the Original
Dataset: Subset generation, which is the
process of obtaining smaller-sized datasets
by using various strategies on the original
dataset, is essentially a heuristic search
process that determines candidate subsets
in the search space to evaluate. This process
consists of two basic stages. The first stage
where the starting point/points of the
search are decided, affects the direction of
the search, this process can be forward,
backward, or bidirectional. The second step
is to decide which search strategy to use. For
a dataset with M features, there are 2™
candidate subsets. As the number of
features increases, the number of this
search space also increases, and it becomes
difficult to perform the search process.
Therefore, different strategies such as
sequential search and random search that
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can be used in various scenarios have been
developed to overcome this difficulty [7, 8].

2. Evaluation of Subsets: In the evaluation
stage, each new subset created in the first
stage is evaluated with a specific evaluation
criterion, and the optimal feature subset is
tried to be found. A subset that is optimal for
certain assessment methods may not be
optimal by another criterion. Various
methods are used to measure the optimality
of the candidate subset. The first method of
measuring this optimality is independent
methods that do not need to work with any
learning algorithm and allow calculating
measures such as distance and information.
Another method of measuring this
optimality is dependent methods that allow
calculating measures as a result of the
output of various learning algorithms [7, 8].

3. Stopping Criterion for Subset Selection:
Stopping criterion is the stage where it is
determined when or in which situations the
feature selection process should be stopped.
Completion of the feature set search,
reaching predetermined criteria, not finding
a more optimal feature set are commonly
known stopping criteria [2, 9].

4. Results Validation of Selected Subsets: While
it is quite easy to verify the results in data
with a priori knowledge, it is very difficult to
have a priori knowledge in many
applications where big data are used. For
this reason, performance indicators of
algorithms are preferred when feature
selection is required while working with big
data. Values such as error rate and accuracy
are frequently chosen as performance
indicators [10].

To summarize all these feature selection steps; first,
a feature subset is created from the original dataset,
and then an evaluation is made on the features
using various methods and it is decided whether the
relevant feature will be selected or not. The feature
decided to be selected is included in the relevant
subset and the process continues until the stop
criterion is met [11].

2.1 Feature selection methods

The methods used in feature selection are generally
divided into three groups: filter methods based on
statistical information, wrapper methods based on
performing search operations on features, and
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embedded methods based on finding the best
features through an algorithm. In filter methods,
feature selection is made before running the
algorithm to be used in the machine learning model,
while in wrapper methods, the feature selection
algorithm is used as a tool to select the best features.
In embedded methods, the algorithm to be used in
the machine learning model and the algorithm that
will select the feature work together [12].

Although feature selection methods are used with
all kinds of data with large dimensions; It is widely
used in the process of determining important
features related to the problem addressed in many
areas such as text mining, diagnosis of diseases,
fraud detection, churn analysis.

2.1.1 Filter Methods

As can be seen from the name, these methods
enable selection by filtering the subset of the
features in the dataset. In filter methods, the
machine learning model is created after the features
are selected. It is the oldest feature selection
method since various statistical criteria are used. In
these methods, the best feature subset is selected by
calculating the values such as distance, information
gain, and correlation of the samples in the dataset
without using any algorithm [13]. The reason why
the method is called filtering is the selection of
feature subsets with the most appropriate values
among the calculated statistical criteria. In a way,
this method is the process of filtering features
according to the statistical values obtained.

Filtering methods determine the various
relationships (such as distance, information gain) of
input variables with the target variable using
statistical methods and then, select the variable
with the strongest relationships. In other words,
these methods make feature selection by allowing
to see how much the change in this selected feature
would change the target variable if only a certain
feature was selected among all features [14]. When
the literature and real-life applications are
examined, it is seen that many different filter
methods are used. Fisher Score, Chi-Square Test,
Information Gain, and Correlation Criteria are
commonly used filter methods.

Fisher Score Method calculates a score for each class
value using the mean and standard deviation of the
features.

_ (Mg — 12)

(o1 —03)

F(w) (1)
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In the formula of the fisher score [15] method
mentioned in (1), values 1 and 2 represent two
different classes, u denotes the arithmetic mean of
classes, and o2 denotes the standard deviations of
the classes. In this method, features with high
scores in data instances in the same class are
assigned to similar values, while features in data
instances in different classes are assigned different
values. Thus, the features that will distinguish the
classes from each other in the best way are selected.
With this method, which tries to find the features
that help to distinguish the two classes from each
other, the feature selection process is made by
selecting the desired number of features starting
from the highest value, after listing the features
according to the calculated scores [16, 17]. If the
Fisher Score is high, it can be interpreted that the
mean difference between the two classes for the
relevant feature is wide and there are also small
deviations in the relevant classes.

Chi-Square Test, which is based on whether the
difference between observed and expected
frequencies is significant, is one of the frequently
used feature selection methods. The method tests
whether there is a relationship between the input
variables, which are features, and the target
variable. Features found to be unrelated to the
target variable as a result of the applied test are
removed from the dataset [18]. The formula used
for the Chi-Square test are given in (2).

(2)

In the formula [19] while the f;; value denotes
observed and the f ’ij value denotes the expected

value, the degree of freedom of the chi-square
distribution to be used for test statistics is
calculated with the d value. It is calculated as d = (i-
1) *(j-1). In the Chi-Square method, when a certain
number of features is desired to be selected, the
process is done by selecting the desired number of
features, starting from the highest value according
to the calculated value of the features.

Information Gain Method works by calculating the
difference between the information required to
explain a selected feature and the information
required to explain this selected feature together
with any other feature. The entropy model is used
to calculate this difference with the Information
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Gain Score [20]. Entropy is expressed as a measure
of uncertainty in a system.

HY) = =) p(y) log, () 3)

HIYX) = = ) p0) ) pOI0Iog 001 (4
x€eEX YEY

Information Gain = H(Y) - H(Y|X) (5)

The Information Gain, which shows the decrease in
the entropy value of the Y feature depending on the
X feature [21], is calculated as in (3), (4), (5).

Correlation Criteria performs the feature selection
process by using the correlation coefficient value.
The correlation coefficient mathematically takes
values between -1 and +1 and the strength of the
relationship is expressed with these values. Using
this criterion, the existence and strength of the
relationship between the features and the target
variable are investigated. This method is based on
the hypothesis that the good feature subsets (input
variables) consist of features with high correlation
with the class (target variable) to be predicted and
low correlation between each other [22, 23]. This
means that features that have high correlations
with each other are eliminated by this method and
feature selection is made. In this method, the
Pearson Correlation Value is frequently used.

cov(x;,Y)

R() =
\/ var(x;) * var(y)

(6)

In equation (3), x; is the iy, variable, Y is the target
variable (class), cov() is the covariance, and var() is
the variance. Since the correlation method can only
detect linear dependencies between the features
and the target variable, it is more accurate to use it
with numerical feature subsets.

2.1.2 Embedded Methods

Embedded Methods perform feature selection by
embedding feature selection with its classifier
structure. This method involves the interaction of
classification algorithms with feature selection
algorithms. As with Wrapper Methods, it has the
ability to work with classification algorithms that
cannot be used in Filter Methods, although it has
higher computational costs [11]. Decision Trees are
widely used for classification problems in
embedded feature  selection [2], while
Regularization Methods are commonly used for
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regression-based problems in embedded feature
selection.

Decision Trees Method works by pruning the
branches of the tree according to the importance of
the input variables (features) of the classification
algorithm. Any decision tree algorithm used for
classification problems can be preferred to be used
in this method. Like the Wrapper Methods, in the
Decision Trees Method, feature set selection is
made until the model reaches the best point. The
importance of the features is revealed with various
criteria in Decision Trees. After determining the
importance limit, the features below this limit are
not included in the model and the success
performance of the model is increased [24].

Regularization Methods provide feature selection by
penalizing input variables (features). The method
determines the features that will have the most
optimum effect on the target variable to achieve
maximum accuracy while decreasing or increasing
the penalty coefficients of these features [25]. There
are 3 types of Regularization Methods: LASSO (L1),
RIGDE (L2), and Elastic Nets (L1/L2) [11].

2.1.3 Wrapper Methods

Wrapper methods allow the selection of features
that can show the best prediction performance with
various learning algorithms for feature selection.
Although these methods give better results than
filtering methods in determining the best sub-
feature set, they have higher computational costs
[2]. Sequential Forward Selection, Sequential
Backward Selection, Plus L - Minus R, Sequential
Forward Floating Selection, Sequential Backward
Floating Selection, and Recursive Feature
Elimination methods are the commonly used
wrapper methods.

Sequential Forward Selection (SFS) Method starts
from an empty feature set and aims to find the
subset with the best features by adding a feature
that has not been added to the feature set before in
each iteration. The contribution of the relevant
feature to the success of the classification is
considered when deciding whether to include any
feature in the subset. The method continues until
there is no increase in classification success or until
stopping criteria are met. The feature selected in
any repetition cannot be removed from the subset
afterwards because the classification success
increases even once.

Sequential Backward Selection (SBS) Method aims to
find the subset with the best features to maximize
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the classification success by reducing the number of
features among all available features. This method
starts the operation with all features, after that it
continues by removing one feature from the subset
at each step until there is no increase in the
classification success, unlike the Sequential
Forward Selection method. Once the features are
removed from the subset, they cannot be included
in the subset again in the Sequential Backward
Selection method.

Plus L - Minus R Method can be called a combined
version of the SFS and SBS method. This method
first adds L number of features to the subset at each
step. Then, it removes the number of R features
from the subset to ensure that the classification
success is optimum. L and R are constant values
given during application. For these L and R values,
any optimum value is not selected or created during
the application. Therefore, it becomes difficult to
reach the most optimum result unless the correct
values are given. Plus L - Minus R Method can also
be used to eliminate the problems such as not
removing the selected feature from the feature set
in the SFS method or not including a feature
extracted in the feature set in the SBS method.

Sequential Forward Floating Selection (SFFS)
Method is used as an alternative to the Plus L -
Minus R method. Since the L and R values in the Plus
L - Minus R are chosen randomly, the result
obtained depends on certain L and R values. For this
reason, the results obtained with the Plus L - Minus
R method may not be optimum. In order to
overcome this problem, a moving structure is
proposed instead of fixing L and R values as in the
Sequential Forward Floating Selection method.
Thus, at any step of the feature selection in this
method, the current classification success is moved
in the same direction until it reaches a higher value.
This method performs the feature selection process
starting from an empty set.

Sequential Backward Floating Selection (SBFS)
Method works in the opposite way to the SFFS
method. This method performs the feature selection
process starting with the whole set, in other words
with all the features.

2.2 Recursive Feature Elimination with Cross-
Validation

Recursive Feature Elimination, which is one of the
wrapper methods, aims to reach the optimal
number of features by eliminating the least
important features. This method performs the
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feature selection process by working with a
machine learning algorithm according to the
success performance of the algorithm used. The
method removes unnecessary and weak features
that least affect the success of the classification
model and at the same time maintains effective and
strong features that improve the success of the
model. It uses an iterative procedure that works
similar to the backward feature selection. This
method first creates the model on the entire feature
set and grades each feature according to its effect
and importance on the target variable. After that, it
rebuilds the model after removing the least
important feature at each step and recalculates the
importance of each feature until the highest model
success is achieved [26].

Recursive Feature Elimination with Cross-
Validation (RFECV) method works just like
Recursive Feature Elimination. The only difference
is that it performs feature selection with cross-
validation. It uses K-fold as a cross-validation
technique. In the training of a classification model,
the dataset is divided into two as training and
testing. While performing this division, some
deviations (bias) and errors may occur in the
training and testing of the model depending on the
distribution of the data. K-fold cross-validation,
which can be used in such situations, divides the
data into equal parts according to a specified
number of k, allowing each part to be used for both
training and testing. Thus, it minimizes deviations
and errors caused by distribution and division. The
RFECV method applies the same process procedure
as in Recursive Feature Elimination to each of the k
divided datasets. Although the RFECV method
causes an additional data processing cost, it
provides more reliable results [27], [28].

3 Material & methods

The Recursive Feature Elimination with Cross-
Validation (RFECV) Method is used for feature
selection in this study, while the k-fold cross-
validation value in the RFECV, namely k value, was
determined as 10.

In order to see the effect of RFECV on different sized
datasets, 5 different data sets were used in the
study. ARCENE is the first of these datasets.
ARCENE aims to predict cancer cells by binary
classification methods. While there are 10.000
features in the ARCENE dataset, the number of
instances is 100. The second dataset used in the
study is GISETTE. This dataset aims to predict
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handwritten single-digit numbers using the
classification methods. There are 5.000 features
and 6.000 instances in the GISETTE dataset.
MADELON is another dataset used in the study. This
dataset with 500 features and 2.600 samples
reflects a binary classification problem with
continuous features. ARCENE, GISETTE, and
MADELON datasets were used in the NIPS (Neural
Information Processing Systems Conference) -
Feature Selection Competition held in 2003 [29, 30].
The fourth dataset used in the study is HILL-
VALLEY with 100 features and approximately 1200
instances. The HILL-VALLEY dataset reflects the
problem of binary classification with coordinates
representing a hill or valley, aiming to predict
whether these coordinates belong to a hill or a
valley [31]. The last dataset used in the study is
SPECTF. This dataset aims to diagnose tomography
results using the binary classification method.
SPECTF has 45 features and about 350 instances
[32].

In the classification process, firstly, each dataset is
divided into two separate groups as 70% train and
30% test. Afterwards, the model was established on
the training dataset and the classification models
were evaluated by applying the established model
to the test dataset. For the classification model, 9
different classification algorithms, namely Logistic
Regression (LR), Support Vector Machines (SVM),
Naive Bayes (NB), k-Nearest Neighbors (k-NN),
Stochastic Gradient Descent (SGD), Decision Tree
(DT), AdaBoost (ADA), Multi-layer Perceptron
(MLP) and XGBoost (XGB), were used to see how
different algorithms were affected by the feature
selection in different sizes of datasets. In order to
see the effect of the RFECV method; Accuracy and
ROC-AUC values used in the evaluation of the
classification algorithms and the fit time of the
model were examined. A brief summary of the
working principles of classification algorithms used
in the study is given in the next paragraph.

The logistic regression algorithm performs
classification using a logistic function with
probabilities describing the possible results of a
single experiment [33]. The support vector machine
algorithm is the representation of train data divided
into classes as points in space at the width it allows.
In this way, classification is carried out according to
the classes represented in space [34]. The Naive
Bayes algorithm is based on the Bayesian theorem,
with the assumption of independence between each
pair of features [35]. k-Nearest Neighbors is a
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method of classification based on neighbors. By
working with distance calculations, it classifies each
data point by assigning the nearest neighbors
specified [36]. Stochastic Gradient Descent is a
simple and effective approach compatible with
linear models. This algorithm, which can be useful
when the dataset is large, supports different loss
functions and penalty values for classification [37].
Decision Tree, as its name suggests, is a tree-based
algorithm. It generates and classifies an array of
rules using attributes in the data [38]. AdaBoost
aims to achieve a powerful classifier that provides
high accuracy by combining multiple classifiers that
perform poorly. The main principle of AdaBoost is
to train the data sample by adjusting the weights of
the classifiers in each iteration [39]. Multilayer
Perceptron is an artificial neural network with
backward propagation. It consists of input layers,
hidden layers, and an output layer. Layers use a
non-linear activation function, except for the input
layer. The activation function provides a curvilinear
match between input and output. This algorithm
allows classification by changing the weights of the
neurons it assigns to it [40]. XGBoost can be
described as a more regular form of the Gradient
Boosting algorithm. XGBoost algorithm uses
advanced regularization, which improves model
generalization capabilities. It is simply a
classification method that makes estimates by
combining outputs from trees. Its main principle is
to create new trees, reducing the errors of previous
trees [41].

Finally, the Wilcoxon Signed-Rank Test was applied
to compare the classification evaluation metrics
obtained before and after the feature selection
process with RFECV and to test whether these
metrics show a statistically significant difference.
The significance level was taken as 0.05 in all tests
applied. While all feature selection and
classification process in the study was implemented
in Python 3.7.1, Wilcoxon Signed-Rank Test was
performed in IBM SPSS 23.

4 Results

The optimum feature number of the ARCENE
dataset was found to be 4.522 with the application
of RFECV (k = 10). This optimum feature number is
less than half of the original feature number
(10.000) in the dataset. It is seen in Table 1 that the
RFECV applied to the ARCENE dataset increases the
Accuracy of the classification model and the ROC-
AUC score used as a criterion to distinguish the
predicted classes in the model for all algorithms
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used in the study. Thus, when Table 1 is examined,
it is seen that the algorithms most affected by the
feature selection process are Naive Bayes and Multi-
layer Perceptron. In the Naive Bayes algorithm, the
accuracy of the classification model increased by
16% after feature selection, while the ROC-AUC
score used as a criterion to distinguish the predicted
classes in the model increased by 18%. In the
Multilayer Perceptron algorithm, the accuracy of
the classification model increased by 21% after the
feature selection, while the ROC-AUC score used as
the criterion to distinguish the predicted classes in
the model increased by 12%. However, the Fit time
of the classification process is significantly
shortened for AdaBoost, Multilayer Perceptron, and
XGBoost algorithms.

Table 1. Comparison of Classification Evaluation
Metrics Before and After Feature Selection for
ARCENE Dataset

Accuracy (%) ROC-AUC (%)

Fit Time (sec)

Orig. Feat. Sel. Orig. Feat. Sel. Orig. Feat. Sel.
LR 95 95 94 99.7 0.95 0.13
SVM 92 97 95 99.8 0.55 0.31
NB 54 70 53 71 0.11 0.05
KNN 83 87 90 92 0.25 0.18
SGD 80 90 92 99 0.13 0.04
DT 75 76 75 76 0.43 0.25
ADA 76 78 83 88 5.81 2.55
MLP 74 95 88 99.4 4.21 1.68
XGB 83 85 91 94 4.30 1.95

In the GISETTE dataset, the optimum feature

number was found to be 1.327, and this optimum
feature number value is considerably lower than
the original feature number in the GISETTE dataset.
When Table 2 is examined, it is seen that the RFECV
process increases the accuracy and ROC-AUC values
in this dataset. In the GISETTE dataset, the
algorithm most affected by the RFECV method is
Naive Bayes with 23% accuracy and ROC-AUC score
change. When the fit times of the algorithms in the
GISETTE dataset before and after the feature
selection in the last column of Table 2 are examined,
it is seen that there is a significant fit time
improvement in the Support Vector Machines
algorithm.
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Table 2. Comparison of Classification Evaluation
Metrics Before and After Feature Selection for
GISETTE Dataset

Accuracy (%) ROC-AUC (%)

Fit Time (sec)

Orig. Feat. Sel. Orig. Feat. Sel. Orig. Feat. Sel
LR 97 99 99 99 6.4 1.5
SVM 97 99 99 99 80.6 8.2
NB 71 94 73 96 2.0 0.3
KNN 095 96 98 99 10.7 2.6
SGD 96 99 99 99 1.3 0.3
DT 93 93 93 93 12.0 3.3
ADA 95 95 98 98 355 10.0
MLP 97 99 97 97 36.3 11.6
XGB 98 98 98 98 40.5 11.1

In the MADELON dataset, the number of features
has dropped by a large margin from 500 to 10. Table
3 shows the Accuracy, ROC-AUC, and Fit Time
values before and after feature selection of the
MADELON dataset. When classifying with the
original feature number of 500 in this data set, the
accuracy, and ROC-AUC score are not at a
satisfactory level in other algorithms except the
XGBoost algorithm. On the contrary, when the
classification process was performed with the
optimal number of features found as 10 with the
RFECV method, the accuracy rate increased by 36%
in the k-Nearest Neighbors algorithm, while the
ROC-AUC score increased by 39%. At the same time,
the Accuracy increased by 30% in the Multi-layer
Perceptron algorithm, while the ROC-AUC score
increased by 33%. This is an indication that
significant improvements have been made in the k-
Nearest Neighbors and Multi-layer Perceptron
algorithm when the feature selection is made with
RFECV. Looking at the fit times of the algorithms, a
great time saving was achieved with the feature
selection in Support Vector Machines, but the fit
time in the Multi-layer Perceptron algorithm
increased after the feature selection.

Table 3. Comparison of Classification Evaluation
Metrics Before and After Feature Selection for
MADELON Dataset

Accuracy (%) ROC-AUC (%) Fit Time (sec)

Orig. Feat. Sel. Orig. Feat. Sel. Orig. Feat. Sel.
LR 56 61 58 64 0.16 0.05
SVM 56 62 58 64 46.80 0.28
NB 59 59 64 63 0.04 0.01
KNN 54 90 56 95 0.23 0.01
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SGD 55 59 57 61 0.40 0.01
DT 75 82 75 82 0.77 0.01
ADA 61 60 66 64 3.50 0.25
MLP 58 88 61 94 5.15 17.20
XGB 81 87 89 93 2.68 0.27

The number of features in the HILL-VALLEY dataset
has almost halved after RFECV processing, from 100
to47.Table 4 shows the Accuracy, ROC-AUC, and Fit
Time values before and after feature selection of the
HILL-VALLEY dataset. In this dataset, when the
classification is made with the original number of
features, the accuracy rates are not at a satisfactory
level. However, when the ROC-AUC scores are
examined, only the ROC-AUC scores of the Logistic
Regression and Support Vector Machine algorithms
are at a satisfactory level. Low accuracy and high
ROC-AUC means that algorithms are good at
discriminating classes but are not good at
predicting. However, when the classification
process is performed with the optimal number of
features found as 47 with the RFECV method, a
satisfactory result cannot be obtained in terms of
Accuracy. The highest increase in accuracy rate
after feature selection was seen in the Multilayer
Perceptron algorithm with 6%, while the highest
ROC-AUC score increase rate after feature selection
was seen in the Stochastic Gradient Descent
algorithm with 7%. Looking at the fit times of the
algorithms, a time saving was achieved with the
feature selection in the AdaBoost algorithm, but in
the Multi-layer Perceptron algorithm, the fit time
increased slightly after the feature selection.

Table 4. Comparison of Classification Evaluation
Metrics Before and After Feature Selection for
HILL-VALLEY Dataset

Accuracy (%) ROC-AUC (%)

Fit Time (sec)

Orig. Feat. Sel. Orig. Feat. Sel. Orig. Feat. Sel.
LR 70 70 95 96 0.20 0.08
SVM 61 61 93 94 0.28 0.09
NB 51 51 54 54 0.01 0.01
KNN 54 55 55 56 0.02 0.01
SGD 60 60 78 85 0.02 0.01
DT 56 54 56 54 0.29 0.12
ADA 52 53 54 54 0.77 0.53
MLP 61 67 71 76 2.97 3.76
XGB 55 56 57 60 0.79 0.42

The number of features, which was 45 in the
original version of the SPECTF dataset, was found to
be 3 as optimum after the RFECV process. This
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optimum feature number is considerably less than
the number of original features that were already
few in the data set. In this case, it can be decided
whether the feature selection process should be
done or not by the performance of the classifier.
Table 5 shows that when RFECV is applied to
SPECTF dataset, itincreases Accuracy and ROC-AUC
score in all algorithms except AdaBoost and
XGBoost algorithms. Looking deeper into Table 5,
which includes the evaluation criteria before and
after the feature selection process, Naive Bayes
showed the highest improvement with 11% in
terms of Accuracy, while the k-Nearest Neighbors
algorithm showed the highest improvement with
11% in terms of ROC-AUC Score. However, when
looking at the AdaBoost algorithm, it is seen that the
accuracy value has decreased. This shows that
applying the feature selection process with RFECV
to the SPECTF dataset adversely affects the
prediction performance of the AdaBoost classifier.
In such cases, a different feature selection method
can be used, or the feature selection process may
not be applied to datasets.

Table 5. Comparison of Classification Evaluation
Metrics Before and After Feature Selection for
SPECTF Dataset

Accuracy (%) ROC-AUC (%)

Fit Time (sec)

Orig. Feat. Sel. Orig. Feat. Sel. Orig. Feat. Sel.
LR 80 82 82 88 0.02 0.01
SVM 78 81 80 88 0.01 0.01
NB 67 79 84 87 0.01 0.01
KNN 73 80 73 83 0.01 0.01
SGD 77 78 81 87 0.01 0.01
DT 73 76 60 62 0.01 0.01
ADA 32 77 83 83 0.09 0.08
MLP 78 83 83 88 1.76 0.65
XGB 80 80 81 80 0.11 0.04

In Table 6, the mean values for Accuracy, ROC-AUC
Score, and Fit Time obtained before and after the
feature selection process of each classification
algorithm were calculated in the context of all data
sets. Then, by finding the difference between these
mean values, it is aimed to examine the general
effect of RFECV on the data sets used in the study.
When the findings in Table 6 were examined, it is
seen that the accuracy increased by an average of
4.9%, the ROC-AUC score increased by an average of
5.3% and the Fit Time decreased by an average of
5.1 seconds.
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Table 6. Differences of Mean Values of Accuracy,
ROC-AUC Score and Fit Times Before and After
Feature Selection

Accuracy ROC-AUC Fit Time

Dataset Difference  Difference Difference

(%) (%) (sec)
ARCENE 6.7 6.3 1.07
GISETTE 3.7 2.8 19.59
MADELON 10.3 10.9 4.63
HILLVALLEY 0.7 1.7 0.04
SPECTF 3.1 4.4 0.13
MEAN 4.9 5.2 5.09

When the results in Table 6 are examined, it is
revealed that the feature selection with RFECV
mostly improves the classification performance in
the context of the algorithms used in the study, but
itis necessary to test whether this difference in each
dataset is statistically significant. In order to apply
this test procedure, the Accuracy, ROC-AUC Score,
and Fit Time values specified separately for each
data set were combined. Then, it was tested
whether the differences of these metrics were
significant before and after the feature selection
process with RFECV. Since the obtained Accuracy,
ROC-AUC Score, and Fit Time values did not show
the normal distribution and were determined as
before and after a feature selection process, the
Wilcoxon Signed-Rank Test was used for group
comparison. Table 7 shows the results of this test
for datasets.

Table 7. The Results of Wilcoxon Signed-Rank Test
for Datasets

Accuracy ROC-AUC Fit Time

Pos. Pos. Neg.

Rank p Rank Rank p
ARCENE 8 0.012* 9 0.008* 9 0.008*
GISETTE 6 0.026* 2 0.180 9 0.008*
MADELON 7 0.017* 7 0.021* 8 0.086
HILL
VALLEY 4 0.336 6 0.089 7 0.161
SPECTF 7 0.079 7 0.017* 4 0.066

*Difference is significant at the 0.05 level.

When the Accuracy column in Table 7 is examined,
it can be said that the difference of Accuracy value
in the ARCENE (p=0.012), GISETTE (p=0.026), and
MADELON (p=0.017) datasets are significant. When
considering these significant results, it is seen that
the Accuracy performance of 8 algorithms in the
ARCENE dataset, 6 algorithms in the GISETTE
dataset, and 7 algorithms in the MADELON dataset
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have increased positively when the RFECV method
was applied. Considering the ROC-AUC column in
Table 7, it can be said that the difference of ROC-
AUC Scores in ARCENE (p=0.008), MADELON
(p=0.021), and SPECTF (p=0.017) datasets are
significant. When the change in these significant
results is examined, it is seen that the ROC-AUC
Scores of 9 algorithms in the ARCENE data set, 7
algorithms in the MADELON data set, and 7
algorithms in the SPECTF data set increased
positively after feature selection with RFECV.
Looking at the last column of Table 7, it can be said
that the difference between Fit Times in ARCENE
(p=0.008) and GISETTE (p=0.008) datasets is
significant. In ARCENE and GISETTE datasets, it is
seen that Fit Times in 9 algorithms increase
negatively after feature selection with RFECV. In
this case, it can be interpreted that the fit times
decrease for each algorithm in these two datasets.

Finally, it was tested whether the results of
classification success metrics of each algorithm
before and after feature selection with RFECV show
a statistical significance or not. Table 8 shows the
results of the Wilcoxon Signed-Rank test for each
algorithm.

Table 8. The Results of Wilcoxon Signed-Rank Test

for Each Algorithm
Accuracy ROC-AUC Fit Time
Pos. Pos. Neg.
Rank p Rank p Rank b
LR 3 0,102 4 0,066 5 0,043*
SVM 4 0,068 4 0,068 4 0,068
NB 3 0,109 3 0,144 3 0,109
KNN 5 0,042* 5 0,042* 4 0,068
SGD 4 0,068 4 0,066 4 0,066
DT 3 0,273 3 0,357 4 0,068
ADA 2 0,854 1 0,655 5 0,043*
MLP 5 0,043* 4 0,066 2 0,686
XGB 3 0,109 3 0,141 5 0,043*
When the significant results in Table 8 are

examined, it is seen that the k-Nearest Neighbors
and Multi-layer Perceptron algorithm is positively
affected by the feature selection in the context of
Accuracy. Accuracy rate increased in all data sets
after feature selection in both algorithms.
Considering the significant results in the context of
ROC-AUC Score, the ROC-AUC Score of all data sets
increased in the k-Nearest Neighbors algorithm
after feature selection. However, in the significant
results of the algorithms in Fit Times, the Fit Times
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of all datasets in Logistic Regression, AdaBoost and
XGBoost algorithms are shortened after feature
selection.

5 Conclusion

Feature selection is defined as choosing the best
subset that can represent the original data set. This
feature selection process aims to reduce the size of
the variables in the dataset, namely the features, by
selecting the most effective features for the relevant
problem. Nowadays, feature dimensions in the
stored data are at quite high levels. Analyzing such
high feature-size data reveals serious problems in
terms of both the time & cost of the application and
the performance of the machine learning algorithm
to be used. For this reason, feature selection has
become an important issue while analyzing for
high-dimensional data.

Many different methods are used in feature
selection. These methods have various advantages
and disadvantages. The first of these methods is the
filter methods that are based on statistical theories
and applied before analysis such as classification
and clustering, the second of these methods is the
wrapper methods that perform search operations
on features and use the algorithms used in methods
such as classification and clustering as a tool for
selecting the best features, the last of these methods
are embedded methods that are based on finding
the best divisor criterion and work concurrently
with algorithms used in methods such as
classification and clustering.

In this study, feature selection was made by using
one of the wrapper methods, the Recursive Feature
Elimination with Cross-Validation method. In
classification analysis, Logistic Regression, Support
Vector Machines, Naive Bayes, k-Nearest Neighbors,
Stochastic Gradient Descent, Decision Tree,
AdaBoost and XGBoost algorithms applied on 5
different datasets including ARCENE, GISETTE,
MADELON, HILL-VALLEY and SPECTF which
contain binary classification problems with
balanced distribution. Accuracy, ROC-AUC Score,
and Fit Time values were used to evaluate the
classification success of these algorithms. When
these values obtained before and after feature
selection with RFECV in each dataset were
examined, it was seen that the accuracy increased
by an average of 5%, the ROC-AUC score increased
by an average of 5.3% and the Fit Time decreased
on average by about 5.1 seconds. In general, it was
concluded that Naive Bayes and Multilayer
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Perceptron classifiers are most sensitive to feature
selection since they are the algorithms whose
classification performance increases the most after
feature selection. Finally, these differences
occurring before and after feature selection with
RFECV were statistically tested with Wilcoxon
Signed-Rank Test. With this test, it was concluded
that the increase in accuracy value after feature
selection was significant in ARCENE, GISETTE,
MADELON datasets, and the increase in ROC-AUC
Score after feature selection was significant in
ARCENE, MADELON, SPECTF datasets. However,
the decrease in Fit Time in ARCENE and GISETTE
datasets was found to be significant.

In conclusion, it has been observed that the
classification results obtained when the feature
selection is made with the Recursive Feature
Elimination with Cross-Validation method, which is
one of the wrapper feature selection methods, is
more successful in datasets with higher feature
sizes. Therefore, it can be said that the Recursive
Feature Elimination with Cross-Validation method
can be used in the feature selection process in
datasets with high feature sizes and can give better
results.
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