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Abstract

A noise-aware version of support vector machines is utilized for feature selection in this paper. Combining this method and
sequential backward search (SBS), a new algorithm for removing irrelevant features is proposed. Although feature
selection methods in the literature which utilize support vector machines have provided acceptable results, noisy samples
and outliers may affect the performance of SVM and feature selections method, consequently. Recently, we have proposed
relaxed constrains SVM (RSVM) which handles noisy data and outliers. Each training sample in RSVM is associated with
a degree of importance utilizing the fuzzy c-means clustering method. Therefore, a less importance degree is assigned to
noisy data and outliers. Moreover, RSVM has more relaxed constraints that can reduce the effect of noisy samples. Feature
selection increases the accuracy of different machine learning applications by eliminating noisy and irrelevant features. In
the proposed RSVM-SBS feature selection algorithm, noisy data have small effect on eliminating irrelevant features.
Experimental results using real-world data verify that RSVM-SBS has better results in comparison with other feature
selection approaches utilizing support vector machines.

Keywords Feature selection - Noisy data - Importance degree - Sequential backward search

1 Introduction

Feature selection (Blum and Langley 1997; Guyon and
Elisseeff 2003) is a critical step in knowledge discovery
applications and is considered as one of the essential steps
in data mining (Maldonado et al. 2011; Dash and Liu 1997;
He and Wu 2011). The goal of feature selection is to
provide a reduced subset of features from a data set to
simplify the model for easier interpretation as well as
enhance the model’s generalizability by reducing overfit-
ting. It also tries to solve the curse of dimensionality
problem by ignoring irrelevant features during the con-
struction of a model for prediction or classification. This is
computationally intractable due to its combinatorial nature
in the number of primary features. Therefore, a direct result
of choosing the best and smallest number of features is that
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we can reduce the time of building the model, significantly,
without any changes or even may be with better perfor-
mance. Consequently, feature selection provides the fol-
lowing benefits: (1) it decreases the computational time for
building the model, (2) it tries to avoid overfitting, (3) it
enhances the generalizability of the model, (4) it improves
the model accuracy by removing misleading features.

The feature selection method studies generally can be
grouped into the following categories (Shieh and Yang
2008; Liu and Zheng 2006):

a) First them out, filter methods identify less informa-
tive features in a data set and filter out them by
considering their statistical properties. This approach
typically solves the problem in two steps. First, a
criterion is used to rank each feature and then the
high ranked features are selected for model construc-
tion. For example, Duda and Stork (2001) introduced
an importance score for each feature by calculating
its correlation to the class labels for two-class
classification problems as follows:
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N learning as separate steps and choose the best
F(j) = m; —m (1) features during the model construction. For example,

)]

where m"( m;") and 577 ( s;) are the mean and the

standard deviation values for jth feature in the first
(second) class, respectively. Yan et al. (2019) sug-
gested a filter-based method for selecting the best
features on biomedical data using an improved Coral
Reefs Optimization (CRO) algorithm. A new crite-
rion for each feature based on information theory was
proposed in Hancer et al. (2018). The proposed
approach used a nearest neighbor strategy and also
Fisher score, and then high ranked features were
chosen as the best subset. In another study (Zheng
and Wang 2018), information entropy was utilized to
score each feature of data set. Finally, it should be
noted that the efficiency of a filter-based method is
directly dependent on choosing the scoring function
which represents the relevance between each feature
and the class labels. In the literature, information
gain, principal component analysis (PCA), statistical
approaches are used for this purpose more than other
approaches.

b) The wrapper methods, instead, search the feature
space and evaluate each subset by a classifier. In
general, evolutionary methods are utilized to search
the feature space. The methods in this category
typically have better accuracy than filter-based
methods, but they usually are computationally more
complex. Mafarja and Mirjalili (2018) proposed a
novel Whale optimization algorithm (WOA) with
tournament selection and utilized it for feature
selection. In another study Mafarja et al. (2018), a
search strategy utilizing a novel Grasshopper opti-
mization algorithm (GOA) is proposed for feature
selection approach. They utilized KNN classifiers for
evaluating each possible solution. In Zakeri and
Hokmabadi (2019) a real-valued GOA was proposed
to solve the problem. The method was evaluated on
available data sets with various dimensionalities, and
it has shown better performance in 7 out of 10 data
sets. The most efforts in this category lie on utilizing
and developing new evolutionary methods to search
the feature space more efficiently.

¢) Finally, embedded methods try to take the advantages
of two other categories. Filter-based approaches do
not incorporate the learning phase. Instead, wrapper-
based approaches utilize a learning classifier to assess
the overall quality of a chosen feature subset. On the
contrary of two mentioned categories, embedded
methods do not consider the feature selection and the
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Lu (2019) proposed an embedded method from
sparse learning perspective for unknown data hetero-
geneity. In another work, Faris et al. (2019) proposed
an embedded feature selection method for a spam
detection application. They utilized an intelligent
approach based on Genetic Algorithm (GA) and
Random Weight Network (RWN).

The main contribution of this paper is to investigate the
effect of applying a noise-aware version of SVM (our
proposed RSVM) on feature selection. The details of
RSVM and the proposed method will be discussed in the
next sections. Further discussions about RSVM appeared in
Sabzekar et al. (2011).

The rest of this paper is organized as follows. In the next
section, we briefly review the main published papers in the
literature. The structure of SVM and RSVM followed by
the proposed RSVM-SBS algorithm is discussed in Sect. 3.
The assessment of the proposed method is given in Sect. 4.
Section 5 contains some conclusions and discussions about
the paper.

2 Literature review

Many efforts are performed by researchers to improve the
performance of feature selection. Among various algo-
rithms, feature selection using support vector machine
(SVM) approaches has proven their effectiveness not only
for classification tasks (Plawiak et al. 2019; Abdar and
Makarenkov 2019) but also as feature selection methods
(Neumann et al. 2005; Mundra and Rajapakse 2010; Tor-
res-Valencia et al. 2017; Abdoos et al. 2016). In these
methods no assumption is made about data distribution.
The rest of this section reviews some studies which utilize
SVMs for feature selection. The main advantages of SVMs,
in comparison with other classification methods, that
motivate the researchers to utilize them for feature selec-
tion are (Vapnik 1998): good generalization ability,
escaping from the local minimum and few parameters in
training.

Maldonado et al. (2011) introduced a novel embedded
feature ranking and selection method which determines the
best feature subset without any validation step. The main
idea of their method is to optimize the kernel function of
SVM and at the same time select the best feature subset.
However, the method suffers from tuning several
parameters.

In another study (Xia and Hu 2006), the authors tried to
decrease the effect of noise and outliers in data utilizing
fuzzy support vector machines (FSVMs). The main idea of
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FSVM is to assign a fuzzy membership to each training
sample based on a predefined membership function.

Another embedded method for SVM-based feature
selection was proposed in Benitez-Pefia et al. (2019). This
method simultaneously maximizes the margin and mini-
mizes the selected features. False-positive and false-nega-
tive rates were also imposed as upper bonds.

Hold-out SVM (HO-SVM) (Maldonado and Weber
2009), a wrapper-based feature selection, used sequential
backward selection (SBS) approach to identify and elimi-
nate the least informative feature in each step using error
rate of SVM in validation phase.

A combination of a metaheuristic method, namely
Taguchi genetic algorithm (TGA), and FSVMS was pro-
posed for solving the feature selection problem in Tang
(2010). On the one hand, TGA tries to produce better
chromosomes, and in another hand, the authors suggested a
new fuzzy membership function for FSVM to achieve more
accurate classification results. Each feature set was evalu-
ated using this new classifier as a wrapper scheme. In a
similar study (Xiong and Wang 2008), the authors inves-
tigated the effect of ant colony optimization (ACO) and
support vector machines for selecting the minimal set of
features.

Zaman and Karray (2009) proposed an enhanced version
of SVMs for feature selection in intrusion detection sys-
tems. First, the proposed method gives a weight to each
input feature which is considered as a rank value. Then,
correlation between the features is calculated by either
forward selection or backward elimination.

Aljarah et al. (2018) made an effort to introduce a hybrid
method that optimizes the SVM parameters such as kernel
parameters and simultaneously finds suitable number of
features. To achieve this goal, Grasshopper optimization
algorithm was adopted.

Maldonado and Loépez (2018) introduced a feature
selection method based on support vector machines that
can be applied to class-imbalanced data sets. Their feature
selection approach is based on gradient descent for feature
penalization. To deal with the class-imbalance problem,
their method was combined with cost-sensitive SVM and
also support vector data description (SVDD).

Although SVM-based feature selection provides a
promising and powerful algorithm, the noisy input features
and outliers may cause negative effects on its performance.
The main reason is that the optimal separating hyperplane
(OSH) in SVM is determined by support vectors that
include only a small part of the training samples (Sabzekar
and Naghibzadeh 2013a). Consequently, the performance
of feature selection method is directly affected by this
matter. In this paper we used a noise-aware version of
SVMs, namely relaxed constraints SVMs (RSVMs) (Sab-
zekar et al. 2011), for feature selection. It considers noisy

data and gives less degrees of importance to them. Fur-
thermore, it has proven its capability in the presence of
noisy and outlier samples in the input space and introduced
two new concepts, namely tolerance and uncertainty in a
given data set.

3 The proposed method

In this section, we describe the details of our proposed
RSVM-SBS algorithm for feature selection in classification
problems. But before, let us briefly review the structure of
SVM and our proposed RSVM in the two next subsections.

3.1 The structure of SVM

Support vector machines (SVMs) (Vapnik 1995) were
originally introduced to solve two-class classification
problems and widely studied and utilized for different
pattern recognition applications. SVM tries to find a sep-
arating hyperplane, usually in an infinite space, in such a
way that maximizes the margin between two classes of
input data. The good generalization ability and remarkable
achievement results of SVM have convinced the
researchers that it can be applied to any classification
problems.

Let {x;,y;}'_, be n training data vectors, where x; € R"
is the input data and y; € {—1,+1} is the associated class
label. The SVM searches for the optimal separating func-
tion between two classes of input data achieved by a
quadratic programming (QP) problem:

Minimize Q(w, b, &) = %wz + Ci &
2

subjecttoy;(wix; +b) >1—¢&
éiZO, izl,...,l/l

where w and b are the weight vector and bias term of the
OSH, respectively, C is the trade-off parameter between
maximizing the margin and misclassification error, and
finally, ¢&; is the slack variable that allows some misclas-
sification errors in the training phase. For nonlinearly
separable problems, a promising trick is to map the training
sample into a higher-dimensional space, namely feature
space, using function ¢ : R” — R’ and try to find a linear
separating hyperplane between the classes. Optimization
problem (2) is usually solved by converting to the
Lagrangian dual formulation and introducing the kernel
function K(x;,x;) = ¢(x;).¢(x;) which satisfies Mercer’s
conditions as follows:
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Minimize Q(o

§ a;oyiyiK xl7xj

OSO!,‘SC

Zﬁ
(3)
subject to Z oy, =0,

i=1
The non-negative Lagrange multipliers o;, correspond-
ing to each data point x;, are the only unknown parameters
and are calculated by solving (3). For most data vectors, o;
are zero. The samples with nonzero «; are called support
vectors. The final separating hyperplane can be written as

) = wl o) +b =3 oK (wix) + b 4)
i=1

where the bias term b is given by

b=y;— Z o;y;K (xi, x;) (%)

ieS

and the decision function is to form

D(x) = sign(f(x)) = sign <Z %yiK (xi, X) + b) (6)
i=1
As we can conclude from (6), the final classifier is
calculated by only data points with nonzero Lagrange
multipliers, namely support vectors (SVs). Consequently,
support vector machines are very sensitive to noisy data
and outliers.

3.2 The structure of RSVM

Despite many advantages and opening new opportunities
for researchers, support vector machines face some chal-
lenges. As mentioned before, the SVM classifier is deter-
mined by a small portion of input data (support vectors)
only. Thus, it becomes very sensitive to noisy data as well
as outliers. Another challenge in training of SVM is that
the input data points have equal effects on training the
classifier. To tackle this challenge, fuzzy support vector
machine (FSVM) (Benitez-Pefia et al. 2019) assigns dif-
ferent membership values to each training sample. How-
ever, choosing the membership function in FSVM is a
critical issue because these membership values appear in its
cost function. Instead, we proposed relaxed constraint
support vector machines (RSVMs) (Sabzekar et al. 2011)
that insert the fuzzy memberships in the constraints of
SVM formulation (2). It has been shown that this idea
causes the RSVM to be more resistant to noise and pro-
duces more reliable results. This noise-aware version of
SVM is extended to solve one-class (GhasemiGol et al.
2010) and multi-class (Sabzekar et al. 2009) classification
problems and has shown its performance on different
applications such as clustering (Sabzekar and Naghibzadeh
2013b), TCP traffic classification problem (Sabzekar et al.
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2013) and arrhythmia detection using ECG (Nasiri et al.
2009). The fuzzy inequality of RSVM gives more flexi-
bility to SVM. The RSVM formulation is as follows:

—w JrCZf
subject to y; (wlx; + b) > 1- Gl
i=1

5[207 | = [

Minimize Q(w, b, £)
(7)
n

We define a membership function for the fuzzy
inequality in Eq. (7) as follows:

e R 5 00,1),i=1,2,...,n,
i, W +b)21-¢
wwb,§) = § WD NG ey (g <yt e n) <1 -
0, W5+ 0) <1 — (& +d)
(8)
and

Pi= {(w, b,8) € Ry, (W + ) > 1= &, zo}.
9)

Let P = (), Pi, where I = {1,2,...,n}, then Eq. (7) can

be written as follows:

1 n
Minimize{Q(m b,&) = 3 lwll* + CZ i
=1

(w,b,&) € P}
(10)

As we know, each o-cut on (7) (as shown in Fig. 1)
forms the classical set P(«) as follows:

P(a) = {(w,b,) € """ up(w, b, &) > ot} (11)

where « € (0,1] and pp(x) = inf{y;(x),i € I}.
For a given o, the optimal solution of each constraint
will be:

A
1;

> y;(w'x; +b)

1- (& +dy)

1k

Fig. 1 Membership function
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1 n
() = {(w,b, &) € R™| ] + CZ@}
i=1

= {Min; ||wl||2 + CZ g w,b &) e P(rx)},

: (12)

where

P(a) = N{(w,b,&) € R |y, (whxi + b) > ri(a), & >0}
i€l

(13)

Taking ri(«) =1 — & — di(1 — o), RSVM formulation
can be written as:

1 n
Minimize zwz + CZ &
i=1 (14)
subjecttoy;(wlx; +b) >1— & — di(1 — a)
é,’ZO, i:1,2,...,n

Then, we can convert optimization problem (14) to its
dual form as follows:

L n 1<
Maximize Q(f) = Zl Bi(1 — d; + dior) — 2 Z BiByiviK (xi,%;)
i= i=1
subjectto > fiy; =0,0< 5, <C, i=1,2,..,n,
i=1

(15)

where f3; are Lagrange multipliers. It should be noted that
the decision function of RSVM is given such as (6).

The RSVM method introduces two new parameters,
namely importance degrees d; and uncertainty factor o. The
first parameter is assigned to each training sample. A greater
value of d; gives more flexibility to corresponding x; to
violate its constraints. Thus, for noisy data and outliers, we
can assign a greater d; to allow a larger margin. The second
parameter represents our certainty about the whole data set.
A greater value of « means less violation from the con-
straints. In the presence of high level of noise, a smaller o
causes the constraints to be more relaxed. For more details
about these parameters see Sabzekar et al. (2011).

3.3 The proposed RSVM-SBS algorithm

The feature selection methods are directly affected by noisy
data and outliers. The wrapper-based methods utilize a clas-
sifier for evaluation of each feature subset. Therefore, this
problem is more critical for these types of feature selection
methods. Among different classification methods, SVM and
its extensions have been widely used for feature selection.
However, as we discussed in Sabzekar and Naghibzadeh
(2013Db), the optimal separating hyperplane in SVM is simply
affected by noisy data and outliers. The robustness of an
algorithm is defined as its capability to overcome noisy data

and outliers. Accordingly, our main goal is to propose a robust
SVM-based feature selection approach.

In this section, we propose a new method for eliminating
irrelevant features by combining RSVM and sequential
backward search (SBS) (Marill and Green 1963) approa-
ches and call it RSVM-SBS. The SBS method evaluates
each feature subset and removes one feature in each iter-
ation of the algorithm using the following error function:

S; = ERR (xH)) — ERR (16)

where ERR is the error of training data and ERR (x()) is
the test error when the jth feature is removed:

. 1<&
ERR( <—-'>):—§ ~(1,..
x - 5

i=1

.,xf_l,xéﬂ,---,xj'n) # yi)7

(17)

where | is the class label for the ith input data which is
predicted by RSVM when the jth feature is removed. It
should notable that the feature with the least S; is intro-
duced as the least important feature and is chosen to be
removed. It should be noted that the SBS method is a
greedy algorithm. Thus, the main challenge of such an
algorithm is its high time complexity. However, detecting
one feature in each iteration of the SBS as an irrelevant
feature using our noise-aware RSVM as objective function,
helps us to identify noisy features. Thus, to decrease the
effect of noisy data and outliers on feature selection in
classification problems, we utilize our proposed noise-
aware version of SVM, namely, relaxed constraints support
vector machine as the evaluation function. The proposed
RSVM-SBS pseudocode is as follows.
RSVM-SBS Algorithm

Inputs: The training samples x, with m features and desired class
labels y,
Output: The best feature subset

1. Let the remaining feature subset be F = {1,...,m} and R =
E = () be the list of removed features and test error, respectively

2. Form the training samples set x, with only the feature set F' as
X, =x(:,F)

3. Train RVSM using training data (x,y,)

4. Test the model and compute the error rate for (x(:,F),y,)

5. For all training data x,, calculate S; and find the feature u with
the smallest S

6. E = [E, E], where E, is classification error on test sample x,,
7. R = [F(u), R]

8. Remove the feature with the smallest selection criterion
F = F(l:u-1,u + 1:length(F))

9. If length(F) > 1 go to 2

10. The best features for a given data set will be the subset which
has the least test error

@ Springer
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As described in the proposed RSVM-SBS algorithm,
one feature is removed in each step. In fact, this feature is
the most irrelevant among the given features. Let F' denotes
the set of surviving features. At the beginning of the
algorithm, it initialized by all m features of a given data set.
Moreover, R and E are the set of discarded features and
error lists, respectively. They are empty sets at the start of
the RSVM-SBS algorithm. In each iteration of the algo-
rithm, one feature is identified as an irrelevant feature. To
do this, we train the RSVM in the absence of each feature
in F using training data. Then, the feature with smallest S
(namely, u) is selected for removing from F and is added to
R:

u = argmin(S) (18)

Finally, it should be noted that if we have a data set with
more than two classes of data, the problem would be a
multi-class problem. In this case, the one-against-all
RSVM is used for training. In the next section, the pro-
posed RSVM-SBS approach is evaluated using real-world
data sets.

4 Experimental results

Table 1 gives some details about the data sets used for the
assessment of the proposed RSVM-SBS and its compar-
isons to other state-of-the-art methods in the literature. All
data sets are obtained from the UCI Repository (Blake
et al. 1998).

For all data sets, the value of attributes is normalized
into the interval [— 1,1] using an affine transformation.
Classification accuracy is calculated using tenfold cross-

validation. We used the RBF kernel function K(x,y) =

e 1°/7 with kernel parameter ¢ = 0.5 and C = 100 for
all methods to compare their results in the same conditions.
It gives us the opportunity to evaluate these methods in
terms of their differences (membership function for FSVM
and relaxed constraints for the proposed RSVM).

In evaluation of each method, the best feature subset on
training data is selected based on the test error on the

selected features by the following cost function as in Xia
(2008):

N
ERR(x,) = > (= (x) £ ) (19)
nsim Y
where n, is the number of the test samples and " (x;) is the
predicted class label of x;. Table 2 summarizes the results
of the experiments in which the proposed RSVM-SBS is
compared with SVM-SBS, FSVM-SBS, HO-SVM (Mal-
donado and Weber 2009) and the situation when we do not
use any feature selection.

As shown in Table 2, in all of the data sets except for the
Iris data set (on which the error rate for RSVM-SBS is
same as the SVM-SBS, FSVM-SBS and HO-SVM error
rates) and Lymphography data set (that HO-SVM has
shown better results) the feature selection using RSVM
reported lower error rate. Moreover, the proposed method
has shown greater F1-score for all data sets except for the
Image Segmentation data set. Furthermore, the proposed
method eliminates more features as irrelevant ones. In view
of the fact that in many data mining applications there is a
direct relationship between having a high number of fea-
tures in a data set and the overfitting problem, the proposed
RSVM-SBS algorithm shows more accurate results in
different applications. Table 3 shows the minimum number
of selected features using different methods after 10 dis-
tinct iterations. As described in Table 3 the proposed
method selects the minimum number of features.

In the assessment of each feature selection method for
classification tasks, it is important to select the minimum
subset of features and simultaneously achieve higher
classification accuracy. Thus, we come up with a measure
that considers both the error rate and the number of features
selected such as the product of the error rate and the per-
centage of features selected. A lower value for this crite-
rion means better performance of feature selection method.
Figure 2 compares the results of each method with this
measure.

As shown in Fig. 2, the proposed method tries to select a
small number of features and at the same time tries to
eliminate irrelevant features.

Table 1 Details of data sets

Number of samples

Number of features Number of classes

Data set

Heart 270
Pima 768
Iris 150
Lymphography 148
Glass 214
Image segmentation 210
Dorothea 1950

13
8

18

9

19
100,000

N9 AW NN

@ Springer



A noise-aware feature selection approach for classification 6397
Table 2 The average of error rates and F1-scores
Data set All features SVM-SBS FSVM-SBS HO-SVM RSVM-SBS
Error rate  Fl-score Error rate  Fl-score Error rate Fl-score Error rate Fl-score Error rate  Fl-score

Heart 21.85 73.21 19.26 78.67 18.52 80.23 18.52 80.23 17.73 87.43
Pima 23.44 68.04 22.79 70.63 22.14 73.41 21.50 77.80 21.12 80.93
Iris 2.70 80.51 2.01 91.85 2.01 91.85 2.01 91.85 2.01 91.85
Lymphography 17.57 72.68 14.86 72.89 13.51 79.65 13.43 81.64 13.51 84.12
Glass 29.44 66.67 29.44 66.67 27.57 70.54 25.67 72.76 23.46 75.91
Image segmentation ~ 9.52 71.43 8.10 77.12 7.14 82.42 8.41 80.65 7.66 84.73
Dorothea 41.30 52.49 34.56 55.73 33.67 58.62 30.15 61.02 25.26 67.49
Table 3 The minimum number ooy All features ~ SVM-SBS ~ FSVM-SBS ~ HO-SVM  RSVM-SBS
of features selected in different
methods Heart 13 12 11 11 10

Pima 8 7 7

Iris 3 3 3

Lymphography 18 16 16 17 15

Glass 9 8 6 7 6

Image segmentation 19 16 16 14 14

Dorothea 100,000 1025 820 2945 936

In another experiment, we performed the following grid
search for trade-off parameter C and kernel parameter for
each kernel function by choosing geometrically increasing
values and repeat the feature selection for each C and
kernel parameter pair and choose the best values for the
hyper-parameters and the best number of features for that
hyper-parameter combination:

Ce{25,273,271,21,23,25, .. 283215},
ge{2715,2°8, 27121 23,25},
d € {2.3...100},

(20)

where ¢ and d are the parameters of RBF and polynomial
kernel functions, respectively. However, the linear kernel
function is parameter-free. Figure 3 reports the product of
the error rate and the percentage of features selected using
the best SVM hyper-parameters.

As shown in Fig. 3, the proposed method outperforms
other methods.

For the last experiment, we compared our proposed
RSVM-SBS (with optimized hyper-parameters) with Bor-
uta method (Kursa and Rudnicki 2010). It deals with the
“all-relevant” feature selection instead of “minimal-opti-
mal” problem. Therefore, it labels each feature as impor-
tant or unimportant feature. Table 4 summarizes the results
in terms of the number of selected features and the product
of error rate (E) and the percentage of selected features (P).

As shown in Table 4, with increasing the number of
features, the Boruta algorithm selects more features as
important ones in comparison with RSVM-SBS. The
results confirm the superiority of the proposed RSVM-SBS.

5 Conclusions and discussions

Feature selection is one of the most important steps in data
mining applications. Increasing the number of feature
vectors in a data set causes different problems such as high
complexity of time, overfitting and decreasing the effi-
ciency of the method through the impact of irrelevant
features. There are many efforts in the literature aiming to
select the best feature subset in a data set. Feature selection
approaches which utilized support vector machines have
produced promising results in recent years. However, one
drawback of such algorithms is that they are very sensitive
to noisy data and outliers, because the optimal separating
hyperplane obtained by SVM depends on only a small
portion of the input samples, namely support vectors.

In this paper, a new method for feature selection is
proposed that uses relaxed constraints support vector
machines (RSVMs). RSVM is a recently presented algo-
rithm by the authors that has a good ability in the presence
of noisy data and outliers. The RSVM converts the con-
straints of SVM formulation to fuzzy inequalities and allow
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RSVM-SBS 0.102548 0.165878 0.015075 0.090013 0.13561 0.054589 0.002045

Fig. 3 The product of error rate and the percentage of selected features for different data sets with SVM hyper-parameter optimization

them to have more relaxation and flexibility. Thanks to this ~ selection because in any SVM-based feature selection
method, we can handle tolerance and uncertainty in our  method noisy samples and outliers may affect the
given data. Finally, it can be used efficiently for feature
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;aolﬁ;aé 2nmtiili3ﬁh0£}::e Data set # features Boruta RSVM-SBS

proposed method # selected features ExP # selected features ExP
Heart 13 8 0.1274 9 0.1025
Pima 8 0.1828 0.1659
Iris 0.1645 0.0151
Lymphography 18 13 0.0941 14 0.9001
Glass 0.1712 6 0.1356
Image segmentation 19 17 0.0512 14 0.0546
Dorothea 100,000 2141 0.0158 924 0.0020

performance of SVM and feature selection method,
consequently.

For feature selection, we combine RSVM with a
sequential backward search that eliminates one less
important feature in each iteration of the algorithm and
name the new method as RSVM-SBS. The proposed
method has lower error rate and higher Fl1-score than other
methods. Moreover, to confirm the improvements are sta-
tistically significant, we applied a two-tailed Student’s t
test on Fl-scores and compared the proposed RSVM-SBS
with the other methods. The performance of RSVM-SBS is
significantly better than the other methods, with a p-value
smaller than 0.05. Therefore, we confirmed the effective-
ness of the proposed approach. The proposed method is not
dependent on SBS or any similar algorithm. SBS is chosen
because it is a simple and straightforward algorithm for
feature selection. Moreover, it is easy to understand and
interpret. However, the proposed RSVM-based method is
not restricted to SBS and one can easily extend it to other
feature selection methods. Thus, we can summarize the
strengths of the proposed method as follows. The main
advantage of the proposed method in comparison with
other feature selection method is that it can deal with
noises in data and feature set. The reason is that it utilizes a
noise-aware objective function (RSVM) that decides about
the quality of each feature, separately. Moreover, it utilizes
SBS method for feature selection that is a simple method
and can easily replace by sequential forward selection as
well as sequential backward elimination methods. It should
be noted that the SBS method is a greedy algorithm. Thus,
the main challenge of such an algorithm is its high time
complexity. However, detecting one feature in each itera-
tion of the SBS as an irrelevant feature using our noise-
aware RSVM as objective function, helps us to identify
noisy features. Although the wrapper-based feature selec-
tion methods report more accurate results, their main
drawback is high computational complexity. Thus, they are
not recommended such methods for large data sets. As a
future work, we may investigate a heuristic method for
searching the solution space. Furthermore, our backward

elimination methods can be combined with forward
selection methods to achieve better performance.
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