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Te development of sparse techniques presents a major challenge to complex nonlinear high-dimensional data. In this paper, we
propose a novel feature selection method for nonlinear support vector regression, called FS-NSVR, which frst attempts to solve
the nonlinear feature selection problem in the regression technology feld. FS-NSVR preserves the representative features selected
in the complex nonlinear system due to its use of a feature selection matrix in the original space. FS-NSVR is a challenging mixed-
integer programming problem that is solved efciently by using an alternate iterative greedy algorithm. Experimental results on
three artifcial datasets and fve real-world datasets confrm that FS-NSVR efectively selects representative features and discards
redundant features in a nonlinear system. FS-NSVR outperforms L1-norm support vector regression, L1-norm least squares
support vector regression, and Lp-norm support vector regression on both feature selection ability and regression efciency.

1. Introduction

High-dimensional data have commonly emerged in diverse
felds, such as fnance [1], economics [2], biology [3], and
medicine [4]. Complex nonlinear relationships between
features may exist in high-dimensional datasets [5]. For
example, most economic and fnancial time series follow
nonlinear behavior [6]. Ling et al. explored the nonlinear
relationship between globalization, natural resources, f-
nancial development, and carbon emissions [6]. Another
example of complex nonlinear high-dimensional data is in
the medicine feld. Medical costs have a sophisticated re-
lation with features [7]. Complex nonlinear high-dimen-
sional data have frequently emerged in the biology feld.
Nonlinear relations between features can depict biological
relationships more precisely and refect critical patterns in
biological systems [8].

Complex nonlinear high-dimensional data may include
some irrelevant and redundant features, which may reduce
the efectiveness of data mining and may detract from the
quality of the results [9–11]. Tus, complex nonlinear high-
dimensional data need a sparse technique. Feature selection,

as a useful sparse technique, selects some useful features
upon which to focus its attention and ignores the rest
[12–17]. In general, feature selection methods are classifed
as flter, wrapper, and embedded methods [16–18]. Te
embedded method is very popular for feature selection since
it conducts feature selection and other learning tasks si-
multaneously [19].

Sparse support vector regression, as a branch of sparse
support vector machine [20–23], is a computationally
powerful feature selection method. Sparse support vector
regression always adopts a sparse regularization term to
realize feature selection and regression simultaneously.
Terefore, sparse support vector regression is an embedded
feature selection method [24–26]. L1-norm support vector
regression (L1-SVR) [27] and L1-norm least squares support
vector regression (L1-LSSVR) [28] use the L1-norm sparse
regularization term to shrink some coefcients of the re-
gression estimators towards 0. According to the regression
estimators, the contribution of each feature to the fnal
decision function can be judged, and then, the useful features
are selected, while the irrelevant and redundant features are
discarded. To improve the sparseness of L1-SVR, Zhang et al.
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[29] proposed Lp-norm support vector regression (Lp-SVR)
(0<p< 1). Te Lp-norm regularization term in Lp-SVR
shrinks more coefcients of the regression estimators to-
wards 0, and some coefcients are shrunk to exactly 0,
leading to more irrelevant and redundant features being
discarded. However, L1-SVR, L1-LSSVR, and Lp-SVR only
solve the linear feature selection problem, which is not al-
ways suitable for complex nonlinear cases.

To solve the feature selection problem for complex nonlinear
high-dimensional data, we follow the spirit of nonlinear support
vector machine-based feature selection [9, 30, 31] and then
propose a novel feature selection method for nonlinear support
vector regression, which is called FS-NSVR. We bring a feature
selectionmatrix, as a diagonalmatrixwith elements of either 1 or
0, into nonlinear support vector regression. As a result, FS-
NSVR becomes a mixed-integer programming problem (MPP).
To solve FS-NSVR efciently, we employ an alternate iterative
greedy algorithm to fnd a local optimal value [32], in which we
iteratively solve the standard SVR problem and a smaller
nonconvex feature selection problem. In addition, a feature-
ranking strategy is suggested [33], which ranks the features
according to their contributions to the objective in the MPP.
Compared with L1-SVR, L1-LSSVR, and Lp-SVR, the experi-
mental results show that FS-NSVR selects the most appropriate
representative features in the highly complex nonlinear rela-
tionships with smaller estimation errors than those produced by
L1-SVR, L1-LSSVR, and Lp-SVR.Tis means that FS-NSVR not
only selects the representative features but also has good re-
gression efectiveness. Te contributions of this paper are
summarized as follows:

(1) Bringing a feature selection matrix into nonlinear
support vector regression, we propose a novel feature
selection method for nonlinear support vector re-
gression to identify complex nonlinear relationships
between features in their original space. Te pro-
posed model frst attempts to solve the nonlinear
feature selection problem in the regression tech-
nology feld.

(2) Te proposed model is a complex mixed-integer
programming problem. Ensuring the efciency of
the learning process, we employ an alternate iterative
greedy algorithm to fnd a local optimal value for the
proposed model. Te alternate iterative greedy al-
gorithm, transferring the complex mixed-integer
problem into the min-max optimization problem,
efectively reduces the computational complexity.

(3) Experimental results on both artifcial and real-world
datasets indicate that the proposed model preserves
the representative features selected in the complex
nonlinear system, outperforming the other three
linear feature selection methods, with better feature
selection and regression results. Te training speed
of the proposed method confrms the efciency of
the alternate iterative greedy algorithm.

Te remainder of this paper is organized as follows:
Section 2 in this paper briefy focuses on support vector
regression. In Section 3, we propose feature selection for

nonlinear support vector regression. Section 4 provides
artifcial and real-world dataset experiments, and Section 5
concludes the paper.

2. Background

Starting with the notations, we consider a regression problem in
n-dimensional real vector space Rn. Suppose that
Y � (y1, . . . , yl)′ is the response vector, A is a known l × n

design matrix of covariates, and Ai � (xi1, . . . xin)′ is the n

-dimensional training sample. Next, we briefy review support
vector regression (SVR) [26] that are closely related to FS-NSVR.

Te optimal nonlinear regression function of SVR is
constructed as follows:

f(x) � K x
T
, A

T
 w + b, (1)

where w ∈ Rn, b ∈ R, and K are an appropriately chosen
kernel. Parameters in function (1) are estimated by solving
the following optimization problem:

min
w,b,ξ,ξ∗

1
2
‖w‖

2
2 + Ce

T ξ + ξ∗( ,

subjected.to. Y − K A, A
T

 w − b≤ ε + ξ, ξ ≥ 0,

K A, A
T

 w + b − Y≤ ε + ξ∗, ξ∗ ≥ 0.

(2)

where ξ and ξ∗ are the slack variables and C(C> 0) is a
parameter determining the trade-of between the empirical
risk and the regularization term. To derive the dual for-
mulation of SVR, we frst introduce the Lagrangian function
for the problem (2), which is

L �
1
2
w

T
w + Ce

T ξ + ξ∗(  − αT ε + ξ − Y + K A, A
T

 w + b 

− βT ε + ξ∗ + Y − K A, A
T

 w − b  − ηTξ − c
Tξ∗,

(3)

where α, β, η, and c are the Lagrangian multiplier vectors.
Te Karush–Kuhn–Tucher (KKT) necessary and sufcient
optimality conditions for the problem (2) are given by

w − K A, A
T

 
T
α + K A, A

T
 

T
β � 0,

−e
Tα + e

Tβ � 0,

C − αi − ηi � 0, i � 1, . . . , l,

C − βi − ci � 0, i � 1, . . . , l,

Y − K A, A
T

 w − b≤ ε + ξ, ξ ≥ 0,

K A, A
T

 w + b − Y≤ ε + ξ∗, ξ∗ ≥ 0,

αT ε + ξ − Y + K A, A
T

 w + b  � 0,

βT ε + ξ∗ + Y − K A, A
T

 w − b  � 0,

ηTξ � 0, η≥ 0,

c
Tξ∗ � 0, c≥ 0.

(4)

According to the previously mentioned KKTconditions,
we obtain the dual formulation of problem (2) as follows:
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max
α,β

−
1
2


l

i�1


l

j�1
αi − βj K xi, xj  αi − βj  + 

l

i�1
αi − βj yi + 

l

i�1
ε αi + βi( subjecte.to. 

l

i�1
αi − βj  � 00≤ αi ≤C, i � 1, 2, . . . , l, 0≤ βi ≤C, i � 1, 2, . . . , l. (5)

w can be obtained from the solution α and β of (5) by

w � K A, A
T

 
T
(α − β). (6)

For any solution to (5), α � (α1, α2, . . . , αl)
T and β �

(β1, β2, . . . , βl)
T, if α≠ 0, the solution b to the problem (2)

can be obtained in the following way:

(1) For any nonzero component αj ∈ (0, C),

b � yj − 
l

i�1
αi − βi K xi, xj  + ε. (7)

(2) For any nonzero component βk ∈ (0, C),

b � yk − 
l

i�1
αi − βi K xi, xk(  − ε. (8)

Te fnal decision function can be constructed as

f(x) � 

l

i�1
αi − βi K xi, x(  + b. (9)

3. Feature Selection for Nonlinear Support
Vector Regression

3.1. Problem Formulation. In this section, we propose fea-
ture selection for nonlinear support vector regression. Z �

diag(1or0) is an n × n feature selection matrix. We consider
the following nonlinear regression function:

f(x) � K x
T
Z, ZA

T
 w + b, (10)

where w ∈ Rn, b ∈ R, and K is an appropriately chosen
kernel. w and b are the unknown parameters that need to be
estimated. Te optimal feature selection matrix Z also needs
to be searched simultaneously.

Te estimator of the regression function (10) can be
defned as the solution to the FS-NSVR optimization
problem:

min
w,b,ξ,ξ∗ ,Z

1
2
‖w‖

2
2 + Ce

T ξ + ξ∗(  + e
T
Ze

s.t. Y − K AZ, ZA
T

 w − be≤ εe + ξ, ξ ≥ 0,

K AZ, ZA
T

 w + be − Y≤ εe + ξ∗, ξ∗ ≥ 0,

Z � diag(1or0),

(11)

where ξ and ξ∗ are slack variables and C> 0 is a parameter
determining the trade-of between the empirical risk and the
regularization term. In fact, the feature selection matrix Z

defnes a subspace spanned by the selected features. Mini-
mizing the term eTZe in the objective function (11) has the
benefcial efect of suppressing variables to produce a sparse
set of nonzero feature weights. Terefore, FS-NSVR has
nonlinear feature selection ability.

3.2. Problem Solution. Obviously, the FS-NSVR optimiza-
tion problem is a mixed-integer programming problem. We
reformulate problem (11) as follows:

min
Z

min
w,b,ξ,ξ∗

1
2
‖w‖

2
2 + Ce

T ξ + ξ∗(  + e
T
Ze

s.t. Y − K AZ, ZA
T

 w − be≤ εe + ξ, ξ ≥ 0,

K AZ, ZA
T

 w + be − Y≤ εe + ξ∗, ξ∗ ≥ 0,

Z � diag(1or0).

(12)

Solving problem (12) to obtain global optimality is highly
challenging and impractical [24]. We employ an alternate
iterative greedy algorithm to fnd a local optimal value. First,
we fx the integer part Z and then obtain the solution to (12),
which leads to solving the problem in the same manner as
SVR. Similar to the deduction process of nonlinear SVR in
Section 2, we obtain the dual formulation of the inner
minimization problem. Ten, problem (12) can be rewritten
as
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min
Z

max
α,β

−
1
2



l

i�1


l

j�1
αi − βi( K xi ∘Zii, xj ∘Zjj  αj − βj  + 

l

i�1
αi − βi( yi − ε

l

i�1
αi + βi(  + 

n

k�1
Zkk

subjecte.to. 
l

i�1
αi − βi(  � 0,

0≤ αi ≤C, i � 1, 2, · · · , l,

0≤ βi ≤C, i � 1, 2, · · · , l,

Zkk ∈ 0, 1{ }, k � 1, · · · , n.

(13)

Obviously, problem (13) is a challenging min-max op-
timization problem. Fixing the optimal solution of the inner
maximization problem (α, β), we obtain the outer mini-
mization integer problem, which leads to exhaustive com-
putation of the objective for the possible Z.

To make the greedy algorithm work, we follow the
strategy in [33] to initialize Z to make the algorithm more
stable. Te value of each feature is computed after solving
SVR by

Valuefeature(i) � 
l

i�1


l

j�1
αi − βi( K xiZii, xjZjj  αj − βj 

����������

����������
.

(14)

Te score of the i th feature that refects the importance
among all the features is computed by

Scorefeature(i) �
Valuefeature(i)

jValuefeature(j)
. (15)

Te greedy algorithm starts from an initial Z(0) generated
by (15). If Scorefeature is less than 1/n, then Z

(0)
ii � 0; otherwise,

Z
(0)
ii � 1. We then fx Z(0) and solve problem (13) to obtain

(α(0), β(0)). We calculate Valuefeature and Scorefeatureaccording
to (14) and (15), respectively.Z(1) is updated by replacingZ(0) if
objective (13) decreases more than the tolerance. After updating
Z(1), (α(1), β(1)) can be obtained again. Te algorithm will be
terminated if objective (13) decreases less than the tolerance.We
summarize the procedures of the greedy approach in Algo-
rithm 1 to give the feature selection method for nonlinear
support vector regression. Te proof of convergence of the
greedy approach in Algorithm 1 can be obtained from Man-
gasarian and Kou [32].

Obtaining the solution of problem (13), w can be ob-
tained by

w � K AZ, ZA
T

 
T
(α − β). (16)

For any solution to (15) α � (α1, α2, · · · , αl)
T and β �

(β1, β2, · · · , βl)
T, if α≠ 0, the solution b to problem (6) can be

obtained in the following way:

(1) For any nonzero component αj ∈ (0, C),

b � yj − 
l

i�1
αi − βi K xi ∘Zii, xj ∘Zjj  + ε. (17)

(2) For any nonzero component βk ∈ (0, C),

b � yk − 
l

i�1
αi − βi K xi ∘Zii, xk ∘Zkk(  − ε. (18)

Te fnal decision function can be constructed as

f(x) � 
l

i�1
αi − βi K xiZii, x

T
Z  + b. (19)

3.3. Computational Complexity. Concerning the computa-
tional complexity of FS-NSVR, we fnd that FS-NSVR in-
cludes two parts: one is repeatedly computing the inner
maximization problem of (13), and the other is repeatedly
computing (14) and (15). Te frst part requires solving one
quadratic programming problem. Te time complexity of
this part is approximately O(2l)3. For the second part, it is
easy to compute with the fxed (α, β), and the computational
complexity of this part is not more than k times.

4. Experimental Results

To test the feature selection and regression efectiveness of
the proposed FS-NSVR, we compare it with L1-SVR [27], L1-
LSSVR [28], and Lp-SVR [29] by using three artifcial
datasets and seven real-world datasets. L1-SVR, Lp-SVR, and
L1-LSSVR are embedded linear feature selection methods.
All of these methods are implemented in the MATLAB
R2019b environment on a PC running the 64-bit Windows
XP OS on a 1.6GHz Intel (R) processor with 16GB of RAM.

For the feature selection of nonlinear support vector
regression, we employ a Gaussian kernel, and its kernel
parameter p is selected from the set 2− 8, . . . , 28 . Parameter
C is also selected from the set 2− 8, . . . , 28 . Te insensitive
parameter ε is fxed at 0.01. Te optimal values of the pa-
rameters in the experiments are obtained by using the grid
search method.

Let m be the number of samples, yt
i is the ith test sample,

yt
i is the predicted value of yt

i , and y � 1/m 
m
i�1 yt

i is the
average value of yt

1, . . . , yt
m. We use the following evaluation

criteria to evaluate the variable selection and regression
results.

4 Complexity



P1: the proportion of simulation runs with nonzero
coefcients are selected
R2: the coefcient of determination R2 is defned as

R
2

�


m
i�1 y

t
i − y 

2


m
i�1 y

t
i − y 

2. (20)

NMSE: the normalized mean squared error (NMSE) is
defned as

NMSE �


m
i�1 y

t
i − y

t
i 

2


m
i�1 y

t
i − y 

2 . (21)

RMSE: the root mean square error (RMSE) is defned as

RMSE �

�������������

1
m



m

i�1
y

t
i − y

t
i 

2




. (22)

Tus, the smaller the values of NMSE and RMSE are, the
more statistical information is captured from the selected
variables.

4.1.ArtifcialDatasets. To test the nonlinear feature selection
performance of FS-NSVR, we provide three artifcial data-
sets. Specifcally, we set n � 200, l � 500, and ς ∼ N(0, 0.01).
Te frst regression model is generated as follows:

TypeA: y �
sin

���������������������������������������������������

x
2
50 + x

2
100 + x

2
150 + x

2
200 + x

2
250 + x

2
300 + x

2
350 + x

2
400 + x

2
450 + x

2
500



 
���������������������������������������������������

x
2
50 + x

2
100 + x

2
150 + x

2
200 + x

2
250 + x

2
300 + x

2
350 + x

2
400 + x

2
450 + x

2
500

 + ς, (23)

where xi ∈ [−5π, 5π],i ∈ 50, 100, 150, 200, 250, 300, 350,{

400, 450, 500}.
Te second regression function is as follows:

Type B: y � 1 −

��

x
2



+ 2x
2

 e
− 0.5x2

+ ς,

x
2

� x
2
50 + x

2
100 + x

2
150 + x

2
200 + x

2
250 + x

2
300 + x

2
350 + x

2
400 + x

2
450 + x

2
500,

(24)

Input: Training set (A, Y). Te appropriate kernel parameter δ, parameter C;
Output: α, β, and Z;
Begin
Start with Z0 � I; set iteration number k � 1;
whilek<Ndo

Find the solution (α(k), β(k)) to problem (15) with the fxed Z(k−1); Compute each feature score by (15).
for i� 1 : n
IfScorefeature(i)< 1/nthen

Z
(k)
ii � 0

else
Z

(k)
ii � 1

end
end
If‖α(k+1) − β(k+1)‖2 ≈ ‖α(k) − β(k)‖2then
Converged and output α(k+1), β(k+1) and Z(k) as the fnal solutions.

else
set k � k + 1

end
end

Output α(k+1), β(k+1) and Z(k) as the fnal solutions;
end

ALGORITHM 1: Feature selection for nonlinear support vector regression.
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where xi ∈ [−10, 10],i ∈ 50, 100, 150, 200, 250, 300, 350,{

400, 450, 500}.
Te third regression function is as follows:

TypeC: y � 6 sin(0.5π − x) + 3(sin(0.5π − x))ς,

x �

���������������������������������������������������

x
2
50 + x

2
100 + x

2
150 + x

2
200 + x

2
250 + x

2
300 + x

2
350 + x

2
400 + x

2
450 + x

2
500



,
(25)

where xi ∈ [−10, 10],i ∈ 50, 100, 150, 200, 250, 300, 350,{

400, 450, 500}. Te specifcations of these artifcial datasets
are listed in Table 1.

To evaluate the performance of the feature selection
results, we adopt the following criteria:

Precision �
tp

tp + fp
,

Recall �
tp

tp + fn
,

(26)

where tp are true positives, fp are false-positives, fn are
false negatives, and tn are negative counts. Precision and
recall are commonly used to present results for binary
decision problems in machine learning since they give a
more accurate evaluation of an algorithm’s performance.
Here, we use precision and recall to evaluate the feature
selection results of FS-NSVR, L1-SVR, Lp-SVR, and L1-
LSSVR.

Te best parameters of FS-NSVR, L1-SVR, Lp-SVR, and
L1-LSSVR for artifcial datasets are shown in Table 2. Te
feature selection and regression results on the previous three
artifcial datasets are shown in Table 3. From Table 3, we fnd
that FS-NSVR drives larger precision and recall than L1-
SVR, Lp-SVR, and L1-LSSVR. Meanwhile, FS-NSVR obtains
a larger R2 and smaller NMSE than L1-SVR, Lp-SVR, and L1-
LSSVR. It is clear that FS-NSVR has the ability to select the
representative features and discard the redundant features in
the nonlinear system. Terefore, FS-NSVR is suitable for
solving the nonlinear feature selection problem, while L1-
SVR, Lp-SVR, and L1-LSSVR are not suitable for solving the
feature selection problem of complex nonlinear high-di-
mensional data. In terms of running times, although the
training speed of FS-NSVR is slower than L1-LSSVR, it is
signifcantly faster than L1-SVR and Lp-SVR.

4.2. Parameters and Nonlinear Feature Selection Analysis.
In this part, we analyze the efects of the parameters p and C on
the nonlinear feature selection results. To test the infuence of the
kernel parameter p on NMSE, R2, precision, and recall, we frst
fx parameter C as the optimal value used in the experiments on
the artifcial datasets. Figures 1–3 illustrate the infuence of the
kernel parameter p on the nonlinear feature selection results for

Type A, Type B, and Type C, respectively. From Figures 1–3, we
fnd that when p increases, the NMSE value decreases and then
increases. As the kernel parameter p increases, R2 and precision
increase and then decrease, which means that the kernel pa-
rameter p has a strong infuence on the feature selection ability
of FS-NSVR. When p is selected as the optimal value, precision
and recall reach maximum values, which means that FS-NSVR
selects representative features and discards irrelevant features.
Although the number of selected features is small, FS-NSVR can
select the representative features in the datasets.

To further test the infuence of parameter C on the FS-
NSVR feature selection results, we fx the kernel parameter p

as the optimal value used in the experiments on the artifcial
datasets. Figures 4–6 show the infuence of C on NMSE, R2,
precision, and recall. From Figures 4–6, we observe that as
parameter C increases, NMSE decreases and then remains
constant. When C� 2, precision reaches a maximum value
and then remains constant, which means that FS-NSVR
selects the representative features and discards the irrelevant
features.

4.3. Real-World Datasets. To further test the feature selec-
tion and regression performance of FS-NSVR, we consider
fve real-world datasets from the UC Irvine (UCI) Machine
Learning Repository [34]. Table 1 displays the dataset in-
formation, including the specifc numbers of training
samples, test samples, and features. Te best parameters of
FS-NSVR, L1-SVR, Lp-SVR, and L1-LSSVR for real-world
datasets are shown in Table 4.

Table 5 lists the feature selection and regression results of
FS-NSVR, L1-SVR, Lp-SVR, and L1-LSSVR. One can easily
observe that FS-NSVR selects fewer features than those of
L1-SVR, Lp-SVR, and L1-LSSVR, but FS-NSVR obtains small
values for NMSE and RMSE, which are comparable with the
other methods. FS-NSVR selects very few useful features and
captures the nonlinear statistical information in the test
datasets. FS-NSVR realizes feature selection and regression
simultaneously due to its inherent feature selection property.
Faced with complex nonlinear high-dimensional datasets,
L1-SVR, Lp-SVR, and L1-LSSVR present challenges since
they can only solve the feature selection problem for the
linear version. Regarding the running time, FS-NSVR is
signifcantly faster than L1-SVR and Lp-SVR.
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Figure 1: Te infuence of p on NMSE, R2, precision, and recall for the Type A dataset. Parameter C is fxed as the optimal value.

Table 1: Specifcation of datasets.

Data sets No. of training samples No. of testing samples No. of features
Type A 200 200 500
Type B 200 200 500
Type C 200 200 500
Trafc 1261 840 48
Student 106 289 27
CNN 500 618 81
Community 999 994 102
Pakinson 1040 612 26

Table 2: Te optimal parameters of artifcial datasets.

Data sets Regressor C δ

Type A

FS-NSVR 24 23
L1-SVR 2−5 20
Lp-SVR 2−3 2−3

L1-LSSVR 2−3 2−3

Type B

FS-NSVR 23 22
L1-SVR 20 20
Lp-SVR 2−3 2−3

L1-LSSVR 2−1 2−1

Type C

FS-NSVR 21 21
L1-SVR 2−2 2−2

Lp-SVR 2−4 2−1

L1-LSSVR 2−4 2−4
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Table 3: Comparison results of FS-NSVR, L1-SVR, Lp-SVR, and L1-LSSVR for artifcial datasets.

Data sets Regressor NMSE R2 RMSE Precision Recall CPU S.

Type A

FS-NSVR 0. 0 0.146 0.146 22.22 100 0.148
L1-SVR 1.032 0.031 0.177 16.67 10 2.107
Lp-SVR 1.028 0.028 0.176 — 0 2.701
L1-LSSVR 1.028 0.031 0.176 0 0 0.004

Type B

FS-NSVR 0.032 0.884 0.069 34.48 100 0.071
L1-SVR 1.068 0.074 0.396 1.26 10 1.379
Lp-SVR 1.077 0.078 0.397 — 0 2.702
L1-LSSVR 1.001 0.001 0.383 — 0 0.004

Type C

FS-NSVR 0.006 0.885 0.324 18.51 100 0.076
L1-SVR 1.003 0.009 4.186 0 0 1.229
Lp-SVR 1.011 0.011 4.201 — 0 2.584
L1-LSSVR 0.997 0.001 4.174 0 0 0.005

Bold values refer to the best performing regressors under each criterion.
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Table 4: Te optimal parameters of real-world datasets.

Data sets Regressor C δ

Trafc

FS-NSVR 2−1 22
L1-SVR 21 21
Lp-SVR 2−7 28
L1-LSSVR 24 `24

Student

FS-NSVR 27 25
L1-SVR 2−1 2−1

Lp-SVR 2−4 24
L1-LSSVR 2−3 2−3

CNN

FS-NSVR 28 23
L1-SVR 24 24
Lp-SVR 2−3 21
L1-LSSVR 25 25
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5. Conclusion

Our paper focused on the nonlinear feature selection problem
posed by high-dimensional data, especially when nonlinear
complex relationships between features exist. To solve this
problem, we brought a feature selection matrix in the original
space into nonlinear support vector regression and then pro-
posed a novel feature selection method for nonlinear support
vector regression (FS-NSVR). FS-NSVR is a mixed-integer
programming problem (MPP). To efciently solve FS-NSVR,
we employed an alternate iterative greedy algorithm to fnd a
local optimal value. Te feature selection matrix and the su-
pervised selection process of FS-NSVR ensured that the rep-
resentative features were selected and the redundant features
were discarded automatically. Te feature selection and re-
gression performance of FS-NSVR in the artifcial and real-
world datasets confrmed its sparseness and efectiveness.

Te proposed method also has limitations that should be
acknowledged in future studies. First, FS-NSVR is not suitable
for the heterogeneity problem of nonlinear high-dimensional
data. Te spirit of quantile regression [35–37] can be brought
into the nonlinear feature selection framework in the future.
Second, more efcient methods to solve FS-NSVR are needed

since the training speed of the currentmethod is not fast enough
with regard to large-scale data sets. Tird, forming the appli-
cation perspective on how to use FS-NSVR to deal with
nonlinear feature selection problem in the real world remains a
question in future work.
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CNN
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Ekonomska Istraživanja, vol. 35, no. 1, pp. 2764–2780, 2022.

[37] Y. Ye, Y. Shao, C. Li, X. Hua, and Y. Guo, “Online support
vector quantile regression for the dynamic time series with
heavy-tailed noise,” Applied Soft Computing, vol. 110, Article
ID 107560, 2021.

Complexity 13




