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A B S T R A C T

Feature selection using variable precision neighborhood rough sets (VPNRS) has garnered considerable
attention in data mining and knowledge discovery. Nevertheless, the positive region of VPNRS may not be
strictly divided due to the introduction of variable parameters, which could reduce the credibility of feature
significance. Meanwhile, the calculation of approximate space is also complex and expensive. Hence, how to
improve the computation efficiency is also an investigated issue. As for these issues, we propose a variable
precision composite measure and design a novel local method for the feature selection of decision data. Firstly,
we introduce the variable precision neighborhood rough set model to process uncertain information from
global and local viewpoints. Furthermore, the variable precision composite measure is defined to evaluate the
model’s accuracy and further used to select the essential features. Finally, a local forward algorithm is provided
for feature selection to improve computing efficiency. All experiments on twelve datasets show that the local
method is efficient, and the feature selection algorithm based on variable precision composite measure performs
well in classification performance. Our work will provide a convenient tool for feature selection methods with
uncertainty measures.
1. Introduction

Feature selection is a critical data processing technology to identify
the most relevant and informative features in information systems [1–
3]. By removing redundant and unimportant features, efficient feature
selection can significantly lower the complexity and improve the per-
formance of the machine learning models. Thus, how to evaluate the
features is essential in the selection process [4–6]. Currently, feature
selection using uncertainty measures allows for a more systematic
approach to identifying and selecting the most informative features,
which has attracted extensive attention in decision-making [7–9], rule
extraction [10,11], and data mining [12–14].

As an emerging computing paradigm of intelligence information
process, granular computing emphasizes analyzing and dealing with
complex problems from multi-granular, multi-lever, and multiple per-
spectives [11,15,16]. Hence, it has the natural advantage in uncertain
knowledge discovery with complex data. Currently, several granu-
lar computing models, including three-way decision [17–20], fuzzy
sets [21–23], rough sets [24–26], and concept cognitive learning [27–
29] are widely proposed to describe the uncertainty in the information
system. Specifically, the rough set (RS) theory proposed by Pawlak [30]
provides a convenient and effective mathematical tool for processing
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imprecision and incomplete information, which has been widely ap-
plied to uncertainty reasoning and feature selection [31–33]. Typically,
RS approximates the target concept by two definite sets based on
the equivalence relation. However, the equivalence relation can only
directly process categorical data, and the discretion will lead to losing
information. Thus, it is extended to handle numerical data [34], order
data [35], interval data [36], and fuzzy data [37,38]. Significantly,
the neighborhood rough set model based on similarity relation is
more fault-tolerant for dealing with numerical data [39–41]. Yao [19]
proposed the relational interpretations of neighborhood operators and
rough set approximation operators. Luo et al. [12] designed a novel
object dissimilarity measure to construct a psi-neighborhood rough set
model in nominal data. Xia et al. [42] presented a granular-ball rough
set to represent the Pawlak rough set and neighborhood rough set. The
neighborhood thought is also applied to construct a granular rough set
model and corresponding feature selection algorithms [43–45]. Wang
et al. [46] investigated a neighborhood rough set model to process
the uncertain information under semi-supervised data. In addition, the
approximate operators need to be more relaxed when approximating
the target concept. For example, there are 1000 objects in a similarity
class, only one different from the object in the target concept. We will
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lose much helpful information if we do not own this object to the lower
approximation of the target concept.

Note that the proposition of variable precision rough set(VPRS)
overcomes this weakness [47–49]. Mi et al. [48] designed a knowledge
reduction approach based on a variable precis rough set model. Liu
et al. [50] constructed a VPRS model based on neighborhood geometric
similarity and developed a novel decision tree algorithm. A variable
precision diversified attribute multi-granulation fuzzy rough set is pro-
posed to investigate the diversified attribute group decision-making
problem in papers [51,52]. Moreover, this variable precision thought
is also applied to fuzzy rough sets to approximate uncertainty concepts
in decision information systems [53,54]. Thus, this also motivates us to
use VPRS to study uncertainty measure problems for feature selection.
Meanwhile, note that the time complexity of approximation space
is 𝑂(𝑛2) due to the computation of similarity class, which is time-
consuming in large-scale data [34,55]. To improve the computational
efficiency, Xia et al. [56] defined granular ball neighborhood rough
sets and proposed a fast adaptive attribute reduction in classification.
Qian et al. [55] investigated the local rough set model for knowledge
discovery and attribute reduction. In the local rough set, there is only
a need to obtain the object classes related to the target concept that
save the computational time of objects out of the target concept, which
significantly improves the efficiency and can applied to the approxi-
mation process in different scenarios. Inspired by this, we investigate
a local strategy to approximate vague concepts in decision information
systems.

The evaluation function is an essential issue that directly influences
the final classification results in feature selection. In rough set theory, it
usually designs evaluation functions based on a lower approximation to
depict the importance of features [2,6]. Dai [57] proposed the concept
of reduced maximal discernibility pairs and developed two attribute
selection algorithms. Jensen [58] has proposed attribute reduction
algorithms based on the measure of dependency defining upon the
lower approximation of the target concept. Wang [59] constructed a
fuzzy rough set model based on distance measures with a variable
parameter and designed a greedy convergent algorithm for attribute
reduction in real datasets. Yao [19] proposed a novel approach to credit
scoring features based on the positive measure in a variable rough
set. Based on the positive region of a variable precision neighborhood,
Chen [60] also gave the significance of an attribute and used it to
select feature subsets. Note that the positive region in VPNRS may
not be strictly divided due to the introduction of variable parameters,
which could reduce the credibility of the evaluation function. Thus, the
above measures only focus on the lower approximation is insufficient
to describe the data fully.

Inspired by the above analysis, we propose a variable precision
composite measure based on the approximation space to describe un-
certainty knowledge and design a local heuristic algorithm to determine
the optimal feature subset in real-valued decision data. The main
contributions of this are as follows:

∙ We propose a variable precision composite measure based on
VPNRS to process uncertain knowledge for real-valued data. Compared
with other uncertainty measures based on lower approximation, it
provides a comprehensive thought for depicting uncertainty knowledge
by combining certain and possible information.

∙ We define a novel target reduction function based on the proposed
composite measure. It could keep the consistency of the approximation
structure with the original information system and avoid information
loss.

∙ We design a forward feature selection algorithm from global
and local viewpoints. All the experimental results show that the local
strategy is efficient, and the method based on the variable preci-
sion composite measure is superior to other compared methods in
classification performance.

The rest of this paper is organized as follows. Section 2 overviews
some basic notions about neighborhood rough set. Section 3 introduces
2

Fig. 1. Block diagram of steps of the proposed approach.

our proposed model, the local variable precision neighborhood rough
set model, and defines a composite measure to evaluate its accuracy.
Meanwhile, three significance measures and a local heuristic forward
algorithm are proposed in Section 4. Moreover, in Section 5, some
numerical experiments are carried out to evaluate the efficiency and
superiority of our approach on twelve public datasets. Finally, we
conclude with a summary of our findings and suggestions for future
research in Section 6. The proposed approach is depicted in Fig. 1.

2. Related work

This section briefly reviews some basic notions about neighbor-
hood rough set (NRS) and its extensions, including variable precision
neighborhood rough set (VPNRS) and local variable precision neighbor-
hood rough set. The details can be obtained from their corresponding
papers[33,46,61].

2.1. Neighborhood rough set

Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information system, where
𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑛} is the universe, 𝐵 = {𝑏1, 𝑏2,… , 𝑏𝑚} is the con-
ditional attribute set and 𝐷 = {𝑑} is the decision attribute set. The
neighborhood class based on distance function is proposed to improve
the tolerance of equivalent relations in processing numerical data. For
𝐴 ⊆ 𝐵, 𝑥 ∈ 𝑈 and parameter 𝛿, the neighborhood class of 𝑥 on 𝐴 is
defined as follows.

𝛿𝐴(𝑥) = {𝑦|𝛥(𝑥, 𝑦) ≤ 𝛿, 𝑦 ∈ 𝑈}, (1)

where 𝛥(𝑥, 𝑦) is the Euclidean distance between 𝑥 and 𝑦.
Based on the above definition of neighborhood class, for 𝐴 ⊆ 𝐵 and

𝑋 ⊆ 𝑈 , the lower and upper neighborhood approximations of 𝑋 on 𝐵
can be represented as follows [61].

𝑅𝐴(𝑋) = {𝑥|𝛿𝐴(𝑥) ⊆ 𝑋, 𝑥 ∈ 𝑈},

𝑅𝐴(𝑋) = {𝑥|𝛿𝐴(𝑥) ∩𝑋 ≠ ∅, 𝑥 ∈ 𝑈}.
(2)

The pair ⟨𝑅𝐴(𝑋), 𝑅𝐴(𝑋)⟩ is called a neighborhood rough set. The
positive region of 𝑋 on 𝐴 is 𝑃𝑂𝑆𝐴(𝑋) = 𝑅𝐴(𝑋), negative region of 𝑋
on 𝐴 is 𝑁𝐸𝐺𝐴(𝑋) = 𝑈 − 𝑅𝐴(𝑋), and boundary region of 𝑋 on 𝐴 is
𝐵𝑂𝑁 (𝑋) = 𝑅 (𝑋) − 𝑅 (𝑋).
𝐴 𝐴 𝐴
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Table 1
A decision information system.
𝑈 𝑏1 𝑏2 𝑏3 𝑏4 𝑑

𝑥1 0.18 0.74 0.21 0.32 1
𝑥2 0.52 0.49 0.35 0.49 1
𝑥3 0.21 0.76 0.29 0.31 2
𝑥4 0.23 0.75 0.32 0.40 1
𝑥5 0.50 0.76 0.26 0.59 2
𝑥6 0.49 0.73 0.27 0.56 1
𝑥7 0.62 0.80 0.75 0.82 2
𝑥8 0.54 0.63 0.49 0.32 2
𝑥9 0.45 0.55 0.49 0.35 2
𝑥10 0.35 0.85 0.42 0.35 2

2.2. Variable precision neighborhood rough set

According to the analysis in Section 2.1, a sample is considered
to be in the lower approximation of the target concept 𝑋 only if its
neighborhood class satisfies an inclusion relation with 𝑋. However,
this operator may be too strict for dividing the approximation space,
especially when dealing with large-scale data. Therefore, it is necessary
to introduce a more flexible method for approximating the target
concept. The proposal of a variable precision rough set based on the
inclusion degree solves this limitation effectively.

Definition 1 ([46]). Let 𝐷𝐼𝑆 = (𝑈,𝐵∪𝐷) be a decision information sys-
tem. For 𝐴 ⊆ 𝐵, 𝑋 ⊆ 𝑈 , and the parameters 0 ≤ 𝛽 < 𝛼 ≤ 1, the 𝛼-lower
nd 𝛽-upper approximations of 𝑋 on 𝐴 can be defined as follows.

𝐴𝛼
(𝑋) = {𝑥|𝒟 (𝑋∕𝛿𝐴(𝑥)) ≥ 𝛼, 𝑥 ∈ 𝑈},

𝑅𝐴𝛽 (𝑋) = {𝑥|𝒟 (𝑋∕𝛿𝐴(𝑥)) > 𝛽, 𝑥 ∈ 𝑈},
(3)

where 𝒟 (𝑋∕𝛿𝐴(𝑥)) =
|𝑋∩𝛿𝐴(𝑥)|
|𝛿𝐴(𝑥)|

.

The pair ⟨𝑅𝐴𝛼
(𝑋), 𝑅𝐴𝛽 (𝑋)⟩ is called a variable precision neigh-

borhood rough set. In addition, the 𝛼-positive region of 𝑋 on 𝐴 is
𝑃𝑂𝑆𝐴,𝛼(𝑋) = 𝑅𝐴𝛼

(𝑋), 𝛽-negative region of 𝑋 on 𝐴 is 𝑁𝐸𝐺𝐴,𝛽 (𝑋) =
𝑈 − 𝑅𝐴𝛽 (𝑋), and the boundary region of 𝑋 on 𝐴 is 𝐵𝑁𝐷𝐴,𝛼,𝛽 (𝑋) =
𝑅𝐴𝛽 (𝑋) − 𝑅𝐴𝛼

(𝑋).

2.3. Local variable precision neighborhood rough set

From Eq. (3), to obtain the variable neighborhood rough set, we
need to compute all dependency degree functions of objects in the
universe, thus the ⟨𝑅𝐴𝛼

(𝑋), 𝑅𝐴𝛽 (𝑋)⟩ is also called global neighborhood
rough set. This computing process is time-consuming, especially in big-
scale data. A local approximate strategy is introduced to VPNRS to
improve computing efficiency further to solve this issue, which can be
depicted in the following definition.

Definition 2 ([46]). Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information
system. For 𝐴 ⊆ 𝐵, 𝑋 ⊆ 𝑈 , and 0 ≤ 𝛽 < 𝛼 ≤ 1. The local 𝛼-lower
approximation 𝑅𝐴𝐿,𝛼

(𝑋) and 𝛽−upper approximation 𝑅𝐴𝐿,𝛽 (𝑋) of 𝑋 on
𝐴 are represented as follows.

𝑅𝐴𝐿,𝛼
(𝑋) = {𝑥|𝒟 (𝑋∕𝛿𝐴(𝑥)) ≥ 𝛼, 𝑥 ∈ 𝑋},

𝑅𝐴𝐿,𝛽 (𝑋) = {𝑥|𝒟 (𝑋∕𝛿𝐴(𝑥)) > 𝛽, 𝑥 ∈ 𝑋}.
(4)

The ⟨𝑅𝐴𝐿,𝛼
(𝑋), 𝑅𝐴𝐿,𝛽 (𝑋)⟩ is called a local variable precision neigh-

borhood rough set. Similarly, the local 𝛼-positive region of 𝑋 on
𝐴 is 𝑃𝑂𝑆𝐿,𝐴,𝛼(𝑋) = 𝑅𝐴𝐿,𝛼

(𝑋), the 𝛽-negative region of 𝑋 on 𝐴 is
𝑁𝐸𝐺𝐿,𝐴,𝛽 (𝑋) = 𝑈 − 𝑅𝐴𝐿,𝛽 (𝑋) and the boundary region of 𝑋 on 𝐴 is
𝐵𝑁𝐷𝐿,𝐴,𝛼,𝛽 (𝑋) = 𝑅𝐴𝐿,𝛽 (𝑋) − 𝑅𝐴𝐿,𝛼

(𝑋).

Example 1. This example shows the approximation process from
3

global and local viewpoints. A decision information system with ten
patients is shown in Table 1, where 𝑈 = {𝑥1, 𝑥2,… , 𝑥10} and 𝐵 =
{𝑏1, 𝑏2, 𝑏3, 𝑏4}. The four attributes represent cough, fever, weakness, and
reathing, while the decision attribute 𝑑 represents the diagnosis of
atients. A diagnosis of ‘‘healthy’’ and ‘‘infected’’ is represented by 1
nd 2. Given the target concept 𝐷1, we can obtain the variable precision
ough set from global and local perspectives according to the above
efinitions. We first compute the distance matrix 𝐷 as follows.

=

⎡

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎢

⎣

0 0.48 0.09 0.15 0.42 0.40 0.86 0.47 0.43 0.29
0.48 0 0.45 0.40 0.30 0.26 0.61 0.26 0.22 0.43
0.09 0.45 0 0.10 0.40 0.38 0.80 0.41 0.38 0.21
0.15 0.40 0.10 0 0.34 0.31 0.72 0.38 0.35 0.19
0.42 0.30 0.40 0.34 0 0.04 0.56 0.38 0.40 0.34
0.40 0.26 0.38 0.31 0.04 0 0.57 0.34 0.36 0.32
0.86 0.61 0.80 0.72 0.56 0.57 0 0.59 0.62 0.64
0.47 0.26 0.41 0.38 0.38 0.34 0.59 0 0.12 0.30
0.43 0.22 0.38 0.35 0.40 0.36 0.62 0.12 0 0.32
0.29 0.43 0.21 0.19 0.34 0.32 0.64 0.30 0.32 0

⎤

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎥

⎦

.

Let 𝛿 = 0.1, the neighborhood classes determined by the objects
coming 𝑈 on 𝐵 are obtained as follows.
𝛿𝐵(𝑥1) = {𝑥1, 𝑥3}, 𝛿𝐵(𝑥2) = {𝑥2}, 𝛿𝐵(𝑥3) = {𝑥1, 𝑥3, 𝑥4}, 𝛿𝐵(𝑥4) =
{𝑥3, 𝑥4}, 𝛿𝐵(𝑥5) = {𝑥5, 𝑥6},
𝛿𝐵(𝑥6) = {𝑥5, 𝑥6}, 𝛿𝐵(𝑥7) = {𝑥7}, 𝛿𝐵(𝑥8) = {𝑥8}, 𝛿𝐵(𝑥9) = {𝑥9}.
𝛿𝐵(𝑥10) = {𝑥10}.

Then, we compute the degree of inclusion of all object similarity
classes with the target concept 𝐷1 as follows.

𝒟 (𝐷1∕𝛿𝐵(𝑥1)) =
|𝐷1∩𝛿𝐵 (𝑥1)|
|𝛿𝐵 (𝑥1)|

= |{𝑥1}|
|{𝑥1 ,𝑥3}|

= 1∕2,

𝒟 (𝐷1∕𝛿𝐵(𝑥2)) =
|𝐷1∩𝛿𝐵 (𝑥2)|
|𝛿𝐵 (𝑥2)|

= |{𝑥2}|
|{𝑥2}|

= 1,

𝒟 (𝐷1∕𝛿𝐵(𝑥3)) =
|𝐷1∩𝛿𝐵 (𝑥3)|
|𝛿𝐴(𝑥3)|

= {𝑥4}
|{𝑥1 ,𝑥3 ,𝑥4}|

= 2∕3,

𝒟 (𝐷1∕𝛿𝐵(𝑥4)) =
|𝐷1∩𝛿𝐵 (𝑥4)|
|𝛿𝐴(𝑥4)|

= |{𝑥4}|
|{𝑥3 ,𝑥4}|

= 1∕2,

𝒟 (𝐷1∕𝛿𝐵(𝑥5)) =
|𝐷1∩𝛿𝐵 (𝑥5)|
|𝛿𝐵 (𝑥5)|

= |{𝑥6}|
|{𝑥5 ,𝑥6}|

= 1∕2,

𝒟 (𝐷1∕𝛿𝐵(𝑥6)) =
|𝐷1∩𝛿𝐵 (𝑥6)|
|𝛿𝐵 (𝑥6)|

= |{𝑥6}|
|{𝑥5 ,𝑥6}|

= 1∕2,

𝒟 (𝐷1∕𝛿𝐵(𝑥7)) =
|𝐷1∩𝛿𝐵 (𝑥7)|
|𝛿𝐵 (𝑥7)|

= |∅|
|{𝑥7}|

= 0,

(𝐷1∕𝛿𝐵(𝑥8)) =
|𝐷1∩𝛿𝑅(𝑥8)|
|𝛿𝐵 (𝑥8)|

= |∅|
|{𝑥8}|

= 0,

𝒟 (𝐷1∕𝛿𝐵(𝑥9)) =
|𝐷1∩𝛿𝐵 (𝑥9)|
|𝛿𝐵 (𝑥9)|

= |{𝑥9}|
|{𝑥9}|

= 1,

(𝐷1∕𝛿𝐵(𝑥10)) =
|𝐷1∩𝛿𝐵 (𝑥10)|
|𝛿𝐵 (𝑥10)|

= |∅|
|{𝑥10}|

= 0.

When 𝛼 = 0.8 and 𝛽 = 0.4, the 𝛼-lower and 𝛽-upper approximations
f 𝐷1 on 𝐵 are shown as follows.
𝐵𝛼

(𝐷1) = {𝑥2}, 𝑅𝐵𝛽 (𝐷1) = {𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6}.
Similarly, the lower and upper approximations of target decision 𝐷2

on attribute set 𝐵 can be obtained as follows.
𝑅𝐵𝛼

(𝐷2) = {𝑥7, 𝑥8, 𝑥9, 𝑥10}, 𝑅𝐵𝛽 (𝐷2) = {𝑥1, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10}.
Unlike the global 𝛼-lower and 𝛽-upper approximations, the local

approximation space only needs to compare the relationship between
the target concept and the neighborhoods of objects in 𝐷𝑖, 𝑖 = 1, 2.
Subsequently, we display the local approximation process as follows.

Let 𝛿 = 0.1, the neighborhood classes determined by the objects
coming 𝐷1 on 𝐵 are obtained as follows.
𝛿𝐵(𝑥1) = {𝑥1, 𝑥3}, 𝛿𝐵(𝑥2) = {𝑥2}, 𝛿𝐵(𝑥4) = {𝑥3, 𝑥4}, 𝛿𝐵(𝑥6) =

{𝑥5, 𝑥6}.
The inclusion degree of 𝑥1, 𝑥2, 𝑥4 and 𝑥6 in 𝐷1 are computed as

ollows.
𝒟 (𝐷1∕𝛿𝐵(𝑥1)) = |𝐷1∩𝛿𝐵 (𝑥1)|

|𝛿𝐵 (𝑥1)|
= |{𝑥1}|

|{𝑥1 ,𝑥3}|
= 1∕2, 𝒟 (𝐷1∕𝛿𝐵(𝑥2)) =

|𝐷1∩𝛿𝐵 (𝑥2)|
|𝛿𝐵 (𝑥2)|

= |{𝑥2}|
|{𝑥2}|

= 1,
𝒟 (𝐷1∕𝛿𝐵(𝑥4)) = |𝐷1∩𝛿𝐵 (𝑥4)|

|𝛿𝐴(𝑥4)|
= |{𝑥4}|

|{𝑥3 ,𝑥4}|
= 1∕2, 𝒟 (𝐷1∕𝛿𝐵(𝑥6)) =

|𝐷1∩𝛿𝐵 (𝑥6)| = |{𝑥6}| = 1∕2.

|𝛿𝐵 (𝑥6)| |{𝑥5 ,𝑥6}|
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Under the same parameters(𝛼 = 0.8, 𝛽 = 0.4), we obtain the
local 𝛼-lower approximation and 𝛽-upper approximation of 𝐷1 on 𝐵
as follows.
𝑅𝐵𝐿,𝛼

(𝐷1) = {𝑥2}, 𝑅𝐵𝐿,𝛽 (𝐷1) = {𝑥1, 𝑥2, 𝑥4, 𝑥6}.
Similarly, the local 𝛼-lower approximation and 𝛽-upper approxima-

tion of 𝐷2 on 𝐵 are obtained as follows.
𝑅𝐵𝐿,𝛼

(𝐷2) = {𝑥7, 𝑥8, 𝑥9, 𝑥10}, 𝑅𝐵𝐿,𝛽 (𝐷2) = {𝑥5, 𝑥7, 𝑥8, 𝑥9, 𝑥10}.

According to the computing process of approximation space in the
bove example, we could find that the local strategy can significantly
educe time complexity compared to the global VPNRS.

. Variable precision neighborhood rough set in DIS

Considering the effectiveness of variable precision neighborhood
ough set in handling numerical data, in this section, we mainly in-
roduce VPNRS to decision information systems and propose a novel
omposite measure for uncertainty measure.

.1. VPNRS from global and local viewpoints

Variable precision neighborhood rough set is an effective tool for
ncertainty reasoning in real-valued data, which is usually introduced
nto decision information system to depict uncertainty. This subsection
ainly introduces the construction process of VPNRS in DIS and pro-
oses two representative accuracy measures of models from global and
ocal viewpoints.

efinition 3 ([46]). Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information
system, where 𝑈∕𝐷 = {𝐷1, 𝐷2,… , 𝐷𝑠}. For 𝐴 ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1,
he global 𝛼−lower approximation and 𝛽−upper approximation of 𝐷 on

are defined as follows.

𝐴,𝛼
(𝐷) = {𝑅𝐴𝛼

(𝐷1), 𝑅𝐴𝛼
(𝐷2),… , 𝑅𝐴𝛼

(𝐷𝑠)},

𝜂𝐴,𝛽 (𝐷) = {𝑅𝐴𝛽 (𝐷1), 𝑅𝐴𝛽 (𝐷2),… , 𝑅𝐴𝛽 (𝐷𝑠)}.
(5)

The 𝛼-positive region of 𝐷 on 𝐴 is 𝑃𝑂𝑆𝐴,𝛼(𝐷) =
⋃𝑠

𝑖=1 𝑅𝐴𝛼
(𝐷𝑖), the

-negative region of 𝐷 on 𝐴 is denoted by 𝑁𝐸𝐺𝐴,𝛽 (𝐷) =
⋃𝑠

𝑖=1(𝑈 −
𝑅𝐴𝛽 (𝐷𝑖)) and the boundary region of 𝐷 on 𝐴 is 𝐵𝑁𝐷𝐴,𝛼,𝛽 (𝐷) =

𝑠
𝑖=1(𝑅𝐴𝛽 (𝐷𝑖) − 𝑅𝐴𝛼

(𝐷𝑖)).
According to Definition 3, two measures based on global 𝛼-lower

pproximation and 𝛽-upper approximation are defined to evaluate the
ccuracy of models. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information
ystem, for 𝐴 ⊆ 𝐵, the accuracy measure based on 𝜂

𝐴,𝛼
(𝐷) can be

efined as follows.

1,𝐴(𝐷) =

∑𝑠
𝑖=1 |𝑅𝐴𝛼

(𝐷𝑖)|
∑𝑠

𝑖=1 |𝐷𝑖|
. (6)

The 𝛾1,𝐴(𝐷) depicts the accuracy of VPNRS from certain information
in lower approximation, which has a positive relationship with the
model’s accuracy. Next, we define another accuracy measure based on
the upper approximation, which can be represented as follows.

𝛾2,𝐴(𝐷) =
∑𝑠

𝑖=1 |𝑅𝐴𝛽 (𝐷𝑖)|
∑𝑠

𝑖=1 |𝐷𝑖|
. (7)

The 𝛾2,𝑅𝐴
(𝐷) characterizes the model’s accuracy from possibility

nformation in upper approximation. Since 𝑁𝐸𝐺𝐴,𝛽 (𝐷) =
⋃𝑠

𝑖=1(𝑈 −
𝑅𝐴𝛽 (𝐷𝑖)), the 𝛾2,𝐴 has a negative trend with the model’s accuracy.

According to the analysis in Section 2.3, the local rough set could
significantly reduce the time complexity of the approximation process
due to ignoring information out of the target concept. Thus, to improve
the efficiency in the concept approximation, we further introduce the
4

local VPNRS model to decision information systems as follows.
Definition 4 ([46]). Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information
ystem, where 𝑈∕𝐷 = {𝐷1, 𝐷2,… , 𝐷𝑠}. For 𝐴 ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1,
he local 𝛼−lower approximation and 𝛽−upper approximation of 𝐷 on

are defined as follows.

𝐿,𝐴,𝛼
(𝐷) = {𝑅𝐴𝐿,𝛼

(𝐷1), 𝑅𝐴𝐿,𝛼
(𝐷2),… , 𝑅𝐴𝐿,𝛼

(𝐷𝑠)},

𝜂𝐿,𝐴,𝛽 (𝐷) = {𝑅𝐴𝐿,𝛽 (𝐷1), 𝑅𝐴𝐿,𝛽 (𝐷2),… , 𝑅𝐴𝐿,𝛽 (𝐷𝑠)}.
(8)

The local variable positive, negative and boundary region of 𝐷
on 𝐴 are respectively defined by 𝑃𝑂𝑆𝐿,𝐴,𝛼(𝐷) =

⋃𝑠
𝑖=1 𝑅𝐴𝐿,𝛼

(𝐷𝑖),
𝑁𝐸𝐺𝐿,𝐴,𝛽 (𝐷) =

⋃𝑠
𝑖=1(𝑈 − 𝑅𝐴𝐿,𝛽 (𝐷𝑖)) and 𝐵𝑁𝐷𝐿,𝐴,𝛼,𝛽 (𝐷) =

⋃𝑠
𝑖=1(𝑅𝐴𝐿,𝛽 (𝐷𝑖) − 𝑅𝐴𝐿,𝛼

(𝐷𝑖)). The local accuracy measures are also
obtained as follows. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪ 𝐷) be a decision information
ystem, for 𝐴 ⊆ 𝐵, the local accuracy measure based on 𝜂

𝐿,𝐴,𝛼
can be

defined as follows.

𝛾𝐿,1,𝐴(𝐷) =

∑𝑠
𝑖=1 |𝑅𝐴𝐿,𝛼

(𝐷𝑖)|
∑𝑠

𝑖=1 |𝐷𝑖|
. (9)

Similarly, the accuracy measure 𝛾𝐿,2,𝐴(𝐷) of 𝐷 based on local upper
pproximation can be obtained as follows.

𝐿,2,𝐴(𝐷) =
∑𝑠

𝑖=1 |𝑅𝐴𝐿,𝛽 (𝐷𝑖)|
∑𝑠

𝑖=1 |𝐷𝑖|
. (10)

According to the above definitions, we know the two kinds of
accuracy measures 𝛾𝐿,1,𝐴 and 𝛾𝐿,2,𝐴 are only considered certain infor-
mation in lower approximation and possibility information in upper
approximation. Meanwhile, it should be noted that the positive and
negative regions may not be strictly divided due to the introduction
of variable parameters. Thus, the accuracy measures based on the
single information are unilateral in uncertainty measure. Subsequently,
we will propose a composite measure for characterizing the model’s
accuracy by combining certain and possible information.

3.2. Composite measure based on VPNRS

Variable precision neighborhood rough set improves the tolerance
of noise data while making the approximation space not strictly accu-
rate. Therefore, it could not comprehensively describe the model’s ac-
curacy, relying on single information in lower or upper approximation.
This subsection investigates a variable precision composite measure by
combining lower and upper approximations and then proposes a novel
target function for feature selection.

Definition 5. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system.
For 𝐴 ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1, the variable precision composite measure
is defined as follows.

𝛾3,𝐴(𝐷) =
𝑠
∑

𝑖=1
𝐶𝐴,𝛼,𝛽 (𝐷𝑖), (11)

where 𝐶𝐴,𝛼,𝛽 (𝐷𝑖) =
|𝑅𝐴𝛼

(𝐷𝑖)|

|𝑅𝐴𝛽 (𝐷𝑖)|
is applied to depict the approximate

ability of VPNRS. Due to 𝛽 ∈ [0, 1], the 𝛽-upper approximation may be
an empty set, and then the ratio value is meaningless, thus 𝐶𝐴,𝛼,𝛽 (𝐷𝑖) =
0 when 𝑅𝐴𝛽 (𝐷𝑖) = ∅. The larger the variable precision composite
measure, the higher the model’s accuracy.

Compared with 𝛾1,𝐴 and 𝛾2,𝐴, the defined composite measure pro-
vides a comprehensive method to evaluate the model’s accuracy. The
local variable precision composite measure can also be obtained with
the local VPNRS in the decision information system.

Definition 6. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system.
For 𝐴 ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1, the local variable precision composite
measure is defined as follows.

𝛾𝐿,3,𝐴(𝐷) =
𝑠
∑

𝑖=1
𝐶𝐿,𝐴,𝛼,𝛽 (𝐷𝑖), (12)
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where 𝐶𝐿,𝐴,𝛼,𝛽 (𝐷𝑖) =
|𝑅𝐴𝐿,𝛼

(𝐷𝑖)|

|𝑅𝐴𝐿,𝛽 (𝐷𝑖)|
. These composite measures com-

bining with whole approximation space have the following properties.
In this part, we only take the 𝛾𝐿,3,𝐴(𝐷) as an example to prove its
properties.

Property 1. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system. For
𝐴,𝐴′ ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1, we have

(1) Non-Negative: 𝛾𝐿,3,𝐴(𝐷) ≥ 0;
(2) For 𝐴 ⊆ 𝐴′, the 𝛾𝐿,3,𝐴(𝐷) and 𝛾𝐿,3,𝐴′ (𝐷) is nonmonotonic.

Proof.

(1) According to the definition of VPNRS, we know |𝑅𝐴𝐿,𝛼
(𝐷𝑗 )| ≥

0 and |𝑅𝐴𝐿,𝛽 (𝐷𝑗 )| ≥ 0 for 𝑗 = 1, 2… , 𝑠, thus 𝐶𝐿,𝐴,𝛼,𝛽 (𝐷1) =
|𝑅𝐴𝐿,𝛼

(𝐷𝑗 )|

|𝑅𝐴𝐿,𝛽 (𝐷𝑗 )|
≥ 0 and the sum of them should be non-negative.

(2) For ∀𝑥 ∈ 𝑈 , the 𝛿𝐴(𝑥) ⊇ 𝛿𝐴′ (𝑥) if 𝐴 ⊆ 𝐴′, and the 𝛿𝐴(𝑥) ∩ 𝐷𝑗 ⊇
𝛿𝐴′ (𝑥) ∩𝐷𝑗 , thus 𝑅𝐴𝛼

(𝐷𝑗 ) ⊇ 𝑅𝐴′
𝛼
(𝐷𝑗 ) and 𝑅𝐴𝐿,𝛽 (𝐷𝑗 ) ⊇ 𝑅𝐴′𝐿,𝛽 (𝐷𝑗 )

for 𝑗 = 1,… , 𝑠. However, the
|𝑅𝐴′𝐿,𝛼

(𝐷𝑗 )|

|𝑅𝐴′𝐿,𝛽 (𝐷𝑗 )|
and

|𝑅𝐴𝐿,𝛼
(𝐷𝑗 )|

|𝑅𝐴𝐿,𝛽 (𝐷𝑗 )|
(𝑗 =

1,… , 𝑠) are incomparable, thus 𝛾𝐿,3,𝐴 is not monotonous with the
attributes increase.

Note that the global variable precision composite measure also
as the above properties. According to the lower and upper variable
recision approximations, we can directly obtain the two target se-
ection functions used for selecting necessary properties while keeping
hem constant. Nevertheless, they are limited as they all consider the
mportance of attributes from one point of view. Hence, based on the
ocal composite measure, we introduce a novel local target function
𝐿,𝐴,𝛼,𝛽 .

𝐿,𝐴,𝛼,𝛽 (𝐷) =
{

𝐶𝐿,𝐴,𝛼,𝛽 (𝐷1), 𝐶𝐿,𝐴,𝛼,𝛽 (𝐷2),… , 𝐶𝐿,𝐴,𝛼,𝛽 (𝐷𝑠)
}

. (13)

According to Property 1, the local variable precision composite
easure is not monotonous with increased attributes. That is to say

hat the feature subset obtained by the forward algorithm may contain
edundant features. Accordingly, it is necessary to remove any unnec-
ssary attributes during the selection process. Below are the definitions
f necessary and unnecessary attributes about 𝜅𝐿,𝐴,𝛼,𝛽 .

roperty 2. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system. For
⊆ 𝐵, 𝛼 and 𝛽, we have

∙ The 𝑎 ∈ 𝐴 is the necessary feature of subset 𝐴 about local novel target
function when 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷) ≠ 𝜅𝐿,𝐴−𝑎,𝛼,𝛽 (𝐷);

∙ The 𝑎 ∈ 𝐴 is the unnecessary feature of subset 𝐴 about local novel
target function when 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷) = 𝜅𝐿,𝐴−𝑎,𝛼,𝛽 (𝐷).

The necessary and unnecessary attributes of 𝜅𝐿,𝐴−𝑎,𝛼,𝛽 (𝐷) have been
defined above. Furthermore, we can also define the necessary and
unnecessary attributes of 𝜂

𝐿,𝐴,𝛼
(𝐷) and 𝜂𝐿,𝐴,𝛽 (𝐷) from both a global and

local perspective.

Definition 7. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system.
For 𝐴 ⊆ 𝐵 and 0 ≤ 𝛽 < 𝛼 ≤ 1, the 𝐴 is called a local feature reduct of
𝐵 if the following properties hold.

(1) 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷) = 𝜅𝐿,𝐵,𝛼,𝛽 (𝐷);
(2) There are no redundant features in 𝐴, i.e. 𝜅𝐿,𝐴′ ,𝛼,𝛽 (𝐷) ≠ 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷)

for any 𝐴′ ⊂ 𝐴.

xample 2. According to the DIS shown in Table 1, the feature
election criteria based on lower approximation, upper approximation,
nd variable precision composite measure from a global viewpoint are
hown as follows.
5

d

𝜂
𝐵,𝛼

(𝐷) = {{𝑥2}, {𝑥7, 𝑥8, 𝑥9, 𝑥10}}, 𝜂𝐵,𝛽 (𝐷) = {{𝑥1, 𝑥2, 𝑥3, 𝑥4, 𝑥5, 𝑥6},
𝑥1, 𝑥4, 𝑥5, 𝑥6, 𝑥7, 𝑥8, 𝑥9, 𝑥10}}, 𝜅𝐵,𝛼,𝛽 (𝐷) = {1∕6, 1∕2}.

The feature selection criteria based on lower approximation, upper
pproximation and variable precision composite measure from local
iewpoint are as follows.

𝐿,𝐵,𝛼
(𝐷) = {{𝑥2}, {𝑥7, 𝑥8, 𝑥9, 𝑥10}},

𝜂𝐿,𝐵,𝛽 (𝐷) = {{𝑥1, 𝑥2, 𝑥4, 𝑥6}, {𝑥5, 𝑥7, 𝑥8, 𝑥9, 𝑥10}},

𝐿,𝐵,𝛼,𝛽 (𝐷) = {1∕4, 4∕5}.

From a global viewpoint, we can observe that 𝑥2 is definitely
ealthy, while 𝑥7, 𝑥8, 𝑥9, and 𝑥10 are undoubtedly infected. 𝑥3 may
e healthy, and 𝑥1, 𝑥4, 𝑥5, and 𝑥6 are located in the boundary region
f 𝐷1 and 𝐷2, requiring further examination of their condition. From
local viewpoint, we can ascertain that 𝑥2 is healthy, and 𝑥7, 𝑥8,

9, and 𝑥10 are infected. 𝑥1, 𝑥4, and 𝑥6 could be healthy, while 𝑥5
ay be infected. Consequently, their condition also requires further

nvestigation. The inclusion degree between the target decisions 𝐷𝑖 and
he neighborhood classes determined by objects in 𝐷𝑖 can be used to
pproximate the target concepts, which is a time-efficient approach
ased on the definitions of local variable approximations.

. Feature selection based on variable precision composite mea-
ure

According to the analysis in Section 3.2, in this part, we design
local rough set method for feature selection by variable precision

omposite measure. Firstly, we define three essential measures for eval-
ating features, then propose corresponding global and local methods
or feature selection.

.1. Significant measures based on VPNRS

Based on the variable precision neighborhood rough set theory, the
pproximation space is usually adopted to design a measure for feature
election. In this subsection, we investigate three significant measures
or feature evaluation. We only use the local VPNRS as an example to
esign the corresponding measures for simplification.

efinition 8. Let 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷) be a decision information system.
or 𝐴 ⊆ 𝐵 and 𝑐 ∈ 𝐵−𝐴, the local significance of 𝑐 relative 𝐴 is defined
s follow.

(1) 𝑆𝐼𝐺𝐿,1(𝑐, 𝐴,𝐷) = 𝛾𝐿,1,𝐴∪{𝑐}(𝐷) − 𝛾𝐿,1,𝐴(𝐷);
(2) 𝑆𝐼𝐺𝐿,2(𝑐, 𝐴,𝐷) = 𝛾𝐿,2,𝐴(𝐷) − 𝛾𝐿,2,𝐴∪{𝑐}(𝐷);
(3) 𝑆𝐼𝐺𝐿,3(𝑐, 𝐴,𝐷) = 𝛾𝐿,3,𝐴∪{𝑐}(𝐷) − 𝛾𝐿,3,𝐴(𝐷).

To ensure generality, we make the assumption that 𝛾𝐿,1,𝐴 = 0,
𝐿,2,𝐴 = 1, and 𝛾𝐿,3,𝐴 = 0 when 𝐴 = ∅. Similarly, we can also
efine global significance measures 𝑆𝐼𝐺1(𝑐, 𝐴,𝐷), 𝑆𝐼𝐺2(𝑐, 𝐴,𝐷), and
𝐼𝐺3(𝑐, 𝐴,𝐷). The larger the value of the significance measure, the
ore important the feature. Therefore, we select the attribute corre-

ponding to the maximum value 𝑆𝐼𝐺𝐿,𝑖(𝑐, 𝐴,𝐷) at each iteration, where
= 1, 2, 3.

.2. Algorithm design

Note that there may be multiple reduction sets according to the
eduction definition, but in some cases, one feature subset is sufficient.
n this subsection, we choose a heuristic forward strategy for feature
election based on three different significance measures of attributes
o select an attribute subset with the same approximate ability as the
riginal data. Moreover, since the feature measures are not monotonic
hen the neighbor radius is flexible, we need to evaluate further
hether there are redundant attributes in the selected attribute subset,
s per the propositions of measures. To address this issue, we have

eveloped a local feature selection algorithm based on the variable
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Algorithm 1: Feature selection algorithm based on local VPCM.
Input : A decision information system 𝐷𝐼𝑆 = (𝑈,𝐵 ∪𝐷),

parameters 𝛼 and 𝛽, and radius 𝛿.
Output : Feature selection subset 𝐴.

1 begin
2 Initialize 𝐴 ← ∅, 𝑟0 ← ∅, 𝑟𝑒𝑑𝑢𝑛𝑡 = ∅, and 𝑝 = 1;
3 Compute the composite measure 𝜅𝐿,𝐵,𝛼,𝛽 (𝐷);
4 while P=1 do
5 for each 𝑐𝑘 ∈ 𝐵 − 𝐴 do
6 for 𝑖 = 1 ∶ 𝑠 do
7 Compute 𝑅𝐴∪{𝑐𝑘}𝐿,𝛼

(𝐷𝑖), 𝑅𝐴∪{𝑐𝑘}𝐿,𝛼
(𝐷𝑖), and

𝐶𝐿,𝐴∪{𝑐𝑘},𝛼,𝛽 (𝐷𝑖);
8 end
9 Compute the local significance measure 𝑆𝐼𝐺𝐿,3(𝑐𝑘, 𝐴,𝐷);
10 end
11 𝐴 ← 𝑐𝑘 satisfying 𝑐𝑘 = 𝑎𝑟𝑔𝑚𝑎𝑥

𝑐𝑘∈𝐵−𝐴
𝑆𝐼𝐺𝐿,3(𝑐𝑘, 𝐴,𝐷);

12 if 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷) = 𝜅𝐿,𝐵,𝛼,𝛽 (𝐷) then
13 𝑃 = 0;
14 else
15 𝑃 = 1;
16 end
17 end
18 for 𝑎 ∈ 𝐴 do
19 Compute 𝜅𝐿,𝐴−{𝑎},𝛼,𝛽 (𝐷);
20 if 𝜅𝐿,𝐴−{𝑎},𝛼,𝛽 (𝐷) = 𝜅𝐿,𝐴,𝛼,𝛽 (𝐷) then
21 𝑟𝑒𝑑𝑢𝑛𝑡 = 𝑟𝑒𝑑𝑢𝑛𝑡 ∪ {𝑎};
22 end
23 end
24 𝐴 = 𝐴 − 𝑟𝑒𝑑𝑢𝑛𝑡;

return : 𝐴.
25 end

precision composite measure (LVPCM). This algorithm’s detailed selec-
tion process and pseudo code are presented in Algorithm 1 and Fig. 2,
respectively.

In the LVPCM method, the reduction set contains 𝑙 properties fi-
nally. In this algorithm, we first compute the local lower and upper ap-
proximations, and the time complexity is 𝑂(|𝐵|

∑𝑠
𝑗=1(|𝐷𝑗 ∥ 𝑈 |+ |𝐷𝑗 |

2)),
then we obtain the composite measure 𝜅𝐿,𝐵,𝛼,𝛽 whose time complexity
is 𝑂(𝑠). Thus the complexity in pseudo-code 3 is 𝑂(|𝐵|

∑𝑠
𝑗=1(|𝐷𝑗 ∥ 𝑈 |+

|𝐷𝑗 |
2))+𝑂(𝑠) while the global rough set is 𝑂(|𝐵|

∑𝑠
𝑗=1(|𝑈 |

2+ |𝐷𝑗 ∥ 𝑈 |)+
𝑂(𝑠). Suppose the size of original feature subset is 𝑙, the time complexity
for selecting the 𝑖th feature is 𝑂((|𝐵|−𝑖)𝑖

∑𝑠
𝑗=1(|𝐷𝑗 ∥ 𝑈 |+|𝐷𝑗 |

2)+𝑠), thus
the total time complexity of original feature selection is 𝑂(

∑𝑙
𝑖=1((|𝐵| −

𝑖)𝑖
∑𝑠

𝑗=1(|𝐷𝑗 ∥ 𝑈 | + |𝐷𝑗 |
2) + 𝑠)). When the selected features based on

local algorithm is 𝑙, the corresponding time complexity is 𝑂(
∑𝑙

𝑖=1((|𝐵|−
𝑖)𝑖

∑𝑠
𝑗=1(|𝑈 |

2+ |𝐷𝑗 ∥ 𝑈 |)+𝑠)). Moreover, we compute the 𝜅𝐿,𝐴−{𝑎},𝛼,𝛽 (𝐷)
for 𝑎 ∈ 𝐴 to check whether there exists redundant attribute, the time
complexity of them is 𝑙(𝑙 − 1)

∑𝑠
𝑗=1(|𝐷𝑗 ∥ 𝑈 | + |𝐷𝑗 |

2 + 𝑠). Similarly,
the computational complexity of deleting redundant attributes on the
global algorithm is 𝑙(𝑙 − 1)

∑𝑠
𝑗=1(|𝑈 |

2 + |𝐷𝑗 ∥ 𝑈 | + 𝑠). Also, each of the
other steps of the LVPCM method is constant. Due to |𝐷𝑗 | ≤ |𝑈 |, the
local algorithm can significantly improve the selection efficiency.

Algorithm 1 is based on the composite measure to select attributes
from the point of local, which contains more comprehensive infor-
mation compared with lower and upper approximations measures.
In addition, it saves time relative to global rough sets. Similarly to
Algorithm 1, the local feature selection methods based on lower and
upper approximations, namely LMLA and LMUA, can be proposed, re-
spectively. Moreover, to illustrate the effectiveness of the local strategy,
the global feature selection methods based on lower and upper ap-
proximations and the composite measure are correspondingly designed,
called GMLA, GMUA, and GVPCM.
6

Fig. 2. Illustration of the overall procedure for LVPCM.

Table 2
The selected features by different methods.
𝑅 𝜂

𝑅,𝛼
(𝐷) 𝜂𝑅,𝛽 (𝐷) 𝜅𝑅,𝛼,𝛽 (𝐷)

𝐺𝑙𝑜𝑏𝑎𝑙 {𝑏2 , 𝑏3} {𝑏1 , 𝑏3 , 𝑏4} {𝑏1 , 𝑏2 , 𝑏3}
𝐿𝑜𝑐𝑎𝑙 {𝑏2 , 𝑏3} {𝑏1 , 𝑏2 , 𝑏3} {𝑏3 , 𝑏4}

Table 3
The average accuracy of different algorithms on KNN classifier.
𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠𝑢𝑏𝑠𝑒𝑡 {𝑏2 , 𝑏3} {𝑏3 , 𝑏4} {𝑏1 , 𝑏2 , 𝑏3}

𝑘 = 3 0.50 0.70 0.60
𝑘 = 5 0.50 0.70 0.60

Example 3 (Continue to the Example 2). According to the Algorithm 1,
we could obtain the attribute reduction results about designed feature
selection methods, shown in Table 2.

We evaluate the different feature subset according to their classify
performance. Considering the size of individuals, we adopt leave-one-
out method to classify the individual in Table 1 on KNN classifier. The
average accuracy of different feature subset is shown in the following
Table 3.

According to the results shown in Table 3, we know the {𝑏1, 𝑏2, 𝑏3}
is superior to other subsets {𝑏2, 𝑏3} and {𝑏1, 𝑏3, 𝑏4}, its average accuracy
achieves the highest 0.6 from a global viewpoint. The accuracy of
{𝑏3, 𝑏4} gets the highest value 0.7 higher than that of {𝑏2, 𝑏3} and
{𝑏1, 𝑏2, 𝑏3} when 𝑘 = 3 and 𝑘 = 5. These results show that the feature
selection based on the composite measure could select the relatively
better subset with better classification performance. Meanwhile, the
local algorithm could select an equally excellent subset of attributes
while improving efficiency. Thus, the local algorithm can be further
applied to feature selection.

5. Experiment and evaluation

In this section, variable numerical experiments are carried out on
the public to verify the effectiveness of the proposed variable preci-
sion composite measure and target function for feature selection. To
illustrate the effectiveness of the proposed method, the local methods,
including LMLA, LMUA, and LNRS [46], and global methods, including
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Table 4
Detailed information of 12 datasets.

No. s Datasets Abbreviations Objects Features

1 Seeds Seed 210 7
2 Page-blocks Page 5472 10
3 Hcv Hcv 615 12
4 Speaker Accent Recognition Spea 329 12
5 Vowel Vowe 990 13
6 Wine Wine 178 13
7 Climate Model Simulation Crashes Clim 540 17
8 Segmentation Segm 2310 19
9 Absenteeismatwork Absen 740 20
10 South German Credit Sout 1000 21
11 Wdbc Wdbc 569 30
12 Ionosphere Iono 351 33

GVPCM, GMLA, GMUA, and GNRS [46]. are selected to make compar-
isons in feature selection. All the methods are implemented in Matlab
2016b and carried out on a personal computer with Intel(R) Core(TM)
i5-1135G7 CPU@2.40GH 2.42GH, and 16 GB memory.

5.1. Experimental design

In order to verify the effectiveness of the proposed LVPCM method,
we select twelve datasets to make comparisons from the UCI and KEEL
Repository. Table 4 shows detailed information about datasets. Each
dataset is first normalized by the following equation.

𝑓 (𝑥𝑖, 𝑏𝑗 ) =
𝑓 (𝑥𝑖, 𝑏𝑗 ) −𝑀𝑖𝑛(𝑏𝑗 )
𝑀𝑎𝑥(𝑏𝑗 ) −𝑀𝑖𝑛(𝑏𝑗 )

, (14)

where 𝑓 (𝑥𝑖, 𝑏𝑗 ) is the value of object 𝑥𝑖 under feature 𝑏𝑗 ∈ 𝐵, 𝑀𝑎𝑥(𝑏𝑗 )
and 𝑀𝑖𝑛(𝑏𝑗 ) are the maximum and minimum value of all objects in 𝑏𝑗 .

Note that 𝛿 is an important parameter influencing neighborhood
rough set model construction. Considering the number of attributes 𝑚
is varied in the different datasets, we set the parameter 𝛿 = 0.01 ∗ 𝑚.
Without loss of generality, we only let 𝛼 = 0.7, 𝛽 = 0.3, 𝛼 = 0.8, 𝛽 =
0.2, and 𝛼 = 0.9, 𝛽 = 0.1 for the experiments. Moreover, to further
verify the advantages of the LVPCM method, two classical classifiers
Decision Tree(Gini index) and KNN(K = 3), are selected to estimate the
classification accuracies of the feature selected by these four methods,
respectively.

5.2. Classification performance evaluation of LVPCM

This subsection mainly compares the LVPCM method with other fea-
ture selection methods from three parts, including (1) the number of se-
lected attributes, (2) the time comparison of various methods between
global and local viewpoints, and (3) the classification performances of
various algorithms under Decision Tree and KNN classifiers.

5.2.1. The number of selected features
The number of selected features is an essential index for comparing

various feature selection methods, but it does not mean that the fewer,
the better. Feature selection aims to select as few attributes as possible
based on high classification accuracy. This subsection mainly analyzes
the number of selected features on different methods, shown in Ta-
bles 5–7, where the ‘‘RAW’’ represents the information of the original
dataset. From these tables, we find that the size of the selected attribute
subset is all smaller than the original data, which illustrates the imper-
ative of feature selection. From a global viewpoint, the average size of
selected attribute subsets by the GNRS method is the smallest compared
with those of the other feature selection methods. The average size of
the attribute subset obtained by the LMUA is also the smallest from
the local viewpoint. Moreover, in most situations, we know that the
number of selected features by local algorithms is greater than that of
global algorithms, except for the GMUA method. These results about
7

selected features are further shown in Fig. 3. 6
5.2.2. Time consumption of different feature selection methods
According to the analysis in Section 3, the local method could

significantly reduce the time complexity in the approximation process.
In this subsection, we mainly verify the effectiveness of local methods
compared with corresponding global methods by analyzing the running
time of different feature selection methods.

Tables 8–10 record the running time of different methods on 12
datasets, where the unit of time is seconds(s). From these tables, we ob-
tain that the local method takes much less time than the corresponding
global method when the size of the local attribute subset is smaller than
or equal to that of the global algorithm. When the number of selected
features by the local method is greater than that of global ones, the
local method could show superiority, such as the LNRS on Clim when
𝛼 = 0.7, 𝛽 = 0.3 and 𝛼 = 0.8, 𝛽 = 0.2.

The sharper contrast between the global and local methods is shown
in Fig. 4, where eight bars represent the GLMA, LMLA, GMUA, LMUA,
GNRS, LNRS, GVPCM, and LVPCM, respectively. As can be seen from
this figure, the bars of the local method are significantly lower than that
of global ones in most cases at three precision. When 𝛼 = 0.7, 𝛽 = 0.3,
the local LMLA takes more time compared with that of the global
method on Sout, and the LNRS method takes more time than that of
the global method on Iono. When 𝛼 = 0.8, 𝛽 = 0.2, the LNRS takes
longer than the global method on Page and Hcv datasets. Moreover,
when 𝛼 = 0.9, 𝛽 = 0.1, the LNRS spends more time than global ones
on Hcv. The above issue is because the local subset is larger than the
global subset. The above analysis illustrates that the local method can
significantly improve the efficiency of feature selection compared with
the global method.

5.2.3. Classification performance of different methods
Different feature subsets could achieve different classification accu-

racy, and the higher the accuracy, the stronger the ability of the subset
to classify. In this section, we adopt 10-fold cross-validation to evaluate
the selected feature subset by four methods through their classification
performances on Decision Tree and KNN classifiers. The classification
accuracy and error of twelve datasets under different precisions are
recorded in Tables 11–16, where the excellent results are in bold.

Tables 11–13 record the classification performance on the Decision
Tree classifier. From the global viewpoint, the average accuracy of
GMLA methods is higher than the original data with 𝛼 = 0.7, 𝛽 = 0.3
nd 𝛼 = 0.8, 𝛽 = 0.2, the performance of the GNRS method is not
xcellent compared with the original data for all situations, while the
MUA and GVPCM are superior to the original data. In addition, the
lobal GVPCM method obtains the highest accuracy 8(𝛼 = 0.7, 𝛽 = 0.3),
(𝛼 = 0.8, 𝛽 = 0.2), 9(𝛼 = 0.9, 𝛽 = 0.1) times, and minimum error 8(𝛼 =

0.7, 𝛽 = 0.3), 7(𝛼 = 0.8, 𝛽 = 0.2), 6(𝛼 = 0.9, 𝛽 = 0.1) times in 12 datasets
on Decision Tree classifier. Moreover, the average accuracy and error of
12 datasets in the GVPCM method are the highest and smallest among
the four global methods, respectively. Therefore, we could obtain the
GVPCM as an excellent and robust feature selection method compared
with the other three methods. From the local viewpoint, the local
LVPCM method achieves the highest accuracy 10(𝛼 = 0.7, 𝛽 = 0.3),
(𝛼 = 0.8, 𝛽 = 0.2), 9(𝛼 = 0.9, 𝛽 = 0.1) times and most minor error
(𝛼 = 0.7, 𝛽 = 0.3), 7(𝛼 = 0.8, 𝛽 = 0.2), 4(𝛼 = 0.9, 𝛽 = 0.1) times in 12
atasets. Meanwhile, it obtains the highest average accuracy of these
ompared methods, illustrating feature selection’s effectiveness based
n the proposed composite measure. It is noted that the classification
erformance of LVPCM is also higher than or equal to that of the global
ethod. Thus, the LVPCM method performs well on the Decision Tree

lassifier.
Tables 14–16 record the classification performance on the KNN

lassifier. All the classified performances of GVPCM and LVPCM are
etter than the original data with various precisions. From global
iewpoint, GVPCM method achieves 8(𝛼 = 0.7, 𝛽 = 0.3), 10(𝛼 =
.8, 𝛽 = 0.2), 9(𝛼 = 0.9, 𝛽 = 0.1) times get the highest accuracy and

(𝛼 = 0.7, 𝛽 = 0.3), 5(𝛼 = 0.8, 𝛽 = 0.2), 7(𝛼 = 0.9, 𝛽 = 0.1) times get the
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Fig. 3. Number of selected features induced by different methods on 12 datasets.
Table 5
Number of selected features by different methods when 𝛼 = 0.7, 𝛽 = 0.3.

Dataset RAW Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 7 4 4 4 4 4 2 4 4
Page 10 10 10 1 10 10 7 10 10
Hcv 12 11 11 1 11 11 6 5 11
Spea 12 7 9 7 4 7 2 7 4
Vowe 13 10 10 10 10 10 4 10 10
Wine 13 6 6 5 4 6 1 6 5
Clim 17 6 6 1 6 6 1 6 6
Segm 19 16 16 15 16 16 16 16 16
Absen 20 7 7 4 5 7 1 7 5
Sout 21 11 11 11 12 12 3 12 12
Wdbc 30 25 25 11 24 23 18 17 25
Iono 33 24 24 1 18 24 3 24 30

Average 17.25 11.42 11.58 5.92 10.33 11.33 5.33 10.33 11.50
Table 6
Number of selected features by different methods when 𝛼 = 0.8, 𝛽 = 0.2.

Dataset RAW Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 7 5 5 5 5 5 2 5 5
Page 10 8 9 1 9 7 7 4 8
Hcv 12 11 11 1 11 11 5 5 11
Spea 12 9 10 9 6 9 2 9 6
Vowe 13 10 10 9 9 10 4 9 9
Wine 13 6 6 6 6 6 1 6 6
Clim 17 6 6 1 6 6 3 6 6
Segm 19 16 16 16 16 16 16 16 16
Absen 20 7 6 4 5 7 1 7 5
Sout 21 12 12 12 12 12 1 12 12
Wdbc 30 28 28 22 23 28 12 20 25
Iono 33 26 26 15 24 26 13 25 11

Average 17.25 12.00 12.08 8.42 11.00 11.92 5.58 10.33 10.00
Table 7
Number of selected features by different methods when 𝛼 = 0.9, 𝛽 = 0.1.

Dataset RAW Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 7 4 4 4 4 4 1 4 4
Page 10 10 8 1 9 10 5 1 9
Hcv 12 10 10 2 10 10 5 9 10
Spea 12 9 9 9 9 9 1 9 9
Vowe 13 10 10 10 10 10 1 10 10
Wine 13 5 5 5 5 5 1 5 5
Clim 17 6 6 6 6 6 4 6 6
Segm 19 16 16 16 16 16 7 16 16
Absen 20 2 6 5 3 3 1 3 5
Sout 21 9 9 9 10 9 1 9 10
Wdbc 30 27 27 27 27 27 5 27 27
Iono 33 27 27 14 13 27 1 12 27

Average 17.25 11.25 11.42 9.00 10.17 11.33 2.75 9.25 11.50
8
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Table 8
Running time of different methods when 𝛼 = 0.7, 𝛽 = 0.3.

Dataset Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 0.67 0.58 0.58 0.59 0.23 0.23 0.23 0.27
Page 189.75 162.72 35.55 219.30 82.52 95.69 78.30 89.17
Hcv 7.65 7.61 1.32 8.04 2.84 2.97 1.93 3.08
Spea 4.80 4.56 4.61 4.57 1.08 1.07 1.13 1.19
Vowe 33.88 38.93 35.03 34.90 4.82 5.47 4.97 4.57
Wine 1.31 1.23 1.03 1.40 0.46 0.47 0.48 0.55
Clim 3.95 3.94 2.39 3.95 2.32 2.40 1.00 2.47
Segm 129.24 144.33 119.75 135.77 32.56 35.09 32.31 35.53
Abse 142.71 135.28 57.66 71.58 5.39 7.25 5.32 3.30
Sout 18.28 28.74 47.56 20.59 28.00 24.65 27.89 12.47
Wdbc 23.93 23.63 14.78 23.89 14.39 15.27 12.12 15.10
Iono 15.31 15.17 1.05 13.73 8.56 8.38 8.47 9.66

Average 47.62 46.89 26.66 44.86 15.26 16.92 14.63 14.78
Table 9
Running time of different methods when 𝛼 = 0.8, 𝛽 = 0.2.

Dataset Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 0.61 0.62 0.60 0.62 0.25 0.26 0.24 0.27
Page 607.86 435.73 89.96 412.88 217.34 213.73 143.92 221.06
Hcv 7.47 7.71 1.28 7.52 2.92 2.93 2.01 2.89
Spea 4.44 4.74 4.41 4.81 1.02 0.99 1.00 1.08
Vowe 37.37 38.76 33.07 32.91 5.31 5.30 4.67 4.58
Wine 1.16 1.14 1.07 1.23 0.45 0.45 0.45 0.50
Clim 3.57 3.75 0.95 3.86 2.37 2.24 2.40 2.44
Segm 111.19 145.82 117.44 152.62 34.70 40.66 34.61 39.88
Abse 146.79 312.69 98.75 71.01 12.08 7.25 5.52 3.29
Sout 36.26 36.96 35.82 15.13 21.71 27.89 21.92 9.81
Wdbc 23.53 23.79 22.73 23.96 14.77 15.30 13.56 15.01
Iono 14.95 15.05 11.84 16.15 8.92 8.39 8.48 9.75

Average 82.93 85.56 34.83 61.89 26.82 27.12 19.90 25.88
Table 10
Running time of different methods when 𝛼 = 0.9, 𝛽 = 0.1.

Dataset Global Local

GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 0.52 0.54 0.52 0.56 0.21 0.18 0.21 0.24
Page 452.99 430.66 90.04 440.92 210.70 215.34 42.48 218.96
Hcv 7.78 7.77 2.46 7.59 3.06 2.82 2.93 2.78
Spea 4.65 4.49 4.35 4.51 0.96 1.00 1.02 1.07
Vowe 34.44 38.90 33.75 34.73 4.84 4.66 4.75 4.88
Wine 0.97 1.04 1.02 1.07 0.38 0.39 0.38 0.44
Clim 3.78 3.78 3.84 4.89 2.35 1.74 2.35 2.44
Segm 122.57 109.22 115.55 129.35 35.95 38.19 35.83 36.60
Abse 157.65 199.51 68.39 91.85 8.61 7.02 7.51 3.67
Sout 43.16 44.08 42.80 16.58 26.13 3.58 26.20 10.33
Wdbc 23.21 23.57 23.33 23.69 14.16 15.02 14.30 14.83
Iono 14.79 14.97 10.48 10.75 8.41 0.60 6.61 9.95

Average 72.21 73.21 33.04 63.87 26.31 24.21 12.05 25.52
p
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smallest error in 12 datasets. Also, for the LVPCM method, there are
10(𝛼 = 0.7, 𝛽 = 0.3), 10(𝛼 = 0.8, 𝛽 = 0.2), 9(𝛼 = 0.9, 𝛽 = 0.1) times to
each the highest accuracy and 6(𝛼 = 0.7, 𝛽 = 0.3), 7(𝛼 = 0.8, 𝛽 = 0.2),
(𝛼 = 0.9, 𝛽 = 0.1) times to obtain the smallest error in 12 datasets from
he local viewpoint. In addition, the average accuracy of the LVPCM
ethod is higher than the other three methods, and the average error is

maller than the others from global and local viewpoints, respectively.
hus, the feature selection method based on composite measures could
chieve excellent classification results compared with lower and upper
easures. Moreover, the overall performance of LVPCM is superior

o GVPCM when 𝛼 = 0.8, 𝛽 = 0.2 and 𝛼 = 0.9, 𝛽 = 0.1. Therefore,
he LVPCM is efficient and robust among the four feature selection
ethods. Figs. 5 and 6 further show the advantages of the proposed
ethod in classification performance.

In order to test whether there exists a significant difference between
he compared methods in classification performance, the Wilcoxon
9

o

airwise test is adopted to make comparisons on 12 datasets. The
est results are recorded in Tables 17. These tables show that when
= 0.9, 𝛽 = 0.1, there is no significant difference between the GVPCM
ethod and GMUA and GNRS methods on the Decision Tree classifier.
he classification performance of LVPCM on two classifiers differs from
he other three methods. Also, considering that the average accuracy
f the GVPCM and LVPCM is higher than that of the other three
ethods, we could obtain that the feature selection method based on

he composite measure is better and more robust than others. The
bove analysis shows that LVPCM performs excellently in classification
ompared to other methods.

.3. Robustness analysis

This subsection mainly illustrates the robustness of different meth-
ds in noise environments. To obtain noise data, on each dataset, we
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Fig. 4. Time consumption of different methods on 12 datasets.
Table 11
Classification accuracy of different methods on Decision Tree classifier when 𝛼 = 0.7, 𝛽 = 0.3.
𝛼 = 0.7, 𝛽 = 0.3 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 85.24(9.84) 76.67(9.90) 79.52(9.27) 79.52(5.04) 83.33(7.86) 76.67(9.38) 78.57(5.14) 81.90(7.71) 83.33(7.86)
Page 92.36(1.52) 92.75(1.37) 92.95(1.11) 58.90(2.06) 92.91(0.90) 92.69(1.15) 93.20(1.32) 92.96(1.16) 92.56(0.90)
Hcv 86.50(2.25) 87.31(3.93) 88.12(2.61) 0.00(0.00) 88.46(5.16) 87.80(3.27) 87.96(3.60) 86.67(4.85) 88.46(4.73)
Spea 20.35(11.52) 36.16(8.02) 37.05(8.42) 34.38(8.84) 42.23(6.88) 34.98(8.50) 17.62(6.34) 35.29(9.99) 48.32(6.25)
Vowe 32.02(4.74) 34.34(4.12) 32.22(7.29) 32.53(7.25) 35.15(3.95) 31.92(6.37) 22.83(3.96) 32.63(5.15) 35.56(3.95)
Wine 91.57(6.02) 95.52(5.75) 92.09(8.48) 91.47(8.25) 89.84(9.18) 91.57(11.50) 36.54(9.59) 95.52(4.11) 94.97(4.39)
Clim 84.81(5.00) 84.26(4.80) 84.26(4.80) 77.59(6.38) 86.67(3.75) 85.56(5.58) 74.81(6.37) 83.70(3.79) 87.59(3.85)
Segm 40.52(4.92) 40.77(3.71) 41.81(3.01) 40.56(3.01) 41.47(2.39) 41.04(2.52) 40.82(3.33) 40.77(3.24) 41.77(3.10)
Abse 22.03(5.87) 22.70(5.51) 22.16(5.26) 23.11(8.81) 24.46(3.95) 23.65(7.19) 6.49(2.91) 23.92(5.74) 24.46(3.95)
Sout 51.20(5.43) 45.50(6.11) 47.10(6.94) 47.80(6.30) 49.60(3.89) 48.00(3.80) 6.10(2.42) 48.60(5.19) 53.20(2.57)
Wdbc 88.22(6.19) 87.17(4.53) 88.06(4.58) 89.46(5.60) 89.10(2.73) 87.86(5.25) 88.05(4.96) 88.92(4.49) 90.33(2.38)
Iono 85.74(6.48) 83.49(7.02) 83.77(4.22) 10.81(5.46) 82.62(5.79) 83.48(6.38) 71.51(10.65) 79.17(5.22) 88.03(5.19)

Average 65.05(5.82) 65.55(5.30) 65.76(5.50) 48.84(5.59) 67.15(4.08) 65.43(5.91) 52.04(5.05) 65.84(5.08) 69.05(4.07)
Table 12
Classification accuracy of different methods on Decision Tree classifier when 𝛼 = 0.8, 𝛽 = 0.2.
𝛼 = 0.8, 𝛽 = 0.2 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 85.24(9.84) 88.57(8.16) 84.76(9.73) 87.62(9.31) 89.05(7.12) 87.62(8.16) 74.76(10.05) 84.76(10.48) 89.05(6.75)
Page 92.93(1.10) 92.76(1.30) 92.98(1.48) 59.25(2.06) 92.49(0.83) 92.60(1.23) 93.51(1.12) 92.12(0.68) 92.60(1.34)
Hcv 86.50(4.05) 88.13(3.48) 88.13(3.48) 0.00(0.00) 87.81(3.84) 89.92(3.95) 87.82(2.33) 86.18(4.81) 88.44(5.59)
Spea 20.35(3.94) 50.50(7.18) 47.13(8.83) 45.86(9.91) 51.02(5.91) 50.14(9.54) 17.03(7.49) 47.48(11.23) 51.93(7.49)
Vowe 32.02(6.06) 31.31(6.00) 31.62(3.30) 30.51(4.41) 34.75(3.90) 29.60(6.04) 18.38(4.41) 32.83(7.50) 35.86(2.34)
Wine 88.10(9.15) 85.26(8.80) 83.10(7.97) 85.29(7.81) 86.99(8.12) 85.88(7.74) 33.56(15.33) 86.57(5.71) 86.50(6.56)
Clim 84.81(5.00) 72.59(4.35) 72.96(6.77) 74.63(4.79) 77.04(5.47) 73.15(7.68) 76.85(4.21) 73.15(7.42) 80.00(2.87)
Segm 40.52(4.92) 40.30(4.85) 40.17(4.21) 40.82(5.12) 41.77(3.10) 40.78(3.93) 40.48(4.21) 40.74(3.16) 41.77(3.10)
Absen 21.89(5.05) 19.19(5.58) 21.35(4.60) 20.81(5.28) 25.68(4.46) 20.27(4.85) 5.81(3.37) 22.43(3.32) 24.46(3.95)
Sout 51.20(5.43) 50.60(5.08) 48.40(5.99) 48.10(4.48) 52.70(3.23) 48.10(4.63) 0.00(0.00) 48.80(5.92) 52.70(3.23)
Wdbc 88.22(6.19) 87.52(4.17) 88.57(6.40) 87.70(5.02) 91.05(5.69) 88.93(4.31) 89.10(5.96) 88.05(4.68) 91.92(3.32)
Iono 85.47(6.38) 84.02(6.17) 87.48(5.98) 84.89(7.78) 87.18(3.61) 82.33(6.64) 82.34(5.16) 81.45(5.47) 83.44(7.85)

Average 64.77(5.59) 65.90(5.43) 65.55(5.73) 55.46(5.50) 68.13(4.61) 65.78(5.73) 51.64(5.30) 65.38(5.87) 68.22(4.53)
10
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Fig. 5. Classification accuracy of different methods on Decision Tree classifier.
Table 13
Classification accuracy of different methods on Decision Tree classifier when 𝛼 = 0.9, 𝛽 = 0.1.
𝛼 = 0.9, 𝛽 = 0.1 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 85.24(9.84) 86.19(7.60) 81.43(7.60) 89.52(7.71) 87.14(4.52) 85.24(9.10) 68.57(8.46) 86.19(6.13) 87.14(4.52)
Page 93.00(1.10) 92.64(1.28) 92.86(1.02) 0.42(0.37) 92.96(0.72) 92.95(1.03) 92.95(0.54) 0.35(0.37) 92.85(0.82)
Hcv 86.50(5.02) 86.68(4.18) 86.34(5.89) 80.50(4.74) 88.28(3.35) 87.49(4.81) 86.36(2.74) 87.65(2.99) 88.95(6.23)
Spea 20.35(5.70) 45.89(11.78) 45.89(8.46) 44.07(9.27) 48.02(10.74) 42.23(7.95) 10.34(6.27) 43.13(7.80) 43.14(9.66)
Vowe 32.02(3.67) 33.74(8.78) 35.05(3.60) 30.51(6.00) 36.16(2.93) 32.94(7.84) 2.73(1.58) 31.31(5.15) 35.76(4.62)
Wine 90.92(8.77) 90.46(7.43) 91.63(9.16) 89.93(5.04) 88.20(4.94) 89.28(6.24) 33.27(10.81) 88.20(6.11) 88.27(10.58)
Clim 84.81(5.00) 86.11(5.03) 86.11(5.03) 86.11(5.03) 86.11(5.03) 83.89(5.87) 75.00(4.72) 82.41(5.87) 85.19(5.98)
Segm 40.52(4.92) 40.48(3.14) 40.69(2.87) 40.48(3.36) 41.90(3.28) 40.48(3.14) 41.95(2.17) 40.35(1.83) 41.77(3.10)
Absen 21.89(5.05) 1.62(1.66) 22.30(7.73) 23.51(7.91) 14.73(4.74) 4.46(2.63) 0.00(0.00) 5.54(2.25) 22.43(5.85)
Sout 51.20(5.43) 40.2(3.68) 38.1(6.01) 39.70(4.60) 48.40(4.45) 37.30(4.95) 0.00(0.00) 40.80(5.09) 48.70(4.11)
Wdbc 88.22(6.19) 87.70(3.15) 88.58(4.15) 88.57(5.24) 91.03(3.28) 90.51(4.62) 84.35(4.67) 92.23(3.43) 92.23(3.43)
Iono 85.74(5.58) 84.03(6.02) 84.35(5.89) 83.78(5.63) 86.89(4.52) 83.75(8.54) 10.85(5.53) 83.74(4.91) 88.33(5.24)

Average 65.44(5.98) 64.64(5.31) 66.11(5.62) 58.09(5.41) 67.49(4.38) 64.21(5.56) 42.20(3.96) 56.82(4.33) 67.90(5.35)
Table 14
Classification accuracy of different methods on KNN classifier when 𝛼 = 0.7, 𝛽 = 0.3.
𝛼 = 0.7, 𝛽 = 0.3 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 90.48(5.96) 92.38(3.33) 91.90(4.52) 92.38(7.84) 93.33(4.60) 91.43(5.41) 91.43(8.64) 92.38(3.33) 93.33(4.60)
Page 94.80(0.73) 95.65(1.07) 95.63(0.72) 95.69(1.45) 95.60(0.67) 95.98(1.10) 95.74(1.03) 95.98(0.79) 95.91(0.67)
Hcv 89.93(2.58) 90.08(4.04) 90.07(3.75) 87.80(5.55) 90.56(4.35) 90.24(2.99) 90.41(2.37) 90.90(3.26) 91.94(4.54)
Spea 43.15(9.27) 70.21(9.78) 72.64(7.15) 69.64(7.86) 73.27(8.20) 68.41(9.75) 42.58(9.70) 69.00(9.56) 79.34(6.49)
Vowe 93.74(3.44) 93.74(2.51) 93.94(2.69) 93.33(3.51) 95.05(2.35) 92.93(2.52) 77.27(5.29) 93.64(2.78) 95.05(2.35)
Wine 95.46(3.67) 96.60(4.03) 96.67(4.68) 95.98(4.81) 94.38(5.93) 96.63(5.38) 66.86(9.28) 96.63(2.90) 97.22(3.93)
Clim 92.59(2.62) 91.85(4.47) 91.85(4.47) 88.70(3.75) 92.59(3.15) 91.67(4.12) 89.07(3.85) 91.67(5.18) 93.15(3.15)
Segm 94.97(1.45) 94.94(1.33) 94.94(0.97) 96.54(1.10) 96.32(1.08) 95.06(1.45) 95.28(1.23) 94.94(2.03) 95.32(0.86)
Absen 89.59(6.37) 90.54(2.50) 82.30(4.10) 90.54(1.57) 98.78(1.34) 87.30(5.41) 71.76(4.20) 87.70(4.15) 98.65(1.42)
Sout 73.00(5.25) 71.90(5.00) 71.40(5.66) 72.80(4.92) 72.50(5.13) 68.90(4.20) 69.40(5.32) 68.90(2.75) 72.40(3.92)
Wdbc 96.31(2.26) 96.84(1.69) 96.48(2.21) 95.95(1.81) 97.01(1.38) 95.78(2.65) 95.25(2.63) 96.31(2.40) 97.19(2.19)
Iono 85.18(5.85) 83.17(6.00) 82.91(7.67) 43.21(17.83) 84.05(2.39) 82.61(5.85) 86.33(7.64) 82.93(7.79) 85.47(3.43)

Average 86.60(4.12) 88.99(3.81) 88.39(4.05) 85.21(5.16) 90.29(3.38) 88.08(4.24) 80.95(5.10) 88.42(3.91) 91.25(3.13)
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Fig. 6. Classification accuracy of different methods on KNN classifier.
Table 15
Classification accuracy of different methods on KNN classifier when 𝛼 = 0.8, 𝛽 = 0.2.
𝛼 = 0.8, 𝛽 = 0.2 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 90.48(5.96) 93.81(4.52) 93.81(5.04) 93.81(6.37) 93.81(5.04) 92.86(5.61) 88.57(7.51) 92.86(5.14) 94.29(3.01)
Page 94.80(0.41) 95.63(0.80) 95.67(1.08) 95.72(1.45) 95.76(0.55) 95.89(1.14) 95.96(1.27) 95.67(1.00) 95.96(0.60)
Hcv 89.93(2.95) 89.93(2.35) 89.10(4.58) 87.81(2.43) 90.41(3.38) 89.58(5.25) 90.09(3.48) 90.16(3.58) 90.309(3.83)
Spea 43.15(7.06) 76.33(9.18) 73.28(9.51) 75.67(6.44) 75.37(8.59) 75.39(7.32) 40.43(8.45) 76.28(5.38) 76.59(6.41)
Vowe 93.74(1.95) 93.64(3.20) 93.23(2.70) 93.84(3.91) 96.57(1.66) 94.14(1.77) 78.59(4.31) 93.13(4.17) 96.57(1.66)
Wine 95.49(5.20) 92.61(6.65) 92.68(5.32) 93.82(4.09) 94.41(6.42) 93.82(6.65) 66.70(15.51) 94.41(5.86) 94.35(4.63)
Clim 92.59(2.62) 90.00(4.88) 89.44(5.09) 89.63(4.47) 91.48(2.92) 89.81(3.52) 89.63(3.40) 90.74(4.78) 90.37(4.60)
Segm 94.97(1.45) 94.89(1.83) 95.45(2.02) 96.28(1.06) 96.36(1.62) 95.15(1.93) 95.15(1.81) 94.94(1.86) 96.36(1.62)
Absen 90.27(4.02) 91.35(2.93) 94.46(2.72) 99.05(0.96) 99.32(0.91) 93.92(2.23) 73.11(5.27) 93.78(1.82) 98.65(1.42)
Sout 73.00(5.25) 72.80(6.71) 72.40(3.37) 72.30(5.21) 72.40(2.59) 71.80(5.61) 70.00(4.59) 71.40(6.55) 72.40(2.59)
Wdbc 96.31(2.26) 96.49(2.04) 96.48(2.75) 96.14(2.15) 97.37(1.71) 95.79(1.50) 94.90(2.54) 95.25(2.97) 96.67(2.92)
Iono 84.90(5.89) 83.44(7.14) 83.19(5.41) 84.87(5.29) 86.04(5.78) 83.48(5.06) 83.48(6.29) 82.87(5.63) 86.02(5.49)

Average 86.64(3.75) 89.24(4.35) 89.10(4.13) 89.91(3.65) 90.78(3.43) 89.30(3.97) 80.55(5.37) 89.29(4.06) 90.72(3.23)
Table 16
Classification accuracy of different methods on KNN classifier when 𝛼 = 0.9, 𝛽 = 0.1.
𝛼 = 0.9, 𝛽 = 0.1 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

Seed 90.48(5.96) 92.86(4.05) 91.9(6.37) 92.38(6.02) 94.29(5.04) 91.90(5.96) 84.29(7.46) 91.90(3.92) 94.29(5.04)
Page 94.80(0.81) 95.61(1.20) 95.58(0.96) 92.53(1.09) 95.91(0.76) 95.83(0.84) 95.81(0.97) 92.51(1.09) 95.80(0.65)
Hcv 89.93(3.95) 89.10(4.49) 89.93(4.80) 87.17(5.35) 90.24(3.75) 89.42(5.08) 89.75(2.07) 90.07(2.48) 90.25(4.97)
Spea 43.15(5.09) 76.00(6.72) 74.79(6.33) 74.45(8.54) 76.90(6.43) 72.61(4.70) 37.42(7.96) 72.03(7.43) 72.68(7.67)
Vowe 93.74(2.48) 93.23(2.29) 94.44(2.62) 94.04(2.15) 95.15(1.83) 93.74(2.73) 24.85(3.73) 94.75(2.17) 94.95(1.90)
Wine 96.08(3.77) 96.08(3.77) 94.38(3.71) 96.11(2.68) 96.08(3.77) 96.08(5.90) 62.94(6.35) 95.56(9.00) 95.56(4.38)
Clim 92.59(2.62) 91.48(2.92) 91.48(2.92) 91.48(2.92) 91.48(2.92) 90.56(3.08) 88.52(3.47) 90.56(3.08) 91.48(2.92)
Segm 94.97(1.45) 94.94(1.29) 95.11(1.71) 95.06(1.54) 96.32(0.94) 94.94(1.29) 96.06(1.75) 96.02(1.08) 96.36(1.19)
Absen 90.81(2.28) 22.57(4.42) 97.97(1.72) 98.78(1.49) 83.38(3.66) 39.86(4.94) 4.05(3.06) 39.32(6.54) 99.05(1.11)
Sout 71.90(5.25) 68.50(4.67) 68.80(3.79) 69.50(2.72) 71.90(3.51) 70.00(5.44) 70.00(5.35) 69.40(6.33) 72.00(4.32)
Wdbc 96.31(2.26) 96.31(2.67) 96.49(2.16) 96.31(2.34) 97.36(1.91) 96.14(3.18) 92.63(3.77) 97.19(1.69) 97.19(1.69)
Iono 85.78(8.34) 83.21(5.78) 83.79(6.02) 87.46(4.16) 87.74(4.08) 82.65(4.56) 38.75(14.28) 84.31(4.96) 84.06(5.33)

Average 86.71(3.69) 83.32(3.69) 89.56(3.59) 89.61(3.42) 89.73(3.22) 84.48(3.97) 65.42(5.02) 84.47(4.15) 90.31(3.43)
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Table 17
The 𝑃 -value of Wilcoxon pairwise signed rank test between compared methods on 12 datasets.

Parameters Global Local

Decision Tree KNN Decision Tree KNN

GMLA GMUA GNRS GMLA GMUA GNRS LMLA LMUA LNRS LMLA LMUA LNRS

𝛼 = 0.7, 𝛽 = 0.3 0.052 0.055 0.005 0.027 0.034 0.034 0.001 0.002 0.003 0.001 0.002 0.001
𝛼 = 0.8, 𝛽 = 0.2 0.002 0.007 0.001 0.019 0.002 0.010 0.010 0.002 0.001 0.001 0.001 0.007
𝛼 = 0.9, 𝛽 = 0.1 0.014 0.206 0.123 0.002 0.054 0.067 0.003 0.002 0.001 0.003 0.001 0.010
Table 18
Average classification accuracy of compared methods on Decision Tree classifier under different noise levels.
𝛼 = 0.7, 𝛽 = 0.3 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 54.21(10.67) 53.57(10.62) 54.05(10.01) 53.41(9.70) 54.37(9.50) 54.92(10.66) 57.94(8.96) 54.37(11.36) 55.00(10.11)
page 90.45(1.12) 90.48(1.55) 90.82(1.14) 75.00(1.88) 90.97(1.26) 90.99(1.14) 49.21(1.43) 91.25(1.04) 91.83(1.12)
hcv 84.55(3.96) 82.48(4.63) 78.75(5.88) 22.11(5.01) 81.98(5.28) 82.09(5.77) 75.73(5.29) 81.69(4.72) 81.75(5.01)
Spea 12.32(6.80) 8.77(5.03) 8.76(4.99) 9.27(5.45) 9.38(5.89) 9.33(4.58) 34.74(8.16) 10.58(6.96) 11.11(7.66)
vowe 24.81(5.41) 24.21(5.10) 21.73(4.81) 24.24(4.63) 23.60(4.62) 24.70(4.77) 7.98(2.98) 24.75(4.35) 25.42(4.11)
wine 62.12(13.90) 60.60(12.61) 63.20(11.12) 53.38(11.15) 64.26(11.59) 58.78(11.14) 37.32(10.02) 58.92(11.66) 62.09(11.58)
Clim 79.26(5.12) 79.51(5.64) 80.59(4.66) 77.22(5.72) 81.42(4.87) 80.46(4.90) 79.20(4.93) 79.66(4.84) 82.19(5.69)
Segm 42.37(3.30) 42.11(3.59) 32.34(2.94) 41.89(3.84) 42.49(3.51) 43.83(3.41) 1.79(0.83) 42.34(3.83) 41.84(3.43)
Abse 21.73(7.03) 20.97(4.96) 21.01(5.54) 21.24(5.55) 21.78(5.57) 23.09(5.72) 0.56(0.85) 24.12(6.10) 22.84(6.48)
Sout 39.23(5.05) 37.12(4.19) 36.93(5.04) 36.40(4.31) 36.75(5.08) 36.77(4.72) 2.28(1.43) 37.12(5.32) 38.08(5.78)
wdbc 84.11(4.83) 85.47(4.79) 84.50(4.64) 85.03(5.28) 85.42(4.52) 85.62(5.08) 59.52(5.72) 85.29(4.46) 85.80(3.96)
Iono 74.48(6.94) 75.12(8.77) 75.69(8.90) 74.77(8.01) 76.45(7.26) 78.31(7.55) 51.37(9.60) 79.20(6.27) 76.31(8.31)

Average 55.80(6.18) 55.03(5.96) 54.03(5.81) 47.83(5.88) 55.74(5.75) 55.74(5.79) 38.14(5.02) 55.77(5.91) 56.19(6.10)
Table 19
Average classification accuracy of compared methods on Decision Tree classifier under different noise levels.
𝛼 = 0.8, 𝛽 = 0.2 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 53.97(9.91) 53.97(10.16) 53.57(11.68) 53.57(11.68) 54.37(11.3) 55.00(11.17) 53.73(9.48) 54.29(11.66) 55.48(9.83)
page 91.62(1.15) 90.63(1.21) 90.76(1.01) 67.76(1.91) 88.74(4.02) 91.03(1.38) 72.29(1.64) 91.23(1.14) 90.49(1.28)
hcv 80.09(4.85) 81.75(5.10) 81.60(5.31) 54.99(6.34) 82.28(4.89) 81.43(4.66) 75.24(5.11) 82.03(4.37) 82.40(4.81)
Spea 11.29(7.62) 9.17(5.29) 8.36(5.29) 6.08(4.03) 11.67(5.99) 9.89(5.87) 10.13(5.26) 11.04(5.23) 12.77(6.32)
vowe 12.71(3.21) 13.87(3.64) 10.32(3.39) 14.11(3.56) 13.40(4.01) 14.53(4.12) 3.45(1.99) 13.99(3.68) 13.18(3.49)
wine 61.49(11.98) 60.67(12.40) 60.03(12.96) 59.93(13.26) 61.72(13.71) 60.19(11.87) 36.23(12.33) 60.89(11.03) 62.42(12.08)
Clim 75.44(6.4) 75.43(6.19) 75.00(5.46) 72.41(5.77) 78.52(6.03) 74.41(5.02) 75.65(6.65) 74.72(5.65) 79.91(5.56)
Segm 42.80(3.42) 42.14(3.50) 36.85(4.13) 42.37(3.15) 42.88(2.82) 41.79(3.19) 1.81(0.82) 42.43(3.81) 42.90(2.64)
Abse 22.55(6.05) 21.58(5.86) 23.54(6.24) 23.87(5.94) 21.58(6.54) 24.08(6.22) 1.08(1.12) 24.05(7.05) 22.57(6.28)
Sout 41.53(4.60) 36.32(4.40) 36.27(4.76) 37.75(4.26) 37.77(4.82) 36.57(5.18) 12.4(3.57) 36.77(4.75) 37.82(4.57)
wdbc 84.13(4.05) 84.98(5.30) 85.23(5.29) 85.00(4.77) 85.38(4.97) 85.27(3.83) 69.19(6.65) 84.42(4.78) 85.85(4.72)
Iono 71.67(7.30) 62.58(9.89) 64.91(6.98) 64.26(8.93) 62.96(9.12) 63.58(8.15) 40.98(7.47) 64.38(8.47) 63.29(7.51)

Average 54.11(5.88) 52.76(6.08) 52.20(6.04) 48.51(6.13) 53.44(6.52) 53.15(5.89) 37.68(5.17) 53.35(5.97) 54.09(5.76)
e
a
i
p
n
r
d

add random noise to different proportions of samples from 10% to 60%
with a step of 10%. For each feature 𝑏𝑗 ∈ 𝐵, the noise data are obtained
s follows:

𝑣(𝑥𝑖, 𝑏𝑗 ) =

{

𝑓 (𝑥𝑖, 𝑏𝑗 ) + 𝑟𝑖𝑗 , 0 ≤ 𝑓 (𝑥𝑖, 𝑏𝑗 ) + 𝑟𝑖𝑗 ≤ 1

𝑓 (𝑥𝑖, 𝑏𝑗 ) , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
(15)

where 𝑓 (𝑥𝑖, 𝑏𝑗 ) is normalized data, and 0 ≤ 𝑟𝑖𝑗 ≤ 1 is the added random
noise.

To observe the classification performance of compared methods in
noise environments, we run these methods on different noise levels
and record the corresponding classification accuracy on the Decision
Tree and KNN classifiers. Tables 18–20 record the average classifica-
tion accuracy of different methods on six noise levels. It can be seen
from these tables that the proposed GVPCM and LVPCM methods are
better than other methods from the whole average viewpoint on three
parameters. On the Decision Tree classifier, the GVPCM and LVPCM
achieve the maximum value 8 times in 12 datasets when 𝛼 = 0.7, 𝛽 = 0.3
and 𝛼 = 0.8, 𝛽 = 0.2, and also performs excellent in 7 and 10 datasets
when 𝛼 = 0.9, 𝛽 = 0.1. Meanwhile, the average accuracy of LVPCM
is higher than GVPCM, demonstrating the excellent of local strategy
13

a

compared with global strategy. Moreover, the detailed classification
results of compared methods with different noise levels in four datasets
are shown in Fig. 7. From this figure, we find that the classification
accuracy of these compared methods all present a downward trend with
the noise adding, and the proposed GVPCM and LVPCM perform better
than other methods under different noise levels in most cases.

Moreover, Tables 21–23 also show the classification accuracy of
compared methods on the KNN classifier. When 𝛼 = 0.7, 𝛽 = 0.3,
GVPCM and LVPCM achieve maximum accuracy values 9 and 11 times,
and their average accuracy values on 12 datasets are also the highest
from global and local viewpoints. Meanwhile, the GVPCM and LVPCM
perform better on 8 datasets when 𝛼 = 0.8, 𝛽 = 0.2, and obtain the
xcellent classification 5 and 7 times when 𝛼 = 0.9, 𝛽 = 0.1. The
verage accuracy of LVPCM is better than that of GVPCM, which further
llustrates the excellent performance of local strategy in noise data. In
articular, the detailed results of classification accuracy varying with
oise data are shown in Fig. 8. This figure shows that the classification
esults of compared methods vary with noise adding, and the Hcv
ataset presents an obvious downward trend. Meanwhile, the GVPCM
nd LVPCM are also higher than other methods. All the above analyses
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Fig. 7. Classification accuracy of different methods on the Decision Tree classifier when adding noise data. (a)–(d), (e)–(h), and (i)–(l) show the classification results of compared
methods when 𝛼 = 0.7, 𝛽 = 0.3, 𝛼 = 0.8, 𝛽 = 0.2, and 𝛼 = 0.9, 𝛽 = 0.1.
Table 20
Average classification accuracy of compared methods on Decision Tree classifier under different noise levels.
𝛼 = 0.9, 𝛽 = 0.1 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 55.76(10.34) 54.05(11.09) 54.84(9.52) 53.57(11.23) 54.05(10.43) 53.81(8.05) 66.51(10.45) 53.97(12.25) 53.49(12.19)
page 90.27(0.99) 91.09(1.23) 90.42(1.08) 91.09(1.14) 91.43(0.96) 90.23(1.45) 80.53(1.43) 90.15(1.22) 91.58(1.07)
hcv 82.15(4.45) 82.34(4.34) 81.12(6.11) 82.06(4.59) 82.34(4.62) 81.72(4.45) 59.12(6.50) 81.98(4.92) 82.00(5.01)
Spea 15.10(6.21) 9.29(5.29) 8.77(6.34) 9.18(5.29) 9.39(5.97) 9.14(5.35) 8.20(4.38) 9.73(5.27) 10.08(5.33)
vowe 10.20(3.33) 9.53(2.69) 9.85(3.37) 10.47(3.16) 25.34(5.02) 10.61(3.72) 5.20(2.28) 10.64(3.43) 25.57(4.39)
wine 63.45(14.07) 60.74(12.89) 60.08(12.64) 60.76(12.27) 60.80(11.77) 60.00(10.87) 50.01(12.92) 60.65(12.15) 60.87(10.47)
Clim 71.67(5.71) 73.12(5.26) 73.67(4.93) 74.41(5.72) 77.25(5.84) 73.49(5.63) 73.43(6.27) 74.48(5.72) 77.10(5.31)
Segm 42.66(3.40) 45.02(3.78) 41.62(3.49) 44.51(3.15) 45.11(3.82) 43.86(3.69) 9.78(1.80) 44.65(3.96) 45.02(3.50)
Abse 23.15(5.79) 12.77(3.83) 11.80(3.53) 24.55(5.82) 22.50(6.01) 12.77(4.16) 1.13(1.33) 12.50(4.87) 22.21(5.19)
Sout 42.50(4.59) 37.80(5.12) 37.57(5.00) 36.70(5.39) 37.23(4.09) 37.22(4.72) 24.17(4.16) 36.87(5.06) 37.52(5.43)
wdbc 83.15(4.37) 85.24(3.3) 85.35(5.07) 84.77(5.13) 84.36(4.95) 84.74(5.29) 45.90(7.42) 84.62(4.8) 85.41(4.56)
Iono 67.73(7.92) 58.63(8.91) 57.83(8.12) 58.03(9.00) 58.02(7.38) 58.80(7.58) 31.31(8.22) 57.92(8.51) 58.74(8.88)

Average 53.98(5.93) 51.63(5.64) 51.08(5.77) 52.51(5.99) 53.98(5.91) 51.37(5.41) 37.94(5.60) 51.51(6.01) 54.13(5.95)
Table 21
Average classification accuracy of compared methods on KNN classifier under different noise levels.
𝛼 = 0.7, 𝛽 = 0.3 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 87.06(8.34) 88.41(7.40) 87.38(6.57) 88.33(6.70) 88.49(6.87) 87.62(6.83) 86.27(8.47) 87.62(6.88) 88.81(6.24)
page 95.78(0.90) 94.84(0.98) 94.73(0.81) 90.65(1.09) 95.26(0.71) 95.09(0.84) 90.48(1.33) 95.05(1.06) 95.38(0.90)
hcv 94.34(3.13) 90.72(3.48) 89.99(4.01) 90.13(4.42) 90.72(3.90) 90.12(4.39) 90.24(3.80) 90.38(3.57) 90.70(3.65)
Spea 80.96(6.70) 53.08(8.13) 48.32(7.07) 52.47(9.44) 55.90(8.32) 53.34(7.57) 34.65(6.76) 53.70(8.71) 56.54(6.94)
vowe 75.88(4.00) 75.98(3.88) 68.86(4.46) 76.11(3.86) 76.18(3.93) 76.55(4.24) 35.47(4.18) 76.87(4.23) 77.36(3.89)
wine 71.23(9.94) 80.28(7.94) 81.93(7.32) 76.32(7.72) 78.46(8.83) 72.02(10.50) 67.02(10.48) 71.26(10.31) 78.28(8.26)
Clim 90.49(3.67) 90.43(3.92) 90.56(3.47) 89.75(3.95) 91.05(3.52) 89.72(4.03) 89.85(3.95) 89.35(4.01) 91.48(3.73)
Segm 95.56(1.19) 81.28(2.41) 68.28(3.32) 82.28(2.25) 83.12(2.44) 81.56(2.43) 17.03(2.17) 81.50(2.34) 82.26(2.04)
Abse 47.75(5.02) 94.12(2.44) 83.45(3.63) 98.00(1.73) 98.92(1.29) 81.26(4.75) 12.43(3.75) 81.89(5.06) 98.83(1.33)
Sout 62.57(3.89) 62.93(5.12) 62.62(5.45) 63.17(5.04) 63.38(4.29) 62.48(4.32) 70.00(4.73) 62.75(4.97) 62.77(4.06)
wdbc 92.50(3.26) 91.01(3.65) 91.39(3.43) 91.10(4.42) 91.36(3.79) 91.18(3.81) 79.61(5.32) 91.18(3.74) 91.54(4.04)
Iono 79.57(6.52) 82.39(6.98) 81.77(5.26) 82.95(5.79) 82.89(6.08) 82.96(5.31) 70.27(6.32) 83.95(5.93) 84.37(5.57)

Average 81.14(4.71) 82.12(4.69) 79.10(4.57) 81.77(4.70) 82.98(4.50) 80.33(4.92) 61.94(5.11) 80.46(5.07) 83.19(4.22)
14
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Table 22
Average classification accuracy of compared methods on KNN classifier under different noise levels.
𝛼 = 0.8, 𝛽 = 0.2 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 87.30(6.47) 88.57(6.85) 88.25(6.07) 88.25(6.07) 88.73(5.63) 88.81(6.57) 88.17(5.97) 88.73(6.42) 89.52(5.99)
page 95.81(0.80) 94.91(0.86) 94.98(0.85) 88.44(1.29) 94.66(0.83) 94.92(0.94) 90.80(1.19) 94.93(1.01) 94.76(1.03)
hcv 90.77(3.63) 90.46(3.71) 90.43(3.40) 89.75(3.54) 90.80(3.22) 90.30(3.52) 90.69(4.11) 90.29(3.46) 90.69(3.74)
Spea 81.21(6.35) 57.14(8.93) 47.72(9.89) 35.71(8.00) 63.63(8.17) 56.82(8.39) 33.72(6.81) 56.78(8.55) 64.39(7.44)
vowe 48.57(4.74) 51.03(4.66) 43.30(4.57) 51.65(4.64) 49.09(4.81) 51.77(5.28) 20.12(3.28) 50.94(4.27) 51.08(4.61)
wine 71.15(10.91) 71.66(9.88) 71.68(12.03) 72.24(11.87) 72.29(9.89) 72.00(11.15) 67.16(13.12) 72.24(9.04) 72.34(9.01)
Clim 90.03(3.82) 89.48(4.02) 89.48(4.28) 89.78(4.07) 90.28(3.81) 89.85(3.41) 90.06(3.68) 90.06(3.86) 90.77(3.03)
Segm 95.48(1.37) 76.86(2.64) 78.55(2.44) 76.99(2.51) 77.11(2.71) 76.85(2.85) 17.23(2.81) 76.78(2.7) 77.55(2.63)
Abse 47.50(6.26) 95.16(2.44) 80.63(3.55) 93.20(2.88) 98.87(1.30) 90.63(3.20) 15.09(3.88) 90.23(3.11) 98.69(1.54)
Sout 62.50(4.16) 62.68(4.51) 62.88(4.42) 63.07(5.53) 63.08(4.76) 62.92(4.17) 68.50(3.49) 62.35(4.71) 63.38(4.91)
wdbc 91.41(3.91) 91.36(3.40) 91.33(3.88) 91.01(3.66) 91.45(3.95) 91.39(3.04) 84.82(4.67) 91.48(3.19) 91.62(3.53)
Iono 70.26(9.12) 77.26(6.68) 76.44(7.58) 76.54(7.50) 74.88(9.12) 74.73(6.63) 67.91(8.07) 74.93(7.50) 74.74(5.69)

Average 77.67(5.13) 78.88(4.88) 76.31(5.25) 76.39(5.13) 79.57(4.85) 78.41(4.93) 61.19(5.09) 78.31(4.82) 79.96(4.43)
Table 23
Average classification accuracy of compared methods on KNN classifier under different noise levels.
𝛼 = 0.9, 𝛽 = 0.1 Global Local

Dataset RAW GMLA GMUA GNRS GVPCM LMLA LMUA LNRS LVPCM

seed 87.70(7.96) 87.70(6.61) 87.78(8.07) 87.54(5.81) 87.70(6.88) 87.94(6.05) 83.25(8.26) 88.02(7.74) 88.65(7.21)
page 95.05(0.86) 95.41(1.01) 94.51(0.82) 95.42(0.79) 94.58(0.87) 94.93(1.01) 92.25(1.05) 94.91(0.82) 94.58(0.87)
hcv 94.14(3.32) 90.49(3.81) 90.32(4.20) 90.72(3.52) 90.80(3.63) 90.29(3.46) 90.47(3.47) 90.49(3.94) 90.58(4.04)
Spea 80.13(7.07) 56.52(7.49) 46.89(8.72) 55.37(8.99) 55.37(6.69) 55.11(7.77) 43.27(9.60) 56.29(8.22) 55.35(8.19)
vowe 40.10(4.41) 43.10(4.12) 43.94(5.23) 43.65(5.01) 76.16(3.73) 43.28(5.05) 27.73(3.51) 44.09(4.43) 76.33(3.59)
wine 70.80(9.74) 72.76(11.21) 73.87(10.81) 73.18(10.97) 73.77(10.12) 72.30(9.87) 74.62(8.46) 74.05(8.21) 72.99(9.19)
Clim 89.94(3.65) 90.12(3.68) 90.28(3.94) 89.17(4.20) 89.94(3.95) 89.97(4.01) 89.63(4.33) 89.97(4.10) 90.46(3.37)
Segm 95.48(1.31) 80.80(2.53) 88.15(2.01) 80.69(2.66) 80.86(2.44) 80.65(2.12) 30.42(2.49) 80.83(2.64) 81.03(2.42)
Abse 47.75(6.27) 55.70(3.81) 55.54(3.31) 93.27(2.91) 98.83(1.25) 55.54(3.62) 13.60(4.95) 55.61(4.63) 98.83(1.58)
Sout 62.63(3.91) 62.85(4.65) 62.93(4.72) 62.70(4.30) 63.02(5.12) 62.20(5.24) 68.10(4.50) 63.20(3.71) 62.92(4.70)
wdbc 91.53(3.21) 91.36(3.83) 91.33(3.99) 91.33(3.81) 91.42(3.37) 91.42(3.22) 69.10(6.56) 91.33(3.35) 91.44(4.05)
Iono 66.61(7.36) 70.74(6.64) 70.99(8.06) 70.32(7.17) 69.70(8.04) 70.70(6.94) 60.03(7.60) 70.80(6.37) 70.04(7.51)

Average 76.82(4.92) 74.80(4.95) 74.71(5.32) 77.78(5.01) 81.01(4.67) 74.53(4.86) 61.87(5.40) 74.96(4.85) 81.10(4.73)
Fig. 8. Classification accuracy of different methods on the KNN classifier when adding noise data. (a)–(d), (e)–(h), and (i)–(l) show the classification results of compared methods
when 𝛼 = 0.7, 𝛽 = 0.3, 𝛼 = 0.8, 𝛽 = 0.2, and 𝛼 = 0.9, 𝛽 = 0.1.
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–

show that the proposed GVPCM and LVPCM perform better than other
compared methods, illustrating their robustness with noise adding.

6. Conclusions

With the rapid development of information science, data size is
increasing, which brings challenges for data mining. However, mak-
ing decisions based on all attributes may not be wise due to the
existence of redundant attributes. Therefore, selecting important at-
tributes is necessary for decision-making datasets. This paper proposes
a local rough set method for feature selection based on the designed
composite measure. The proposed composite measure considers the
inaccurate region in variable precision neighborhood rough set to
define a composite measure, combining the information presented at
lower and upper approximations, which could comprehensively de-
pict the uncertainty knowledge and provide a conventional tool to
the research of decision-making and intelligence information process-
ing. Moreover, the designed local method significantly improves the
computational efficiency in the rough set. All the numerical exper-
imental results illustrate that the proposed method is efficient and
excellent in feature selection compared with some existing methods.
These research results provide a new thought for researching uncer-
tainty measures and feature selection. It is worth noting that the
calculation of composite measures combining the lower and upper ap-
proximation is time-consuming compared with other indicators based
on lower approximation, especially in large-scale datasets. Considering
the effectiveness of the granular ball, a more efficient mechanism is
necessary to be investigated for approximation computation in further
work.
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