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A Novel Spark-Based Attribute Reduction and
Neighborhood Classification for Rough Evidence

Weiping Ding , Senior Member, IEEE, Ying Sun, Ming Li, Jun Liu , Senior Member, IEEE, Hengrong Ju ,
Jiashuang Huang , and Chin-Teng Lin , Fellow, IEEE

Abstract—Neighborhood classification (NEC) algorithms have
been widely used to solve classification problems. Most tradi-
tional NEC algorithms employ the majority voting mechanism
as the basis for final decision making. However, this mechanism
hardly considers the spatial difference and label uncertainty of
the neighborhood samples, which may increase the possibility of
the misclassification. In addition, the traditional NEC algorithms
need to load the entire data into memory at once, which is com-
putationally inefficient when the size of the dataset is large. To
address these problems, we propose a novel Spark-based attribute
reduction and NEC for rough evidence in this article. Specifically,
we first construct a multigranular sample space using the paral-
lel undersampling method. Then, we evaluate the significance of
attribute by neighborhood rough evidence decision error rate and
remove the redundant attribute on different samples subspaces.
Based on this attribute reduction algorithm, we design a parallel
attribute reduction algorithm which is able to compute equiva-
lence classes in parallel and parallelize the process of searching
for candidate attributes. Finally, we introduce the rough evidence
into the classification decision of traditional NEC algorithms
and parallelize the classification decision process. Furthermore,
the proposed algorithms are conducted in the Spark parallel
computing framework. Experimental results on both small and
large-scale datasets show that the proposed algorithms outper-
form the benchmarking algorithms in the classification accuracy
and the computational efficiency.

Index Terms—Dempster–Shafer (D-S) theory, parallel attribute
reduction, parallel neighborhood classification (NEC), rough sets,
spark framework.
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I. INTRODUCTION

IN RECENT years, with the booming development of
information technology, the exponential growth of data has

caused serious challenges to traditional data mining and anal-
ysis technologies, and brought valuable opportunities to the
development of various industries [1], [2]. Because of the
huge scale and low-value density of big data, it has brought
several challenges to traditional data mining techniques. The
current big data processing technologies [3], [4] mainly use
cloud computing, distributed computing and parallel comput-
ing to slice large-scale data into multiple subsets, thereby
reducing the scale of data and making it computable. However,
these techniques do not remove the redundant attributes and
information from the large-scale data, thereby reducing the
uncertainty among the large-scale data.

Granular computing has gradually developed into a new
branch in the field of artificial intelligence. The granular com-
puting models have been proposed include: rough set [5],
fuzzy set [6], fuzzy rough set [7], three-way decision [8], etc.
Rough set is one of the granular computing models, which
can deal with and analyze the uncertain information in the
decision-making process. Attribute reduction [9], [10], [11] is
an important concept in rough sets, which can reduce the
complexity and uncertainty of data by eliminating redundant
attributes. How to use rough set theory to extract the huge
potential value from large-scale data has long been one of
the research topics of many scholars. For the “5V” char-
acteristic of large-scale data, Li et al. [12] discussed the
applicability of the a PICKT solution for big data analysis
based on the theories of Granular Computing and Rough Set.
Qian et al. [13], [14] and Zhang et al. [15] used MapReduce
operations to aggregate equivalence classes to reduce the repet-
itive calculation time of equivalence classes, and proposed
a parallel rough set extension model.

In order to avoid partial information loss in the process of
during data discretization, Hu et al. [16] proposed a neigh-
borhood rough set model based on the neighborhood relation,
which can directly deal with numerical data. In the neighbor-
hood rough set model, different neighborhood space samples
can be derived according to different neighborhood radius,
and the overall sample space can be depicted from differ-
ent granularities. In addition, in response to the problems
encountered by the neighborhood rough set model when
dealing with complex data, the researchers proposed the cor-
responding neighborhood rough set extension models, that is,
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the decision-neighborhood rough set [17], [18]; local neigh-
borhood rough sets [19], [20]; multigranularity neighborhood
rough sets [21], [22]; etc.

Hu et al. [23] proposed a neighborhood classifier (NEC)
which based on the neighborhood rough set model. Unlike the
traditional K-NN model which selects the nearest k samples,
the neighborhood classifier obtains the surrounding neighbor-
hood (SN) samples via neighborhood radius. The neighbors
of a sample will consider not only in terms of closeness
but also in terms of their spatial distribution regarding that
sample. However, KNN and NEC assign a category label
to the unclassified sample via a majority voting mechanism
where all nearest neighbors are considered equally impor-
tant. It hardly considers the spatial difference [24], [25], [26]
and label uncertainty [27], [28], [29] of neighborhood sam-
ples. To address the two shortcomings of the majority voting
mechanism, Denoeux [27] applied the Dempster–Shafer (D-S)
evidence theory to K-NN to improve classification accuracy,
which fused evidence support information of all neighbor-
hood samples to predict the sample label. Although the D-S
evidence theory can fully consider the spatial distance and
label information, it still easily suffers from conflicting evi-
dence information between different labels [30]. In order to
reduce the conflict of evidence information between different
classes, this article enhances the local evidence information of
the majority class samples in the neighborhood by the rough
membership function.

Another challenge is that the time complexity and com-
putation cost of the attribute reduction and classification are
very high when dealing with large-scale data. A parallel algo-
rithm in the distributed computing framework is a practical
pathway which can reduce the time complexity and improve
computational efficiency. Spark is a distributed computing
framework based on in-memory computing with faster com-
putation speed and better iterative performance than Hadoop
MapReduce [31]. Yin et al. [32] designed a new parallel
attribute reduction based on Spark to resolve the limitations of
MapReduce. Luo et al. [33], [34] proposed a novel Spark par-
allel attribute reduction based on a rough hypercuboid model,
which employed two parallel strategies: 1) vertical partition-
ing and 2) horizontal partitioning. However, there are not only
nominal data but also numerical data in large-scale data. In
the above studies, most of the parallel extension models based
on classical rough sets have been implemented, but this is
only applicable to nominal data and cannot directly process
large-scale numerical data.

In this article, we proposed a novel Spark-based attribute
reduction and NEC for rough evidence, which aims to address
the drawbacks of attribute reduction and NEC in massive
data processing, to better deal with data redundancy and reduce
data uncertainty. The main contributions of the proposed work
are summarized as follows.

1) We first introduce the rough membership function into
the combination rule of the D-S evidence theory and
propose the rough evidence. The rough evidence can
enhance the local evidence information of the majority-
class samples in the neighborhood to obtain more
reliable evidence information and reduce the degree

of evidence information confliction. Furthermore, we
employ rough evidence for the attribute reduction pro-
cess to evaluate attribute significance and the NEC
process to obtain decision information.

2) Through Spark parallel computing mechanism, multi-
granular sample space based on Spark is constructed
using parallel random undersampling algorithm, which
can reflect the distinction of universe in terms of multi-
granularity.

3) Based on the rough evidence, this article implements
a new spark parallel attribute reduction based on neigh-
borhood rough evidence decision error rate (called
SPAR-NREDER), which can significantly improve
the computational efficiency of attribute reduction.
Moreover, the neighborhood rough evidence decision
error rate (NREDER) can more precisely reflect the sit-
uation of misclassified samples in the boundary region.

4) Based on the proposed parallel attribute reduction algo-
rithm, this article implements a novel Spark-based rough
evidence NEC (called SRENEC), which can be fused
by parallel the rough evidence information of intraclass
samples and interclass samples in the neighborhood.
This algorithm not only improves the classification accu-
racy of the NEC algorithm but also solves the problem
that the NEC algorithm is computationally inefficient
when the size of the dataset is large.

In addition, to better demonstrate the effectiveness of the
proposed algorithm in this article, experimental studies are
conducted to evaluate the classification performance of the
algorithm through imbalanced benchmark data.

The remainder of this article is organized as follows. Some
preliminaries are provided in Section II. In Section III, the
SPAR-NREDER and the SRENEC algorithms are introduced
in details, respectively. A series of experiments are conducted
on both small and large-scale datasets in Section IV, and then
we compare and analyze the experimental results and verify
the performance of the SPAR-NREDER and SRENEC. The
discussion of this article is in Section V. The conclusions of
this article are demonstrated in Section VI.

II. PRELIMINARIES

A. Neighborhood Rough Sets and Classification Methods

From the perspective of neighborhood granulation in numer-
ical space, Hu et al. [16] introduced the neighborhood space
into rough set, and reinterpret the neighborhood rough set
model. In addition, Hu et al. [23] proposed a neighborhood
classifier based on neighborhood rough sets.

Definition 1 [16]: In a decision information system S =
<U, C

⋃
D, V, f >, let B ⊆ C be a subset of condition

attributes. The neighborhood space with respect to B for
∀xi ∈ U is defined as

δB(xi) =
{
xj|xj ∈ U, disB

(
xi, xj

)}
(1)

where disB(xi, xj) is the distance with respect to B between
the samples xi and xj.

Definition 2 [16]: In a decision information system S =
<U, C

⋃
D, V, f >, for arbitrary X ⊆ U and B ⊆ C, N
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is a neighborhood relation on U, then the lower and upper
approximation sets of X in terms of N with respect to B are
defined and denoted, respectively, as

NB(X) = {xi ∈ U|δB(xi) ⊆ X} (2)

NB(X) =
{

xi ∈ U|δB(xi)
⋂

X �= ∅
}
. (3)

The positive, negative, and boundary regions of X in terms
of N with respect to B are defined and denoted, respectively, as

POSB(X) = NB(X) (4)

NEGB(X) = U − NB(X) (5)

BNDB(X) = NB(X)− NB(X). (6)

Definition 3 [35]: In a decision information system S =
<U, C

⋃
D, V, f >, for arbitrary B ⊆ C, X ⊆ U, and ∀xi ∈ U,

the rough membership function of xi with respect to X is
defined as

μ
δB
X (xi) =

∣
∣δB(xi)

⋂
X
∣
∣

|δB(xi)| (7)

where δB(xi) is the neighborhood information granule of
sample xi.

Definition 4 [16]: In a decision information system S =
<U, C

⋃
D, V, f >, for arbitrary xi ∈ U and B ⊆ C, the true

category label of xi is ω(xi), and ND(xi) is the category label
of sample xi predicted by the NEC algorithm. For the case of
misclassified samples, a 0–1 loss function is expressed as

λ(ω(xi)|ND(xi)) =
{

0, ω(xi) = ND(xi)

1, otherwise.
(8)

The neighborhood decision error rate (called NDER) is
calculated as [16]

NDER = 1

M

M∑

i=1

λ(ω(xi)|ND(xi)) (9)

where M denotes the number of samples.
Definition 5 [16]: In a decision information system S =

<U, C
⋃

D, V, f >, for arbitrary B ⊆ C, if B is a subset of
attribute reduction based on the NDER, then the following
properties for B hold:

1) NDERB ≤ NDERC;
2) for ∀B′ ⊆ B, there are NDERB′ ≥ NDERB.
Hu et al. [23] proposed the NEC algorithm based on the

neighborhood rough set model, which divides the data space
into neighborhood spaces with different centers according to
the neighborhood radius. This algorithm predicts the cate-
gory labels of unclassified samples from the distribution of
neighborhood sample labels.

Definition 6 [23]: Let δB(xi) be the neighborhood space
of unclassified sample xi and xj be any sample in the neigh-
borhood space whose category label is ωj. According to the
traditional NEC algorithm, the category label of xi can be
obtained as

ω = arg max
ωk∈{ω1,ω2,...,ωm}

⎛

⎝
∑

xj∈δB(xi)

H
(
ωj, ωk

)
⎞

⎠ (10)

where H
(
ωj, ωk

) =
{

1, ωj = ωk

0, otherwise
, is the judgment function.

B. Dempster–Shafer Evidence Theory

The D-S evidence theory [27] is a theory of evidence fusion
based on the belief trust function, which is an extension of the
Bayesian theory in the probability theory. In the traditional
Bayesian probability theory, the answer to a question is the
most probable answer among all possible answers. While in
the D-S evidence theory, the answer to a question is obtained
by fusing all possible answers.

Definition 7 [27]: In the discriminative framework �, the
sample space can be partitioned into multiple subsets, where
for any Xs ⊆ � corresponds to a basic probability num-
ber M ∈ [0, 1], which can be called the basic probability
assignment (BPA) function of the power set 2�, and satisfies

M(φ) = 0 (11)
d∑

s=1

M({Xs}) = 1 (12)

in which the basic probability of impossible event is 0 and
M({Xs}) is the basic probability function of Xs.

Definition 8 [27]: According to the BPA function, the belief
function Bel and the plausibility function Pl are expressed,
respectively, as

Bel({Xs}) =
∑

B⊆Xs

M(B) (13)

Pl({Xs}) = 1− Bel
({

Xs
}) =

∑

B
⋂

Xs �=∅
M(B) (14)

where Bel({Xs}) is interpreted as a measure of the total belief
committed to Xs and Pl({Xs}) defines the degree of failing to
doubt in Xs.

C. Spark Framework

Apache Spark is a revolutionary framework that can per-
form in-memory computing faster than Hadoop MapReduce
for large-scale preprocessing. Compared with Hadoop
MapReduce, Spark [2], [4] is characterized by fast computa-
tion speed, ease of use, high generality, and run everywhere.
Spark can cache the intermediate data into memory during
computation and can persist data into disk when memory
overflows.

The resilient distributed dataset (RDD) [36] is a fault-
tolerant parallel data structure, which is the core compu-
tational model in Spark. RDDs had two types of parallel
operations [37]: 1) transformation which returns a pointer to
the new RDD and 2) action which returns a value to the deriver
after running the computation. Spark provides four APIs,
that is: 1) Java; 2) Scala; 3) R; and 4) Python. Meanwhile,
many developers had introduced a series of components based
on Spark, such as Spark SQL [38], Spark Streaming [39],
MLLib [40], and GraphX [41], forming a cloud computing
platform for large-scale data preprocessing.

The flow of Spark task execution is shown in Fig. 1. The
process of task execution is partitioned into two phases in
Spark [42].

1) In the first stage, data is read from HDFS to generate
RDD objects, and a directed acyclic graph (DAG) is
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Fig. 1. Flowchart of Spark task execution.

constructed according to the lineage graph relationship
between RDDs, and RDD operations are divided into
different tasks.

2) In the second stage, different tasks are assigned to slaves
for execution through the cluster manager.

III. NOVEL SPARK-BASED ATTRIBUTE REDUCTION AND

NEIGHBORHOOD CLASSIFICATION FOR ROUGH EVIDENCE

In this section, we propose a novel Spark-based attribute
reduction and NEC for rough evidence. Specifically, we
first construct a multigranular sample space using parallel
undersampling method. Then, we evaluate the significance of
attribute by NREDER and remove the redundant attribute on
different samples subspaces. Based on this attribute reduc-
tion algorithm, we design a new SPAR-NREDER which is
able to compute equivalence classes in parallel and parallelize
the process of searching for candidate attributes. Finally, we
introduce the rough evidence into the classification decision
of traditional NEC algorithms and parallelize the classifica-
tion decision process. Thus, we propose a novel SRENEC,
which can be fused by parallel the rough evidence information
of intraclass samples and interclass samples in the neighbor-
hood. Furthermore, the proposed algorithms are conducted in
the Spark parallel computing framework. The process of the
SRENEC algorithm is shown in Fig. 2.

A. Method of Fusing the Rough Evidence Information

The rough evidence is a novel decision rule using the
rough membership function and D-S evidence theory. The
rough membership function is applied to the global evi-
dence information merging process, which enhances the local
evidence information of the majority class samples in the
neighborhood and reduces the degree of conflict between the
local evidence information of the different classes of samples.
Specifically, the rough evidence first computes the evidence
information of the neighborhood samples of sample xt that
support its belonging to decision class Xq. Next, the local evi-
dence information can be fused to the evidence information
provided by the neighborhood samples with decision class Xq

of sample xt for its belonging to decision class Xq by the
Demspter’s rule. Then, the local rough evidence information
strengthens the local evidence information provided by the
majority class samples in the neighborhood. Finally, accord-
ing to Demspter’s rule, the global evidence information can be
obtained by fusing the local evidence information of different
classes of sample xt.

Definition 9 [27]: In a decision information system S =
<U, C

⋃
D, V, f >, the decision attributes D divide the univer-

sity U into several nonintersecting equivalence classes, which
can be denominated as π = U/D = {X1, X2, . . . , Xd}. The
category labels of the samples xj ∈ U can be denoted as
ω = {1, 2, . . . , d}. For arbitrary xj ∈ U, the category label
of xj is ωj = q ∈ {1, 2, . . . , d}. Especially, the samples pairs(
xj, Xq

)
are the evidence support information for xt in the deci-

sion equivalence class Xq. The evidence support information
is defined as

Mt,j({Xq
}) = β0 · exp

{
−γq ·

(
dis

(
xt, xj

))2
}

(15)

Mt,j(π) = 1−Mt,j({Xq
})

(16)

where 0 < β0 < 1, γq > 0, δR is represented as a neighbor-
hood of xt with respect to the R.

Obviously, Mt,j({Xq}) is the belief of the evidence sup-
port information provided by xj to support that xt belongs
to decision equivalence class Xq and Mt,j(π) is the belief of
the evidence information provided by xj to support that xt

belongs to decision equivalence class π . The evidence sup-
port information provided by xj is mainly determined by two
parameters and the distance between sample xt and its neigh-
borhood sample. β0 is a class-independent parameter and γq

is the reciprocal of the mean distance between all training
samples with category label q.

Then, the local evidence support information provided by
the neighborhood samples of sample xt with category label q
can be aggregated, where the combination rules of the D-S
evidence theory can be denoted as Mt

q = ⊕xj∈δq
Ri

(xt)
Mt,j. The

neighborhood space of an unclassified sample xt with the
category label q can be denoted δ

q
B(xt).

Definition 10 [27]: According to the D-S evidence the-
ory, the local evidence support information of δ

q
B(xt) for xt

is expressed as

Mt
q

({
Xq

}) = 1−
∏

xj∈δq
B(xt)

Mt,j(π) (17)

Mt
q({π}) =

∏

xj∈δq
B(xt)

Mt,j(π). (18)

In the entire neighborhood sample space, the evidence sup-
port information from different labels may arise conflicts in
the integration process, resulting in imprecise global evidence
support information obtained finally. The rough member-
ship function can reflect the ratio of samples with different
labels in the neighborhood space. Thus, we introduce the
rough membership function into the global evidence support
information merging process, which can enhance the local
evidence information provided by the majority classes in the
neighborhood. The local rough evidence information provided
by neighborhood samples with the same class label q is given
by [35]

RMt
q

({
Xq

}) = μδ
Xq
·Mt

q

({
Xq

})
(19)

RMt
q({π}) = 1− μδ

Xq
·Mt

q

({
Xq

})
. (20)

Similarly, the global rough evidence information from all
samples in the entire neighborhood space Mt = ⊕d

q=1Mt
q can
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Fig. 2. Data processing of a novel Spark-based attribute reduction and NEC for rough evidence.

be generated by fusing the local rough evidence information
Mt

q, and it is obtained as [27], [35]

RMt({Xq
}) = RMt

q

({
Xq

})∏
r �=q RMt

r(π)

K
q = 1, 2, . . . , d

(21)

RMt(π) =
∏d

q=1 RMt
q(π)

K
(22)

where K is the normalization factor and is calculated as
follows:

K =
d∑

q=1

RMt
q

({
Xq

}) ·
∏

r �=q

RMt
r(π)+

d∏

q=1

RMt
q(π). (23)

Definition 11 [27], [35]: The RBel function and RPl func-
tion of unclassified sample xt with respect to Xq are obtained,
respectively, as

RBelt
({

Xq
}) = RMt({Xq

})
(24)

RPlt
({

Xq
}) = RMt({Xq

})+ RMt(π). (25)

It is not difficult to notice that RBelt({Xq}) is the belief of
sample xt which is committed to Xq.

Definition 12 [27]: In the neighborhood δB(xt) of unclas-
sified sample xt, for arbitrary xk ∈ δB(xt), the category label
of xk is ωk. Then, the predicted category label of xt in the
decision information system S is computed by

l(xt) = arg max
ωk

(
RBelt({Xk})

)
. (26)

Example 1: For a sample y, its category label and neighbor-
hood are l1 and δC(y) = {x1, x2, x3, x4, x5}, respectively. The
partition set of δC(y) with the category label is δC(y)/D =
{X1, X2} = {{x1, x3, x5}, {x2, x4}}. We suppose that the evi-
dence information provided by each sample of neighborhood
δC(y) is {0.5, 0.85, 0.5, 0.4, 0.6}. According to the D-S evi-
dence theory, the local evidence information provided by
difference category label is My

1({X1}) = 0.9,My
1({X2}) = 0.91

and the global evidence information provided by the entire
neighborhood is My({X1}) = 0.4475 and My({X2}) = 0.5028.
Thus, the predicted label of y is l2. However, the true label
is difference from the predicted label. Therefore, in this situ-
ation, the D-S evidence theory results in the misclassification
of samples.

According to (19)–(23), the local rough evidence
information provided by the difference category label is
RMy

1({X1}) = 0.54, RMy
1({X2}) = 0.364 and the global rough

evidence information provided by the entire neighborhood is
My({X1}) = 0.4275, My({X2}) = 0.1345. Thus, the predicted
label of y is l1, which is the same as the true label.

Therefore, it is necessary to fuse the evidence information
by the rough evidence information. For samples with complex
data distribution, the rough evidence information can improve
the accuracy of classification.

B. New Spark Parallel Attribute Reduction Based on
Neighborhood Rough Evidence Decision Error Rate

The running time of the attribute reduction algorithm depends
mainly on the scale of the dataset and the number of its attributes,
whose time complexity is O(|C|2 • |U|2) (|C| is the number of
conditional attributes and |U| is the number of samples in the
decision information system). It is obvious that the attribute
reduction algorithm not only has a high time cost but also suffers
from low computational efficiency when dealing with large-
scale datasets. The purpose of algorithm parallelism is to be able
to execute multiple tasks or process different subsets of data in
parallel, reducing the computational complexity and increasing
the computational efficiency of the algorithm. Thus, we imple-
ment SPAR-NREDER, which reduces the time complexity from
O(|C|2 •|U|2) to O(|C|2 •|Ui|2) (|Ui| is the number of samples
in the decision information subsystem). The SPAR-NREDER
evaluates the significance of attributes via the NREDER which
can more accurately reflect the misclassification of boundary
region samples.
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Algorithm 1 SPAR-NREDER
Input: Decision information sub-systems {S1, S2, . . . , Sm}, neighbor-
hood radius δ.
Output: Attribute reduction subsets {R1, R2, . . . , Rm}.

1: Let {R1, R2, . . . , Rm} ← ∅.
2: For each Si partition, i ∈ [1, 2, . . . , m] do

3:
Decision_Class← Si.select

(′Class′
)
.rdd

.zip
(
Si.select

(′Index′
))

.rdd
.reduceByKey(lambdax, y:x+ y).collect()

.

4: Compute Distance_Matrix.

5:
Neighbor_Class← sc.parallelize(Distance_Matrix)

.filter(lambdax:x < δ).collect() .

6: Compute NREDERC for the conditional attributes C.
7: For each attribute aj ∈ C − Ri do
8: Calculate the attribute significance SIG

(
aj, Ri, D

)
.

9: End
10: Do
11: Select the best candidate attribute ak.
12: If SIG(ak, Ri, D) > 0 then
13: Add the candidate attribute ak to the attribute reduction

subsets Ri.
14: End If
15: Calculate NREDERRi for the attribute reduction subsets Ri.
16: Until NREDERRi ≤ NREDERC
17: End
18: Output {R1, R2, . . . , Rm}.

According to the definition of neighborhood
rough evidence, the rough belief function of xt is
RBelt({Xq}) =RMt({Xq}), and then the predicted label
of xt is l(xt) = arg maxωk(RBelt({Xk})). If the predicted label
of xt is the same as its true label, then λ(li(xt)|NDi(xt)) = 0;
otherwise, λ(li(xt)|NDi(xt)) = 1. The NREDER is defined by

NREDER = 1

M

M∑

t=1

λ(l(xt)|ND(xt)) (27)

where M is the number of samples in S.
Following the process of attribute reduction, the significance

of candidate attributes based on NREDER is calculated by

SIG(a, R, D) = NREDERR(D)− NREDERR
⋃{a}(D). (28)

In SPAR-NREDER, we achieve parallelized computation
of the equivalence classes and the significance of candi-
date attributes, which reduces the time cost consumed by
iterative computation in the attribute reduction process and
improves the computational efficiency of the attribute reduc-
tion algorithm. The pseudocode of SPAR-NREDER is shown
in Algorithm 1. Its main steps are mentioned as follows.

First, Algorithm 1 sends the collection of decision
information subsystems {S1, S2, . . . , Si, . . . , Sm} to the corre-
sponding slave node slavei.

Second, Algorithm 1 computes decision equivalence classes
and neighborhood equivalence classes in different decision
information subsystem Si by parallel.

Third, Algorithm 1 calculates the significance of candi-
date attributes in different decision information subsystem Si

via parallel mechanism, and adds the conditional attributes
with the largest value of attribute significance to Ri, and then
computes the NREDER of the attribute reduction subset Ri

until it satisfies NREDERRi ≤ NREDERc.

TABLE I
DECISION INFORMATION SUBSYSTEM S1

Fourth, Algorithm 1 outputs the collection of attribute
reduction subset {R1, R2, . . . , Rm} at each slave node.

To illustrate the NREDER-based attribute reduction process
more clearly, the specific computation process on the decision
information subsystem is given in Example 2.

Example 2: A decision information subsystem S1 = <U1,

C
⋃

D, V, f > is presented in Table I, where {a1, a2, a3, a4, a5}
are the set of conditional attributes and d is the decision
attribute. According to the calculation steps in the third line
of Algorithm 1, we compute the decision equivalence classes
U1/D = {X1, X2} = {{x2, x3, x4, x8}, {x1, x5, x6, x7, x9}} on S1.
The distance matrix is computed as follows:

Distance_Matrix =

⎡

⎢
⎢
⎢
⎢
⎣

0 0.6128 · · · 0.6812 0.3134
0.6128 0 · · · 0.4532 0.8984
· · · · · · · · · · · · · · ·

0.6812 0.4532 · · · 0 0.9855
0.3134 0.8984 · · · 0.9855 0

⎤

⎥
⎥
⎥
⎥
⎦

.

We compute the neighborhood equivalence classes. For
sample x1, its neighborhood is δ(x1) = {x7}. Then, we com-
pute the NREDERC for the set of conditional attributes C.
According to (27), we have NREDERC = 0.

In the process of searching for candidate attributes, we will
iteratively calculate the significance of each candidate attribute
and select the candidate attribute with the greatest attribute
significance in turn until the attribute reduction subset satisfies
the stopping criterion.

For the first iteration, we calculate the significance for
each conditional attribute. We have SIG(a1, R1, D) = 0.11,
SIG(a2, R1, D) = 0.11, SIG(a3, R1, D) = 0, SIG(a4,

R1, D) = 0, and SIG(a5, R1, D) = 0.11. We select the candi-
date attribute a1 and append it to the attribute reduction subset
R1 = R1

⋃
a1. We compute NREDERR1 for the attribute

reduction subset R1 and have NREDERR1 = 0.11.
For the second iteration, we have SIG(a2, R1, D) = 0.11,

SIG(a3, R1, D) = −0.11, SIG(a4, R1, D) = −0.11, and
SIG(a5, R1, D) = 0. We select the candidate attribute a2 and
append it to the attribute reduction subset R1 = R1

⋃
a2. We

compute the NREDERR1 for the attribute reduction subset
R1 and have NREDERR1 = 0. Because of NREDERR1 ≤
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Algorithm 2 SRENEC

Input: Decision information system S = 〈
U, C

⋃
D, Va, f

〉
, neigh-

borhood radius δ, and unclassified sample xt.
Output: The predicted category label l(xt) of xt.

1: Compute new decision information sub-systems {S1, S2, . . . , Sm}
by Algorithm 3.

2: Calculate attribute reduction subspaces {R1, R2, . . . , Rm} by
Algorithm 1.

3: Broadcast xt to each slaver node xt ← sc.broadcast(xt).
4: For each Si partition, i ∈ [1, 2, . . . , m] do
5: Update the sub-system Si by Ri.
6: Compute decision equivalence class πi = {Xi

1, Xi
2, . . . , Xi

d}.
7: Calculate the neighborhood space δRi(xt) of xt.

8: For each sample pair
(

xj, Xi
q

)
, xj ∈ δRi(xt) and Xi

q ∈ πi do

9: Compute Mt,j({Xi
q}) and Mt,j(πi), respectively, and they are

computed by

Mt,j
({

Xi
q

})
= β0 · exp

{
−γq ·

(
dis

(
xt, xj

))2
}
, (29)

Mt,j(πi) = 1−Mt,j
({

Xi
q

})
, (30)

where 0 < β0 < 1, γq > 0.
10: End
11: Merge the evidence information provided by samples with the

same label to obtain the local evidence information Mt
q({Xi

q})
and Mt

q(πi), and they are redefined by

Mt
q

({
Xi

q

})
= 1−

∏

xj∈δq
Ri

(xt)

Mt,j(πi) (31)

Mt
q({πi}) =

∏

xj∈δq
Ri

(xt)

Mt,j(πi). (32)

12: Compute the local rough evidence information RMt
q({Xi

q}) and
RMt

q(πi), and they are is obtained by

RMt
q

({
Xi

q

})
= μδ

Xi
q
·Mt

q

({
Xi

q

})
(33)

RMt
q({πi}) = 1− RMt

q

({
Xi

q

})
. (34)

13: Aggregate the local rough evidence information with differ-
ent labels to obtain the global rough evidence information
RMt({Xi

q}) and RMt(πi), and they are is calculated by

RMt
({

Xi
q

})
=

RMt
q

({
Xi

q

})∏
r �=q RMt

r(πi)

K
q = 1, 2, . . . , d, (35)

RMt(πi) =
∏d

q=1 RMt
q(πi)

K
, (36)

where K is the normalization factor, which is computed by

K =
d∑

q=1

RMt
q

({
Xi

q

})
·
∏

r �=q

RMt
r(πi)+

d∏

q=1

RMt
q(πi). (37)

14: The rough belief function RBelt({Xi
q}) is generated by fusing

global rough evidence information, and it is given by

RBelt
({

Xi
q

})
= RMt

({
Xi

q

})
. (38)

15: In Si, the predicted label of unclassified sample xt is calculated
by

li(xt) = arg max
ωik

(
Belt({Xk})

)
. (39)

16: End
17: Aggregate the collection of predicted labels li(xt) from different

partitions to obtain the final prediction label which is defined by

l(xt) = arg max
ωik

⎛

⎝
∑

ωjt∈{ω1t ,ω2t ,...,ωmt }
H

(
ωjt , ωkt

)
⎞

⎠, (40)

where H(ωjt , ωkt ) =
{

1, ωjt = ωkt
0, otherwise is the judge function.

18: Output the predicted label l(xt) of unclassified sample xt.

NREDERC, we stopped the attribute search process and
obtained the final attribute reduction subset R1 = {a1, a2}.

C. Novel Spark-Based Rough Evidence Neighborhood
Classification

To improve the decision-making capability of the neigh-
borhood classifier and reduce the conflicts between the local
evidence information with different labels in the evidence
fusion process, we introduce rough evidence information into
the process of NEC. In addition, the neighborhood classifier
suffers from high computational time consumption and inef-
ficiency when dealing with large-scale datasets, whose time
complexity is O(|Utrain| • |Utest|) (|Utrain| is the number of
training samples and |Utest| is the number of testing samples).
Therefore, we propose a novel SRENEC, which reduces the
time complexity from O(|Utrain| • |Utest|) to O(|Ui

train| • |Utest|)
(|Ui

train| is the number of training samples in the decision
information subsystem). The SRENEC is able to fuse rough
evidence information of neighborhood samples to improve the
classification performance of the neighborhood classifier and

reduce its computational time. The pseudocode of SRENEC is
shown in Algorithm 2. Its main steps are mentioned as follows.

First, Algorithm 2 updates the decision information sub-
system Si by Ri to obtain the new decision information
subsystem S′i = <Ui, Ri

⋃
D, Va, f > in each slave node and

then broadcast the unclassified sample xt to all slave nodes.
Second, Algorithm 2 computes the rough evidence

information to obtain the rough belief value RBelt in each
slave node and then obtains the predicted label li(xt) of xt in
the corresponding slave node slavei.

Third, Algorithm 2 aggregates the predicted label of unclas-
sified sample xt on all slave nodes to obtain the final prediction
label and outputs it.

To illustrate the computational process of neighborhood
decision making based on rough evidence more clearly,
Example 3 presents the specific computational results on the
decision information subsystem.

Example 3: According to Example 2, the decision
information subsystem S1 is updated to S′1 = <U1, R1

⋃
D,

V, f >. For a unclassified sample x10 = {0.12, 0.71, 0.67,

0.36, 0}, its neighborhood is δ(x10) = {x1, x3, x4, x8}.
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TABLE II
DATASET DESCRIPTION

According to (29), we compute the evidence information
provide by its neighbors. We have M10,1({X1

1}) = 0.8307,
M10,3({X1

0}) = 0.8559, M10,4({X1
0}) = 0.8719, and M10,8

({X1
0}) = 0.8577.

The local evidence information M10
1 ({X1

1}) = 0.8307 and
M10

0 ({X1
0}) = 0.9974 is obtained by (31).

According to the distribution of category labels in the neigh-
borhood of unclassified sample x10, its rough membership is
μδ

X1
0
= 0.75 and μδ

X1
1
= 0.25, respectively. According to (33),

we compute the local rough evidence information. We have
RM10

1 ({X1
1}) = 0.2076 and RM10

0 ({X1
0}) = 0.7480.

The global rough evidence information RM10({X1
1}) =

0.0619 and RM10({X1
0}) = 0.7016 is calculated by (35).

The rough belief function of the unclassified sample x10 is
RBel10({X1

1}) = 0.0619 and RBel10({X1
0}) = 0.7016.

Therefore, we assign the category label 0 with the maximum
rough belief value to the unclassified sample x10.

IV. EXPERIMENTAL ANALYSIS

In the section, the objective of the experiments are
conducted to evaluate the feasibility and effectiveness of
the proposed method in six UCI imbalanced datasets.
Furthermore, to verify the performance of algorithm paral-
lelization in terms of speedup and sizeup, we conduct a series
of experiments on three large-scale datasets. All the experi-
ments are conducted on a personal computer with Windows 10,
Intel (R) Core (TM) i9-128900K CPU@3.19 GHz and RAM
64 GB. The integrated development environment is JetBrains
PyCharm 2020.3.5 and the programming language used is
Python. We build the virtual environment of Hadoop-2.7.1 and
Spark-2.4.6-preview on Windows 10 system, and the cluster
mode is set to “local.” This experiment is compiled by the
Python API in Spark, and manages 16 CPU cores and 24 log-
ical processors by setting the parameter in the “local” mode
to “local [*].”

A. Small Data Analysis

1) Experimental Data Preprocessing: Regarding the pub-
lic datasets, we selected six medical datasets from the UCI
database with different imbalance rate (called IR). Table II
depicts the relevant statistical information of these six imbal-
anced datasets.

In order to reduce the IR of the dataset, this article performs
parallel randomly under sampling and expands the data size
via parallel computing mechanism of Spark. First, the data of
the same size as the negative class is generated by parallel

Algorithm 3 (PRUS): Parallel Random Undersampling
Algorithm

Input: Decision information system S = 〈
U, C

⋃
D, V, f

〉
.

Output: Decision information sub-systems {S1, S2, . . . , Sm}.
1: Convert the data to S← spark.read.csv(path) via Spark.
2: UN = S.filter

(
S
[′label′

] == negative_label
)
.

3: Generate S′i based on the m partitions.
4: For each S′i partition, i ∈ [1, 2, . . . , m] do

5: According to Eq. (41), UP
i = S

′
i.filter(S

′
i[
′label′] == positive_label)

.rdd.takesample
.

6: Si = UP
i .union

(
UN)

.
7: End
8: return {S1, S2, . . . , Sm}.

TABLE III
PREPROCESSED DATASET DESCRIPTION

random undersampling from the positive class. Then, the sub-
set of positive class is reconstructed with the negative class to
obtain multiple new data subsets. The pseudocode for parallel
random undersampling is discussed in Algorithm 3.

Definition 13: In a decision information system S = <U, C⋃
D, V, f >, where U = {x1, x2, . . . , xM}. Assume that the

collection of the positive samples and the negative sam-
ples are UP = {y1, y2, . . . , yP} and UN = {z1, z2, . . . , zN},
respectively, and P + N = M. The collection of new deci-
sion information subsystems {S1, S2, . . . , Sm} by the parallel
random undersampling can be defined as

Si =
〈
Ui, C

⋃
D, V, f

〉
(41)

where Ui = UP
i

⋃
UN , UP

i =
{
yj ∈ UP | j = R and (1, P)

}
,

and
∣
∣UP

i

∣
∣ = N.

According to Definition 13, a multigranular sample space
based on Spark is constructed using parallel random under-
sampling algorithm. In Algorithm 3, the original decision
information system is loaded by spark.read.csv() (line 1).
Then, the algorithm filters out a subset of negative class
samples (line 2). After that, a multigranular sample space
{S1, S2, . . . , Sm} can be generated by merging a subset of neg-
ative samples with a subset of positive samples (lines 3–7).
Finally, Algorithm 3 outputs a multigranular sample space
{S1, S2, . . . , Sm} (line 8).

In this experiment, we use the hold-out method to divide
the raw dataset into training and test data at the ratio of 4:1.
The training data is preprocessed by Algorithm 3, and the new
subset with IR of 1 is reconstructed. Meanwhile, the data scale
is expanded and reorganized into 15 subsets by using the
parallelize operator in Spark. Table III describes the relevant
statistical information related to the preprocessed dataset.

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination. 

Authorized licensed use limited to: UNIVERSITY OF ULSTER. Downloaded on October 17,2022 at 10:22:21 UTC from IEEE Xplore.  Restrictions apply. 



DING et al.: NOVEL SPARK-BASED ATTRIBUTE REDUCTION AND NEC 9

TABLE IV
CLASSIFICATION ACCURACY COMPARISONS WITH THREE ATTRIBUTE REDUCTIONS

Fig. 3. Running time and efficiency of AR-NREDER and SPAR-NREDER.

2) Performance of SPAR-NREDER Algorithm: To examine
the performance of AR-NREDER and SPAR-NREDER eval-
uation functions, this section presents two comparative exper-
imental results based on six UCI imbalance datasets. First,
we compare the running time of the attribute reduction algo-
rithms, including AR-NREDER and SPAR-NREDER. Second,
we compare the classification performance of different
attribute reduction subsets on neighborhood classifiers (called
NEC), K-NN and logistic regression classifiers (called LR).
Fig. 3 indicates the performance of AR-NREDER and SPAR-
NREDER in terms of running time and the efficiency. Table IV
demonstrates the classification performance of three attribute
reduction subsets on three classifiers.

In Fig. 3, it is obviously that SPAR-NREDER has far
less running time than AR-NREDER, which indicates that
SPAR-NREDER can effectively reduce the running time of
AR-NREDER. For example, in the WDBC dataset, the run-
ning time of SPAR-NREDER is much less than that of
AR-NREDER. The red line in Fig. 3 shows a trend that as
the scale of datasets and the number of its conditional attribute
grow, both the reduced running time and the improved com-
putational efficiency of SPAR-NREDER also increase. The
experimental results show that the parallel attribute reduc-
tion algorithm can dramatically reduce the running time and
improve the computational efficiency of the attribute reduction
algorithm with excellent performance.

As can be seen from Table IV, SPAR-NREDER has higher
classification performance on NEC and K-NN classifiers
for the majority of datasets. For NEC, the classification
performance of SPAR-NREDER is lower than AR-NREDER
only on the DRD dataset, and is better than the others
attribute reduction on the rest of the datasets. For K-NN,
the classification performance of SPAR-NREDER is lower
than AR-NREDER on the DRD and ILP datasets, and is
better than the others attribute reduction on the rest of

Fig. 4. Running time and efficiency of RENEC and SRENEC.

the datasets. Although SPAR-NREDER performs poorly on
LR, its classification performance for all classifiers on the
ZAS dataset outperforms the others attribute reduction. Thus,
SPAR-NREDER not only reduces the computational time of
the attribute reduction but also improves the performance of
the attribute reduction subset.

3) Performance of SRENEC Algorithm: To examine the
performance of the algorithm SRENEC in terms of computa-
tional time and classification, this section presents comparative
experiments based on six UCI imbalance datasets, and the
NEC algorithm (called NEC) [23], the evidence NEC algo-
rithm (called ENEC) [27], the rough evidence NEC algorithm
(called RENEC), and the SRENEC. The running time and the
efficient of RENEC and SRENEC with the same data size are
given in Fig. 4.

In Fig. 4, it is clear that SRENEC has far less running
time than RENEC, which indicates that SRENEC can effec-
tively reduce the running time of RENEC. For example, in the
DRD dataset, the running time of SRENEC is much less than
that of RENEC. Compared to the parallel attribute reduction
algorithm, the parallel classification algorithm improves the
most computational efficiency on the DRD dataset rather than
the WDBC dataset, because the DRD dataset has the largest
size. The red line in Fig. 4 shows a trend that as the scale
of datasets and the number of its conditional attribute grow,
both the reduced running time and the improved computa-
tional efficiency of SRENEC also increase. The experimental
results show that the parallel classification algorithm can
dramatically reduce the running time and improve the compu-
tational efficiency of the classification algorithm with excellent
performance.

Then, we compare the classification performance of four
classifiers: 1) NEC; 2) ENEC; 3) RENEC; and 4) SRENEC,
with three classification evaluation metrics of precision, speci-
ficity, and G-mean. The neighborhood radius is formulated
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TABLE V
CLASSIFICATION COMPARISONS WITH FOUR CLASSIFIERS

(a) (b) (c)

Fig. 5. Classification comparisons with four classifiers in the ZAS dataset. (a) Precision. (b) Specificity. (c) G-mean.

(a) (b) (c)

Fig. 6. Classification comparisons with four classifiers in the WDBC dataset. (a) Precision. (b) Specificity. (c) G-mean.

as δ = min (disR
B(xi, xj)) + ω · (max(disR

B(xi, xj)) −
min(disR

B(xi, xj))), and we setup the weight is ω = 0.1. The
results of the classification are shown in Table V. A com-
parison of the classification results with four classifiers on the
ZAS and WDBC datasets for ten different neighborhood radius
is illustrated in Figs. 5 and 6. It is not difficult to conclude
from Table V that the classification performance of SRENEC
is optimal. The RENEC performs well on most datasets in
terms of classification performance. The results of classifica-
tion show that, in the majority of datasets, the rough evidence
information can enhance the capability of neighborhood deci-
sion making, to increase the accuracy of classification. What
is more, the SRENEC constructs a multigranularity sample
space and characterizes the samples from different granularity
by parallel undersampling methods, which obtains more accu-
rate classification results. For example, in the WPBC dataset,
when RENEC is carried out, the precision is increased from
0.7241 to 0.75, the specificity is enhanced from 0.2727 to
0.3636, and the G-mean is raised from 0.4523 to 0.5222.
When SRENEC is undertaken, the precision is increased from
0.7241 to 1, the specificity is enhanced from 0.2727 to 1, and
the G-mean is raised from 0.4523 to 0.7958. Its improvement

ratio on the three classification evaluation metrics is 27.59%,
72.73%, and 34.35%, respectively. It can be seen that the
specificity of SRENEC shows the highest improvement ratio.
However, in the DRD dataset, the classification performance of
RENEC is inferior to that of NEC and ENEC. In general, the
classification performance of SRENEC and RENEC is better
than that of other classifiers.

As can be seen from Figs. 5 and 6, there is a trend that as
the weight of neighborhood radius increases, the classification
performance of the four algorithms under three evaluation met-
rics first rises, then falls, and finally stabilizes. Obviously, the
classification performance of SRENEC is consistently better
than that of the others three algorithms. For RENEC, in some
cases, the classification performance of it is better than that of
the other three algorithms.

B. Large-Scale Data Analysis

To examine the advantages of SPAR-NREDER and
SRENEC, three large-scale datasets are added to further
confirm the feasibility and effectiveness of parallelized com-
putation, and the relevant statistical information of the added
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TABLE VI
DESCRIPTION OF THE LARGE-SCALE DATASET

TABLE VII
RUNNING TIME OF SPAR-NREDER WITH DIFFERENT

PARTITION NUMBERS (/S)

Fig. 7. Speedup of SPAR-NREDER.

large-scale datasets is provided in Table VI. During the exper-
imental analysis, the feasibility and effectiveness of SPAR-
NREDER and SRENEC are focused mainly in terms of two
evaluation metrics of speedup and sizeup.

1) Speedup of Parallel Algorithm: The speedup ratio of
parallel algorithm measures the running time of the parallel
algorithm by increasing the number of partitions in experiment
while ensuring a constant data size, and it is computed by

Speedup(p) = T2

Tp
(42)

where p is the number of partitions, T2 is the running time of
on two partitions, and Tp is the running time on p partitions.

In this experiment, the number of partitions is setup as 2, 4,

6, 8, and 10, and the running time consumed by the parallel
algorithm is calculated on these partition numbers to compare
the performance of the parallel algorithm in terms of speedup.

Table VII and Fig. 7 show the running time and the speedup
ratio variation curves of the SPAR-NREDER for differ-
ent number of partitions, respectively. Then, Table VIII and
Fig. 8 show the running time and the speedup ratio varia-
tion curves of the SRENEC algorithm for different number
of partitions, respectively. It is not difficult to observe from
Figs. 7 and 8 that as the number of partitions increases,
SPAR-NREDER and SRENEC take less time to process
the same-size dataset. However, for the SUSY dataset, the
computational efficiency of SPAR-NREDER and SRENEC
improvement significantly decreases when the number of par-
titions is increased from 8 to 10, which indicates that some

TABLE VIII
RUNNING TIME OF SRENEC WITH DIFFERENT PARTITION NUMBERS (/S)

Fig. 8. Speedup of SRENEC.

TABLE IX
RUNNING TIME OF SPAR-NREDER WITH DIFFERENT

SCALE OF DATASETS (/S)

partitions are note fully used in the parallel processing of
SUSY. Based on the experimental results of speedup, it is not
hard to conclude that our proposed parallel algorithms can
effectively process large-scale datasets.

2) Sizeup of Parallel Algorithm: The sizeup ratio of the
parallel algorithm shows the change in the running time of the
parallel algorithm by increasing the size of dataset experiment
while keeping the number of partitions, and it is computed by

Sizeup(D, p) = TD1

TDp

(43)

where D is one dataset, TD1 is the running time for D, and
TDp is the running time for p× D.

In this experiment, we set the number of partitions as 2,
and then gradually grow the size of datasets from D to 8D by
2 times.

Table IX and Fig. 9 show the running time and the sizeup
ratio variation curves of the SPAR-NREDER for different
sizes of datasets, respectively. Then, Table X and Fig. 10 show
the running time and the sizeup ratio variation curves of the
SRENEC algorithm for different size of datasets, respectively.
The sizeup ratio change curves in Figs. 9 and 10 show that
when the size of datasets gradually grows, the running time
of SPAR-NREDER and SRENEC also increases. Therefore,
according to the experimental results of sizeup, our proposed
parallel algorithms have a good sizeup performance.
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Fig. 9. Sizeup of SPAR-NREDER.

TABLE X
RUNNING TIME OF SRENEC WITH DIFFERENT SIZE OF DATASETS (/S)

Fig. 10. Sizeup of SRENEC.

V. DISCUSSION

The traditional NEC algorithm hardly considers the spa-
tial difference and label uncertainty of the neighborhood
samples, which may increase the possibility of the misclas-
sification. Compared with the majority voting mechanism, the
rough evidence can obtain the more precise decision-making
information, which demonstrates that the rough evidence can
improve the classification accuracy. The rough evidence is
a novel decision rule using the rough membership function
and D-S evidence theory. The rough membership function
is applied to the global evidence information merging pro-
cess, which enhances the local evidence information of the
majority class samples in the neighborhood and reduces the
degree of conflict between the local evidence information
of the different classes of samples. Therefore, the rough
evidence is more suitable for the neighborhood decision
process than the majority voting mechanism and the D-S
evidence.

In attribute reduction, the experimental results of NREDER
show that the AR-NREDER is more precise than the AR-
NDER in evaluating the attribute significance by the number
of misclassified samples. Moreover, the experimental results
of RENEC indicates that the rough evidence outperformed
the majority voting mechanism and the D-S evidence in clas-
sification. Therefore, we conclude that the rough evidence

is suitable for processing the data with complicated sample
distributions and can significantly improve the neighborhood
decision making ability.

For another challenge that AR-NREDER and RENEC are
computationally inefficient handling the large-scale data, we
have implemented SPAR-NREDER and SRENEC, respec-
tively, by using the parallel computing advantage of Spark
framework. First, the multigranular sample space obtained
by Spark-based parallel random undersampling can depict
the overall sample space from different granularities, which
can improve the algorithm performance more significantly.
Then, the SPAR-NREDER can compute equivalence classes
in parallel and parallelize the process of searching for can-
didate attributes on different samples subspaces. Finally, the
SRENEC can compute the neighborhood space and rough evi-
dence information in parallel on different attribute reduction
subsets.

The running time and the efficiency of SPAR-NREDER
and SRENEC show that the Spark parallel computing frame-
work can significantly improve the computational efficiency
of attribute reduction and NEC algorithms. Furthermore, the
classification accuracy results of SPAR-NREDER under dif-
ferent classifiers show that it not only improves the com-
putational efficiency of attribute reduction but also enhances
the performance of attribute reduction subsets. The classifi-
cation results of SRENEC indicate that it not only improves
the computational efficiency of NEC but also strengthens the
neighborhood decision making ability. In addition, experimen-
tal results of SPAR-NREDER and SRENEC algorithms on
large-scale data demonstrate that it has favorable performance
in terms of speedup and sizeup.

VI. CONCLUSION

Since there is a characteristic that the larger size of large-
scale data, the lower value density, the neighborhood classifier
cannot effectively deal with the classification problem of large-
scale data, in this article, partial improvements have been
proposed to address the limitations of the neighborhood clas-
sifier. We presented a novel Spark-based attribute reduction
and NEC for rough evidence. We first introduced the rough
membership function into the combination rule of the D-S
evidence theory to enhance the local evidence information of
the majority class samples in the neighborhood and obtain
more reliable evidence information. Second, a multigranu-
lar sample space based on Spark was constructed using the
parallel random undersampling algorithm to reflect the dis-
tinction of universe in terms of multigranularity. Third, a new
SPAR-NREDER was proposed to more precisely evaluate
attribute significance and improve the computational efficiency
of attribute reduction. Finally, we proposed a novel SRENEC,
which can be fused by parallel the rough evidence information
of intraclass samples and interclass samples in the neigh-
borhood. Experimental results on small datasets showed that
the classification accuracy of the attribute reduction subset
obtained by the SPAR-NREDER parallel attribute algorithm
is better than NDER and NREDER, and the classification
performance of the SRENEC parallel classification algorithm
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is also superior to NEC, ENEC, and RENEC, which indi-
cates that the rough evidence can effectively improve the
neighborhood decision-making ability and reduce the evidence
information provided by the outlier samples in the neigh-
borhood. In additional, we verified that the proposed SPAR-
NREDER and SRENEC parallel algorithms have favorable
performance in terms of speedup and sizeup via experiments
on large-scale datasets. Our future research work will focus
on how to further optimize the search process of attribute
reduction.
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