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Abstract Feature selection can effectively remove redundant and irrelevant features from high-dimensional data and retain impor-
tant features, thus reducing the complexity of model computation and improving model accuracy. While in feature selection
process,to deal with these noisy data that may affect the classification effect,such as outlier points and boundary points,a feature
selection method based on rough set and density peak clustering is proposed. At first, noisy data are removed by density peak
clustering method and cluster class centers are picked out. Then, the data are divided by cluster class centers by combining the
idea of rough set theory,and the feature importance evaluation measure is defined according to the assumption that the data points
of same cluster have same label. Finally,a heuristic feature selection algorithm is designed to pick up the feature subset that can
makes for a purer homogeneous cluster structure. Experimental comparisons of classification accuracy, number of selected fea-
tures and running time are conducted with other algorithms on six UCI datasets.and the experimental results verify the effective-
ness and efficiency of the proposed algorithm.
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Table 2 Classification accuracy ofalgorithms RS-DPC-FS,NDMFS,

NDFS, NEFS and NADFS under C4. 5 classifier

A% Raw RS-DPC-FS NDMFS NDFS NEFS NADEFS
Wine 88.8 94.9 92.1" 94.47 92.1% 92,171
Credit 86. 4 86.7 86.7°  86.7° 86.7 86.7
Heart 78.1 84.1 78.11 78.91 78.9% 78.971
Seeds 91.4 92.9 91.4% 92,47 91,97 91.97"
Parkinson 100. 0 100.0 100.0~ 100.0~ 100.0~ 100.0°
BreatTissue  63.2 64.2 63.27  66.0° 66.0° 67.9°
Average 84. 65 87.13 85. 25 86.40  85.93  86.25
Win\Tie\Lose = — — 4/2/0 3/2/1  3/2/1  3/2/1

%3 H¥% RS-DPC-FS,NDMFS.NDFS, NEFS fil NADFS
1E SVM 732835 T 10 73 MG B

Table 3 Classification accuracy of algorithms RS-DPC-FS,NDMFS,
NDFS,NEFS and NADFS under SVM classifier

A% Raw RSDPC-FS NDMFS NDFS NEFS NADFS
Wine 98.9 98.9 98.37  98.97 99.4 96.67"
Credit 85.9 85.8 86.2~  85.57 85.47 85.5°
Heart 84.1 84.8 84.4Ft  83.7F 83.77 84.47F
Seeds 92.9 93.3 92.9° 94.37  93.37  93.37
Parkinson 98.3 100. 0 100.0~  100.0~ 100,07 100.0~
BreatTissue  69.8 67.9 67.97  69.87  69.8  69.8
Average 88. 31 88. 45 88. 28 88.70  88.60  88.26
Win\ Tie\ Lose — — 3/2/1 2/2/2 2/2/2 3/2/1
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Table 4 Classification accuracy of algorithms RS-DPC-FS,NDMFS,
NDFS, NEFS and NADFS under KNN classifier

B4 Raw RSDPC-FS NDMFS NDFS NEFS NADFS
Wine 97.2 97.8 96.17 96,17 98.37 96.1°"
Credit — — — — - -
Heart — — — — - -
Seeds 93.3 94.3 93.37 93,87 92,97 92.9"
Parkinson 81.8 99.9 99.1%  90.4F 99.97 90.1"
BreatTissue  67.9 68.9 67.97  68.97 68.97 67.9"
Average 85.05 90. 225 89.1 87.3 90 86. 75
Win\ Tie\ Lose — — 4/0/0 3/1/0 1/2/1  4/0/0

# 5 3k RS-DPC-FS,NDMFS,NDFS, NEFS Al NADFS #
FEAE BE AN 5L
Table 5 Feature selection numbers of algorithms RS-DPC-FS
NDMFS, NDFS,NEFS and NADFS
HEAE 2 A #
P : HEAE 2 4 A
RS-DPC-FS NDMFS NDFS NEFS NADFS
Wine 6 9 7 7 9
Credit 6 13 11 11 11
Heart 4 9 7 8 10
Seeds 4 7 4 5 5
Parkinson 1 3 11 1 13
BreatTissue 3 9 6 6 7
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Average ranking of classification accuracies of algorithms
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Table 6

e fE 48 AF RS-DPC-FS NDMFS NDFS NEFS NADFS
Ce.5 k8 1.750 4,750 2.375  3.250 2.875
SVM 4 % % 2.6 3.4 2.7 3.1 3.2
KNN 4 % % 1.625 3.625 3.000 2,250  4.500
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Table 7 Friedman statistics of classification accuracies of algorithms

RS-DPC-FS,NDMFS,NDFS, NEFS and NADFS

M k5 AT Friedman & & 5 £ & (a=0.1)
Ce.5 kB 3.114
SVM 4 % % 0.192 2. 480
KNN 2 % 2 3. 114
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Fig. 18 Nemenyi test results of algorithms RS-DPC-FS,
NDMFS.NDFS,NEFS and NADFS

i & 18 AT 41, 7E C4.5 F1 KNN 2328 F , 8 i RS-DPC-
FS 4y 2K HE B e . 78 C4. 5 02K 2% h B 1 RS-DPC-FS
IR 43 05 B B W 1L 8 12 NDMFS &, 17 5448 % NDFS, NADFS
I NEFS RAETERFER 25, [WAF, £ KNN 428 88, Bk
RS-DPC-FS 943 25 45 1% B & 1k 5% NADFS 4F, ifi 5 5 ik
NEFS,NDFS fl NDMFS RNE7E 31 2% 5,

g5 L TR L Ge it a5 R 3R B L AR SCE R ORS BE AE LE LA LA
AT — BB R,

GERIE  ARSCER IR T TR 4 5 % W (E RS YRR AT
WREFL . 1S, R BB g AR 2 oL T B
I T B 52 ] 3 25 A0 SR 1 T 75 500 B vl O M R AR .
UK 25 5 R 4 300 JEUARL S AR 2 2% o o 0 4 K ks 3t A
4y IFHR HRRAE M IT AL SR IR A R & SRR IR 2 R
BV BEHUHL AR R S Al P O R R AR AR A, AR SCEIR T
6 NI AE T, 5 HAL 4 R ERIRAE 3 Bl T AT A R BOR
R HE ST 58 L #3247 A (] 3R A7 2505 W X B S 58 43 BT S 46 45
B IAIE T A SC T 4R 9 RS-DPC-FS 55 3 A 201 i 3%
. ZJE IR R RSDPC-FS Bk 7 Z AR08 iy mTF74k .

£ % X W

[1] JING Y G,JING L X,WANG B L,et al. Incremental attribute
reduction algorithm for attribute values and attribute changes
[J]. Journal of Shandong University: Science Edition, 2020,
55(1):62-68.

[2]7 WANG C Z,HUANG Y.SHAO M W,et al. Feature Selection
Based on Neighborhood Self-Information[ ] |. IEEE Transactions
on Cybernetics,2020,50(9) :4031-4042.

[3] WANG Q.QIAN Y H,LIANG X Y.et al. Local neighborhood
rough set[]]. Knowledge-Based Systems,2018,153:53-64.

[4] WANG D,CHEN H M,LI T R,et al. A novel quantum grass-
hopper optimization algorithm for feature selection[ J]. Interna-

tional Journal of Approximate Reasoning,2020,127:33-53.



R A R TR B 5 R I 2R 2 REAIE 2 £ B 0k

47

[5]

[6]

(7]

(8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

PAWLAK Z. Rough set[ ]J]. International Journal of Computer
and Information Sciences,1982,11(5):341-356.

LIU Y,CHENG L,SUN L. Feature selection method based on
K-S test and neighborhood rough set[J]. Journal of Henan Nor-
mal University: Natural Science Edition,2019,47(2) :21-28.
XUE Z A,PANG W L, YAO S Q, et al. Intuitionistic fuzzy
three-branch decision-making model based on prospect theory
[J]. Journal of Henan Normal University: Natural Science Edi-
tion,2020,48(5) :31-36,79.

YANG X L,CHEN H M, LI T R,et al. Neighborhood rough sets
with distance metric learning for feature selection[]]. Know-
ledge-Based Systems,2021,224:107076.

MARIELLO A,BATTITI R. Feature Selection Based on the
Neighborhood Entropy[ ] ]. IEEE Transactions on Neural Net-
works and Learning Systems,2018,29(12) :6313-6322.

WANG C Z,HE Q,SHAO M W, et al. Feature selection based
on maximal neighborhood discernibility[ ]J]. International Jour-
nal of Machine Learning &. Cybernetics, 2019, 9 (11): 1929-
1940.

HU Q H,ZHAO H,YU D R. Fast reduction algorithm of sym-
bolic and numerical attributes based on neighborhood rough sets
[J]. Pattern Recognition and Artificial Intelligence, 2008,
21(6):730-738.

SHENG K, WANG W,BIAN X F,et al. Neighborhood discrimi-
nation incremental attribute reduction algorithm for mixed data
[J]. Acta Electronica,2020,48(4) :682-696.

RODRIGUEZ A,LAIO A. Clustering by fast searchand find of
density peaks[J]. Science,2014,344(6191) :1492-1496.

ZOU X H,YE X D,TAN Z Y. A color image segmentation
method based on density peak clustering [ J]. Microcomputer
System,2017,38(4) :868-871.

HUANG L,LI Y,WANG G S.,et al. Community discovery
method based on point distance and density peak clustering[]].

Journal of Jilin University: Engineering Edition, 2016, 46 (6) .

[16]

[17]

[18]

[19]

[20]

[21]

2042-2051.

DU M.,DING S.XU X,et al. Density peaks clustering using geo-
desic distances[J]. International Journal of Machine Learning &.
Cybernetics,2018,9(8) :1355-1349.

BIAN Z K,CHUNG F L, WANG S T. Fuzzy Density Peaks
Clustering[ J ]. IEEE Transactions on Fuzzy Systems, 2021,
29(7):1725-1738.

LIU R,HUANG W,FEI Z,et al. Constraint-based clustering by
fast search and find of density peaks[]J]. Neurocomputing,2019,
330:223-237.

XUE X N,GAO S P,PENG H M,et al. Density peak clustering
algorithm based on K nearest neighbor and multi-class merging
[J]. Journal of Jilin University: Science Edition, 2019,57 (1)
111-120.

Rosetta: A rough set toolkit for analysis of data [OL]. http://
www. lch. uu. se/tools/rosetta/index. php.

HU Q H,YU D R, LIU J F, et al. Neighborhood rough set
based heterogeneous feature subset selection[]]. Information

Sciences,2008,178(18) :3577-3594.

CAO Dongtao, born in 1997 ,master. His
main research interests include machine

learning ,data mining,rough set,etc.

SHU Wenhao, born in 1985, Ph.D, asso-
ciate professor, master supervisor. Her
include data

main research interests

mining, knowledge discovery, rough

set,etc.

(AT g0 i W ED



