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Abstract: The feature selection method for fuzzy neighborhood rough sets usually only considers the classification information in the
approximation, but cannot evaluate the classification information in the approximation and boundary domains. In this paper, we pro-
pose a feature selection algorithm based on self-information measure and fuzzy neighborhood conditional entropy. Firstly, three mea-
sures of self-information uncertainty are proposed by combining the lower approximation, the upper approximation and the bound-
ary domain, and the similarity self-information is proposed by combining the three types of self-information. Secondly, from the per-
spective of information theory, the uncertainty measure of fuzzy neighborhood conditional entropy is given, and combined with simi-
lar self-information, a more comprehensive feature evaluation function is proposed to measure the uncertainty of feature subset clas-
sification information, and based on this, the feature selection algorithm is designed by using the maximum correlation and mini-
mum redundancy technology. Finally, through comparative experiments on the dataset, the results show that the proposed algorithm
can effectively process the classification information in the approximation and boundary domains; and under the two classifiers of
the proposed algorithm, its average classification accuracy is improved by 2.55% and 4.15%, respectively, in the low-dimensional da-
ta set compared with the existing algorithms, and is improved by 0.83% and 2.54%, respectively, in the high-dimensional data set.
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Fig. 1 The average classification accuracy of four high-di-
mensional datasets under KNN and CART classifiers

in 50-500 dimensions
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Table 2 The best fuzzy neighborhood radius values for eight
datasets on KNN and CART classifiers

EEiTE KNN CART
Wine 0.5 0.5
WPBC 0.6 0.3
Heart 0.3 0.3
WDBC 0.4 0.25
DLBCL 0.15 0.15
Lung 0.45 0.5
Colon 0.5 0.5
Breast 0.05 0.15

tuitionistic Fuzzy Decision System Based on Intu-
itionistic Fuzzy Positive Region, IFPR) '*/ | 3t F*
LB 3% [ 15 B 1 RR A % £ 5 75 (Feature Selection
Based on Neighborhood Self-information, NSI) "/ |
— o T S0 UL 408 T 22 R A S BB 5 0 1 iR 1 2
f] % 1% (A Pessimistic Neighborhood Multi-granu-
lation Dependency Joint Entropy-based Attribute
Reduction Algorithm , PDJE-AR)"" | — Ffi 3& F 4
Bl 7 25 MR 5 I B4 7 E 2 4% 55 7% (A Feature
Selection Algorithm Based on the Neighborhood
Tolerance Dependency Joint Entropy, FSNTD-
JE) P00 — Fift 7 0045 455 B R RS 4R A5 B ep M) T A
X AR A BAE B R & 25 (A Heuristic Al-
gorithm Using Relative Dependency Complement

Mutual Information in the Fitting Fuzzy Rough
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Fig. 2 The feature reduction subset size and classification accuracy of four low- dimensional datasets with different fuzzy

neighborhood radius
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Table 3 The number of features selected by seven algorithms

on four low-dimensional datasets

=87 Wine WPBC Heart WDBC Mean
IFPR 6.2 10.4 8.4 17.1 10.5
NSI 8.0 8.7 6.9 7.6 7.8
PDJE-AR 5.7 12.5 9.6 15.7 10.9
FSNTDJE 7.2 7.6 8.1 11.4 8.6
FNRDCI 6.9 6.2 7.3 9.0 7.4
FSRMI 6.2 5.4 6.4 3.8 5.5
FS-SIFNCE 7.5 7.2 5.0 6.0 6.4

BoPn 4 B 2R EE ) KRB R A RE , (Hi%
SRR TR 4 1 BT BE 1 R AE B8R S 34 43 SRS
& #5155 F FS-SIFNCE 8% , H v Ji7 25 Jr 2 FRAE
W2l 14 BP0 B 2.8 . Xl R
FS-SIFNCE 5 % 76 A% 4 504 4 bR Re 2 fa e
M. o3 £ WPBC 4 4k I, FS-SIFNCE 5.7: 7
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Fig. 3 The feature reduction subset size and classification accuracy of four high- dimensional datasets with different fuzzy neigh-

borhood radii
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Table 4 Comparison of classification accuracy of seven algo-

rithms on four low-dimensional datasets when using KNN

K5 BACART » £ B, TAP ik 4 MK B £ B
A FA A

Table S Comparison of classification accuracy of seven algo-

rithms on four low-dimensional datasets when using CART

classifier classifier

(R:S Wine  WPBC Heart WDBC Mean Bk Wine WPBC Heart WDBC Mean

IFPR 09429 0.6840 07889 09311 0.8367 IFPR  0.8727 0.6658 0.7481 0.9296 0.8041

NSI 09361 0.7670 08140 09560 0.8683 NSI 0.9370 07710 07781 09123 0.8496

PDJE-AR ~ 0.9494 0.7576  0.8037 0.9561 0.8667 PDJE-AR 09101 0.7071 0.8000 0.9402 0.8394

ESNTDJE  0.9060 07370 0.7740  0.5470  0.8410 FSNTDJE ~ 0.8030 0.6870 0.7650 0.9120  0.7918

FNRDCI ~ 0.9523 0.7567 08106 09337 0.8633 FNRDCI 09252 0.7080 0.8266 0.9420 0.8505

FSRMI - 0.9510 07590 0.804 1 0.9490  0.8658 FSRMI 09190 07363 0.8330 0.9450 0.8583

FSSIFNCE 0.9849 08084 0.7951 09731 0.89%4 FS-SIFNCE 09722 0.8050 0.8330 09655 0.8939

TE : e — 51 Mean RN SE0A T 4 MIRAEBOIE 4R 232

LR Sl KAE B Tx A BN E, 8K
BE R A XS AR 4190 £ 12.9% . BBk, T

KNN 4328 28 v 7R A 09 2 28k, MR T
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Table 6 The five algorithms select the number of features on

four high-dimensional datasets

Bk DLBCL  Lung Colon Breast Mean
FSNTDJE 6.3 9.0 11.5 7.0 8.5
IFPR 12.4 8.6 6.0 9.5 9.1
FSRMI 7.3 8.8 8.5 9.2 8.5
FNRDCI 4.2 8.0 8.1 13.6 8.5
FS-SIFNCE 6.0 7.0 2.3 17.0 8.1

R7T RAKNNY R B, SA R4S RAEE LY
o FHh AT I

Table 7 Comparison of the classification accuracy of five al-

gorithms on four high-dimensional datasets when using the

KNN classifier
vk DLBCL  Lung Colon  Breast  Mean

FSNTDJE  0.8050 0.9703 0.7740 0.7140 0.8158
IFPR 0.9480 0.9685 0.7574 0.7833  0.864 3
FSRMI 09540 09601 0.8730 0.8130 0.9000
FNRDCI 0.9307 09809 0.8721 0.8450 0.907 2
FS-SIFNCE 09361 09722 0.8947 0.8560 0.9148

M P 2 6 7] %1, 5 ¥k FSNTDIE 1 ENRDCI
43 9 AE B I 46 Breast M1 DLBCL | & £ T # /b
PR 590 R 7.0 F 4.2, 55 ¥ FS-SIFNCE 43 %)
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Table 8 Comparison of the classification accuracy of five al-

gorithms on four high-dimensional datasets when using the

KNN classifier
ik DLBCL  Lung Colon Breast Mean
FSNTDJE  0.8050 0.9629 0.7500 0.6910 0.8022
IFPR 0.8700 09341 07632 0.7310 0.8246
FSRMI 0.8890 0.9532 0.8830 0.8650 0.8976
FNRDCI 0.9023 09649 0.8480 0.8017 0.8792
FS-SIFNCE 0.9295 0.9889 0.9133 0.8500 0.9204

FS-SIFNCE %% 7£ KNN #il CART W /> 43 2 £
W 8RR Y 4 28 PR BE L RS B 0 il Sk 89.47%
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