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Feature selection method for dynamic feature

interaction in fuzzy neighborhood system
XU Jiucheng'?, NIU Wulin'*, DUAN Jianghao'*, ZHANG Shan'’ ,BAI Qing'"

(1. College of Computer and Information Engineering, Henan Normal University, Xinxiang 453007, China;

2. Engineering Lab of Intelligence Business & Internet of Things, Henan Province, Xinxiang 453007, China)
Abstract In order to solve the problem that most feature selection methods based on fuzzy neighborhood in-
formation system only monotonically interact with features according to the order of features when selecting fea-
tures , and that most feature measurement functions only construct metric functions from the perspective of alge-
braic view or information view, a feature selection method based on dynamic feature interaction in fuzzy neigh-
borhood is proposed. Firstly, fuzzy neighborhood mutual information is introduced to calculate the feature cor-
relation degree and reorganize the feature order according to the feature correlation degree. Secondly, the
process of dynamic interaction between features is analyzed, and the degree of redundancy and dynamic inter-
action between features is calculated according to the order of features through fuzzy neighborhood mutual infor-
mation and fuzzy neighborhood conditional mutual information. Finally, in order to improve the defect of single
perspective in the construction of most feature metric functions, a hybrid mutual information metric function re-

lying on fuzzy neighborhoods from multiple perspectives is proposed. Experimental results show that the pro-
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posed algorithm eliminates redundant features and improves the accuracy of data classification while comparing

with seven existing feature reduction algorithms on eight public datasets.

Keywords feature selection; fuzzy neighborhood rough set; dynamic feature interaction; mutual information ;

conditional mutual information
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A fuzzy neighborhood information system

Tab. 1

U ¢, ¢, Cy Cy [
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o o ols

23 0.3131 0.1086 0.3101 0.4329 0.2391
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Tab.2 Correlation between conditional features and decision
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Tab.3 Data set information

pEEES FEAKL FRIEE 2K
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Fig.1 Average classification accuracies of data sets with different dimensions under KNN and CART
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Fig.2 Classification accuracy of KNN for 8 datasets with different parameters
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Tab.4  The optimal fuzzy neighborhood radius values and

feature subset sizes for 8 datasets under different

classifiers

GRS CART KNN
Wine (0.50,8) (0.45,9)
Wadbe (0.85,7) (0.9,6)
Sonar (0.85,11) (0.85,10)
Heart (0.55,7) (0.5,7)
Colon (0.75,9) (0.75,10)

Leukemia (0.50,8) (0.45,8)
Breast (0.70,8) (0.75,8)
Prostate (0.95,9) (0.95,8)
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4.3 FNDFI k7R ANIEE FHER

T BAF B vk FNDFT 76 &b B A 2S00 it i
ROR AR P e % 4 MR ZE RS 4 (Wine \Wd-
be Sonar il Heart) {45520 42, 41547 FND-
FI B:7E KNN 232828 F1 CART 43228 F Ay 5256
455, 55 FNRDCI™ | DMRA'*! FSNTDJE*' IF-

PR PDJE-AR'™' FRFS™ i1 MIFS"'7 fhi4 vk
HATHAL . 25 M T 8 FPaE L RHE L fa] 51
KN, 26 FIRT S5t T 8 MEIETE KNN 43
FARFN CART 43 2545 T 19 40 298K B, Horp ODFN
F1 ODCA 73551 S 76 43 25 2 T I 4 B8 19 R 2y
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Tab.5 Feature reduction subset size of 8 algorithms

s ODFN FNRDCI  FSNTDJE IFPR PDJE-AR FRFS MIFS DMRA FNDFI
Wine 13 7.9 8.8 6.2 5.7 11.4 10.9 12. 1 9.0
Wdbe 31 9.0 16.9 17.1 15.7 24.4 15.8 27.9 6.8
Sonar 60 9.8 19.7 13.0 18. 4 19.5 17.1 35.3 10.7
Heart 13 9.3 10.9 8.4 9.6 10.7 11.4 11.8 8.3

Average 29.2 9.0 11.2 11.2 12.4 16.5 13.8 21.8 8.7

F 6 ARAEEE I 8 FhIEE M KNN 320K B2
Tab.6 KNN classification accuracies of 8 algorithms on low dimensional data . %

g ODCA FNRDCI  FSNTDJE IFPR PDJE-AR FRFS MIFS DMRA FNDFI
Wine 91.95 97.92 90. 57 94.29 94.94 93.30 94.74 91.08 98. 30
Wdbec 91.24 96. 21 94. 66 93.11 95. 61 94.32 93.37 94. 04 92.83
Sonar 86.53 78.74 69.75 70. 55 72. 40 73.57 74.07 72. 14 88.18
Heart 75.18 82.28 77.41 78. 89 80. 37 75.45 74. 44 76.97 83.92

Average 86.22 88.79 83.10 84.21 85.83 84. 16 84. 16 83. 56 90. 80

2T ARAEEE 8 FhRLILNY CART 43 28K5
Tab.7 CART classification accuracies of 8 algorithms on low dimensional data BT %

b e ODCA FNRDCI  FSNTDJE IFPR PDJE-AR FRFS MIFS DMRA FNDFI
Wine 87. 62 91.52 80. 27 87.27 91.01 85.44 85.92 84.92 93. 67
Wdbc 92.10 94.25 91.24 92.96 94. 02 89.90 94. 25 92.08 91.83
Sonar 67. 46 76. 04 67.07 68.71 69. 04 72. 60 72.24 73. 62 78.18
Heart 77.73 80. 66 76.53 74. 81 80. 00 73.70 74.07 74. 44 83.92

Average 84.23 85. 62 78.78 80.93 83.51 80. 41 81.62 81.27 86. 90

M S ATLUE 51 FNDFL (- YRR Y
A FERRNA 8.7, B HARBE L I, 7E5L
JEAE Whde 11 Heart |-, %3 FNDFI (1) 5R1E 24 fii
THE&HD, 41500 6.8 Fi1 8.3, HEIRFE L PDIE-
AR F1 FNRDCI 7EZ(#54E Wine I Sonar | 1 EFE
2y AL T H 0k FNDFT, (B35 73 208 B2 1/
TH3: FNDFI, A3k 6 F13k 7 Wl LUE , Bk

FNDFI 7E KNN FI CART 432K 28 T (°F 143 26 65
BE B, 43 5 9 90. 80% Fil 86.90% . 1 KNN
SPRER T m AR 2% ~7.7% ,4F CART 432
i NP ORE R i T HARE 1.3% ~8.1%
SR LM JE 7R FNDFI 883 19 8 300 , 22 1l
T 8 FRIRTE 4 MRYERHEE T IR . A 3
K4 0] LIF 535 FNDFT 7E A~ 284 1
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Fig.4 Box plot of 8 algorithms under CART

4.4 FNDFI EEXESHBIEE LNER

9 T B AIE A FNDFI 75 b 35 25 4 55040 i 69
BRCME, BEEL T 4 4> = 4E % 4E ( Colon | Leukemi-
a Breast Fll Prostate ) VE & SE 55 X 4. /0 A 351k
FNDFI 7£ KNN 432528 fll CART 4328 8% R 19 SL 5
4L 315 FNRDCI, FSNTDJE . IFPR . PDJE-AR Al
MIFS 3% 5 RS b AT . 8 44T 6 FhE
BRI fR AR KN, 38 9 FIR 10 433145 1
T 6 FPAAE KNN 232548 Fll CART 432588 R 11
IyHAEE , Hirp ODEN FI ODCA 435I A 7ES3 2 4%
IR G EE AR IE 2 TR AR B R A R

M 8 AT LAE i, 5535 FNDFI [ F- 24 Rk
Ly THERN N 8.5, 5 HRFIE W L, 6 1
R Y I RSO EAHZERON . BRI
IFPR 7£ Colon f1 Leukemia P~ 4& 4
MEZy BN BN 9 FIZL 10 ATF HY TFPR
FRAET A 3 2 T 1Y 73 SN 1 B AR T 550
FNDFI, 7£ KNN F1 CART Wfp K8 F B &
FNDFI (1) - 34 43 28 85 B2 43 i 24 90.24% #il
88.20% ,{F KNN /32K 28 F & T HAME E 2. 3%
~16.2% 1t CART 732845 T -V 2473 M5 =
HAhEE:0.8% ~13.9% ,



- 330 - PUAL R (A ARBHERR) %555 &
#*8 6 MEILHVRHEL T4 R/
Tab.8 Feature reduction subset size of 6 algorithms
B gE ODFN FNRDCI FSNTDJE IFPR PDJE-AR MIFS FNDFI
Colon 2 000 9.0 11.5 6.0 6.5 11.0 9.1
Leukemia 7 129 6.6 6.6 6.4 7.6 8.5 7.8
Breast 9216 11.6 11.6 9.5 10.6 9.7 8.9
Prostate 12 600 8.8 8.5 9.8 9.6 8.5 8.2
Average 7736 9.0 9.6 7.9 8.6 9.4 8.5
KO YR L 6 AR L) KNN 73 2K5 1
Tab.9 KNN classification accuracies of 6 algorithms on high dimensional data BT . %
g e ODCA FNRDCI FSNTDJE IFPR PDJE-AR MIES FNDFI
Colon 72.58 86.93 77.42 75.74 85.37 79.58 90. 89
Leukemia 73. 44 91.30 83.27 80. 42 87.52 74.77 95. 83
Breast 69. 09 86. 50 71.43 78.33 75.24 61.96 87.92
Prostate 83.09 87.09 78.71 80. 95 79.36 79. 69 86.33
Average 74.55 87.96 77.70 78. 86 81.87 74. 00 90. 24
K10 FYERE I 6 AL CART 732RK5 1
Tab. 10 CART classification accuracies of 6 algorithms on high dimensional data BT %
Bim e ODCA FNRDCI FSNTDJE IFPR PDJE-AR MIFS FNDFIT
Colon 59.67 85.38 70.97 75.95 80. 65 83.32 90. 75
Leukemia 75.56 96. 36 72.22 75.56 79. 35 90. 10 96. 66
Breast 70.23 80.74 69. 05 73.12 79.52 73. 81 77.35
Prostate 69.17 87.17 84.92 76. 10 83.12 82.13 88. 06
Average 69. 66 87.41 74.29 75.18 80. 66 82.34 88. 20
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Fig.5 Box plot of 6 algorithms under KNN
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