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Abstract Fuzzy rough set theory is currently receiving a lot of attention in the fields of data mining and machine
learning. The theory provides an effective tool to overcome the discretization problem and can be applied directly to
numerical or mixed attribute data. In the fuzzy rough set model, fuzzy relations are defined to measure the similarity
between objects and numerical attribute values no longer need to be discretized. The theory has been successfully
applied to many fields such as attribute reduction, rule extraction, cluster analysis and outlier detection. Information
entropy has been introduced into fuzzy rough set theory for the representation of fuzzy and uncertainty information,
resulting in different forms of fuzzy uncertainty measures such as fuzzy information entropy, fuzzy complementary
entropy, and fuzzy mutual information. However, most of the proposed fuzzy mutual information on decisions is non-
monotonic, which may lead to a non-convergent learning algorithm. To this end, the fuzzy complementary mutual
information on decisions is defined based on the hybrid kernel fuzzy complementary entropy, which is shown to vary
monotonically with features. Then, the feature selection method is explored by using the hybrid kernel-based fuzzy
complementary mutual information and a corresponding algorithm is designed. Experimental results show that the
proposed algorithm can select fewer features and maintain or improve the classification accuracy in most cases.
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Z—, BRI T A VF 22 T B0M MRS 5 B8 19 45
AR Ty 1, Bk 20y e T LK BOA) Sy A TR
ARE (3917 AR AS 0 s e 1T RS X
R 1 i,

5 RE T BT, B R L — b A
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BRI £ v B2 11— o A SRR O R A 4D
BERY, FFRE A5 B TR e B SR, A
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HEBENES, ILHFU). KA BeF(U), WIEE
xeU, —Sia 8 E UR:

1) ACB o AR < B):;

2) (AU B)(x) = max{A(x), B(x)};

3) (AN B)(x) = min{A(x), B(x)};

4) A(x)=1-A(x).
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21 BREZEH

fix U ={x1, x2, =, %}, ECA={ay, a, ", an} H
Vx; € URlla € A, a(x)F /R xifEa Y IUE.

PUAE AR 6 v AR AR R 428 L BUE AR & R 1
BOlE. XF T oy KB VEF R E A, R DG ™ Sk 3t
xR T ES B A RIOC R, HoE SR

K () = { 0,da € E., a(x;) # a(x;),

e 1,Va € E., a(x;) = a(x;).
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(DIB) = |U|Z U]
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IE B AR R 2 R L3,
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1 (s ® i) = |Lxli] )
U145 Ul -
. Z(l—ru e Z(l—r,])
[rA 0] B
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U1 & U] (DI
it
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1 e[l
CMI(B;D) = — _— (100
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MR 7. %BCC, A 3o
1)CMI(B; D) = CMI(D;B);

2)CMI(B; D) = CH(D)—CH(D|B);
3)CMI(B; D) = CH(B)+ CH(D)— CH(B, D).
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0 H. kg, (xi, x;) # 0. PRI, S BE B 2 F) AR 5 RRAE 1
A5 TR R ARSI b AR B AN AR R s S I 2 T T
J2 M SR VBRI AN A5 B AR /D B 3h 2 N AZ AR Y S8
Ok LB, BT LB A — A2 8e > 0k &
M e—1% @A E P2 i

Wk sig"(c, C, D) > &, JE Pt cfke— b R 0] (1, 4
WYL, et — e 1% IRk

EX 8. CH B RS & L H

Corec(D) = {c € C|sig"(c, C, D) > &}. (13)

F T % e M 0 e & o8 Pk 2 T R T DA o R e
1) i P 328 A0 4 T 300 A T M AR vk R B — A T P 2
T T R TSR A LA R 24 1 E L
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1)CMI(C;D) - CMI(B;D) < &;
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Horp: 2 DIRIERTE B Y TR 5 R R TR e
22 2 N B AR R Y X 53 B8 15 A5 1F 2) J8 2o I 5 3t
E BT PR E M, B H A Rt TEe—iR
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24 MHXHEE

FEF o L6 A L7 2 MpE B, Rt — A H
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% 1. KFCMI 8.3

BiA: DS =(U,CUD), |C|=m, [f{Ho, &;

B y: — 214 (Red).

(DRed «— @, Label— 1, B« C —Red,;

@ fork « 1tom do

@ TR R M,

@ end for

® for k < 1tom do

© i X6 i sig™ (e, C, D);

@  if sig"(ci, C, D) > & then

Red «— Red U {c};

@ B~ C—{a}k

1 endif
@

end for

@ http://archive.ics.uci.edu/ml

1 while CMI(D;C)— CMI(D;Red) > & do
/*/?\B = {Ck,’ Chys " Ck,,}*/
for I « 1to|B| do
i 7 1 sig™ (cy,» Red, D);
end for
ey, fifi 15 sig®(cy, » Red, D)RA
R AH
@ Red < RedU{c,}, B<— B—{c,};
end while
if |[Red| == m then
return Red < Red(1 : m—1);
@D else
@  return Red;
@ end if
R R, BREQO~D WG KB m, BB
(G BRI EC R n X n, 2L B Q) ~Q I 76 31 B Ry m, 2 B
O~ G PR B b T, B8R 18 B 16 2R R
mxnxn+m+h. K, EEIRFERT, B 10
] 52 %4 2 O(mn?).

®6 6

3 ;& g

FEIXHR A3, o T Bk i £ 55 3 A AT AT PR LA 2K
PR, B A SO $2 55 1k 5 58 T B 5 B (fuzzy infor-
mation entropy, FIE)"" ({58875 | 3 T 1001 HLRS 48 19 45
fiIF 3% $% (fuzzy rough-based feature selection, FRFS) "%,
HE TR X o3 B Y R 1 2 187 (fuzzy discernibility
matrix-based attribute reduction, FDMAR) " 3 i #5 #
L% £E (fitting fuzzy rough sets, FFRS) " F1 5 F X 43
418 458 5 /) 435 AiF 1€ % (discernible neighborhood counting-
based feature selection, DNCFS) " 47 T 4325 52 56 11y
XF b 43T
31 RBHEF

ST 15 B A, EATTE N UCT HLA% 2
>3 e B i SR 1 3 S IR A 1 BE A S N R 1
Jr 7R . % T — Se R AR A TR AR I R AR, AR SR Y
KA RAG L AR RN B IR AN, BT A A 550 1
30 o dpe /N -die RBR A A — 46 R DX T [0,1].

725K ( classification andregressiontree, CART) |
Fh 2 DU 37 (naive Bayes, NB) Fl k- 3T 4K (k-nearest
neighbor, ANN) 8 fif F >k $F-fif7 i #6 X} Fb 5807k 1 49 283K
R TR 4S5 10 H7 28 SRk R S, 43 21
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Table 1 Basic Information of Datasets Table 2 Average Number of Features Selected by Different
1 HEENEARER Algorithms
Bl T Y e T P ®2 AEEEAEERN T8
Ann ( Annealing ) 798 38 5 B2 B FIAFHMEEL FIE FRFS FDMAR FFRS DNCFS KFCMI
Arrth ( Arrhythmia ) 452 279 13 TR Ann 38 15 1 17 11.7 15.7 11.7
Autos 205 25 6 Ry Arrh 279 40 1 142 363 1227 1253
Credit ( Credit approval ) 690 15 2 TR2e Autos 25 17 14 20 4.0 10.7 9.7
Ecoli 336 7 3 Bl Credit 15 14 14 14 8.0 8.7 73
Glass 214 10 6 LIS Ecoli 7 7 7 7 7.0 53 6.0
Heart 270 13 2 TR Glass 10 10 9 10 8.7 2.0 3.7
Move ( Movement libras ) 360 90 15 BUE Heart 13 13 11 13 6.0 9.7 7.0
Park ( Parkinsons ) 195 22 2 ot Move 90 69 39 72 663 717 64.3
Sick 3772 29 2 T2y Park 22 14 13 20 13.7 4.7 8.0
Spam ( Spambase ) 4601 57 2 Bl Sick 29 26 1 26 160 117 10.0
Wave ( Waveform ) 5000 21 3 Fefl Spam 57 53 56 57 55.0 52.0 48.7
WDBC ( Wisconsin Diagnostic % Wave 21 21 21 21 21.0 18.3 193
Breast Cancer ) 569 31 2 B
WDBC 31 22 25 31 22.7 13.0 5.7
Wine 178 13 3 Bl
WPBC ( Wisconsin Prognostic § Wine 13 13 1 13 1.7 5.0 5.0
198 34 2 A¢IEN
Breast Cancer ) WPBC 34 28 20 34 283 7.0 6.3
FEIME 456 241 162 331 211 23.9 225

1 6 1) SF- Y (B R b o 25 1 hy e A 45 51

e g h, KFCMI Bk A 2 > S 8o fle. 5IA
SR o T i FEAS B AR AL RE , 35 % B0k i P e A AR K
(R 52 W) 5 T 2 B8 e B30 A58 Lk 45 1. X 1 4 7 T 4K
A, RS e/, BTk R RSO S0 . —
RS, AN ] Y o Flle 2 T8O TR 23 2l R R L,
B S HUE, (o e 0~1 Z A 281k, 2K 0.02,
Hee (107, 107, A4 48 1 B — A SR LR AiF
. 7E FFRS B LW 51 A T 242 5 e f A 16 SCHk
[19] S E, LL0.05 P Kl B 0.1~0.5 Z
B FAE, L 0.1 /25 Kol A ol 0.1~0.6 2Z 8] 1 1A
DNCFS 5.3 ¥ K 4838 142 2 856, FL 1y i 2R [0,1],
AN 0.02. TG 5250 45 S H = E f i 4 R HE R Y
LT 45 H .
32 ZRHER

T2 T R T T e RR R 9 °F- 3 5k A
F 2] L, KFCMI 58k K 25016 000 F BUg 148/

TE: PRABUERR A JBRATAITCARPHE.

FEAEF- Y% FIE, FRFS, FDMAR 595 78 — S0 5 4 41
AR R R A B PR, X W] FIE, FRFS, FDMAR
AR — SRR A b T A AU K BR U AR RRAIE. Ut
Ah, Xt TS T &, KECMI %94/ T FIE, FDMAR,
DNCFS %%, {H s K T FRFS Fll DNCFS 5.1 . % 3~5
Ay AR T I AR e AN X 6 R Y 2 R B H
(4 53 S e 2.

M 3~5 tha] LLE B, 53k KFCMI TE T A $is
£ b A fE B s O DG BN 19 A 2 E A R AE
% 3~5 45 Zip st b, KFCMI BB A 29 4590 st 30 Bl
T B ARy ER . SR, Xt T FIE, FRFS, FDMAR,
FFRS, DNCFS 53, 43 LA 2, 0, 0, 8, 8 F% 1 5t 5%
BT AR S UER . TE 2 1 )2, KFCMI 53 19 °F- 1
Gy AUER AR 3 R B BT A T A R AR
Bt 2 N7

Table 3 Classification Accuracy of Different Algorithms Based on CART Algorithm

#3 ET CART EEMAREED LEME %

A/ b Gkvei FIE FRFS FDMAR FFRS DNCFS KFCMI

Ann 92.08+0.33 92.19+0.41 76.19+0.00 92.230.51 91.25+0.60 92.630.50 92.42+0.50
Arrh 65.15+1.56 64.98+0.79 54.20+0.00 64.31+1.77 53.3440.93 66.02+1.27 66.06::1.82
Autos 74.00+3.98 75.76+1.83 75.32+1.78 75.90+2.63 51.0242.58 76.54+1.74 77.90+1.90
Credit 80.43+0.80 81.25+1.25 81.30+1.05 81.14+0.86 69.93+1.36 85.3620.66 85.430.90
Ecoli 80.68+1.53 81.88+1.09 80.45+1.68 80.51+1.52 81.88:1.86 81.73+1.17 81.88+1.36
Glass 98.50:£0.43 98.69+0.37 98.50+0.30 98.55+0.41 98.32+0.33 98.83+0.33 98.88+0.39




FANGE TR 2 AR B A B B RRAE 1117
ZR3
YIS JE LR B FIE FRFS FDMAR FFRS DNCFS KFCMI
Heart 76.89+2.38 76.22+1.65 75.26+1.59 76.26+1.68 82.44+1.04 79.11£2.30 81.07+1.12
Move 66.11+2.90 66.69::2.00 67.17+2.62 65.22+1.41 64.19+1.60 66.67+2.36 67.64+2.44
Park 85.59+1.67 86.72+1.99 86.82+2.20 86.10+2.20 88.31+1.51 87.33+1.64 87.79+1.41
Sick 98.83+0.12 98.49+0.11 93.88+0.00 98.79+0.10 98.34+0.08 98.86:0.08 98.87+0.08
Spam 91.80+0.36 91.62:+0.49 91.71+0.18 91.83+0.27 91.98+0.27 91.92+0.28 92.16+0.28
Wave 75.23+0.45 75.36+0.38 75.27+0.48 75.11+0.62 75.63+0.49 75.06+0.60 75.60+0.37
WDBC 92.46+0.76 93.06+0.70 92.86+0.65 92.02:0.53 93.30+0.74 93.90+0.79 94.22+0.63
Wine 89.61+1.57 90.51+1.11 91.57+1.91 89.66+1.48 90.90+1.09 93.03+1.22 94.04-0.66
WPBC 66.21+3.25 67.63+2.83 67.58+1.87 68.79+2.18 69.55+2.43 73.08+3.88 73.69+2.23
TFHE 82.24+1.47 82.74+1.13 80.54=1.09 82.43+1.21 80..03+1.13 84.00+1.25 84.51+1.07
T SRRME S B 0 4 2 .
Table 4 Classification Accuracy of Different Algorithms Based on NB Algorithm
4 EFNBEEWARE XS LEHE %
Bl sk IR R FIE FRFS FDMAR FFRS DNCFS KFCMI
Ann 75.98+0.26 76.02+0.41 76.190.00 76.10+0.12 76.29+0.23 76.22+0.10 76.19+0.31
Arrh 62.83+0.59 66.55+0.93 54.20£0.00 60.69+0.76 62.43+0.62 66.97:0.80 68.14::0.42
Autos 60.20+2.08 65.32+1.67 68.34:0.96 63.22+1.32 43.61+1.28 68.73+1.83 70.83+1.07
Credit 66.74+0.39 67.73+0.46 67.56+0.45 67.65+0.69 72.14+0.34 84.86+0.24 86.26+0.34
Ecoli 84.46+0.61 84.38+0.86 84.85+0.45 84.26+0.68 85.00:0.68 84.76+0.44 84.91+0.37
Glass 90.70+0.87 90.47+0.55 92.20+1.15 90.61+0.64 91.54:0.60 98.55+0.46 98.41+0.45
Heart 79.63+0.78 80.04+0.54 79.63+1.00 79.70+0.46 82.41:+0.53 82.22+0.43 82.30+0.55
Move 68.03+1.47 67.25+1.12 64.50+1.29 67.17+1.60 66.58+1.14 68.17+1.23 68.42+1.78
Park 74.56+0.65 78.87+0.90 81.38:0.87 74.4140.61 82.51+1.20 85.74+0.83 85.95+0.36
Sick 93.75+0.03 93.72+0.05 93.88::0.00 93.71+0.04 93.85+0.04 96.70+0.06 96.78+0.04
Spam 54.21+0.12 53.810.13 54.33+0.16 54.36+0.19 54.33+0.17 54.17+0.22 56.04:0.17
Wave 80.710.10 80.68+0.08 80.730.06 80.69+0.06 80.76+0.06 81.50+0.08 81.57+0.09
WDBC 93.71+0.55 94.07+0.17 92.63+0.32 93.74+0.37 92.29+0.31 95.13+0.22 96.80:0.22
Wine 97.980.60 97.70+0.41 97.87+0.24 97.47+0.48 96.74+0.36 98.03+0.30 98.030.30
WPBC 65.7142.29 67.22+1.36 68.18+2.01 66.06+2.10 67.88+1.85 78.99::0.90 78.99:+1.07
S 76.61+0.76 77.59+0.64 77.10+0.60 76.65+0.67 76.56+0.63 81.38+0.54 81.97:0.50
T SRR B 1 5 2 %
Table 5 Classification Accuracy of Different Algorithms Based on KNN Algorithm
ET INN EENAREE RS K ERE %
FYE/IES IR B FIE FRFS FDMAR FFRS DNCFS KFCMI
Ann 90.530.62 90.78+0.64 76.19:£0.00 90.71+0.46 90.24+0.52 91.29+0.36 90.79:£0.65
Arrh 54.29+0.66 54.60+0.88 0.66+0.00 52.94+0.84 51.35+0.78 55.44+0.84 56.66:0.65
Autos 74.20+0.90 70.83+1.56 75.37+1.08 72.98+1.15 51.80+1.07 82.93+0.92 82.49+1.44
Credit 80.51:+0.54 80.26+0.94 80.67+0.57 80.51+0.49 68.23+0.78 81.35+0.40 81.330.67
Ecoli 80.60£0.48 80.89+0.86 80.89:0.52 81.16+0.44 81.28+0.89 80.95+0.61 81.190.50
Glass 90.89+0.67 91.31+0.59 91.64+0.60 91.26+0.99 91.120.66 98.27+0.44 98.50::0.48
Heart 75.41+0.84 75.74+1.25 78.96+0.94 75.89+0.83 74.04+0.85 79.59+0.79 80.26:+1.00
Move 85.97:0.82 86.25+0.77 84.92:+0.94 85.97+0.53 86.72+0.58 87.08+0.79 87.00+0.67
Park 95.74+0.59 95.28+0.68 95.08:£0.60 95.74+0.73 96.46+0.38 96.87+0.78 97.03+0.47
Sick 96.17+0.08 96.43+0.12 93.88::0.00 96.19+0.14 96.28+0.14 96.69+0.14 96.99::0.12
Spam 90.93:0.09 90.80+0.19 90.84+0.25 90.90+0.09 90.99+0.16 90.69+0.23 91.04::0.14
Wave 77.29+0.24 77.2240.11 77.34+0.20 77.25+0.20 77.47+0.27 77.12+0.28 77.50+0.17
WDBC 95.40+0.41 95.99::0.26 95.45+0.23 95.76+0.46 95.85+0.24 95.62+0.31 95.98+0.17
Wine 95.11+0.46 94.940.00 95.84+0.39 95.28+0.39 96.69+0.32 98.65+0.47 98.88+0.26
WPBC 69.24+0.97 71.52+1.70 73.13+1.54 70.20+1.47 72.88+1.31 74.85+0.92 75.10+1.22
FHE 83.48+0.56 83.52+0.70 79.39+0.52 83.52+0.61 81.43+0.60 85.83+0.55 86.05+0.58

T FRAMEA s 9 2 SRR .
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