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EHMEEETFETRHRNEEXRBHEAE
AR, AER', BFF, RKRE

(1. PUJIRIE R 2P MR 27 B, R 61010152, POV E K 2F B R2F 22 B, L #E 610066)

M O E.BANBRARTEORNRR S EMEL W EBRYHE, BAT RE & RKEN MY 27
MEIE, FHFRZEGREBRERTRAEE AR E RS R ERERZHFRA, 4500 LR, F L3
B R AT 2 A AR Fo B SR ey A A R AR B T — A S IR s L T AL
MEOFEEBRAM A R, Ao, BIRSEHMERENEAROSESELERL, ZLT @aH
RRREQFMER, ZHTEEERASBARRNGERR SR ER BB TREATHFHEEOFTRE
MR &, FrNEXLTATREAELHROARPIRERELE - FRETEATERER
JE 9 4 52 K B M 2 18 AT & SE ik (Forward algorithm based on class-specific conditional entropy , FA-CE) #=
J& & 3L % (Backward algorithm based on class-specific conditional entropy, BA-CE). #&J& , /& UCI# 7 A~
HAE R A IR FRIE G 2L LB AR E R (LS8 ARSI & e — AR RAR WL 29 1 ik
H#AFTH T LY ERE, F £ LHF @ F M (Support vector machine, SVM) . K & ¥ 48 (K-nearest
neighbor, KNN) #= 2~ £ 5 w) )2 #f ( Classification and regression tree, CART)3# £ £ L& T 4% £
o Ry A FFe Fscore, IR iE T A XA B E X BHY R F RSB nE A ak,

K TR BEAR MR E AR BREAR ;R RS

FESES: TPIS XEAREE A

SR PR A Se sk B A, A BRI RS 5 b L T AR Y R S IR 2 T L) RO SR AR S AL T, 2026 ,41
(3) :825-840. MIN Yanling, YANG lJilin, DONG Mengmeng, et al. Research on class-specific attribute reduction
based on conditional entropy in fuzzy rough sets[ J]. Journal of Data Acquisition and Processing, 2026, 41(3):825-840.

51 B

B B A Kl B R R TE oG BB AR R o TR AL BN R I i 22 04 e P R 2
3 i Ak 3R 1] 5 0 RS 20 A 45 R o TR Pk 2 AR R R B R 4 A A R ) A T ) B 2
A R H AR AR RGN AR R R AR T L R B P TUAY R P L AT S B R L O
WA AL R 75 X 4 2 5 i S, 4R T e R0

28 HLMLRE £ 5 2B 77 5 B B0 R0H A Ak B I S 1) R B R0 N R RO RO X R T RE T
JAR B R L B B RO L 28 SRR SR VR 2 4 AR Bl 4Rt T G b S8 UKL B S ASTRRL B
SRR T S A SRR A s X G 2 T (S S R — A 408 4 I R A N X 2 1 4 Rk L HE
o 08 3 L AR — B 0 0 B 22 U S R SR A R KK S B (A T A B SR AR A ] T
S0 BT RL R 2 23 Ao X R A A Bl 3 4 A S AR U T I B SR T R R B A
% W L AN 5 P RS AG  J 0 Ak B B A

EESTE 4H A SRR L4 (23YTA630114) 5 PU A F 2R Fl 2% 56 4 (2024NSFSC0486, 2026NSFSC0444 ) ; P4 1] i 5 K 2%
W A AN ik ) 85 9% 5 B (K'Y 2025016),
I 5 B #3: 2025-06-12; 1817 H #1: 2025-08-15
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S AR S B R P B AL A — R TR A S TR R A B A 2 B B g i
VA A 20 AN P O 20— 2 A B b e R AT A ST — R & SR M A R . Mg
Wi B 5 AR HLRE 52 38 T A JEASPE T . Dai 25OV XoF X 6] {8 K 114 8 1k 24 7 1) A, AR LR
4 A B R T — o DX 550 R P A T A HE R . T St ke B D A 4 BT 1 R T4 R I U
AT RE 5 BOAY PSR XUBS B9 TR AL, 48 T —Fh R T RS R BRI A B R 2 L A ORI T A e
TP BRI E 5 o Liang 25 B M GH (55 S0 000 R 388 9 155 J60 00 O 35 3 19 Rl i S 42 o 1 8
Tolt 397 1) 240 8 7 9, fof 5 BB 0 B % TN 20 00 o Xie 25O U A R A ME A, 3 ) B R
ARABLOG 28 L A e 1AL G0 56 705 B0 1 5 B AFAE T SR RCRAR R UG 55 A 2 o H TR 20 2 715 B 19
Ja R 2 a7 01 5 T BT PSR O R A G — 1Y SR T 2 .

SR, 7E 52 R BT v AR A L 2 o0k i — A Bl e — S S P SR 2 A 8k TR A, BV E 2R Y J
2yt TR O AN [ e S 2 Y 2 SR AR DRI AT L 4 IR 5 2K A G L AT A5 24
R ITEZEUE O T R w0 o 2 MERh 3R 0 R, BOR B 22 Y BIF 5T T IR X R E 2 1Y T M 24 R
JEIFBEFE . Yao 25 R Gidth He AR T 3T/ KM AR B TR 2 I AR A B T i A L O
JET M S4B MBI FR . Zhang % W5 TR A5 BB M = SC0e s BLE  $R I8 T 3FE Big 2
8 2 1] I ST AN [ 24 7 D7 ¥ 22 M) AR 1) 02 UK B Dy ik TORC TR Y 1 2 TR A TR R A
Zhang %5 T AR SURDRE 52 10 1 5 28 I8 Ak 20 B I A HT T S AR KA IR R . Luo
BEXTRBBRPLSRF , BH0T — i L T A8 AR 0 00 e 2R R A 2 T O vk o B R TR E 2R Y R M A TR 7
V4 16 SV M O B R E 2R O G B B AT 2 g A S TR Y 0 28 PR RE .

RO LA 46 AR E R AT EBUEAR R R M AT IZ N o (B 02 BOMHDRS 48 308 b 4
SE I JE VRO 5 2R 1 e AL AT A TE R IR A% G A5 IR ASE 2 L) 4 Jm 0 A A e 1) e LA B2 ) ¥ 28 0] 1) SRR ALE
il 29 Z2 SR - 1 850 1) Je P 24 TR BE RN A3 S MERA Mk o PRI AR SCRT N SRR R T AR R RS 4R e e 2K
R e SR AL 5 B ST T 1) R DRSS AR . SRS L HE— D RN TR PR A TR SRR OT A I T b 24
B I T AR 0 R R 2 B PR 20 1 AT 9] 8875 (Forward algorithm based on class-specific conditional en-
tropy, FA-CE) )5 [ 5 1% (Backward algorithm based on class-specific conditional entropy, BA-CE) , Jf:
SR MT T T ) R R SIS B0 24 TR R TRT 1) R SR 0 2K Y 24 ] R M 2 TR A O AR o e e x b S L AR
T AR R LA RIREE 286 N H F-score, SEYG IR IE T A SCHE H 1% 24 187 J7 1 0 4 2 e 3R
2 Ja 1 24 a7 1 PR R RPE

1 EEie

1.1 HHAEE

U, AUD, V, [y — B ot 3K 5 8 &R 48 (Fuzzy decision information system, FDIS) , Hidr,
U={x, 20 2, )RR —DIEZHRINZE AFD G5 FR M EEEMIREEE, HAND=
e m1py=U/D={Dy,Dy,+,D,} ZRULED FHIERI}. V={V ]acA} RBBMWMHE, L UX
A—>VEREBEE f(2,a)E[ 0,1 RarEEYE o ERYEMEE -

EX1 FECU,AUD, V, /> S FAERA R 2, y € U, 2 Fly Z 18] fR A AL BE F) FH R G HE 25

B
R,@(I,y)—l—1/2}(f(l‘,a,l)—f(y,ah))2 (1)
|A] N i=1

IHFHRA (2, y)€[0, 1] 35 Ra(, y ) BUEBUEE T 1, WX 2 Fy AL 3 45 Ry (2o, y ) B ELBGEIT O, D) X
G My MO AR
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EX 2P U, AUD, V, O e €U, BRAMIEE T4 MBS A NG o fEEIEEB L

B SO AH DL 22 Sk
[x]U:RB(I,]‘1)+RB(.T,IZ)+ Jr Ry(x,z,) (2)
X Xy Ilz

EAR TR A2 BRI A L2 [ 1y th X R 2 5 i A % G2 59 ARBLBE R 7, i A ) 18 (L 6 47 167 B Y
AR AR AL RS

E X3 fEU,AUD, V[, % % YaeeU, BEA, U D={D,,D,,,D,}, % T {f &
D]EU/D,1<]<m,XﬂL%!xE"J$%*ﬂ9%%5FUFH@éﬁTEEXﬁ
B L,ND,
Dj(x):M (3)
I[x Tyl

D, (1) FR M 2 6 TSR D, SR BIE . X0, D,J— B Vo € U izijm: 1,

EX 4" fEU,AUD, V, [ Ve €U, BEA,U/D={D,D,, -, D, }, %% 75 5 @4 B
T LR TR D, B R e LR
EDj(x):yiggmax{1—RB(1:,y), D;(y)}
BD,(z)= %a[§inf{kf;<x,y), D,(y)} )
EXS5Y U, AUD, V. /> Nae€U,BC A, U/D={D,,D,, -, D, ) {EBIEEBF % 2%
TR D, I IE S
POS,(D,)(x)=BD,(x) (5)

Xt G e, (1<<i<<n)FERFE D, TR IER N

POS, ZPOS ;) (6)

TER 732 mp B IE BN

POS, (D)= > POS,(D,) (7)
j=1

EX6" U, AUD,V, /o, DIEEESE BT KL Jy

POS,(D)
Ul

EXT U, AUD, V, /o G R LLT 500 I8 2 8 1+ 4 RJ&: A i 249 fi - (1)7R( )=
Ya(D);(2VreER, v (D)<yp(D), iXH , 4 Red( D)KL 5 J 0 i A JE 22 fi
1.2 EERE=S

HE—NMMERRGET BT ANEREFMEETE, ERTLRMHRE, BB U FNENR LR E,ELH

Ey={(a2,y) €U X UNbEB,I(2,6)=1(y,b)} (9)

*E?EE,;,EILM%@J1’1‘%11’?*2']6}U/E“:{X,’;|z‘:1,2,.--,n}o RAERKIEED, EENRRE,=
{D)i=1,2, -, m}, ERRATEm DRE KR

EXS - MEERG R K, ERIETEBS A TR E XA

yu(D)= (8)
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H(DIB)= ZP X)) Zp DIX};)log o (p(D)IX})) (10)

X5 . IXpnDy
U] P(D|XB):W

M H(DIB) R R TES & @M T4 BT DA &M . RO E 2R DA E B,
[ Z 3R D WA N BT SRR A] DL R TSR 43 2 o, I 24 1

EX9 FE—NEERSE D, Y HACS W R LT RZME, RZEA IR KE M4 -
(1)H(DIR)=H(DI|A);(2)YréR,H(DIR —{r })#* H(DIR),

2 ETHEHHBHNSERBHEAE
%Hﬁ*@i*ﬂ%ﬁ%,zt\*ﬁ‘%lMﬁ@i@ﬁﬂi%ﬁ*ﬁy&%@ﬁﬁiiTEW%%%E’ FH M AR T
T 98 3h 1 R 2K B M AT A E . 2B T TR R R A e m L O R
2.1 HEXENEZGE
EX10 #U,AUD, V,[Y— MR E R RS VBC A, o, ceU, BHEFEBERB U LY
15 B AT SCh

Ap(Xy)=

——ZP([Ii]B)log(p<[x,-]B)) (11)
ftﬂlﬂ[x,-JBﬁxi%xﬁ}%@%BTEM%*MH{IDE%O MR p (L, Iy B SO
ERB(x,,x,)
p([x,],n:f:lT (12)

KRy (a0 )X G o, Mo, AL U S RS A8 H (B ER Tig UZE B T4 B
A E PR
EX 11 #HU,AUD, V, [y 3 F VD, € np R 5k 28 DR B U 5 B 0

Ep b)) log (p([2,]p)) (13)

ZIRD/(III"Z‘/)
ftrh:p([xi]Dr):HT,RD,(I,-,xﬂﬂﬂ’f%l‘ﬁﬂ@ﬁ‘ﬂ%%%’é@FPE"J*EMTE,%I,GD]HI,ED]-
W Ry (2, x0,)=1: % x,€D; H 2, D;, W Ry, (z,,2,)= 0o # 2, D;, M Vo, €U, i Rp (2, 2,)=0.
H(D;) & T8 UKD, N AT E R

EX12 (iU AUD, V. fyii AR T BE A6 D, L i & FEA 5
H(DJB)=—> p([2,1,) p( D[ 2,1) log (p( DI 2,1)) (14)

‘[171']5 ﬂDj'
HAE = (3) 1= (13), m#kﬁTUﬁﬁﬂﬁj‘?

KPR Rp (DI 2, 1p)=

. sND| -
H(D|B)= Z[IEU | log D;(x;) (15)
i=1
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st D, (o) W G A6 D, F HBI & . X B H (DJB)= 0, T8k 763 U6 R T4 BT %
TFUHEK D, A . H (DB )M/, 0 FFA7 5 56 T4 5 s e 6 D, 26 TR A T4 B F IR B 2 b
BN DR T8 B AR D S TR ORGSR H (DB )Mk, WA X 4 5 T
PeHEK D, AE TR AL T4 BT B A B 2 Mot A BV TR PE T4 B AR X e D LA T B A S

FR 38 (15) . 36 T vl 96 6 0 B A0 e 8 2 4% R AT 0 F A I < (1) 3 bk < YD, ()€ (0,117,

laND), - [2,],ND)

log D;(x,)<< 0,00 H(D,[B)= 018 Wi 7 5 (2) )5 8I : 8 h, = log D, (x,), 7&

Ul Ul
M B BU T L A, (B D; (2, ) R38R/ o SEI AN T
. . . 1,ND,
(AR N A YD, (2,)e(0, 1], long(zr,-)<0,FJ?L‘l—long(x,-)>O;)(W%7MP]ZO,

U
T LA — JSUARAE £, D0 SR At AR 7, BT LA H (DB )= 0 4H BT

/llBﬂDj I'Bij
(2) 3 TS0 5 26 PF R 1 T8 B ARG 0L F Vo, 0 € U L B '“|]U| '_[IﬂU 5
:‘[l’/}b’ﬁDﬂ

BT LA w,
Ul

’d,':Dj(Ii),?%h[ﬁj‘%gﬁihj:_wjlogd[o &f(d,):_logd”@ﬁjkgf

()=~ B0 €00, 1 LB ()< 0, TR (AR, 7 BB o 6K/ (d, VWb, B

|l 1:nDy
Ul
i o N o N[ B3 G o i O SO 7 8 L 1 O
MHR1 #{U,AUD, V, /)" VD, €np % FVB,B,ZA,HB CB,, A
H(D,B,)<H(D,B,) (16)
R T 1, K I 0 B 4 /T 4R R M P D B AR S . Wk, X T BS AL KR
B AT T /N 1D

LY w, MR 2 B BE D, () 93K/ . UERE

H(DJA)<H(D,|B) (17)

— WM JE AT B bR N SR IR S A R IR AR R AR B SR 4 A 7 i
AR RAERE I (0 8 Pk T4 . AE— DRI AS B R G h R P 2 Jd e 2 T H AR R B RN IR
PEFHEIFHZFREERENIKED, T EA S5 AMEMEERIEGE T . K, W48 FiRFevE, o] LLA
JFH 2% 000 A v el 0 2 2 0 T M 2 BT 2% 1, LR AN R

EX13 7ECU,AUD, V,fom B RCAZBIFEIH DI — 21,24 HACS W2 LR A5
% :(VH(DJR)=H(DJA),(2)YrER,H(DIR —{r})>H(D|R).

4 Red, (D)} 3 F & EM A F 2K D, T A AT IR A o &0 (DT T BT s iY@ P 7 % 5 %)
IR A BAMEGEE S, A2 HERR T AR 4E R PR EME . s, v LIE T ik 4
PEFIE A B F AR IE B R E M AT %R BA 500 IR T8 P4 AR R A I B B /Ny 2110 o
2.2 BEXEMSEZEANEEARESH

AR 5 38 A — A ) SR T R T A R 0 R 2 R A 2B I T 1 R SR 43 25 1Y i 24 T
5 R IS R M A T 2 R e R

Bl1 4w 1B PR R U,AUD, VR 1w, o, U={z, 2, 25}, A=
{ay,as as,at, FHYa€A G f(x,a)E[0,1],D={d},r,=U/D={D,,D,, D}, RIFL(1) &
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A X RAEEE AT X R AL Ik 2 Prs

x1 #HEWMAREEREQ=U,AUD,V,f) F2 HEMEX
Tabel 1 FDIS 2 =<(U,AUD, V,f) Table 2 Similarity table
U a, a, a, a, d Uu x T, X T, X X6 T, Ts
z 0.9 0.9 0.2 0.1 1 v, 1
T, 0.8 0.7 0.3 0.4 1 x, 0381 1
z 0.2 0.9 0.2 0.2 1 z;  0.65 0.66 1
z, 0.3 0.9 0.1 0.4 2 z, 0.66 0.71 0.88 1
Zs 0.4 0.1 0.9 0.5 2 z; 0.38 0.53 0.44 043 1
Z 0.4 0.3 0.8 0.9 2 zs 037 055 0.44 047 077 1
z 0.9 0.5 0.1 0.8 3 z;  0.59 0.75 0.50 0.59 047 0.56 1
T 0.8 0.4 0.1 0.8 3 zs  0.56 0.73 0.51 0.59 0.51 0.59 0.93 1

mﬁﬁmwuxﬂ%ﬁﬁ%ﬁ@%ﬂ%ﬁﬁ{@Ff%+Q&+Q%+ﬁ5aﬁmg+ow+
1

Xy X Xy X5 X

0.59 = 0.56
+ o
o Xy

SRJE A (3) 353 B A7 36 R 4 A PR SR S A ASOM e 3 60 5 AR I, A7

D, 0.49 043 045 042 030 0.29 0.34 0.33
D=|D,|=|0.28 0.31 0.35 0.36 049 0.47 0.30 0.31
D, 0.23 0.26 0.20 0.22 0.22 0.24 0.36 0.36

3% 8
HR 4 =0 (8) FlE L 7R R DR AR R 3R, BN {a, as. ayto IR & PRI
£ 5 B DN;’(I‘/);H]:TK(lB) s a3 B F H(D~1|A)=O.81,H(ﬁ1|{a2,a3,a4})= H(ﬁ1|{a1,a3,a4}) =

H(D[{a, a5 a,}) = 081, H(D{ay,a}) = H(Di|{aya,}) = 081 , H(Dy{ay,aas}) =
H(D\|{ayas})=0.82, H(D{a;,a,}))= H(D|{ay,a,})= H(D{a,})= 0.83, H(D|{a,,a;})=
H(D{a,})=0.84,H (D [{as})=0.87, H(D|{a,})=0.89,

MR X 13, 7T IS 8] Red, (D)) ={{ay, a,}, {as, ay} }o [AREHL AT L4 2 Red, (D,) Fl Red, (Dy)
{1 Ji8 k24 o B 4 3 3 TR ol WEE R 3, R

TR D, M Dy 1Y J& 1 20 1] 5 e 3 53 26y 14 RI SENBEENEMESE
gﬁﬁﬁ@%@@g e & R Red, ( ]51 ) Red(D), Table 3 Attribute reducts of classification and
M ERF XD, HIRE IR D MAFFEZLR . class-specific
S b k25 o3 B A e M 2 R P Y G B A u Ja P24 T
16 LLUF AT A« (1) 37 36 % : Red,, (D, ) Red(D); D {as,as, .}
(m%ﬁ@ﬁﬂw(~me D)# 0 (3) 54 D, tesai{anal

% :Red, (D )C Red(D), 7E#] 1 ,Red, (D)5 D: tana)
Red(D ma%ﬁ@am%%ﬁﬁﬁmmﬁ%m Dy tas el

F4sJas D B 24 IERZ 0 8 A T ap X Dy AT e il
HEAE . AR R R a) M a, W50 S SE Dy Ml Dy 2 TTAR R A
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3 ETEUGBNBERTERARGEE

TE 3T 4 U 0 4 2 28 R PR A0 fRT v, A5 0F AR PT L8 0L B AT B — AN M TR TR — R R
i 58 Pk o 2L T P 43 2 0 S M 2 AT R R — AR PSS AR SO S A 43 0 AE ST P S R A
S J M S M R 2D R T T RO R RS B 114 R A IS I I 1) R 1] JR A 24 R R

EX14 1HEUAUD, VO T B A B b€ B, BT b B P E & Ll

Sig" (b, B,D;)=H(D,B—{6})— H(D/B) (18)

SESC 1A JE Y b Y R SE A R MRS B P B IR O B SR I AR AR AT AL L Y SR AR AR A R
D03 W32 s P ) S R OK 5 ez, WU T v R RN N R R R M o R IR . BT
Ja M ) PR B B AT TR A 2R S 24 T S R SRR Bk LR S

HiE1 ETE£HEABEEROEEABE X

B CBRIRER RS 0=U,AUD,V.f)

i AR

(DA—R

(2)i8 3 S C15) WA 2548 Ho (D[ A)

(3)repeat

(4) for eacha € A do

(5) R H(D|R—{a})

(6) il X (18)H % Sig"(a,R,D;)=H(D|R —{a})— H(D,|R)

(7)  end for

(8)ik+% a,,;, = argminSig™ (a,R,D;)

(9IR=R — a,,

(10)itH H(D|R)

(1)E#IH(DJR)=H,(DJ|A)

(12)i& 19l R
EX15 7ECU,AUD, V,f )R MTFBCA,JBIEOEB,JBIE b HISNRE B E E L H

Sig™“ (b, B,D;,)=H(DB)— H(DBU{b}) (19)

SE IS, SRR o U I B P4 BN, SR AT RE 23 A R AR A DI T LR SR ATl 1 6 0 R B
B s SETFAR SRR RN o, S R G PR O R AR A R A A . R R A B 2
B o

Hife ETHFHBNBELMEBEEAEEZE

WA BMREEE RS Q=CU,AUD,V f)

iy 2R 4E R

(DR=0

(2)i 1 FC15) TR IR & AF 4 Ho (D, A)

(3)repeat
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(4) foreacha€ A — Rdo

(5) HHH(D|RU{a})
(6) i (19)3 8 Sig™(a,R,D,)=H(D,|R)— H(D,|RU{a})
(7) end for

(&)L #£ @ = argmaxSig™ (a,R,D;)

(9) if Sig™(a,R,D;)>0

(100 R=RU{ay.}

(11) else

(12) break

(13)i& [#] R

SRV 1 v P S R R A A M R — i e P X — i R A M R AR N R AR L TR 1R
P 24 187 e g RO S 358 R I I P 5 R e /N B J A 5 SR 2 v A R DAY A AR AN e
B PR I 7 A A R S R R A R A R RS I B Y e e

SR T AR BT R 28 B2 O (JUF « A, 3% B vHSE R ) B 2% B S O (1), Wi BRIk BCh
O(AP), 511 1y St i) 52 22 B R O (|UF < |AP ); £ 8% O (JA| - (U], AL ZE FE O (JUP), Br LAY 45
42 24 B O(|A[-|U| + [UF ). B3k 2 550k LFEmT ] 525 (0] 5 2 B FARIA) , 76 90 bris JH p s 1 5
2 08 DA O B 1R P A R M T T e M S K L X G B % R R I PR B A
AT

4 IXWEHH

9 T B IEHR H B 3E T AR (0 4 28 FA-CE R BA-CE 835 (104 20k , AR 35 M UCT i 5 8 W
TET 75 F 5 1~7) , WERF £ £ (https: //jundongl. github.io/scikit-feature/datasets.html.) H
TET 2804 (F 5 8~9) , i B 5 7~9 N s 4 St 48 , oA AR 4E 50 de 4 . B g ok fn 36 4 fr
7~ (Yale F1 Warp ARTOP ¥ S5 0 4% 17 Hirp 3 sk 3628 o HEAT AR MBI AN T < (1) CFARNRS™ 3 /2
JiE P 24 7 v 3 T 400 SR RS 4 14 R A ST 1) M 24
f 77 15 (2) NCECARM™, 2 F 4B Bk 4% 1405 19 45 <2
FIBVEL )15 (3) FRS, e TR0 LB 45 14 o4k

x4 HEEMHIR
Table 4 Description of datasets

N =2 LGRS FMFIEYE BEAR PR

HURE B4 A 2R A RT3 (4) CSRRWES'™ 5L T 41 . Brons
reast cancer 9 116 2
ST A AT 148 BT 1 LR K AR R Climate o s 3
Frk o3 A HE KNN (B r 48 ) , SVM (2R m L), 3 Heart failure records 12 299 2
CART (25 REIEM) B3 T X JLAS 2 8] B ik 4 lonosphere 34 351 2
4 45 2K o i R T Fscore, KNN 4 AR PR K 5 Parkinsons 23 195 3
ffi % 3. 75 CFARNRS ¥ ok, 9 #4480 ° Wine N
7 Toxicity 1203 171 2
F1 %Ihxﬁjvos TNCECAR;%:/M: C lmate;ﬁ g Vale Losa 166 s

77 0.2;7E CSRRWFS %‘(i b T BOE S A 1R
YIEL 0.2,
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B 92 55 78 Pycharm 3 58 T #F 17, % AUAS & ] Python %% 5 , Jf 76 BL 4 Intel (R) Core (TM)
i5-8265U CPU @ 1.80 GHz . 1% 8 GB i PCHL L $h17 .
4.1 BEAEERIN

R TS UE R E S S 1 24 TR 2 T AR T L A 9 A Bl A P X R SR 4 28 o, FH R TR SR Y 2 TR
D5 kAT A, LUAREC Red (D )3 SR 5 6 Bl 46 vh B> e 526 73 Sl BA-CE Fl FA-CE 5075 #EAT 1f e 26
JRHEL MR . X TAEER D, € np, AR R AN
| A|—|Red(D,)]

|Al

YR LR AN A LR, WSS 9 A0 A AN E & A 8 - Bl A A e D R 25 1 Ja M 2 7 3 9 o T R

GF YRR R XA UE T 4 )8 29 & 4 R i 29 A TU R B 35 . A Tonosphere 5085419 D,

Reduction Rate(D,)= x 100% (20)

0.8 ~BACE 1.00 1.0 A BAGEH
——FA-CE -—FA-CE
2 0.6 20751 2 0.8
g § E
2 04 £050f 2 061
3 . 3
Mo02f M0.25F P04t
—~BA-CE
——FA-CE
0 0 1 1 1 1 0'00 1 1 1 1 0‘2 1 1 1
D D, D, D, D D, D, D, D D, D,
25 25 285
(a) Wine(iE4E (b) Parkinsons${#E4E (c) Tonosphere i #E4E
(a) Wine dataset (b) Parkinsons dataset (c) Ionosphere dataset
0.3 0.4 0.6
—-BA-CE —-BA-CE —-BA-CE
——FA-CE —~FA-CE —~FA-CE
8 203r 2
8021 8 & 04r
) ) )
g oal o = B o g 5 02}
& o1t I~
0'0 1 1 1 1 0'0 1 1 1 0.0 1 1 1
D D, D, D, D D, D, D D, D,
251 B &S|
(d) Climate${H 4 (e) Heart failure records¥{ 4 (f) Breast cancerf{ {4
(d) Climate dataset (e) Heart failure records dataset (f) Breast cancer dataset
1.00
1.00 —-BA-CE
—-FA-CE 09
Q Q Q
s 0.75F s s
o o o
S ° S 0.6
B g S
& 005k ~ & 03
- —2-BA-CE —£—-BA-CE
—-FA-CE —+—FA-CE
0.00 ! 0.99— ! : ! 0.0 ! ! :
D D, D, D D, D, D, D D, D, D,
25 25 25
(g) Toxicity iR 4E (h) Yale¥iE 4 (i) WarpAR10PH#E 42
(g) Toxicity dataset (h) Yale dataset (i) WarpAR10P dataset

1 29 A A

Fig.1 Reduction rate comparison



834 R E B L Journal of Data Acquisition and Processing Vol. 41, No. 3, 2026

fEFA-CE LISMR F DM AR, HIEHE R T RS RETHER FFERERD ARKRETEZL
J& 1 .

VA Breast cancer 844 MW, 5 1m A1t A R,(D,)={a,, as, as, ar, ay}, R,( D,)={a,, as, as, ag, a };
W 2 A R(D,)={ay, a, as,a,, as, a., ag, aq), R,(D,)={ay, a, as, as, a;, as,ae}; M Red(D)=
{ay, as, ay, as, ag, az, ag, ag o FEEPERIE D LR 250 51 Ry 44.4% A1 %, 56 28 D, () 29 187 2K 43 51
g 44.4% M1 22.2% 5 RS2 o 3 AR TE T 33.3% A 11.1% 0 X —SCER 45 LB UE T MR ER AR 1
S R HE TR E R AT A BA-CE M FA-CE 4 2 /i 4 %50k .

4.2 HEBEHESW

T 8k BA-CE B3k F FA-CE Bk i 29 f IE A Pk, A 755 3 T 3 A WL 19 43 26 4%, BD KNN .SVM HI
CART. 76 9MHURAE LT /0 2 ME0 S 0 X Lo, JF R 3238 SCRIE , 8 25006 42 30 A 10 003 /I AR
& AR R IEAT 1058 N 2 Ak . 36 5~T7 JBIR T AR 2 faf (Raw ) 1% &L F R 5 Rl R [R] #9249 3 5395 43 1)
TEKNN.SVM Hl CART b 9 P BE X Ho 5 5%, b 26 oL Sl 2 5 0K 367 i v o %, T 8 L 5%
RN R R . 78 9D EUR A h A 23 MR e SR 2 . AR 5 FA-CE BIAHE 6 D 8dn 4 — 3t

#*5 KNNOEZFLHERER
Table 5 Accuracy of KNN classifier

B 4E D, Raw  CFARNRS NCECAR  FRS  CSRRWFS BA-CE FA-CE
D,  0.905 0.905 0.905 0.905 0.893 0911  0.910
Wine D,  0.778 0.944 0.725 0.777 0.762 0.782  0.983
D,  0.760 0.966 0.742 0.760 0.797 0.978  0.978
D, 0.964 0.970 0.980 0.950 0.959 0.985  0.970
Parkinsons D,  0.953 0.969 1.000 0.974 0.969 1.000  0.964
D,  0.969 0.985 0.959 0.985 0.964 0.975  0.975
onosphere D,  0.849 0.863 0.846 0.852 0.846 0.863  0.852
D,  0.849 0.863 0.846 0.846 0.829 0.906  0.849
Heart failure D,  0.592 0.626 0.626 0.626 0.627 0.632  0.652
records D,  0.592 0.592 0.626 0.626 0.611 0.629  0.646
D, 0572 0.554 0.528 0.559 0.571 0.604  0.604
Climate D,  0.556 0.544 0.563 0.554 0.562 0.580  0.580
D,  0.952 0.950 0.950 0.956 0.954 0.952  0.950
Breastancey D1 0977 0.492 0.477 0.527 0.522 0.537  0.527
D, 0527 0.579 0.477 0.527 0.530 0.590  0.519
Toxicity D, 0.538 0.603 0.614 0.627 0.641 0.557  0.620
D,  0.538 0.591 0.614 0.601 0.612 0.578  0.637
D, 0875 0.808 0.725 0.708 0.717 0.817  0.858
Yale D,  0.800 0.908 0.683 0.800 0.867 0.933  0.967
D, 0833 0.800 0.875 0.775 0.783 0.833  0.933
D, 0.675 0.875 0.742 0.617 0.600 0.892  0.925
WarpARIOP D,  0.850 0.925 0.867 0.875 0.733 1.000  0.950

D, 0.850 0.900 0.892 0.917 0.683 0.892 1.000
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F6 SVMOEZF LHEMRE
Table 6 Accuracy of SVM classifier

B 4E D, Raw  CFARNRS  NCECAR FRS  CSRRWFS BA-CE FA-CE
D,  0.927 0.915 0.915 0.921 0.922 0.927  0.928
Wine D,  0.759 0.771 0.776 0.771 0.762 0.774  0.770
D,  0.731 0.978 0.730 0.730 0.728 0.994  0.994
D, 0.970 0.970 0.970 0.970 0.974 0.970  0.970
Parkinsons D,  0.969 0.969 0.969 0.969 0.969 0.970  0.970
D,  0.969 0.969 0.969 0.969 0.969 0.980  0.970
onosphere D, 0.929 0.909 0.835 0.943 0.937 0.932  0.952
D,  0.929 0.929 0.835 0.932 0.931 0.949  0.940
Heart failure D,  0.679 0.679 0.679 0.679 0.681 0.679  0.679
records D,  0.679 0.679 0.679 0.679 0.681 0.679  0.679
D, 0.643 0.667 0.656 0.654 0.662 0.667  0.667
Climate D,  0.637 0.667 0.665 0.639 0.657 0.667  0.667
D,  0.959 0.959 0.667 0.959 0.959 0.959  0.959
Bresstemer P10 0929 0.529 0.529 0.529 0.533 0.542  0.542
D,  0.529 0.529 0.529 0.529 0.533 0.541  0.554
Toxiciy D,  0.649 0.673 0.673 0.673 0.665 0.673  0.673
D,  0.649 0.667 0.673 0.673 0.665 0.673  0.673
D, 0.900 0.775 0.608 0.667 0.867 0.867  0.825
Yale D,  0.805 0.875 0.583 0.708 0.808 0.908  0.917
D,  0.683 0.767 0.708 0.717 0.717 0.917  0.900
D, 0.646 0.900 0.825 0.642 0.692 0.808  0.950
WarpARIOP D,  0.868 0.850 0.867 0.850 0.867 0.967  0.925

D, 0.875 0.900 0.892 0.892 0.817 0.900 1.000
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R7 CARTHZEHF EHAEME
Table 7 Accuracy of CART classifier

LG D, Raw CFARNRS NCECAR FRS CSRRWFS BA-CE FA-CE
D, 0.933 0.937 0.938 0.950 0.938 0.938 0.955
Wine D, 0.916 0.909 0.899 0.911 0.927 0.932 0.928
D, 0.922 0.961 0.916 0.933 0.921 0.961 0.972
D, 0.979 0.980 0.960 0.959 0.980 0.979 0.985
Parkinsons D, 0.995 0.974 1.00 0.959 1.00 1.00 1.00
D, 0.969 0.970 0.969 0.970 0.964 0.969 0.970
Jonosphere D, 0.886 0.886 0.838 0.878 0.883 0.849 0.892
D, 0.892 0.863 0.829 0.895 0.846 0.900 0.889
Heart failure D, 0.766 0.796 0.783 0.780 0.641 0.786 0.792
records D, 0.780 0.760 0.790 0.780 0.786 0.810 0.786
D, 0.563 0.457 0.469 0.574 0.568 0.611 0.572
Climate D, 0.561 0.507 0.511 0.569 0.568 0.604 0.583
D, 1.00 1.00 1.00 1.00 1.00 1.00 1.00
D, 0.698 0.681 0.583 0.680 0.696 0.699 0.769
Breast cancer
D, 0.681 0.683 0.574 0.698 0.678 0.733 0.789
o D, 0.510 0.522 0.520 0.469 0.529 0.544 0.597
R D, 0.509 0.527 0.527 0.579 0.535 0.585 0.520
D, 0.783 0.842 808 0.775 0.786 0.817 0.742
Yale D, 0.843 0.900 0.850 0.725 0.781 0.742 0.917
D, 0.775 0.817 0.783 0.767 0.657 0.900 0.933
D, 0.750 0.750 0.750 0.692 0.761 0.800 0.850
WarpAR10P D, 0.875 0.900 0.900 0.850 0.893 0.900 0.900
D, 0.950 0.792 0.867 0.892 0.836 0.817 0.950

4.3 F,-score H{E

R T LR VAR X 5 i 24 fA7 5 1 A0 T 4 T R WA S BRI SE PR 2R B, AR SC A I S IE O HL AR T 5 AR AR
AR X 3443 248 N WY Fimscore, W 2~4 ff 7R o 8 WS 1 2, 7 KNN 4288 F , FA-CE B 54
B A v B P S 2R B R 5 14 Fscore f L 7R R 4N BR4E T AT 2 0L T ALK . BA-CE S 7
TR 4R L3k B B Y Fmscore {HL L 7E Yale B85 8 AR AN K BUAR . JHC I PR U2 76 oy 4 /D AR B9l 4R
1L 3T BA-CE By 24 ] 76 T 6 KNN 43 28 88 B, 25 55 12 W 6F Jay 38 45 #4731 22 BTk i AR AE , 2 30T X 4B 3
SER R REIR DT A5 D B AR AR (R BI BB ) T B, Bt Fmscore B B R AR, IR OLZE ] 3 AN IE 4 77 )
K BA-CE Il FA-CE 5378 53 Ah P R 43 28 8% B 9 Fi-score ¥ i T Hofl Xl 9k o 28 B Hsr i o 1
AT A58 UE AR SCHRE M ) 2 8 R 1 A BRI R AL o JF LB A SE 8 Hr nT AR L BA-CE BUE HTE A A i
Jo P OO A% IG5 R DR A B A RO 4 L FA-CE 3035 D 7 K34 B 50 F AR -
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Class-Specific Attribute Reduction Based on Conditional Entropy in Fuzzy Rough
Sets

MIN Yanling', YANG Jilin'", DONG Mengmeng', ZHANG Xianyong®

(1. School of Computer Science, Sichuan Normal University, Chengdu 610101, China;2. School of Mathematical Science, Sichuan
Normal University, Chengdu 610066, China)

Abstract: Traditional attribute reduction methods construct a unified attribute reduction set for decision
classification, ignoring the differentiated representation of attributes among various decision classes, which
often results in the pivotal attributes of specific classes being redundantly covered and leads to suboptimal
classification accuracy for those specific classes. To address these issues, this paper proposes a class-
specific attribute reduction method driven by conditional entropy based on fuzzy rough sets, considering the
advantages of fuzzy rough sets in handling widely existing numerical and fuzzy data. Firstly, by integrating
the decision inclusion degree of fuzzy rough sets with information entropy theory, a class-specific
conditional entropy is defined to quantify the local discriminative power of conditional attributes with
respect to the target class. Secondly, the paper presents a class-specific attribute reduction condition based
on conditional entropy and defines both internal and external attribute significance measures based on this
class-specific conditional entropy. Furthermore, forward (FA-CE) and backward (BA-CE) attribute
reduction algorithms are proposed based on attribute significance. Finally, the class-specific attribute
reduction is conducted on seven UCI datasets and two feature selection datasets, and comparative analyses
are performed against methods based on neighborhood conditional entropy, mutual information,
neighborhood rough sets, and a conventional dependency-based reduction approach. The classification
accuracy and F-score of the proposed method are evaluated using support vector machine (SVM) , K-
nearest neighbor (KNN) and classification and regression tree (CART) classifiers, demonstrating the
rationality and effectiveness of the proposed class-specific attribute reduction approach.

Highlights

1. Propose a class-specific attribute reduction method based on conditional entropy-driven fuzzy rough sets,
which addresses the problem that attribute differences between different decision classes are ignored by
traditional classification-based reduction algorithms.

2. Define conditional entropy for specific decision classes by integrating fuzzy rough set-based decision
inclusion degree and information entropy theory, to quantify the local discriminative ability of conditional
attributes for target decision classes.

3. Define the attribute significance measures based on the proposed conditional entropy for specific decision
classes, and constructs two attribute reduction algorithms including the forward algorithm (FA-CE) and
backward algorithm (BA-CE).

Key words: class-specific attribute reduction; fuzzy rough sets; conditional entropy; attribute reduction;

decision inclusion degree
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