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Class-Specific Attribute Reduction Based on Conditional Entropy in Fuzzy Rough
Sets
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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).
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A X RAEEE AT X R AL Ik 2 PR

x1 #HEWMAREEREQ=U,AUD,V,f) *2 HEMEX
Tabel 1 FDIS 2 =<(U,AUD, V,f) Table 2 Similarity table
U a, a, a, a, d Uu x T, a T, X T T, Ts
x 0.9 0.9 0.2 0.1 1 v 1
, 0.8 0.7 0.3 0.4 1 x, 0381 1
s 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
x5 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 zg  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 s Xy X5 X

0.59 ~ 0.56
+ o
o Xy

SRJE A (3) 353 B A7 36 R T 4 A DR SR S A ASOM e 5 60 & BRI, A7

D, 0.49 043 045 042 0.30 0.29 0.34 0.33
D=|D,|=|0.28 0.31 035 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
A0 (8) FE L 7R K DR AR R 3R, BN {a, as, ayto IR & BRI H
i 5 B DN;’(I‘/);H]:TK(lB) s CIRa - | 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(D|{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 3] Red, (D)) ={{ay, a,}, {as, ay} }o [AREHL AT L4 5] Red, (D,) Fl Red, (Dy)
{1 Ji8 k24 o B2 4 3 3 TR ol WEE R 3, R

TR D, M Dy 1Y J& 1 24 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 ERFRE D, HIRE LD AL LR class-specific
S b k25 23 A A M 2 R B G R A u I P24 T
16 LLUF AT« (1) 37 36 % : Red,, (D, ) Red(D); D {as,as, .}
(m%ﬁ@ﬁﬂw(~me D)# 0 (3) 54 1 D, tesai{anal

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

F4sJas D B 23 A% 0 8 A T @y X Dy AT e 8
HEAE . AR R a) A a, W50 B SESE Dy Ml Dy 2 TUAR R A
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3 ETEUGRBNBERTERARGEE
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i 58 Pk o 2L T U A3 2 0 S M 2 AT R R — AR PSS AR SO S A 43 0 AE ST P S R A
S P S M 2D R T T RO R RS B 114 R A IS I I ] R 1] JR A 24 R R

EX14 U, AUD, VO T B AR b€ B, BT b B P E 5 & Ll

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

SE 1A SR P b Y E R SE A R MRS B P RS IR O B SR I AR AR AT AL L Y SR AR AR A R
D)3 W2 s e ) S B OK 5 ez, WU T e R RN N R R R M o R IR . BT
Ja M %) PR B AT R TR A 2R S k24 T S R AR Ik LR .

HiE1 ETE£HENBEEROEEABE X

B CBRIRERR%E Q=U,AUD,V.f)

Wi AR R

(DA—R

(2)i 3 2 (15) T30 i 25 AW Ho (DJ| 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;)

(9I)R=R — a,,

(10)i+H H(D|R)

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

(12)i& 19l R
EN15 7ECU,AUD, V> MTFBCA,JBIEOEB,JBTE b MRS R EEEE L H

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

SE IS, YRR oSS I B P4 BN, 2RI T RE 2 A AR AR AR DI T LR DR ATl 1 6 Y R B
B Wz SETFAR SRR R0 o, o R G PR O R AR A R A A . R R A B 2
B o

Hif2 ETHFHBNBSELMRBEEAEEZE

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

iy 2R 4E R

(DR=0

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

(3)repeat
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(4) foreacha€ A — Rdo

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

(8)IE#£ @ = argmaxSig™ (a,R,D;)

(9) if Sig™(a,R,D;)>0

(100 R=RU{ay.)

(11) else

(12) break

(13)i& 8] R

SRV 1 v P S R R A A N R — i e I X — R R A R AR N AR L TR 1R
P 24 87 T A RO S 358 R I I P 5 R e /N P Ja A 5 BRL 2 v A B R DAY T A AN e
B Pk I 7 A A R S R R A R A R 0 RS I B Y e e

SR LI AR T BT R 28 B2 O (JUF « A, 5% B vHSE R ) B 2% B S O (1), WA BRI BCh
O(AP), 511k 1y Bt 8] 52 2= B Ry O (|UF < |AP ); £ 8% O (AL« (U], AL AR FE O (JUP), Bt LAY 45
[ 24 B O(|AL-|U| + [UF ). B3k 2 580k LFEmT ] 525 (0] 5 22 B B AR, 76 90 Bbris JH p i 1 5
208 DA O B 1R P i e M L T T e M S K L X G B % RCHTE R I R B A
AT

4 IWESH

9T B IEHR H B 3 T AR (0 4 28 FA-CE R BA-CE 835 (104 20k , AR 35 M UCT i 5 5 W
TET 75 E PS5 1~7) , WERF £ £ (https: //jundongl. github.io/scikit-feature/datasets.html.) H
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Table 4 Description of datasets

N =2 LGRS KMFIEYE BEAR PR

HURE B4 A 2R A R T VR 5 (4) CSRRWEFS'™ 5L T4 . Brens
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ST A AT (48 BT £ LR K AR R Climate o s 3
Jrk o3 A HE KNN (Bt 48 ) , SVM (2 F:Em Al ), 3 Heart failure records 12 299 2
CART (25 EIEM) B3 T X JLAS 2 fa] B ik 4 lonosphere 34 351 2
(4 45 2K o i R T Fscore, KNN 43 AR PR K 5 Parkinsons 23 195 3
ffi% 3. 75 CFARNRS ¥ 3k, 9 #4488 ° Wine N
7 Toxicity 1203 171 2
F1 %Ihxﬁjvos TNCECAR;%:/M: C lmate;ﬁ g Vale Lost 166 s

77 0.2;7E CSRRWFS %‘(i b T BOE S A 1R
HIEL 0.2,
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fEFA-CE LISMR F DM AR R, HIFEHE R T R RE TR FFERERD ARKRETEZL
J& 1 .

VA Breast cancer 442 MW, J5 1 A1t A R,(D,)={a,, as, as, ar, ay}, R,( D,)={a,, as, as, ag, as };
i W 2 A R(D,)={a a, as,a,, ag, a., ag,aq}, R,(D,)={ay, a as, as, a;, as,ae}; M Red(D)=
{ay, as, ay, as, ag, az, ag, ag o FEEPEHRIE D LR 250 51 Ry 444 % A 111 %, 356 28 D, () 2 187 2K 43 51
g 44.4% M 22.2% ,F H RS2 o A3 AR TE T 33.3% 1 11.1% o X —SCER 45 SR EUE T MR ER AR A
SR I TR E AT A BA-CE M FA-CE i 2 /i 4 %50k .
4.2 HEMEHESW

T 8k BA-CE B3k F FA-CE Bk i 29 f IE A Pk, A 55 3 T 3 A WL 1y 43 26 4% , D KNN .SVM HI
CART. 76 9MEURAE LT /0 2 e S 0 X6 L, JF SR 3238 SCIIE , 8 25006 42 10l A 10 403 /N 25K
& AR R IEAT 1058 N 2 Ak . 36 5~7 JBIR T AR 2 faf (Raw ) 1% &L F R 5 Bl R [R] 9 24 3 5395 43 1)
TEKNN.SVM Hl CART b9 P B8 X He 5 5%, b B 6 oL Sl 2 5 0K 3R i v o 0 %, T 8 L 5%
RRR W TR R . A8 9 DB S vh A 23 MR e SR 2 . R 5 FA-CE BIAAE 6 M 8dn 4 — 3t
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Table 5 Accuracy of KNN classifier

Bt 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
Ionosphere 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
Brenst ey 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,  0.833 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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124> P 5 28 AR fi e B 38, 7 5 8008 48— 3 5 A e S 2 1 U Ik R M %, 7E Breast cancer 19 D, |
e Raw W&AIK 0.8 % , HiJF K A7 Breast cancer 283 £ A9 FRAF £ ad A BT A W R S8 B UG B E%K.
BA-CE SLIL7E 6 8046 5 111D 3R 2538 B fic e B 5, 78 4D B8008 4R 6 DR 8 13k 3k v il % L 18
Toxicity = 4ESCHE 4 T 1 v 5 38 b At 24 7 S0 10 A1, 81 SRy J 1) 24 190 o v 44t 40080 45 b vl BB S 8O0 . 7
6 FA-CESIETE 8B4 134N sk 28 ik B e, 7 6 R0 42 9 3R 8 Lk B R AR, 7€ Par-
kinsons %4 4 11 Y Dy AR T CSRRWFS H3% 0.4 % B9/ 5 ME R . BA-CE B3k 7E 8N Hcd 4 124tk
W LR B IR EAERR TE TR O PR U IR m R . R T AT LR FA-CE Sk
TR 1A YR T U fc s W % L 7 3/ MO 4 3 D3R 26 1 IUAS Y i %, BA-CE LG 1E
TAEE AR S PIRIE Ik B d v v R, 7E 6 DR 4R S DRSS R R U .

LR 5~T o M 25 SR vl LA HY A SCHR 8 B FA-CE il BA-CE 530 12k HURS % 70 v Tl 2R 14 4 8 R o
AN B R A B 9, B R U, A SCHR T R B T X DR 3 TR SR 2 I A e 2 £ R 17
TN — e R E AR T

F6 SVMOEZF LM EME
Table 6 Accuracy of SVM classifier

Bt 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 0529 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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Table 7 Accuracy of CART classifier

Bl tE 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{EH

T LR VAR X 5 i 24 fA7 B8 1 A0 T 4 T WA S SR I SE PR 2R B, AR SC A I S IE O LA T 5 ARG
AR X 3443 48 N WY Fimscore, Wl 2~4 7R o i WA 1R 2, 7 KNN 42688 7, FA-CE B # 54
B A v Y D S 2k B R 5 14 F score L 7R R 4N B4 i AT 2 AL T ALK . BA-CE S 78
TANEHE 4 L3k B B Y Fmscore {H L 7E Yale B85 8 AR AN K BUAR . JHC I PR 2 76 oy 4 /0 AR B9l 42
1, 3T BA-CE Y 24 ] 76 T 6 KNN 430 28 8 B, 25 55 12 W 6F Ja) 38 45 #4522 BTk i AR AF , 2 30T X 4B 3%
SER R WEIR DT A5 A B AR AR (R BB ) T B, B F mscore B B AR, AR U4 R 3 AN IE 4 77 L)
KM BA-CE Ml FA-CE 5378 53 Sh P Rh 43 25 8% B ) Fi-score ¥ i T Hofl X H 9k o 28 B Hsr il g 1
AT LS8 UE AR SCHRE M ) 2 8 R 1 A BRI R AL o O LB A SE S B T AR L BA-CE RUA HE A A
J& P 0 A R AIG LA B v A R DR A B A RO 4 L FA-CE 3035 D 7 KR4 B 5 F AR -
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