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R-FCCL: A Novel Fuzzy-Based Concept-Cognitive Learning Approach for High-
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Guo Doudou and Xu Weihua
(College of Artificial Intelligence, Southwest University, Chongging 400715)

Abstract With the rapid development of global informationization, data mining and knowledge discovery of
high-dimensional data have been a hotspot in the field of artificial intelligence and data science. However, the sparse
sample and redundant feature issues of high-dimensional data make it challenging to ensure the generalization and
interpretability of traditional statistical models and machine learning methods. Hence, this paper presents
fuzzy-based concept-cognitive learning with robustness for the imbalance problem between high-dimensional data
and weak knowledge evolution ability. The main idea is to explore the knowledge structure and cognitive learning
mechanism of high-dimensional data from the concept perspective. This paper proposes a high-dimensional data
classification method based on the concept-cognitive learning mechanism in the fuzzy formal context. Furthermore,
the cognitive learning process of fuzzy concepts is described from two different perspectives by the positive and
negative cognitive learning operators of fuzzy three-way concepts. Finally, the fusion of fuzzy three-way concepts
completes the task of concept identification and data classification. Extensive experiments performed on 12 real data
sets compared with 12 state-of-the-art classification methods also verify the robustness and effectiveness of the pro-
posed method. The considered framework can provide a convenient novel tool for researching high-dimensional data
knowledge discovery and fuzzy-based concept-cognitive learning.

Key words formal concept analysis; concept-cognitive learning; granular computing; high-dimensional data;
three-way decision
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fR R PRI B T AR I PRARE. MHLAR 5 S I BE 12 4
(A FE SRR, THI Im) e 4R () 40 SR OT VR Z — 8 (2
TLBE I AT e tE, EEE R T: D mgefeiE s
[E] b, PR eSO i T AEA R, B A R
R e, BUEAE DRIUR &2 YRR 73 AT 2)
“HERUR A P B LA A0 B s LA I 2507 1 R A
3) HPAEAE AL I B TR S B2 0 R AR B A 4R AR . B
I, I A A0 v A B 1 A R S O VR AR AR
T

eI LR, AE 528375 T 15> K88 A 4k
Pede i, (HH A PR AR 2 KM T 75 R K
¢, BDECHE SR G AR e MR ). IR an s S S i
R4 EFE (no free lunch theorem, NFT) MfFsE, A
] 73 S S AE AL BAEDO By Kb strh & BTk, i E
fr, GEAERYE, S RBMBH A R ERE R AT
REPEI 23 2837 SRV, BN : LT 2 SR a8 i 1
HZ AP @i @5, SRE6KkE, MERNHHE
AN EAA 3 HIRHE: L REaRg s T RESRS
K ERE: 2) AR ATARREE: 3) RIFHIEHE
BT, B dERERE o R, AR SCEE S =3O
SRARSL 2% ) AR (A KL B, 2 — i 1 o 2K 5 1i—
BORIRE N 5 2.

MRS 2 N RAE DR S 2 R R S A
JRRFE,  FFak— B4 v 4 GO SR ) R B £ B
M, NATRY I — Pk b 5 IS 2 [ R, AEHHR
HYIFEIRT, RRFEWR R RS, B, S
W 3 TR, BFENE. SMELL IS4, H
N (1 1 S 2 AR RS R TR AR AN L, IR
FTRNE S BRI A, TES 4 R H MU N A
PRANANE IR RN, IR A 2 ME— T E 1Y, HH
PR R A SE A B AR AR RS2 Re 1, PR W] T4
RAFEI AL FpUL, b E AR 03 SUARRE, Mk
AR PLEARRIR R S RS I U
CROT T g e SRt T o Jo P M 2L ) A
&, T H 24 BIA R s 5, Bl sl &
N1 2= 2 LS N 5 P Tl N o A S EcY
B SR T, MR & A A o) B
(concept-cognitive learning, CCL) it 4 5E A K
J7 15 8 S & R AR E (1) 27 2, B S A o R AIE (1)
WAL FEER], =SOSR SN & o A
N—BARFMEMB SRR S50 Hie, HArOsET
[FIIST MIE L $RIX 2 Pl SR AH s () 1 FE A0 Fo i A 5
P2 & W RN K = SORE& B8 FH DUR R BOMI A 55

T HIME N EN S S IR, AT DU R AR SR A B v
BN, X WIE A SR = S & AT A 57 2T 1Y
FEHHLZ—.

RN TN 27 2152 L& 9 RR B SR AR 4, BT
FEA S SRR AR DAL R
VE L AN 73 B B i yu U S R SRS i e, iR
NN ST [F T 2 B SO S &, TR
BN FITHE T, LR E RS G4 T 5
F 28 IR A a2 2 3, R4 T A 45
KT BRI N 2] 4, Rk AR 45 G i AL
T 2 KPR i 2 23 1 3 22 FE M DA e 2 )
(200 N SIHLRIIIAR A VR AR S SR AR I
HIZ 0 TR, BN o) B RAF SR aE ).
151 G 2 T T A2 AR A DA R 2% S TR RIDRL ARE 2 A R
5 S) 8 MR AR A R, A B Z AT (A
AL 2N B BE W AR AP AR IR A SR 2 IR . H 2 AR
FARIUCE: 1 nIAEREE. BES A R A% S B AR
AR B DR SR 1129300 BR] ) FH M AT N R AL
ABGRAT AR, 2) SRR, RIS EAH B4R
WL S A SRR, REWS RS H LR R Y, S5a M
O AR 2 BEAE) S22 1) 70 28 4% RE BUAS L 1) 70 26
g0, HEARORMEHEE. HAl, FIH CCL JFENL
s T B BT TR , (E0 4R RO
RS 43 2 o) 0 R AR T, TG, AR —Hh
R e ORI NE S e 21 71, I DU B v 4R 2
B IA TR, B IR STk

1) 5t — el i) et 45 8040 RO R S\ B o 2
J77% (fuzzy-based concept-cognitive learning method
with robustness, R-FCCL);

2) fEMRIARI — BN B, SINERES
PR BOR A A AR AR &, B B =SS A IE S0
FT AL T R 5 @k 2 [ o< &, #E1miE
TSI HARE R-FCCL 2% 3 J7 2 25tk 5

3) GE IR RN L], Bt T
BA RIS AT iR ) v 4E 80808 70 2K 25

ASCHEH ) R-FCCL 77V BEAE DRE & M 0 7] fife
FEPERIRTIR AT —E B8, 2 — R gk
I PRI 70 285

1 H8xT{E

A i [m] R R A 3 S AR S 22 ST
oy XA, TR 5. B 5. W
R =SS AT SR VR T M E X, AT S R AR
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2 ML T SOt — I A RO R IR 1=,
T RESEHEZ RSN Z ik R, HFHH
X AR 1t R0 T R M . T AR TR 20 S
R RO AR T SRR RO A B AN REERE RS
[ o8 R IR R, 2 B SR & 0 i S0 T 8
B R IX — R R, TRERIARE, ASCHRm)
MRS AN 27 ) B LE R T A5 5 ST

BE—MRIESU ={X,%,,... X}, U L
[RIBTHI4E X A

X ={(x, 1z (¥)) | x €U},
Hrp kg U —[01], Hy () TIRXT G X KT BRI X
RIS JE . AR, 8 (%) =1 p, () FoR AR R
B, FEHTY RomE XAEU EFTABIENES.

WHICH (U,AT,D,J) MR &=, Hh
U={x.%,...x } il A={a,a,,...,a } 7 HE R G4
RIS, T={((xa), 1 (x,a))| (x,a) eU x A} F7r~
SREU HEIFBIEE A Z R ek &R
U/D={U,U,,...U}, HoIERRRELNDE;
J:UxD->{0,3 NU HRFHRKES D ZIHM 0K
R.MA, EE (x,a) e T FFAER IR 1 (x,2) €[0,1] .
NTIE, G w(xa) A T(x,a).

Bk, %558 BOWE U 5t U,AT,D,J), H
XcU, BcA, BeT", W@ —HHT:

X"(@)= A [(xa),acA,

B"={xeU |VaeB, Ba)<i(x,a)},

Hoh TA KRR & XA A LB ERES. I
4k, PAE— S R an R PR R

1 X, cX,=X,cX;,B cB, =B, cB;

2) X X™ BcB™;

3) X=X

4) XcB oBcX';

5) (X,UX,) =X, "nX;,(B,UB,)*=B NnB;;

6) (X,nX,) 22X, UX;,(BNB,)*2B UB;.

b, # e (X, B) W X =BHB =X,
AR (X, B) ARERINE S, o X FoR BRI & ) 41
W, B RNBMMEE AR, B, (X7, X)) M
(B",B™) BB, F LU, AT) BB
SR I FTE B S S, SRR (X,B).(X,,B,)
eLUAT), EBX_HZEMFXKRZN(X,B)
<(X,,B,) = X, c X, < B, cB. Wi, #R(X,B) N
(X,,B,) FITHES, 5(X,,B,) 4 (X,,B,) KM,

12 BB 2ARES]

T2 MY A 5 CCL i —Fh IRk B4 £
RIS, BN T B A 2 5 R
SRS TR RN CCL ME Xt

FEBR B AR E R R, KL, BRI AR
SIE A N TIES AR A RIS 2

w(U,AT,D,J) MBI 5, 20 f1 T 5
TR REA R IEE SRR, 2 MEHEBUT F
HYMNERF: Y 5T FH:T* 52°, L =PU)
R D, =P(A) KR 58 % K ATBEMI 58 % #% . 8 L %0
B, 0p A1 73 5l s AH BE ) 22 TG AT BV TC.

EX 1. #(U,ATD,JI) NEEAE S, LA
X &K, SHMEE X, X, e, WF:L -0 &
HMIE- PR N2 S BT, A R R R R

D F(0,)=1,.F@,)=0;

2) F(X, v X)) =F(X)AF(X,).

K, ¥TEEB,B,e [, MH: [ >L 2N
TR-AMIEN 2 S B, G SRR R R o

1 H(O,)=1 ,H({L,)=0

2) H(B,vB,)=H(B)AH(B,).

RSN T F AR SR 0 Mk
B (x) BA MR, AR TS0, Bl
SR S B o N 2 ) TR 24 AR Ay B A 19200,

EX 2. ¥ (U,AT,DI) NEMIERE R, T
BXcU, EAE-FRAMEIFE T F:2Y 5T 5
IENR-AME N R I H T > 27 8 LR

F(X)(a)= A I(x,a),aecB,
H(B) ={x eU| Vae A B(a)< I(x,a)}.

Fflh, FAME-PRIA RIS T F Y 5T

LR IR-AMNE N I EF H T - 20
F (X)@)= Al (xa),acB,

H (B) ={xeU| Vae A B@)<I (x,a)},
Hop T = a),1- g, .0 | (@) €U x A} N T AN,
FoRHARIEXR.

EX 3. HU,ATD,JI) NEBERE 5, T
(R X cU BAK B, B, e T, HMI =S MR\ ]
BAFV Y STAT R H TA<TH > 29 4y Bl &
AR

FY(X)=(F(X), F (X)) »
H"(B,,B,)=H(B,)"H (B,).

% FY(X)=(B,B,) H H"(B,B,) = X MLk, Fx
(X,(B,,B,)) MBRI = ME&. thAk, 4 (X,(B,B,))
<(X',(Bl,By) JROLHE, R (X',(B),B)) /& (X,(B,B,))
MM, Bl X X' H(B,B)<(B,B,) M. #
(X', (B, B) A B &AM, WA E KR
WS, WA I, 2 2 FRoRFaf (x,a) FI T fEa L
FIBEE, LM (x,a) T 7Ea EAERIERE. ik, IE.

BN FN T H A R 5.
i RT R, R = SOBE & TR AIE L SUBE & A
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B 2 AN EEZ I H R BRI & 4R 2 R o
. MR T HAM SR RSB, =SS HEY)
AR EINTVEA. B2 5 TR = SOBE S AR
=TI E SOMMWE 5 ) 2[5 SCHR[34).

2 ETF R-FCCL WE4HIENHK

e AE B 70 28 DA SR R I B HEAT LB A A
MISCHEAD R, 2 2 Wi R HE AN N T e U 24
PR AT ABET R RO (170 SR8 N S A, B
Fy Bt R VR RE . TR . BRIk 2KT5

O E AR, 38— AT T 4R R 2> 0T 1.

AP SR, RS AR — B AR, SRS AR
PEAR BRI & iRl S it 1 BEAR LA, A0 B4R
JRTCER[S), RAARRIR U

N 1 FERAEARE, RN REAFE A
ME— )2 5 Hefe R L.

NI 2. KHINHHEARE, EREEDEE A
xR 5 H Ak

AN 30 FARAEARE, EREMINNRRS
HNIEZR IR AR RE S 44

AFERIL, _Ead—feth o8 B 32 R RO AR A
HEN, RN — AR GORT AR SN AR L RE E fe K
RIS . TREE AR 15 2 IR AT AR AE 2 4S5 TR %]
i, BIARIR R FIANER R, Bltt, A BIHZEH—K
PEAPE, AT LSS B AR 2] 5.

21 BEBFES

W ESCRATR, B g AR AR,
oo R AL GE M DL A SR Z AR 1. ik,
R-FCCL 2 L8 M 73 GBI HE R S, 3 )
FARE & 2 o) AL 8 BN S 20 28 3 BB AR
AEREAT MR 22 20, AT AR AB AL Hox SRR ALL S 5 AN
[ AR ABA SIS 2 8] (5% 52 70 B PR AL SRR H I o0 R I
THAH R ) i B P R F R A

w UANLDJI) N B M K RNH R, A
Fi:2¥ 520, 1920 5 2Y y 2 ANMEMEIS. SHEE
xeU , ¥ RFEMES (HF(x), F(x) icH G
={(H'F (), F (X)) | xeU}, FrG* Ak FEM &2,
Hovow A RN ABUPE R, ROARABO6 SR o 22 5

EX 4 et u,AIlDII), ST
fER X, x, eU,ae A, SR x Al x; K THRHE a BB
HERIERE X F -

0, G’ (%) =G"(x,),

rec, (., x;) = 0’~ |IEXi’a)_I(Xj1a)|Sg,
[1(x,a)—1(x;,a)|-¢ i
1-¢ o

HrEME ¢ €[0,1) NEZES REL rec,:UxU —[0,1].

G (%) =G"(x;) TR —MEZEE 2 PXR, A
AR RAERIREE. B F AR TET e, W
WHN 2 IMRIARTEERN: R, W EFEE
Stk BAR, rec, (%, %) =07 rec,(x,X;) = rec,(X;,x)
JRAL. RERIML, A e =1, WA X R BB 3/ T
LT e, RZBWIPHREES, ATIREBMIPHREN 0.

HERTRD, %ESC 4 45 T 3 MB DL AP
WRER: D AT H— SR BN RZ %R,
IR N 0: 2) M R IATEZESR, e
BIFHREEDY 05 3) MRS KT IERLERR
B, ORI R T 0, HEE BOBRIZE, AH AR
PR

ER X%, x, eU KTHHEae ARIFHELES A c A
B HHR T -

rec, :Zn“zn:reca(xi,xj),
i=1 j=1

rec, (X, X;) = D rec, (%, X;) .
aeA’

W BRI AHE R I, RFAE a B HER T rec,
ST aXf A0 RISy BE ST, RHIESE S AT
BB PR TEIE rec,, (x,x;) SWEHE A X x AT x; (71X 73
i

EX 5. e s U ALDI) . R
R ANBRIFE AR R R IEE S, $FilaeR
FERHBERAE, 25 R 5 a2 T

1 vx,x; eU,JaeR,st. rec,(x,x;)>0,if
rec, (x;,X;) #0.

2) vaeR,3x,x; eU,st recg  (x,%;)>0,if
rec, (%, X;) #0.

BARTME, 5T D RIE T U FHEE 2 DR,
EAFAEZ D — A RBERIE ] T X 703X 2 XS5 PRI
2) PRIE T RBEARF LR & AR B R AL SR R
FORAEMINAERT, TN R B R E SR 5 AU AR R

b, R DARE BEARS IE S SR AT B AR
2.

EX 6. W(U,RIT,DJI)ABEHIIEAES, RcA
S RBAFIESE S, U/D={U,,U,,...,.U}EXGEEU
FERFERMED PHRRERR . XN TR
xeU,(i=12,...,1), a, eR(j=12,..|R)), MG x7E
REEFFALSE R N BUARSRE SONBREI 5 x SR i k
I EBEES, EEN(X), BEEd TEE T

M&ﬂ=J?§JHQﬁMF+ZHFQﬁJH,

o T(x,a,) AT (x,8;) 43502 5 g BEAN AR S 2
T AR Rz BB R R, Honl @it
R X AR E A N, (x) BHTHES 24>, HAWF
SE
EIE 1.
5o, o

WA T4 (U,R,1,D,3) N A
, RcA & K # % 1iF £ &,
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U/D={U,,U,,...U} KRR RRI 45w AT B AL
% &% & N, (x) , |
(HE(N, () "HF (N (), (F(N, (), F~ (N, (X)) A
X 5T H AR =S

e B EUE AR ® B oAk oL, X FFOIE M
(HE(N, Q) "HF (N (X)), (F(N, (X)), F~ (N, (X)) ¥
AESE X3 HR = SCME S A RN ST 2 SV R
B HY(F(N(0), F (N, () = HF (N, (X)) " H F (N, (%))
L FY(HF(N (X)) nHF (N, (x) = (F(N, (%)), (N, (X)).

1) AR¥EE 3 AT E AR 1 o, B

HY(F(N ), F (N () = HE(N () HF~ (N, (X))

2) BEMER 2) B, FHUEIR 3 45
B, H

FINOD@ = A T(xa)F (N)@= A "(xa) A7

xeN, (x) xeN, (x)

HF(N, (x) ={xeU |T(x,a)> A [(x,a),aeR}EL,

xeNy (x)
H
HF (N (X)={xeU |l (xa)> A [ (xa),acR}

xeN, (x)

={xeU|1-T"(x,a)<1- A [ (xa),aeR}

xeNy (x)

={xeU|i(xa)< A I(xa),acR}

xeNy (x)

MHF(N () "H F (N (X)) ={xeU| A T(xa)<

xeN, (x)

f(x,a)< \ (xa),aecR}

xeNy (x)
JFH
FHFNO)NH F (N)@) = A [(x2)

xeNy (x)
= F(N, (X)(@) BT,
Hik, BT
HF(N, (X)) nH F (N, (X))
={xeU| A T(xa)<l(xa)< \, I(x,a)aeR}

xeN, (x) xeN, (x)

={xeU[1- A [(xa)21-I(x,a)=1- \, I(x,a),aeR}

xeN, (x) xeN, (x)

={xeU| A [(xa)20°(x,a)> A [‘(x,a)aeR}

xeN, (x) xeN, (x)
i
F(HF(N, () "H F (N,(x))@) = A [°(x,a)

o
=F (N, (x)(@) BAL.
B, FYHEN, () AH E (N, (9) = (F(N, (),
F (N, () BRI iF e,
EH 2. ®URIDI) NEMIEAT S, H
HF M H,F R 2 SN T. 4 g ek
N, (X)cU , WIFMF 458 RO
D FNOD= N F).

eNy (x

F )= N F ).

2)HF(N ()= N

aeF (Ny (x)

H(a),

HF(N))= N H(a).

aeF (N (x))

WERA. B 2, 8 X3 Ko 1 BEREEVTE. EEE.

IR E A A, R-FCCL J&RHE k {8 3 BUAH L
FES, FFLAONERIHTHES S, S HKER
B K R BRI S 15 21, 25200 Ja 22 1) 4 SR,
BRI, S8k (924576 R-FCCL R4irh 4y B3, 18
IR b, B 1 45T T ) i AR RO A A
EcSuN P

iR MEES

N BBIEAE S U,ATLDI), ¢, ks

s RO = SO

@ let R=0, =0, G=0;
@ for aeA
® for x,x; eV
@  ARIEE AT RIEFHATE rec, (X, X;) :
®  itH a5 R BBERIPEHAE rec, M
rece (%, X;) 3
® end for
@ while) rec, #0
aeA
® a’ =arg maxrec, ;
aeA-R
® if reC, (. ) > 0
© R=Ru{a’};
() for (x,x;)eUxU
Q if rec,.(x,x;)>0
(K] rec,(x,X;)=0,vae A;
) end if
G end for
® end if
@  endwhile
@ for U,eU/D
i) forx eV,
@ ARAE 2 S 6 FRAUN, (X) 5
a FTE R 1 IRBUSORH = SO &
(HF(N () " HF~ (N, (), (F(N, (),
F-(N D))
@ G <G UMHF(N (X)) NH F (N, (x),
(F (N, 0N, (F~ (N OO
K] end for
@3 end for

Bl 1. R 1A DERIEAE S, B9 Mg
B ANEME. ICHREU ={x, %, %}, KBS
A={a,a, - a}, REEMLED={d} HU/D={,,U,}.
Table 1 An Example of Fuzzy Formal Context
=1 BEMEAER
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PUE a a, a, a, d
X 0.83 0.73 0.59 0.53 1
X, 0.60 0.89 0.60 0.50 1
X, 0.44 0.31 0.09 0.47 1
X, 0.37 0.43 0.13 0.75 1
X5 0.70 0.07 0.21 0.14 0
Xq 0.61 0.01 0.10 0.12 0
X, 0.65 0.07 0.39 0.06 0
Xg 0.67 0.06 0.44 0.06 0

Xq 0.81 0.07 0.39 0.06 0

BELERFH =03, L ATENRIE 4D
JE A L RO R B T RN T

9 9
rec, = ZZ rec, (X, X;) = 0.6857,

i=1 j=1
9 9

rec, = > rec, (x,X;)=14.0286,
i1 j1
9 9

rec, = Y rec, (x,x;)=17714,
i1 j1
9 9

rec, = » > rec, (x,x;)=9.9714.
i-1 j-1

WA HFR KRN, JEE a, 1 e bk A R By
M. % FAE & M % xxeU . #H L2
rec, (%) >0, Micrec,(x,x)=0,vae A. Btif, A
THEBOHHREE IR -

rec, =0.2, rec, =0, rec, =0.1429, rec, =1.1714.
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Table 2 Basic Information of 12 Selected Datasets
*2 XEHERENERER
Fe  BiEE FEAS  4if RO ELEER

1 Allaml 7 7129 2 &

f(x,a)= vxeU,aeA,

2 Cll_Sub_111 111 11340 3

P

12 WarpPIE10P 210 2420 10

FRFHEFEE, ¢ SkYWRXTEIRRGMNE
BZH, He MMEBON0,, ERMRSEHBUE ¢ 1)
ARN 0L, Mee{0,01...,13; Hk FEBTLREE 1
F 10 2\, FEEDSKAN L, Wkefs2,...,10}. H—
A, AFEHULRH R-FCCL AR 20, A SCikEL
T 12 FhER S RITES 0, TSR 3 R

Table 3 Basic Information of 12 Selected Methods

*® 3 WAL ENERER

Pl

G Jii%: F
Intuitionistic Fuzzy Sets k-Nearest Neighbors
IFKNNE7 1995
Classifier.
FENNI2] Fuzzy Edited Nearest Neighbor Classifier. 1998
PFKNNEI Pruned Fuzzy k-Nearest Neighbors Classifier. 2010

Fuzzy-Rough Nearest Neighbor Classifi-
FRNN-FRSU 2011
er-Fuzzy Rough Sets

Condensed Fuzzy K-Nearest Neighbors

CFNN[I 2011
Classifier

SVMEA Support Vector Machine Classifier 2016

KNN[“2 K-Nearest Neighbor Classifier 2016

ForestPA“] Forest by Penalizing Attributes Algorithm 2017

WiSARDI WIiSARD Classifier 2018

Speeding up the Decision Tree Induction
SPAARCI*] 2019
Process Algorithm

PCTBag-
Partially Consolidated Tree Bagging 2022
gingt*l

Incremental Learning Mechanism based on
ILMPFTCE4 2022
Progressive Fuzzy Three-way Concept

3.2 SRMREM LR

R BT 32 0 LU B2 R A, AR S B R B gy
9 2 KT T L 5 0. 55 1 282 6 ML TSH
BT AR 2Rk, 45 KNN(K=3), FENN, IFKNN,
PFKNN, FRNN-FRS, CFNN #j%. &5 2 252 6 flid
ok 2L, 45 SYM, ForestPA, WIiSARD,
SPAARC , PCTBagging, ILMPFTC % . % F
R-FCCL J5 i BER R IE Rt ANE & AR I — P A 2,
RIEER 1 28057 2 BLE e B TR A2 B8 M Bl
8K Tk, AR 2 07 1ENR 2 mr beie Je it i o
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HKEE.

R-FCCL 5% 1 KXJHLEIEAE 12 MEE L1
FEANZE R (BRSP4 RIEM R ARRAEZE) I3k 4 Fr
N, WEEE 3 WAk, R-FCCL fEm4iduEsE Bk
TS KPERE. 556 1 80 L BEEMLL, BRES
8 MEAE LA, R-FCCL 7E%I T 11 M4 L1
WG 7 s S g, HA e 1, 5, 12 M

#4E, KA R-FCCL HysrZKiEfi2 vl LUAE] 100%.
It4h, WISARD J5ikfEss 8 AMNEdE4E LT DLIE ¢
TFI 4> 28R %, ILMPFTC 1E55 12 MR 4E B4y
HPEREH AT LA S 100%. 117555 2 80} HL A B
RBHREMVEMLE RIE 5 Fin, AR, 51X 6
Fhse ki 4 2807 AR L, R-FCCL SR BELERR 5 8 A
i S LAAME 11 AN Edi 45 B R B 75 1 4 K 1 RE.

Table 4 Classification Performance of R-FCCL and Six Fuzzy-Based Classification Methods
R4 RFCCL 5 6 METEMRIEMS XK ZM 5 R sEX L2

F%5 R-FCCL (A3) KNN FENN IFKNN PFKNN FRNN-FRS CFKNN
1 1.000040.0000  0.8607+40.1430 0.8231+40.1554 0.886440.1148 0.886440.1148 0.728940.1223 0.798740.1412
2 0.810640.0799  0.672240.1276 0.544140.0838 0.5826+0.0961 0.5096+0.1125 0.624040.1254 0.5909+0.1109
3 0.935740.0833  0.6818+40.1803 0.6991+0.1534 0.6948+0.1835 0.6515%0.1803 0.640740.0424 0.690520.1942
4 0.880040.1033  0.6909+0.1564 0.8000#0.1706 0.8000#0.1706 0.8182#0.1336 0.345520.1233 0.7636=0.1666
5 1.000040.0000  0.901040.1056 0.850640.0921 0.8766+40.1089 0.8766+40.0902 0.6510+40.0611 0.824740.1057
6 0.960240.0394  0.932940.0315 0.9465#0.0387 0.9597+0.0356 0.9333#0.0515 0.866040.0525 0.951340.0411
7 0.889340.0588  0.8393#0.1175 0.766240.0994 0.8555#0.1309 0.8539#0.1194 0.134740.0814 0.892940.0911
8 0.960040.0516  0.945540.0656 0.880040.0748 0.9500#0.0671 0.7300%0.0640 0.680020.1327 0.91000.0943
9 0.930040.1160  0.8314+0.0843 0.8405#0.1283 0.8488#0.1236 0.8570#0.1314 0.605820.1180 0.56530.1443
10 0.965040.0409  0.852040.0675 0.6364+0.1081 0.816440.0940 0.7362#0.0731 0.788520.0910 0.6043=0.0787
11 0.823140.0892  0.4965#0.1367 0.412640.1920 0.3986+0.1385 0.363620.1829 0.468520.1655 0.40560.1576
12 1.000040.0000  0.991340.0274 0.917740.0789 0.922140.0584 0.792240.0651 0.974040.0551 0.6840+0.0819
Table 5 Classification Performance of R-FCCL and Six Popular Classification Methods
5 R-FCCL 5 6 MEMRITH XS ZE D K MREX L 24
75 R-FCCL (A&30) SVM ForestPA WiSARD SPAARC PCTBagging ILMPFTC
1 1.000040.0000 0.6679+0.0872 0.930640.0985 0.805640.1110 0.847240.1572 0.902840.0949  0.761940.0286
2 0.810640.0799  0.462840.0175 0.765840.0783 0.666710.1166 0.621640.1206 0.648640.1489  0.625040.0257
3 0.935740.0833  0.671040.0866 0.7581+0.1614 0.725840.1018 0.709740.2208 0.725840.1588  0.529440.0429
4 0.880040.1033  0.763640.1872 0.700040.1944 0.8000#0.1135 0.600040.2108 0.640040.2271  0.857140.0361
5 1.000040.0000 0.651040.0611 0.916740.0738 0.763940.0632 0.930640.1010 0.9444+0.0738 0.809540.0192
6 0.960240.0394  0.937240.0378 0.916340.0461 0.788210.0319 0.8966+0.0545 0.842440.0772  0.948340.0090
7 0.889340.0588  0.865340.0814 0.7123#0.1012 0.780840.1188 0.630140.1955 0.657540.2092  0.888940.0180
8 0.960040.0516  0.863620.0881 0.8800+0.1033 0.980040.0422 0.640040.1265 0.790040.1370  0.900049.0225
9 0.930040.1160  0.884340.0723 0.8922+0.0717 0.8333%0.1051 0.833340.0679 0.725540.1572  0.862140.0200
10 0.965040.0409 0.915640.0517 0.725140.1151 0.836320.0832 0.590640.0581 0.578940.0796  0.489840.0227
11 0.823140.0892 0.076940.0000 0.776940.1471 0.692330.1246 0.692340.0959 0.700040.1227  0.200020.0163
12 1.000040.0000 0.991340.0274 0.957140.0270 0.966740.0392 0.804840.1040 0.809540.0778  1.000020.0000
(a) (b) FrifEzE

Fig. 1 Comparison of classification performance
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Bk, MK 3 M3k 4 MRS BLKE, R-FCCL
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%, B EarizAerERe. tesh, B 1 BRSO
[ 53 ST VRAE ¥ 53 S B < AR #E 22 T 1D (0 % EE A
L.

3.3 SRUBE S

%8 2 FH1, R-FCCL Bkl 2 MEZ LS E e 5
k, BIIEARTAE 12 NRriEidasE B R-FCCL 4T
T BHIBBNER S, SHASHHAEHRA 10 18X

(a) Allaml

(d) Glioma

(g> Lung_Discrete

(j) Tox_171

(b) Cll_Sub_111

(e) Leukemia

(h) Orlraws10P

(k> WarpAR10P

eI R I o R e R A R 2 fos. AR
K2 d, ELEEARSHAE T R-FCCL ££ 12 4
P s £ T By RUER R, W] LUR S AR L
. BLAN, WRIES B BURTEREEE A] ATE 7 B AN ]
HIZHON ARG R EENEAE, MU BRI SRR Tk
BAEENSHA B E, XEGRIE T 515 5 05#
LIPS R875 5 A LN

(c) Colon

(f) Lung

(i) Prostate_Ge

(1) WarpPIE10P

Fig. 2 Parameter sensitivity analysis
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Nt G IAE R-FCCL 5ANE 203807 VE7E
ANFEEARAE B BRI, AN AT E R
T, A EEEER e

P AE & Tk M@iel2,...m) , fFH %
DS;(j=12,...,5) b & M 1tk o JL U7 7 M7 Bl 4R
DS, HEf R 5 Fir A ik i/ MIER R I LU e, B

acc,, (DS;
rM(Dsj)=W;(5;j),
o ace,, (DS;) J 77 ¥ M 18 £ 5 DS; b 1 HE
%, minacc,, (DS;) APTA TR EESE DS L
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BRI, J5 7 MBS BRE NZ B IR

SRS EHEEZ AL, B, = r, (DS)). JEsh,

EUARE, SRR U i Re L. B 3
JE7R T R-FCCL 7375 2 8% L BRVETE 12 Mda4E
MR b i Kl 3 AT LIS M523 R-FCCL 1)
SR E PR T X LR HEL S —, RBLH A
BT 77 121 e 4 B0 73 28 n) 1A

(@) 51 RFEE

(b) 55 2 FEXF
Fig. 3 Robustness analysis
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