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for High-Dimensional Data
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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, we present 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. We propose 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 identifi-
cation 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 proposed method. The considered framework
can provide a convenient novel tool for high-dimensional data knowledge discovery research 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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D)TFEM S HIEW — M ATRIE T, 5l AR
BRBOK A AR LSS R 45, 0 B = SO & Y GE F0A
MAFHAEMAE TR 5EEZ LR,
117 368 3 512 98 07 BLBIE R-FCCL 2% > J5 3 A 551k

3) G5 B AR OC R AL & AE T L, Bt T
AT R A AT A R 1) v U O 2R s

R SCHR Y B9 R-FCCL J7 35 RE A PR GIE & 5 4 Anf
fife TR A R4 T B — o A 5l T, 2SR X
AR R 3 2 s

1 #HxXxIE

A fa] 2 ] BRSO E XTS5 A A o ) 1Y
BB AT, O TR A0E 5t BOE 95 5
A% SRR M SR R A B K L, AT S A
KA FE,

11 EHEXES

2 WL 20 O — P R R G R U 1,
WX RESEEEZRAEN ZIUXR, FEF N
FH X G2 42 i M 4 X TR B i ME L AR 2
) 26 AR 42 b SR T B %) LA T LA X G S R 1 4R
Z A 5C R AR D A Tk 22 P A A& o T AGE
T8 OB B X — SR BR M B U B 2, AR SO I
WA BE A A 2% S I HE IR X SN s

HE—DRHESU = {x,x,,x), BHU LK
B X R

X = {(x,ux(x)|x € U},
Hbug : U —[0,1], ug(0)3R 78 X 5 x & T B0 5 X1
SR AR, g (x) = 1 - pe(0) R 8 HAE SRR B, I
T VFRELIEU LA SRR E S

W ICH (UA LD, J) R BB L8 5, Ho
U= {xl’xb”',xn}%ﬂA = {al,az,"‘,am}%%”%ﬂ?xﬂ‘%%
AR T, T = {(x.0),u(x,a))l(x,a) € UxA}R IR
WELEUSEZBEEEAZ B AEEM 0K R
U/D={U,,U,,", U}, ,H\: '4:‘ l% N 6’% % 3@ %'J pl ?& 5
J:UxD—- {0, 1 USHRFERESG DZ A —JC R
F. MO AT R (x,a) € IFETESR B FE pi(x,a) € [0,11. 4 T
I8, i ur(x,a) R I(x,a).

I, 25 BB X # 5 (U,ALD,J), HXCU,
BCA, BeT", & X —HHF:

X*(“):x’e\x I(x,a),a € A,

B'={xeUNaeB, Bla) < I(x,a)},

Hh AR IR Br A7 8 SCTE A L B 45 9 S & LAk,
PA b — 20 55 i 2 0 R e

DX, CX,= X; CX;,B, C B, = B; C By

2)X C X*,BC B

3)X=X***,B= B***;

4)XCB o BcXx;

5) (X, UX,) =X:NX:,(BUBy =B NB;;

6)(X;NX,) 2 X:UX;,(B,NB,y)* 2B UB;.

R, #5 0 (X, By & X* = BH B = X, M #&
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2)Va € R, Ax;,x; € U,s.t. recg_q(x;,x;) >0, if recy(x;,
x;) #0.
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HY(F (N(). F~(Ne(x))) = HE (N(x) NHF~(N(x))
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DO F M@= A T, F-ND@= A

XEN;(x)

I (o)W HF (NG ={x e Ul a) > n T(xa).a € Ry
WAz, H

HF(N(x) = {x e UT (x,a)> A )i’(x,a),a €R) =

XEN(x

(xeUl-T(x,a)<1- A I(x,a),acR}=

xEN(x)
(xeUll(x,a)< A I(x,a),acR).
)

XEN;(x
B HF (N() NH-F~(Nu(x)) = {x € U] 2 I(x,a) < I(x,

a)< Vv I(x,a),acR),
XEN(x)

I HF HF NG OH T Nio)@) = A Txa)=F

(N (x))(@) LT
QT
HF (Ne(x) NH F(Ni(x)) =
{xe U] /\( )i(x,a) <I(x,a) <

XEN(x
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(x)

XeN(x

{(xeUll—- A I(x,a)>
XEN(x)

1-I(x,a)>1- Vv I(x,a),acR)=
XEN;(x)

{(xeUl A F(x,a)2I(x,a)> A I(x,a),acR)},
XEN(x) XEN(x)

] F~(HF (Ne(x)) NHF - (Ni(0))(@)) = D o=
F=(Ne(x))(@) BT

I, FYHFE (N(x) NH-F~(Ne(x)) = (F (No(x)),
F = (Ne(x)) AT i,

I 2. W (U,R,I,D,J) WML X1 5, H.(H,F)
FUH,F ) 2 RN T A EHBIZEN() c U, T
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s AR — S
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® for x,x;€U

@  RPEE LA TEXT R HERE rec,(x;, x));
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@ end for Table 1 Example of Fuzzy Formal Context
while Zreca 40 *1 EHEXESER6

ach pOES a a a ay d
© a= argmaxreca ; X 0.83 0.73 0.59 0.53 1
0 if rec, (. >0 % 0.60 0.89 0.60 0.50 |
@ R=RU{a*}; x 0.44 031 0.09 0.47 1
@ for (x;,x) e UxU X 037 043 0.13 0.75 1
® if rec,.(x,x;) > 0 xs 0.70 0.07 021 0.14 0
recy(xi,x;) = 0,¥a € A; X 0.61 0.01 0.10 0.12 0
© ond if X 0.65 0.07 039 0.06 0
end for X 0.67 0.06 0.44 0.06 0

X 0.81 0.07 039 0.06 0
@ endif
end while HKN()K =3)H:
for U; e U/D Ni(x1) = {x1, X2, X4} Nie(x2) = {31, %0, x4}
@  forxeU; Ni(x3) = {x1,x3, X4} Ni(xg) = {x1, %3, x4}
@ REE X 6 RN ()3 Ni(xs) = {x5,%6, X7} Ni(x6) = {5, X6, X5}
@ T 1 AR URIR = S Ni(x7) = {x7, x5, Xo}> Ni(xg) = {x7, x5, X0}
(HF (Ne(x) NH-F~(Ne(2), (F (N(x)), Ni(x9) = {27, Xs, Xo).

F(N(x)));s
® G GUHT N(x)NH F(N(x)),
(F (Ne(2))). (F~(N(0))))s
@  end for
@ end for
Bl 1. %1 - ERIE R R, G oM R
FSATEME. X REU = {x1, %, x), MR MELE
A={ay,ay, " a}, RKEED = (d) HU/D = {(U,,U,}.
UETER R =03, & X 4 A EAE 44
J& P _E BB B

rec,, = Z Z rec, (x;,x;) =0.6857,

=1 j=1

9 9
rec, = Z Z rec, (x;, x;) = 14.028 6,

=1 j=1

9 9
rec, = Z Zrecm(x,-,xj) =1.7714,

=1 j=1

9 9
rec,, = Z Zrecm(x,-,xj) =9.9714.

AR A B URE f R U, J M g B w1 S G B
FRAE. X TAE X G x5 € U, 2 HH 2 recy, (xi,x)) >
0, WIST rec,(x;, x;) = 0,Ya € A. IR, 0] T3 460 9 1
Ej‘j:

rec, = 0.2, rec,, =0, rec,, =0.142 9, rec,, = 1.171 4.

HE IR 518 REEAFESER = (a5, a4).
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Table 2 Basic Information of Experimental Datasets

R2 XRBHREMNERER

T YIS ZEN e i LAY
1 Allaml 77 7129 2 2
2 Cll_Sub 111 111 11340 3 2
3 Colon 62 2000 2 i
4 Glioma 50 4434 4 &
5 Leukemia 72 7070 2 i
6 Lung 203 3312 5 b=
7 Lung_Discrete 73 325 7 T
8 Orlraws10P 100 10304 10 i
9 Prostate_Ge 102 5966 2 2
10 Tox_171 171 5748 4 =
11 WarpAR10P 130 2400 10 =
12 WarpPIE10P 210 2420 10 i

B0 A A ME A U 2R — R S B RS 1 2R
25 3 B R O T RTR A B0 Y SR 3 AR A 2K T
T 56 2 288 05 0k D) SR 24 I b A S ik 1 0 S Rk
R-FCCL 555 1 J8%F e Bk 7E 12 5 4 B
TEAN S5 R (R 46 - 359 20 J IE 0l R FbR o 22 ) an ¢ 4 Jor
7. WLEEFE 4 0] DLk B, R-FCCL 7 & 4 B s 48 3%
B F5 0o 2k e, 558 1 28X LA L, BR R
7 AN %P5 % Lung_ Discrete LA 4h, R-FCCL ZE % F iy 11
B A BB T B Ar i R R, R eSS 1,
5, 12 K dE 5, 2R R-FCCL 19 3 28 i i R Al LAk
£ 100%. 5k, WiSARD J7 % £ Orlraws10P %45 4 I
AT DUBASHR U 19 70 2 HEW7 %2, ILMPFTC 7E WarpPIE10P

Table3 Basic Information of Selected Comparative

Methods in Experiment

F3 TWHMENLILEHNERER

Tk Jr Atk G0
. Intuitionistic Fuzzy Sets k-Nearest Neighbors
IFKNN" . 1995
Classifier.
FENN"" Fuzzy Edited Nearest Neighbor Classifier. 1998
PFKNN™" Pruned Fuzzy k-Nearest Neighbors Classifier. 2010
Fuzzy-Rough Nearest Neighbor Classifier-Fuzz;
FRNN-FRS" yone ¢ Y oo
Rough Sets
CFKNN'" Condensed Fuzzy K-Nearest Neighbors Classifier 2011
SvM™ Support Vector Machine Classifier 2016
KNN™ K-Nearest Neighbor Classifier 2016
ForestPA"” Forest by Penalizing Attributes Algorithm 2017
WiSARD™! WiSARD Classifier 2018
SPAARCH Speeding up the DecisionA Tree Induction Process 2019
Algorithm
PCTBagging*’ Partially Consolidated Tree Bagging 2022
LMPFTCE4 Incremental Learning Mechanism based on 2022

Progressive Fuzzy Three-way Concept

A 2R HE A R AR T DLAA B 100%. 1075 5 2 28X L
B A T S M A B TR AN A SR e 5 TR, AN HE R
W, 53X 6 Fhoe ki 7 2 5 A L, R-FCCL 544 fig
TERR Orlraws10P LAZMEY 11 4B 45 B 23 1 55 10

Kk, I3 4 F13k 5 1y 3 IR 15 0 K B, R-FCCL 7
Ay JMER 07 AR T A BT BE Y 12 BRI AT A9 X L
Jrd, B HAF Iz b ag. seah, B 1 EO s e T
AN TR 43 25 5 1 7 43 2 o 10 SR RS o 22 T 1 X e
R

Table 4 Classification Performance of R-FCCL and Six Fuzzy-Based Nearest-Neighbor Classification Methods

% 4 R-FCCL 5 6 #iE FRMmiIL My RN T LR

A R-FCCL (A3) KNN FENN IFKNN PFKNN FRNN-FRS CFKNN
1 1.000 0:0.000 0 0.860 7+0.143 0 0.823 1£0.155 4 0.8864=0.114 8 0.8864+0.114 8 0.728 9£0.122 3 0.798 7+0.1412
2 0.810 6+0.079 9 0.6722+0.127 6 0.544 1+0.083 8 0.582 6+0.096 1 0.509 6+0.112 5 0.624 0+0.125 4 0.590 9+0.110 9
3 0.9357+0.083 3 0.681 8+0.180 3 0.699 1+0.153 4 0.694 8+0.183 5 0.6515+0.180 3 0.640 7+0.042 4 0.690 5+0.194 2
4 0.8800+0.103 3 0.690 9+0.156 4 0.8000+0.170 6 0.800 00.170 6 0.8182+0.133 6 0.345 5+0.123 3 0.763 6+0.166 6
5 1.000 00.000 0 0.901 0+0.105 6 0.850 6+0.092 1 0.876 620.108 9 0.876 6+0.090 2 0.6510+0.061 1 0.824 7+0.105 7
6 0.960 2+0.039 4 0.9329+0.031 5 0.946 5+0.038 7 0.959 7+0.035 6 0.9333+0.051 5 0.866 0+0.052 5 0.951 3+0.041 1
7 0.889 3+0.058 8 0.8393+0.117 5 0.766 20.099 4 0.8555+0.130 9 0.8539+0.1194 0.134 7+0.081 4 0.892 9+0.091 1
8 0.960 0+0.051 6 0.945 5+0.065 6 0.8800+0.074 8 0.950 0+0.067 1 0.730 0£0.064 0 0.6800+0.132 7 0.910 0+0.094 3
9 0.930 0£0.116 0 0.8314=0.084 3 0.840 5£0.128 3 0.848 8+0.123 6 0.8570+0.1314 0.605 8+0.118 0 0.565 3+0.144 3
10 0.965 0+0.040 9 0.852 0+0.067 5 0.6364+0.108 1 0.816 4+0.094 0 0.736 2+0.073 1 0.788 5+0.091 0 0.604 3+0.078 7
11 0.823 1+0.089 2 0.496 5+0.136 7 0.4126+0.192 0 0.398 6+0.138 5 0.363 6+0.1829 0.468 5+0.165 5 0.405 6+0.157 6
12 1.000 0::0.000 0 0.991 3+0.027 4 0.917 7+0.078 9 0.922 1+0.058 4 0.792 2+0.065 1 0.974 0+0.055 1 0.684 0+0.081 9

TE: " HTABUE O, "5 AR EDARIERE.
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Table 5 Classification Performance of R-FCCL and Six Popular Classification Methods
%5 R-FCCL 5 6 #1753 £ AN LTI L 47

T R-FCCL (A3C) SVM ForestPA WiSARD SPAARC PCTBagging ILMPFTC
1 1.000 0::0.000 0 0.6679+0.0872  0.930 6£0.098 5 0.8056+0.1110  0.8472+0.1572  0.9028+0.0949  0.7619+0.028 6
2 0.810 6+0.079 9 0.4628+0.0175  0.765 8+0.078 3 0.6667+0.1166  0.621 6£0.1206  0.6486+0.1489  0.625 0£0.0257
3 0.935 7+0.083 3 0.6710+0.0866  0.758 1£0.1614  0.7258+0.1018  0.7097+0.2208  0.7258+0.1588  0.5294+0.0429
4 0.880 0+0.103 3 0.7636+0.1872  0.7000+£0.1944  0.8000£0.1135  0.6000£0.2108  0.640 0+0.227 1 0.857 1£0.036 1
5 1.000 0::0.000 0 0.651 0+0.061 1 0.9167+0.0738  0.7639+0.0632  0.9306+0.1010  0.9444+0.0738  0.809 5£0.0192
6 0.960 20.039 4 0.9372+0.0378  0.9163%0.046 1 0.7882+0.0319  0.896 6£0.0545  0.8424+0.0772  0.948 3£0.009 0
7 0.889 3+0.058 8 0.8653+0.0814  0.71230.1012  0.7808+0.1188  0.6301£0.1955  0.6575+£0.2092  0.8889+0.018 0
8 0.960 0+0.051 6 0.863 6+0.088 1 0.880 00.103 3 0.9800+0.0422  0.6400+£0.1265  0.7900+0.1370  0.900 0+0.022 5
9 0.9300+0.116 0 0.8843+0.0723  0.8922+0.0717  0.833320.105 1 0.8333£0.0679  0.7255+0.1572  0.862 1£0.020 0
10 0.965 00.040 9 0.9156+0.0517  0.7251%0.1151 0.8363+0.0832  0.590 6£0.058 1 0.5789+0.0796  0.489 8+0.022 7
11 0.823 1+0.089 2 0.076 9+0.0000  0.776 9£0.147 1 0.6923+0.1246  0.6923+0.0959  0.7000+£0.1227  0.200 0£0.016 3
12 1.000 0::0.000 0 0.9913+0.0274  0.9571£0.0270  0.9667+0.0392  0.8048+0.1040  0.809 5+£0.077 8 1.000 0+0.000 0
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Fig. 2 Sensitivity analysis of parameter
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