H24 % %3H P R 5 4l (AR BRI Vol. 24 No. 3
2025 %9 A Journal of Nantong University (Natural Science Edition) Sept. 2025

doi: 10.12194/j.ntu.20250606001

SIigs: RWHE, WA, BEE. —Fha S SO A 35 A BRSO AR = 2 [ RO R R (A AR, 2025, 24(3):
23-33.

— MR SR B SRR AR F S

%\:FJ%]— 1,2,3, 7]:7]—\—&‘ ,ij:\ 1,2,3* 7 0%_ E 1,2,3
(1. H IR K2 et Sgitape, md BN 363000;2. é&%fmﬁm%ﬁwﬁfﬁﬁﬂ? WM 363000
3. MR R BN B R SC e, A W 363000)

BE AN FI A —AH O LIHLA SRR, §EABTHGA LG AT R RGN F T Hain, Ra A
AL A ik S BEAL B Bk T A P AT R0 B IR E ST A R G ST A A T A VAL, SO AN
Fafin £ 5 A ZAS BAUR R B b R B — ARk S F B LS B E 0 BEMIE A k4 F 3] (fuzzy concept—cognitive learning
model integrating membership degree and coverage,IMDC) A H &, 4 T & #%@ﬂ‘ﬁééﬁ FAERE S BN —FF W R
BN R ERBIRT S L Az M X St RREESE TR TN A E LS
KOBEBEMPBHREFABAXSE HEEEERREFRABMA G N T EZ B EER AR LKA
TR TR RGN FIXE R, ATEESBECHMAZRAMMMEEAMA S L, RE, AR TH AR
EF Sk ,CHRBOBERE AMNE ST F k2 ARk, FRARAN, AHEEE 4N ESE
LA FHREN G TR R T RERRRFEE LBk EE R I EE R F4F FlAs |
ALPR AR SRR Y, L T T R AR AL 69 T AT A A SR

KB MAANLET  ERBEEE BN EL B oHAENR

FES XS TP182 XERES: A XEHRS: 1673-2340(2025)03-0023-11

A fuzzy concept—cognitive learning method integrating fuzzy coverage
WU Yuging"*? LIN Yidong-**, LIANG Taoju"**
(1. School of Mathematics and Statistics, Minnan Normal University, Zhangzhou 363000, China;
2. Institute of Meteorological Big Data—Digital Fujian, Zhangzhou 363000, China;

3. Fujian Key Laboratory of Granular Computing and Applications, Zhangzhou 363000, China)
Abstract: Concept—cognitive learning is an emerging interdisciplinary research area that aims to continuously learn
new knowledge by imitating the human cognitive process. However, existing concept—cognitive learning models usual-
ly ignore the local variability of objects in concepts, the redundancy of concept space, and the interpretability of con-
cepts, which leads to model cognitive bias and underutilization of valid information. Therefore, a fuzzy concept—cogni-
tive learning model integrating membership degree and coverage is proposed in this paper. Firstly, to enhance the rep-
resentation capability of the concept extension, a membership function with an offset threshold is introduced to explore
the correlation between objects and the concept. A membership matrix is then constructed to further transform the con-
cept space into a fuzzy coverage. Secondly, high—correlation objects are filtered through the fuzzy 8 cut set, and the
importance of different concepts is explored through coverage rates. This enables the construction of a core concept
space, which effectively reduces the redundancy of the concept space and enhances cognitive learning efficiency.

Finally, the proposed model is compared with four machine learning algorithms and two concept—cognition algorithms
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using the ten—fold cross validation method. The experimental results demonstrate that the model achieves higher ave-

rage accuracy than the other comparative algorithms across 14 datasets, with the smallest performance fluctuation

range across different datasets. Moreover, it maintains a leading position in terms of precision, recall, and F1 score,

fully validating the feasibility and effectiveness of the proposed model.
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Tab. 3 Construction of the core concept space
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Tab. 6 Parameter selection for different datasets of IMDC
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Gene8 0.1 0.8
Optdgits 0.1 0.8
Satimage 0.2 1.0
SemeionEW 0.1 0.9
Sonar 0.2 0.8
TOX_171 0.2 0.6
Twonorm 0.3 1.0
Vowel 0.1 0.9
Wdbe 0.3 0.9

T HAMINH T 4 FIRAE 14 DBHEE Loy
N BE T Hobr e 22 | B ik ok e A S 4 R
FUY IMDC J3 28R e B o 3 A R, 10 7E s
PP BB 7 I, 1A 1Y) SF- 35 43 2OKG B2 ik B 91.76%
B T4 F3WG-CCL 425 T 3.32 A 4r s, B3R
P 2209 RF #2757 27.9 4~ H 405 Hk , IMDC
RUAE 14 A D03 8 4 b 35 BUR T 35 i 19 00 2K A
JE X — G5 A I T AR B R 532 A g
J1o FERIHL  IMDC 76 4 3 = 4 B s i R | 7
Breast ,Colonstd 2454, IMDC )RS B 7 88 H At &
10 7] GearboxA | Vowel %045 5, IMDC 3 £ +
99% LA L (W 5y JERE BE L L Ah , 8 43 Wb ifie 25 7] DA &

B, IMDC #5510 75 A [a] B0 4 b /4 e B I8 3 38 ) A
AN BRUEZE B R 4.42, W KT H A X LA X
R UZ B HAT B4 pFa G T A&

TEAR B R U, A5 1fE R (precision ) Fl A 42 %
(recall) & PGB AU M B (1 S BESR B o 72— 43 2 ) R
Hh S AL TR VA AR B S B B 45 SR A 4 b
1% 8 « B IE i (true positive, TP) & 1E ] (false posi-
tive,FP) | B & 4 (true negative, TN) Fl {2 2 4] (false
negative ,FN) , & FIREH M , AR P A LE R
M F1 A X

TP

b= P (13)
_ TP

R_TP+FN’ (14)
_2xPxR

FL=2XPXR (15)

R 2253 AT 55, T SRR B 2 A 2]
AUPE BBV AL 75 5 T & 20 IR G MR AT 25 6
B o ) 5 3 02 38 2 5845 TR VA B 1 A v 32
A A PO A 15 2 7% A HE S (macro—P) 7%
43 (macro—R) X AH W ) 7% F1 (macro—F1) , BAK /A
HoE Ll

macro—PzLijlﬂ, (16)
n

macro—Rzl—Z:lei, (17)
n

macro — F1 = 2 macro—P x macro—R ) (18)

macro—P + macro—R
BT 14 DR A2 4R 5 A i R AN
% 8 fin , #rp iy A R i, th e mT A,
IMDC 7E 9 /N E0H 5 1 1 4 A o R F Hofth
F ELAA v U HAE GearboxA BUPE4E I, & 4 K I 4
R HEE T 99.78%F1 99.73% ., Boosting 15 7E
ZAHARAE F RIS K, AUAE Colonstd £ 4
8 L HUS KA 4 R A ME R F3WG-CCL 7E Se-
meionEW [ TOX_171 48 4 I HUAS 5 K A 4 8 f £
12 ; M=FCCL 7£ Breast 54 % I Ui e K& 2%
i iR
SIEAE 14 DN EESE L FLERINGR 9
N, 2 B AR IR R R S AR AE L & P 2R, IMDC
TE 14 A 50E 5 U 10 YR KA.,
Y UL ] DL IMDC A {UFE x4 56 R 4 o % | R
Fpan et , Hogr & MR 48 b5 F1{E 7] B 3% 90 %8
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Tab. 7 Classification accuracy of different algorithms %
Hdn 5 IMDC Boosting cT DT RF F3WG-CCL M-FCCL
Breast 83.19+11.18  66.80+16.85  65.56+15.62  67.92+23.92  55.0011.17  76.25+7.30  77.50+19.25
BreastCancer 97.22+2.24 94742307  94.15+1.67  94.58+2.84  93.5623.46  95471.75 67.66+5.15
Colonstd 78.81x11.53  70.95+17.13  70.95+16.64  72.38+15.92  69.05+14.89  73.81x12.14  70.00+28.31
Derm 96.46x2.57  78.96x4.45 93.70£3.19  95.0824.46  92.04+6.43 96.17£2.32  95.62+3.76
GearboxA 99.69+0.44  91.64+2.69  98.69+0.75 98.88+1.05 97.38+0.87 94.63+2.33 99.56+0.51
Gene8 81.44x12.33  78.56x17.77  70.11x1521  62.22+1890  66.33x11.78  78.11x11.67  78.00+15.80
Optdgits 98.81x0.65  42.53+4.34 87.37+2.22 83.87+1.71 11.6620.92  98.67+0.55 79.43+2.00
Satimage 90.52+1.06  68.88+3.92 86.01+0.93 82.70+1.76  84.52+1.72  84.82+1.00  90.30+1.23
SemeionEW 91.90+1.77  24.48+5.61 73.64+2.91 60.45+4.91 13.62+2.44  92.53+239  20.21%3.52
Sonar 87.98+7.61  77.83x7.58  71.55+7.71 65.33£1021  71.95+15.02  86.52+8.36  82.67+7.61
TOX_171 88.37+7.11  42.68+11.71  61.96+12.24  61.93x11.67  48.73x16.86  90.07+7.85 87.09+8.26
Twonorm 94.92+0.61 86.37+0.95 82.73+1.23 84.31+1.05 83.74+1.02 80.18+1.44  94.76+0.47
Vowel 99.49+0.71  23.64+3.96  75.96+2.69  75.56+4.56 13.03£2.21 97.37£1.97 96.97+1.51
Wdbe 95.78+2.06  95.08+1.61 92.63+3.85 92274276 9245274  92.61%3.42  5871x10.24
S-SR 91.76 67.37 80.36 78.39 63.79 88.37 78.46
bR E 22 4.42 7.26 6.20 7.55 6.54 4.61 7.69
V14 1.00 4.96 4.39 471 6.00 2.86 3.93
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Tab. 8 Comparison of precision and recall of different algorithms %
" IMDC Boosting CT DT RF F3WG-CCL M-FCCL
AR EER AR AR AR AR AR AeR AR AR AR AR AR AeR AR

Breast 8326 80.83 5008 58.14 6575 6342 7040 67.86 5379 5475 7871 7729 8556 82.04

Breast Cancer 96.85 97.26 9433 9343 9358 93.71 94.02 9436 9392 92.11 9480 9527 6589 56.29
Colonstd 73.08 7217 7925 7491 7508 69.67 7408 70.83 49.75 56.67 6933 7033 6331 66.33

Derm 9599 96.19 5733 6645 9251 93.11 9479 9482 9044 87.84 9579 96.29 9582 9546
GearboxA 99.78 99.73 7080 7259 9896 9894 9926 9879 96.60 98.12 9750 9432 99.67 99.66
Gene8 7911 7857 6419 6495 6419 67.85 4830 5136 5135 51.56 6824 69.93 6857 72.56
Optdgits 98.84 98.80 26.64 43.01 87775 8743 8393 8391 1088 11.80 9871 98.66 8251 79.67

Satimage 88.99 89.26 47.04 56.10 83.82 8280 79.08 80.03 8235 8257 83.08 82.18 88.61 89.06
SemeionEW 9213 91.72 11.60 26.01 73.65 73.85 6132 60.83 11.07 1345 92.61 9249 11.64 19.76
Sonar 88.10 87.61 79.49 77.85 71.87 7122 6481 64.88 7546 7136 8745 8548 8336 82.08
TOX_171 88.95 8897 37.01 50.06 60.15 61.03 66.18 63.89 5198 4997 9031 91.30 88.79 86.81
Twonorm 9491 9493 86.45 8635 8273 82774 8432 8430 8555 8374 8574 80.16 9476 94.77
Vowel 9943 99.57 1001 2536 7643 7575 7590 7533 11.55 1293 9744 9773 97.16 97.19
Wdbe 95.29 9550 9482 94.60 9220 9237 91.76 91.76 9120 9298 9139 93.68 73.68 67.23

S BAIE T IMDC BB AR B AT 55 I A A . R 10 il T4 o P= 0.1, 3% F{E#E F
54 it M L, D) 2 s 2 {8 D A L 40, 1 P 5 3k 1) 1 FE

TS AR Z BB KRR B EARE . K, R Nemenyi 1650 T PERE 2 #7
Giitee2e s R Friedman 88 SBEAT ST 00, W TAEE 2 D50, AR E AT 00 HEA 22 i 1 i 5
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Tab. 9 F1 comparison of different algorithms Y%

EYEITR IMDC Boosting cT DT RF F3WG-CCL  M-FCCL
Breast 81.82 53.00 64.16 68.94 53.49 77.86 83.59
Breast Cancer  97.05 93.88 93.64 94.18 92.99 95.03 60.51
Colonstd 72.40 76.65 71.92 72.03 52.46 69.53 63.94
Derm 96.08 61.53 92.77 94.80 89.04 96.03 95.63
GearboxA 99.75 71.69 98.95 99.03 97.35 95.88 99.66
Gene8 77.60 63.96 65.69 49.73 50.54 68.62 70.24
Optdgits 98.82 32.80 87.59 83.92 11.32 98.69 81.05
Satimage 89.12 51.08 83.30 79.55 82.46 82.63 88.83
SemeionEW 91.93 15.53 73.74 61.07 12.08 92.55 14.06
Sonar 87.84 78.66 71.54 64.78 73.32 86.43 82.67
TOX_171 88.92 41.36 60.42 64.93 50.14 90.77 87.75
Twonorm 94.92 86.40 82.73 84.31 84.63 82.86 94.76
Vowel 99.50 14.19 76.08 75.60 12.06 97.59 97.18
Wdbe 95.39 94.71 92.26 91.75 92.07 92.51 70.23

{EI CD W UL A e B PERE 22 R i R 7 7]
PLE ) IMDC 3 HE2 56— B 5 |, 38 3 Bonferroni—
Dunn 0B 5 W 7R 4 FE Z BB gt 22 57
HARmE 2 fros o B A, BR T F3WG-CCL,
IMDC 5 HA X HESAE B-F R4 22 (3 R T il P
W, CD, W] IMDC % % 1k T Boosting ,CT DT \RF
M-FCCL 5, gt — D8k 1 IMDC A58 4 fIE B vt
FRI10 THEENGRITESWER
Tab. 10 Statistical results of the 7 algorithms

X, F F i {8 q, cD
44,01 14.31 1.851 1 2.693 2.20
CD
—
6 5 4 3 2
1 1
=
RF —

Boosting — IMDC
DT—— — F3WG-CCL
CT———

M-FCCL

B 2 && % Bonferroni-Dunn illiX B 33tk
Fig. 2 Bonferroni—Dunn test graph of different algorithms
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