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Cognitive learning based on concept approximation
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Abstract Concept-cognitive learning is an emerging cross-cutting field that learns new knowledge by model-
ing the cognitive processes of the human brain. However, the existing concept-cognitive learning models have
ignored the problems of the fit between the extent and intent of concepts, the redundancy and structural char-
acteristics of concept space as well. To address these challenges, this paper introduces a novel cognitive learn-
ing model grounded in the concept of approximation. Firstly, incomplete concepts are generated by construc-
ting attribute-object \ operator and thus the fit between the extent and intent of concepts is improved. Aiming
at the redundancy of concept space, further discussion is conducted on the set of upper approximation con-
cepts, the collection of lower approximation concepts, and the family of boundary concepts. Subsequently, by
taking into account the structural characteristics of concept space, the upper and lower approximation concept
spaces are established respectively, and a novel learning accuracy is then proposed to portray the cognitive
learning effect. Finally, the effectiveness of the proposed method is verified by simulation experiments.
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Tab.2 Dataset description
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8 ICU 200 21 3
9  Period 90 1177 2
10 Soy 47 21 4
11 Specttheart 267 44 2
12 Satimage 6 435 26 6
13 Twonorm 7 400 20 2
14 Wiscon 699 9 2
15 Waveform 5 000 21 3

N T W ORAEE A B P AR (AT B S 2]
L0, 1], fETUAL PR B, MU A (1) X gl
SEHEATIA— b B ™

f(%;,0;) - min(f(q;))
max(f(a;)) - min(f(a;))
(17)
Abfla,a) AL v X R o 1958 E(E;
max(f(a;) ) Fl min(f(a;)) 70MFRIENE a; H T
A G ) B R SR TR (B AR/ N SRR

S SR A S R R AT ISR, IR
O3 B DS H A —Be G R R X A SO AT
—EEE RITEREEAL

Jr A S B ¥ AE A NS HL B MAT-
LAB2021b S8, 5 HLIY L & 2 AMD Ryzen 5
4600H with Radeon Graphics 3.00 GHz, N 1% K
16.0 GiB,

6.2 S

SR TEA R P A EEEER,
e 5 WE A D P MER R B o 24 2 BOBUE i =5
AR P EOCHE B2, 1R A w] sk 5 |
RIGEANFIR R R 22 0 [ 2, iR 2 B0BUAE
AR, BARRE IR 215 B BB T e S EGS
Z ISR G BWE o P, Z 800 JL A0 A

P(x,;,(”) =

X FA S BT A R

TESLH T, 240N RPN R [0.5,1], 28
K% E M 0.05, ¥EHL Breast Cancer,Derm ICU .
Soy \Wiscon iX 5 MEHE AT S 80007, AT LAk
ZiRWME 2 Fron, HETHL, S HAEL0.6,
0.7 ] Z IRl , K 43 HHie 46 1R T2 B vy, S 8K
TE[0.8,0.9 ] Z[AJ I, ¥ 73 Ho 4k 42 O WG B2 1
FABA I X UL K ) A (H T BOCHEE S s
B, #EM A TN 22

100 r T T T T T T T T T
h 7‘ - ;;l A — : v B Breast Cancer
@ A 8§ ® Dorm
= v i A0
S & .
e
I A
= 60 - .
i o
K
K 40 k|
A
20 b 4 |
A
¥
0 1 1 1 1 1 1 1 L &
0.50 0.55 0.60 0.65 0.70 0.75 0.80 0.85 0.90 0.95 1.00
ZHMHE

K2 ZHou CLCA ZpJERE L R 1§ Ol
Fig.2 The influence of parameter on the classification ac-
curacy of CLCA
6.3 CLCA Egedfi
TESERH, CLCA 78 15 DR SR i S Josk 4%
B e, B e 3 B
# 3 CLCA 1E# B dE i) 2 Bk £

Tab.3 Parameter selection for different datasets of CLCA

LISIIE S A
Australian Credit 0.55
Balance 0. 65
Breast Cancer Coimbra 0.65
Breast Cancer 0.50
Derm 0.70
German 0.50
Heart 0. 60
ICU 0. 65
Period 0.75
Soy 0.70
Specttheart 0. 60
Satimage 0.90
Twonorm 0.85
Wiscon 0.50
Waveform 0.90
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FEHR T 7. 42% A% T ILMPFTC S35 250k B
P T 5. 24% , AIXE T DMPWFC -2 73 JE K JiE
P 7 4.78% XU T CLCA (0 6L T
Ft 3 HLAEE o R CLCA 7 15 A Edle gk By
AFREZE B AR, XS AIE T CLCA e HA B s A
A LR

T4 BELIII R

Tab.4 Classification accuracy of different algorithms AT %
By CLCA CT DT RF RSS ILMPFTC DMPWEFC
Australian Credit 84.93 £3.94 81.59 +5.16 83.04 +4.10  78.99 £4.44  78.70 +6.45 76.67 £4.45 82.46 +6.20
Balance 88.00 £3.12 76.50 £5.52  80.94 +3.85 74.56 £4.67 86.71 £3.82  65.13 +6.84 71.27 +18.98
Breast Cancer Coimbra 73.26 +£15.09 68.33 £15.53 69.62 +£15.16 62.20+£8.70 53.33 +11.23 69.17 £11.83 67.95 +11.39
Breast Cancer 96.47 +£3.41 94.43 £2.38  92.98 +£3.73 92.53 £3.22  93.25+3.82 95.60+2.30 96.04 +2.70
Derm 95.07 £2.85  94.56 +4.41 94.50 £4.34  91.55+5.18 52.45+10.52 95.06+2.55 95.03 £4.50
German 70.00 +4.06 69.40 +5.78  66.80 £3.58  69.40 £5.30  70.00 +6.53  68.10+3.18  65.40 £2.27
Heart 82.22 £10.59 73.70£6.86  78.15+5.91 71.48 £13.64 77.78 £7.41 77.04 £5.74  72.96 +8.01
ICU 93.00 +5.37 92.50+7.55 84.50+7.98 91.00+6.15 92.50+8.25 90.00 £4.71  90.00 +10. 27
Period 72.22 +10.80 55.56 +18.89 56.67 £15.23 67.78 £17.72 70.00 £13.91 64.44 +15.54 61.11 £24.15
Soy 100.00 £0.00 97.50 +7.91 98.00£6.32  96.00 £8.43 88.00+£19.32 94.85+5.47 98.00 +£6. 32
Spectfheart 79.44 £8.35 75.34+9.16  74.13 £5.81 70.44 £7.63 79.43 +10.01 70.01 £9.36  70.77 +7. 84
Satimage 83.39+£2.82 73.44+2.94 82.84+1.48 84.13+1.38 71.55+1.62 82.02+1.55 82.77 £3.30
Twonorm 97.42 £0.45 82.37+£1.30 83.69 +1.27 83.65+1.46 97.68 £0.53 94.84 £0.89  95.03 +0. 80
Wiscon 96.14 £1.65 94.71 +2.14 94.29+3.98 91.85+4.71 93.00 £5. 15 95.14 £2.87  95.28 +1.51
Waveform 82.00£1.37 77.48 +1.86  73.86 +2.61 73.04 £2.23 77.90 £1.71 76.94 £1.30  77.78 £1.50
SR 86.24 80. 49 80.93 79.91 78. 82 81. 00 81. 46
bR 4.92 6. 49 5.69 6.32 7.35 5.24 7.32
TEfR BR R AR TE 5 A B AU, AR EXH
( Precision ) F12F 4= 3 ( Recall ) 2 i £ 4 %0 4 GE /Y Fl = 2xP xR (20)
P+R

HEFEIR . X R IR AL TR I G
ZERIRE Y L Sl TR A b 3 A ) Bl AN
BB HERA 0 B0R MR SCES R RE )y . 2 02
()R, AR 9] ) S S 288 530) 5 A B 0 2K S 1Y
A5, W LSRR 700 4 MRS : IR
5] ( True Positive, TP ) | i 1E #] ( False Positive,
FP) . B J2 fi| (True Negative, TN ) FlI{ &z f4i] ( False
Negative ,FN) , B T3 [F] 2H B — MR VB HEE o
R P 5AERF R 35E LN

TP

P=1p s rp (18)
TP

S T (19)

F1 R i oy e A SR YA A R RSF- 258, &

TEPAT 2 KAL S5 0, T B H B2 MR B
M, DLZE G PR BE R BE oy 1 5 X BB TR VR AR
MERfE B, rT LB ST B A IR o E A A R
FAr 42238 SR 5 X X Sy R A R i T,
BR|ZEZHERER (macro-P) . FEELE (macro-R) D
NAARLIY %L F1(macro-F1) o B GE LANF

1 n
P=1vp 21
macro . ; - (21)

1 n
-R =—)» R, 22
macro . ; : (22)

macro-F1 = 2 X macro-P X macro-R (23)

CLCA 5 6 X LA TE 1S R 4E By

macro-P + macro-R
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BEFGEWRMES PN, L RER TR
M. BFEATAL CLCA 76 7 N EURE i
AR WER KT HAB XS L5, 7E Derm | Pe-
riod FE4E I U i KA 4%, 7 Balance (i 4E
PR RRAMER, S RIRTE 15 MR L
F1 BN 6 fis, & i B AR B+ R & L

fli, Fhin, CLCA 7F 8 MR & FBUS R
{8,

el W, TR EE 2R AifERIAE F1
JEE L, CLCA # B m T HAES BT S P B #E
Pt X FEA U I T i B R AE 4 25 M BE 1 A A i
P

RS BRI A UER A 2R [

Tab.5 Comparison of precision and recall of different algorithms AT %
— CLCA CT DT RF RSS ILMPFTC DMPWEC
AR AR AR AR AfR AR AeR AR AR MR AR MR AfR AR
Australian Credit 84.95 85.29 81.44 81.45 82.72 82.61 80.61 77.51 83.80 76.98 76.34 76.63 82.46 82.71
Balance 59.17  63.69 54.50 55.31 55.00 58.65 57.67 56.99 57.92 62.84 69.75 63.43 54.96 54.41
Breast Cancer Coimbra ~ 79.80  73.32  72.90 71.69  70.21 71.44  60. 61 60. 41 33.91 50.54 68.29 68.85 69.26 68.47
Breast Cancer 96.95 96.78 93.61 94.55 63.91 61.12 93.21 90.08 94.82 90.67 95.25 95.05 94.93 95.93
Derm 95.94 92.70 92.49 93.04 94.09 94.24 92.45 88.38 39.16 38.18 94.51 94.20 94.60 95.27
German 35.00 50.00 63.28 63.30 61.58 62.22 59.59 55.37 35,00 50.00 61.60 61.15 58.80 58.96
Heart 82.18 83.24 73.15 73.46 77.67 76.84 72.82 69.41 81.48 75.37 76.95 77.05 72.92 73.01
ICU 55.41 58.33  66.47 64.74 54.70 53.85 52.02 54.12 60.67 63.33 59.67 58.81 77.89 74.39
Period 61.46 59.20 49.05 54.32 50.92 48.93 47.68 55.07 35.00 50.00 58.04 60.25 56.95 55.61
Soy 100 100 95.00 96.67  96.25 97.5 93.89 95.00 90.56 91.25 76.52 76.71 98.89 98.33
Spectfheart 39.72  50.00 61.88 63.21 60.78 59.25 63.41 67.57 39.72 50.00 58.35 59.03 59.32 61.08
Satimage 81.51 74.66  73.86 73.18 79.45 80.18 81.98 82.05 67.28 60.51 81.44 81.24 81.77 81.78
Twonorm 97.57 97.41 82.35 82.34 83.69 83.70 85.70 83.66 97.67 97.68 94.86 94.87 95.04 95.01
Wiscon 96.66 96.57 93.82 94.48 93.63 93.88 93.01 89.42 94.33 90.58 94.74 94.38 93.79 96.33
Waveform 84.58 82.04 77.54 77.49 74.00 73.90 75.31 73.21 82.68 77.84 76.92 76.93 71.75 77.76
KO KEILH F1 R
Tab.6 F1 comparison of different algorithms B %
LIRS CLCA CT DT RF RSS ILMPFTC  DMPWFC
Australian Credit 85.12 81.44 82. 66 79.01 80. 22 76. 48 82.58
Balance 61.34 54. 86 56.75 57.18 60. 25 66.13 54.30
Breast Cancer Coimbra 76.21 72.27 70.75 60. 39 38.75 68. 56 68. 85
Breast Cancer 96. 86 94. 06 62.47 91. 60 92. 68 95.15 95.93
Derm 94.25 92.74 94.15 90. 32 38.15 94.35 94.91
German 41.15 63. 28 61.89 57.36 41.10 61.37 58. 88
Heart 82.70 73.29 77.23 71.05 78.22 76.97 72.96
ICU 56. 80 65.32 54.13 53.01 61.89 58.69 75.91
Period 59.20 50.25 48.93 50. 84 40. 81 58.74 55.52
Soy 100. 00 95.71 96. 82 94.39 90. 84 76. 61 98. 60
Spectfheart 44.16 62.47 59.91 65. 36 44.10 58. 68 60. 11
Satimage 77. 84 73.51 79.82 82.01 63. 61 81.34 81.77
Twonorm 97.49 82.35 83.69 84. 66 97. 68 94. 86 95.03
Wiscon 96. 57 94. 14 93.75 91. 14 92. 40 94.55 95.03
Waveform 83.29 77.52 73.95 74.24 80. 19 76.92 77.75
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N T ERAN A R B L Z R PERE
5, ¥ Friedman #5367 Sk 86:3F CLCA .CT DT,
RF .RSS . ILMPFTC .DMPWFC 2 H{FE B EEZ R,
Friedman 656 1 5& SCANTF

Fovp, N BAE R A E B O BE A B R, S B
AEAEE BA DRI OF 806 H H N
E—-1F(k-1)(N -1) H Fisher 431 .

X T AEILR RS B TR HE A sk 7 P
R AT DL, CLCA 78 15 Ul % FF 4

£~ = k(zlczivm( iR? _k(k Z 1>2) (24) A MEWTT CLCA 7R 24T 55 i LK RE
i=1
_ (V- (25)
Nk =1) ~x;
BT AFEI SN
Tab.7 Classification accuracy rank of different algorithms

LAEiRES CT DT RF RSS ILMPFTC ~ DMPWFC CLCA
Australian Credit 4 2 5 6 7 3 1
Balance 4 3 5 2 7 6 1
Breast Cancer Coimbra 4 2 6 7 3 5 1
Breast Cancer 4 6 7 5 3 2 1
Derm 4 5 6 7 2 3 1
German 3.5 6 5 1.5 5 7 1.5
Heart 5 2 7 3 4 6 1
ICU 2.5 7 4 2.5 5.5 5.5 1
Period 7 6 3 2 4 5 1
Soy 4 2.5 5 7 6 2.5 1
Specttheart 3 4 6 2 7 5 1
Satimage 6 3 1 7 5 4 2
Twonorm 7 5 6 1 4 3 2
Wiscon 4 5 7 6 3 2 1
Waveform 4 6 7 2 5 3 1
SEEE 4.4 4.3 5.2333 4.066 7 4.7 4.1333 1.166 7

X T T AL DB EH « = 0.1,
F RS I FE A 1. 845 AR 4 Friedman 4655 1)
AESCITREAR F o= 816, KTl FHE, X KW 7
MR REZ A TE— 2 I 22 57 o

W J5, {4 F Bonferroni-Dunn ¥ 17 J5 22 16
B S H AR 22 B I Sk

E(k +1
&b, =0, ey

Horp N OB S ARG R O RRE AR g, R
Tukey 734 I SHE o
ME=T,N=15,a=0.1Hf,q,, =2.693, Il
€Dy, =2. 124, M TALEMADEIE, R ENTH
R4 22 BE A Ao e SR, O35 B R0 A A 5

=

(26)

REZ St . WA 3 froR, CLCA 5 HAl 6 4~k 1
PEIHER I 22 (AR R Tl B 2. 124,y e m]

CLCA 5 HAth 6 NEIEAFERFH .
CD=2.124

RF —— — CLCA
ILMPFTC RSS

CT DMPWEFC

DT

&3 £&&: Bonferroni-Dunn 5z & %t 1

Fig.3 Bonferroni-Dunn test graph of different algorithms
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ff & IR TS 222 2 R0 . R, T
SEVAEUN A I DI A8 25 ], e 2% DG B R PR A A
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