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Improved Brain Emotional Learning
Algorithm for Fast Classification
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Abstract: An improved fast classification algorithm based on Brain Emotional Learning ( BEL) and Genetic Algo-
rithm ( GA) is proposed to enhance the accuracy and efficiency. Inspired by the neurobiology research of emotional learning
mechanism in amygdala and orbitofrontal cortex ,the BEL model is constructed to mimic the mechanism of emotional stimu-
lus processing in human brain. For the short path in the emotional brain, BEL can speed up the learning process. Further-
more, the learning weights in BEL are optimized by GA in order to improve the accuracy. Experiments using UCI datasets
are performed,by which the results show that GA-BEL classification obtains higher accuracy and less computing time com-
pared to other classifiers,in both small and large sample datasets.
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S R ] Intel [ i5-2430 4b B A%, AR
2.4GHz,4G N1F, Windows 7 #:/E & 4t , Matlab 2010b %
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REXT LURIFSE B B 2. ik Se 4 f % — o R B A2
SRR EATHELERE 1 m]AE X ) 43 v 4 AR 4E  7E
FEA KL b n] AR 43 S RFEAS TN /NEA. 5 2 53
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F1 HUIRKHHA

Data sets # Samples #Features #Classes
BreastCancer 699 9 2
Heart 270 13 2
Diabetes 768 8 2
Tonosphere 351 34 2
Wine 178 13 3
Iris 150 4 3
Vehicle 846 18 4

4.2 MEREITMIEIR

1 Bk GA-BEL S8k A RO 5 Pk, A SO
Sy IR [R] R I 22 =07 THI SR A 1t

Blas 2 2 G, xof T A1 i s 23 28 9 PEAN bR
WEH SR L FIR A AR TR 4 [9] % (Re-
call) K5 ( Precision ) F1 1E i 3 ( Accuracy ) Z8. A 3L H7,
o3 2% 45 R AN &L 4 e s R VB R .

Hrpt TP(True Positives) 678 B2 1IE 2K #  TN( True
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Confusion Matrix

;_% P FP Precision 1
; FN TN Precision 2
§ Recall 1 Recall2 Accuracy
Target Class
K4 IRIEHERE

Negatives ) &/~ H AL 11 2% | FN( False Negatives ) %7~ #
FRHLA] 53 o RS AR, FP (False Positives ) 3878
BRI 53 R TE S B ME . 43 2R IE B % Accuracy 7T
=R/

Accuracy = TP+ TN
Y=TP+FP+TN +FN

K T W) 28 3 B I ) A i i GA-BEL 530k iy PR 1
K FFRAE 22 (Standard Deviation , SD ) 35 78 43 2 503 1Y) 25
BAFEE.
4.3 SHIGERTIWER

SIS H B ALSR GA M BEL 53k ER 73 7E BEL
B, 70% RREAS B R 3 S I 2546 ,30% AR AL
Pk o3 A 2% B AT RO REA R R,
LY BRI 3 S SR ONR, B R T S BOH SR T
B E. MR 3. 1 WA R B K B 2m +
L(m A AREARAE R ) . AN [R50 4R AR AR R /NS
], 76 SC 5 2 80 & F A R[], DL BreastCancer 445 4
9t A5 BEL P45 rpr, 52 B 4 AT R 9 A, Bt AR
H2 A B 2 B 19 . TERHE R S s
ORIV R /N A 200, 5 KA ARECH 100, 4 /KK
FER 19, R 20 558 SR 5178 St 38 SURFNAR S 485
A2 0.8 F10. 1. GA-BEL B iz 1745 L&l 5 Fil&l 6
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x 100% (9)
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E
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GA-BEL Sk SRR, 43 S IR R4

T BSAIE GA-BEL 55075 X6 4 J8 AH % 42 8 1 RE 45 A
X B YRR B 73 2R R RE L SR FHAE Heart %4 46 647 50
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1E BEL W 28 v, B8 A 0 13 A4 th 15 sk 2
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Output Class

2
Target Class Target Class

(18  HeartBdhidl: /- IS TRIA HE I
9, B HEA ORISR 2 100, kK EER 9,
SE AR S 3843 53] g 0.8 A0, 1. 2y 1 00 b 4K B
GA-BEL H: s ae Iy , R KB AL O LB 7R 3 2K 1E
AR A BCE AR O, 121745 R WA 9 Fs.
M9 Hraf LUE Y, GA-BEL 5 KA &t #E 4k 20
R FIPRIER ] A5 98. 3% , HAREME4s, Ul

0.99
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GA-BEL B9 1Y) 2 2] BE Jy 3, X IR 4 B /N FE AR 19 58
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Bif5 , & —*] Diabetes \Wine S5%{4f5 £ #1710 1. R
TR, X A 5 A B 3 2 0 A 0 X B 4 2R DL
4.4 5.
4.4 FKWHERLBIW
4.4.1 5HMHEHEXER

T A GA-BEL Bk 1 PERE , A SCR AR BEL
S SVMBEEE R BP SR R L AR
PARMEAT /P S0 00. 3R 2 45 Hh T DUFP A W) 536 1 43 28
IER R TR ] bR v 22 =07 T B AE A5 , X Se 48 A2
B TN 5 IR A i 25 3, W] LG 3509 i A 3%
PE R VE RS E AT 2R A PR

MFE 2 AT LUE Y AR5 2 PR Dy T, 25T BEL JF
DT [ 4 8. T GA-BEL 5.3, st 1 AUH
PHAE Dy AR T N ZgE AR T, i ATE 2y SRR R T
1, GA-BEL B3k 5 A U] W i o 3. % D 1 L 21 8548 14
Gy A T B 0 43 2 25 AR T A = Fh ARk
FEE K AFEAS ) BreastCancer £ 5 F/NFE AR Tris B2
46, GA-BEL B0k i Wit S5 2 R, 4 28 TE A 232 4 1) 3k 3]
96. 9% 1 98. 3% . {EL X T+ o £ K2 AR X 52 g 4 Kt , an 1-
onosphere , GA-BEL B35 R )z SVM Bk (1) 4r 2 25 51 (0
T BP 535 M BEL 5.0k, 7EbRUE2E 7 1H , GA-BEL 551k
XF PA b T2 R 73 S A o 22 B I T Ho At = A B3k

ZEE VLo, FRATTAT ARt 4518 5 A BEL 7.
%, GA-BEL WUt 5k 15 20 S IE B 52 L Pt 1 A0 e Sk
AR EN TR A . R T A XS B A TSR
S RFEARBAG A 2/ IMEA B , GA-BEL B 1670 2K IE
T2 AT I [RDRIR 9 22 5 T A0 5L A ) S g AR 5, e o
VLI T GA-BEL 554k i A 301k

R2 FEEERISEMERERTLL

SVM BP BEL GA-BEL
Data sets | Accuracy | Time Dev  |Accuracy| Time Dev |Accuracy| Time Dev |Accuracy| Time Dev
(%) (%) (%) | (%) (s) (%) | (%) (s) (%) | (%) (s) (%)
BreastCancer 90. 6 2.91e+1 2.61 91.2 |5.63e+2 | 1.95 94.7 | 1.13e-1| 1.55 96.9 | 4.27e-2 1.34
Heart 82.2 | 2.73e+1 2.57 81.5 |4.28e+1 | 2.16 85.2 | 8.16e-1| 2.49 87.6 |3.37e-1 1.96
Diabetes 72.1 5.33e+1 4.65 76.2 | 6.17e+2 | 3.14 80.1 |2.17e-1| 2.77 85.7 | 4.65e-2 2.55
Tonosphere 93.1 4.7le +1 2.79 89.3 |5.33e+1 | 4.38 90.7 |9.12e-1| 3.52 91.5 |5.37e-1 3.17
Wine 94.8 | 3.85e+1 2.40 91.7 |5.12e+2 | 2.26 96.4 | 6.93e—-1| 1.64 98.9 |2.5le-1 1.18
Iris 94.3 2.37e+1 2.33 91.2 | 7.6le+2 | 2.49 93.7 | 1.87e—-1| 2.18 98.3 | 2.35e-2 1.73
Vehicle 84.3 5.38e+1 2.58 77.2 | 8.33e+2 | 2.93 78.0 | 9.15e-1| 2.83 82.4 |6.23e-1 2.76

4.4.2 S5iEHANEIBERILE
N Tt B GA-BEL FL B 73 RIERE , A LS
TE T3 = AR R A SRR v B [R] 26 B 4 1Y 0 2R 46

A ISR A SE R 5 R AR U A S8 SR Y SE 5
GUR R T 3 RIER R, B RLX B [R] 26 B 5
7 JEIE B RAE LA, 2 2R L 3.
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Data sets Samples Study Algorithms Accuracy( % )

Lotfi B8] BEL ( Brain Emotional Learning) 85. 4

Heart 270
This study GA-BEL 87.6
Lotfi E['8] BEL ( Brain Emotional Learning) 77.9

Vehicle 846
This study GA-BEL 82.4
Deng 7 L!2') | DHPAINC (Decision Hyper Plane Heuristic Based Artificial InmuneNetwork Classification) 94.3

Tonosphere 351
This study GA-BEL 91.5
Breast Zhang 7% GSCCA (Group Sparse Canonical Correlation Analysis) 61.6

699
Cancer This study GA-BEL 96.9
Bai 7% SELM ( Sparse Extreme Learning Machine. gaussian kernel ) 79.8

Diabetes 768
This study GA-BEL 85.7
Bai 7% SELM (Sparse Extreme Learning Machine. polynomial kernel ) 98.5

Wine 178
This study GA-BEL 98.9
Sartra W24 CAC ( Cellular Automata-based Classifier) 96.0

Iris 150
This study GA-BEL 98.3

3 AT LA, e Rl AN e Y R i i 1 20 %38t
5

', GA-BEL F535BR X} Tonosphere %45 4 ) 73 28 1E 1 5%
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