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Bagging-based Probabilistic Neural Network Ensemble Classification Algorithm

JIANG Yun CHEN Na MING Li-te ZHOU Ze-xun XIE Guo-cheng CHEN Shan
(College of Computer Science and Engineering, Northwest Normal University, Lanzhou 730070, China)

Abstract Neural networks classification algorithm now more concentrates on the BP algorithm which is the representa-
tive of the neural networks. Considering the disadvantage of BP neural network, based on the analysis of probabilistic
neural networks and machine learning,and combining with the idea of ensemble learning, we proposed a new classifica-
tion algorithm which is probabilistic neural networks ensemble based on Bagging. Theoretical analysis and experimental
results show that the proposed algorithm can effectively reduce the classification error and improve accuracy of classifi-
cation. The proposed algorithm has good generalization ability and faster speed of execution than the traditional classifi-
cation methods such as BP neural networks and it can achieve better and more stable classification result.
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2.1 MrTREE R

DUt 43R R R G T T I — R R R T 8, I
BHBEAE PR RS EER 0406, X T EHIWTHI 2K
FHEREAR X= (21,22, 1) »
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WGRERRBEG L R T 00 M BRERE X HiRBR
SYBMER 0 IR s s AR T 05 WA BRFERAE X FR
RS> B 04 IR 5 fa fo H o HAEK 04 .0 HIBERE
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BT RS E I Bk, MFT LDS EHRFA MR ¥ I B AL E
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Shapire i it — 4~ ¥ #5785, X R R T 5 %€ Mk
ool

#1512 3 (Ensemble learning)™ )4 %0 18 B2 1 VRS BE 1L
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T2, MB— R E AT, AR BRI , 1%
SrAUE R,

Xof TS 2 85 0 e R MG, BB AR 423 Boosting
1 Bagging %77, BIREH . XFAMFBRAF LT HES
BIRE 7, TEXE W PR O RS A R SRR 1 T FTAT S S T )
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Boosting F- B SE X YIl ZR 8R4 A< T — W0 44 AL T, B /s %o
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BTN RBUTF, B R IE MR TR .

Bagging(Bootstrap aggregating) "1 & —Fh i £ R 1E i1
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£ BNSRANMEEI B RARR WA EAERLAN
ERE. BB EHNRESRIGRE PR B TREFIR
SR, 18 2] BN & A R ZE B — N RARBE, R RE
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BJ52545. BT Bagging B MES 8 Z B R FFAER K
ER R, B EETT LI T, MARERENSHRITE
ATt — P R E A A M AR, 3 B Bagging BRI I
E S RREREDD

3 & T Bagging B MZ P& £ X 5 2 H % Bag-
ging-PNN

Bagging AR K FEERERARREEAR, NEHE
PRAE b 23 33 37 BE AL B BB , 3 B ME EB A SLHE T £
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VB EBEIFTEMN LN M NGREEET%Y .8
H T TS B SRR R B REENENREG
.
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ki Bagging R A B BT R - MERE R M2 W48 43 2
#8. #ET Bagging WHIRMEMEERILBEEREMT
BRMAKNR » I REAE P REVIHIE » MEA, FIBEER
M W4 oy R BT SR, 18 B — MR Z M 45 2528,
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Bagging Jr kil i EHEBUN NN T 2 K88 E R
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W BRI COXO
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(4)end for
(5 B e ge
CX)= argmaxx%)ci (€9]
i AL 288 CQOXTRABEA x 732K,
(D) RAMEAR x 23260, B HHEE OB B —-NFERER, T4
SRV, BREB LRI ARMER x WRER;
@ REMHALER

T
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4 XBERRSH

AV FEE S ERPRE R FEA P Bagging PNN [
BB, i, A UCT A pLas2 I R e 8 7 7 53R
£, 3 BB R IR F R F] Y 41 3R . 488 =X R B (lris, zoo,
glass) | E %212 W (breast-WisConsin, lymphography) . = % i/
F (balance-scale) 4iit 4347 (haberman) . H FERFAEINE 1
i,

#1 UCHRESIR S MR

$EE HA¥E #EBE HHREHN Xi%E
balance-scale 625 0 4 3
breast-Wisconsin 699 9 0 2
glass 214 9 0 6
haberman 306 0 3 2
iris 150 4 0 3
lymphography 148 0 18 4
200 101 16 1 7

R 10 EAE X (10-fold Cross Validation) i 75 ¥ 72 i
£ 2R, BB RIS R 10 4 R E R 9
BrtE RN, AT 1 BN IRE, 2 2hie F 1S3
R, BRBFIE, BB SRMERE. HTRIFEER
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Bagging-C4. 5 BB M 43 KM, 55 4 51 KR AL
LM% PNN B A0 K521 ,58 5 SR AA R KB
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CPU 2} Intel Pentium 4 3. 06GHZ, 4 7f DDR 512MB, #4/E &
4t % Windows XP SP3, 3 TR % MATLAB R2007b.

2 AMITERBERELEOD

HEE C4.5 BaggingC4,.5 PNN  Bagging-PNN
balance-scale 77.82 82.33 89. 36 89.6
breast-Wisconsin 94.72 95.77 95. 65 95, 97
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iris 95,2 94, 87 96 96

tymphography 78.31 79.59 78.57 78.93
200 92.61 93. 29 97 97.2

WL LR LUE 4 308 A 4r 2B % Bagging-
PNN 7 7 MEE P AR H TR SRR, STHX 4
M2 s, Bagging PNN 22872 6 NMUEE FRBT
BRI LRHERR, (UUHE lymphography $HEEE b 1143254
i RBE G T Bagging-C4. 5 Bk 0. 66 %0, (B4R L M0 g C4.
5% PNN BT, BARTE irls 2B 4 - Bagging-PNN
PNN 4328 HE 0 340 2, HiZ fLfE 7 I Bagging-PNN ZEig T
PNN,#EXFERMEERE . BARIT-EEHEBEIE.
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HEEZETLRRFESE. (DRI E . #H Bagging B 5L
Bk LR 5 2 88 A B A58 XA 18] BB » Breiman™'® #5
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R PILH, MER PR MEEI B ERBRN, £R
HIRURESTF . (BAME RS 2 R BRI > 88 40 3R45
BESLABEEUR TN SNEIBRZEMERE, B
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B SRR, — MR 10~50 NEERT LIS BIAE B 5326
HHE, A 3 BI/RHETE breast-Wisconsin H#EE HEBAR
KEMARBWSEIRER, ATUEH, BEEER 15 1~
Ay AR ET IR TR 2R 2, 3 A BBE X F] 50
B3R TT LIRABAE B RN 7 25 . 3R 3 48 S IR 7E breast
Wisconsin ¥4 48 b5 BA R B 1 432588 B M I 2R DA e
A, PV SRR MEE N 620 1 MR RHBE N
70 4, FTLLUE 4, Bagging PNN B S TR B2 IEH Y.
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