D000 http://www.cqvip.com|

AN 2006 Vol. 33Ne. 9

— W EUR & M 4 R AE R 52 )

FheF FEHELE
(R BAKFRFAEFE K% 610031)

# E A E R A5 % 2 (Naive Bayesian classifier, NB) 2 —# 8 £ @ A 2 ey o £ (2 & 5 £ B4 2 319 4
EEEMUEIHR . YaT o R, Bit 54 NBey o £ RE, F 468K F H 547 (Linear Discriminant A-
nalysis, LDA) 5 # #] %] % # (Kernel Discriminant Analysis, KDA) #9458 %, 38 th T — 48R4 0 4 £ 44 DANB
(Discriminant Analysis Naive Bayesian classifier, DANB), #i% 4 % % % 5 NB # TAN(Tree Augmented Naive
Bayesian classifier, TAN)# 47 2000t 2 R A, A K S 4% E L. DANB S R B EAR G5 X EHE,
XRIF AENAMSER KMANTH EAR S, TAN S £ F

A Novel Hybrid Bayesian Classification Model

LI Xu-Sheng GUQO Yao-Huang
(School of Economics and Management, Southwest Jiaotong University, Chengdu 610031)

Abstract

of the information of the training dataset, thus affecting its classification performance. On the basis of analyzing the

Naive Bayesian classifier (NB) is a simple and effective classification model, but it is unable to make the best

classification principle of NB and integrating strongpoint of Linear Discriminant Analysis (LDA) and Kernel Discrimi-
nant Analysis (KDA), a new hybrid Bayesian classification model, DANB (Discriminant Analysis Naive Bayesian clas-
sifier), is proposed. DANB classifier is compared with NB and TAN (Tree Augmented Naive Bayesian classifier) by an
experiment, Experiment results show that this model has higher classification accuracy in most datasets.

Keywords Naive Bayesian classifier, Linear discriminant analysis, Kernel discriminant analysis, TAN classification
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BEAMEE, ERES TEEAOKRET. EdEFARY
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DA —BELUMIFRE G AR BB TR ERZMH THE
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3.3 DANB 4%

EX(DANB 72288 HAFEHSE X(Xi, - X)) 2%
RN COBUE(L, - ND ¥ X M EKEMER R E
(ol A% PR B SE B B 25 1] R SR MBS I o 1) B KR M R 43 T 1)
) BERMEARREE R Y={Y,, .Y, },ISKN—1,Y
HEHE B ENE X (B k) WEMAEE., ERER
TROZKETMRRY B—aBRAEEM Y, WEX—&
1 DL 43 BB RURR S DANB,

¥t DANB /P R88 0 X E IR WK A). —HHE
T WA, VEDE R AR BB R A S 1], X B 45
ERTEF RS MHETH R A S, FREARY
£ X={X1, Xu ) PHUER WA B A 18] 6] BEAR 7E — € WKt
KRB SR AR A ], M 1 R AR E AR B v (i
AR A R £ 20 IES R G IFR RS R N
s ELTIERS, WA KL, EHAERELRE,
HKAPAT NB B Th e, ZE B AF A S [ AT S B S R
DANB 43228, M T XA KM N LH], HREHITREE
#e, 885 H DANB #1747 2.

DANB 43 AR 2 PR LRGSR -

(1) begin; select LDA or KDA

(2) if LDA then

(3) compute »m;,m,S, .Sk

(4) solve (28) 18

(5) project: ¥iBHEARL N W B, BBEEHHALE
(6)  endif

(7) if KDA then

(8) select Kernel unction(4l:

(9 WA, M%)

10 compute, K, K
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(1) solve (4ORH A

85; ené)il;oject: A X B BRI 0T A 4R

(D train: FBFREALING NBAXBEM B

(15)end

A1 RBPARRBERE
Data Set # Attributes| # Class # Instances
Train Test

1 diabetes 8 2 786 CV-10
2 | german-numeric 24 2 1000 CV-10
3 glass 9 7 214 CV-5
4 ionshcre 34 2 351 CV-10
5 iris 4 3 150 CV-10
6 liver-disorder 6 2 345 CV-10
7 segment 19 7 2310 CV-10
8 sonar 60 2 208 CV-10
9 vehicle 18 4 846 CV-10
10 waveform 40 3 5000 CV-10

4 SEEEFSY

R 1FTE] 10 ANEHE S F 7R 5, B4 sk T UCI
P R B R B A EF RN DANB 5 NB Al TAN 4328875
BAEEE FR 52K ERREAT A, Hb TAN 432848
AR R T RAEAR BRI . S22 00 BE IR A
4y 2 AZ L& IF (stratification cross-validation, CV), HRI4A
SORE B EA B RE MR R (A SRR R
P BB TR R M R B BEE. YR
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KDA #8CHIE B T KO o X 1R, B3 T8k
HORE B, 8 R BT 00 8 A A e A2 (L RE AL B 2 VIl ke
AHEIRFIBHRE L. B, XM GE 40P A S
55 AH AT LU B B el 3 AL B R, it
BRESTESEN TR, ALBRALTMR SE 5
AR PR AT MR 2 Mercer EH0Y , LB AL R
BT LI,

LI (Polynomial Kernel) :£(x,y)=(x + y+1)?,d
R Z I EL

# Bi#% (Gaussian Kernel) :kCr, y) =exp(— || z—y || ¢/
26°) o AT ESEL,

MFE 2 IR ES RO LIE B DANB 78 #4400 E 42
TBUR T B Ry kR, S 1—2—5—9— 10 BiE&E 2k
ERRL NBF TAN 4880 4 2 LB R M2 5, HE B A
BYRE L BT NB, (U7 3—7—8 $dEk L R#IMKT
TAN,x#a PLIE 1 1 NB 5 DANB Xt [t #1 TAN 5
DANB X HE . 5350, 7R/ 1 sh B4 ik T2 R A LDA B},
DANB [&] NB #l TAN g%t t. 7T LA 3, 76 S 8CE R X
KA LDA HE R 17, SRS M4 28 1% . IR,
T DANB B BB AEA, thin 4 $aR £, BHEM 34
HERER 1 4E, 10 BUREM 40 #ER D] 2 4, H 2 MRE L7t
REERIEFHMY. —DRIGEIE T RIFEFEAM
SEERAF RN, @B E & TR Fim
DANB ik (b3 B/ 5 0T . '

%2 DANB #= NB.TAN #iX % 4 £ 4

DANB
DataSet NB TAN LDA Polynomial Kernel Gaussian Kernel
d=2 d=3 sigma=1 | sigma=2 [sigma=2, |
1 diabetes 0.76 0.75 0.77 0.76 0.76 0. 67 0. 66 0. 66
2 german-numeric 0.73 0.74 0.77 0.74 0.71 0.70 0. 70 0.69
3 glass 0. 44 0.72 0. 58 0.53 0. 53 0. 64 0. 65 0. 64
4 ionshere 0.75 0.92 0. 85 0. 89 0.92 0.94 0. 94 0.95
5 iris 0.95 0.94 0.98 0.98 0.98 0.97 0.97 0.98
6 liver-disorder 0.52 0.56 0. 63 0. 68 0. 69 0. 60 0.63 0.65
7 Segment * 0.75 0.95 0.91 0. 80 0. 67 0.16 0.17 0.21
8 sonar 0.61 0.78 0. 65 0.62 0. 67 0.67 0. 67 0.71
9 vehicle 0. 45 0.72 0.79 0.45 0. 42 0.29 0. 27 0. 29
10 Waveform* 0. 80 0. 81 0. 83 0. 84 0. 82 0.33 J 0. 37 0.75

T EIT + SRR S REBUZHIA 15 AT 38 2 BEAURIEL 2004 YRR B 30

gt RN LRR—MEAMARM S EE
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LM B A7 -5 BN B 5347 ) 07 12 4R 1] B T 43 38
AR 2T SR B JERE AR 1) B K Pl 4 8 25 IR L AR A
B, LAFIR R AR R, Fl NB Bk E TR A 72,
MR NB 52500057 77 kG L e Gk . e R &%
(R AR MEBRF & IO V7 250 BB BE T,
AR RE A T P VA 0 R A G 2 A S v L T LS
BT Y4EEGA , Ktk DANB 254 AR A B R RL. 4
R B KR YT 2R L ICIERS I R BRI E L
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T ARSI, BB LR E— PP . EAWESITIE
UGG AMEFI B BT LUE RN SEAFREMAT —
Mol B TEREAGIRREKEREERBNAEHS. BN
AR ESZEEDN, XHBBET N a8 H URA
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& SRR P = # A (Exact Semantic Similarity Dictionary, &
R ESSD) ,

ESSD=14"={(N,sN, s [N, €ENUS,),N,, €N(S) }

(3-12)

git TENEEMLNEEER T AREN BT, BT
Gi— R EAFRE B, A CRE T — 1M~
SRR B E R RSN SDSG, ZHE B AT R A
T BB BIRE PR, 7ETHRIE AR R ANE SRR 0% IR

THMERRE ., B THHGEHREE SDSC R KUY E4.
W AURTE T RE AR HERAE , Y S AR BT
B0 AL ABARPE A4 7 v T W S T A TR SR S
SR ST AR AR AU 437 07 BR 48 TE © 45 20 0 AR (U0, SRR
2] RGO IE SR . A SCER B pk b AR 1 AR LU
SHHTRERL S B [ R, 5 R R B B AkE (U R IR E D
BMAERERNS S, AXRENTEELBPHREUS T&
HHRAR .
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