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[ Abstract] In the field of data mining and machine learning, classification is a key problem to which the Bayesian
network model is frequently applied due to its simplicity and high efficiency. As a classical Bayesian network model for
semi-supervised learning, One-Dependence Estimator ( ODE) has been widely concerned by researchers. However, the
existing ODE model classifiers do not consider the varying contribution of different attribute nodes acting as root nodes to
the classification process. Therefore, this paper combines ODE model classifier with the attribute value weighting method,
and on this basis proposes the MI-ODE algorithm. The algorithm adopts Mutual Information ( MI) to measure the
dependence between attribute values and class variables of the attribute root node, which is used as the weight of the ODE
model. Then weighted average is implemented for the attribute values of the ODE classifier model. The MI-ODE
algorithm is tested on 36 standard data sets for real-world classification problems,and results show that compared with NB
algorithm , AODE algorithm and TAN algorithm, the proposed algorithm has better classification performance.

[ Key words] Bayesian networkj. One-Dependence Estimator ( ODE ) ; classification algorithm; structure extension;
attribute value weighting

DOI:10.19678/j. issn. 1000-3428. 0056498

EE&TH b A AR =R S B A 8 PR AL R D357 N 48 43 8B L F 5T 7 (2018 CEC893 ) 5 b 4 vh e 51 5 b 7 ) 4 k e & 0
SEIRIRH DB Tl R B S A G SRR A AT 5 N (2019ZY YDO12 ) 5 b 45 H 6 S 06 % R 4 300 H B T 0L e 3B 1 4%
G S Y A R T A 5T (KLIGIP-2018 A0S ) 5 b 48 i AR I % 301 - AR TR 5 Bt i {5 L 38 B3 R 487 (2019 AEE020)
TEE B A R R (1984—) 2, BIEE 1, 0005 ] B2 38 HL AR 2 20 5 Bk F W B0 L 0 B2, R TR,

W F5 HHE:2019-11-05 {& B H #9:2019-12-08 E-mail ; yuliangjun@ hue. edu. cn



LT O

2020 £ 11 A 15 H

316 it &
0 ik
Gy ALasE b —TE W RS, 2 Y

TN T REATUIR A RS S R i 43 26 B
F 38 7 12 A7 DLk 7 o 4% e SRR AR B vk LN T
Z WG HUBE S SO SE AR b DL g 9 4 4
B G IR A SN, B Bl g o 2] ST Y
W R AT BT k2 IR BT S AR 4y
KT AR R A S O i
EAT

N T MERE  BESE N S T AR £ DLt
$or 190 2 43 SR, SR 2 2T A G Y DL 307 R % —
A~ NP-hard [R5 Fp 26 DU -3 I 46 455 750 445 Ay DL i
$oir 1o 2 A5 A0 v 28 B fRT R EL R O B R AR B T T
FIBFFE I T o 2R DL 37 00 2% {5 5 Ja 4 22 (] o AH L
MSE R AR B RR S JE R AR R S R . H i T
i 152 5 I 52 43 2 18] B AN AR A, PR el 1 AR 3R D
W30 I 2% 1 4 S MERE . H R, X RN 3R DL R 2% )
SR 0 B R F S B S A R R B hn
R DR e s A AR 2 1] sk
B S A7 HEAT R T <45 M TR T i i 1
A BR A A ) 32k 7 J A2 DL 0 4% 7Y 0 T 25 A
F IR Jm PEAR 1 2 8] 0 AR S AR LIS RS 2 DL S )
2 (1 Ja Yk 2% PRt S AR B 3R TR AR ERE T

— KAk I #% ( One-Dependence Estimator , ODE)
SEANZR DU ST I 28 25 47 e 5 vk vh i 2 SRR, S
B[ 18 ] 48t 48— HCHfsi Al I &% ( Average One-
Dependence Estimator, AODE ) 8 ¥, f£iZ & % i,
AR T AE R AN B Y SR AR A TR A — A
J& M7 AR S H AR T A R 1 AR Y . TANB
(Tree Augmented Naive Bayes) & """’ |l ODE f#i#!
Sy Bl A JE AR 2 [R] 3 TR 2 A A R A o T
A& ME 8] Y 2% R A B A R OR Bl E R4S A TR,
HNB 5535 2 0 LAk 2% > ULt 07 0 26 9 41 250, o8
T MY AR, P A B Y AL R, e —
FFIA 1) ODE A58 A1 25 4y

DL Sk T 42 7+ ODE 5/l () 7r e M B, (A 4
58] f5 BT Bk I, LA (9 ODE #2181 73 K 50 ik AE 4T
I3 2N N S AN T 7Y PR A S R RS R Y 23
FRARTE S35 2ok 72 bl B 1Y BT R = A W] Y, 2R I R
2 B (6] 1 i P A g AR Y R B X 0 2 B 1 BT RS
[F] . PRI, A SCLL ODE #85# Jy B fift, >R H & M 18
KLY J7 2 %F ODE # A i 17 we gk, A HIAH B 45 &
( Mutual Information , MI) % J& (& Xt 1 A9 A (E , IF:
TERRERCHE 5 B XA SO ) i) MI-ODE 83 1) 43 26
PEREHEAT VAR .

1 BEEpEESRT

FvaR DL it H 0 45 73 S 03 A D L 2k 2 > U Y
SR — BRI 2% D 2 TR BR {E R 2R AOR
5 H AL S HLER 27 > 23 JE AR B AR 25, i HL 2 24
RESE AR AE | i R, N LA 2 1 05T N B2 R ik
AIH A LA, A, TR m AR PR Fp U 52 4] x
TN x=<ay,a,,-,a, > o a, NP ENE A,
XN B B o AR s P B A B 4 R 2 DL 387 1)
EBINZE R AN 1 s o AL T AT LR AR R
DLt 37 100 265 v J e 22 1) S A L ST R, A R

()
OBORONO
Lo

1 b 2E DU 5T ) 48 4 BY 45 44

Fig.1 Structure of naive Bayesian network model
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Table 1 Comparison of classification accuracy of

four algorithms

R2 AFEZMN AUC XTLL
Table 2 AUC comparison of four algorithms

AUC/%
SRS - - . -
MI-ODE &% NB &%  AODE &¥: TAN &k

anneal 99. 66 99.20 99.45 99.84
anneal. ORIG 98.61 97.78 97.98 98.66
audiology 97.66 96.93 96.98 95.92
autos 96.39 92.34 95.66 94.85
balance-scale 87.10 87.74 87.04 87.58
breast-cancer 67.72 70.18 70.81 65.36
breast-w 99.22 99.25 99.25 99.07
colic 87.08 84.97 86.77 86.55
colic. ORIG 83.37 82.32 83.50 75.66
credit-a 93.01 92.21 93.05 91.81
credit-g 79.52 78.99 79.78 76.29
diabetes 84.43 84.64 84.74 84.86
glass 91.46 91.10 91.45 91.00
heart-c 91.96 91.27 91.75 90.00
heart-h 92.00 91.44 91.62 91.65
heart-statlog 91.61 91.47 91.64 91.11
hepatitis 90.07 91.25 91.04 89.45
hypothyroid 99.82 99.66 99.77 99.83
ionosphere 97.78 97.24 98.30 98.17
iris 98.79 98.95 98.95 98.89
kr-vs-kp 98.65 95.19 97.42 98.26
labor 99.13 99.17 99.42 98.50
letter 99.82 97.89 99.69 99.42
lymphography 93.54 92.89 92.85 92.21
mushroom 100..00 99.80 100.0 100.0
primary-tumor 83.57 82.79 82.89 80.97
segment 99.84 99.15 99.75 99.72
sick 96. 64 96.01 96.18 96. 15
sonar 94.71 93.34 93.92 93.44
soybean 99.69 99.48 99.57 99.79
splice 99.51 99.35 99.45 99.18
vehicle 92.34 86.23 92.16 92.40
vote 98.80 97.15 98.67 98.75
vowel 98.90 95.41 98.48 99.09
waveform-5000 97.22 95.94 97.22 95.55
700 99.98 99.94 99.94 99.89
-4 AUC 93.88 93.02 93.81 93.05

w/t/l — 16/20/0 9/26/1 11/25/0

Ir NG /%
Bt - - - -
MI-ODE &% NB ##%:  AODE &¥: TAN Bk
anneal 98.90 96.13 98.01 98.61
anneal. ORIG 93.73 92.66 93.35 94.55
audiology 75.95 71.40 71.66 65.35
autos 86.34 72.30 80.74 80. 85
balance-scale 69.39 71.08 69.34 70.75
breast-cancer 70.82 72.94 72.53 69.53
breast-w 96.58 97.25 96.97 96.27
colic 81.49 81.39 82.64 81.00
colic. ORIG 75.79 73.62 74.62 68.31
credit-a 86.33 86.25 86.71 85.39
credit-g 75.95 75.43 76.50 73.54
diabetes 77.66 77.85 78.07 78.70
glass 77.71 74.39 76. 08 76.23
heart-c 83.26 83.60 83.20 81.62
heart-h 85.72 84.46 84.43 84.05
heart-statlog 82.44 83.74 83.33 82.44
hepatitis 85.90 84.22 84.98 86.01
hypothyroid 99.37 98.48 98.76 99.15
ionosphere 93.77 90.77 92.79 92.25
iris 93.33 94.47 93.20 94.20
kr-vs-kp 94.30 87.79 91.01 92.88
labor 94.37 93.13 94.70 92.47
letter 91.63 74.00 88.76 85.49
lymphography 88.21 84.97 86.98 85.30
mushroom 99.99 95.52 99.95 99.99
primary-tumor 47.76 47.20 47.67 44.77
segment 96.92 91.71 95.77 95.58
sick 97.66 97.10 97.39 97.40
sonar 86.75 85.16 86.60 84.45
soybean 94.28 92.20 93.28 94.98
splice 96.30 95.42 96. 12 94.95
vehicle 72.77 62.52 72.31 73.39
vote 94.41 90.21 94.52 94.43
vowel 84.49 65.23 80.87 86.09
waveform-5000 86.60 80.72 86.03 82.22
700 96.93 93.98 94.66 95.15
S Ay 2K 86.49 83.31 85.68 84.95
w/t/1 — 15/20/1 9/27/0 9/27/0

M1 Al LU i, MI-ODE 83k 197 2 73 JEHG
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MI-ODES i (173 K5 FE TERE R AL o
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