®37% MM L AR KFFROERAF R Vol.37 No.3
2018 4F 6 H Journal of Shandong University of Science and Technology(Natural Science) Jun. 2018

5| AR Z IR0, BORSE. I T B Y IR B A 3| DU SR L)), I ARBHE R 2 i (A R B4 MO » 2018, 37(3):73-78.
QIN Huaiqiang. ZHAO Maoxian. Hidden Native Bayes algorithm based on attribute values weighting[J]. Journal of Shandong
University of Science and Technology (Natural Science), 2018, 37(3):73-78.

Je T IR PR MLt Be kb 25 VU0 53k

FR5E, R

(LWAHBEXT RFEL5258%F%. L4 &8 266590)

¥ E.r& A& N et A7 (Hidden Naive Bayes, HNB) ik % — A2 My R G £ N et o Lkt Ak, L 5 £ 4
REBRRIEERTRRKORS A2 E > £ 42 P, HNB 5% A F 80 X 5 4] 69 & A4 48 5 b 6d R B B 3+ o
KOG TRRAZE . AR AT XA AL, R AR 04 e AR F BT & A 4 AR B M B B R B R 4 e T KR JE L SR A A AT
F) oy 2 Rak HNB Sk P A 2] 69 R F AKX R 132 T —A st ad HNB Sk, R g 4 A mA 48 R & K 5
9 3% AT AR A % 38 & (University of California Irvine, UCD #& Eclipse b 232 8t 47 018 52 25, 25 % & "0, & #t 69 HNB
Sk BUR4E HNB ko 5 KM A AR THRXES.

LR B AN W et AT AN E W et B B A AR 5 R

hES %S TPI1S1 X kPR ERD A XEHS:1672-3767(2018)03-0073-06
DOI: 10. 16452/j. cnki. sdkjzk. 2018. 03. 010

Hidden Naive Bayes Algorithm Based on Attribute Values Weighting
QIN Huaigiang, ZHAO Maoxian

(College of Mathematics and System Science, Shandong University of
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Abstract; Hidden Naive Bayes (HNB) algorithm is an improved structure-extended Naive Bayes classification algorithm,
whose classification accuracy is much better than the original algorithm. However, the HNB algorithm does not consider
the contribution of different values of each characteristic attribute of the test instance to the classification in the classification
process. To solve this problem, an improved HNB algorithm was obtained by constructing a corresponding weighting func-
tion to calculate the contribution of each characteristic attribute value to the classification and using the results to weight the
conditional probability formula used in the HNB algorithm. Then numerical experiments were conducted by using the Uni-
versity of California Irvine (UCI) benchmark datasets with Eclipse. The results show that the improved algorithm exhibits
higher accuracy performance than the original HNB algorithm.
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Tab.1 Steps of AVWHNB algorithm
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Tab. 2 Training set data description

557 Hd 4 24 FR A KL J& 1% AT ERUIES Bk Al HfE A B
1 anneal 898 39 6 Y Y
2 autos 205 26 7 Y Y
3 breast-cancer 286 10 2 Y N
4 balance-w 699 10 2 Y N
5 colic 368 23 2 Y Y
6 colic. ORIG 368 28 2 Y Y
7 credit-a 690 16 2 Y Y
8 credit-g 1000 21 2 N Y
9 Glass 214 10 7 N Y
10 heart-c 303 14 5 Y Y
11 heart-statlog 270 14 2 N Y
12 hepatitis 155 20 2 Y Y
13 hypothyroid 3772 30 4 Y Y
14 ionosphere 351 35 2 N Y
15 kr-vs-kp 3196 37 2 N N
16 labor 57 17 2 Y Y
17 letter 20 000 17 26 N Y
18 mushroom 8124 23 2 Y N
19 segment 2 310 20 7 N Y
20 sick 3772 30 2 Y Y
21 sonar 208 61 2 N Y
22 soybean 683 36 19 Y N
23 vehicle 846 19 4 N Y
24 vote 435 17 2 Y N
25 vowel 990 14 11 N Y
26 Waveform-5 000 5 000 41 3 N Y
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Tab. 3 Classification accuracy comparison of different algorithms %
RSB NB AODE HNB AVWHNB
anneal 94. 10 97. 22 98. 66 98. 33
autos 66. 34 75.12 79.51 79.02
breast-cancer 72.73 73.08 73.43 73.78
balance-w 97.42 97.42 95.71 95.99
colic 78. 80 80. 43 81. 25 81.52
colic. ORIG 76. 36 77.17 73.91 75.54
credit-a 84.93 86.09 84.49 84.93
credit-g 75.90 76.30 77.30 77.50
Glass 58.41 61.68 57.48 58.41
heart-c 83.83 82.51 82.51 80. 86
heart-statlog 84. 81 84.07 81. 85 81. 85
hepatitis 83. 87 83.23 81. 29 83.23
hypothyroid 92.90 93.50 93.32 93. 27
ionosphere 91.17 91.45 92.59 92.59
kr-vs-kp 87. 80 91.11 92.43 92.08
labor 96. 49 94. 74 89. 47 91.23
letter 70.03 85. 24 86.19 86. 17
mushroom 95.43 99. 95 99. 96 99. 96
segment 89. 05 92.94 94. 68 94. 63
sick 96. 77 97.53 97. 80 97.72
sonar 75.48 80. 77 82.69 81.73
soybean 92.24 92. 83 94.73 94. 88
vehicle 60. 99 71.63 73.52 73. 64
vote 90. 11 94. 25 94. 25 94, 48
vowel 66.16 88.59 92.83 92.53
Waveform-5000 79.90 84. 36 83.42 83.42
S A7 43 S W 82. 39 85. 89 85.97 86. 13

XPHX 4 AR AR IR AR B R BRI 4.
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Tab. 4 Classification accuracy comparison of different algorithms at each dataset

Wi/ NB AODE HNB
AODE 21/1/4

HNB 18/0/8 15/2/9

AVWHNB 18/2/6 16/1/9 12/4/10

Xt H B AR 4 AR A R 2 R AR ISR 5.
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Tab.5 Time complexity comparison of different algorithms
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