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Abstract:

a set of one-dependence estimators built for each attribute. Inspired by this, in this paper we propose a new method, namely Aver-

Averaged One-Dependence Estimators (AODE) ensemble naive Bayes classifiers by aggregating the predictions of

aged One-Dependence Trees (AODT), to ensemble decision tree learning algorithms which enumerate each input attribute together
with the class attribute to create different component one-dependence decision tree classifiers in the ensemble. We then give a multi-

task view of AODE and AODT to explain how they work. We conduct all the experiments on the Weka platform and use the 40

widely used UCI data sets. The experimental results verify the method’ s effectiveness, efficiency and robustness.
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R1 EHEEDN UCBEELNSEERENSTZE

Datasets C4.5 Bagging Boosting Random Forest AODT
adult 86.74+£0.39 86.94+0.36 85.49+£0.40 85.59+0.40 86.56+0.32
anneal 98.78 +0.91 98.79+0.87 99.61 +0.62 99.42+0.84 96.37+2.32
audiology 77.22 +7.68 80.97 +7.50 84.82+7.13 79.78 +6.87 83.07£6.46
autos 76.39+9.55 83.89+8.51 86.38£6.94 87.06+6.86 84.98 +7.89
balance-scale 69.32+3.89 69.26+3.80 69.31+3.90 69.00+3.84 70.31 +4.30
breast-cancer 75.26+5.04 73.76 +5.85 66.04 +8.21 70.37+7.34 69.97+7.04
breast-w 94.65 +2.51 95.49+2.57 94.94 +2.74 95.55+2.61 95.37+2.62
car 92.22+2.01 93.59+1.79 96.72 +1.50 94.42+1.54 95.17+1.42
colic 84.72+£5.94 85.10+5.68 79.48 +6.36 82.91+5.62 84.24+5.56
colicORIG 76.09 +5.31 76.09 +5.31 76.09 +5.31 73.29+5.52 75.59 +5.60
credit-a 86.58 £3.53 86.17 +£3.56 82.72+£4.36 84.36+4.01 85.25+3.94
credit-g 72.17+3.49 73.66+3.69 71.69 +3.99 73.76 +3.63 74.08+3.12
diabetes 77.34+4.91 77.33+4.72 77.16 +4.38 76.59 +4.78 78.35+4.33
glass 75.23+9.46 77.10+9.13 75.28 +9.40 76.94 +8.07 75.79 +8.70
heart-c 77.32+6.20 80.40+6.38 79.57 +6.56 80.78 £5.83 80.61£6.13
heart-h 80.96 £ 6.90 80.04+7.24 82.34+6.32 81.84+6.35 80.08 +£6.97
heart-statlog 82.26+£7.32 84.04 +6.46 83.22+6.81 83.41+6.85 81.63+£7.08
hepatitis 81.32+£9.48 83.26+10.18 83.61+£8.93 85.52+8.03 84.35+8.87
hypothyroid 99.28 +0.42 99.31+0.41 99.50+0.37 99.27 +0.40 99.38 +0.38
ionosphere 89.49+5.12 91.03+5.33 93.11+4.08 92.99+3.88 91.88+4.11
iris 93.87 +4.89 94.47+5.02 94.60 +5.42 94.19+5.81 94.33+5.14
kr-vs-kp 99.44 +0.37 99.46 +0.37 99.60 +0.31 99.23 +0.46 98.72+0.64
labor 87.13+15.32 91.07+11.36 91.13+12.03 92.27+11.30 90.03 +11.64
letter 78.75+0.77 81.87+0.95 89.94+0.75 92.01+0.61 91.47+0.63
lymph 76.51 +10.14 79.46 +10.20 84.19£8.33 82.69+7.77 78.76 +9.81
mushroom 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0 100.0+0.0
nursery 97.18 £0.46 97.42+0.43 99.75+0.16 99.06+0.33 98.89+0.32
primary-tumor 41.01+6.59 45.19+6.16 42.63+6.61 41.27+6.09 46.11+6.19
segment 95.23 +1.37 95.68+1.22 96.41+1.22 96.91+1.05 96.33+1.14
sick 97.82+0.75 97.84+0.76 97.63+0.78 97.70+0.73 97.75+0.72
sonar 80.60 + 8.85 83.07+8.84 82.74+7.72 82.64 +7.96 84.48£8.72
soybean 92.63+2.72 94.05+2.61 94.04 +£2.61 93.73+£2.69 94.28 +2.62
tic-tac-toe 85.57+3.21 94.73+2.04 98.92+1.03 96.29 +1.93 96.71 +1.69
vehicle 70.77 +3.86 70.84 +4.00 72.53+3.95 73.25+3.72 73.24+3.93
vote 96.27 +2.79 96.27 +2.67 94.80+3.05 96.13 +£2.96 96.34 +2.66
vowel 79.54+4.01 82.41+3.72 86.48 £3.25 90.04 +3.02 88.12+3.16
waveform-5000 76.36 +1.77 78.78 +1.77 82.19+1.59 84.47+1.54 78.01 +1.84
wine 92.58+5.32 95.55+4.99 97.37+3.92 98.65+2.54 96.01 +4.86
yeast 59.46 +3.40 59.76 +3.46 59.46 +3.40 59.50+3.42 60.68 +3.63
700 92.61+7.33 93.10+7.48 96.07 +5.89 92.85+7.07 93.68 +6.95
Mean 83.67+4.60 85.18 +4.43 85.69+£4.26 85.89+4.11 85.67+4.34
Overall rank 4.025 2.8375 2.7375 2.75 2.65
Overall rank - - 2.675 2.475 2.4625 2.3875
R2 EERRAERTEM 95% BIEEHTN o LRHER %3 ERANER TR 95% BIEEHTN o LRHER

w/t/1 C4.5 Bagging Boosting ~ Random Forest w/t/1 4.5 Bagging Boosting  Random Forest
Bagging 14/26/0 Bagging 16/24/0
Boosting 18/17/5 16/17/1 Boosting 8/18/14 5/17/18

Random Forest 17/18/5 12/22/6 9/23/8 Random Forest 12/20/8 6/21/13 15/21/4

AODT 17/19/4 8/28/4 9/24/7 5/28/7 AODT 17/18/5 7/21/6 21/16/3 12/23/5
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