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The purpose of this study is improving classification accuracies of Bayesian network classifiers. This study
proposes exact learning augmented naive Bayes which is expected to provide stable and high accuracy. Our
experiments demonstrate that the proposed method outperforms the other methods to learn discriminative models.
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1: GBN-BDeu

No. Dataset Variables
Sample

size Classes
Naive-
Bayes

GBN-
CMDL BNC2P

TAN-
aCLL

gGBN-
BDeu

GBN-
BDeu

1 Balance Scale 5 625 3 0.9152 0.3333 0.8560 0.8656 0.9152 0.9152
2 banknote authentication 5 1372 2 0.8433 0.8819 0.8797 0.8761 0.8819 0.8812
3 Hayes-Roth 5 132 3 0.8182 0.6136 0.6894 0.6742 0.7525 0.6136
4 iris 5 150 3 0.7133 0.7800 0.8200 0.8200 0.8133 0.8267
5 lenses 5 24 3 0.7500 0.8333 0.6667 0.7083 0.8333 0.8333
6 Car Evaluation 7 1728 4 0.8571 0.9497 0.9416 0.9433 0.9416 0.9416
7 liver 7 345 2 0.6319 0.6145 0.6290 0.6609 0.6029 0.6087
8 MONK s Problems 7 432 2 0.7500 1.0000 1.0000 1.0000 0.8449 1.0000
9 mux6 7 64 2 0.5469 0.3750 0.5625 0.4688 0.4063 0.4531
10 led7 8 3200 10 0.7294 0.7366 0.7375 0.7350 0.7297 0.7294
11 HTRU2 9 17898 2 0.7031 0.7096 0.7070 0.7018 0.7188 0.7305
12 Nursery 9 12960 3 0.6782 0.7126 0.6092 0.5862 0.7126 0.7126
13 pima 9 768 9 0.8966 0.9086 0.9118 0.9130 0.9092 0.9112
14 post 9 87 5 0.9033 0.5823 0.9442 0.9177 0.9291 0.9340
15 Breast Cancer 10 277 2 0.9751 0.8917 0.9473 0.9488 0.7058 0.9751
16 Breast Cancer Wisconsin 10 683 2 0.7401 0.6209 0.6823 0.7184 0.7094 0.7184
17 Contraceptive Method Choice 10 1473 3 0.4671 0.4501 0.4745 0.4705 0.4440 0.4542
18 glass 10 214 6 0.5561 0.5654 0.5794 0.6308 0.4626 0.5701
19 shuttle-small 10 5800 6 0.9384 0.9660 0.9703 0.9583 0.9683 0.9693
20 threeOf9 10 512 2 0.8164 0.9434 0.8691 0.8828 0.8652 0.8887
21 Tic-Tac-Toe 10 958 2 0.6921 0.8841 0.7338 0.7203 0.6754 0.8340
22 MAGIC Gamma Telescope 11 19020 2 0.7482 0.7849 0.7806 0.7631 0.7844 0.7873
23 Solar Flare 11 1389 9 0.7811 0.8265 0.8315 0.8229 0.8431 0.8431
24 heart 14 270 2 0.8259 0.8185 0.8037 0.8148 0.8222 0.8259
25 wine 14 178 3 0.9270 0.9438 0.9157 0.9326 0.9045 0.9270
26 cleve 14 296 2 0.8412 0.8209 0.8007 0.8378 0.7973 0.7973
27 australian 15 690 2 0.8290 0.8312 0.8348 0.8464 0.8420 0.8536
28 crx 15 653 2 0.8377 0.8346 0.8208 0.8560 0.8622 0.8591
29 EEG 15 14980 2 0.5778 0.6787 0.6374 0.6125 0.6732 0.6814
30 Congressional Voting Records 17 232 2 0.9095 0.9698 0.9612 0.9181 0.9741 0.9655
31 zoo 17 101 5 0.9802 0.9109 0.9505 1.0000 0.9505 0.9307
32 pendigits 17 10992 10 0.8032 0.9062 0.8719 0.8700 0.9253 0.9290
33 letter 17 20000 26 0.4466 0.5796 0.5132 0.5093 0.5761 0.5761
34 ClimateModel 19 540 2 0.9222 0.9407 0.9241 0.9333 0.9370 0.9000
35 Image Segmentation 19 2310 7 0.7290 0.7918 0.7991 0.7407 0.8026 0.8156
36 lymphography 19 148 4 0.8446 0.7939 0.7973 0.8311 0.7905 0.7500
37 vehicle 19 846 4 0.4350 0.5910 0.5910 0.5816 0.5461 0.5768
38 hepatitis 20 80 2 0.8500 0.7375 0.8875 0.8750 0.8500 0.5875
39 german 21 1000 2 0.7430 0.6110 0.7340 0.7470 0.7140 0.7210
40 bank 21 30488 2 0.8544 0.8618 0.8928 0.8618 0.8952 0.8956
41 waveform-21 22 5000 3 0.7886 0.7862 0.7754 0.7896 0.7698 0.7846
42 Mushroom 22 5644 2 0.9957 1.0000 1.0000 0.9995 1.0000 0.9949
43 spect 23 263 2 0.7940 0.7940 0.7903 0.8090 0.7603 0.7378

average 0.7764 0.7721 0.7936 0.7943 0.7867 0.7963
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2:

No. Dataset Variables
Sample

size Classes
MNaive-

Bayes
MGBN-
CMDL

MBNC
2P

MTAN-
aCLL

MgGBN-
BDeu

GBN-
BDeu

MANB-
BDeu

1 Balance Scale 5 625 3 0.9152 0.3333 0.8560 0.8656 0.9152 0.9152 0.9152
2 banknote authentication 5 1372 2 0.8433 0.8819 0.8783 0.8761 0.8812 0.8812 0.8812
3 Hayes-Roth 5 132 3 0.8333 0.6136 0.7197 0.7879 0.7980 0.6136 0.8333
4 iris 5 150 3 0.8267 0.7800 0.8200 0.8200 0.8200 0.8267 0.8267
5 lenses 5 24 3 0.8333 0.8333 0.8333 0.8333 0.8750 0.8333 0.8333
6 Car Evaluation 7 1728 4 0.8559 0.9242 0.9375 0.9363 0.9416 0.9416 0.9416
7 liver 7 345 2 0.6348 0.6348 0.6000 0.5942 0.6000 0.6087 0.5855
8 MONK s Problems 7 432 2 0.7500 1.0000 1.0000 1.0000 0.8194 1.0000 1.0000
9 mux6 7 64 2 0.5469 0.3750 0.6250 0.4688 0.3906 0.4531 0.5469
10 led7 8 3200 10 0.7294 0.7363 0.7375 0.7350 0.7303 0.7294 0.7294
11 HTRU2 9 17898 2 0.7083 0.7057 0.7044 0.7070 0.7305 0.7305 0.7227
12 Nursery 9 12960 3 0.7126 0.7126 0.7126 0.7126 0.7126 0.7126 0.7126
13 pima 9 768 9 0.9102 0.9046 0.9076 0.9141 0.9083 0.9112 0.9141
14 post 9 87 5 0.8996 0.8775 0.9322 0.9103 0.9258 0.9340 0.9174
15 Breast Cancer 10 277 2 0.9751 0.8909 0.9663 0.9458 0.9429 0.9751 0.9751
16 Breast Cancer Wisconsin 10 683 2 0.7184 0.7184 0.7184 0.7184 0.7184 0.7184 0.7166
17 Contraceptive Method Choice 10 1473 3 0.4549 0.4542 0.4555 0.4535 0.4501 0.4542 0.4549
18 glass 10 214 6 0.5841 0.5514 0.5467 0.5841 0.5047 0.5701 0.5654
19 shuttle-small 10 5800 6 0.9360 0.9645 0.9666 0.9605 0.9690 0.9693 0.9693
20 threeOf9 10 512 2 0.8145 0.8750 0.8750 0.8809 0.8652 0.8887 0.8711
21 Tic-Tac-Toe 10 958 2 0.7182 0.8476 0.7244 0.7213 0.7359 0.8340 0.8476
22 MAGIC Gamma Telescope 11 19020 2 0.7520 0.7841 0.7807 0.7699 0.7875 0.7873 0.7880
23 Solar Flare 11 1389 9 0.8431 0.8431 0.8431 0.8431 0.8431 0.8431 0.8431
24 heart 14 270 2 0.8222 0.8185 0.8148 0.8259 0.7889 0.8259 0.8296
25 wine 14 178 3 0.9607 0.9494 0.9438 0.9494 0.9326 0.9270 0.9326
26 cleve 14 296 2 0.8176 0.8176 0.7804 0.8108 0.7905 0.7973 0.8108
27 australian 15 690 2 0.8536 0.8580 0.8493 0.8522 0.8507 0.8536 0.8507
28 crx 15 653 2 0.8622 0.8545 0.8545 0.8622 0.8576 0.8591 0.8622
29 EEG 15 14980 2 0.5774 0.6790 0.6389 0.6111 0.6670 0.6814 0.6935
30 Congressional Voting Records 17 232 2 0.9353 0.9698 0.9655 0.9397 0.9655 0.9655 0.9569
31 zoo 17 101 5 0.9406 0.9406 0.9307 0.9307 0.9505 0.9307 0.9505
32 pendigits 17 10992 10 0.8032 0.9062 0.8719 0.8700 0.9253 0.9290 0.9297
33 letter 17 20000 26 0.4536 0.5796 0.5068 0.5036 0.5636 0.5761 0.5779
34 ClimateModel 19 540 2 0.9259 0.9407 0.9222 0.9352 0.9370 0.9000 0.8667
35 Image Segmentation 19 2310 7 0.7662 0.7848 0.7918 0.7922 0.8022 0.8156 0.8203
36 lymphography 19 148 4 0.8176 0.7027 0.7770 0.8041 0.7770 0.7500 0.8108
37 vehicle 19 846 4 0.4634 0.5816 0.5721 0.5922 0.5437 0.5768 0.6028
38 hepatitis 20 80 2 0.8750 0.8500 0.8625 0.8500 0.8625 0.5875 0.6625
39 german 21 1000 2 0.7210 0.7250 0.7350 0.7230 0.7230 0.7210 0.7240
40 bank 21 30488 2 0.8680 0.8955 0.8924 0.8777 0.8954 0.8956 0.8966
41 waveform-21 22 5000 3 0.7852 0.7912 0.7806 0.7814 0.7626 0.7846 0.7920
42 Mushroom 22 5644 2 0.9970 0.9991 0.9991 0.9972 1.0000 0.9949 1.0000
43 spect 23 263 2 0.7865 0.7303 0.7416 0.7715 0.7715 0.7378 0.7603

average 0.7867 0.7801 0.7993 0.7981 0.7961 0.7963 0.8074
p-value 0.0089 0.0054 0.0104 0.0057 0.0188 0.0301 -

ML
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