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The Learning and Optimization of Full Bayes Classifiers with Continuous Attributes
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Abstract  The naive Bayes classifiers with continuous attributes can not make the effective use of
conditional dependency information between attributes. In dependency extension of naive Bayes
classifiers, it is very difficult that the optimization of attribute conditional joint density estimation
and structure learning of classifiers are integrated. In this paper, on the basis of using multivari-
ate Gaussian kernel function to estimate the conditional joint density of attributes, a full Bayes
classifier with continuous attributes and multi smoothing parameters is presented. The smoothing
parameters are optimized by combining the evaluation criteria of classification accuracy and full
search method based on interval division with asynchronous long. A dynamic full Bayes classifier
is also developed by combining full Bayes classifier with time series. Experiment and analysis are
done by using data sets with continuous attributes in UCI machine learning repository and macro-
economic field. The results show that two kinds of optimized classifiers have very good classifica-

tion accuracy.

Keywords continuous attributes; full Bayes classifiers; dynamic full Bayes classifiers; Gaussian

kernel function; smoothing parameters
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B4 DNB DTAN GNB FLBC FNBC SNB MNB CTAN (4.5 SVM GFBC KFBC CFBC SFB MFB
Ae_train* 0.2650 0.2624 0.2039 0.2065 0.1962 0.1858 0.1767 0.1532 0.2076 0.1969 0.1897 0.0923 0.1806 0.0858 0.0743
Arabic_Digit * 0.2740 0.2795 0.3494 0.3247 0.3494 0.3247 0.3110 0.2726 0.3233 0.2311 0.2740 0.2398 0.3233 0.2220 0.1973
Breast_cancer 0. 0358 0.0486 0.0372 0.0258 0.0377 0.0243 0.0243 0.0500 0.0601 0.0372 0.0572 0.0558 0.0243 0.0377 0.0286
Breast_tissue 0.2900 0.3200 0.3700 0.6100 0.5600 0.2800 0.2400 0.3100 0.3491 0.5936 0.2900 0.3700 0.3100 0.3000 0. 2400
Cardiotocography” 0. 2542 0.2389 0.5420 0.6292 0.5820 0.3223 0.2417 0.4333 0.2118 0.7158 0.3827 0.3653 0.3084 0.2709 0.1889
Cmc 0.3285 0.3271 0.3504 0.3402 0.3475 0.3395 0.3336 0.3270 0.3176 0.3722 0.3745 0.3884 0.3278 0.3212 0.3154
Column_3C 0.2259 0.1871 0.5162 0.3226 0.2678 0.2323 0.1581 0.1677 0.1935 0.3355 0.1839 0.2291 0.2291 0.2355 0.1549
Connectionist_Bench* 0.4039 0.3866 0.3385 0.4251 0.2635 0.1808 0.1385 0.2288 0.2102 0.6535 0.5424 0.0289 0.1827 0.0250 0.0135
Ecoli 0.1035 0.1000 0.0794 0.0863 0.0656 0.0656 0.0449 0.0689 0.0994 0.1237 0.0794 0.0690 0.0483 0.0621 0.0552
Glass 0.3429 0.3000 0.5096 0.5239 0.4620 0.3334 0.3197 0.5333 0.3599 0.6427 0.4620 0.4000 0.2953 0.3429 0.3096
Heart_disease 0.1334 0.1445 0.1408 0.1593 0.1667 0.1555 0.1408 0.1555 0.2260 0.1667 0.1519 0.1667 0.1556 0.1630 0.1445
Horse_colic 0.2834 0.2834 0.3400 0.3334 0.3400 0.3267 0.3000 0.3600 0.3133 0.3300 0.2934 0.3000 0.3067 0.2967 0.2367
Image_Segmentation® 0.1450 0.1350 0.2300 0.2800 0.2300 0.1300 0.0750 0.2200 0.1145 0.4974 0.1500 0.1950 0.1400 0.1200 0. 1000
Tonosphere 0.2572 0.2858 0.5372 0.3572 0.3629 0.3572 0.3258 0.5200 0.2349 0.3581 0.2800 0.3372 0.2972 0.3629 0.2315
Iris 0.0400 0.0400 0.0400 0.0467 0.0467 0.0334 0.0334 0.0267 0.0467 0.0601 0.0200 0.0334 0.0334 0.0334 0.0267
Liver_disease 0.3000 0.2883 0.4471 0.3942 0.3765 0.3765 0.3471 0.4117 0.3276 0.4220 0.3030 0.3736 0.3383 0.3530 0. 3500
MAGIC_Gamma  0.2522 0.2817 0.3709 0.3198 0.3198 0.3198 0.2862 0.3198 0.1894 0.2422 0.2930 0.3479 0.2451 0.2508 0.1958
New._thyroid 0.0454 0.0454 0.0500 0.1046 0.0864 0.0319 0.0273 0.0545 0.0931 0.1859 0.0864 0.0682 0.0410 0.0410 0.0410
Parkinsons 0. 1650 0.1200 0.3050 0.1900 0.1600 0.1100 0.0750 0.2600 0.1283 0.2500 0.1600 0.0900 0.1050 0.0700 0.0350
Pima 0.2390 0.2356 0.2481 0.2611 0.2611 0.2611 0.2377 0.2441 0.2657 0.2382 0.2715 0.2949 0.2377 0.2403 0.2377
Sensor_readings*  0.1556 0.1245 0.3934 0.3356 0.3067 0.1756 0.1267 0.3688 0.0571 0.3883 0.3156 0.2600 0.1800 0.2423 0.1512
Spambase 0.1684 0.1417 0.3900 0.3867 0.3600 0.1650 0.1317 0.1566 0.1610 0.3898 0.1817 0.1551 0.1650 0.2417 0.1534
Statlog * 0.1657 0.1230 0.1764 0.1252 0.0932 0.0726 0.0565 0.1770 0.0496 0.1168 0.1649 0.0825 0.0726 0.0344 0.0252
Transfusion 0.2414 0.2040 0.2507 0.3160 0.3160 0.3160 0.2347 0.3160 0.2300 0.2382 0.3081 0.2640 0.2267 0.2240 0.2240
Wine 0.1412 0.1295 0.0295 0.0530 0.0412 0.0236 0.0177 0.01774 0.1012 0.0445 0.0518 0.0000 0.0236 0.0412 0.0236
Wdbc 0.0447 0.0375 0.0661 0.0661 0.0590 0.0590 0.0483 0.0589 0.0739 0.0654 0.0118 0.0822 0.0572 0.0322 0.0233
Wpbc 0.4200 0.3650 0.4250 0.2700 0.2750 0.1858 0.1767 0.1532 0.2076 0.2362 0.2000 0.2200 0.2250 0.2300 0.2300
Yeast 0.4548 0.4007 0.4088 0.4710 0.4115 0.3247 0.3110 0.2726 0.3233 0.6155 0.4176 0.3919 0.3980 0.3784 0.3717
FH¥IE 0.2206 0.2084 0.2909 0.2844 0.2623 0.2040 0.1764 0.2371 0.1956 0.3124 0.2320 0.2108 0.1956 0.1878 0. 1564
5.3 EESHTURHRERENZ I DA B8 e Ji X [A]. 7E 0. 001 ~0. 1 JE N, % 5 >4

P #E Column_3c. Connectionist_Bench, Glass,
Sensor_reading il Spambase iX 5 R4 . 73 B
WS ML S AW J5 T EAT V- 1 2800 43 2 vt v
M2 R BE T 5 A, W 5 REL 6 s, Horp
al = 0.001, =+-, a9 = 0.009, al0 = 0.01, all =
0.015,+++,a28=0. 1.
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5.4 DFBC B 7 2 EMIME LR

%Pt 5 GDP (Gross Domestic Product) . ERF
(Exchange Rate Fluctuations) F1 EC(Energy Con-
sumption) AH3CHY 3 AN M T 18 bn 5 N E K Ge it
Jry FIVRE S B TR IS 7 540 I 0 3 s Bl A
Ut 20,31 F1 25. 4% 3 A HUHE 46 v i [ N 2B 77 8

SRR SO AR SO RE R T B R it % U & I
SEYT A (B P AR R R SRR A AR B AT 5O 11T
TAE B HUAE N AR AT B A S S UE B PR SE
A3 SR S (B AIL % (CRF) S | %of 56 F 25 47 R
BT W S0 % R BURN 2 7 1 2 0 A R
BOrh T T v % 5 % R 0 B A5 RS R DU e B 4 2K R
(GDNB,.SKDNB #il MKDNB) , EL5 Z Vg 251
FAS5EA UL 43 25 2% (MKDFB) #E 47 H 8%, Ty e
WHEBUS 11 A ) 5L Bl an 2 3 3% 5 PR,

3 GDP EFHEH AN

Iy Ty=9 Ty=10 Ty=11 Ty=12 To=13 To=14 Ty=15 Ty=16 Ty=17 Ty=18 Ty=19
CRF 36. 36 40. 00 44, 44 50. 00 57.14 66. 66 60. 00 50. 00 33. 33 50. 00 0. 00
GDNB 45.45 50. 00 55.55 62. 50 71.42 66. 66 60. 00 50. 00 33. 33 50. 00 0. 00
SKDNB 63.63 70. 00 77.77 87.50 85.71 83. 33 80. 00 75.00 66. 66 100. 00 100. 00
MKDNB 81. 81 90. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
MKDFB 81. 81 90. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
R 4 ERFEZHER ST
Sk To=20 To=21 Ty=22 To=23 To=24 To=25 To=26 To=27 To=28 To=29 Ty=30
CRF 54.54 60. 00 66. 66 75.00 71.42 83.33 80. 00 75. 00 66. 66 50. 00 0. 00
GDNB 36. 36 40. 00 33.33 37.50 42. 85 50. 00 40. 00 50. 00 33. 33 0. 00 0. 00
SKDNB 54.54 60. 00 55.55 62.50 71.42 66. 66 60. 00 75.00 66. 66 50. 00 0. 00
MKDNB 63.63 60. 00 66. 66 75. 00 85.71 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
MKDFB 63.63 70. 00 77.77 87.50 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
* 5 ECEzNEEIT AN

NS To=14 Ty=15 Ty=16 Ty=17 To=18 To=19 Ty=20 To=21 To=22 To=23 To=24
CRF 81. 81 80. 00 77.77 75.00 71.42 66. 66 60. 00 50. 00 66. 66 50. 00 0. 00
GDNB 54. 54 60. 00 55.55 50. 00 57. 14 66. 66 60. 00 50. 00 66. 66 50. 00 0. 00
SKDNB 72.72 70. 00 77.77 75. 00 71.42 66. 66 60. 00 50. 00 66. 66 50. 00 0. 00
MKDNB 81. 81 80. 00 88. 88 87.50 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
MKDFB 81. 81 80. 00 88. 88 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00 100. 00
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paper, the derivative classifier family of Bayes classifier can
be deeply understood. But full Bayes classifiers and dynamic
full Bayes classifiers have broad application prospects in many
areas. The contents of this article is of an important part of
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