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AE AT £ AL Aolgn «4dn. ez A"
HEA Aol FHAAMN o JFFHE FeAd g B
N3 & 477 dasi
¥ 1 ZAEHNOZ o]2old dolEe EA ¥ 2 FAEHE T dolH 9 54
Data set |# of examples!# of attributes |# of classes Data set # of #, of # of nuiat?:ric
examples | attributes | classes attributes
audiology 226 69 24 lymph 148 18 4 3
breast-¢c 286 9 2 iris 150 4 3 4
kr-vs-kp 3196 36 2 hepatitis 155 19 2 6
monks-1 556 2 sonar 208 60 2 60
monks-2 601 2 glass 214 9 7 )
monks-3 534 2 heart-c 303 13 5 6
primary 339 17 25 Jabor 57 16 2 8
soybean 683 35 19 heart-statlog 270 13 2 13
sphice 3190 62 3 ionosphere 351 34 2 34
vote 435 16 2
200 101 17 7
¥ 3. EXSHoE o]FoA dolEd] e A ot ARAT
Data set NB NB™ 1-NN 1-NN"Y 4.5 45" | NBtree | NBrree'”
audiology 730, 1 792 790! 1 818 775 4 832 783 1 323
breast-c 73.0 73.6 72.0 70.5 75.2 742 71.8 1+ 738
kr-vs-kp 8771 1 89.7 90.0 90.8 99.4 99.2 97.1 97.8
monks-1 73.4 722 79.9 79.0 80.7 80.1 90.6 89.4
monks-2 59.7 59.3 502 & 572 622 & 60.6 60.4 & 592
monks-3 93.3 93.3 846 ¥ 933 911 4 922 93.4 93.4
primary 484 4 508 389 4 400 413 4 435 46.0 t 476
soybean 922 14 935 91.6] 1 929 92.1 1 938 915  * 925
splice 953 4 96.1 759 # 824 9.1 4 958 95.3 95.0
vote 9.1 1 92.8 926 1 932 9.8 97.1 95.6 € 9.8
200 93.0| 14 93.8 96.0 96.0 93.1 4 950 95.1 8§ 944
¥ 4. £X4AE 28 diolEd @ sddA] F71 AEE S
Data set NB NB"' 1NN | WY | cas 45" | NBtree | NBiwree’
lymph 838 4 851 79.0 79.7 783 77.0 782 1 797
iris 95.3 96.0 953| 1 96.7 940, 14 953 94,0 94.0
hepatitis 83.7] 14 852 82.0 81.4 78.7 78.1 82.6 $ 80.1
sonar 678 ¢ 717 85.5 85.5 726 t 765 77.8 78.4
glass 458 ¥ 468 705 & 68.7 69.2 70.5 68.7 1 69.7
heart-c 83.2 83.6 753 753 76.6 76.6 78.9 T 813
labor 860 1 882 82.5 83.2 737 % 763 87.7 1 893
heart-statlog 81.1 % 835 752 ® 715 76.7 79.3 78.9 79.8
ionosphere 892 1 915 86.3 1+ 881 91.5| 4 90.1 89.7 90.5
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procedure [earning-with-Virtual-Examples

input
L — a learning algorithm to use
T — a training set
n — a maximum number of virtual examples to be generated
b — a number of virtual sets derived
¢ — a confidence of rtest for selecting a virtual set

output
h — a classifier derived by L with virtual examples

begin

Ve—o

Build a Bayesian network B using T

Calculate the conditional likelihood ¢/ of T on B

repeat until [V] < n
Generate a virtual example v by sampling from B
Copy B to B and incrementally update B” with v
Calculate the conditional likelihood ¢I” of T on B”
if ¢I” > cl then

Add vto V
B« B,cl « o
end if
end repeat

Generate V' = {V), Vo, ..., il V; (vl t <j<ix [n/bi}
Get accuracy list 4o by using L with 7 (ten cross-validations are used)
a « average of Ao, V — o
foreach V; in V'
Get accuracy list 4; by using L with T U V;
if 4; is higher than Ay by t-test with confidence ¢ then
if average of 4; is greater than a then
a average of 4 Ve V:
end if
end if
end foreach

Derive a classifier 4 by using L with T U v
retum A
end
end procedure

it

g 2. 7gdA A g3
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