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Learning Bayesian Network Structure from Small Data Set

WANG Shuang-Cheng 2 LENG Cui-Ping! LI Xiao-Lin?

Abstract
many methods of extending small data set have been developed, but the revision of extended data is neglected. In this

It is incredible to learn Bayesian network structure directly from small data set. For improving the reliability,

paper, extending small data set is combined with revising extended data to upswing the data reliability. A directed tree
is built from the small data set and variables are sorted according to it. On the basis of the variable order, a Bayesian
network structure can be established based on the local search and scoring method. This method dose not need the prior
knowledge of the variable order, but the partial order information of expert can be used properly. Experimental results

show that this method can effectively learn Bayesian network structure from a small data set.
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Table 1  Comparison of local learning effects on multi-father nodes
JRHR A 2] 45 /NEAEAE (400) AL (5000) FrUEEHE 4R (5000) P LI J47 70 244
ALARM (=12, +0) (—4,+0) (-2, +0) (—0,+0)
13 36 (=2, +0) 22,36 (—1, +0) 22,23, 36 (—0, +0) 22,23, 36
14 33 (—1,+0) 33,35 (—0, +0) 33,35 (—0, +0) 33,35
15 35 (=2, 40) 35(—1,+0) 35(—1,+0) 22,35
27 11,20 (-2, +0) 4,11,20 (-1, +0) 4,11,20 (-1, +0) 4,11, 20,33
31 22 (—1, +0) 22,21 (0, +0) 22,21 (—0, +0) 22,21
32 34 (—1,+0) 12,34 (—0, +0) 12,34 (—0, +0) 12,34
34 35(—1,+0) 22,35 (=0, +0) 22,35 (—0, +0) 22,35
35 36 (=2, +0) 23,36 (—1, +0) 22,23, 36 (—0, +0) 22,23, 36
Car-Diagnosis (—10,+0) (—4,+40) (—4,40) (—0,40)
7 4(—2,40) 4,5(—1,+0) 4,6 (—1,+0) 5,6
4 2(—1, +0) 2,3 (=0, 40) 2,3 (=0, 40) 2,3
9 4(—2,40) 4,5(—1,+0) 4,5(—1,+0) 4,5,8
18 12,13 (=3, +0) 12,13,15 (-2, +0) 12,13,15 (-2, +0) 12,13,14, 15,17
Adata (—11,+0) (—4,+0) (—2,+0) (—0,+0)
6 2(—4,+0) 2,3,5 (2, +0) 2,3,4,5(—1,+0) 1,2,3,4,5
8 7(—2,+0) 4,6,7(—0,40) 4,6,7(—0,+0) 4,6,7
9 7(—2, +0) 6,7(—1,+0) 5,6,7(—0,+0) 5,6,7
10 8(—3,+0) 5,6,8 (—1,+0) 5,6,8 (—1,+0) 5,6,7,8
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