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Abstract

We propose a quatitative annotation method for edges in Bayesian networks using given sets of condition-specific
data. Bayesian network model has been used widely in various fields to infer probabilistic dependency relationships
between entities in target systems. Besides the need for identifying dependency relationships, the annotation of edges
in Bayesian networks is required to analyze the meaning of learned Bayesian networks. We assume the training data
is composed of several condition-specific data sets. The contribution of each condition-specific data set to each edge
in the learned Bayesian network is measured using the ratio of likelihoods between network structures of including
and missing the specific edge. The proposed method can be a good approach to make quantitative annotation for
learned Bayesian network structures while previous annotation approaches only give qualitative one.
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Fig. 1. Examples of previous qualitative annotation approaches for network structures.

FHEGOH 2Y
G e HonD
spL2 "
o L2y
of “ono  PGID) & EIE®
VIC3
EEE TS

4, KO X4 A

28 2 AokE ARA F45 we L B T2 Sl o8-8 HolE: 210 vy
THoR o|Foz Aoz 74A.
Fig. 2. Proposed approach for quantitative annotation of edges in network structures. Source
data for learning network structures is assumed to be composed of condition-specific data
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different.
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Fig. 5. Generation of two condition—specific data sets D+ and D- from ALARM Bayesian network.
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Table 1. Normalized contributions of D'
and D" for each edge.

7 log (v — cont (e :G. DY) log(u—cont{e;G.D7))
1 0.1064 -0.0029
2 0.7653 -0.0055
3 0.0868 -0.0063
4 0.67 -0.0107
5 0.1022 -0.0039
6 0.7769 -0.0066
7 -0.0006 -0.0033
8 0.0841 -0.0038
9 0.6745 -0.0118
10 | 0.1326 -0.0054
11 | 0.0231 -0.0004
12§ 0.1133 -0.0007
13 | 0.0188 -0.0003
14 | 06243 -0.0021
15 | 0276 -0.0017
16 | 0.4584 -0.0039
17 | 0.2606 -(.0013
18 | 06102 -0.0023
19 | 0.3026 -0.0015
20 | 05269 -0.0011
21 | 04158 -0.0084
22 | 0.2068 -0.0037
23 | 0.1448 -0.0002
24 | 0.3671 -0.001
25 1 0.0886 -0.0007
26 | 0.1062 -0.0012
27 | 06742 -0.0028
28 | 06129 -0.0013
29 | -0.0081 -(.0084
30 | 0.0776 -(.0068
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31 | 02244 -0.01

32 | 0.0804 -0.0078
33 | 06707 -0.0022
34 | 00703 -0.001
35 | 04073 -0.0006
36 | 0334 -0.0011
37 | 0028 -0.001
38 | 00108 -0.0002
39 | 06208 -0.0023
40 | 0142 -0.0014
41 | 06278 -0.0024
42 | 01486 -0.0015
43 | 04624 -0.0032
44 | 04529 -0.0027
45 | 04234 -0.004
46 | 0303 -0.0043
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