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Learning in a hybrid Bayesian network structure for causal analysis
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(1. Department of Information Science, Shanghai Lixin University of Commerce, Shanghai 201620, China; 2. National L abo-
ratory for Novel Software Technology , Nanjing University , Nanjing 210093, China)

Abstract :At present , learning in a hybrid Bayesan network structure mainly depends on a combination of
the searching & scoring method and the expanded entropy discretization algorithm. However , the algo-
rithm is prone to fall into local optimal trapsand its efficiency and reliability are not good. In thispaper, a
new iterative method for learning with hybrid Bayesan network structuresis presented. In each iteration,
mixed data clustering is carried out based on father mode structures and Gbbs sampling, so that continu-
ous variables are discretized. Then, through optimization of the Bayesan network structure, the sequence
of Bayesan network structures gradually tends to converge, avoiding the main problems encountered with
the expanded entropy discretization algorithm.
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Table 1 The comparison of two discretizing methods

in inference respect

iris
liver_disease
pima_indians_diabetes
heart_disease
new_thyroid
cme
wdbc
breast_caneer
Thyroi d0387
sick_euthyroid

95.
56.
70.
77.
74.
.00+4.
93.
74.
66.
90.

33+4.
57+2.
78+ 3.
40 +5.
76 +5.

16+1.
48 + 3.
40+ 2.
76+1.

27
62
83
80
92
51
66

76
17

.33+4.
.57+2.
.55+2.
.66 +5.
.76 +5.
.30%3.
.02+1.
.85+3.
.60+ 2.
.55+1.

42
62
63
28
92
68
93

58
11

14

10
32
10
22
25
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