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Abstract .

sis, geological disaster forecast, operational decision, etc, good results are expected to achieve based on small data sets.

Bayesian network is one of the main tools for data mining. In such cases as large equipment fault diagno-

Therefore, this article focuses on the problem of learning Bayesian network from small data sets. Firstly, the structure con-
straint model based on the probability distribution of the connection was built. Then, the improved-Bayesian Dirichlet-binary
particle swarm optimization algorithm was proposed. Secondly ,the monotonicity parameter constraint model was defined and
the monotonicity constraint estimation algorithm was proposed. Finally , the proposed algorithm was applied to construct the
threat assessment model. Then,the model was used for reasoning with the variable elimination method. Experimental results
reveal that the structure learning algorithm outperforms classical binary particle swarm optimization algorithm and the param-

eter learning method surpasses maximum likelihood estimation,isotonic regression and convex optimization method for small

data sets. The threat assessment model is also proved to be effective.
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1, T(j) =Data,(j)

N(@j) = 35

D=l e 3

gwm
S T R R n T TR B BE AR IR
1150, Data, () F270 55 4 Kbt o i Bl 25 B £ 3
6, T7) 32 HE 35 79 30 0 25 B (E %
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