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Local Causal Structural Active Learning Method Based on Causal Power
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Abstract Causal structure learning is an important causal knowledge discovery method to disclose the nature of causal
interactions in the Bayesian Networks, The causal relations are difficult to be discovered by only using observation data.
On the other hand, actually, we are often only interested in local causal structure about a target variable. This paper
presented a local causal structure learning method by integrating feature selection into intervention called a local causal
structural active learning based on causal power (CSIFLCSL). CSFLCSL integrated the dividing structure ability of
Markov blanket and causal discovery ability of intervention learning. Firstly, under the faithfulness assumption, CSI-
" LCSL utilized HITON-MB algorithm to obtain the Markov blanket of interested variable for generating a local model.
Then, we selected a intervention variable from the local model by using non-sys entropy to generate interventional data
by perfect experiments. Finally, we used an exact method algorithm to obtain a local causal structure of the interested

variable by combining observational data and interventional data, A series of comparative experiments on two standard

Bayesian networks show that our method has excellent learning accuracy.
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