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A High Dimensional Causal Inference Algorithm Based on CDC
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Abstract: The inference of the causal relationship between a pair of observation variables is a fundamental problem in science. The
method of proposing causal relationships based on analysis of observation data is valuable for hypothesis generation and accelerating
scientific discovery. It is difficult to study the causal network structure and improve the learning accuracy from high—dimensional data by
using traditional causal inference algorithm. Based on copula dependence coefficient (CDC) ,we propose a two—step causal inference al-
gorithm for high—dimensional data. Firstly,the CDC, which is superior to the maximum information coefficient, is used to detect the
degree of correlation between variables for the set of parent and child nodes of the target node. Then, the nonlinear least squares
independent regression algorithm is used to distinguish the directions between the target node and its parent and child nodes. Finally all
nodes are iterated to complete the causal network structure. The experiment shows that the proposed algorithm improves the accuracy of
causal network structure under high dimensional data. At the same time,in the large sample data set, the time complexity of this algorithm
is better than that of traditional algorithm,with robustness to outliers.
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