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In this article, we propose Mixture of Probabilistic Partial Canonical Correlation Analysis (MPPCCA) to analyze
data that include multiple causal relationships. Partial Canonical Correlation Analysis (PCCA) is a method for
multivariate statistics. PCCA evaluates a correlation between two multivatiate while considering third multivariate,
and has been used as a calculation method of Granger Causality which is one of the causal indexes.

However, PCCA is not applicable to analyze data which contaion some different partial canonical correlations.
In this paper, we addressed the problem by proposing a Mixture of Probabilistic Partial Canonical Correlation
(MPPCCA) and deriving a parameters estimation method by EM algorithmn.

We show an experiment with artificial data which indicates our mehod calculate more accurately than exiting
method. An actual data is also analyzed by the proposed mothod. The data was divided by into partial correaltion.
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