The 29th Annual Conference of the Japanese Society for Artificial Intelligence, 2015

1H4-4

2T T4 R— MG E AW T — 295 ORI

Linear Regression for Distributed Data Set Using Differentially Private Aggregation
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In many fields of statistical data analysis, inter-organizational information sharing has been important problem.
For example, in the field of clinical data, only a few “case reports” tend to be available in a single medical institution
(i-e. the entire data set is distributed over many organizations). Hence data sharing between institutions is quite
important issue for accurate data analysis. However, since clinical data often consist of personal information, we
have to take into account the privacy protection. In this paper, we consider the linear regression problem for
distributed data sets. We propose a method to aggregate differentially private ridge regression estimators, which

are made from the data of each organization.
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