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Abstract Japanese companies that expanded one’ business to the United States, ” E-discovery”
is beginning to be recognized as high risk in corporate management. The E-Discovery is required
in a civil litigation system of the United States. When the E-discovery is required, the pertinent
company must be submitted electronic data related to litigation to court. However, electronic
data amount stored in the company is extremely large. Therefore, the procedure to extract data
related to litigation is a major burdenon to the lawyer. Accordingly, we propose an algorithm
for efficient E-discovery using a technology of machine learning and natural language processing.
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