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Study of generation of aggregated symbolic data from large data
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In this study, we made two things possible with the goal of generating
suitable aggregated symbolic data from large-scale data. One is to create data of a size that can be
processed interactively by aggregating large-scale data that can not be processed by one computer.

Parallel distributed processing is performed at this time. The other one produces appropriate
aggregate symbolic data about the created data. Since this differs depending on the data, it
performs trial and error by visualization and interactive operation. At this time, it may return to
the data creation process as needed.
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