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The current OLAP systems are incapable of supporting to analyze event time series
with temporal intervals. In the last years, we have developed an OLAP system, called HealthCube, to intera
ctively analyze event time series with temporal intervals such as medical data, buying history data, click

stream data for Web browsing, sequences of words and so on. It is to analyze the medical data in a multid
imensional manner by storing the data in tables of vertical layout and by designing OLAP operations for te
mporal intervals. In addition, we achieved a linear speedup by partitioning the data into multiple compute

rs and by paralleling the operations with these computers, and we confirmed the practicality of our system
to huge databases.
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