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Abstract Spark is a parallel data processing framework that can perform iterative calculation, such as machine
learning and data mining, in high speed. Spark achieves parallel processing and fault tolerance by using a mechanism
called RDD (Resilient Distributed Dataset) and RDD caching allows the Spark programs to reuse intermediate data.
When data to be cached is too large to hold in memory of the Spark nodes, some or all of the data can be placed
on disks of the nodes. However, use of the disks might degrade execution performance of the Spark applications
and it is also a problem that the application users must instruct whether or not the disks are used for caching. In
this study, execution performance of the Spark application using disks for caching was investigated by comparing
the cases of using different storage levels and disks of different performance. This report summarizes insights form
the results for improving I/O performance of the RDD caching using disks and guidelines of when to use disks.
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