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Summary of Hadoop Research in Recent Years in Foréign Countries
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Abstract: This paper discusses comprehensively foreign Hadoop researches in recent years. Literature metrological

analyses include publishing years, source countries, the author's organization type, topic, etc. Content analysis includes

theory and applied research. Theoretical researches include comparative, task scheduling and efficiency improvment.

Application researches include cloud storage, searching, data analysis, data mining, and relevance advertising. It is hope

that some reference can be used for forward research.
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