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Abstract

People from all social circles are concerned about the big data, because all of them think that big data is valuable. However,
different people have different value expectation, all of which are the goals when implementing big data project. Multiple
kinds of definitions and understandings of big data were attempted to indicate, and then different research perspectives
and different value expectations from different people were introduced. Furthermore, some practical and feasible methods,

ideas and strategies were given after briefly expressing the relevant research status and industrialization status.
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