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Research on Big Data Integration Method
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Abstract

In this paper we propose the approach for big data integration so as to analyze, visualize and
predict the future of the trend of the market, and that is to get the integration data model using the
R language which is the future of the statistics and the Hadoop which is a parallel processing for the
data. As four approaching methods using R and Hadoop, ff package in R, R and Streaming as Hadoop
utility, and Rhipe and RHadoop as R and Hadoop interface packages are used, and the strength and
weakness of four methods are described and analyzed, so Rhipe and RHadoop are proposed as a
complete set of data integration model. The integration of R, which is popular for processing
statistical algorithm and Hadoop contains Distributed File System and resource management platform
and can implement the MapReduce programming model gives us a new environment where in R code
can be written and deployed in Hadoop without any data movement. This model allows us to

predictive analysis with high performance and deep understand over the big data.
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3. Introduction to Hadoop
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2. ff, ffbase package in R
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