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A review of big data approximate analytics

ZHANG Meifan, WANG Hongzhi
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[ Abstract] Big data analytics aims to obtain value from a large amount of complex data. Query—driven data analytics is the most
important part of big data analytics. Due to the huge amount of data, obtaining accurate analysis results on big data will bring great
storage and calculation costs. To solve this problem, big data approximate analysis methods came into being. This article mainly
summarizes the frequency estimation methods, approximate query processing methods, and query selectivity estimation methods in
big data analytics in the past ten years. Different from the previous summary of analysis methods based on the database perspective
only, this article will cover the new methods of applying or combining machine learning methods to deal with the above problems in
recent years.
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Tab. 2 Approximate query processing based on machine learning

models
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