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Survey of Clustering Algorithms for Big Data
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Abstract With the rapid increase of data size.it is a challenge to cluster the large scale data, Clustering algorithms for
big data are very important for the stock investment analysis in the traditional finance field, customer segmentation in
Internet finance field and so on. Firstly, the existing clustering algorithms for big data were divided, and then the advan-

tages and disadvantages of each tyvpe were compared, After that, the problems of the existing researches were summa-

rized, Finally, the future research directions were given,
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