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K-prototypes Clustering Algorithm Based on Spark
Framework for Big Data

GONG Jing

School of Data Science . Tongren University . Tongren Guizhou 554300, China

Abstract: Big data has a large amount of data and mixed types of attributes. The disadvantages of the cur-
rent MapReduce-based K-prototypes parallel large-scale hybrid data plan are the limitations of time and
memory, making these solutions unsuitable for processing big data. To solve this problem, a new Spark-
based K-prototypes clustering method has been proposed in this paper. In this method, the re-aggregation
technique and Spark’s memory operations have been used to build large-scale mixed data groups. Experi-
ments on simulated and actual datasets show that this method is feasible and improves the efficiency of the
existing K-prototypes method.

Key words: big data; mixed data; K-prototypes; spark framework
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