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Research on Parallelization of Concept—adapting Very Fast Decision
Tree Classification Algorithm Based on Spark

ZHUANG Rong,LI Ling—juan
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Abstract: Aiming at increase of classification and mining efficiency for stream data,we study a parallelization scheme of deploying the
CVEDT ( concept—adapting fast decision tree) to the stream data computing platform Spark and design a implementation scheme of
CVEDT based on Spark. Firstly ,the CVFDT should be parallelized among attributes, that is the parallelization of the splitting point calcu-
lation. Then in the process of building decision trees of CVFDT based on Spark, all the attribute lists of the node are transformed into
Spark’ s unique resilient distributed datasets (RDD) ,and through calculation of parallel task from each RDD,each optimal splitting point
is summarized and compared. The Hoeffding boundary is calculated as the node splitting condition to find the optimal splitting point, and
the decision tree is recursively created. The experiment shows that the classification efficiency of CVFDT in the Spark cluster environment
relative to the stand—alone environment has improved significantly. The improved parallel CVFDT has better adaptability to large—-scale
stream data processing and the reasonable setting of RDD filtering can further improve the classification efficiency.
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