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Decision Tree Algorithms for Big Data Analysis
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Abstract As a predictive model in machine learning. decision tree algorithm is widely used in various fields and has
been a hot research topic due to its easily understandable result, Since the speed of data generation increases explosive-
ly, conventional decision tree algorithms cannot deal well with large datasets due to the limitation of memory capacity
and processor speed, and thus novel implementation is needed urgently, Based on classic implementation and optimiza—
tion method of decision tree, and challenges brought by big data. we compared various kinds of corresponding algo-

rithms, Platforms for big data algorithms were then introduced and possible directions in the future were discussed in

the end.
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