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An Improved Algorithm of Decision Trees by Using the Convex Function

GAO Xue- dong, YIN A- dong, ZHANG Jian, GONG Yu, WU Sen

(School of Management, Beijing University of Science and Technology, Beijing 100083, China)

Abstract: In this paper, we research deeply the theory of decision trees induction. A ccording to the character of

expected information and the quality of convex function, we propose a new algorithm to raise the efficiency of

calculating ex pected information in the process of inducing the decision trees. By using the theory of consistency

and special consistency, we also prove that the accuracy of decision trees constructed by the improved algorithm is

equal to the one of 1D3 algorithm. At the same time, through the experiment of testing the large datasets, we find

that the new algorithm has higher calculative efficiency than the old one in the same datasets. Moreover with the

larger scale of datasets, the calculation of expected information has more rapid efficiency.
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