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Abstract We mainly studied the problem of constructing differential privacy decision tree classifier with incomplete da~
ta sets, We first introduced the differential privacy ID3 decision tree algorithm and differentially private random decision
tree algorithm. Then we considered the weakness of the algorithms talked above, and created a new differentially private
random decision tree algorithm with exponential mechanism. Finally,an approach for decision tree classifier with incom-
plete data sets was proposed, which yields better prediction while maintaining good privacy without inserting values,

called WP(Weight Partition). And the experimental results show that our approach is suitable for either differential pri-

vacy ID3 decision trees or differentially private random decision trees, either laplace or exponential mechanism,
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