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Abstract Differential privacy K-means algorithm (DP K-means),as a kind of privacy preserving data mining (PPDM) model
based on differential privacy technology, has attracted much attention from researchers because of its simplicity, efficiency and
ability to guarantee data privacy. Firstly.the principle and privacy attack model of differential privacy K-means Algorithm are de-
scribed,and the shortcomings of the algorithm are analyzed. Then,the advantages and disadvantages of the improvement research
of DP K-means algorithm are discussed and analyzed from three perspectives,including data preprocessing, privacy budget alloca-
tion and cluster partition,and the relevant data sets and common evaluation indexes in the research are summarized. At last, the
challenging problems to be solved in the improvement research of DP K-means algorithm are pointed out,and the future develop-

ment trend of DP K-means algorithm is prospected.
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Table 2 DP K-means research data set summary

Number of Number of Number of R X
Name of dataset . . Attribute type Size of classes
records Attributes Clusters
Iris 150 4 3 Real 50,50,50
Wine 178 13 3 Integer. Real 59.71.48
Haberman 306 3 2 Integer 225,81
Ecoli 336 8 8 Real 143,77,2,2,259,20,5,52
User Knowledge Modeling 403 5 4 Real 50,129,122,130
Climate 540 18 2 Real 46,494
Blood 748 4 2 Real 570,178
Wave 5000 40 3 Real 1657,1647,1696
Electrical 10000 13 2 Real 3620,6380
HTRU2 17898 9 2 Real 16258,1639
MAGIC Gamma 19020 11 2 Real 12332,6688
Occupancy Detection 20560 7 2 Real 15810.,4 750
Credit-card 30000 24 2 Integer., Real 23364,6636
Adult 48842 14 2 Categorical, Integer 37155,11687
X 211840,283301,35754,2747,
Covertype 581012 54 7 Categorical , Integer

9493,17367,20510
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