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Abstract Data mining has made great progress in the field of research and application of big data,but sensitive informa-
tion disclosure could bring users many threats and losses. Therefore,how to protect data privacy in clustering analysis
has become a hot issue in data mining and data privacy protection. Traditional differential privacy k-means is sensitive to
the selection of its initial centers,and it has a certain blindness in the selection of cluster number %, which reduces the
availability of clustering results. To improve the availability of clustering results of differential privacy k-means cluste-
ring, this paper presented a new DPk-means-up clustering algorithm based on differential privacy and carried out theo-
retical analysis and comparison experiment. Theoretical analysis shows that the algorithm satisfies e-differential priva-
cysand can be applied to data sets with different sizes and dimensions. In addition,experimental results indicate that the
proposed algorithm improves clustering availability than other differential privacy k-means clustering methods at the

same level of privacy preserve.
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8. end
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1. Seeding: C<—(result of k-means+ +)

2. bpes < $(C. X)

3. Cher<=C

4. retrype<n / *n€{0,1,2,+} %/

5. retry<—0 / * initialize retry counter % /

6. while retry<<retry,,., do

7. while true do
8. A<—arg mEi{{qB(C\(C, 1,X) / * find least useful center * /
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21. break
22. end

23.  end while
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26. end while

27. return Cy
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28. double a[ X. length]

29. double b=Af/e

30. while the sum of the squared errors is converges do

31.  for 1<=0 to X. length do

32. for x<=0 to X. length do

33. al k]=dist[ X[ x].initial[ y]]

34. end for

35. find the minimum value of a

36. categorize X[ x] to the nearest center point

37. end for
38. for y<=0 to k do

39. sum= the sum of data points of the y cluster
40. num= the number of data points of the y cluster
41. sum’ =sum+ Lap(b)

42. num’ =sum+ Lap(b)

43. centerpoint=sum’/num’

44,  end for

45. end while
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house8 DS1 34113 3 3 Real
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