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(a,k)-anonymized Model for Missing Data
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Abstract Before a dataset is published, the quasi-identifier attributes of the dataset need to be anonymous in case of a link at-
tack. However, the existing data anonymity algorithms are all oriented to complete data,and the tuples containing defective data
in the data set will be deleted directly, which reduces the availability of data. In this paper,the missing data and intact data are
mixed into an anonymous algorithm,and the (a,k)-anonymous algorithm is combined. The experiment data fully prove that the

improved defective data oriented (a.k)-anonymous model effectively improves the availability of the anonymous data and realizes

the data anonymity.
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Table 1 Example of 4-anonymous data table

Num Age Workclass Race Sex Occupation
1 [31,46] Private Eterprises White Male Craft-repair
2 [31,46] Private Eterprises White Male Adm-clerical
3 [31,46] Private Eterprises White Male Prof-specialty
4 [31.46] Private Eterprises White Male Sales
5 [22,50] Worked White/Black Male/Female Craft-repair
6 [22,50] Worked White/Black Male/Female Machine-op-inspct
7 [22,50] Worked White/Black Male/Female Prof-specialty
8 [22,50] Worked White/Black Male/Female Other-service
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Table 2 Instance of data table with missing data

Num Age  Workclass Race Sex Occupation
Self
1 16 ¢ e.mp White Male Craft-repair
not-inc
2 31 ? White Male Adm-clerical
3 38 Private White ? Prof-specialty
4 37 Private White Male Sales
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Table 3 Description of Adult data set

No. Attribute Type Distinct values Height

1 Age Numeric 74

2 Workeclass Categorical 8 3
3 Education Categorical 16 3
4 Marital Status Categorical 7 2
5 Race Categorical 5 1
6 Natie Country Categorical 41 1
7 Sex Categorical 2 1
8 Occupation Sensitive 14
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