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Given, dataset D and constraint set 2, inconsistency measures are of the form I(D, 2) — R:

| .Drastic Measure Ip (G) = existence of an edge 6

constraints 2

2.Minimal inconsistency measure Im (G) = number of edges

Each vertex in Geg*

3.Problematic measure lp (G) = number of vertices with positive degree .
has maximum

4.Maximal consistency measure Imc (G) = number of maximal independent sets Q degree 0%

5.0ptimal repair measure Ir (G) = minimum vertex cover size
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We analyse the 2-approximate vertex cover size

at a time e Are there errors in a private dataset?
* How much effort is required to repair?
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