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We regard the data manipulation process caused by privacy preservation as a perturbation in robust optimization.
Then, we apply this idea for the analysis of k-anonymity, which is recognized as a fundamental privacy model. We
specifically investigate classification. Using previous results of statistical learning theory for predictors trained by
robust optimization, we proved that upper bound of expected loss of classification is robust to the perturbation
introduced for the purpose of privacy preservation. Furthermore, we provide a theoretical interpretation of the
relation between a data manipulation for privacy preservation and utility of data analysis. According to our result,
the privacy and utility are not necessarily in a trade-off relationship. In the experiments, we empirically evaluate
the relation of anonymity and utility with several realworld datasets.
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