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With the spread of data mining technologies, such technologies are being used for determinations that seriously
affect individuals’ lives. For example, credit scoring is frequently determined based on the records of past credit
data together with statistical prediction techniques. Needless to say, such determinations must be fair regarding
sensitive features such as race, gender, religion, and so on. In this paper, after demonstrating the applications of
these techniques, we explore the techniques concerning fairness and relation with privacy-preserving techniques.
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