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Fairness-Aware Learning — A Regularization Approach
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With the spread of data mining technologies and the accumulation of social data, datamining techniques are
being used for determinations that seriously affect people’s lives, e.g., credit scoring. Such determinations must be
unbiased and nondiscriminatory in sensitive features, such as race, gender, religion, and so on. Several researchers
have recently begun to tackle this problem of analysis techniques that are aware of social fairness or discrimination.
In this paper, we propose a new regularization approach that is applicable to a wider variety of analysis techniques.
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1 Calculate a CV score, disc, of the predicted classes by the current model.

2 while disc >0

3 numpos is the number of positive samples classified by the current model.

if numpos < the number of positive samples in D then
N(Y=1,8=0) « N(Y=1,S8=0) + AN(Y=0, S=1)
N(Y=0,5=0) «— N(Y=0,5=0) — AN(Y=0, S=1)

else
N(Y=0,5=1) « N(Y=0,S=1) + AN(Y=1, §=0)
N(Y=1,5=1) «— N(Y=1,5=1) — AN(Y =1, 5=0)

Recalculate Pr[Y']|S] and a CV score, disc based on updated N (Y, S)

— 0 00 3 O W o

[=)

2: naive Bayes modification algorithm

IR N (Y =y, S=s) FFlFFIES D hTr 7 208y T, HRCREFLS
s THLRHIOL, FEIRTIE A IEGHIXD 0.01 ZHA.

£ 1: EEHER

method Acc NMI NPI UEI CVS PI/ MI
LR 0.850 0.265 5.31E-02 0.0447 0.188 2.16E-01
LRns 0.850 0.264 4.50E-04 0.0407 -0.031 9.66E-04
PR7»n=0.01 0.851 0.267 5.08E-02 0.0398 0.187 2.06E-01
PR n=1 0.843 0.243 1.78E-02 0.0548 0.110 7.88E-02
PR n=2 0.756  0.149 1.84E-01 0.1230 0.444 1.33E+00
PR n=10 0.588 0.037 6.02E-02 0.2697 -0.297 1.77E+00
UH7=0.01 0.851 0.267 5.16E-02 0.0375 0.190 2.08E-01
UH n=1 0.696 0.205 1.11E-01 0.2116 0.400 5.84E-01
NB 0.822 0.246 1.12E-01 0.0679 0.332 4.90E-01
NBns 0.826 0.249 7.17E-02 0.0427 0.267 3.11E-01
CV2NB 0.813 0.191 3.64E-06 0.0819 -0.002 2.05E-05
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