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Background Increasing reliance | | Three statistical non-discrimination criteria Independence (A L R),
on AI/ML in high-stakes domains | | separation (R 1L A|Y), and suificiency (Y 1L A|R).

raises acute concerns about dis- | | Take demographic parity (DP) for example

crimination.  Yet existing fair-

ness metrics remain constrained DP(f)=IP(fx,a)=1la1=0)-P(fx,a1) =1|a; =1)], (1a)
with limited applicability, espe- EOpp(f)=IP(fx,a;)=1la;=0,y=1)-P(fx,a1)=1]a;=1,y=1)|,
cially when facing complex scenar- PP(f)=IP(y=1la1=0, fxa;)=1)-P(y=1la =1, f(x,a) = 1)].

ios beyond a protected attribute.
Brief We COmprehenSively anal- DP’s possible extensions

yse the insutficiency of exi§ting DP'(f)=IP(fxa)=1la1 #1)-P(fx,a1)=1|a; =1)|, (2a)
fairness measures that are widely oxt ,
used, which hopetully provides in- PP = maxjean (P an) = L ar = )) =P(f &6 @) = DI, (2D)

teresting insights about them con- DPalt(f) =MmaX; ke k2 UIP(f&a))=1a1 = j)-P(f&x a) =1 a1 = k)|}.

\cerning non-binary cases. JAN (20)/
g Empirical Analysis A

Binarisation underestimates discrimination
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Figure 1: Comparison of three commonly used group fairness measures and their extensions.
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Figure 2: This pattern recurs across datasets regardless of the learning algorithms in use, and suggests that it

oversimplifies the structure of disadvantage and can systematically underestimate discrimination.

Traversal-based generalisation incurs computational cost
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Figure 3: Time cost comparison. (a—b) Group fairness, their extensions, and individual fairness; (c-d) HFM.
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