Measuring Fairness under Unawareness of
Sensitive Attributes via Quantification

Goals

GOAL 1: Measuring fairness under unawareness of sensitive
attributes.

GOAL 2: Decoupling group-level and individual-level inferences to
avoid model misuse.

Background Summary

e Knowledge of sensitive attributes is necessary to measure group
fairness.

® Sensitive attributes are often unavailable due to legislation, privacy
requirements, data minimization, or prospect of negative media
coverage [1,2].

® Fairness under unawareness is a setting of high practical interest
which received little attention from the community [3].

Enter Quantification

e Quantifiers estimate class prevalence rather than individual

membership [4]. They act on samples and output one value in [0,1].

Key Proposition

Observational measures of algorithmic fairness, such as parity of
acceptance rate, TP, TN, FP, and FN can be computed, under
unawareness of sensitive attributes, by estimating

the prevalence of the sensitive attribute in specific subsets of the
test set.
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Demographic parity estimation error of different methods as we vary

the sensitive attribute prevalence in the test set.
® CCand PCC (prior art [3]) are outperformed by quantification
methods ACC, PACC, SLD and HDy.

Conclusions

® Measuring fairness under unawareness can be cast as a prevalence
estimation problem and effectively solved by methods of proven
consistency from the quantification literature.

e Quantifiers can provide robust estimates even when trained on
small auxiliary datasets with distribution drift.

e Quantifiers offer a path to decouple the (desirable) objective of
estimating sensitive attributes at the group level from the
(undesirable) side effect of inference at the individual level.
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