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Consider algorithmic decisions in societally crit-
ical domains such as healthcare [9, 16], educa-
tion [28], criminal justice [3, 6], policing [26, 15]
or finance [14]. Typically, machine learning algo-
rithms train models on the available data so as to
maximize accuracy that often leads to differential
outcomes or errors across various sensitive groups,
e.g., race or gender [3, 24, 4, 10, 7, 8]. Previous
work on group-fairness achieves equality or near-
equality of certain metrics for such groups, typically,
via a trade-off between accuracy and group-fairness.
The popular group-fair notions studied in classifi-
cation are disparate impact [18, 13, 30], statistical
parity [19, 31, 12], and equalized odds [17, 20, 29].
All these notions share the common characteristic of
equalizing one or more performance metrics (such
as predictive prevalence, false positive rate, false
negative rate) across groups. Thus, the group-fair al-
gorithms aim to maximize accuracy subject to near-
equality of one or multiple performance metrics
across different groups. Such group-fairness con-
straints are often non-convex, and the group-level
adjustments made by group-fair algorithms are of-
ten unfair to similar individuals. For instance, con-
sider the medical domain where doctors assess the
severity of a person’s illness (risk probability) and
prioritize treatment accordingly. It may be accept-
able to prioritize patients based on a given reliable
estimate of a patient’s risk, but any deviation from
this rule to incorporate group-fairness (with good
intentions) may deprive some high-risk people from
receiving treatment, thus being individually unfair.

In this paper, we study infra-marginality [26,
11], a concept which measures the deviation from
individual-fairness. To remove infra-marginality,
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Simoiu et al. ([26]) propose taking decisions using
a single threshold on the true outcome probability,
whenever possible. Such a single-threshold classi-
fier implements the high-level idea that legislation
should apply equally to everyone and not be based
on their group identities.

Our Contributions
• Our conceptual contribution is a quantitative

measure of the degree of infra-marginality ηCε ,
extending past work that introduced infra-
marginality as an important consideration for in-
dividual fairness [26, 11].

• We show that a classifier of high accuracy can be
used to reliably estimate the infra-marginality of
group-fair classifiers.

• We propose a method to audit classifiers. We eval-
uate on real-world datasets, Adult Income [21]
and Medical datasets [2], and find that infra-
marginality is an important concern: some group-
fair classifiers suffer from high infra-marginality,
close to a random classifier.

• We discuss that our definition is still useful to
capture the trade-off between accuracy and infra-
marginality with respect to any given threshold.
In particular, high accuracy may not always im-
ply low infra-marginality, especially when the de-
cision threshold is different from 0.5.

We hope that our work motivates the inclusion of
infra-marginality as an individual fairness metric in
the growing work on auditing bias of algorithmic
decisions [22, 27, 23, 1, 5, 25].
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