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Fairness assessment is essential to align AI systems with normative and societal values. Because fairness is an inherently
contested ethical concept, it is difficult to measure. Although most fairness metrics were developed for binary classification
settings, real-world deployments require attention to intersectional social categories [10]. In these settings, an additional
and often overlooked modeling step arises: aggregating subgroup-level measures and multiple pairwise group disparities
into a single summary score. This step requires selecting a meta-metric, and different choices can produce divergent or
even conflicting fairness assessments. We characterize the space of such choices through a three-step taxonomy that makes
explicit the normative and technical assumptions embedded in meta-metric design. We show that different design decisions
produce substantially different fairness evaluations, with important ethical, methodological, and practical consequences. We
therefore argue that aggregation choices should be explicitly justified and carefully aligned with the underlying conception of
fairness. To support this process, we provide a framework of criteria and practical guidelines for ethically grounded fairness
assessment, with the aim of fostering more transparent and accountable evaluation of intersectional bias in AI systems.
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1 Introduction
Previous studies have shown that machine learning (ML) systems can not only reproduce but also amplify societal
biases encoded in data [34]. As these systems are increasingly deployed in high-stakes domains, questions of
fairness have become central to their evaluation and governance. Fairness in AI/ML is commonly conceptualized
through individual, group, and causal approaches [11]. We focus on group fairness, which models the population
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as a collection of demographic groups defined by shared sensitive attributes, and seeks to prevent unjustified
disparities across groups.

Fairness is a complex concept embedded in a rich socio-technical context, and capturing it may require situated,
in-depth analyses grounded in a detailed understanding of the application domain. However, such approaches are
not always compatible with broad practical applicability. In practice, the assessment, comparison, and mitigation
of unfairness in ML systems often rely on fairness metrics that reduce complex normative considerations to a
single summary score, much like performance metrics. For example, in-processing mitigation methods typically
incorporate fairness through a constraint or regularization term, which must be expressed as a mathematically
tractable summary quantity that can be included in the learning objective.
In this paper, we make a technical contribution to improving the tools used to assess intersectional fairness

in ML. We argue that existing tools are not always sufficiently expressive or conceptually grounded to ensure
alignment with a defensible conception of fairness. Although our contribution is formal and mathematical, it has
a cross-disciplinary scope: it seeks to bridge in-depth social science analyses of fairness and the practical need
to operationalize fairness in mathematical terms. To this end, we broaden the space of evaluation choices and
provide a framework to help practitioners select metrics that are better aligned with their normative commitments
and application context.

The choice of metrics plays a crucial role in shaping how complex social phenomena are interpreted and acted
upon. By compressing rich, multidimensional realities into interpretable summaries, metrics inevitably embed
normative and methodological assumptions. This challenge is especially acute in the context of fairness, an
essentially contested ethical concept whose meaning depends on normative commitments and contextual factors
[22]. Fairness metrics must therefore be aligned with the underlying conception of fairness they are intended
to operationalize. The literature has extensively examined different conceptions of fairness, such as treating
similar individuals similarly or ensuring statistical parity across demographic groups. Even within group fairness,
disagreement persists over which outcomes should be equalized, e.g., positive rates, true positive rates, or error
rates, leading to a proliferation of often incompatible fairness definitions [33]. Moreover, any given definition may
itself admit multiple interpretations [2]. Although these alternatives may yield different conclusions, each may
be legitimate depending on the context. Metric choices must therefore be carefully aligned with the underlying
conception of fairness.

Most works on group fairness assume a binary setting in which the population is partitioned into two groups
along a single sensitive attribute, such as gender. Although analytically convenient, this framing is often too
simplistic. In practice, discrimination is intersectional: multiple social attributes interact to shape individuals’
experiences and outcomes. Sociological research has shown that intersectionality is non-additive [9], such that
the effects associated with an intersectional identity may exceed the sum of the effects associated with its
individual components. Analyzing sensitive attributes independently can therefore obscure important patterns of
disadvantage, which makes fairness evaluation in intersectional settings essential.

This paper focuses on a previously underexplored stage of fairness measurement at which additional normative
ambiguity enters: the aggregation of intersectional subgroup-level measures into a single summary fairness score.
This aggregation is already performed implicitly whenever machine learning evaluation moves beyond binary
settings, though it has received little explicit attention in the literature, likely because intersectional fairness
itself remains comparatively underexamined. Because it necessarily involves more than two demographic groups,
intersectionality produces high-dimensional outputs when model behavior is analyzed across groups, and this
complexity grows with the number of groups considered. Prior work has sometimes reported such results
through tables or visualizations in order to preserve granularity. Although informative, these representations
are difficult to interpret directly and are often ill-suited to decision-making contexts (Fig. 1 in [31]). In many
real-world settings, however, a single fairness score is needed for tasks such as model selection, auditing, or
policy compliance, which are often embedded in highly automated workflows with limited contextual review.
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Indeed, in current practice, even in simpler binary-fairness settings, a brief reflection to compare fairness notions
is rarely undertaken. Although there is certainly scope for a debate on these practices, it has been observed that
the adoption of fairness tools is challenging, despite their simplified and limited scope. It is clear that the extra
complexity involved in considering the various ways of approaching aggregation within intersectionality will
rarely be rigorously addressed if left to individual practitioners. This paper aims to pragmatically improve rigor
within existing workflows to help facilitate and increase accurate use of fairness tools.

Constructing such a score in an intersectional setting requires reducing a multidimensional vector of subgroup
disparities to a scalar summary. What is relatively straightforward in binary settings, often captured by a simple
difference or ratio [33], admits many alternatives in the intersectional case, thereby introducing an additional
layer of measurement modeling. Lum et al. [31] refer to this second layer as a meta-metric, distinguishing it
from the underlying base metric [33]. Yet the choice of meta-metric is often treated as a default or overlooked
altogether. Across much of the existing work on intersectional fairness, we observe that the meta-metrics in use
largely follow the same paradigm: the worst subgroup-level disparity. As we show, however, a broader range
of possibilities exists, and different meta-metrics can yield substantially different, and sometimes conflicting,
fairness assessments. Ignoring this design choice risks misalignment between the quantity being measured and
the underlying normative conception of fairness.
In this work, we provide a systematic analysis of fairness meta-metrics, characterizing their design space

along three axes: (1) a group-comparison step, which determines how subgroup disparities are defined; (2) a score-
aggregation step, which combines these disparities into a single summary value; and (3) an optional weighting step,
which allows different disparities to be emphasized differently. We identify and formalize the principal modeling
choices at each stage, and show that different combinations of these choices, and thus different meta-metrics, can
lead to markedly different fairness evaluations. Although all meta-metrics coincide under conditions of complete
fairness with respect to the chosen base metric, they diverge in the more realistic cases in which disparities
persist. In such cases, disparities may be distributed unevenly across subgroups, and each meta-metric implicitly
prioritizes different distributions of disadvantage. We analyze the normative implications of these design choices
and conclude by offering practical guidelines to help both technical and non-technical stakeholders navigate this
moral and methodological challenge whenever a scalar summary is operationally required. More specifically, we
provide guidance for selecting meta-metrics that are transparent, contextually appropriate, and ethically aligned.

2 Related Work
Fairness has emerged as an important issue in machine learning, with highly publicized controversies surrounding
the use of historically discriminatory data in applications such as COMPAS [1], UCI Adult [3], and German Credit
[20]. Technical approaches to fairness in machine learning [11, 34] are commonly categorized into individual
fairness [16], causal fairness [30], and group fairness [33] – our main focus.
Most work on group fairness focuses on binary group settings that divide the population into privileged and

unprivileged groups. Evenwork acknowledging intersectionality often reduces to a binary settingwhen presenting
contributions or reporting experiments [13]. This simplification has facilitated understanding, supported the
definition of foundational criteria [18], contributed to a comprehensive body of work [6, 11, 33, 35], and enabled
the development of mitigation methods [5, 15, 21, 23, 28, 29, 32, 40]. It has also led to practical tools such as
IBM’s AI Fairness 360 [4], Microsoft’s FairLearn [7], and Google’s TensorFlow Fairness Indicators, broadening
adoption. However, it also risks suggesting that a model can be unbiased by achieving good scores on a single
binary sensitive attribute, while allowing substantial bias, including intersectional bias, to persist.

Buolamwini and Gebru [10] highlighted early that binary frameworks oversimplify real-world discrimination,
where attributes are plural and multi-valued. The term subgroup is commonly used in intersectional contexts
to emphasize finer-grained groups defined by intersections of larger groups [10, 39]. Such binary framings can
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Fig. 1. Complete process of intersectional fairness score building. After identifying sensitive attributes, constituting demographic
subgroups, selecting the appropriate group fairness notion and applying the corresponding base metric, |𝐺 | measures of benefits
corresponding to each subgroup must be aggregated into a single fairness score 𝑠 through a meta-metric.

overlook issues such as fairness gerrymandering [26, 36], related to Simpson’s paradox [8], where a particular
grouping can mask biases that become apparent when data are subdivided into smaller subgroups. This aligns
with the non-additivity described by Bright et al. [9], whereby biases across distinct sensitive attributes do not
add up to the bias on their combination.

While intersectional fairness has been surveyed [12, 17], the issue ofmeta-metrics is largely absent. A recurring
theme is reliance on worst-case disparity measures [26, 37], which we argue are only one choice among many. For
example, Chen et al. [12] define multi-attribute fairness as the “maximum disparity between any two subgroups,”
without considering alternative aggregation strategies. While such measures are intuitive, they may not always
be the most appropriate: minimizing worst-case disparity may be desirable in settings like healthcare, whereas
other contexts may prioritize broader parity across subgroups. The lack of discussion of aggregation choices,
alongside the absence of alternatives, suggests this approach is treated as default.
We argue that practitioners should leverage available options to align the theoretical conception of fairness

with the evaluation metric. In line with Jacobs and Wallach [22] warning against mismatches between constructs
and their operationalization when measurement modeling offers multiple choices, we study the related question
of making an informed choice of the appropriate meta-metric.

The concept of meta-metrics—aggregating subgroup disparities into a single fairness score—remains underex-
plored. Lum et al. [31] introduced the term, contrasting it with base metrics that measure performance within
groups. Their focus is primarily on the statistical accuracy of bias estimation when subgroup samples are small,
a challenge also addressed in [36]. By contrast, the question of which meta-metric best captures intersectional
fairness has received little attention, despite many plausible aggregation strategies that can yield different assess-
ments. Existing approaches predominantly rely on worst-case measures, which may not always be sufficient. We
aim to address this gap by systematically analyzing the space of possible meta-metrics, proposing a taxonomy,
and emphasizing alignment between fairness theory and measurement practice in intersectional settings.

Independent of our work, [19] identify moral-methodological desiderata required for a metric to correctly assess
fairness, that is, properties intended to guide the search for appropriate metrics in intersectional settings. Similarly,
we provide guidelines to help AI model builders identify the meta-metric that aligns with their conception of
intersectional fairness. Unlike desiderata, which articulate general principles concerning the desirable properties
of fairness metrics, our guidelines are intended to facilitate the selection of an appropriate metric for a specific
application context. These guidelines therefore require prior reflection on the expectations and normative
commitments underlying intersectional fairness in the given setting.
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3 A Taxonomy of Meta-Metrics

3.1 Problem Setting
Datasets and fairness. Let 𝐷 be a dataset of instances (X,A, 𝑌 ) = (𝑥1, . . . , 𝑥𝑚, 𝑎𝑚+1, . . . , 𝑎𝑛, 𝑦), where each

instance corresponds to an individual. The feature vector is composed of non-sensitive attributes X and sensitive
attributes A. 𝑦 is the label that the model will predict. We denote the sensitive attribute space by A =

∏𝑛
𝑖=𝑚+1 A𝑖 ,

where each A𝑖 represents the domain of a sensitive attribute for which discrimination is ethically or legally
impermissible. The designation of an attribute as sensitive is assumed to result from prior normative and
societal deliberation. We denote by |A| the number of sensitive attributes under consideration. When |A| ≥ 2,
intersectionality arises. Based on the sensitive attributes, we define a set of demographic subgroups, denoted by
𝑔 ∈ 𝐺 , where each subgroup consists of individuals sharing identical values across all sensitive attributes. The
total number of demographic subgroups considered is denoted by |𝐺 |. We distinguish two main settings: the
binary case, where

��𝐺 �� = 2, which is the focus of most existing fairness literature; and the non-binary case, where��𝐺 �� > 2. The latter occurs either when intersectionality is present or when a single sensitive attribute takes more
than two values.

Base metric. For a classifier𝑀 learned using a machine learning algorithm, group fairness is typically evaluated
by selecting a base metric corresponding to a previously specified fairness notion. A base metric is a performance
measure computed separately for each demographic subgroup. It takes𝑀 (𝑥) = 𝑦 the prediction of the model and
sometimes 𝑦 the initial label as inputs to build a new quantity 𝑏, which we call the benefit. Applying the base
metric results in a vector of benefits (𝑏1, 𝑏2, ..., 𝑏 |𝐺 | ). For example, statistical parity is commonly assessed via the
probability of receiving the advantageous outcome, while overall accuracy equality is assessed via the probability
of being correctly classified. More generally, there exist as many base metrics as theoretical conceptions of what
fairness in a model should entail [33]. Although our analysis is general and can be extended to different fairness
notions, for clarity of exposition, we focus on equal opportunity for illustration, which uses the true positive rate
as its base metric. Equal opportunity fairness metrics in use are defined for binary classification, reflecting the
historical focus of fairness research on binary decision tasks and datasets. To isolate and examine issues arising
specifically from the choice of meta-metric, we adopt the same binary classification setting. While this restriction
warrants critical attention, it remains orthogonal to the challenges posed by intersectionality, which persist even
under binary outcomes.

Binary case. In the standard binary setting with two demographic groups, the final fairness metric is obtained
by directly comparing the values of the base metric computed for each group. For example, under equal op-
portunity, comparing the true positive rates, this yields the following measure: EO𝑀 = |𝑃 (𝑦 = 1|𝑦 = 1, 𝑎 = 1) −
𝑃 (𝑦 = 1|𝑦 = 1, 𝑎 = 0) |, which quantifies the disparity in the likelihood of receiving the positive outcome 𝑦 = 1,
conditional on the true label 𝑦 = 1, between the two groups defined by the protected attribute 𝑎. While alternative
formulations, such as using ratios instead of differences, are possible, the modeling of fairness metrics in the
binary case remains relatively straightforward and results directly in a single scalar fairness score. Consequently,
when comparing two models𝑀1 and𝑀2, one can determine which model is fairer by simply comparing their
respective fairness scores (scalars).

Intersectionality: the need to summarize multiple measurements. Intersectionality gives rise to settings in which
the number of demographic subgroups satisfies |𝐺 | > 2. Applying a base metric in this context yields a “benefit
score” for each subgroup. Comparing these scores across all pairs of subgroups results in |𝐺 | ( |𝐺 |−1)

2 pairwise
disparity measurements, or gaps Δ𝑖, 𝑗 , a quantity that grows rapidly with the number of sensitive attributes and
their possible values. While an exhaustive analysis of these pairwise disparities can provide a detailed view
of a model’s potential biases, such representations are not synthetic and are difficult to interpret, compare, or
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operationalize. This tension motivates the need for principled methods to aggregate multiple subgroup-level
measurements into a coherent summary.

Meta-Metrics. In the pursuit of a single scalar value to represent intersectional fairness, the apparent sim-
plicity of the binary case is often replicated without explicit justification. However, while the choice between
differences and ratios in binary settings is relatively limited and has modest consequences, aggregating multiple
subgroup-level disparities in intersectional contexts admits many distinct modeling choices, which can lead to
non-comparable and even conflicting results. Despite its importance, this aggregation step has received little
explicit attention in the fairness literature, thereby jeopardizing the validity and interpretability of resulting
fairness assessments. The choice of aggregation method is consequential: subtle differences in how subgroup
disparities are combined can reverse fairness rankings between models. That is, a model𝑀1 may be judged fairer
than a model 𝑀2 under one aggregation strategy, yet less fair under another. This variability underscores the
need to systematically identify available aggregation choices and to understand their normative and practical
implications. In the following sections, we introduce a taxonomy of fairness meta-metrics derived from an
analysis of existing aggregation practices. This taxonomy makes explicit the key decision points involved in
constructing a meta-metric and clarifies the range of available options at each stage, providing a foundation for
more transparent and ethically aligned fairness measurement in intersectional settings.

Section 3.2 studies the first modeling choice: given the values of the base metric, how should the ’benefit’
received by each subgroup be compared to that received by others? Section 3.3 then addresses the second design
choice: once each subgroup’s benefit has been situated relative to the others by measuring gaps, how should
these relative values be aggregated into a single scalar reflecting the overall fairness of the system? Section 3.4
explores an additional degree of freedom, namely the possibility of assigning weights to subgroups or to pairs of
subgroups in order to differentially emphasize certain disparities. Taken together, these three axes define a family
of meta-metrics, each of which is the composite function of these three components. We summarize this design
space in Table 1.

3.2 First modeling choice: comparison type
As a first step, the base metric is applied separately for each demographic subgroup. This produces a R |𝐺 | vector
of subgroup-level performance, the benefit vector, typically expressed as probabilities conditioned on group
membership.

In this work, we are not primarily concerned with the absolute values of these subgroup-level measurements,
but rather with their relative relationships. Fairness, in this context, is understood as the absence of unjustified
disparities between groups. Accordingly, we introduce a first function, denoted 𝑓𝑐 , which takes as input a vector
of size |𝐺 | and compares each subgroup’s performance to that of the others. This comparison step constitutes the
first key modeling choice in the construction of a meta-metric. It determines how disparities are identified and
characterized, and thus whether, and in what sense, bias is deemed to be present. It results in a new vector of
gaps Δ. We identify and analyze two distinct comparison strategies, which we introduce below.

In the one-vs-all approach (e.g., [27]), the value measured for each subgroup is compared individually against
the values measured for all other subgroups. This results in a collection of pairwise gaps across all distinct
subgroup pairs, arranged as a vector of disparities Δ𝑖, 𝑗 corresponding to the |𝐺 | ( |𝐺 |−1)

2 unique unordered pairs
(𝑖, 𝑗) of subgroups.

ΔEO
o-v-all (𝑀, 𝑖, 𝑗) := 𝑃 (𝑦 = 1|𝑦 = 1, 𝑔 = 𝑔𝑖 ) − 𝑃

(
𝑦 = 1|𝑦 = 1, 𝑔 = 𝑔 𝑗

)
Thus, we obtain a vector ΔEO

o-v-all (𝑀) =
(
ΔEO
o-v-all (𝑀, 𝑖, 𝑗)

)
(𝑖, 𝑗 )

of size |𝐺 | ( |𝐺 |−1)
2 .



The Critical and Overlooked Role of Meta-Metrics in Intersectional Fairness FAccT ’26, June 25–28, 2026, Montreal, QC, Canada

In the one-vs-mean approach (e.g., [13]), the value measured for each subgroup is compared to the mean
performance of all subgroups. This yields a vector of |𝐺 | values, each representing the difference between a
subgroup’s benefits and the average benefit across the population.

ΔEO
o-v-mean (𝑀, 𝑖) := 𝑃 (𝑦 = 1|𝑦 = 1, 𝑔 = 𝑔𝑖 ) − 𝑃 (𝑦 = 1|𝑦 = 1)

Thus, we obtain a vector ΔEO
o-v-mean (𝑀) =

(
ΔEO
o-v-mean (𝑀, 𝑖)

)
𝑖
of size |𝐺 |.

In addition to the choice of comparison design, a further modeling decision concerns the comparison operation
itself: in both approaches described above, subgroup performances may be compared using ratios instead of
differences. In the binary setting, this distinction constituted the only available degree of freedom in fairness
metric design. In intersectional settings, however, combining the possible comparison designs with the choice of
comparison operation yields four distinct comparison variants at this first modeling stage.

3.3 Second modeling choice: aggregation method
The comparison stage results in structured information about disparities between subgroups, but a single fairness
score has yet to be determined. In this respect, the situation mirrors that of binary fairness metrics prior to their
final scalar formulation. The challenge is no longer to identify or quantify the presence of bias, but rather to
synthesize the multiple disparity measurements into a single indicator reflecting the overall extent of unfairness.
As discussed earlier, such aggregation is necessary both for human interpretability and for practical use cases, such
as comparing models against one another or evaluating them with respect to a predefined criterion. Consequently,
the vector of comparison outcomes—whose dimensionality depends on the chosen comparison type—must be
aggregated using a function 𝑓𝑎 that maps it to a scalar value in R. Combining one of the comparison strategies
introduced in Section 3.2 with one of the aggregation methods presented below yields a complete meta-metric,
enabling fairness assessment in intersectional settings.
We identify four major types of mathematical tools that can be used for aggregation: 𝑞-norms, ordered weighted
averaging (OWA), threshold-based indicators, and independence criteria.

3.3.1 𝐿𝑞 norms. Let 𝑞 ∈ R+. The 𝐿𝑞 norm of a vector (𝛿1, 𝛿2, . . . , 𝛿𝑛) is defined as

∥𝛿 ∥𝑞 =

(
𝑛∑︁
𝑖=1

| 𝛿𝑖 |𝑞
)1/𝑞

𝐿𝑞 norms provide a flexible measure of the magnitude of a vector. Larger values of 𝑞 place increasing emphasis
on the largest components of the vector, converging in the limit 𝑞 → ∞ to ∥𝛿 ∥∞ := max𝑖 |𝛿𝑖 |. For q = 1: all
subgroup disparities contribute equally, yielding an aggregate measure of the overall accumulation of unfairness
across subgroups [13]. For q = 2: larger disparities are weighted more heavily, causing the metric to emphasize
more severely disadvantaged subgroups. For q → ∞: the aggregation is dominated by the most disadvantaged
subgroup, corresponding to a worst-case notion of fairness.

3.3.2 Ordered Weighted Averaging. OWA aggregation consists of computing a weighted average of a vector after
ordering its elements by magnitude. Let (𝛿 ′1, 𝛿 ′2, . . . , 𝛿 ′𝑛) denote the values of (𝛿1, 𝛿2, . . . , 𝛿𝑛) sorted in increasing
order of magnitude, and let (𝑤1,𝑤2, . . . ,𝑤𝑛) be a vector of non-negative weights assigned according to this
ranking, with

∑𝑛
𝑖=1𝑤𝑖 = 1. Each weight𝑤𝑖 thus determines the importance given to the 𝑖-th smallest component

of the vector.

𝑂𝑊𝐴 :=
𝑛∑︁
𝑖=1

𝑤𝑖𝛿
′
𝑖

This aggregation method allows the sensitivity of the overall fairness score to be tuned with respect to extreme
disparities versus the overall distribution of disparities, offering even greater flexibility than 𝐿𝑞 norms. The
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weight vector (𝑤1,𝑤2, . . . ,𝑤𝑛) acts as a set of hyperparameters that substantially expands the space of possible
aggregation behaviors and makes the method highly customizable. In particular, OWA aggregation subsumes
several familiar operators as special cases, including theminimum,maximum, andmean.

3.3.3 Threshold-based indicators. Let 𝜀 ∈ [0, 1]. For any vector (𝛿1, 𝛿2, . . . , 𝛿𝑛), the 𝜀-threshold indicator measures
the proportion of components whose value exceeds the threshold 𝜀:

ind𝜀 :=
1
𝑛

𝑛∑︁
𝑖=1

1 (𝛿𝑖 > 𝜀)

The hyperparameter 𝜀 determines the tolerance level for acceptable disparities. For small values of 𝜀, the indicator
prioritizes avoiding any disparity, regardless of its magnitude. For larger values of 𝜀, the focus shifts toward
avoiding only large disparities, while smaller gaps are treated as acceptable. This aggregation method emphasizes
whether disparities exceed a predefined threshold rather than how large they are. Unlike norm-based or OWA
aggregation, it does not account for the magnitude of disparities beyond the threshold. Instead, it captures the
frequency with which subgroup disparities are deemed substantively significant. As a result, this approach places
greater emphasis on minimizing the occurrence of unfairness rather than on reducing its severity once it arises.

3.3.4 Independence criterion. Disparities in subgroup performance, asmeasured by a basemetric, can alternatively
be interpreted as statistical dependence between performance outcomes and subgroup membership. From this
perspective, fairness corresponds to a form of independence between these variables. Mutual information [24, 25]
provides a principled criterion for quantifying such dependence. For any pair of random variables 𝑋 and 𝑌 ,
mutual information measures the amount of information shared between them. It is defined as

𝐼 (𝑋,𝑌 ) =
∑︁
𝑥∈X

∑︁
𝑦∈Y

𝑃𝑋,𝑌 (𝑥,𝑦) log
(
𝑃𝑋,𝑌 (𝑥,𝑦)
𝑃𝑋 (𝑥)𝑃𝑌 (𝑦)

)
where 𝑃𝑋,𝑌 is the joint distribution of 𝑋 and 𝑌 , and 𝑃𝑋 and 𝑃𝑌 are their marginal distributions. Unlike the
comparison-based aggregation methods introduced above, mutual information operates directly on subgroup-
level outcomes and maps them to a scalar dependence measure without an explicit comparison stage. It is therefore
best understood as a direct, non-comparison-based meta-metric within the broader design space considered
in this paper. In the illustrative case of equal opportunity, this amounts to computing the mutual information
𝐼 (𝑔,𝑦 | 𝑦 = 1), which quantifies the dependence between subgroup membership and the model’s predictions
among positively labeled instances.

3.4 Optional design choice: weighting
Meta-metrics can be further refined through the introduction of group weights, yielding additional variants.
While optional, weighting substantially expands the design space, and choosing not to apply weights is itself a
meaningful modeling decision. This step defines 𝑓𝑤 , the weighting function.

Prior to aggregation, it is therefore possible to assign weights to each comparison outcome, whether associated
with individual subgroups or with pairs of subgroups, depending on the selected comparison strategy. Weighting
modifies the relative influence of different disparities on the final fairness score and thus carries important
normative implications.

3.4.1 Weighting by sample size. One common option is to weight subgroup-level measurements according to
sample size. This reduces the influence of small samples on the aggregate score, whose estimates may be noisy or
unrepresentative. In this sense, weighting can help limit the effect of outliers arising from statistical uncertainty.



The Critical and Overlooked Role of Meta-Metrics in Intersectional Fairness FAccT ’26, June 25–28, 2026, Montreal, QC, Canada

Aggregation type 𝑓𝑎 | Comparison type 𝑓𝑐 Δone-vs-all (𝑀) :=
(
𝑏𝑔𝑖 − 𝑏𝑔𝑗

)
(𝑖, 𝑗 )

Δone −𝑣𝑠− mean (𝑀) :=
(
𝑏𝑔𝑖 − 𝑏

)
𝑖

𝐿𝑞 norms
𝐿1 ∥Δo-v-all ∥1 =

∑
(𝑖, 𝑗 )

��𝑏𝑔𝑖 − 𝑏𝑔𝑗

�� ∥Δo-v-mean ∥1 =
∑

𝑖

��𝑏𝑔𝑖 − 𝑏
��

𝐿2 ∥Δo-v-all ∥2 =

√︂∑
(𝑖, 𝑗 )

(
𝑏𝑔𝑖 − 𝑏𝑔𝑗

)2
∥Δo-v-mean ∥2 =

√︃∑
𝑖

(
𝑏𝑔𝑖 − 𝑏

)2

𝐿𝑞 ∥Δo-v-all ∥𝑞 =

(∑
(𝑖, 𝑗 ) |𝑏𝑔𝑖 − 𝑏𝑔𝑗 |𝑞

)1/𝑞
∥Δo-v-mean ∥𝑞 =

(∑
𝑖 |𝑏𝑔𝑖 − 𝑏 |𝑞

)1/𝑞

ind𝜀 low 𝜀 ind𝜀
𝑎𝑙𝑙

= 2
𝑛 (𝑛−1)

∑
(𝑖, 𝑗 ) 1

(
|𝑏𝑔𝑖 − 𝑏𝑔𝑗 | > 𝜀

)
ind𝜀𝑚𝑒𝑎𝑛 = 1

𝑛

∑𝑛
𝑖=1 1

(
|𝑏𝑔𝑖 − 𝑏 | > 𝜀

)
high 𝜀

Ind. Criterion Mutual Information
(
𝑏1, 𝑏2, ..., 𝑏 |𝐺 |

)
I(𝑔;𝑏) = ∑

𝛾 ∈G
∑

𝛽∈B 𝑃𝑔,𝑏 (𝛾, 𝛽) log 𝑃𝑔,𝑏 (𝛾,𝛽 )
𝑃𝑔 (𝛾 )𝑃𝑏 (𝛽 )

Table 1. Comprehensive taxonomy of meta-metrics, presented in Section 3. For the sake of simplicity, weighted
variants have not been added. Each meta-metric of this table is a composite function of a comparison function 𝑓𝑐 (see 3.2)
and an aggregation function 𝑓𝑎 (see Section 3.3). 𝑏 denotes benefits computed by the selected base metric.

Conversely, fairness analyses often deliberately emphasize small or underrepresented subgroups, whichmay corre-
spond to populations that are less visible andmore vulnerable to discrimination. From this perspective, it may be de-
sirable to assign greater weight to such subgroups, for example, by weighting inversely proportional to sample size.
These contrasting choices illustrate howweighting schemes encode normative priorities and must be selected with
care.

Fig. 2. Rankings induced by different meta-
metrics applied to the same subgroup-level values.
Different choices of comparison type and aggrega-
tion method can produce divergent (red arrows),
and even reversed, fairness rankings.

3.4.2 Weighting by subgroup distances. In the case of a one-vs-all
comparison, subgroup pairs may differ in the number of sensitive-
attribute values they share. Disparities between subgroups that
are close in this sense, i.e., that differ on only one sensitive at-
tribute (e.g., young white men vs. young white women), may be
viewed as less severe than disparities across multiple attributes
(e.g., young white men vs. older non-white women). Accordingly,
meta-metrics may weight subgroup-pair disparities as a function
of their distance in the sensitive-attribute space, assigning greater
weight to disparities between more dissimilar subgroups. Alterna-
tively, particular sensitive attributes may be deemed more salient
than others, in which case disparities involving differences along
those attributes can be assigned higher weights. These choices
allow stakeholders to encode domain-specific or normative pri-
orities into the fairness assessment.
In the end, comparison-based meta-metrics in our taxonomy

can be written as the composite function𝑚 = 𝑓𝑎 ◦ 𝑓𝑤 ◦ 𝑓𝑐 : R |𝐺 | →
R, which maps the benefit vector to a scalar fairness score. Di-
rect dependence-based meta-metrics such as mutual information
instead operate directly on subgroup-level outcomes without in-
stantiating the comparison stage. Table 1 summarizes the comparison-based meta-metrics in our taxonomy.
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4 Empirical Illustration of Meta-Metric Choices

4.1 Different meta-metrics can induce different rankings
Our first research question is whether the meta-metrics introduced above are equivalent, or whether they can
induce different rankings over the same set of distributions. To provide an answer, we try to establish the existence
of cases in which different meta-metrics rank the same candidate distributions differently.

4.1.1 Illustrative Example on Synthetic Data. If such cases exist, then the issue at stake, namely, the non-
equivalence of the meta-metrics introduced above, is substantive and warrants careful examination. To investigate
this question, we begin by considering hypothetical subgroup distributions that are not directly derived from
empirical data but remain plausibly observable in practice. We examine five distinct hypothetical distribution
profiles, each representing subgroup-level values produced by the base metric (Fig. 2).

Each histogram, colored green (I), orange (II), blue (III), pink (IV), or yellow-green (V), depicts outcomes of the
base-metric for four demographic subgroups, with each bar corresponding to one subgroup. In the illustrative
case of equal opportunity, each bar represents the true positive rate 𝑃 (𝑦 = 1 | 𝑦 = 1, 𝑔 = 𝑔𝑖 ) for subgroup 𝑔𝑖 . We
selected these five profiles because they capture some of the most extreme configurations in the space of possible
subgroup-outcome distributions. For each profile, we compute a fairness score using several meta-metrics. We
then rank the profiles separately under each meta-metric, from the fairest (top) to the most discriminatory
(bottom).

The green histogram serves as a consistency check. It corresponds to the idealized case in which all subgroups
attain identical base-metric values, implying the absence of disparities and, therefore, no group-level unfairness.
This profile represents a widely accepted fairness benchmark. As expected, all considered meta-metrics rank it as
the fairest outcome.

The remaining four distribution profiles were selected to illustrate distinct patterns of disparity. They share the
same extreme values: in all cases, the lowest base-metric value is 0.1 and the highest is 0.9. Beyond this common
feature, however, disparities are distributed across subgroups in substantially different ways. The blue profile
exhibits relatively small pairwise disparities across subgroups, yet no two subgroups attain identical base-metric
values. By contrast, the pink profile contains three subgroups with identical scores and a single subgroup whose
score differs markedly from the others, thereby concentrating a large disparity on one group. These profiles
therefore correspond to qualitatively distinct practical situations, a distinction that we discuss further in Section 5.

First, we note that, under a worst-case aggregation rule—specifically, the maximum pairwise disparity, denoted
max(Δone-vs-all)—all four profiles receive the same fairness score. This result illustrates how certain aggregation
choices can obscure substantively meaningful differences in the distribution of subgroup disparities.
Fig. 2 presents the rankings of these same distribution profiles under four meta-metrics. Notably, none of

these meta-metrics induces the same ranking. A distribution ranked as fairest under one meta-metric may be
ranked as least fair under another. This pattern is illustrated by the orange distribution, which is ranked best
by 𝐿2 (Δone-vs-all) but worst by ind𝜖 (Δone-vs-all). In the context of bias mitigation, this divergence means using
𝐿2 (Δone-vs-all) might suggest that the orange distribution is sufficiently fair to justify halting further intervention.
By contrast, using ind𝜖 (Δone-vs-all) would motivate continued mitigation efforts, pushing the system toward a
profile closer to the pink distribution, which this meta-metric ranks best after the green distribution. Moreover,
for every pair of distribution profiles, there exists at least one meta-metric that ranks the pair in one order and
another that ranks them in the opposite order (one example is highlighted by the red arrows in the figure). This
observation further confirms that different meta-metrics do not induce a unique or absolute partial order. We
discuss the practical consequences of these observations for model assessment, comparison, and bias mitigation
in Section 4.1.2.
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This first illustrative case demonstrates that meta-metrics are not equivalent: changing the meta-metric can
alter the resulting fairness rankings and even yield contradictory conclusions. This result highlights the risks
of overlooking this stage of intersectional fairness measurement or adopting a meta-metric by default without
explicit justification. Although this existence proof is based on theoretical distribution profiles, these profiles are
plausibly observable in practice. The problem identified here is therefore not merely theoretical, as we show in
Section 4.1.2.

4.1.2 Real-World Data Application. Having established the existence of this problem through a theoretical
example, we now illustrate it using a real-world dataset. Specifically, we train multiple models on the UCI Adult
dataset [3] using several standard ML methods: support vector classifiers with radial basis function (RBF), linear,
and polynomial (poly) kernels; Decision Trees (dct); Bagging (bag); Random Forests (rf); and Gradient Boosting
(boost). All models are trained with the default hyperparameters provided by the scikit-learn library [38], yielding
7 distinct models in total. Once trained, we apply the models to the test set and evaluate subgroup-level values
under the fairness notion of equal opportunity using the base metric |𝑃 (𝑦 = 1 | 𝑦 = 1, 𝑔 = 𝑔𝑖 ) |, which we
estimate empirically by counting. In this experiment, we consider 10 subgroups defined by the two sensitive
attributes Sex and Race. We then evaluate and rank the models using different meta-metrics derived from the
taxonomy introduced earlier. As in the theoretical analysis, we observe substantially different rankings of the
seven models depending on the meta-metric design choices. The resulting rankings are presented in Tables 3a
and 3b. In each table, each column reports the ranking of the seven models under the meta-metric indicated in
the column heading. We present the results from two complementary perspectives. In Table 3a, the comparison
type, when applicable, is fixed to one-vs-all, while the aggregation method varies across the options introduced in
our taxonomy. By contrast, Table 3b holds the aggregation method constant while varying the comparison type
between one-vs-all and one-vs-mean.

(a) Rankings of the 7 models under different aggregation
methods: 𝐿1, 𝐿2, 𝐿∞, ind0.2, ind0.3, and 𝐼 (𝑔,𝑏).

(b) Rankings of the 7models under different comparisonmeth-
ods (one-vs-all and one-vs-mean)

Fig. 3. Rankings of models trained on the Adult dataset, assessed using multiple meta-metrics from the taxonomy of Section 3.

In both tables, the models identified as the fairest (blue) or most biased (red) are not consistent across meta-
metrics. Considered jointly, the two tables reveal that each model is designated as the fairest by at least one
meta-metric. This finding confirms that model rankings are highly sensitive to the choice of meta-metric, and that
different evaluations can induce conflicting pairwise orderings. Moreover, for several models, one can identify
one meta-metric under which the model ranks first and another under which it ranks last. For example, the SVC
with RBF kernel is ranked as the fairest model according to mutual information 𝐼 (𝑔,𝑏) and 𝐿∞ (Δo-v-all), yet as the
most biased according to all threshold-based indicators. By contrast, the Decision Tree model performs poorly
under norm-based evaluations but is ranked as the fairest according to ind0.2 (Δ𝑎𝑙𝑙 ).
This practical application allows us to confirm two points. First, evaluating intersectional fairness using the

range of meta-metrics introduced above is feasible on a real-world dataset. Second, the differences observed in
the theoretical analysis (Section 4.1.1) also arise in practice when these meta-metrics are applied to real-world
data. In practical terms, if the seven models had been compared to determine which was most desirable from a



FAccT ’26, June 25–28, 2026, Montreal, QC, Canada Monnier et al.

Fig. 4. Pairwise rank correlations between meta-metrics computed over 1000 randomly sampled distributions, for 4 subgroups
(top) and 8 subgroups (bottom)

fairness perspective, the choice of meta-metric could lead to diametrically opposed conclusions. Likewise, if the
goal had been to reject models based on bias, some models identified as fairest under one meta-metric would
have been rejected under another. Similarly, in the context of bias mitigation, a model deemed acceptable under
one meta-metric might instead have been judged to require further intervention under another. Taken together,
these results illustrate the practical significance of the problem identified.

4.2 Systematically quantifying pairwise differences between aggregation methods
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Fig. 5. Correlations between rankings obtained using different meta-
metrics, as the number of subgroups grows.

As a second illustrative case, we quantita-
tively examine the relationships between
different meta-metrics. We randomly sam-
ple 1000 distributions of subgroup-level
benefits for 4 subgroups and another 1000
distributions for 8 subgroups. For each dis-
tribution, we compute fairness scores using
various meta-metrics and we then compare
the resulting rankings (Figure 4).

For the setting with four subgroups (top
row), the resulting rankings are generally
strongly correlated, with Kendall’s rank
correlation in the range of 𝜏 ∈ [0.73, 0.87].
By contrast, increasing the number of sub-
groups to 8 (bottom row) substantially de-
creases rank correlations between pairs of
meta-metrics, with 𝜏 ∈ [0.49, 0.79].
To support these observations, we per-

form a more systematic study of the effect of a varying number of subgroups (here in the range 2 to 20) on
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pairwise correlations in Figure 5. We observe an overall trend of decreasing pairwise correlation as the number
of subgroups grows, with some exceptions (see highlighted representative cases).
As the number of sensitive attributes increases, the number of intersectional subgroups grows exponentially

(e.g. adding a single binary sensitive attribute doubles the number of subgroups), suggesting that divergence
between meta-metric rankings is likely to become more pronounced. These results indicate that the choice of
meta-metric becomes increasingly consequential as intersectional complexity increases, and should therefore be
treated with particular care.

4.3 Qualitative study of meta-metrics
Sections 4.1 and 4.2 demonstrate that meta-metrics are not equivalent, and that some induce rankings that are
more closely correlated than others. We now examine selected meta-metrics from a qualitative perspective,
with the aim of understanding what kinds of distributional patterns they emphasize or penalize, ultimately
to help guide practitioners in their choices. This analysis informs the discussion in the following section on
why one meta-metric may be preferable to another in a given context. We begin by noting that distributions
receiving the best fairness scores are generally uninformative, as they correspond, regardless of the meta-metric,
to highly uniform subgroup outcomes. By contrast, the worst-ranked distributions are more revealing, as they
highlight the types of disparity patterns that a given meta-metric penalizes. A complementary source of insight
comes from examining distributions whose rankings differ most sharply between two meta-metrics. Such cases
expose patterns that one meta-metric treats permissively while another treats strictly, thereby making explicit
the differing normative priorities encoded by each aggregation strategy.

(a) Distributions with the largest ranking differences under 𝐿1 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑚𝑒𝑎𝑛) and 𝐿1 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑎𝑙𝑙 ).

(b) Distributions with the largest ranking differences under 𝐿1 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑚𝑒𝑎𝑛) and𝑚𝑎𝑥 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑚𝑒𝑎𝑛).

(c) Distributions with the largest ranking differences under 𝐿1 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑎𝑙𝑙 ) and𝑚𝑎𝑥 (Δ𝑜𝑛𝑒−𝑣𝑠−𝑚𝑒𝑎𝑛).

Fig. 6. Each figure displays, for a given pair of meta-metrics (𝑚1,𝑚2), the distributions that are ranked most differently by
the two meta-metrics. Distributions shown on the left (resp. right) are ranked more favorably by𝑚1 (resp.𝑚2), with the
corresponding rank difference indicated above.

For a given pair of meta-metrics, we select, from our random sample of 1,000 distributions, the ten distributions
with the largest ranking discrepancies: five ranked more favorably by the first meta-metric and five by the
second. The resulting distributions are shown in Figure 6. These results provide additional insight into the relative
proximity of different meta-metrics. Consistent with the correlation analysis presented earlier, the magnitude
of rank differences varies substantially across meta-metric pairs. We focus on the most extreme discrepancies
observed. For the pair 𝐿1 (Δone-vs-mean) and 𝐿1 (Δone-vs-all) (Figure 6a), the maximum observed difference is 285
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ranking positions. In contrast, for the pair 𝐿1 (Δone-vs-mean) and max(Δone-vs-mean) (Figure 6b), the maximum
difference reaches 853 positions, suggesting that these two meta-metrics are substantially less aligned.
With respect to distributional patterns, several consistent preferences emerge. When contrasted with either
𝐿1 (Δone-vs-all) or max(Δone-vs-mean), the meta-metric 𝐿1 (Δone-vs-mean) tends to assign poorer rankings to distribu-
tions exhibiting clustered subgroup structures. In such patterns, most pairwise disparities Δ(𝑖, 𝑗 ) remain below a
moderate threshold, but a small number of disparities are markedly large. By contrast, both 𝐿1 (Δone-vs-all) and
max(Δone-vs-mean) appear to penalize this type of distribution less severely. This difference reflects the distinct
sensitivities of these meta-metrics to the frequency versus the magnitude of subgroup disparities.
Considering Figures 6a and 6c, further observations can be made on 𝐿1 (Δone-vs-all). In both cases, this meta-metric
tends to penalize progressive distributions in which subgroup disparities are consistently small but never equal
to zero, corresponding to gradually increasing profiles.
Finally, a recurring pattern among distributions that are strongly penalized by max(Δone-vs-mean) consists of
isolated subgroup cases, in which a single subgroup exhibits large disparities with all other subgroups, while the
remaining subgroups are tightly clustered in terms of benefit.

5 Guidelines
We now translate these quantitative analyses into practical guidelines to support the selection of an appropriate
meta-metric by practitioners for a given context. The central question is how to meaningfully characterize a
distribution of disparities across subgroups. Given an appropriately selected fairness notion, any disparity in
base-metric performance across subgroups constitutes a form of bias. While the absence of disparities -a perfectly
uniform distribution of subgroup-level outcomes- is the unanimous ideal fairness scenario (green distribution
in Figure 2), assessing fairness in the situations where disparities persist is inherently ambiguous. Different
patterns of disparity may reflect distinct ethical concerns, and their relative severity depends on how fairness is
conceptualized.

5.1 Pattern preferences
In Section 4, we identified recurring distributional patterns across subgroup outcomes. We propose to use these
patterns as the basis for a framework that supports the interpretation and comparison of different disparity
distributions. Reflecting on the implications of these patterns in concrete application contexts helps determine
which configurations are ethically acceptable and which should be avoided. Building on the empirical observations
presented earlier, we link the various design options and hyperparameters of the taxonomy introduced in Section 3
to their respective sensitivities, positive or negative, to particular distributional patterns. This mapping enables
us to articulate practical guidelines for constructing meta-metrics that are aligned with a desired conception of
intersectional fairness.

A first recurring pattern is the isolated subgroup pattern (pink case in Figure 2). This corresponds to situations
in which a large majority of subgroups receive similar outcomes, while one subgroup experiences substantially
worse or better treatment. In practical terms, such a pattern reflects a trade-off in which near-ideal fairness is
achieved for most subgroups at the expense of severe (dis)advantage for a few. To discourage this type of pattern,
meta-metrics such as ind𝜀 (Δone-vs-all) (with a high value of 𝜀) and max(Δone-vs-mean) are particularly effective. The
former penalizes the frequency of large pairwise gaps, while the latter directly penalizes situations in which a
subgroup deviates strongly from the average outcome.

A related pattern arises when the population is divided into two or more blocks of subgroups (yellow-green
case in Figure 2), each block exhibiting internally equal outcomes, but with substantial disparities between blocks.
Compared to isolated-subgroup scenarios, the severity of ’individual’ disadvantage at subgroup-level may be
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reduced, but a larger portion of subgroups experiences unfair treatment. When these blocks are distributed
symmetrically, the overall average remains centered. Such patterns are therefore particularly penalized by meta-
metrics that emphasize numerous deviations from the mean, such as 𝐿𝑞 (Δone-vs-mean) with low values of 𝑞, or
ind𝜀 (Δone-vs-mean) with low values of 𝜀.

Conversely, some distributions exhibit a more continuous spread of benefits (blue case in Figure 2), in which
disparities between subgroups are relatively small but consistently present. In such cases, no pair of subgroups
receives identical outcomes: differences are pervasive, yet large gaps between any particular pair of subgroups
are uncommon. This type of pattern is discouraged by meta-metrics such as ind𝜀 (Δone-vs-all) with low values of 𝜀,
which penalize high frequencies of disparities, even when they are small. It is also penalized by 𝐿𝑞 (Δone-vs-all)
with low values of 𝑞, which emphasizes the cumulative magnitude of pairwise differences across subgroups.
These choices reflect a preference for eliminating systemic inequality.

In this subsection, we have characterized and linked different patterns of disparity distributions to the meta-
metrics that tend to penalize or favor them. Importantly, none of the identified profiles is inherently more
problematic than another. As with many ethical questions, the assessment of fairness is inherently context-
dependent. When situated within a specific application domain, certain patterns may emerge as more concerning
than others, depending on the values, goals, and constraints at stake.

5.2 End-to-End Case studies
We briefly illustrate how meta-metric selection depends on context by applying the process proposed in this
paper to two well-known datasets (see Fig. 1). These examples are not intended to defend particular normative
assumptions, but to show how different application settings can motivate different meta-metric choices. A full
justification of such choices requires domain-specific and social science expertise and lies beyond the scope of
this work.
For a criminal justice setting such as COMPAS [1], plausible sensitive attributes include Sex and Race. If the

primary concern is wrongful incarceration, the relevant base metric is Predictive Equality, which focuses on false
positives [14]. Under this framing, what matters most is avoiding cases in which one subgroup bears a markedly
higher risk of unjust deprivation of liberty. This perspective supports attention to one-vs-all disparities and, in
particular, to the worst such disparity. A plausible meta-metric is therefore ind𝜀 (Δone-vs-all) with high 𝜀 value.

For the UCI Adult dataset [3], plausible sensitive attributes include Sex, Race, andMarital Status. If the normative
objective is to identify broad, persistent inequalities in income outcomes, Statistical Parity is a plausible base metric
to address historical biases. In this setting, the central concern is less an isolated extreme case than a pervasive
spread of unequal benefits across subgroups. This perspective supports a meta-metric such as 𝐿1 (Δone-vs-all),
which penalizes the cumulative amount of subgroup disparities.

6 Conclusion
In this work, we formalized the design of meta-metrics and identified available design choices by establishing a
three-axis framework comprising group comparison, score aggregation, and optional weighting. We show that
different combinations of these choices can yield markedly different fairness evaluations. Because these choices
encode distinct views of which disparity patterns should be prioritized, meta-metric selection should be treated
as a substantive design decision that requires explicit justification.
Our contribution is necessarily constrained by its formal and technical scope. Determining which disparity

patterns should be prioritized in a given context requires interdisciplinary engagement, particularly with social
scientists and domain experts. Nevertheless, we hope this work helps address a largely unexamined practice in
intersectional fairness research, the uncritical use of meta-metrics, and provides a foundation for more transparent,
rigorous, and contextually grounded fairness assessment.
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