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Abstract

Intersectional (un)fairness, as conceptualized in legal and
social theory, emphasizes the non-additive and structurally
complex nature of discrimination against individuals at the
intersection of multiple sensitive attributes (such as race,
gender, etc). Recent works have proposed statistical met-
rics for intersectional fairness by estimating disparities across
groups of individuals sharing two or more sensitive attributes.
However, it is unclear if these metrics detect uniquely in-
tersectional discrimination. We therefore pose the following
question, Do current statistical intersectional metrics detect
the non-additive discrimination highlighted by intersection-
ality theory? More specifically, to answer this, we run con-
trolled synthetic data experiments that explicitly allow us to
control for single, multiple, intersectional, and compounded
forms of discrimination. Our analyses show that current sta-
tistical metrics for intersectional fairness behave more like
multi-attribute disparity measures. Specifically, they respond
more strongly to additive or compounded biases than to non-
additive interaction effects. While they effectively capture
disparities across multiple sensitive attributes, they often fail
to detect uniquely intersectional discrimination. These find-
ings reveal a fundamental misalignhment between existing
intersectional fairness metrics and the legal and theoretical
foundations of intersectionality. We argue that if intersec-
tional fairness metrics are to be deemed truly intersectional,
they must be explicitly designed to account for the structural,
non-additive nature of intersectional discrimination.

1 Introduction

Fairness has garnered significant attention in the machine
learning (ML) community, leading to the development of
several fairness notions and mitigation approaches (Dwork
et al. 2012; Mehrabi et al. 2021; Hardt, Price, and Srebro
2016). While substantial progress has been made, much of
this work has focused on single sensitive attributes such
as gender or race (Dwork et al. 2012; Chouldechova 2017;
Hardt, Price, and Srebro 2016; Zafar et al. 2017). However,
real-world discrimination spans multiple dimensions, as in-
dividuals often hold intersecting identities. Therefore, dis-
crimination cannot be classified according to, or defined by,
a single sensitive attribute (Uccellari 2008; Makkonen 2002;
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Xenidis 2018), thereby leading to what is formally described
as multidimensional discrimination.

Broadly, multidimensional discrimination can be grouped
into three main types: i) Sequential discrimination, which
occurs when a person suffers discrimination either on the
same or different grounds over a period of time (Roy,
Horstmann, and Ntoutsi 2023); ii) Multiple discrimination
occurs when individuals face separate and additive dis-
crimination resulting from their sensitive attributes (Alvarez
and Ruggieri 2025; Mercat-Bruns 2017); and iii) Intersec-
tional discrimination, by contrast, arises when the interac-
tion of different sensitive attributes leads to a unique form
of discrimination that cannot be explained by simply adding
discrimination across sensitive attributes (Crenshaw 2013;
Council of Europe 2025). For example, Turkish women
who wear a hijab face higher rejection rates in job applica-
tions, illustrating discrimination that arises specifically from
the intersection of ethnicity, gender, and religion (Weichsel-
baumer 2020).

While these types of multidimensional discrimination
have sparked conversation in the legal and social the-
ory (Collins 2015; Uccellari 2008; Cho, Crenshaw, and Mc-
Call 2013; Makkonen 2002), the machine learning commu-
nity has only recently begun to study discrimination in this
area. Seminal works such as Buolamwini and Gebru (2018);
Kearns et al. (2018) showed that models considered fair with
respect to a single sensitive attribute can still show unfair-
ness when considering fairness across several sensitive at-
tributes (Chen et al. 2024). This has prompted a shift in ML
fairness research toward measuring and mitigating dispari-
ties across subgroups (Kearns et al. 2018).

Nevertheless, most of this literature fails to distinguish
among different forms of multidimensional discrimina-
tion, often referring to all of them as intersectional fair-
ness (Foulds et al. 2020; Morina et al. 2019; Gohar and
Cheng 2023). To the best of our knowledge, Alvarez and
Ruggieri (2025) is one of the few works that empirically at-
tempt to reason about different sources of discrimination,
including multiple and intersectional discrimination. How-
ever, their work does not clearly articulate or isolate inter-
sectional discrimination as non-additive effects, as concep-
tualised in legal theory. Complementing this, Kong (2022)
provides an important philosophical analysis, highlighting
three key problems in how intersectional fairness has been



operationalised in Al research.

These critiques prompt us to explicitly address this gap
and test whether current metrics are sensitive to non-additive
discrimination, which is the core of intersectionality as orig-
inally conceptualised in legal and social theory. This is be-
cause current metrics risk conflating intersectional discrimi-
nation with multiple discrimination.

In other words, we aim to respond to the following
research question: Do current intersectional fairness
metrics detect the non-additive discrimination that defines
intersectionality, or are they mainly measuring additive
disparities across subgroups? We empirically approach
answering this question by creating a synthetic dataset
where we have explicit control of the different bias sce-
narios, thus, i) no bias, ii) single-axis bias, iii) multiple
or additive bias, iv) intersectional bias (includes only the
interaction of the sensitive attributes), and v) compounded
bias (includes both additive and interaction of the sensitive
attributes). We formally define these distinct types of
multidimensional discrimination, with particular focus on
multiple and intersectional discrimination, as these are most
commonly conflated in practice. In contrast, sequential
discrimination can often be addressed using existing single-
attribute fairness measures, applied independently at each
time step (Roy, Horstmann, and Ntoutsi 2023). We then
evaluate using statistical intersectional fairness metrics,
including subgroup (un)fairness (Kearns et al. 2018),
smoothed differential (un)fairness (Foulds et al. 2020), slift
and elift (Morina et al. 2019). Our results show that while
these metrics detect subgroup disparities when present,
they are far more sensitive to multiple discrimination than
to intersectional discrimination. In addition, the smoothed
e-differential fairness metric, which is originally designed
to measure and mitigate intersectional unfairness, fails to
distinguish additive from purely intersectional effects.

Our contributions, therefore, are that we:

1. Propose a formal definition of multidimensional discrim-
ination, distinguishing single, multiple, intersectional,
and compounded discrimination scenarios in Section 3.

. Provide a synthetic dataset generation framework that en-
ables controlled evaluation of intersectional fairness met-
rics in Section 4.

3. Conduct the first systematic empirical study of intersec-
tional metrics against legal definitions of intersectionality
in Section 5.

. Show that existing metrics conflate additive and inter-
sectional effects, highlighting the need for future metrics
to explicitly account for intersectional discrimination in
Section 5 and Section 6 respectively.

Significance. Intersectionality, as defined in legal and so-
cial theory, emphasises that individuals with overlapping
sensitive attributes face unique, non-additive forms of dis-
crimination. This form of discrimination cannot be ex-
plained by simply adding discrimination resulting from a
single sensitive attribute discrimination (Crenshaw 2013;
Collins and Bilge 2020). As such, intersectional fairness
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metrics that fail to capture these non-additive effects risk un-
derestimating the severity of discrimination and misguiding
mitigation efforts. Hence, it is critical that proposed inter-
sectional metrics align with the structural understanding of
discrimination grounded in legal theory and reflected in real-
world experiences.

2 Related Work

Fairness in machine learning. The recognition that al-
gorithmic systems can perpetuate or amplify social bi-
ases (Dwork et al. 2012; Barocas and Selbst 2016; Mehrabi
et al. 2021) has led to the rapid evolution of the field in the
last few years. Initial work has primarily focused on statis-
tical notions of group fairness, including demographic par-
ity (Dwork et al. 2012), equalised odds (Hardt, Price, and
Srebro 2016), and predictive parity (Chouldechova 2017).
Other works explored individual fairness, emphasising that
similar individuals should receive similar outcomes (Dwork
et al. 2012). While these approaches laid the foundation,
they mostly considered fairness with respect to a single sen-
sitive attribute (Zafar et al. 2017; Kanubala, Valera, and
Gupta 2024). However, Kearns et al. (2018) showed that
models that tend to be fair for single sensitive attributes may
remain unfair across subgroups.

Single-attribute to intersectional fairness. Recognising
that fairness constraints based on single sensitive attributes
can overlook discrimination at the intersection of identities,
thus, Kearns et al. (2018) proposed subgroup (un)fairness.
This approach requires that a model perform fairly well
across all sufficiently large subgroups defined by combi-
nations of attributes. In addition, other approaches have
either proposed new intersectional metrics (Suk and Han
2023; Maheshwari et al. 2023) or a way to learn fair mod-
els given more than one sensitive attribute (Choi, Karumba-
iah, and Matayoshi 2025; Némecek et al. 2025; Lin, Gupta,
and Jagadish 2024). Despite these advances, intersectional-
ity still faces challenges and amongst them is the small sam-
ple size subgroup problem (Himmelreich et al. 2024). A lot
of intersectional groups have limited data, making reliable
fairness assessments difficult. To address these, methods
such as Foulds et al. (2020) e-differential fairness and other
smoothing approaches (Morina et al. 2019) have been pro-
posed. While these methods estimate fairness metrics across
small subgroups, they still largely quantify observable out-
come disparities and do not explicitly distinguish between
additive versus intersectional sources of bias.

Multidimensional and intersectional discrimination. In
legal and social theory, discrimination is recognised as mul-
tidimensional (Uccellari 2008; Makkonen 2002), manifest-
ing as multiple, sequential, or intersectional discrimination.
Importantly, intersectionality, first theorised by Crenshaw
(2013), emphasises that individuals at the intersection of
multiple marginalised identities face unique, compounded
discrimination that cannot be reduced to the sum of individ-
ual disadvantages (Collins and Bilge 2020). Recent ML re-
search has begun acknowledging the multidimensional dis-
crimination problem (Ovalle et al. 2023; Alvarez and Rug-
gieri 2025; Roy, Horstmann, and Ntoutsi 2023; Gohar and



Cheng 2023). However, most works either focus on de-
tecting disparities across subgroups, without clearly dis-
tinguishing between multiple (additive) and intersectional
(non-additive) effects.

Measurement problem of intersectionality. More broadly,
scholars have raised concerns that fairness metrics may
mismeasure the forms of discrimination they seek to de-
tect (Binns 2018; Barocas and Selbst 2016; Corbett-Davies
et al. 2023). These critiques argue that algorithmic fairness
auditing often reduces structural or historical discrimination
to empirical disparities, obscuring the underlying causes of
discrimination. In this light, measuring outcomes between
groups without identifying the true sources of the discrim-
ination (i.e due to multiple or intersectional) might fail to
capture the severity of discrimination. Our work seeks to
bridge this gap by providing the first systematic empirical
analysis of whether existing intersectional fairness metrics
truly capture the non-additive, structural discrimination the-
orised in legal and social frameworks, or whether they pri-
marily detect additive disparities across multiple sensitive
attributes.

3 Definitions of Multi-Sensitive
Discrimination

In this section, we formalise the definitions of different types
of multidimensional discrimination with a focus on single-
axis, multiple, intersectional and compounded discrimina-
tion.

3.1 Problem Setup and Notation

We consider a decision-making setting where
each individual is represented by a feature vector
{(917 71, 21,Y1)5 " (Gns Tns Tns yn)} where g; € Ag
and r; € Ap are both considered binary sensitive attributes
and collectively referred to as .A. Also, we consider the case
where A can be multidimensional, thus referring to more
than one sensitive attribute. However, for simplicity in our
paper, we consider that A4 consists of two attributes, namely
gender and race, thus, A C {Aqg, Ar}. Additionally,
x; € X are non-sensitive attributes, and y; € {0, 1} refers
to a decision such as whether to grant a loan or approve
bail. We assume that the sensitive attributes G and R can
influence the non-sensitive features X, and consequently
influence the decision Y.

Importantly, we consider the case where we can analyse
discrimination not only with respect to individual sensitive
attributes G or R but also at the level of their intersection.
Additionally, we clarify that in our setting, Y represents ac-
tual decisions, however, we can extend these analyses to the
case where the dataset could be used to train an ML model.
We formalise the notion of a subgroup following the ap-
proach in Kearns et al. (2018):

Definition 1 (Subgroups). Let A C {Ay, Ay,..., A} be
the set of n sensitive attributes. Each attribute A; takes
values from a finite set, and a; can refer to a particular
value of A;. Let g,, denote the set of individuals for whom
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A = a. A subgroup defined by the attribute value combina-
tion (a1, as,. .., ay,) is the intersection of the corresponding
groups:

S9a1xazx - xan = Ja1 N Gay MN---MNGa,-

For example, suppose we have two sensitive attributes
thus A C {Ag, Ar} such that Ap € {White, NonWhite}
and Ag € {Male, Female}. The subgroups formed by these
attributes are:{ White Male, NonWhite Male, White Female,
and NonWhite Female}. Motivated by this, we introduce for-
mal definitions of multiple and intersectional discrimination,
which guide our analysis design.

3.2 Multidimensional Discrimination

We assume that the probability distribution of the decision
outcome Y depends either directly or indirectly on the non-
sensitive covariates X, as well as on the sensitive attributes
G (e.g., gender) and R (e.g., race). These sensitive attributes
may serve as sources of potential discrimination, whether
through their direct influence on Y, or indirectly through
their effect on X. The parametric form of P(y = 1) used
in our analysis is detailed in Equation 8.

Formally, we define the marginal effect of each sensitive
attribute A € { A, Agr} on the outcome Y as the change in
outcome probability across values of .4, marginalizing over
all other attributes. These are computed as:

Aug=Ply=1[Ac=1)-Ply=1[Ac=0)
Aap=Ply=1]Ag=1)-Py=1] A =0)
We also define the intersectional (non-additive) effect as:
Apep=Ply=1|Acg=1,Ar=1)

—Ply=1|Ag=1,Ar =0)
—Ply=1]Ag=0,Ar=1)
+Ply=1|Ag=0,Ap =0) 3)
Here, A 4, measures the effect of changing gender on the
outcome, independent of any effect from race and vice versa

for A 4,. Then, the interaction term, A 4,,, captures any
non-additive or interaction effect between gender and race.

ey
(@)

Definition 2 (Single-axis discrimination). Single-axis dis-
crimination occurs when the outcome varies with changes
in a single protected attribute, while the interaction between
sensitive attributes has no effect. Formally, this holds if:

Ap, #0 or Ay, #0, butnot both, and A 4, = 0.

“4)
Example 3.1. Aloan approval system is single-axis discrim-
inatory if it shows systematically different outcomes based
solely on gender or race. This form of discrimination aligns
with many legal frameworks, which protect individuals or
groups from discrimination based on single protected at-
tribute. The work of Roy, Horstmann, and Ntoutsi (2023) de-
scribes this form of discrimination as mono-discrimination.

Definition 3 (Multiple discrimination). Multiple discrim-
ination occurs when multiple sensitive attributes indepen-
dently contribute to the outcome, such that their combined
effect is additive and separable, and no interaction effects
are present. Formally:

Ap, #0 and Ay, #0, and Ay, =0. (5



Example 3.2. Consider a loan application where an indi-
vidual is denied based on two sensitive attributes, i.e re-
ligion and gender. In this case, the discrimination associ-
ated with each attribute could independently contribute to
the outcome, with their effects simply adding up.

Definition 4 (Intersectional discrimination). Intersectional
discrimination occurs when the outcome is influenced by the
interaction of two or more sensitive attributes, resulting in a
non-additive form of discrimination. Intersectional discrim-
ination indicates a non-additive influence of GG and R on the
decision, which cannot be merely separated. Formally, we
define:

Aporn 70 and Ay, =0 and Ay, =0 6)

Example 3.3. Weichselbaumer (2020) found that Turkish
women were significantly less likely to be invited for an in-
terview compared to women with German-sounding names.
The discrimination was even more likely for Turkish women
who wore a headscarf. Thus, suggesting that neither ethnic-
ity nor religion separately explained discrimination, but in-
stead the inseparable interaction of the two.

Definition 5 (Compounded discrimination). Compounded
discrimination occurs when both multiple and intersectional
discrimination are present. That is, the sensitive attributes
influence the outcome independently and jointly. Formally:

A, #0, ™

Example 3.4. Compounded discrimination represents the si-
multaneous presence of both multiple and intersectional dis-
crimination. For example, an individual may face disadvan-
tages due to both their gender and race independently, while
also experiencing additional harm arising from the unique
combination of these attributes.

and Ay, #0, and Ay, #0.

Clarifying the distinction between multiple and inter-
sectional discrimination. Multiple and intersectional dis-
crimination are often conflated, as they typically involve the
same sensitive attributes, such as race and gender. However,
the key difference lies in the discriminatory contribution of
each sensitive attribute. In multiple discrimination, each at-
tribute negatively affects the outcome independently. For ex-
ample, someone may face bias both because of their race and
because of their gender, but each source of bias can be iden-
tified on its own. This makes it possible to raise legal com-
plaints based on each attribute separately. In contrast, inter-
sectional discrimination, the sensitive attributes are insepa-
rable, thus creating a unique type of discrimination. More-
over, intersectional discrimination can occur without multi-
ple discrimination. A clear example of this case is the Parris
v. Trinity College Dublin and Others' , where age and sexual
orientation interactively produced a unique form of discrim-
ination that neither sensitive attribute on its own would have
caused. In addition, a number of legal laws do not recognise
intersectionality as a form of discrimination that needs to be
considered (Xenidis 2018; Center for Intersectional Justice
[CIJ] 2019; Makkonen 2002).

"Parris lawsuit https://shorturl.at/FGiK8
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Clarifying the distinction between intersectional and
compounded discrimination. Intersectional and com-
pounded discrimination may also appear similar, as both in-
volve interaction effects. However, intersectional discrimi-
nation assumes neither sensitive attribute independently in-
fluences the outcome, and the discrimination arises solely
from the interaction. On the other hand, compounded dis-
crimination occurs from the independent effect on the out-
come in addition to their interaction. Our interpretation
of intersectional discrimination aligns with the framing
of Crenshaw (2013); German Federal Anti-Discrimination
Agency (2024), which defines it as a specific interaction
whose effects cannot be disentangled. We also acknowl-
edge the theoretical possibility of cases where single-axis
discrimination occurs with intersectional discrimination. In
such cases, we treat them as a special instance of com-
pounded discrimination.

4 Synthetic Dataset Design Process

Having formalised the different types of discrimination in
Section 3, we now describe the synthetic dataset generation
process used to simulate discrimination scenarios in a con-
trolled manner. This controlled setting allows for a system-
atic analysis of intersectional fairness metrics under known
sources of discrimination. However, this might be difficult to
achieve with real-world data due to the unknown sources of
bias. We define a binary decision outcome Y as a non-linear
function of covariates X and sensitive attributes G (e.g.,
gender) and R (e.g., race). These attributes act as sources
of potential discrimination. Formally, we express this as:

Ply=11X,G,R) = o f(X) +my(v,G) + mn(vn R)+

Mar (V4 (G % R))) (®)

where:
* o(-) is a non-linear activation function (e.g., sigmoid),
* f(X) captures the influence of covariates X,

* mg, m,, and mg, represent transformation functions
over each sensitive input or their interaction,

* Vg, Vp, and vy, are scalar coefficients that control the
overall influence of the individual and interaction effects
of GG and R on the decision outcome Y.

This formulation allows us to vary the values of vy, v,., and
Vgr, thereby enabling explicit control over whether the de-
cision outcome is influenced by individual effects (from G
or R alone), additive effects (from both G and R indepen-
dently), or interaction effects (from the combination G x R).
This controlled setup serves as the foundation for the formal
definitions of multidimensional discrimination that follow.

Feature design and structural dependencies. We model
a loan approval setting involving two binary sensitive at-
tributes Gender and Race, including three non-sensitive fea-
tures, thus Education, Income, and Savings. The outcome
variable y; € {0,1} indicates whether an individual is
granted a loan or not. The structural dependencies between



variables are motivated by plausible socioeconomic relation-
ships. Specifically:

 Education (E) may be influenced by sensitive attributes
such as gender and race, capturing the impact of systemic
inequality in access to educational opportunities.

* Income (I) is modelled as a function of both education
and sensitive attributes, which reflects that labour market
outcomes are affected by qualifications as well as sensi-
tive attributes (Kochhar 2023).

* Savings (S) are assumed to depend on income, as higher
income generally enables greater saving capacity.

* Loan Amount (L) is influenced by both income and sav-
ings. Intuitively, individuals with higher income or sav-
ings might request smaller loan amounts.

* Loan Duration (D) depends on the loan amount (larger
loans may require longer repayment periods) and in-
versely on income (higher income may allow quicker re-
payment).

Encoding discrimination types. We build on the causal
framework proposed by Majumdar et al. (2025), which mod-
els a loan approval setting involving binary sensitive at-
tributes. Leveraging this structure, we generate five synthetic
datasets, each designed to reflect a distinct type of discrimi-
nation as defined in Section 3.2. These include single, mul-
tiple, intersectional, and compounded discrimination. Each
dataset encodes a specific source of bias, allowing us to em-
bed ground truth discrimination directly into the data. This
controlled setup enables a systematic assessment of whether
existing intersectional fairness metrics can accurately detect
non-additive, intersectional discrimination. These datasets
serve as the foundation for our empirical evaluation in Sec-
tion 5. The five distinct dataset discrimination scenarios in-
clude:

* No bias dataset. The outcome Y is fully independent of
the sensitive attributes GG and R, with discrimination pa-
rameters set to zero vy = v, = vy = 0. This implies
that no marginal effect of the sensitive attribute on the
outcome:

AAG = A»AR = AAGR =0. 9

This dataset serves as a baseline to evaluate whether in-
tersectional fairness metrics remain calibrated in the ab-
sence of any bias.

e Single-axis bias dataset. In this setting, the outcome Y
is influenced by only one sensitive attribute (either G or
R), but not both. We simulate this by setting the value of
vy > 0, and v, = vy = 0. This way of generating the
data allows us to mimic discrimination resulting from a
single-axis discrimination following Definition 2.

* Multiple bias dataset. This reflects Definition 3, where
both G and R independently influence Y through ad-
ditive marginal effects, but without any interaction. We
simulate this setting by setting the values of v, > 0, v, >
0 and v, = 0.

Dataset Parameters (vg, VR, VGR)
No Bias {0.00, 0.00, 0.00}
Single-Axis {2.00, 0.00, 0.00}
Additive {0.85, 0.90, 0.00}
Intersectional {0.00, 0.00, 2.00}
Compounded {1.00, 0.90, 1.18}

Table 1: Discrimination parameters v for each dataset.
Values represent coefficients for (v, Vg, vgr) which con-
trols the effect of discrimination in the outcome Y.

e Intersectional bias dataset. This dataset scenario cap-
tures the form of non-additive discrimination defined in
Definition 4. The outcome is influenced only by the in-
teraction between GG x R, while there are no additive ef-
fects of G and R. Here, we set the value of v, > 0 and
vy = v, = 0.

* Compounded Bias Dataset. This scenario reflects both
additive and intersectional discrimination, as described in
Definition 5. The interaction term G X R has a significant
marginal effect on Y in addition to the additive effects of
G and R. We simulate this setting by setting the values
of vy > 0,7, > 0and vy > 0.

Each dataset contains 10,000 samples drawn once using a
fixed random seed to ensure reproducibility. Table 1 pro-
vides the exact values of vy, v, vy, for each discrimination
scenario. Additional generation parameters are provided in
Table 3 and the full functional forms are detailed in Equa-
tion 10 and code available at https://tinyurl.com/4s53zmwS5.

Root nodes:

fa:G=Ug, Ug ~ Bernoulli(0.5),

fr: R=Ug, Ug ~ Bernoulli(0.5),

Covariates:

E=-05+Ag(06G +0rR+ 0cr(G x R)) + Ug,
Ug ~ N(0,0.25),

I=—4+43E+ X\ (BcG+ BrR+ Bar(G x R)) + Uy,
Ur ~ N(0,4),

S=—-4+4+151{I >0}1+Us, Us~N(0,5),

L=1-pI-8sS +Ar(pcG+prR+ pcr(G x R))
+ UL, UL ~N(0,10), B € {0,0.03},
D=—-1-8/I+L+ )\D(KgG—i— /iRR—i—HGR(G X R))
+Up,Up NN(O,Q),

Outcome:

Y = 1{15 +a[6(~L—D)+0.3(I+ S+ alS)]

> 0.5+ (1= Ay (oG + vg R + var(G x R))) }
(10)



Legal and social relevance. Our study uses synthetic
datasets, hence allowing us to have full control and em-
pirically investigate intersectional fairness metrics. The de-
sign of these datasets is grounded in understanding real-
world challenges related to multidimensional discrimi-
nation. These dataset generation scenarios are not only
methodologically distinct but also map directly onto known
limitations and concerns in legal and policy contexts. Cur-
rent legal frameworks, such as those in the EU and the US,
often do not explicitly accommodate intersectional claims
unless they can be decomposed into additive effects (Cren-
shaw 2013; Xenidis 2018; Center for Intersectional Justice
[CIJ] 2019; Kupupika 2021). As a result, people who face
discrimination only at the intersection of identities (e.g.,
Black women, Muslim women wearing headscarves) can
often be exempted from legal recourse. This highlights the
need to have metrics that can effectively decompose over-
all discrimination into multiple and intersectional forms.
Achieving this would inform effective policy interventions
but also provide clear tools to address sources of structural
discrimination.

4.1 Metrics of Intersectional Fairness

In response to increasing attention to intersectional discrim-
ination, a number of metrics have been proposed to quan-
titatively measure intersectional discrimination. We include
a summary of these metrics in Table 2. While these metrics
can capture disparities across subgroups, we argue that they
fall short of isolating the non-additive effects that define in-
tersectionality in legal and social theory. Specifically, most
metrics quantify group-level disparities without addressing
the structural, interaction-based discrimination which is at
the core of intersectionality. In this section, we summarise
the key metrics considered in our analyses following a tax-
onomy proposed by Gohar and Cheng (2023).

Minimax approaches. The minimax is based on Rawls
(2001) principles of distributive justice with the overall goal
of the welfare of the worst performing group (Rigobon 2023;
Martinez, Bertran, and Sapiro 2020; Diana et al. 2021; Mar-
tinez et al. 2021). Ghosh, Genuit, and Reagan (2021) ex-
tends the concept of minimax to accommodate subgroups
by considering a possible permutation of subgroups and
estimating the ratio of the maximum and minimum from
the list of subgroups. An estimated ratio greater than 0
indicates greater disparities between subgroups. The fair-
ness metrics considered under this approach include demo-
graphic (dis)parity (Dwork et al. 2012), equality of opportu-
nity (Hardt, Price, and Srebro 2016) and group benefit (Gart-
ner 2020). We provide additional definitions for each inter-
sectional metric in the appendix on github?, and refer in-
terested readers to comprehensive overviews of fairness no-
tions in Mehrabi et al. (2021); Pessach and Shmueli (2022).

Differential fairness approaches. Differential fairness
approaches are inspired by legal standards such as the 80%
rule established in the U.S. Commission (1970) Code of

2Github code: https://tinyurl.com/4s53zmw5
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Federal Regulations. Under this anti-discrimination guide-
line, a decision is considered potentially biased if the ratio
of favourable outcomes between a disadvantaged group and
an advantaged group is less than 80%. Foulds et al. (2020)
extend this notion to an intersectional discrimination set-
ting, aiming to protect individuals who belong to the inter-
section of multiple sensitive attributes. Rather than relying
on a fixed threshold (e.g., 80%, Foulds et al. (2020) adopt
a sliding-scale approach similar to differential privacy, pa-
rameterised by a tunable threshold €. Building on this, Mo-
rina et al. (2019) generalises the differential fairness frame-
work to encompass standard fairness notions such as demo-
graphic parity, true positive rate parity, etc. In practice, dif-
ferential fairness measures the ratio of outcome probabilities
between any pair of subgroups, with lower values of ¢ indi-
cating greater fairness and € > 1 typically reflecting higher
disparity. While these approaches are theoretically grounded
and applicable across different prediction tasks, they primar-
ily capture disparities between subgroup outcomes. As such,
they may overlook the specific interaction effects that define
intersectional discrimination in legal and social theory.

Subgroup-based approaches. Subgroup fairness was
proposed by Kearns et al. (2018) as a constraint for learning
arich collection of exponentially many subgroups. However,
it can also serve as a measuring metric to detect calibration
disparities across subgroups. While useful for ensuring pre-
dictive consistency, they may not reflect structural disadvan-
tage or detect intersectional effects. In particular, this ap-
proach considers individual protected attributes into differ-
ent subgroups and ensures fairness within these subgroups.

5 Empirical Analysis of Intersectional
Fairness Metrics

In this section, we empirically analyze how well intersec-
tional fairness metrics align with legal and social theories of
intersectionality. For simplicity, we used two binary sensi-
tive attributes, thus Gender(G) € {Male : 0, Female : 1}
and Race(R) € {White : 0, Black : 1}, whereas the de-
cision outcome Y can take values {Good : 1, Bad : 0}.
We define a protected group as a subgroup at a disadvan-
tage. For example, in a hiring scenario, we identify individ-
uals who belong to the subgroup of {Female, Black} as
the protected group. Building on our controlled datasets in-
troduced in Section 4, we structure our analysis around a set
of research questions (RQ). Additionally, in presenting all
the figures, we apply minimax scaling to standardize the in-
tersectional metrics values for comparability across datasets.
Ideally, standardising the metrics within the datasets would
have been preferred. However, this is not feasible here, as
each metric returns a single value per dataset. Instead, we
scale all values to the 0 and 1 range across datasets. Further
details on the min-max scaling procedure are provided on
the GitHub repository of the project.

5.1 RQ1: Do Intersectional Fairness Metrics
Detect Bias When It Is Not Present?

We begin our empirical analyses with the no-bias dataset,
which serves as our baseline where the outcome is inde-



Approaches Metric Definition Applies
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=1 =1A )
Equality of opportunity — mlnP(g{ |y =1 A€ 5ga,) Classifier
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Group benefit _ minP(g | A € 59a,) Classifier
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Subgroup-based

Approaches Subgroup unfairness

[Ply=1)—Ply=1] A€ sga,)| - P(A € sg,,) <y Data

Table 2: Summary of intersectional fairness metrics. Metrics are organized by approach, with definitions and an indication
of whether they are applicable to the decision outcome Y, or the classifier predictions Y. Some metrics require access to both
the classifier predictions and ground truth labels. Smoothed e-differential unfairness and slift are conceptually similar, but we
apply the former to the classifier predictions and the latter to the decision outcome Y.

pendent of the sensitive attributes. This allows us to analyze
whether metrics designed for intersectionality falsely detect
discrimination when discrimination is absent. A metric de-
tecting discrimination when not present could lead to false
conclusions and undermine its trust in auditing or policy in-
terventions. To explore this, we use four of the intersectional
metrics i.e demographic disparity, elift, slift and subgroup
metrics), which have been designed to be used in detect-
ing discrimination on the decision outcome. Ideally, metrics
should return low or zero values when discrimination is not
present. As shown in Figure 1, all metrics correctly report
values near zero after min-max normalization. This indicates
that these metrics are well calibrated to avoid bias detection
when no disparities exist.

% All selected four intersectional metrics return near-
zero values on the no-bias dataset. This confirms these
metrics do not falsely measure discrimination when it is
absent.

5.2 RQ2: Do Metrics Respond Differently to
Multiple vs. Intersectional Bias?

A central goal of this empirical analysis is to examine
whether intersectional fairness metrics are sensitive to the
distinction between multiple and intersectional discrimina-
tion. As explained in Section 4, multiple discrimination
arises from the additive effects of individual attributes, while
intersectional discrimination emerges from their interaction,
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Figure 1: Evaluation of intersectional fairness metrics.
Normalized values of intersectional fairness metrics (using
min-max scaling) across different discrimination scenarios
in the synthetic datasets.

producing a unique and inseparable form of discrimina-
tion. Figure 1, reveals a clear trend where metrics report
higher values for multiple bias datasets than for the in-
tersectional bias dataset, despite both encoding meaning-
ful discrimination. In particular, we observe a chronologi-
cal increase in discrimination as we move from Single >
intersectional > Multiple > Compounded dataset. This
difference suggests that most of these metrics are sensitive
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Figure 2: Sensitivity of interactions in the intersectional-
ity Data. All metrics show an increase in discrimination as
interaction increases.

to additive disparities than to non-additive, intersectional
effects. This discrepancy reveals a key limitation that cur-
rent metrics largely treat intersectional fairness as an em-
pirical disparity problem rather than a structural one. That
is, they measure observable outcome gaps between groups,
but not whether those gaps arise from independent attribute
effects or from their interaction. This aligns with critiques
from intersectionality scholars who argue that merely dis-
aggregating by group overlooks the compounded and inter-
locking nature of discrimination at the intersection of iden-
tities (Crenshaw 2013; Xenidis 2018; Center for Intersec-
tional Justice [C1J] 2019). In particular, this pattern persists
even in metrics inspired by legal notions of fairness, such as
slift and elift (Morina et al. 2019; Foulds et al. 2020). Al-
though designed to protect intersectional subgroups, these
metrics depend on comparing ratios of positive outcomes
and are not explicitly designed to separate additive from
non-additive effects. As a result, intersectional discrimina-
tion may be underestimated or even missed entirely in fair-
ness audits.

% Intersectional fairness metrics are more sensitive to
additive than to non-additive discrimination, suggesting
a misalignment with intersectionality’s emphasis on non-
additive, structurally embedded discrimination.

5.3 RQ3: Do Metrics Respond Differently to
Intersectional vs. Compounded Bias?

This question helps us reflect on the real-world cases where
individuals may experience both independent and interlock-
ing disadvantages. For example, Black women may face dis-
crimination in hiring not only for being Black or for being
women, but also from the compounded effect of both iden-
tities. As shown in Figure 1, all metrics report their high-
est values under the compounded bias scenario. This aligns
with the dataset design, where both v, Vg, and vggr are
non-zero, producing both additive and interactional dispar-
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Figure 3: Sensitivity of multiple discrimination dataset.
By varying the strength of additive discrimination, metrics
show a steady increase as the discrimination strength in-
creases.

ities. However, this also raises a challenge, where it is un-
clear whether these metrics respond primarily to the additive
terms, the interaction term, or both. In fairness auditing, par-
ticularly those aimed at identifying structurally embedded
discrimination metrics that cannot disentangle additive from
non-additive contributions, may overestimate fairness when
only intersectional bias is present, or underestimate struc-
tural risk when additive components dominate. This high-
lights the need for metrics that not only quantify disparity
but also identify its source.

% While metrics respond strongly to compounded bias,
they conflate additive and intersectional effects. This
limits their ability to isolate intersectional discrimination
and risk misguided policy interventions.

5.4 RQ4: Do Intersectional Fairness Metrics
Increase With Stronger Interaction Effects?

To assess whether existing metrics are responsive to inter-
sectional discrimination, we conduct two sensitivity analy-
ses. First, in the multiple bias dataset, we vary the strength
of the discrimination from the two independent sensitive at-
tributes while keeping their interaction as vgr = 0. Second,
in a dataset with only intersectional discrimination, we vary
the strength of the interaction term vgp while holding the
additive terms at zero. Figure 2 and Figure 3 show the results
for sensitivity for intersectional and multiple bias settings,
respectively. Here, we observe a similar trend for the differ-
ent metrics in both cases. For example, all metrics show a
steady increase as the strength of discrimination increases.
This indicates that current metrics are responsive to general
outcome disparities regardless of whether those arise from
additive or interactional sources. However, this observed in-
crease does not imply that the metrics distinguish between
additive and non-additive discrimination. Rather, they con-
flate the two, as the same metric score can result from fun-



Parameter | Value | Description

Sample size 10,000 | Number of generated samples
Random seed 42 For reproducibility

Gender prob. 0.5 Probability of gender

Race prob. 0.5 Probability of race

Bs 0.6 Savings effect on loan (L)

Br 0.8 Income effect on L and D

o1 0.10 Bias scaling in outcome (Y")
1) 0.45 Treatment weight in Y’

7 2.0 Noise std. in Y

Table 3: Parameter settings for synthetic dataset generation.
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Figure 4: Evaluation of intersectional metrics on trained
classifier. Intersectional metrics produce higher discrimina-
tion values when additive discrimination is present.

damentally different underlying forms of bias.

% Intersectional fairness metrics increase with both ad-
ditive and interaction strength, indicating that they cap-
ture disparities without distinguishing their structural
origin.

5.5 RQS5: Do Trained Classifiers Amplify or
Preserve Bias Captured by Intersectional
Fairness Metrics?

While the previous RQs focused on measuring discrimi-
nation in the observed data, typically, we are interested in
learning models that can help us automate the decision-
making processes. Therefore, it is critical to assess whether
trained classifiers preserve, amplify, or reduce the biases
captured by intersectional fairness metrics. To investigate
this, we trained a logistic regression classifier using 75% of
each dataset for training and then tested on the remaining
25%. As shown in Table 4, the model achieves strong pre-
dictive performance across all datasets, confirming that any
disparities observed in predictions are not due to poor model
fit. We used eight different intersectional fairness metrics,
which allow us to estimate discrimination in the classifier
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predictions. Figure 4 presents these results across the differ-
ent dataset scenarios discussed in Section 4. Notably, some
metrics, such as demographic disparity and FPR Disparity,
report non-zero discrimination even in the no-bias dataset,
suggesting potential false positives. Moreover, in the mul-
tiple and compounded bias scenarios, most discrimination
scores yield higher scores than in the original data. These
results indicate that the classifier amplifies the underlying
discrimination. These findings reveal that even when trained
on data with modest or no apparent bias, classifiers can learn
and propagate patterns of disparity, particularly when the
bias arises from additive effects.

% Classifiers can amplify bias even when trained on min-
imally biased data. Fairness metrics applied to predic-
tions often show stronger disparities, underscoring the
need for post-training fairness evaluation.

6 Discussion

Our findings provide new insights into the measurement
of intersectional fairness. In this section, we reflect on the
implications of our analysis for fairness auditing, highlight
current limitations, and suggest directions for future re-
search.

Implications for fairness auditing. Our analysis empir-
ically confirms what intersectionality theorists have long
argued, that additive group-level disparity metrics, even
when applied across intersectional subgroups, fail to cap-
ture the non-additive structural discrimination that intersec-
tionality describes (Crenshaw 2013; Collins and Bilge 2020;
Xenidis 2018). The inability of current metrics to distin-
guish between multiple discrimination (additive) and inter-
sectional discrimination (intersectional) raises an important
concern for fairness auditing. Fairness audits that rely on
these metrics may systematically underestimate harm for the
most structurally marginalised groups, especially in settings
where discrimination arises only at the intersection of at-
tributes (Andrews, Shah, and Cheng 2023; Alvarez and Rug-
gieri 2025). This calls for caution when fairness practition-
ers report fairness metrics for intersectional groups. Report-
ing subgroup disparities without considering the source of
the disparities risks misdiagnosing discrimination and mis-
guided policy mitigation efforts.

What should intersectional fairness measure. Our work
provides a formal taxonomy of multidimensional discrim-
ination, defining single-axis, multiple, intersectional, and
compounded discrimination in a way that enables precise
measurement. In doing so, we raise a fundamental con-
ceptual question: what should intersectional fairness met-
rics actually aim to capture? A common point of confu-
sion is whether multiple and compounded discrimination
are merely special cases of intersectional discrimination.
Legally and theoretically, however, clear distinctions have
been established (Makkonen 2002; Crenshaw 2013; Xenidis
2018). Our formalization in Section 3.2 aims to reinforce
these distinctions: multiple discrimination reflects separa-



ble, additive effects of individual attributes, while intersec-
tional discrimination captures non-additive discrimination
that emerges only at the intersection of sensitive attributes.
This distinction then leads to a deeper normative challenge:
should intersectional fairness metrics aim to detect subgroup
disparities more broadly, or should they specifically isolate
the structural discrimination that arises from interactions
between sensitive attributes? Most existing metrics equate
intersectional fairness with subgroup parity (Morina et al.
2019; Kong 2022; Gohar and Cheng 2023). In doing so, they
implicitly treat intersectionality as a general measure of dis-
parity. However, this framing diverges from legal and social
understandings, which emphasize that overlapping systems
of oppression produce qualitatively distinct experiences of
discrimination (Crenshaw 2013). For example, the German
Federal Anti-Discrimination Agency defines intersectional
discrimination as the “specific interaction or overlapping of
different characteristics of discrimination. .. [that] cannot be
separated anymore” (German Federal Anti-Discrimination
Agency 2024). Such definitions highlight a deeper structural
account of harm that cannot be captured by simple disaggre-
gation or additive modeling. We argue that future work must
go beyond measuring disparities and instead focus on de-
composing them. The ability to distinguish between additive
and non-additive discrimination is not merely a technical re-
finement it carries significant legal and policy implications.

Toward causal decomposition approaches. One key obser-
vation from our study is that almost all current intersec-
tional metrics are disparity-based and lack a causal ground-
ing. This aligns with recent calls to bridge the gap between
observational fairness metrics and structural causal reason-
ing (Barocas and Selbst 2016; Corbett-Davies et al. 2023;
Kusner et al. 2017). Our results suggest that causal decom-
position methods that are designed to separate direct, in-
direct, and interaction effects between attributes and out-
comes could offer a more faithful measurement of intersec-
tional discrimination (Kusner et al. 2017; Chiappa 2019). By
explicitly modelling how sensitive attributes interact to in-
fluence decisions, causal frameworks may help address the
very misalignment we identify between legal intersectional-
ity and statistical fairness auditing. We see this as a promis-
ing direction for future work.

Limitations and scope for further research. Our experi-
ments are conducted using synthetic data with fully con-
trolled discrimination structures. While this allows for clean
identification of multiple vs. interactional effects, real-world
datasets are more complex and noisy. As such, further work
is needed to test whether these patterns generalise to high-
dimensional real-world data. Additionally, we focus on bi-
nary sensitive attributes (e.g., gender and race). Future re-
search should investigate whether our findings hold under
multi-valued or continuous sensitive attributes.

7 Conclusion
This work highlights a critical gap between the legal-social
understanding of intersectionality and its operationalisation
in machine learning fairness metrics. Our controlled exper-
iments demonstrate that existing metrics, while effective at
detecting subgroup disparities, remain largely insensitive to

1372

Dataset Accuracy F1-Score AUC
No Bias 0.946 0.941 0.987
Single Bias 0.936 0.942 0.983
Multiple Bias 0.936 0.949 0.985
Intersectional Bias 0.943 0.943 0.986
Compound Bias 0.936 0.950 0.986

Table 4: Evaluation of classifier. Performance of trained
classifier on test data (75% train, 25% test split).

s N
* Our work shows that current statistical fairness au-

diting tools are not sufficient for detecting the types of
structural harms intersectionality theory describes. We
propose causal decomposition and clearer normative def-
initions as urgent research directions to bridge this mis-
alignment.

non-additive interaction effects, which importantly defines a
characteristic of intersectional discrimination. This finding
highlights the risk of mismeasurement in fairness auditing
and raises an urgent need for more structurally aware evalu-
ation frameworks. While these metrics remain valuable, they
must be complemented with approaches capable of decom-
posing and isolating intersectional discrimination. Causal
decomposition methods present promising directions for ad-
dressing this challenge. We believe that this work prompts
the fairness community to rethink the design of intersec-
tional fairness metrics, moving beyond disparity detection
toward methods that can capture the full structural complex-
ity of discrimination. Accurately diagnosing the nature of
discrimination is essential for any mitigation strategy to be
effective.
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