
28 April 2026

Alma Mater Studiorum Università di Bologna
Archivio istituzionale della ricerca

Giuliani, L., Lombardi, M. (2025). Achieving Intersectional Algorithmic Fairness by Constructing a Maximal
Correlation Latent Space. IOS Press BV [10.3233/faia251105].

Published Version:

Achieving Intersectional Algorithmic Fairness by Constructing a Maximal Correlation Latent Space

Published:
DOI: http://doi.org/10.3233/faia251105

Terms of use:

(Article begins on next page)

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website.

Availability:
This version is available at: https://hdl.handle.net/11585/1056250 since: 2026-03-28

This is the submitted version (pre peer-review, preprint) of the following publication:

This item was downloaded from IRIS Università di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

http://doi.org/10.3233/faia251105
https://hdl.handle.net/11585/1056250


Achieving Intersectional Algorithmic Fairness By
Constructing A Maximal Correlation Latent Space

Luca Giuliania,* and Michele Lombardia

aUniversity of Bologna, Department of Computer Science and Engineering (DISI)

Abstract. Recent developments in algorithmic fairness started to
investigate the interaction between multiple sensitive information
through an intersectional perspective. We introduce a new defini-
tion of intersectional fairness based on a multivariate extension of
the Generalized Disparate Impact (GeDI). Our approach leverages
a neural network to transform multiple protected groups into a uni-
variate latent space that maximizes correlation with the target, effec-
tively capturing unfairness across all potential subgroups even with
limited data samples. Empirical evaluations on several benchmarks
demonstrate that our method can be effectively used as a loss regu-
larizer during neural network training, offering stronger performance
guarantees compared to existing intersectional statistical parity defi-
nitions while also allowing to manage continuous inputs and targets.

1 Introduction
The influence of Machine Learning (ML) and Artificial Intelligence
(AI) on society has risen significantly in recent years. As data-driven
technologies become more prominent, concerns about their behav-
ior arise, followed by technical guidelines [18] and legislative ac-
tions [25]. In such documents, a major emphasis is reserved to the
trustworthiness of these systems, among which discrimination pre-
vention is one of the key points. Public opinion awareness about
racial and gender biases in AI-based support decision systems was
first raised by the ProPublica study of the COMPAS criminal justice
software [2], but many other examples can be found in hiring [9],
education [21], and healthcare [33].

Analyzing algorithmic fairness is a complex task, with traditional
methods like “fairness through unawareness” proven ineffective [8].
Yet, several strategies and fairness indicators have been developed
in the past decade to align Machine Learning models with fairness
principles, preventing discrimination against minorities [27]. Most
early statistical fairness research focused on a single “protected at-
tribute”, e.g., race or gender. This setting, called independent group
fairness [35], is strongly limited with respect to intersectional group
fairness, a framework based on Crenshaw’s theory of intersectional-
ity [6] which aims to address stratified forms of unfairness across
marginalized subgroups by taking into accounts the joint effects
of multiple protected attributes at the same time. Buolamwini and
Gebru [5] were the first to show that such kind of biases are already
present in AI-based systems, revealing that the three main face recog-
nition software available on the market reported strong accuracy gaps
between white males, white females, black males, and black females
– who were in fact the most underrepresented and discriminated sub-
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group. Nonetheless, building intersectionally-fair predictors poses
many technical challenges, such as determining the appropriate gran-
ularity that could correctly safeguard even the sub-communities that
are underrepresented in the training dataset [15].

1.1 Motivation

All the existing body of research on intersectional algorithmic fair-
ness currently resorts to brute force enumeration techniques to
quantify the opportunity gap between privileged and marginalized
groups [35]. For example, in their seminal work [20], Kearns et al.
introduce the notion of Subgroup Fairness, a concept that extends
the definition of group fairness by accounting for intersectional, in-
dependent, and other identifiable subgroups delineated by multiple
protected attributes. The intention behind this is to prevent what the
authors call “Fairness Gerrymandering”, i.e., the practice of correctly
applying fairness to each individual group while dramatically violat-
ing such requirement on certain structured subgroups. Through this
approach, statistical and individual fairness can be arbitrarily inte-
grated, thereby combining evaluations in between personal identities
and social categories defined across overlapping (sub-)communities.

Nonetheless, such enumeration-based strategy encounters a ma-
jor statistical and computational barrier, since the inclusion of a vast
quantity of subgroups may restrict the count of non-empty subsets,
particularly in situations where limited data is available. In order to
address this, Kearns et al. employ a parameter that allows to disre-
gard a group if its representation share within the dataset is mini-
mal, hence controlling the portion of the population that is allowed
to be overlooked. This poses a significant issue, particularly consid-
ering that social communities with minimal representation are often
the most marginalized and discriminated ones. On the contrary, [12]
discards this bias-inducing parameter and equally weights discrim-
ination across all identifiable subgroups in their Differentiable Fair-
ness indicator, showing how this allows for the prevention of fairness
gerrymandering effects directly from the intersectional level, hence
reducing the number of subsets that need to be considered. Despite
this improvement, Differential Fairness still relies on enumeration,
tying it to non-empty subgroups only – albeit in a much more coarse-
grained scale. Similar challenges are noted in [17] and [35], which
base their fairness criteria on Equalized Odds rather than Statistical
Parity, revealing that the application of subgroup fairness measures
is currently limited to computationally-identifiable subgroups.

As discussed in [23], this behavior inadvertently risks the enforce-
ment of a restrictive boundary on subgroups evaluation which would
fail to protect minorities that do not fit these criteria, hence perpetuat-
ing the same fairness gerrymandering that they aim to resolve. There-



fore, motivated by this recognized issue, we propose a novel intersec-
tional fairness indicator that does not rely on enumeration. Instead,
intercepting the advancements from another branch of algorithmic
fairness focused on handling continuous protected attributes rather
than categorical ones [14, 16, 19, 22, 26], we assess (un)fairness by
mapping the protected input features into a univariate latent space
that maximizes its correlation with the output target. To the best of
our knowledge, this is the first proposal of an intersectional method
that is based on function approximation, enabling us to avoid enu-
meration issues thanks to interpolation and extrapolation abilities.

1.2 Contribution

We introduce a new definition of intersectional fairness based on a
multivariate extension of the Generalized Disparate Impact (GeDI)
indicator, which we previously introduced in [14]. To address the
challenge of managing multiple input variables simultaneously, we
adapt the semantics of our original indicator and implement a com-
putational procedure inspired by [16]. In fact, our mapping function
is a neural network trained to maximize the correlation, measured
in terms of disparate impact, between the latent space projection and
the target vector. This approach allows to achieve two key objectives:

1. it enhances the handling of underrepresented social communities
by aggregating information from similar subgroups thanks to an
approximation function, which improves constraint satisfaction in
both train and test data;

2. it inherently deals with continuous protected attributes like age or
income, as well as multi-class or continuous targets, which are
currently intractable with any existing indicators.

We underline that our use of the term “intersectionality” strictly
concerns its statistical implications. In that, we align with the limita-
tions highlighted by [7] and [34], remarking that our contribution re-
stricts to the subject of fairness measurement and enforcement, with
no direct claims on how automated intersectional discrimination is
affecting and will affect both individuals and society as a whole.
We are aware that fairness is not a merely technical concept, and on
the contrary it encompasses legal, economical, philosophical, and so-
ciopolitical aspects, making any quantitative analysis, particularly in
the intersectional domain, intrinsically limited in scope as it can only
evaluate the impacts of systemic oppression without fully compre-
hending its underlying causes [3, 23]. Nevertheless, we chose to re-
tain the term “intersectionality” not only due to its increasing preva-
lence in the literature, but also for its capacity to incentivize a deeper
reflection on the effects of machine-based discrimination through the
academically and culturally relevant works on the subject.

The rest of the paper is structured as follows. Section 2 surveys
the state of the art concerning algorithmic fairness, with an emphasis
on intersectional fairness and fairness involving continuous protected
attributes. In Section 3, we explore the technicalities of our proposed
indicator and its implementation, demonstrating that it maintains sig-
nificant theoretical guarantees regarding its generalization abilities.
Section 4 presents the outcomes of two experiments, where we em-
pirically assess the validity of such properties across four benchmark
datasets for fair machine learning, and also prove that our metric
enhances constraint satisfaction compared to alternative definitions.
Lastly, our concluding remarks are outlined in Section 5.

2 Background and State of the Art
Long before the rise of automated systems, human decision-makers
were already engaging in discriminatory practices especially in sec-

tors like insurance and banking. A prominent example of that is
“redlining” [24], which consists in the denial of a service to marginal-
ized communities based on their residential areas, but there exist
also other forms of indirect discrimination, such as “discrimination
on redundant encodings”, “self-fulfilling prophecy”, and “reverse to-
kenism”. As highlighted in [8], the mere omission of the protected
attributes from the training data – also defined as “fairness through
unawareness” – is ineffective in preventing automated discrimina-
tion, as machine learning models often learn and perpetuate existing
biases using proxy attributes that are closely correlated with the pro-
tected ones. Consequently, several indicators have been devised to
assess the impact of decisions on protected groups, a concept legally
referred to as disparate impact [10]. This term gained prominence in
the U.S. legal system following the Griggs v. Duke Power Co. case1,
where a company was accused of systematic rejection of black can-
didates based on the results of intelligence tests and the absence of a
high school diploma.

2.1 Independent Group Fairness

Given a classifier C, disparate impact is mathematically translated as
the degree of statistical independence between the protected attribute
x and the predicted outcome ŷ = C(x). Early fairness measures
like Demographic Parity (DP) focus on binary protected attributes
x ∈ {m, p} and binary predictions ŷ ∈ {+,−}, respectively repre-
senting the division between marginalized and privileged communi-
ties, and between positive and negative outcomes. Unfairness is then
quantified as the opportunity gap between the two groups, i.e.:

DP(x, ŷ) = P (ŷ = + | x = p)− P (ŷ = + | x = m) (1)

where the probability P is empirically estimated as the ratio of the
positive labels in each group. A notable extension for multi-class in-
puts and continuous outputs is proposed in [1], where the authors
define the Disparate Impact Discrimination Index (DIDI) as the sum
of the opportunity gap over each protected group with respect to the
total average. Said G the set of protected groups and E the expecta-
tion over the continuous target distribution, we have:

DIDI(x, ŷ) =
∑
g∈G

|E[ŷ | x = g]− E[ŷ]| (2)

While DP and DIDI focus on the correlation between the predic-
tions ŷ and the protected attribute x, other measures such as Equal-
ized Odds (EO) also take into account the ground truth vector y,
aimed at measuring the degree of conditional independence between
ŷ and x with respect to y:

EO(x, y, ŷ) =P (ŷ = + | y = +, x = p)−
P (ŷ = + | y = +, x = m)

(3)

In practice, EO assesses fairness based on the gap in predictive ac-
curacy rather than the gap in the outcome itself; for this reason, it
contrasts with the legal and philosophical definition of disparate im-
pact and aligns instead with the principle of infra-marginality. [32]
defines infra-marginality as a perspective for which the differences
between privileged and marginalized groups outcomes is consequen-
tial to an inherent “merit” or “risk” attribute tied to their individuals,
hence any mismatch in predicted results should not be considered
unfair unless related to a prediction error; on the contrary, intersec-
tional feminists and activists stress that such differences are the con-
sequences of systematic oppression of unprivileged groups across

1 https://supreme.justia.com/cases/federal/us/401/424/



multiple discrimination forms such as sexism, racism, ableism, clas-
sism, homo/bi/transphobia, etc. Practically, while infra-marginality
principles assume society to be fair by default, intersectional theory
implies the existence of systems of oppression that limit one’s poten-
tial due to higher exposition to, e.g., poverty, discrimination, and lack
of access to education, resulting in both direct and indirect forms of
exclusion explaining the distribution mismatch. For this reason, al-
though acknowledging the relevance of Equalized Odds and similar
metrics in several tasks like face recognition [5], we will focus on
disparate impact measures for the rest of the paper as we believe that
they better suit our research objectives.

Finally, on the opposite end of group fairness there is individual
fairness, which is concerned in ensuring that similar individuals are
granted similar opportunities. Typically, individual fairness indica-
tors either use distance measures or some kind of counterfactual rea-
soning to ensure that similar outcomes are obtained within certain
distance bounds in the input space. This is often in contrast with the
objectives of group fairness, particularly if defined in terms of dis-
parate impact, therefore we will not explore the nuances of individual
fairness and refer interested readers to [4].

2.2 Fairness With Continuous Protected Attributes

All the indicators discussed above can only handle categorical pro-
tected attributes because of two main reasons: first, fairness defi-
nitions have historically been associated to social groups identified
by demographic traits such as gender, ethnicity, sexual orientation,
religious belief, and others; secondly, quantifying fairness typically
requires access to probability distributions, which are considerably
simpler to estimate for categorical variables as opposed to continu-
ous ones. Consequently, numerical features such as income or age
have been systematically excluded from fairness considerations.

Theoretically, continuous protected attributes can be managed
through discretization; however, this method struggles in practice due
to its sensitivity to bin configuration, which can be manipulated with
malicious intents. As an alternative approach, [26] firstly proposed
the adoption of the Hirschfeld–Gebelein–Rényi (HGR) Coefficient
to measure fairness with continuous attributes, using Kernel Density
Estimation to approximate necessary distributions. [16] further de-
velops on this by employing two neural networks for the estimation
of HGR, while [19] applies Kernel Density Estimation techniques di-
rectly to extend Demographic Parity to continuous attributes and [22]
uses Expectation of Integral Probability to quantify the distribution
mismatch between input and target. Lastly, in our previous work [14],
we altered the semantics of HGR to align it with the legal definition
of disparate impact, demonstrating that, for a binary protected input
and a continuous target, the DIDI can be restated as:

DIDI(x, y) =
cov(x, y)

σ(x)2
, x ∈ {0, 1}n, y ∈ Rn (4)

Following, we introduced the Generalized Disparate Impact as:

GeDI(x, y) = max
f∈R7→R

cov(f(x), y)

σ(f(x))2
, x, y ∈ Rn (5)

and complemented it with a computational method for its estimation
on finite datasets. The use of a mapping function f outlined in Equa-
tion (5) is derived from the theoretical definition of HGR [30], and
allows to extend traditional linear correlation measures to non-linear
scenarios. In this work, we adopt the same concept with the aim of
capturing non-linear joint interactions among multiple protected at-
tributes, thereby generalizing GeDI to a multivariate context.

Figure 1. Independent, intersectional, and gerrymandering groups as
defined by Yang et al. – the image is taken from their original paper [35].

2.3 Intersectional Fairness Definitions

Intersectional algorithmic fairness has only recently gained attention.
Pioneering this field, Kearns et al. introduced in [20] the concept of
Statistical Parity Subgroup Fairness (SPSF) as a way to build an in-
tersectional definition of fairness to prevent what they called “Fair-
ness Gerrymandering”. Practically, gerrymandering refers to the dif-
ferent treatment of subgroups defined not only on each protected at-
tribute X1, . . . , Xp independently, but also on each combination of
their subsets S ⊆ {X1, . . . , Xp}, as illustrated in Figure 1. Given
the respective domains Xj of each protected attribute j, a set of char-
acteristic functions gi : X1 × · · · × Xp 7→ {0, 1} is used to assign
each individual to their subgroup i; then, a classifier C is said to be
γ-fair if, for all subgroups i it holds:

α(X) · |β(X)| ≤ γ,

α(X) = P (gi(XP ) = 1)

β(X) = P (C(X) = + | gi(XP ) = 1)− P (C(X) = +)

(6)

where XP =
[
X1, . . . , Xp

]
is the matrix of protected features.

Foulds et al. claim that the α term does not fully respect intersec-
tionality definitions, and accordingly adjust the semantics of SPSF
into an Empirical Differential Fairness (EDF) definition [12]. Taking
the same classifier C, we can say that it is ϵ-differentially fair if:

e−ϵ ≤ P (C(X) = + | gi(XP ) = 1)

P (C(X) = + | gj(XP ) = 1)
≤ eϵ (7)

holds for every subgroup pair (i, j).
Both SPSF and EDF align with disparate impact by evaluating

outcome gaps rather than predictive accuracy gaps. On the contrary,
both their respective variants False Positive Subgroup Fairness and
(ϵ2 − ϵ1)-DF Bias Amplification, together with other measures like
Multi-calibration [17] and Metric-based fairness [31], extend the idea
of Equalized Odds to the intersectional scenario, thus we will not in-
clude them in our further discussion or experiments for previously
stated reasons. Moreover, we remark again that all these indicators
rely on enumeration, thus facing technical and ethical challenges due
to limited data. [15] notes that, despite inherently covering all ger-
rymandering groups, Differential Fairness [12] and Max-Min Fair-
ness [13] also struggle with data sparsity, and recommends develop-
ing probabilistic methods like [28]. We claim that our approach bal-
ances both aspects, exploiting the benefits of function approximation
without the need to construct probability distributions, a task that is
recognized as complex and unstable, especially in high dimensions.



3 Intersectional Generalized Disparate Impact
In this section, we recall the original GeDI definition from our previ-
ous work [14], and build on that by slightly modifying its semantics
to handle multivariate inputs. Differently from any other alternative
subgroup fairness definition available in the literature, our estimation
procedure inspired by [16] employs continuous function approxima-
tion rather than frequency counts, allowing both to capture unfairness
across all possible subgroups as well as handling a mixture of cate-
gorical and numeric protected features.

3.1 Multivariate GeDI Definition

Let x, y ∈ Rn denote the (univariate) protected input and the output
target vectors, respectively. Given a mapping function F : R 7→ Rk,
the Generalized Disparate Impact was originally defined as:

GeDI(x, y;F ) = max
α

cov(F (x) · α, y)
σ(F (x) · α)2 s.t. ∥α∥1 = 1 (8)

where α ∈ Rk is the mixing coefficient vector which maximizes the
correlation between the matrix F (x) and the target vector y.

Extending Equation (8) to the multivariate case entails defining a
mapping function F : Rp 7→ Rh for an input matrix XP ∈ Rn×p.
Albeit theoretically simple, such definition is practically challenging
for two main reasons. First, designing F may not be straightforward;
whereas one-hot encoding the combinatorial product of the protected
inputs is sufficient in case of categorical variables only, having at
least one numeric attribute would require accounting for joint non-
linear effects. Second, the resulting matrix F (XP ) ∈ Rn×h would
have a higher dimensionality h ≫ k with respect to the univariate
case, with negative effects on computational efficiency and increased
risk of overfitting due to a larger solution space.

Inspired by [16], we rely instead on a neural network to map the
protected matrix XP into a latent space optimizing correlation with
the target y. Therefore, we obtain:

GeDI(XP , y; f) = max
θ

cov(f(XP ; θ), y)

σ(f(XP ; θ))2
s.t.

σ(f(XP ; θ)) = 1

(9)

where f is a neural network with learnable parameters θ.
Note that we had to revise the original constraint for compatibil-

ity with our new estimation technique. Such constraint was designed
to limit the sparsity of the mapping function and prevent unbounded
results, while also maintaining the link between GeDI and the Dis-
parate Impact Discrimination Index (DIDI) introduced in [1]. Our
updated version retains these goals. Indeed, likewise [14], our indi-
cator matches the exact value

∣∣cov(x, y)/σ(x)2∣∣ of the DIDI when
fed with a binary input XP = x ∈ {0, 1}n and continuous target
y ∈ Rn; moreover, it also guarantees bounded solutions by fixing the
standard deviation of the latent vector. We underline that such con-
straint is model-agnostic, i.e., consistent across different estimation
techniques, included the one from [14]. Furthermore, it has a much
more understandable semantics, as it directly constrains the sparsity
of the mapped vector f(XP ) rather than a custom parameter like α.

Given a matrix X =
[
XP XQ

]
with protected features P and

predictive features Q, we say that a dataset D = (X, y) is γ-fair if:

GeDI(XP , y; f) ≤ γ (10)

and, similarly, a predictive model M is γ-fair if the corresponding
dataset DM = (X,M(X)) is γ-fair.

Algorithm 1 Multivariate GeDI Estimation Procedure

Require: XP ∈ Rn×p, y ∈ Rn, E ∈ N, ϵi ∈ R, f

θ ← init()
for i ∈ {1, . . . , E} do

ŷ(θ)← f(XP ; θ)

L(θ)← cov(ŷ(θ),y)
σ(ŷ(θ))

θ ← θ + ϵi · ∂L(θ)
∂θ

end for
ŷ(θ)← f(XP ; θ)

return cov(ŷ(θ),y)
σ(ŷ(θ))

3.2 Multivariate GeDI Computation

On a first sight, it may seem that solving Equation (9) needs a con-
strained learning procedure. However, simple algebraic manipulation
allows to obtain the constraint on the standard deviation for free.

Suppose to have the optimal solution θ∗ for which f(XP ; θ
∗) al-

ready satisfies the constraint. Then, there exist an infinite number of
functions f(XP ; θ) such that:

f(XP ; θ
∗) =

f(XP ; θ)− µ(f(XP ; θ))

σ(f(XP ; θ))
(11)

for which σ(f(XP ; θ
∗)) = 1 is implied by construction.

By substituting f(XP ; θ
∗) into Equation (9), we get that:

GeDI(XP , y; f) =
cov(f(XP ; θ

∗), y)

σ(f(XP ; θ∗))2
=

=
cov( f(XP ;θ)−µ(f(XP ;θ))

σ(f(XP ;θ))
, y)

σ( f(XP ;θ)−µ(f(XP ;θ))
σ(f(XP ;θ))

)2

(12)

and, since the variance and covariance operators are invariant to the
mean, we can discard these terms and move the standard deviation
terms outside, further simplifying it to:

GeDI(XP , y; f) =
σ(f(XP ; θ))

−1 · cov(f(XP ; θ), y)

σ(f(XP ; θ))−2 · σ(f(XP ; θ))2
=

=
cov(f(XP ; θ), y)

σ(f(XP ; θ))

(13)

The overall computational procedure is outlined in Algorithm 1.
We use this last formulation of GeDI to build a custom loss L for
training our neural network f via gradient ascent steps over E epochs
with (variable) learning rate ϵi. Once the optimal parameters are re-
trieved, we map the matrix XP into the projected vector f(XP ; θ)
and use it to estimate GeDI. Given that the mapping function f per-
forms differentiable operations only, we are also guaranteed that the
result retains gradient information, and can therefore be used as a
loss regularizer in predictive tasks, as demonstrated in Section 4.

3.3 Properties on Intersectional Subgroup Fairness

In [35], Yang et al. outline four levels of statistical group fairness,
of which a graphical example is provided in Figure 1. The sim-
plest, or Unrestricted Case, represents the main interest of algorith-
mic fairness papers as it only considers a single protected attribute.
Following, the Independent Groups level takes into account mul-
tiple protected attributes, although treating them independently and
therefore ignoring combined discrimination effects. In the Intersec-
tional Groups level, combined effects on joint attributes are also ex-
amined, despite overlooking possible discrimination on a subgroup



(a) Intersectional GeDI Architecture.

(b) Independent GeDI Architecture.

Figure 2. Neural architectures for GeDI mapping functions.

granularity by neglecting marginal probabilities during the compu-
tation. Finally, the most comprehensive scenario is the Gerryman-
dering Groups level, named after the term “Fairness Gerrymander-
ing” coined in [20], where the authors build an intersectionally-aware
classifier that ensures fair policies across all protected subgroups.

The original definition of Statistical Parity Subgroup Fairness
(SPSF) proposed in [20] consists in enumerating all possible (non-
empty) subgroups to assess unfairness by comparing subgroup ac-
ceptance rates to the dataset average. Although exhaustive, this
leads in practice to a super-exponential number of elements. Foulds
et al. [12] address this issue by proposing a different indicator, Em-
pirical Differential Fairness (EDF), which ensures that if a larger
set of protected values meets a statistical fairness threshold ϵ, all its
subsets do too. In principle, EDF reduces the number of groups to
consider, counting to an exponential rather than super-exponential
number; yet, it keeps facing the same challenge of SPSF, namely the
potential under/over-constrainment of underrepresented subgroups.

We solve both issues using a latent space projection, which helps
avoiding enumeration and achieving smoother results. By using a
neural network, we can balance the bias-variance trade-off, hence
reducing overfitting and providing some information for underrep-
resented groups through continuous approximation. Similarly to
EDF, our multivariate GeDI indicator encompasses all marginal sub-
groups; i.e., if a dataset D = (

[
XP XQ

]
, y) is γ-fair, then any

dataset D′ = (
[
X ′

P XQ

]
, y) with protected matrix X ′

P contain-
ing a subset of the whole protected features of XP will be γ-fair as
well. In fact, we demonstrate that our indicator can be restricted to
any of the three (sub-)levels from [35] by constraining the mapping
function f to a specific subspace H ⊆ Rp 7→ R. For the Unre-
stricted Case, this involves selecting a univariate function limited to
the only protected attribute Xi considered, i.e.:

Hunr = {f | ∃g ∈ R 7→ R s.t. f(XP ) = g(Xi)} (14)

Similarly, fairness on Independent Groups can be assessed by ag-
gregating the outcome of p distinct univariate functions, each focus-
ing on a single protected attribute only, e.g.:

Hind = {f | ∃g ∈ R 7→ R s.t. f(XP ) = max {g(Xi)}} (15)

Algorithm 2 Intersectionally-Aware Predictive Model Training

Require: X =
[
XP ∈ Rn×p XQ ∈ Rn×q

]
, y ∈ Rn

Require: E ∈ N, ϵNi , ϵλi ∈ R, τ ∈ R, I, LT , N
λ← 0

θ ← init()
for i ∈ {1, . . . , E} do

▷ Update θ (Gradient Descent)
ŷ(θ)← N (X; θ)

L(λ, θ)← LT (ŷ(θ), y) + λ ·max {I(XP , ŷ(θ))− τ, 0.0}
θ ← θ − ϵNi · ∂L(λ,θ)

∂θ

▷ Update λ (Gradient Ascent)
ŷ(θ)← N (X; θ)

L(λ, θ)← LT (ŷ(θ), y) + λ ·max {I(XP , ŷ(θ))− τ, 0.0}
λ← λ+ ϵλi · ∂L(λ,θ)

∂λ

end for
return θ

Proving the same for the Intersectional Groups level is more com-
plex. We restrict our analysis to categorical protected attributes only,
underlining that this is consistent with all the existing literature.
Suppose that we have p protected attributes, each taking a value
vi ∈ {1, . . . , di}; we define si ∈ {0, 1}di as the selector vector
consisting in the one-hot encoding of each attribute vi. We can now
optimize a p-dimensional tensor F ∈ Rd1×···×dp capturing an out-
put for each combination of protected values, thus:

Hint =

{
f | ∃F s.t. f(XP ) =

((
FT · s1

)T

· ...
)T

· sp

}
(16)

where the selector vectors precisely select the output linked to the
protected values vi. Given that we do not impose any specific con-
straint to our function except for the model bias of the neural ar-
chitecture itself, it follows that our indicator implicitly ties to the
Gerrymandering Groups level, and that achieving γ-fairness auto-
matically ensures γ-fairness on each level.

4 Empirical Evaluation
We conduct two experiments on four established benchmarks for al-
gorithmic fairness in order to empirically validate our claims. Specif-
ically, in Section 4.1 we compare our multivariate GeDI indicator
(Figure 2(a)) against multiple univariate indicators (Figure 2(b)) to
demonstrate its ability to capture intersectional effects. Thereafter,
in Section 4.2 we compare GeDI with two other indicators for in-
tersectional statistical parity available in the literature, i.e., Subgroup
Fairness Statistical Parity (SFSP) and Empirical Differential Fairness
(EDF), to prove its stronger expressiveness and robustness.

We implement our code using Python 3.12, running all the experi-
ments on a MacBook Pro with an Apple M3 Pro processor and 36GB
RAM, without resorting to GPUs. To ensure reproducibility and de-
terministic neural network behavior, we initialize seeds for random
operations using Pytorch Lightning’s seed_everything method
and the deterministic=True training option prior to execution.
The code to replicate the experiments is publicly available at the fol-
lowing link: https://github.com/giuluck/intersectional-fairness.

We outline our constrained training procedure in Algorithm 2. We
leverage a feed-forward neural network N with two 32-unit hidden
layers using ReLU activation and train it full-batch for 500 epochs.
The output unit has either sigmoid or linear activation depending



Regularizer Task Loss (×102) % Inter % Indep Time (s)
train val train val train val

Dataset: Student (649 × 43) Protected: sex ∈ { F, M } school ∈ { GP, MS } address ∈ { Urban, Rural } age ∈ R

// 0.42 ± 0.11 2.92 ± 0.77 89 ± 11 104 ± 04 91 ± 18 82 ± 24 02 ± 00
Inter 1.64 ± 0.16 2.60 ± 0.84 11 ± 02 65 ± 07 12 ± 03 27 ± 08 21 ± 00
Indep 0.75 ± 0.09 2.91 ± 0.90 58 ± 13 90 ± 14 27 ± 25 52 ± 22 74 ± 00

Dataset: Compas (6172 × 12) Protected: Gender ∈ { F, M } Race ∈ { African_American, Asian, Hispanic, Native_American, White, Other }

// 59.34 ± 0.28 61.10 ± 1.21 99 ± 02 100 ± 11 99 ± 05 100 ± 13 15 ± 00
Inter 61.09 ± 0.30 61.96 ± 1.08 19 ± 01 23 ± 11 19 ± 02 21 ± 10 59 ± 00
Indep 60.92 ± 0.31 61.83 ± 1.06 32 ± 02 34 ± 08 20 ± 01 23 ± 06 322 ± 01

Dataset: Law (20512 × 12) Protected: gender ∈ { F, M } race ∈ { asian, black, hisp, white, other } fam_inc ∈ R

// 14.37 ± 0.17 14.81 ± 0.52 97 ± 02 100 ± 05 101 ± 03 102 ± 06 55 ± 02
Inter 15.67 ± 0.08 15.89 ± 0.37 19 ± 00 22 ± 03 19 ± 00 19 ± 03 143 ± 02
Indep 15.68 ± 0.08 15.89 ± 0.40 33 ± 02 35 ± 04 20 ± 01 22 ± 03 647 ± 04

Dataset: Adult (45222 × 103) Protected: gender ∈ { F, M } race ∈ { Amer-Indian-Eskimo, Asian-Pac-Islander, Black, White, Other } age ∈ R

// 9.18 ± 0.04 10.37 ± 0.22 101 ± 01 102 ± 02 144 ± 02 145 ± 06 141 ± 01
Inter 11.78 ± 0.09 12.23 ± 0.33 19 ± 02 25 ± 02 24 ± 06 30 ± 11 437 ± 09
Indep 11.74 ± 0.07 12.05 ± 0.31 34 ± 01 38 ± 01 20 ± 01 28 ± 08 1694 ± 67

Table 1. Comparison between the Intersectional and Independent definitions of GeDI on four benchmark datasets. We report mean and standard deviation
from a 5-fold cross-validation procedure across three models: unconstrained (//), and constrained using either the Intersectional or the Independent indicator up

to 20% of its value in the original data. For each dataset, we also show its shape and protected features domains. Best values are highlighted in bold.

on whether it is adopted for a classification or a regression task, re-
spectively; accordingly, we use binary cross-entropy (BCE) or mean
squared error (MSE) as task lossLT . We adopt Adam as network op-
timizer, with initial learning rate ϵN1 = 0.001, and enforce fairness
constraints via a lagrangian multiplier λ balancing the regularization
term, leading to the following training loss:

LT (y,N (X; θ)) + λ ·max {I(XP ,N (X; θ))− τ, 0.0} (17)

where I is the fairness indicator, XP the protected feature matrix,
and τ the constraint threshold. Rather than relying on a fixed multi-
plier, we automatically adjust its value during training via alternate
gradient ascent steps as described in [11]. A separate optimizer, con-
figured in the same way as the network one, is used to handle the
learning rates ϵλi ; this eliminates the need of a manual tuning phase,
hence yielding more accurate and less computationally expensive re-
sults. Moreover, as noted in [20], practical use cases involve stake-
holders or policymakers to which the choice of specific thresholds is
delegated, hence this method allows to satisfy the requirements while
avoiding both under- and over-constraining.

Regarding the benchmarks, we chose the four tabular datasets
mentioned in [15], namely: COMPAS2, Student Performance3, Law
School Admission4, and Adult Income5. Except for Student, which
has a continuous target, all the other benchmarks involve a binary
classification task. Independently from the task, we preprocess each
dataset by removing duplicate or non-predictive features, normaliz-
ing the target within [0, 1], standardizing continuous input features,
and one-hot encoding multi-class categorical attributes.

4.1 Intersectional vs. Independent GeDI

We start by examining the gap between fairness as defined by our
multivariate (Intersectional) GeDI and a univariate approach that es-
timates it on each protected attribute independently (Independent).

2 www.kaggle.com/datasets/danofer/compass
3 www.kaggle.com/datasets/larsen0966/student-performance-data-set
4 www.kaggle.com/datasets/danofer/law-school-admissions-bar-passage
5 www.kaggle.com/datasets/wenruliu/adult-income-dataset

Recalling the four levels described in Section 3.3, these indicators
correspond to the Gerrymandering Groups and the Independent
Groups levels, respectively.

GeDI is computed according to Algorithm 1. We adopt the same
neural architecture from [16], i.e., a feed-forward network with three
hidden layers (16, 16, and 8 units). Layers are initialized with Xavier
uniform weights and a constant bias term (0.01), and are followed
by a ReLU activation. For the Intersectional indicator, we build a
single network with input dimension p6; as regards the Independent
indicator, instead, p different networks with univariate input are used,
and the maximum estimated GeDI is eventually taken as result – see
Figure 2. In both cases, neural networks are trained full-batch for
1000 steps using an Adam optimizer with learning rate 0.0005. As
per [16], when the indicator is used as regularizer within a learning
procedure, the previously computed mapping network fi is used as a
warm start for training epoch i+ 1 and fine-tuned for 50 steps only.

Table 1 presents the results obtained on four benchmarks from an
unconstrained model (//) and two models constrained up to a thresh-
old τi computed as the 20% of the estimation on the original dataset
– namely τi = 0.2 · GeDIi(XP , y; f), for i ∈ {Inter, Indep}. We
use percentages for better comparison across indicators, underlining
that this has no impact on our evaluation since the original dataset
estimate is fixed, hence results would just be scaled by a constant fac-
tor. We run a 5-fold cross-validation procedure, reporting mean and
standard deviation on both training and validation sets for: (i) the task
loss computed on the final predictions, (ii) each considered indicator,
and (iii) computational times. Best results are highlighted in bold. As
task loss, we use mean-squared error for the Student dataset and bi-
nary cross-entropy for all the others. We also report the dataset shape
(n × m) and its set of protected features along with their domains,
which can be binary, multi-class, or continuous.

Results align with our theoretical claims. Both the Intersectional
and the Independent indicators mostly meet the 20% threshold on
their respective metric in the training split, confirming a correct con-
straint enforcement. Albeit no guarantees can be provided on valida-

6 Note that multi-class categorical features in {1, . . . , di} are one-hot en-
coded, thus contributing as di different features.



Regularizer Task Loss (×102) % GeDI % EDF % SPSF Time (s)
train val train val train val train val

Dataset: Compas (6172 × 12) Protected: Gender ∈ { F, M } Race ∈ { African_American, Asian, Hispanic, Native_American, White, Other }

// 59.34 ± 0.28 61.10 ± 1.21 99 ± 02 100 ± 11 91 ± 17 102 ± 27 99 ± 04 100 ± 11 15 ± 00
GeDI 61.09 ± 0.30 61.96 ± 1.08 19 ± 01 23 ± 11 25 ± 03 34 ± 07 19 ± 01 20 ± 12 59 ± 00
EDF 59.93 ± 0.33 60.86 ± 1.27 77 ± 03 79 ± 11 20 ± 00 50 ± 13 81 ± 04 82 ± 11 22 ± 00
SPSF 60.81 ± 0.28 61.94 ± 0.98 33 ± 04 37 ± 08 68 ± 11 70 ± 13 19 ± 01 22 ± 09 22 ± 00

Dataset: Law (20512 × 12) Protected: gender ∈ { F, M } race ∈ { asian, black, hisp, white, other }

// 14.37 ± 0.17 14.81 ± 0.52 101 ± 02 102 ± 05 102 ± 04 104 ± 09 102 ± 04 102 ± 04 55 ± 02
GeDI 15.83 ± 0.09 16.06 ± 0.30 19 ± 01 20 ± 03 18 ± 01 19 ± 02 20 ± 01 20 ± 03 142 ± 01
EDF 15.44 ± 0.08 15.66 ± 0.43 29 ± 00 29 ± 04 20 ± 00 25 ± 05 32 ± 01 32 ± 04 76 ± 00
SPSF 15.51 ± 0.08 15.72 ± 0.40 30 ± 01 31 ± 04 37 ± 02 38 ± 07 20 ± 01 22 ± 03 77 ± 00

Dataset: Adult (45222 × 103) Protected: gender ∈ { F, M } race ∈ { Amer-Indian-Eskimo, Asian-Pac-Islander, Black, White, Other }

// 9.18 ± 0.04 10.37 ± 0.22 100 ± 02 100 ± 04 100 ± 03 116 ± 26 100 ± 02 100 ± 04 141 ± 01
GeDI 10.34 ± 0.06 10.91 ± 0.27 17 ± 03 19 ± 04 12 ± 02 26 ± 09 18 ± 02 18 ± 06 430 ± 06
EDF 10.05 ± 0.08 10.56 ± 0.25 40 ± 01 41 ± 03 20 ± 01 34 ± 08 42 ± 01 42 ± 03 187 ± 00
SPSF 10.39 ± 0.03 10.87 ± 0.27 31 ± 01 31 ± 04 42 ± 01 48 ± 07 16 ± 02 17 ± 04 188 ± 00

Table 2. Comparison between GeDI and two other intersectional statistical parity indicators, EDF and SPSF. We report mean and standard deviation from a
5-fold cross-validation procedure on three benchmark datasets across four models: unconstrained (//), and constrained using one of the tested indicators up to

20% of its value in the original data. For each dataset, we also show its shape and protected feature domains. Best values are highlighted in bold.

tion splits as for any other statistical fairness constraint, we see that
validation unfairness only slightly increases in all benchmarks except
for Student, likely due to its low cardinality. Most importantly, the
Intersectional constraint consistently yields better outcomes with re-
spect to the Independent one across all fairness metrics, demonstrat-
ing its ability to capture more forms of discrimination at the expenses
of little to no increment in the task loss. This suggests that enforc-
ing intersectional fairness would not impact the fairness-accuracy
trade-off more than having independent constraints. Finally, the In-
tersectional indicator is much faster to compute respectively to its
Independent alternative, as the latter involves training multiple neu-
ral networks rather than just one.

4.2 Baselines Comparison

After proving that our multivariate GeDI effectively captures inter-
sectional discrimination, we compare it with two other intersectional
statistical parity indicators, namely Empirical Differential Fairness
(EDF) and Statistical Parity Subgroup Fairness (SPSF).

We follow the experimental setup of Section 4.1, running a 5-fold
cross-validation procedure for both the unconstrained (//) and the
three constrained models, albeit disregarding both the Student bench-
mark and the continuous protected attributes from other benchmarks
since EDF and SPSF can only handle categorical protected inputs
and binary targets. In order to have differentiable constraints, we im-
plement EDF and SPSF using torch primitives according to their
definition in [12] and [20], respectively:

EDF(X, y) = max
S

{
log

(
N+

S

NS

)}
−min

S

{
log

(
N+

S

NS

)}
(18)

SPSF(X, y) = max
S

{
NS

N
·
∣∣∣∣N+

S

NS
− N+

N

∣∣∣∣} (19)

where S ∈ S is any non-empty subgroup of protected attributes; N
and N+ represent the total number of records in the dataset, and the
records with a positive outcome yi = 1, respectively; and NS and
N+

S indicate the respective quantities conditioned on subgroup S.
Results are shown in Table 2. As for the previous experiment, each

indicator satisfies the 20% threshold on its respective training split

measure, confirming the validity of our learning model choice. Ad-
ditional outcomes meet our expectations, with the GeDI constraint
performing well even when measured against other indicators – es-
pecially in the Law benchmark, where it consistently yields optimal
values across each metric; conversely, EDF and SPSF constrains per-
form poorly when evaluated both on GeDI and on their counterpart,
proving that GeDI has a greater ability to capture discriminative ef-
fects. Another hint at GeDI’s expressivity is its stronger robustness in
validation results, showing that its training-time enforcement is bet-
ter mirrored at test time with respect to alternative indicators, at the
expenses of a negligible increment in task loss. Nonetheless, due to
its reliance on neural approximation, GeDI requires a longer compu-
tational time as opposed to any other enumeration-based method.

5 Conclusions

We introduced a multivariate definition of our Generalized Disparate
Impact (GeDI) indicator introduced in [14], along with a computa-
tional estimation algorithm inspired by [16] which employs a neu-
ral network to optimize correlation between a univariate latent space
projection of the protected input matrix and the target vector.

We demonstrated that, when used as a fairness measure, such mul-
tivariate GeDI definition is able to intercept unfairness at both the
independent and the intersectional levels, inherently accounting for
any kind of subgroup fairness gerrymandering. Unlike other mea-
sures available in the literature, GeDI relies on approximation tech-
niques rather than enumeration, allowing it to both handle continuous
protected attributes and better manage underrepresented subgroups.

Empirical evaluations conducted on four benchmark datasets con-
firm our theoretical claims. Multivariate GeDI is in fact an effective
intersectional fairness measure, outperforming alternative indicators
on fairness enforcement tasks despite a minimal loss in predictive
accuracy. We reckon that enforcing algorithmic fairness requires an-
alyzing social oppression and power dynamics, and that any research
on the topic is insufficient unless tied to real-world actions as men-
tioned in [23] and [29]; nonetheless, disposing of technically com-
prehensive indicators is a necessary step to reach this goal, and we
hope that our work could help advancing towards it.



Ethics Statement

Despite the ethical nature of our subject, we declare no ethical con-
cerns in our work due to its theoretical focus. Moreover, we remark
that no claims on how automated intersectional discrimination im-
pacts individuals and society can be drawn from this contribution, as
its analysis is restricted to fairness measurement and enforcement.
Notwithstanding the absence of explicit ethical implications, we re-
call that the term “intersectionality” cannot be untied from its sys-
temic roots generating oppression and discrimination. Therefore, we
hope that this paper could stimulate more profound consideration on
the ethical aspects of data-driven predictive and prescriptive systems.
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