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Abstract

The growing use of AI in decision-making raises ethical con-
cerns, including fairness in classification tasks. In this paper,
we propose two fairness-aware post-processing methods – (1)
the least L1/L2 norm with covariance constraints and (2) the
optimal swapping – which address group fairness in the out-
puts of any probabilistic classifier. The first method incorpo-
rates fairness constraints and minimizes deviations from the
classifier’s initial probabilistic predictions through an inter-
polation between the L1 and L2 norms. The second method
is a heuristic approach that directly modifies binary classifi-
cation decisions through a simple, yet efficient swapping ap-
proach. We evaluate our methods on five benchmark datasets
and compare them with some well-established baselines. Our
results show that optimal swapping achieves the best trade-off
between fairness and accuracy on the investigated datasets.
While we focus on demographic parity and disparate impact,
our swapping post-processing method is adaptable to multi-
class settings, some other fairness definitions, and allows for
additional linear constraints.

Introduction
General Introduction
Supervised classification algorithms are widely used in di-
verse and impactful domains, such as hiring, lending, crim-
inal justice, and healthcare (Barocas, Hardt, and Narayanan
2023; Pessach and Shmueli 2022; Romei and Ruggieri
2014). Despite their utility, these models can inadvertently
propagate or amplify biases present in the data, leading to
unfair outcomes for certain groups of individuals. For ex-
ample, a loan approval system might systematically deny
loans to applicants from disadvantaged socioeconomic or
racial groups. Such biases often stem from factors like non-
representative training samples, proxy attributes (e.g., zip
codes as a proxy for ethnicity), or historical discrimination
encoded in the data (Mehrabi et al. 2021; Mitchell et al.
2021; Pessach and Shmueli 2022). These concerns have
driven the field to focus on developing fairness-aware ma-
chine learning methods (see (Barocas, Hardt, and Narayanan
2023) and references therein). Among those fairness-aware
methods, the post-processing ones operate directly on the
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model’s predictions, ensuring compatibility with any prob-
abilistic classifier and preserving the integrity of training
workflows.

In this paper, we focus on developing and evaluating
fairness-aware post-processing methods to address group
fairness concerns in supervised multi-class classification
problems with a preferred class. Specifically, we propose
two methods designed to balance fairness and accuracy:
(1) a least L1/L2 norm with covariance constraints (COV),
which minimizes the divergence from the model’s origi-
nal probabilistic predictions while enforcing fairness con-
straints, and (2) an optimal swapping (OS) method, which
adjusts classification decisions with two types of swaps to
ensure fairness at the decision level.

In the experimental section, results obtained across five
datasets and five classifiers show that the optimal swapping
method achieves the best trade-off between fairness and ac-
curacy, outperforming some established methods from the
literature. Furthermore, our methods could be applied to any
supervised classification model with probabilistic outputs,
ensuring their applicability in diverse real-world scenarios.
It will also be shown that they could incorporate other con-
straints, allowing different measures of fairness, or introduc-
ing other external constraints such as, for instance, bounding
the total number of instances classified in the preferred class.
In particular, while we focus on demographic parity and dis-
parate impact, our methods are not limited to these fairness
definitions: as shown later, any fairness constraint that can
be expressed as a linear function (for the COV method) or
as a known function (for the OS method) could be integrated
in the same framework.

Notation and Background
Before presenting our work and methods, we define some
notations used in the paper. Let us assume that a multi-class
supervised classification model has been fitted on a train-
ing set and applied to a test set to be classified (Duda, Hart,
and Stork 2001; Bishop 2006; Hastie, Tibshirani, and Fried-
man 2009; Sen, Hajra, and Ghosh 2020; Murphy 2022). This
classifier is assumed to provide the a posteriori probability of
belonging to one of m mutually exclusive classes (Santafe,
Inza, and Lozano 2015). The classification model is denoted
by ŷik = g(xi) where ŷik ∈ [0, 1] is the numerical predic-
tion of class k membership for instance i, based on the fea-
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ture vector xi. The binary decision predicted by the classifier
to assign the feature vector xi to class k is ŷdik ∈ {0, 1} (d
for decision – one-hot encoding technique). Moreover, the
observed real categories for each instance of the training set
are ydik. The observed classes and the predicted probabili-
ties are therefore encoded in the n ×m (n instances and m
classes) matrices Yd and Ŷ. In the same way, yd

i and ŷi are
respectively m × 1 column vectors containing the observed
classes and the predictions for instance i (the i-row of Yd

and Ŷ viewed as column vectors).
Based on the prediction matrix Ŷ obtained by any classi-

fier that provides membership probabilities, fairness-aware
post-processing methods compute a new prediction matrix
Ỹ, where the goal is usually to satisfy a specific definition
of fairness while remaining as close as possible to the orig-
inal predictions Ŷ, to only allow minimal perturbations to
the original model. These new predictions provide new de-
grees of membership to classes summing to 1. Again, ỹi is
the vector of revised predictions associated with instance i.

Although the methods are developed for multi-class prob-
lems, in the experimental section of this work, we mainly
focus on binary classification problems, a prevalent type of
supervised classification task, by evaluating our methods on
five datasets designed for such problems. In that context, we
consider one positive/preferred class in which it is prefer-
able to be classified, Y d

1 = 1. As an example, if an applicant
loan i is ‘approved’, ydi1 = 1; if it is ‘denied’, ydi1 = 0.
In this example, with ŷi1 = 0.65, the classifier estimates
that the probability of instance i belonging to class 1 is
0.65 and the predicted class (decision) for this instance i
is 1, ŷdi1 = 1 (assuming that the decision threshold is 0.5,
which minimizes the risk of error). After applying the post-
processing method, the predicted class decision for instance
i could change and become ỹdi1 = 0, meaning that the clas-
sifier predicts applicant loan i to be approved while the post-
processing fairness adjustments recommend the applicant
loan i to be declined.

Fairness may be defined from different perspectives, as
detailed further. In our work, we focus on group fairness,
which ensures that groups of individuals identified by a sen-
sitive (random) variable should be treated similarly (Dwork
et al. 2012). The sensitive variable is noted Z, with the
protected group (i.e., the group disadvantaged/discriminated
against) associated with Z = 1. With the example of loan
approval, the sensitive variable could be the age, and the pro-
tected (i.e., discriminated) group could correspond to people
under 25. In that example, a person i under 25 has zi = 1,
while someone over 25 has zi = 0.

In our first post-processing method (COV), we use the
centered sensitive variable to incorporate it in the covariance
that is centered. We therefore define the centered sensitive
variable as ż = Hz, where H =

(
I− 1

nee
T
)

is the centering
matrix (Mardia, Kent, and Bibby 1979), and e is a n×1 col-
umn vector containing 1’s. Note that H centers any vector
(eTHz = 0) and that HH = H.

To summarize those concepts, the main notations regard-
ing fairness-aware supervised classification algorithms used
in this work are presented in Table 1.

Notation Meaning

yd
ik Real, observed, class k assigned to instance i.

ŷik Probabilistic output predicted (by the classifier)
to assign instance i to class k.

ŷd
ik Binary decision predicted (by the classifier) to

assign instance i to class k (one-hot encoding).
ỹik New predicted probability (by the post-

processing method) to assign instance i to class
k.

ỹd
ik New binary predicted decision (by the post-

processing method) to assign instance i to class
k.

zi Real, observed, binary sensitive variable for in-
stance i.

z̄ Mean of z, containing the zi.
żi = zi − z̄ Centered sensitive variable for instance i.

Table 1: Notation used in the paper. Corresponding column
vectors will be in bold and matrices in uppercase bold.

Related Work
In this subsection, we first discuss the general concept of
fairness in supervised classification and the specific inter-
pretation of fairness used in our paper. Then, we detail the
existing methods to incorporate fairness in supervised clas-
sification, specifically the post-processing methods.

Fairness in Supervised Classification A growing con-
cern in supervised classification is the potential unfairness
of algorithmic predictions. Fairness in classification can be
defined as individual (i.e., individuals with similar charac-
teristics should be treated similarly) or group (i.e., groups of
individuals defined by sensitive variables should be treated
similarly) (Dwork et al. 2012). In our work, we focus on
group fairness, using a binary sensitive variable Z (e.g., gen-
der, ethnicity, age, religion, etc.) , where Z = 1 indicates the
protected group (i.e., the discriminated group).

Several metrics exist for group fairness. In this work, we
focus on fairness metrics that do not require the true target
Y , such as demographic parity (DP) or disparate impact (DI)
(Barocas, Hardt, and Narayanan 2023), allowing broader
applicability. Metrics requiring Y , such as equal opportu-
nity (Mehrabi et al. 2021), are left for future work. Without
knowledge of the true target value, group fairness could be
ideally defined as the independence between predictions and
the sensitive variable, i.e., P[Ŷ d

1 = 1|Z = 0] = P[Ŷ d
1 =

1|Z = 1] (Barocas, Hardt, and Narayanan 2023). From this
arise DP (absolute difference) and DI (ratio) (Mehrabi et al.
2021; Feldman et al. 2015):

DP =
∣∣P[Ŷ d

1 = 1|Z = 0]− P[Ŷ d
1 = 1|Z = 1]

∣∣ (1)

DI =
P[Ŷ d

1 = 1|Z = 1]

P[Ŷ d
1 = 1|Z = 0]

(2)

A tolerance level is often allowed, expressed as DP ≤ ε
and DI ≥ 1− ε where ε > 0.
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Interestingly, as shown in (Vancompernolle Vromman
et al. 2024), the sample covariance between Ŷ1 and Z can
be used as a soft1 proxy for DP, and has the advantage to
also cover the case where the protected variable is contin-
uous, in which case it can be used for de-correlating class
predictions and protected variable. This covariance between
ŷ1 and z (in absolute value) can be computed from

cov(ŷ1, z) =
∣∣∣ 1
n−1

n∑
i=1

ŷi1żi

∣∣∣ (3)

Enforcing fairness often leads to a trade-off with accuracy
(Berk et al. 2021; Kamiran and Calders 2012). To measure
it, we use the F1 demographic parity (F1DP) (Vancomper-
nolle Vromman et al. 2024), an adaptation of the F1-score:

F1DP = 2× ACC × (1− DP)
ACC + (1− DP)

(4)

It favors models achieving high accuracy and fairness.

Fairness-Aware Post-Processing Methods for Supervised
Classification Fairness in supervised classification can
be improved via pre-processing (data transformation), in-
processing (model training modification), or post-processing
(adjusting predictions) (Alves et al. 2023; Chen, Wu, and
Wang 2023; Ferrara 2023; Hort et al. 2024; Jui and Rivas
2024). The present work focuses on fairness-aware post-
processing techniques. These methods offer several advan-
tages: they suit any probabilistic classifier, require no re-
training, enhance interpretability, and enable end-users to
adjust fairness levels directly (Caton and Haas 2024; Kami-
ran, Karim, and Zhang 2012; Kim and Cho 2022).

Various post-processing techniques exist (see, e.g., (Chen,
Wu, and Wang 2023; Pessach and Shmueli 2022)). One
widely recognized post-processing method is proposed in
(Hardt, Price, and Srebro 2016). This method enforces
equalized odds as a fairness measure, which imposes that
the classifier’s true positive rate and false positive rate are
identical across all groups defined by the sensitive vari-
able. This method requires access to the true target val-
ues Y for adjustment, which can be a limitation in scenar-
ios where these values are unavailable. Similarly, (Mishler,
Kennedy, and Chouldechova 2021) extend this method by
further exploring its implications in counterfactual settings.
Calibration is another post-processing technique, adjusting
a model output to match the true probability of an event
(Jui and Rivas 2024). (Pleiss et al. 2017) develop a post-
processing method that includes calibration for equalized
odds. Some post-processing methods address both individ-
ual and group fairness (Lohia et al. 2019; Noriega-Campero
et al. 2019; Small et al. 2024). Other adjust classification
thresholds across groups to enhance fairness. For example,
(Jang, Shi, and Wang 2022) adapt classification thresholds
for each demographic group based on the confusion ma-
trix. Another well-known method is Reject Option Classi-
fication (ROC) (Kamiran, Karim, and Zhang 2012), which

1Using probabilistic outputs, Ŷ1, instead of discrete class as-
signments, Ŷ d

1 . In that case, for a given test set, the covariance
is proportional to the soft DP without taking the absolute value,
P[Ŷ1 = 1|Z = 0]− P[Ŷ1 = 1|Z = 1].

modifies predictions near the decision boundary. (Kleinberg
et al. 2018) propose a simple ranking-based approach that
selects top-scoring individuals from each group for the pos-
itive class. However, this method requires prior knowledge
of how many instances should be selected from each group.
This ranking-based approach has inspired our optimal swap-
ping method (OS). Similarly, the massaging method devel-
oped by (Kamiran and Calders 2009), initially introduced
as a pre-processing method, has directly influenced the de-
sign of our swapping mechanism. Recent works have ex-
plored the use of optimal transport formulations to address
fairness in classification (Gordaliza et al. 2019; Lazar Reich
and Vijaykumar 2021; Xian, Yin, and Zhao 2023) as a post-
processing step. In these approaches, fairness constraints are
incorporated in a transportation optimization problem, often
with convex cost functions between ỹi and ŷi (Lazar Reich
and Vijaykumar 2021; Xian, Yin, and Zhao 2023). These
methods offer a flexible mathematical framework for rea-
soning about fairness through cost minimization, and they
allow for modeling the trade-off between accuracy and fair-
ness. The main relationships between our proposed tech-
niques and the optimal transport ones will be discussed later
in the paper.

Contributions and Content
This work contributes to (1) the development of two novel
fairness-aware post-processing methods, least L1/L2 norm
with covariance constraints and optimal swapping, which
balance fairness and accuracy through optimization formu-
lations, including fairness constraints and the use of a pa-
rameter (γ) for interpolation between L1 and L2 norms; (2)
the use of the massaging method of Kamiran and Calders
(Kamiran and Calders 2009) by adapting label swapping
from a pre-processing to a post-processing setting; (3) the
validation and experimental comparisons of the proposed
methods with established methods on five datasets, show-
ing that optimal swapping achieves the best DP and trade-
off between fairness and accuracy, evaluated using F1DP
on the investigated datasets; (4) the ability to extend the
proposed methods by incorporating additional linear con-
straints, broadening the scope of their applicability to dif-
ferent definitions of fairness.

The paper is organized as follows. We first present the two
proposed post-processing methods: least L1/L2 norm with
covariance constraints (COV), and optimal swapping (OS).
Then, we describe the experimental setup used to compare
our methods with those of (Kamiran and Calders 2009) and
(Kamiran, Karim, and Zhang 2012) on five datasets. Finally,
we conclude and outline future research directions.

Development of Fairness-Aware
Post-Processing Methods

In this section, we develop two different fairness-aware post-
processing methods that determine the new predicted deci-
sions Ỹd in case of DP/DI and multi-class, as well as simple
binary, classification problems. To the best of our knowl-
edge, such methods have not yet been proposed in the liter-
ature.
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Least L1/L2 Norm with Covariance Constraints
This section introduces the first fairness-aware post-
processing method called least L1/L2 norm with covariance
constraints (shortened later as COV) which is particularly
simple, but also quite general. This method can be seen as a
simple instance of an optimal mapping problem, where pre-
dicted probability distributions Ŷ are adjusted to continuous
fairer alternatives Ỹ at minimal cost. It is therefore related
to optimal transport techniques which have recently been ap-
plied to fairness-aware classification (Gordaliza et al. 2019;
Lazar Reich and Vijaykumar 2021; Xian, Yin, and Zhao
2023). Such mapping to fairer continuous predictions (in-
stead of binary decision for supervised classification) espe-
cially makes sense in applications where these predictions
are used for computing derived quantities of interest, de-
pending on the probability of membership to the different
output classes like, for instance, in cost-sensitive learning
(Elkan 2001).

More precisely, the objective function minimizes a (usu-
ally convex) loss function between the ỹi and ŷi under a fair-
ness constraint. Several options exist for this objective func-
tion. A very common choice is to use the least squares, or L2

norm, which is the sum of squared differences (Golub and
Van Loan 1996; Hansen, Pereyra, and Scherer 2013; Hastie,
Tibshirani, and Friedman 2009),

L2(Ỹ, Ŷ) =
n∑

i=1

∥ỹi − ŷi∥22 =
n∑

i=1

m∑
k=1

(ỹik − ŷik)
2 (5)

where n is the number of instances in the test set and m is
the number of classes. The L2 norm is often used because it
penalizes large deviations more heavily than small ones due
to squaring the differences. This property can be beneficial
when stability and global convergence are desired, but it is
also quite sensitive to outliers (Golub and Van Loan 1996;
Hastie, Tibshirani, and Friedman 2009).

We could also consider the L1 norm, which is the abso-
lute value of differences (Hastie, Tibshirani, and Friedman
2009), leading to the least absolute values loss,

L1(Ỹ, Ŷ) =
n∑

i=1

∥ỹi − ŷi∥1 =
n∑

i=1

m∑
k=1

|ỹik − ŷik| (6)

The L1 norm is advantageous in some situations because
it is more robust to outliers than the L2 norm. By taking the
absolute values of the differences, extreme values less in-
fluence the L1 norm, making it suitable for scenarios where
the dataset may contain noisy or erroneous outliers (Hastie,
Tibshirani, and Friedman 2009).

Since L1 and L2 norms have their specificities in measur-
ing the difference between the previous and the new predic-
tions, we decided to test combinations of those measures by
incorporating a parameter γ ∈ [0, 1] interpolating between
the two norms, providing the following loss

L(Ỹ, Ŷ) =
n∑

i=1

ℓi(ỹi, ŷi)

=
n∑

i=1

m∑
k=1

(
γ|ỹik − ŷik|+ (1− γ)(ỹik − ŷik)

2
)

︸ ︷︷ ︸
= ℓi(ỹi,ŷi)

(7)

Equation (7) is used as the loss function for our fitting prob-
lem, leading to the following convex optimization problem
to determine the new matrix of predictions Ỹ,

minimize
{ỹik}

n∑
i=1

m∑
k=1

(
γ|ỹik − ŷik|+ (1− γ)(ỹik − ŷik)

2
)

subject to ỹik ≥ 0 for all i, k∑m
k=1 ỹik = 1 for all i∣∣ 1

n−1

∑n
i=1 ỹikżi

∣∣ ≤ ε for some k
(8)

The first two constraints impose ỹik to belong to the interval
[0, 1] and sum to 1. The last constraint of the optimization
problem is the fairness constraint. As described in the Re-
lated Work, the sample covariance between the categorical
variable Z, representing the protected group, and the new
predicted target variable Ỹ can be used as a soft proxy of DP.
Therefore, this constraint imposes that the sample covari-
ance on the test set should be no larger than a given thresh-
old ε ≥ 0 (a tolerance level; see (Vancompernolle Vromman
et al. 2024) for details).

Notice that fairness constraints can be introduced for sev-
eral classes, depending on the application. Our framework
also allows the integration of other fairness constraints be-
yond DP, provided they are expressed as linear constraints.
However, incorporating multiple fairness constraints could
be conflicting, leading to an infeasible problem (Barocas,
Hardt, and Narayanan 2023; Castelnovo et al. 2022; Klein-
berg, Mullainathan, and Raghavan 2016). If this occurs, we
are in a problem setting for which there is no optimal so-
lution. In that case, some constraints have to be relaxed,
and the minimal ε for each constraint could be found by
minimizing the covariance related to this constraint while
maintaining the other constraints active (see (Vancomper-
nolle Vromman et al. 2024) for an example in a related con-
text). In our experiments, the convex optimization problem
(8) will be solved using the CVXPY library (Diamond and
Boyd 2016).

This method is particularly relevant when fairness must
be enforced on probabilistic scores, as in risk assessment
or applications relying on soft outputs. However, the main
drawback of it is that it constrains the soft DP, although what
often matters in supervised classification is the DP based on
the decisions. We now introduce a swapping mechanism to
tackle this issue.

Optimal Swapping
This section aims to develop a class-swapping mechanism
that minimizes the same cumulated incurred loss as for the
previous method, capturing the ‘distance’ to the predictions
of the trained classifier until the fairness constraint is sat-
isfied. As before, we assume that one class, say class 1, is
the positive/preferred class, inducing one fairness constraint.
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The situation with several positive classes is more complex
and left for future work.

Swapping Mechanism Our second fairness-aware post-
processing method, called optimal swapping (shortened
later as OS), aims to enhance fairness based on a switch-
ing approach inspired by (Kamiran and Calders 2009; Kami-
ran, Karim, and Zhang 2012; Kleinberg et al. 2018; Hardt,
Price, and Srebro 2016) that modifies the initial classifier
decisions. Like our first method, optimal swapping uses the
initial probabilistic predictions of the classifier Ŷ, and the
binary sensitive attribute vector z. However, unlike the pre-
vious method, which adjusted probability predictions Ỹ, the
OS method focuses on adjusting decision predictions Ỹd.
For example, if a classifier assigns a probability prediction
ŷi1 = 0.67 (inducing ŷdi1 = 1), our previous COV post-
processing method could determine an adjusted probabil-
ity prediction ỹi1 = 0.45 while our OS post-processing
method would directly provide an adjusted decision predic-
tion ỹdi1 = 0.

This method is also related to a discrete version of an opti-
mal transport problem, where instances are reassigned to dif-
ferent classes through an optimal mapping into the barycen-
ter, and the cost corresponds to the change in distance (for
instance L1) from the original classifier outputs (Xian, Yin,
and Zhao 2023). Optimal transport methods also find the op-
timal mapping and are more generic, but only compute one,
optimal, solution, while our proposed swapping algorithm
provides a whole set of candidate solutions together with
their quality, is able to integrate additional constraints (see
Subsection Additional constraints further for more details),
is easy to implement and fast to compute.

Unfairness, as defined by DP and DI (see Equations (1)
and (2)), is detected when the probability of being classi-
fied as positive is lower for individuals from the protected
group (Z = 1) than for individuals from the unprotected
group (Z = 0). The intuition behind our swapping method
is to reduce this unfairness by swapping some of the origi-
nal classification decisions. This mechanism solves the main
restriction of the COV method, namely that DP was only
guaranteed probabilistically based on the degrees of mem-
bership provided by the classifier, Ỹ (see last equation of
Problem 8). With the COV method, even if constraints are
satisfied, once the decision Ỹd is taken, by assigning each
instance to the class showing the highest prediction score,
the fairness constraints in terms of crisp decisions could be
violated. However, what often matters in many applications
is the final decision, not the probabilistic output. The swap-
ping method guarantees fairness on the test set, and no more
probabilistically as in our previous method. In this setting,
the natural extension of Problem (8) ỹdik, aims at replacing
the domain of values ỹik ∈ [0, 1] by ỹdik ∈ {0, 1} based on
the binary decisions, which results in a 0-1 integer optimiza-
tion problem, more difficult to solve than Problem (8).

To address this issue, we design the following swapping
mechanism. It starts with the initial decisions of the classi-
fier Ŷd, then swapping the class of a protected instance i
(zi = 1) initially classified in a negative class (ŷi1 = 0)
to the positive class (ỹi1 = 1), or swapping the class of an

unprotected instance i (zi = 0) initially classified in the pos-
itive class (ŷi1 = 1) to a negative class (ỹi1 = 0). Thus, the
method involves two types of swaps that adjust the decision
to reach a desired level of fairness,
• s1: classifying an instance i of the protected group from

their original negative class to the positive class:

s1 : ŷdi1 = 0 7−→ ỹdi1 = 1 when zi = 1 (9)

• s0: classifying an instance i of the unprotected class from
their original positive class to the negative class whose
prediction score is highest (the class with the second-best
membership for instance i):

s0 : ŷdi1 = 1 7−→ ỹdi1 = 0 when zi = 0 (10)

We avoid changing the decision of positively classified in-
stances from the protected group and of negatively classified
instances from the unprotected group because this would in-
crease discrimination, as defined by DP and DI. Note that,
unlike (Kamiran and Calders 2009), the proposed mech-
anism can change the number of positively classified in-
stances.

Similarly to Equation (7), and considering now the de-
cisions, the loss function remains additive. The increase in
loss when modifying the decision (by swapping) of a sin-
gle instance i is therefore computed using the same L1/L2

interpolated loss as before, controlled by the parameter γ:

∆ℓ′i(s) = ℓ′(Ỹd(s(i)), Ŷ)− ℓ(Ŷd, Ŷ)

= ℓ′i(ỹ
d
i (s), ŷi)− ℓi(ŷ

d
i , ŷi) (11)

where s ∈ {s0, s1} and ℓ′(Ỹd(s(i)), Ŷ) is the loss after
moving the instance i from one class to another according to
swap s. The difference with the distance of the original as-
signment to classes, Ŷd, from the probabilistic predictions,
Ŷ, is taken in order to obtain a 0 contribution when there
is no swap, but other cost functions can be used as well. Of
course, it is assumed that this original assignment to classes
is optimal so that any swap will lead to a non-negative cost.
The objective is now to determine the sequence of swaps
minimizing the loss changes until reaching a state (we define
a ‘state’ as a pair (n1, n0) – see Equation (12)) satisfying the
fairness constraint.

Defining the Fairness Frontier For illustration, we built
a grid (see Figure 1), where the x-axis represents the number
of protected instances classified in the positive class, n1, and
the y-axis represents the number of unprotected instances
classified in the positive class, n0,

n1 ≜ N
(
Y d
1 = 1 ∧ Z = 1

)
n0 ≜ N

(
Y d
1 = 1 ∧ Z = 0

) (12)

where N(·) is the number of instances in the dataset veri-
fying the condition expressed through the random variables,
but computed empirically on the dataset (here, a test set).

Each black point on the grid2 represents a (n1, n0) state,
and the horizontal as well as vertical distance between two

2Note that the origin of the grid is not (0, 0).
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n0

n1

Perfect fairness: 
DI = 1

Fairness frontier: 
DI = 1 - ε

s 1s 0

n1
^ n0

^
,( )

Figure 1: Swapping grid. The initial state (n̂1, n̂0) is com-
puted from the original predictions of the classifier.

states correspond to the cost of performing the swap from
one state to the other one, ∆ℓ′i(s) (see Equation (11)). When
the classifier determines the probability predictions Ŷ, the
corresponding state on the grid of Figure 1 is the large red
square at the top left, (n̂1, n̂0). Starting from that state, our
OS post-processing method involves a mix of s0 and s1
swaps. A s0 swap will decrease n0 of one unit (vertical
move) while a s1 swap will increase n1 of one unit (hori-
zontal move).

To determine which and how many swaps to perform, we
define the fairness frontier based on the DI3 fairness measure
(DI). By rewriting Equation (2) in terms of N(·), we obtain

DI =
N
(
Ỹ d
1 = 1 ∧ Z = 1

)
/N(Z = 1)

N
(
Ỹ d
1 = 1 ∧ Z = 0

)
/N(Z = 0)

=
n1/N(Z = 1)

n0/N(Z = 0)

(13)
This work refers to ‘perfect fairness’ as the scenario

where DI = 1, equivalent to DP = 0. However, it is es-
sential to acknowledge that the term ‘perfect fairness’ may
be questionable, as it depends on the specific fairness mea-
sure applied. Given the multitude of definitions of fairness,
this interpretation may not fully capture all dimensions of
fairness, or all possible applications. As before, we define
a relaxation of it by fixing DI ≥ 1 − ε where ε is an ad-
justable fairness threshold. We will refer to this relaxation as
the ‘fairness frontier’. Of course, it is assumed that the initial
solution (n̂1, n̂0) does not satisfy this fairness constraint; if
it does, no fairness improvement mechanism is needed. Be-
cause N(Z = 1) and N(Z = 0) are constant for a given
test set, equations DI = 1 and DI = 1 − ε correspond to
straight lines on the (n1, n0) plane. Based on that, we draw
on the swapping grid in Figure 1 the perfect fairness in blue
(DI = 1) and the fairness frontier in green (DI = 1− ε).

Greedy Swapping On the grid represented in Figure 1,
several paths from the initial state exist to reach the fairness
frontier, on which our fairness objective is satisfied. Inspired

3The same procedure can straightforwardly be adapted to DP.

n0

n1

Perfect fairness: 
DI = 1

Fairness frontier: 
DI = 1 - ε

n1
^ n0

^
,( )

n1
~ n0

~
,( )

Figure 2: Swapping grid for the greedy swapping post-
processing method. The final state is (ñ1, ñ0) and we also
show the swaps done to reach it.

by (Kamiran and Calders 2009), the greedy swapping (short-
ened later as GS) method consists of selecting the lowest-
cost swap starting from (n̂1, n̂0) (the state predicted by the
classifier), then the next lowest-cost swap, and so on until
reaching the fairness frontier. As a special example based
on post-processing methods using classification threshold to
improve fairness (see among others (Jang, Shi, and Wang
2022; Kamiran, Karim, and Zhang 2012)), we consider here
that the cost of performing a swap (see Equation (11)) is
provided by the distance between the probabilistic predic-
tion and the decision threshold (which usually corresponds
to 0.5), |ŷi1 − 0.5|, in a binary classification problem.

Figure 2 illustrates the GS post-processing method. It is
defined on two-classes problems and applies the following
procedure:

1. Select all candidates for swaps of type s1 or s0 (see Equa-
tions (9) and (10)).

2. Order those candidates (i.e., candidates for s1 are pro-
tected instances with ŷi1 < 0.5, and candidates for s0
are unprotected instances with ŷi1 ≥ 0.5) closest to 0.5
first in a joint list.

3. Swap the first element of the list not yet switched, corre-
sponding to the current most uncertain instance.

4. Repeat Step 3 till the state is just below the fairness fron-
tier. The end state (ñ1, ñ0) is the yellow star in Figure
2.

Optimal Swapping The non-greedy version of our swap-
ping post-processing, heuristic, method (i.e., the optimal
swapping, OS) is illustrated in Figure 3. Inspired by the
ranking approach developed in (Kleinberg et al. 2018), it
consists of determining the state on the grid just below the
fairness frontier (in green) that is closest to the initial state
(n̂1, n̂0) in terms of the cumulated swapping cost ∆ℓ′i(s) de-
fined in Equation (11). Instead of sequentially looking to the
next best, local, move as in the greedy approach, the idea
here is to efficiently identify all the candidate solutions along
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Figure 3: Swapping grid for the optimal swapping post-
processing method. Big gray points correspond to candi-
dates satisfying DI > 1− ε, and the final state is (ñ1, ñ0).

the fairness frontier – together with their loss – and then se-
lect the best one (see Figure 3).

Because the different costs ∆ℓ′i(s) related to different in-
stances i have an independent impact on the total loss func-
tion, the order in which the moves are made to reach a given
state (ñ1, ñ0) from the initial state does not matter. In ad-
dition, the number of s0 (vertical) moves to reach a state
(ñ1, ñ0) from some given state is always the same, regard-
less of the path. The same holds for s1 (horizontal) moves.
This means that to calculate the minimal cost to reach a
given state (ñ1, ñ0) from initial state (n̂1, n̂0), we must
choose the (n̂0 − ñ0) least-cost s0 swaps and the (ñ1 − n̂1)
least-cost s1 swaps. This is, in fact, closely related to the the-
orem in (Kleinberg et al. 2018) reinterpreted in our special
case. The resulting loss is then the sum of the costs of the s0
swaps and the s1 swaps.

It is therefore advantageous to pre-compute the swapping
costs, ∆ℓ′i(s0) and ∆ℓ′i(s1) (see Equation (11)), and sort the
resulting lists by increasing loss (smallest loss indexed first).
After having sorted the two lists by increasing cost, the opti-
mal sequence of swaps is obtained by applying the following
procedure:

1. Compute the cumulated loss for both types of swaps from
the state predicted by the classifier, (n̂1, n̂0). That is,
for s0, cℓ(ñ0) =

∑ñ0

n0=n̂0−1 ∆ℓ′n̂0−n0
(s0) (by steps of

−1), and, for s1, cℓ(ñ1) =
∑ñ1

n1=n̂1+1 ∆ℓ′n̂1−n1
(s1) (by

steps of +1). Then, the cumulated loss for an ending state
(ñ1, ñ0) is cℓ(ñ1, ñ0) = cℓ(ñ1) + cℓ(ñ0).

2. Identify all fair candidates just below the fairness frontier
(big gray points in Figure 3) and compute their cumu-
lated cost from the starting state (n̂1, n̂0) (big red square
in Figure 3). To do so, enumerate all the potential end
state ñ1 coordinates going from n̂1 to N(Z = 1) and, for
each of these coordinates, compute the corresponding ñ0

n0

n1

Perfect fairness: 
DI = 1

Fairness frontier: 
DI = 1 - ε

n1
^ n0

^
,( )

n1
~ n0

~
,( ) nmax

~

Figure 4: Swapping grid for the optimal swapping post-
processing method with a constraint on the number of in-
stances classified in the positive class, ñ0 + ñ1 ≤ ñmax.

on the frontier from Equation (13) and DI ≥ 1− ε,

ñ0=

⌊
1

(1−ε)

N(Z = 0)

N(Z = 1)
ñ1

⌋
for ñ1 = n̂1+1 to N(Z = 1)

(14)
where ⌊x⌋ returns the closest integer lesser or equal to x.
Then, retrieve the cumulated cost of (ñ1, ñ0) from point
1.

3. Select the fair candidate with the lowest cumulated cost
(corresponding to the ending state (ñ1, ñ0), which is the
yellow star in Figure 3).

4. Identify the lowest-cost swaps to reach the ending state
(ñ1, ñ0).

This results in a computational complexity dominated by the
fact that the data have to be sorted, the other operations being
linear.

Alternatively, instead of selecting the least cumulated loss
state in step (3), the procedure could return the list of can-
didate states (ñ1, ñ0) together with their corresponding cu-
mulated loss and DP, allowing the analyst to choose the
most suitable solution (balancing divergence from the orig-
inal classifier and achieved fairness measure). It would also
allows us to plot the Pareto frontiers.

Beyond DP and DI, other fairness definitions could be in-
tegrated by modifying the fairness frontier or by adding sup-
plementary constraints. The grid-based formulation should
make it easy to identify the feasible points that satisfy such
constraints, which will be investigated in the next subsec-
tion.

Additional Constraints In the following, we illustrate the
flexibility of the OS method by introducing an additional
constraint on the total number of instances classified in the
preferred (positive) class (ỹi1 = 1). The additional con-
straint states that the total number of selected instances
must be less or equal to a given threshold (ñmax), such that
ñ0 + ñ1 ≤ ñmax.

Therefore, only potential states satisfying this constraint
are eligible in the above-mentioned procedure (point 3 of
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the OS procedure). In Figure 4, we represent this additional
constraint by a pink straight line, corresponding to ñmax,
the maximum number of instances classified in the positive
class. The fair candidates (big gray points in Figure 4) are
those who satisfy both the fairness constraint (just below the
fairness frontier) and the maximum number of selected in-
stances (below the line ñmax). Then, the algorithm must se-
lect the fair candidate with the lowest cumulative cost (yel-
low star in Figure 4). Other linear constraints could also be
incorporated into the grid, depending on the study case.

Experiments
In this section, we describe the experimental methodol-
ogy we used to evaluate our fairness-aware post-processing
methods and discuss the results of the experiments.

Experimental Methodology
For the experimental comparisons, we run a standard five-
fold cross-validation. This subsection contains the exper-
imental details, including: the datasets used, the classi-
fiers applied before the post-processing phase, the post-
processing methods from the literature that we compare to
ours, the measures used to evaluate the performance of the
methods, and the parameters selection phase.

Datasets We used five datasets described in (Le Quy et al.
2022): Adult, Bank marketing, COMPAS, German credit,
and Law school. Although the datasets Adult, COMPAS,
and German credit are commonly used in fairness-aware ma-
chine learning research (Delobelle et al. 2021; Fish, Kun,
and Lelkes 2016; Krasanakis et al. 2018), they have recently
been criticized for their limitations (Fabris et al. 2022). To
ensure comparability with existing research, we still de-
cided to incorporate these datasets, along with two addi-
tional datasets also recognized in the literature (Bank mar-
keting and Law school) (Le Quy et al. 2022) to provide a
broader evaluation. Each dataset consists of instances with
a set of feature variables Xf , a binary sensitive variable Z,
and a binary target variable Y .

Classifiers Post-processing methods may be applied to
any classifier that outputs a prediction matrix Ŷ. To as-
sess the robustness and generalization of the post-processing
methods across various classification scenarios, we selected
five different classifiers representing a range of modeling ap-
proaches and complexities: logistic regression, decision tree,
random forest, bagging, and boosting.

Comparison to Post-Processing Methods from Liter-
ature We compare our fairness-aware post-processing
methods with the ‘massaging’ method of (Kamiran and
Calders 2009), and the ‘reject option based classification’
method of (Kamiran, Karim, and Zhang 2012), both de-
signed for binary classification problems. We chose these
benchmark methods to ensure fair comparisons with our
methods, as they operate in the same setting where true tar-
get values Y are not used at test time. In contrast, many re-
cent studies – such as those based on calibration and equal-
ized odds – require access to Y (see Related Work for
more details about it), which makes direct comparison less

meaningful in real-world post-deployment scenarios. Fur-
thermore, since our focus is on group fairness, we excluded
methods that incorporate individual fairness, ensuring a con-
sistent and meaningful evaluation.

Massaging The first method that we compare to ours is the
‘massaging’ method (shortened later as MASS) proposed by
Kamiran and Calders (Kamiran and Calders 2009). This ap-
proach is initially a pre-processing technique consisting in
modifying the target labels Yd in the initial dataset. The
method identifies two groups in the training data: (1) in-
stances i disadvantaged, zi = 1, initially assigned to the
negative class, ydi1 = 0; and (2) instances i advantaged,
zi = 0, initially assigned to the positive class, ydi1 = 1.
Based on a ranking function to assess probabilities for tar-
get class membership, instances in each group are ordered
and the M 4 first instances of each group have their target
labels modified. The value of M is the same for each group
to maintain the same distribution between target labels. The
dataset with the modified target labels is then used by the
classifier to be trained.

With the intuition of the swapping mechanism, the con-
cept of massaging can also be adapted as a post-processing
method. In this variant, the post-processing MASS method
is applied to the classifier’s predictions Ŷd instead of ap-
plying it to the target label of the dataset Yd. The MASS
post-processing method consists of ordering the s0 and s1
swaps according to their increasing costs and swapping the
M least expensive s0 and the M least expensive s1.

The MASS method is closely related to our OS method
but differs in some key aspects. First, the number of swaps in
MASS is fixed, and it enforces an equal number of s0 and s1
swaps. This constraint simplifies the optimization problem,
making it computationally efficient but limiting its applica-
bility to specific scenarios where such a balance is appro-
priate. Second, MASS adopts a greedy strategy for selecting
swaps, similar to the GS method. Unlike the MASS method,
we proposed a non-greedy, optimal variant capable of ex-
ploring a broader range of solutions, not restricted to a fixed
number of instances classified on each class.

Reject option based classification The second post-
processing method that we compare to ours is the ‘reject
option based classification’ (shortened later as ROC), devel-
oped by Kamiran et al. (Kamiran, Karim, and Zhang 2012),
also for supervised binary classification problems. It con-
sists of building a critical region around the decision bound-
ary, regarding the classifier’s probabilistic predictions. By
fixing the decision boundary at 0.5, which is the case most
often, the critical region corresponds to [0.5 − θ, 0.5 + θ].
All protected instances i (i.e., where zi = 1) that have a
probability of belonging to the positive class in this critical
region (ŷi1 ∈ [0.5 − θ, 0.5 + θ]) are classified in the posi-
tive class (ỹdi1 = 1), while all unprotected instances i (i.e.,
where zi = 1) that have a probability of belonging to the
positive class in this critical region (ŷi1 ∈ [0.5− θ, 0.5+ θ])
are classified in the negative class (ỹdi1 = 0).

4See in (Kamiran and Calders 2009) how the value of M is
computed.

2570



Paralleling our GS method, the ROC method realizes s0
and s1 swaps for all instances predicted in the critical re-
gion. The size of the region depends on the margin parame-
ter θ, which is chosen to ensure the results satisfy the speci-
fied fairness conditions. To make comparisons possible with
our swapping methods, θ is determined by trying to enforce
DI = 1 − ε, which corresponds to our fairness frontier in
our swapping methods5. Therefore, the ROC method differs
from our swapping methods in its approach to fairness ad-
justments. While our methods focus on targeted swaps be-
tween protected and unprotected instances, ROC modifies
predictions within a predefined critical region around the de-
cision boundary.

Measures To evaluate the performance of the fairness-
aware post-processing methods studied, we based our com-
parisons on three measures: the accuracy (ACC), which
refers to the percentage of correctly classified instances on
the test data; the demographic parity (DP), as defined by
Equation (1); and the F1 demographic parity (F1DP), as de-
fined by Equation (4).

Parameters γ and ε We must tune the parameter γ for
COV and OS methods, balancing L1 (γ = 1) and L2 (γ =
0) norms. Therefore, we have tested three options for each:
γ = 1 (L1), γ = 0.5 (L1L2), and γ = 0 (L2).

We also need to choose the parameter ε, quantifying the
relaxation in the fairness constraints. We preliminarily tested
several variations of ε, demonstrating that all problems can
be solved with ε = 0 in our methods, which corresponds to
perfect fairness as defined by Equations (1) and (2). There-
fore, we apply ε = 0 for COV, GS, and OS. To ensure fair
comparisons with ROC, which also requires fixing ε, we ap-
ply ε = 0 for ROC.

Results
Table 2 contains the results of our experiments for each
dataset. Each number in the table corresponds to the mean of
the measure across the five folds and the five classifiers for
the specified post-processing method. For clarity, we high-
light the highest ACC and F1DP and the closest to zero DP
in bold for each dataset. In addition to the per-dataset eval-
uation presented in Table 2, we also examined the results
separately for each classifier. The trends remained consis-
tent across all classifiers, with no major shifts in the relative
performance of the methods.

It can be observed that our OS post-processing method al-
ways offers the best results in terms of F1DP and DP, regard-
less of the gamma value (i.e., varying between the L1 and L2

norms). Note that in OS, the fairness frontier is continuous,
while the reachable states are discrete (on a grid); therefore,
even with ε = 0, the closest feasible state may still result
in a DP slightly different from zero. With the best results on
F1DP, the OS method successfully improves fairness while
maintaining high accuracy on the investigated datasets.

5Code for the ROC method and determination of θ based on
a fairness measure is available at https://github.com/Trusted-
AI/AIF360/blob/main/aif360/algorithms/postprocessing/
reject option classification.py.

However, regarding accuracy alone, the ROC method
demonstrates the highest performance on all datasets. De-
spite this, it exhibits a higher level of DP than our post-
processing methods, resulting in a lower F1DP score, indi-
cating that the ROC method is less effective at improving
fairness. The higher level of DP for ROC may be explained
by the fact of imposing ε = 0, which can lead to overly re-
strictive adjustments. To investigate this possibility further,
we analyzed the sign of DP (considered in absolute value in
the results) and observed evidence of reverse discrimination
caused by switching too many instances between groups. To
ensure that the choice of ε does not affect the results, we
conducted additional comparisons between our OS method
and the ROC method across several ε values. The results
consistently showed higher DP and F1DP scores for OS, re-
gardless of the ε value tested. This highlights the robustness
of the method across different fairness-accuracy trade-offs.

On the contrary, the COV method appears to be much less
effective in DP reduction6 because the fairness constraints
are imposed on the soft DP (based on the probabilistic pre-
dictions instead of the decisions). While COV is less effec-
tive in reducing DP, it outputs revised probabilities, which
are valuable for tasks requiring soft predictions (e.g., risk
scoring or threshold tuning). Moreover, it can also be used
with numerical protected variables such as, e.g., the age,
which makes it useful in some situations.

To complete this first analysis, we performed Friedman-
Nemenyi statistical tests and Wilcoxon signed-rank tests to
compare the post-processing methods (Demšar 2006). We
limit our tests to the F1DP measure, providing a trade-off
between accuracy and fairness. To compare a single version
of each post-processing method (COV, OS, GS, MASS, and
ROC), we selected the L1L2 version (γ = 0.5) of COV and
OS methods, interpolating between L1 and L2 norms for the
loss function. This choice was motivated by our first results
(see Table 2) which indicated that the performance differ-
ences among L1, L1L2, and L2 versions were minimal. We
computed a global comparison of the methods, resulting in
125 comparison points for the statistical tests (5 datasets ×
5 folds × 5 classifiers). The p-value of the Friedman test is
3.3 × 10−67, which is highly significant. This means that
at least one method is significantly different from the oth-
ers. Based on that, we performed a Nemenyi test to compare
the average ranks of the methods. The Nemenyi test is sim-
ilar to an ANOVA test, but it compares all methods to each
other and ranks them (Demšar 2006). Figure 5 represents
the mean rank of each method with 95% Nemenyi confi-
dence intervals. The higher the rank, the better the method
in terms of F1DP, and methods with non-overlapping critical
distance intervals are considered significantly different. In
our analysis, the OS method, highlighted in blue, achieved
the best average rank and was significantly better than all
other post-processing methods, highlighted in red. However,
it can also be observed that the MASS and GS methods still

6Note however that additional results (not reported here) show
that COV is quite effective in reducing the soft DP based on the
probabilistic predictions because its fairness constraint is based on
this quantity.
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Measure → ACC F1DP DP ACC F1DP DP ACC F1DP DP ACC F1DP DP ACC F1DP DPMethod ↓
Adult Bank marketing COMPAS German credit Law school

COV L1 0.8514 0.8965 0.0532 0.8988 0.9299 0.0365 0.6670 0.7780 0.0662 0.7322 0.8232 0.0578 0.9496 0.9729 0.0025
COV L1L2 0.8512 0.9012 0.0423 0.8999 0.9366 0.0235 0.6665 0.7788 0.0631 0.7350 0.8289 0.0476 0.9499 0.9716 0.0057
COV L2 0.8500 0.9062 0.0295 0.9002 0.9343 0.0288 0.6692 0.7788 0.0682 0.7338 0.8279 0.0479 0.9504 0.9665 0.0167
OS L1 0.8474 0.9174 0.0000 0.8997 0.9471 0.0001 0.6631 0.7973 0.0002 0.7320 0.8397 0.0140 0.9492 0.9739 0.0002
OS L1L2 0.8473 0.9173 0.0000 0.8997 0.9471 0.0001 0.6629 0.7972 0.0002 0.7316 0.8396 0.0137 0.9492 0.9739 0.0002
OS L2 0.8465 0.9169 0.0000 0.9002 0.9474 0.0000 0.6624 0.7968 0.0002 0.7326 0.8405 0.0128 0.9485 0.9735 0.0001
GS 0.8460 0.9166 0.0001 0.8963 0.9449 0.0010 0.6635 0.7973 0.0010 0.7284 0.8365 0.0161 0.9465 0.9723 0.0004
MASS 0.8464 0.9167 0.0002 0.8999 0.9468 0.0012 0.6629 0.7967 0.0017 0.7292 0.8360 0.0190 0.9474 0.9726 0.0008
ROC 0.8516 0.8901 0.0675 0.9015 0.8815 0.1365 0.6777 0.7189 0.2341 0.7364 0.8133 0.0872 0.9511 0.9528 0.0453

Table 2: Mean of ACC, F1DP, and DP for the various fairness-aware post-processing methods obtained on the five datasets.
The best results for each dataset and measure are highlighted in bold.

COV
OS
GS

MASS
ROC

1 2 3 4 5

Nemenyi test based on F1DP

Figure 5: Mean ranks and 95% Nemenyi confidence inter-
vals on the F1DP measure. The x-axis shows the mean rank
of the methods. The higher the rank, the better the method in
terms of F1DP. The best method, highlighted in blue, is the
OS method, whose results are significantly different from all
other methods.

obtain close results.
We rely on Wilcoxon signed-rank tests to further sup-

port these first statistical tests to measure the pairwise dif-
ference between the fairness-aware post-processing meth-
ods (see Table 3). With a level of confidence of 99.9%
(α = 0.001), we can see on Table 3 that the OS method is
significantly better, in terms of F1DP, than the other fairness-
aware post-processing methods on the investigated datasets
– all p-values for this method are significant.

To go deeper into the analyses, we performed the same
statistical tests for each dataset separately, which showed the
same pattern observed in general, though with lower signif-
icance levels for some datasets. Further studies could inves-
tigate the dataset characteristics that would justify these ob-
servations.

Conclusion and Future Work
In this paper, we proposed and studied two fairness-aware
post-processing methods, least L1/L2 norm with covariance
constraints and optimal swapping, to address group fair-
ness in supervised classification. Both methods are designed
to balance fairness (in terms of DP or DI) and accuracy
while remaining applicable to any classifier that computes
class membership probabilities. Experimental validation on
five datasets and five classifiers, including comparisons with
related methods from the literature, demonstrated that the
optimal swapping consistently achieves an effective trade-

COV OS GS MASS

COV

OS

GS

MASS

ROC
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***
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***

***
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Table 3: Significance level of Wilcoxon signed-rank tests
to compare the fairness-aware post-processing methods on
F1DP. Significance levels: *** (p < 0.001) and n.s. = not
significant (p ≥ 0.05).

off between demographic parity and accuracy, as measured
by the F1 demographic parity. The simplicity of the opti-
mal swapping method, in terms of ease of implementation,
and its flexibility to incorporate additional linear constraints
make it practical and adaptable to diverse applications.

While the results are promising, several avenues for fu-
ture research remain. First, extending our methods to han-
dle multi-class classification problems with several ordered,
preferred categories would significantly enhance their appli-
cability. We could also extend our methods to support sen-
sitive attributes with more than two categories, or even mul-
tiple sensitive variables simultaneously. Additionally, future
work may explore incorporating alternative fairness metrics
beyond DP and DI, for instance conditional DP, in our meth-
ods by modifying the constraint formulation in COV or re-
defining the frontier in OS to reflect the target fairness met-
ric. Moreover, our methods could be further compared to
other types of post-processing methods, more recent, such as
those based on calibration or equalized odds, which require
the true target values Y , and to optimal transport approaches.
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Demšar, J. 2006. Statistical comparisons of classifiers over
multiple data sets. Journal of Machine Learning Research,
7: 1–30.

Diamond, S.; and Boyd, S. 2016. CVXPY: A Python-
embedded modeling language for convex optimization.
Journal of Machine Learning Research, 17(83): 1–5.

Duda, R. O.; Hart, P. E.; and Stork, D. G. 2001. Pattern
classification. Wiley, 2nd edition.

Dwork, C.; Hardt, M.; Pitassi, T.; Reingold, O.; and Zemel,
R. 2012. Fairness through awareness. In Proceedings of
the 3rd Innovations in Theoretical Computer Science Con-
ference (ITCS ’12), 214–226.

Elkan, C. 2001. The foundations of cost-sensitive learning.
In Proceedings of the 17th International Joint Conference on
Artificial Intelligence (IJCAI ’2001), volume 17, 973–978.
Lawrence Erlbaum Associates Ltd.

Fabris, A.; Messina, S.; Silvello, G.; and Susto, G. A. 2022.
Algorithmic fairness datasets: the story so far. Data Mining
and Knowledge Discovery, 36(6): 2074–2152.

Feldman, M.; Friedler, S. A.; Moeller, J.; Scheidegger, C.;
and Venkatasubramanian, S. 2015. Certifying and removing
disparate impact. In Proceedings of the 21th ACM SIGKDD
international conference on knowledge discovery and data
mining (KKD ’15), 259–268.

Ferrara, E. 2023. Fairness and bias in artificial intelligence:
A brief survey of sources, impacts, and mitigation strategies.
Sci, 6(1): 3.

Fish, B.; Kun, J.; and Lelkes, A. D. 2016. A confidence-
based approach for balancing fairness and accuracy. In Pro-
ceedings of the 16th SIAM International Conference on Data
Mining (SDM ’16), 144–152.
Golub, G. H.; and Van Loan, C. F. 1996. Matrix computa-
tions. Johns Hopkins University Press, 3rd edition.
Gordaliza, P.; Del Barrio, E.; Fabrice, G.; and Loubes, J.-
M. 2019. Obtaining fairness using optimal transport theory.
In Proceedings of the 36th International Conference on Ma-
chine Learning (ICML ’19), 2357–2365. PMLR.
Gouverneur, F. 2023. Fairness in machine learning : fo-
cus on post-processing methods. Master’s thesis, Université
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