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ARTICLE INFO ABSTRACT

Keywords: Bias and unfairness in Machine Learning (ML) are challenging to detect and mitigate, particularly in critical
Data bias fields such as finance, hiring, and healthcare. While numerous unfairness mitigation techniques exist, most
Falrm?ss ) evaluation frameworks assess only a limited set of fairness metrics, primarily focusing on the trade-off between
Machine learning fairness and accuracy. We introduce FAIR-CARE, a new open-source and robust approach that consists of an
Binary classification . s 1 . . . s .

Mitigation evaluation pipeline designed for the systematic assessment of unfairness mitigation techniques. Our approach

simultaneously evaluates multiple fairness and performance metrics across various ML models. We conduct
a comparative analysis on healthcare datasets with diverse distributions—including target class, protected
attribute, and their joint distributions—to identify the most effective mitigation technique for each processing
type (pre-, in-, and post-processing). Furthermore, we determine the best-performing techniques across different
datasets, fairness metrics, performance metrics, and ML models. Finally, we provide practical insights into the

application of these techniques, offering actionable guidance for both researchers and practitioners.

1. Introduction

It is now generally understood that applications based on Artificial
Intelligence (AI) pose a number of societal and ethical concerns. In re-
sponse, governments and international organizations are regulating the
creation process of Al-based applications, from design to use. Among
the first regulations to address the risks of Al and Machine Learning
(ML) systems, the AI Act [1] introduces a classification of software
products according to their level of societal risk. High-risk applications
include systems with a potential adverse impact on people’s lives, such
as ML models for automated law enforcement or healthcare prediction.
The strict requirements imposed by these regulations are designed to
evaluate and guarantee the transparency and fairness of the adopted
models.

Fairness in ML has been widely studied in the past few years,
leading to the definition of many unfairness mitigation techniques.
Yet, their effectiveness, measured with specific fairness metrics, varies
based on the characteristics of the datasets and the applied ML model.
New mitigation techniques appear every year, and the challenging
task of selecting the most appropriate and effective ones requires a
proper comparative analysis. This is further complicated by the large
number of possible combinations of mitigation techniques, fairness and
performance metrics, ML algorithms, and the variety of application
domains (e.g., healthcare, hiring, justice, etc.). While prior compara-
tive studies [2-4] have examined mitigation strategies across domains,

our study focuses exclusively on healthcare, to provide context-specific
insights. This domain-specific approach allows for a more cohesive
assessment using a broader set of fairness metrics and datasets than
typical surveys, enabling a deeper evaluation within this critical high-
risk domain. In fact, recent studies [5,6] highlight that the effectiveness
of fairness mitigations can vary significantly across contexts, reinforc-
ing the value of our focused analysis. In particular, healthcare datasets
usually contain sensitive information such as race, sex, and age, suitable
for fairness evaluation, which indeed requires the presence of protected
attributes. In other domains, the collection of such attributes is usually
not allowed for privacy reasons. Moreover, healthcare is a high-risk
sector according to the AI Act. It is therefore particularly important to
guarantee fairness in ML models used in this context to prevent wrong
decisions.

ML-driven decision-making in healthcare has demonstrated great
potential to make informed healthcare decisions tailored to individ-
ual patients, obtaining new and highly reliable therapies [7], such
as diabetic retinopathy detection [8,9]. However, its effectiveness is
grounded on the reliability of the results of ML algorithms, which
are based on the quality of the training datasets. Biases in training
datasets can result in unfair predictions, particularly affecting under-
represented groups. Decision-making systems for healthcare that are
based on ML algorithms have been shown to cause wrong or ineffec-
tive therapies. This phenomenon occurs, for instance, in ML systems
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that privilege certain sub-populations at the expense of other ones. A
recent example [10] has shown that ML models trained on chest X-
rays exhibit underdiagnosis for intersectional subgroups, such as Black
female patients. This issue is exacerbated when minorities are subject
to discrimination, resulting in lower-precision analyses and diminished
healthcare quality due to their under-representation in the training
data.

These examples highlight the growing need for unfairness mitiga-
tion techniques to become a routine task in the data science com-
munity, as also required by legislation. Researchers should not have
to spend excessive time determining the most effective mitigation
technique for a given problem. Instead, given a dataset, an ML model,
and a few fairness and performance metrics, they should be able to
confidently identify the most suitable mitigation technique.

To address these challenges, we introduce our approach, called
FAIR-CARE (FAIRness in maChine leArning algoRithms Evaluation), to
systematically assess the effectiveness of unfairness mitigation tech-
niques, helping users and researchers in identifying the best one for
their specific needs.

Our main contribution is the development of an evaluation pipeline
that, in the specific domain of healthcare, evaluates 12 mitigation tech-
niques, across 6 ML models, using 11 fairness metrics and 4 performance
metrics, over 7 datasets from the healthcare sector, thereby covering a
number of configurations well beyond the extent of previous studies.
The pipeline is fully automated, extensible, available open source [11],
freely accessible and easily usable through the Colab environment [12].

Another contribution is the identification of the most effective
mitigation technique, for each processing type (pre-, in-, and post-
processing), across the following four different aspects:

1. dataset category, i.e., skewed or balanced according to 3 different
distributions (target class, protected attribute, and their joint
distributions);

2. statistical group fairness metric, thereby evaluating overall fairness
and possible improvements wrt the baseline (using 2 different
comparison criteria), focusing on one protected attribute at a
time;

3. performance metric, assessing the variations wrt the baseline and
the trade-offs with fairness;

4. ML model, examining the impact of the model choice on the
results.

By providing ranked lists of techniques for each dataset configuration
and for each of the mentioned aspects, we identify the techniques that
consistently achieve the best fairness and performance values across the
ML models.

As a last contribution, we summarize our findings providing prac-
tical insights into the application of these techniques and introducing
a guideline composed by 5 points, with a comprehensive discussion of
the general limitations and key considerations encountered during our
experiments. We acknowledge that focusing exclusively on healthcare
datasets limits the generalizability of our findings across domains.
However, this domain-specific scope is intentional, as it allows us to
provide more actionable and context-aware guidance for practitioners
in healthcare settings. Importantly, the FAIR-CARE framework and
accompanying codebase are designed to be adaptable and remain ap-
plicable to datasets from other domains with minimal adjustments.
Other domains beyond healthcare, such as finance and hiring, can
benefit from the proposed pipeline as well, provided that the datasets
respect the input requirements and that the parameters of mitigation
techniques are tuned accordingly.

The rest of the paper is organized as follows: Section 2 presents
the related work, Section 3 outlines the foundational concepts of our
approach, Section 4 presents the adopted fairness metrics, and Section 5
classifies the unfairness mitigation techniques used in our evaluation.
Section 6 analyzes the characteristics of the selected datasets, and
Section 7 describes the execution pipeline and the results of our exper-
iments. Section 8 summarizes our findings, while Section 9 concludes
the paper.
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2. Related work

Fairness in Machine Learning (ML) has emerged as a critical re-
search focus, driven by the rapid expansion of ML applications across
numerous sectors, including healthcare. Fairness is broadly understood
as the absence of any prejudice or favoritism toward an individual or group
based on their inherent or acquired characteristics [13], and has been
extensively studied under this perspective in the field of ML [14,15].
When applied to the healthcare sector, fairness can be more specifically
framed as the equitable treatment of individuals or groups by ML models,
irrespective of protected characteristics. Ensuring fairness in healthcare
is particularly critical, since biased outcomes can exacerbate health
disparities, undermine trust, and lead to unequal access to life-saving
treatments [16].

Several theoretical surveys have addressed fairness in ML [13-15,
17]. However, these works primarily focus on conceptual and theo-
retical aspects without performing extensive empirical studies or ex-
periments. This limitation also extends to fairness research within the
healthcare sector, where studies such as [16,18-20] analyze fairness
issues, but fail to deliver holistic evaluations that encompass both
ethical and technical dimensions.

To address this gap, we surveyed existing experimental works that
apply unfairness mitigation techniques to ML models. Table 1 summa-
rizes the key aspects of these studies, and reports on the number of ML
models, fairness metrics, mitigation techniques, datasets (along with
their protected attributes), and performance metrics used. Specifically,
the third row refers to those mitigation techniques that address group
fairness and have a public library code implementation.!

The last row is the product of all other rows, with the additional
observation that the number of fairness metrics investigated within
FAIR-CARE is doubled, since we used 2 criteria to compare met-
rics. With 69,696 experimental configurations, FAIR-CARE explores
a significantly broader evaluation space than prior studies, providing
a robust statistical foundation for analyzing the interplay between
fairness mitigations, model performance, and dataset characteristics.

Our work aims to address several limitations arising in previous

efforts:
Scope of ML Models Evaluated: In the healthcare domain, practi-
tioners often compare multiple models to identify the best-performing
one. Moreover, they evaluate both interpretable models (e.g., logistic
regression, decision trees) and more sophisticated ensemble methods
(e.g., random forest, bagging, and boosting) to find the best predictive
performance while maintaining some interpretability [27]. Existing
studies, such as [3,25,26], frequently restrict their analysis to basic
models. In contrast, our approach incorporates a wider range of ML
models, reflecting real-world clinical model selection and enabling a
more practical evaluation of fairness across diverse ML models.

Restricted Fairness Metrics Coverage: Existing works, such as [2,3,
22,23], often use only a few (typically 2-3) fairness metrics, which
limits the scope of their analysis. Since fairness metrics can sometimes
conflict and are context-dependent, relying on a small subset can
overlook crucial insights. Importantly, no single metric or subgroup of
metrics can be universally deemed “best” or most representative. Our
study overcomes this limitation by employing a broader range of fair-
ness metrics (11 in total, with two different comparison approaches),
allowing for a more thorough evaluation.

Contextual Limitations in Dataset Selection: A significant shortcom-
ing of the current literature, as in [2,4,21,24], is the use of generic
datasets (e.g., COMPAS [28], Adult [29], German [30]), which are
often treated as benchmark despite their limitations (e.g. outdated

1 The works [24-26] additionally consider 2, 9, and, respectively, 7 tech-
niques that do not meet these requirements and, thus, are outside the scope
of the present study.
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Table 1
Comparison of experimental surveys. The focus is on mitigation techniques addressing group fairness and with a public library code implementation.
[21] [22] [23] [24] [25] [21 [31 [41 [26] FAIR-
Fairea FairCR MAAT CARE
# ML models 4 7 3 5 1 5 1 12 3 6
# Fairness metrics 8 2 2 5 7 3 3 7 5 11-2
# Mitigation techniques 4 8 8 11 12 5 6 7 10 12
# Datasets x Prot. Attrs. 9 8 5 3 6 8 8 7 8 11
# Performance metrics 4 3 1 4 1 4 2 2 5 4
# Exp. configurations 4608 2688 240 3300 504 2400 288 8232 6000 69,696
data, presence of errors, etc.) [5]. Moreover, prior studies, to the best Table 2
of our knowledge, rarely evaluate datasets within a specific context. In ML models taken from [31].
our work, we focus exclusively on healthcare-related datasets, ensuring Acr. Algorithm Parameters
better contextualization and more actionable insights. By adopting LORE Logistic Regression max_iter = 500
datasets previously unused for fairness evaluation, we align our ex- DETR Decision Tree -
periments with real-world healthcare applications, providing clearer EXRT Extremely Rand, Trees n_est = 30
deli for fai in this d . RAFO Random Forest n_est = 30
guidelines for fairness assessments in this domain. BAGG Bagging Dec. Tree, depth = 3, n_est = 30
ADBO Ada Boost Boosting Dec. Tree, depth = 3, n_est = 30

Implementation Inconsistencies: Comparisons across existing surveys
are often hindered by inconsistent or ad-hoc implementations of unfair-
ness mitigation techniques. Since publicly available implementations
are scarce, researchers frequently develop their own versions of these
techniques, introducing variations that complicate comparisons (such
as [24-26]). To ensure reproducibility and transparency, our approach
relies exclusively on official libraries and publicly available imple-
mentations of mitigation techniques, avoiding any modification of the
source code.

To conclude, several recent studies have empirically explored the
fairness—performance trade-off across diverse settings and classifiers,
including [4,26], which offer a broad benchmark of mitigation tech-
niques. Our work builds upon this foundation by offering a more
domain-specific and structured evaluation within healthcare settings.
Through systematic experimentation, we observe that while fairness
mitigation often entails some performance degradation, this trade-off is
neither universal nor linear. Some mitigations, show favorable fairness
improvements with minimal loss in predictive accuracy. These findings
align with broader trends in the literature but offer more actionable in-
sights for practitioners operating in high-risk domains, where balancing
fairness and reliability is critical.

3. Design of experiments

This section outlines the foundational concepts characterizing the
experiments run in this paper, focusing on how to measure fairness and
improve it in practical applications.

3.1. Structure of an experiment

The experiments to be discussed in this paper aim to measure the
impact of various techniques for mitigating unfairness on a dataset
when adopting a specific ML model. The target users are data scientists
and analysts who need to evaluate the effectiveness of mitigation
techniques.

Input. Every configuration of an experiment consists of the following
input elements:

« a ML model;

* a performance metric used to evaluate the ML model;
* a fairness metric;

* an unfairness mitigation technique;

* a dataset;

» a criterion for comparing fairness.

For the fairness metrics to be applicable, the dataset must include
at least one binary protected attribute g and a binary (target) class y
(whose label ¢ can be positive (1) or negative (0)). Although we only

cover binary protected attributes, it is always possible to transform
non-binary attributes into binary ones. Variable j identifies the cor-
responding prediction computed by the ML model, typically associated
with a probability that is then compared to a classification threshold.

The protected attribute is a characteristic such as sex, ethnicity,
or age that should not be the determinant of discrimination with
respect to the target class to be predicted. Consider, for instance, a
dataset of hospitalized people, where a ML model predicts diabetes
in patients, i.e., the target class y is the presence of diabetes. If the
protected attribute g is the sex attribute, patients with either value of
g (e.g., female) should not be discriminated when predicting the target
class (e.g., with a lower precision of the diabetes forecast).

To improve confidence in the measures resulting from our exper-
iments and reduce the dependence on the intrinsic characteristics of
a specific model or technique, each element of the configuration of
an experiment will be instantiated in multiple ways. In particular, by
using various datasets, we will be able to compare the outcomes and
generalize the results obtained with the different mitigation techniques
and ML models, which, in evidence-based medicine, are used for het-
erogeneous purposes. Similarly, using multiple ML models will allow
for a comprehensive understanding of how the different algorithms may
contribute to unfairness. Our focus is on classification techniques, since
fairness is evaluated on classification.

Overall, we will use 7 different datasets, 6 ML models, 11 fairness

metrics, 12 unfairness mitigation techniques, 4 performance metrics,
and 2 criteria for comparing fairness. We start by describing the ML
models in Section 3.2 and the performance metrics in Section 3.3. Then,
fairness metrics used are described, through a catalog, in Section 4,
along with an illustration of the criteria we adopt for comparing fair-
ness before and after mitigation; mitigation techniques are presented in
Section 5; finally, the datasets used in our experiments are presented
in Section 6.
Output. The output of an experiment consists of the values of the
measured (fairness and performance) metrics. In particular, we will
measure fairness according to a fairness metric and compare it (through
either division or subtraction) before and after applying a mitiga-
tion technique. Mitigation is considered effective on a dataset when
it improves the fairness of the results of a ML model. Additionally,
depending on the type of mitigation technique (pre-processing, in-
processing, or post-processing, as will be discussed in Section 5), the
execution of the experiment may also include, as a byproduct, a mit-
igated dataset (pre-processing), a mitigated ML model (in-processing),
or a mitigated prediction (post-processing).
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Table 3

Fairness metrics catalog. Here, j is the prediction, y is the actual value of the class in the dataset, and g is the protected attribute,
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which can only take one of two values: p (privileged group) or d (discriminated group).

Name

Definition

Constraint

Group Fairness, a.k.a.
Statistical Parity (GFA)

Both groups have an equal probability of a
positive prediction [33]

P(y=1lg=d)=P@=1lg=p)

Predictive Parity (PPA)

Given a positive prediction, both groups have
the same probability of having a negative class
[34]

P(y=0ly=1,g=d)=P(y=0|y=1,g=p)

Predictive Equality (PEQ)

Given a negative class, both groups have the
same probability of having a positive prediction
[34]

PP=1ly=0,g=d)=PF=1]ly=0,g=p)

Equal Opportunity (EOP)

Given a positive class, both groups have the
same probability of having a negative
prediction [34]

P(P=0ly=1,g=d)=PF=0ly=1,g=p)

Equalized Odds (EQD)

Both metrics PE(] and EOP are satisfied [35]

P()=0ly=1.g=d)=P(H=0ly=1g=p AP =
lly=0,g=d)=P@P=1ly=0,g=p)

Conditional Use Accuracy
Equality (CUA)

Given a positive (negative) prediction, both
groups have an equal probability of a positive
(negative) class [36]

P(y=1ly=1,g=d)=P(y=1ly=1,g=p APy =
0[)=0,g=d)=P(y=0]9=0,g=p)

Overall Accuracy Equality

Both groups have the same probability of true

P(y=ylg=d)= PP =ylg=p)

(OAE) positives and true negatives [36]

Treatment Equality (TEQ)
negatives and false positives [34]

Both groups have an equal ratio of false

PO=0ny=1llg=p) _ PO=0Ay=1lg=d)
PP=1Ay=0lg=p PP=1Ay=0]g=d)

FOR Parity (FOR)

Given a negative prediction, both groups have

P(y=1y=0,g=d)=P(y=1[9=0,g=p)

an equal probability of a positive class [37]

FN/GS Parity (FNP)

Both groups have the same probability of a

P(P=0,y=1lg=d)=P(H=0,y=1|g=p)

positive class and a negative prediction [37]

FP/GS Parity (FPP)

Both groups have the same probability of a

P(y=1y=0g=d)=PH=1y=0|g=p)

negative class and a positive prediction [37]

3.2. ML models

Each ML model we consider addresses a binary classification prob-
lem, in which the goal is to predict the binary label ¢ (e.g., 0 or 1)
of the target class y. Thus, given the dataset, the protected attribute
g and the target class, the ML model is trained on a training set
and evaluated over a test set. Table 2 shows the ML models adopted
in this research, along with their parameters. The selected models
reflect a mix of interpretable algorithms (e.g., LORE , DETR) and more
complex ensemble methods (e.g., EXRT, ADBO), which are commonly
used in healthcare predictive modeling due to their high performance
and varying levels of interpretability [27]. This selection aligns with
clinical practice, where model choice often balances accuracy with
interpretability to support trust in automated decisions. While our
framework supports the inclusion of additional models, we focused on
this subset to provide a meaningful yet manageable comparison across
fairness mitigations.

3.3. Performance metrics

To evaluate our ML models from a performance perspective, we
adopt the most common metrics: accuracy (Acc), precision (Pre), recall,
(Rec) and F1 score (F;). They are based on the values of the confusion
matrix generated by the prediction algorithm [32], where TP (true
positives) and TN (true negatives) are the cardinalities of the sets of
correct predictions (y = J) in the dataset with a positive or negative
target class, respectively. In contrast, F P (false positives) and FN (false
negatives) are the cardinalities for which the prediction is not equal to
the target class (y # ), with a negative or positive label, respectively.

_TP+TN TP TP _ 2-Pre-Rec

;Pre = ;Rec = JF =
N TP+ FP TP+ FN Pre +Rec

Acc

4. Fairness metrics

We concentrate on statistical group fairness metrics, rather than
causal or counterfactual ones, because metrics and mitigations devel-
oped in the statistical field are prevalent in the state of the art and more

easily interpreted and understood. Furthermore, the causal approach
requires causal graphs, which, in turn, require domain knowledge and
manual input, which cannot be properly built fully automatically. We
did not focus on intersectional fairness, e.g., multiple attribute at the
same time, since the majority of mitigation techniques available handle
only one protected attribute at a time. Given the complexity of fairness
in healthcare, we selected a broad set of well-established statistical
group metrics to capture different types of disparities across protected
attributes like sex and age. Rather than aiming to identify a single
best metric, our goal is to offer practitioners a comprehensive view
of fairness trade-offs, acknowledging that no one-size-fits-all metric
exists in this domain. Table 3 shows the representative set of statistical
fairness metrics, with their respective definitions as proposed in [38].?
As customary, these definitions refer to two possible values for the
protected attribute g: a privileged group p and a discriminated one
d. They also exploit the values of the confusion matrix TP, TN, FP,
FN; if these values are computed for the discriminated group we
use a d subscript: TP;, TNy, FP;, FN,; similarly for the privileged
group p: TP,,TN,, FP,, FN,. Table 3 reports constraints in the form of
equalities between probabilities, which can equivalently be expressed
through explicit reference to true/false positives/negatives. In our
work, we do not redefine fairness for healthcare but instead apply
general fairness definitions in a healthcare context.

We say that a metric (or, more precisely, its associated constraint) is
satisfied, i.e., one is fair with respect to that metric if, through compar-
ison of the two probabilities, they do not deviate by more than a given
amount 7. We adopt two different comparison approaches: division and
subtraction. For both, we aim to obtain values in the [—1, +1] interval,
where 0 represents fairness, while values near —1 (resp., +1) indicate
discrimination towards the discriminated (resp., privileged) group. The

2 We omitted Conditional Statistical Parity, which extends Group Fairness
by allowing the inclusion of a legitimate attribute for assessment. Indeed,
identifying such an attribute requires extensive knowledge of the healthcare
domain, which led us to exclude this metric from our evaluation catalog.
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value is then compared with an application-specific threshold z, which,
in our experiments, we set to = = 0.15, consistently with similar values
adopted in the literature [39,40] (i.e., a 15% deviation is sufficient to
determine unfairness between discriminated and privileged groups).
The division approach requires computing the ratio between the
left- and the right-hand side of the constraint of a metric as defined
in Table 3, i.e., between the privileged and discriminated expression.

For example, with GFA, this ratio is %. Equivalently, the numer-
P+FP

TP;+FP, . . T
ator can be computed as %, while the denominator as ﬁ,

TP,;+FP, . . .
LE+FFy 10l Thig value is then normalized
TP+FP, |d|

in the [-1, 1] interval as & = Z;}, so that, when v = 1 (corresponding
to non-discrimination), & = 0. Finally, & is compared to the threshold
value 7: the outcome is fair if and only if |5| < 7. When the constraint
consists of two equalities, as in the case of TEQ and CUA, we consider
each equality separately, thus obtaining two normalized values &, and
0,: the final value we consider is the largest one in absolute value,
ie, 0= argmax,c; s |x|.

Comparison by subtraction works as before, but with a subtraction
between the left- and right-hand side of the constraint. In this case,

: TPy+FP; TP +FP . .
GFA amounts to computing v = —4——4 — —2__2_which requires no

1] Il
normalization and can be directly compared with 7.

For improved robustness, the value of each metric is the result of
applying k-fold cross-validation over the dataset computing the mean
and standard deviation (std dev) over the k samples. Cross-validation
is a more solid approach wrt train-test split in evaluating the model’s
performance on unseen data for each fold. For smaller datasets (<1500
tuples), using k = 5 ensures that each fold still contains a sufficient
number of samples, reducing the risk of instability in the evaluation
due to insufficient test data. For larger datasets (>1500 tuples), k = 10
leads to more stable estimates of metrics because each fold has enough
data, and more folds provide a better representation of the dataset’s
variability. Using the mean to summarize the performance across folds
can inadvertently average out positive and negative deviations from
0, potentially leading to a final value that appears closer to the ideal
fairness metric value 0 than any individual fold. To address the risk
associated with using the mean alone, we also report the std dev of the
fairness metrics.

obtaining the final value v =

5. Unfairness mitigation techniques

Unfairness mitigation techniques can be classified into three differ-
ent types, according to their intervention procedure:

+ pre-processing, acting on the training data;
» in-processing, acting on the model;
+ post-processing, acting on the model’s predictions.

Table 4 shows the most relevant state-of-the-art techniques across each
type of mitigation. These techniques are acknowledged as the most
representative and commonly adopted in the relevant literature — see,
e.g., [13,15]. We evaluate all three kinds of mitigation techniques to
provide a holistic evaluation and comparison of how unfairness can
be mitigated at various points in the ML pipeline, since focusing on
just one subset would provide an incomplete picture and potentially
overlook important opportunities for unfairness reduction. All of them
aim to find a good trade-off between fairness and performance met-
rics (usually accuracy) when applied to binary classification models.
Additionally, they can all be used off-the-shelf, with parametric cus-
tomization only, and are therefore ideal for data science applications
in a production environment [41].

The unfairness mitigation techniques used in our experiments are
implemented by two tools: AIF360 [39], the acronym for the AI Fairness
360 tool by IBM, and FairLearn [46], by Microsoft. Correlation Remover
(CR) and Threshold Optimizer (TO) are implemented by FairLearn,
while all the other techniques are originally implemented by AIF360.
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Table 4
Catalog of unfairness mitigation techniques.
Processing Acr. Technique
RW Reweighing [42]
DI Disparate Impact Remover [43]
Pre- LF Learning Fair Representation [44]
opP Optimized Pre-processing [45]
CR Correlation Remover [46]
AD Adversarial Debiasing [47]
In- PR Prejudice Remover [48]
ER Exponential Gradient Reduction [49]
EO Equalized Odds Post-Processing [35]
Post- CE Calibrated Equalized Post-Processing [50]
RO Reject Option Classification [51]
TO Threshold Optimizer [35]

5.1. Pre-processing mitigation techniques

In this type of processing, all techniques target the dataset, produc-
ing a repair typically by modifying the original dataset. The ML model
will then be trained on the repaired dataset.

Reweighing (RIW). RW [42] generates a specific set of weights for the
tuples in the training set in each (group, label) combination to ensure
fairness before classification. The goal of RW is to make the model treat
groups fairly by adjusting the weights of the training instances, rather
than changing their labels or features. The weights are calculated to
ensure that, after applying RW, there is no disparity across the groups
in terms of their likelihood of receiving positive or negative predictions.
This technique counteracts any initial imbalance in the data by making
the algorithm pay more or less attention to certain groups during
training. A key feature of RW is that it preserves the overall probability
of the positive target class in the dataset. In other words, the proportion
of positive prediction remains the same across the dataset, but the
distribution is adjusted to ensure fairness.

Disparate Impact Remover (DI). DI [43] edits feature values to in-
crease group fairness while preserving rank ordering within groups. DI
builds a repaired dataset where any attribute in the original dataset
that could be used to predict the protected attribute is modified to
guarantee fairness, while the protected attribute remains unchanged.
The repair process is such that the ability to predict the target class is
preserved. To address the trade-off between accuracy and fairness, the
algorithm allows fixing a repair level between 0 and 1, where 0 yields
the unmodified data, while 1 is a fully repaired dataset.

Learning Fair Representation (LF'). LF [44] transforms the dataset into
a new one that closely preserves the original data while effectively
obfuscating information related to the protected attributes. LF aims to
achieve group fairness by mapping each individual into a probability
distribution in a new representation space (repaired dataset), while
fulfilling the following three criteria: (i) the transformation from the
original data to the new representation satisfies a specific fairness
metric, (ii) the new representation space preserves the essential in-
formation in the original data, excluding details related to protected
attributes, (iii) the produced predictive function, obtained by first
mapping probabilistically to the new representation space and then to
the target, remains similar to the original one.

Optimized pre-processing (UP). 0P learns a probabilistic transformation
that edits the attributes and labels in the data wrt group fairness and
individual distortion. The goal of OP [45] is to determine a random-
ized mapping that transforms the original dataset into a new dataset
satisfying the following properties: (i) discrimination control (limiting
the dependence of the target class on the protected attributes); (ii)
distortion control (using constraints to limit the extent of changes
in the data mapping, ensuring that individuals with similar original
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characteristics remain represented as close in the transformed space);
and (iii) utility preservation (ensuring statistical similarity between the
distributions of the transformed data and the original data).

Correlation Remover (CR). CR [46] applies a linear transformation to
reduce the correlation between protected and non-protected attributes,
while preserving the non-protected attribute values as much as possi-
ble. The goal is to preserve information by minimizing the difference
between the transformed, non-protected attributes and their original
values. At the same time, a constraint parameter enforces the reduction
of correlation between the non-protected attributes and the protected
one. The solution involves centering the protected attribute, fitting a
linear regression model to predict non-protected attributes based on the
protected one, and using the residuals (the part of the non-protected
attributes uncorrelated with the protected one) as the transformed
attributes.

5.2. In-processing mitigation techniques

The techniques in this type of processing create a new ML model
that improves a given fairness metric without modifying the original
dataset.

Adversarial Debiasing (AD). AD [47] learns a classifier to maximize
prediction accuracy and reduce an adversary’s ability to determine
the protected attributes from the predictions. This approach leads to a
fair classifier as the predictions cannot carry any group discrimination
information that the adversary can exploit. More specifically, this al-
gorithm simultaneously trains two neural network models: a predictor
and an adversarial model. The predictor model seeks to minimize the
prediction loss function while also ensuring that the adversary model
cannot infer protected attributes from the predictor outputs.

Prejudice Remover (PR). PR [48] adds a discrimination-aware regular-
ization term to the learning objective. PR reduces the mutual informa-
tion between the target class and the protected attribute, according to a
parameter that controls the degree of unfairness mitigation. Increasing
the parameter generally damages accuracy because the technique is
designed to remove prejudice by sacrificing accuracy in prediction.
The result is a model that minimizes discrimination during training by
penalizing patterns leading to unfair treatment of groups, and that is
more likely to make unbiased predictions, reducing disparities between
privileged and discriminated groups.

Exponential Gradient Reduction (ER). ER [49] formulates a fairness-
constrained classification problem as a sequence of classification tasks,
ensuring that the classifier prioritizes fairness constraints during train-
ing. By solving these tasks iteratively, the technique generates a ran-
domized classifier that achieves minimal error while adhering to fair-
ness constraints, even when the true data distribution is unknown.
ER introduces sources of approximation, such as using empirical data
instead of true values and setting limits on certain optimization param-
eters. Some errors, such as statistical errors due to empirical estimates,
are unavoidable, while others deriving from optimization choices can
be minimized by adjusting parameters or running more iterations.
The ER technique ultimately aims to balance accuracy and fairness,
influencing the quality of the final classifier’s performance and fairness
with these adjustments.

5.3. Post-processing mitigation techniques

The techniques in this type of processing, given fairness constraints,
act on the ML predictions, not modifying the original dataset or the ML
model.
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Equalized Odds Post-Processing (E0). EQO [35] solves the problem of
modifying prediction labels while optimizing fairness metrics like EOD.
EO creates fair predictions by adjusting an initial model to reduce
discrimination based on a protected attribute. A pre-trained classifier
is then post-processed and transformed to satisfy fairness constraints
with no need to retrain the model.

Calibrated Equalized Post-Processing (CE). CE [50] changes prediction
labels so as to satisfy different fairness metrics. The goal is to modify
a classifier’s predictions for a particular group so that the error rates
match across groups, while also ensuring calibration. Calibration means
that the classifier’s probabilities associated with its predictions are
aligned with actual target class frequencies, which helps maintain ac-
curacy. To balance these errors, CE does not always use the classifier’s
original prediction. In particular, when calibration incurs too high a
loss in terms of accuracy, based on an interpolation parameter that de-
termines the trade-off between confidence and conservativeness, then
CE replaces the classifier’s prediction with a fixed mean prediction.

Reject Option Classification (RU). RO [51] offers a controlled way to
improve fairness by strategically “rejecting” uncertain cases (i.e., in-
stances whose probability is close to the threshold) and reassigning
them, through tunable parameters, in a manner that compensates for
possible discrimination. Instead of forcing a classification, uncertain
cases are “rejected”, i.e., they are left unlabeled in the initial stage.
Given a classifier, RO examines its confidence level. If the classifier’s
probability for a positive or negative outcome is close to 0 or 1, the
prediction is made with high certainty. However, when the probability
is closer to 0.5, the prediction is more uncertain. The RO method
defines a “critical region” using a threshold to identify these uncertain
cases. Instances for which the classifier’s confidence falls below the
threshold are rejected. When an instance is rejected, the technique
applies a fairness-aware rule: the instance is labeled positively if it
belongs to a discriminated group, negatively otherwise. This approach
is intended to counter potential biases and ensure fairer predictions for
the discriminated group.

Threshold Optimizer (T0). TO [35] is designed to adjust classification
thresholds for different protected groups to achieve a specified fair-
ness criterion exactly, without leaving any residual disparity between
groups. The primary objective of TO is to satisfy a chosen fairness
constraint, such as EOP. For each protected attribute, TO applies a
unique decision threshold to the predictions of a base classifier. This
means that instead of using a single threshold for all individuals, the
method customizes thresholds by group, allowing it to meet the fairness
constraints more precisely. TO considers all possible thresholds for
each group, selecting the best combination that satisfies the fairness
constraint while maximizing the model’s performance within that con-
straint. During this process, the distribution and sizes of the different
groups are considered to balance the fairness constraints accurately
across groups. To achieve an exact match in fairness metrics, TO may
randomize predictions between two thresholds for a given group. This
randomization is necessary when no single threshold can fully equalize
the fairness metrics across groups.

6. Datasets

Guided by a healthcare domain expert, we selected 7 datasets from
the health sector, containing data on prevalent diseases associated with
mortality rates [52] and used in at least one healthcare publication
for reliability. As required by our experimental framework, all of them
have at least one binary protected attribute and a binary target class.
We now describe each dataset and summarize the data-cleaning steps
used to optimize the performance of the ML models and mitigation
techniques. To ensure data quality and support fair model evaluation,
we applied the following preprocessing steps to each dataset®:
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Table 5
Overview of the preprocessed datasets chosen for the experiments, where P indicates probability.
Dataset Year Size #Attrs. Prot. Attr. g Positive label (¢ = 1) P(y=1) P(g=4d P(y=1,g=p) Py=0g=4d)
(discr. group d) for target class y
Diabetes Women 1988 677 9 Age (young) Diabetic 0.33 0.35 0.43 0.85
Diabetes US 2008 73450 37 Race (non-caucasian) Diabetic 0.57 0.24 0.43 0.59
Stroke 2020 2882 9 Residence (rural) Has stroke 0.05 0.49 0.05 0.95
Sepsis 2013 878 14 Sex (female), Not survived 0.04 0.40, 0.04, 0.96,
Age (young) 0.61 0.07 0.98
AIDS 1996 1818 24 Race (non-white), Not survived 0.23 0.29, 0.25, 0.81,
Homo (homosexual), 0.66, 0.21, 0.76,
Age (young) 0.52 0.24 0.78
Myocardial 2020 1245 24 Sex (female) Not survived 0.08 0.36 0.06 0.88
Alzheimer 2024 2149 33 Sex (female), Has Alzheimer 0.35 0.51, 0.36, 0.66,
Race (non-caucasian) 0.59 0.36 0.66

1. Protected attributes and target class were binarized to match
fairness mitigation requirements, with group mappings clearly
defined.

2. Tuples with missing values were removed to prevent bias and
maintain data consistency.

3. Outliers were detected and eliminated using the IQR (Interquar-
tile Range) method to reduce the influence of extreme values.

4. Feature selection was performed using a correlation matrix to
retain the most relevant attributes for prediction.

5. Finally, the dataset was shuffled before model training to avoid
ordering bias.

Table 5 presents key statistics for the cleaned datasets used in our
experiments. For each dataset, we report the collection year or the
date of the first publication that utilized it, the total number of records
(“Size”), the number of attributes (“#Attrs”), the protected attribute(s),
and the positive label used for the target class. In accordance with
the domain expert, we intentionally selected real-world datasets with
varying sizes, numbers of attributes, and collection years to ensure
diversity. While two of the datasets are relatively small, this reflects
the common reality of real-world healthcare studies, which often rely
on limited sample sizes; indeed, a large size increases the cost of
data collection and raises concerns about the quality of the collected
data [53]. We also include relevant probabilities characterizing the
dataset distribution:

+ Target Class Distribution: the probability of a positive outcome,
Py =1

+ Protected Attribute Distribution: the probability of belonging to
the protected group, P(g = d);

+ Joint Protected Attribute and Target Class Distribution: two joint
probabilities of belonging to the protected group and a specific
target class, P(y =1, g =p) and P(y =0, g = d).

Understanding the distribution is essential for studying fairness
[54], since a dataset that does not adequately represent the pop-
ulation can lead to biased outcomes. To address this, we include
both balanced (P € [0.4,0.6], green-colored cells) and skewed (P ¢
[0.4,0.6], orange colored cells) datasets wrt these probabilities to cap-
ture a comprehensive range of distributional characteristics relevant to
fairness.

While Table 5 shows that no (dataset, protected attribute) pair, which
we call a configuration, is balanced in all aspects, we can usefully
categorize such configurations as follows:

3 To apply the framework to a new dataset, users are expected to perform
similar preprocessing steps manually; however, we provide modular and
customizable Colab notebooks to guide and support this process.

S (Skewed everywhere). 5 configurations: Diabetes Women, Sepsis
(age), Myocardial, AIDS (race), AIDS (homo).

+ 1-B (Balanced once). 5 configurations: Stroke, Sepsis (sex), AIDS
(age), Alzheimer (sex), Alzheimer (race), balanced wrt the Pro-
tected Attribute distribution.

+ 2-B (Balanced twice). 1 configuration: Diabetes US, balanced on
Target Class and Joint distributions.

Regarding this categorization, our approach follows the rationale
outlined in [54]. A dataset satisfies the representation rate requirement
if the groups and the target class have similar counts, which in a binary
setting translates to approximately 50% probability. We leveraged this
criterion to differentiate our datasets into three distinct categories.

Diabetes Women is originally from the National Institute of Di-
abetes and Digestive and Kidney Diseases [55], first adopted in a
publication in 1988 [56]. The objective of the dataset is to predict
diabetes based on certain diagnostic measurements included in the
dataset. The population for this study was the Pima Indian population
near Phoenix, Arizona. Several constraints were placed on the selection
of these instances from a larger database. In particular, all patients here
are females at least 21 years old of Pima Indian heritage. This dataset
is originally composed of 9 attributes, 768 tuples and one protected
attribute Age (young vs. adult). After data cleaning, the dataset contains
677 tuples and 9 attributes.

Diabetes US [57] collects ten years of clinical care information
from 130 US hospitals [58,59], with the objective to predict whether
the patient was re-admitted to the hospital after being diagnosed with
diabetes. The original dataset contains 101,766 tuples, 47 attributes,
with Race (Caucasian vs. non-Caucasian) as a protected attribute; the
target class is the re-admission of the patient. After data cleaning, the
dataset contains 73,450 tuples and 37 attributes.

Stroke [60] collects patients’ information with the objective to
predict whether a patient is likely to have a stroke [61,62]. The dataset
contains 5110 tuples, 10 attributes, with Residence of the patient (urban
vs. rural) as a protected attribute; the target class is whether the patient
had a stroke or not. After data cleaning the dataset is composed by 2882
tuples and 9 attributes.

Sepsis includes data from patients diagnosed with Systemic Inflam-
matory Response Syndrome (SIRS) and sepsis, two of the leading causes
of in-hospital mortality. The dataset comprises information collected
from 1257 eligible medical and surgical patients admitted to intensive
care units (ICUs) of two hospitals between 2006 and 2013. The data
was initially published in 2016 [63] and was subsequently used to
investigate differences in prognostic clinical features between patients
with SIRS and those with sepsis [64]. Each sample in the dataset rep-
resents a patient and includes 16 features. The target variable indicates
whether the patient survived or died during their ICU stay, and there
are two protected attributes: Age (young vs. adult) and Sex (female vs.
male). After cleaning, the dataset contains 878 tuples and 14 attributes.
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Fig. 1. FAIR-CARE pipeline used in the experiments.

AIDS [65] includes healthcare statistics and categorical information
on patients diagnosed with AIDS. The dataset was designed in 1996 to
evaluate the efficacy of two different treatment types and to predict
whether a patient would survive within a specified time window [66].
The dataset includes various attributes describing the patient’s general
health, with 2139 tuples, 25 features, and four protected attributes:
Race (non-white vs. white), Sexual Orientation (homosexual vs. non-
homosexual), Age (young vs. adult), and Sex (female vs. male). Of these,
we did not use Sex in the analysis, due to the insufficient representation
of the female category (<20%). After cleaning, 1818 tuples and 24
attributes remained.

Myocardial [67] contains information on patients who have ex-
perienced myocardial infarction, focusing on complications arising af-
ter the event. The objective is to analyze the factors contributing
to post-infarction complications and assess potential disparities based
on demographic or clinical characteristics [68]. It has 1700 tuples,
111 attributes, one protected attribute (Sex), and a target class that
indicates no complication (the patient survived) or a lethal outcome.
After cleaning, 1245 tuples and 24 attributes remained.

Alzheimer [69] contains information about Alzheimer’s disease,
with features such as gender, ethnicity, and diagnostic status. The goal
is to analyze the factors contributing to Alzheimer’s diagnosis and
evaluate disparities based on demographic characteristics. It contains
2149 tuples and 35 attributes, two protected attributes Sex, and Race;
the target class indicates if the patient was diagnosed with Alzheimer.
After cleaning, the number of tuples remained unchanged and we kept
33 attributes.

7. Execution and results

This section describes the execution of the pipeline used for our
experiments (Section 7.1), and the corresponding results (Section 7.2).

7.1. Evaluation pipeline

This section describes the various steps of the pipeline used in
the experiments, also summarized in Fig. 1. Essentially, the process
includes a first application of classification according to the ML model
(Steps 1-3) and the application of mitigation techniques (Step 4). After
that, the ML models are applied again (Steps 5-7) and the results of the
mitigations are reported (Step 8).

Step 1 receives as input the ML model and the dataset where the
classification algorithm will be applied.

Step 2 consists of testing the ML model trained before. The test is
key for the next step, where fairness metrics are used.

In Step 3, we measure the fairness of results computed in Step 2,
which is essential to establish if the results of the ML models are biased
according to any of the 11 fairness metrics in Table 3. This step also
includes performance metrics for evaluating ML models.

Step 4 consists of the application of mitigation techniques.

Each mitigation technique is applied to a specific phase of the ap-
plication of the ML model. The techniques applied in the pre-processing
phase modify the original dataset, creating a modified version that can
be used to train the ML model. This is represented in Fig. 1 with an
association that connects the pre-processing to the dataset that feeds
Step 5, which is the second train model.

Mitigation techniques that apply to the in-processing phase, rather
than modifying the dataset, will modify the parameters of the model.
In this case, we do not need to train again the ML model, which can be
directly tested. This is represented in Fig. 1 with an association with
the in-processing of the models that feeds the test model step of the
second iteration.

The mitigation techniques that operate in the post-processing phase
will modify the results of the first iteration. Therefore, we do not
need to train or test the model again, but the results can be directly
measured. This is represented in Fig. 1 with an association from the
post-processing to the predictions that feeds Step 7.

Steps 5-7 consist of the second application of ML models. While the
first three steps are in red to highlight their possibly unfair outcome,
Steps 5 to 7 are colored in green since their fairness issues are miti-
gated. The second iteration, i.e., the repetition of the first three steps,
is required to get a comparison to measure the effectiveness of the mit-
igation techniques. However, depending on the mitigation techniques,
some steps of the second iteration might be skipped. Indeed the pre-
processing mitigation performed in Step 4 will modify the dataset and,
therefore, Steps 7-8 will have to be performed to train again the ML
model, perform the tests and measure fairness on the results. The in-
processing mitigation will modify the trained ML model. In this case,
Step 5 will be skipped and the tests (Step 6) and the measures (Step 7)
will be performed. Finally, post-processing mitigation directly modifies
the results of the ML models, so only Step 7 will be executed.

Step 8 consists of aggregating and comparing the metrics of the
first application (without the effect of the mitigation techniques) with
the second application (after mitigation). As explained in Section 4,
we used two approaches for the comparison of the results: by di-
vision and by subtraction. We finally aggregate the obtained results
across multiple datasets, mitigation techniques, ML models, and both
performance and fairness metrics. To assess whether the differences
for different aspects (i.e., fairness and performance metrics, dataset
category, and ML models) across mitigation strategies are statistically
significant, we first apply a one-way ANOVA test for each metric. If
one mitigation differs significantly, we proceed with Tukey’s Honest
Significant Difference (HSD) test to identify which specific mitigation
pairs are significantly different. For interpretability, we visualize the
results using box plots and compute rankings for each mitigation tech-
nique for each studied aspect. This combined statistical and visual
analysis helps reveal overall trends, assess the consistency of mitigation
techniques across models and datasets, and supports the identification
of techniques that most effectively improve fairness and performance
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(and for which ML models), also reporting some trade-offs between
fairness and performance metrics.

Overall, we applied 6 ML techniques to 7 datasets, which, with the
protected attributes, gave rise to 11 different configurations. We iden-
tified and used 12 mitigation techniques in the 3 phases of processing
of ML models, thereby running 6 x 11 x 12 = 792 experiments. During
these, we measured fairness according to 11 metrics and performance
according to 4 metrics. This resulted in 792 x 4 = 3168 measures of
performance and 792 x 11 = 8712 measures of fairness for the first iteration
and as many for the second iteration (each taken twice, according to the two
criteria for comparing metrics). To apply FAIR-CARE to a new dataset,
users just need to follow the instructions provided in the repository’s
README and update the configuration file with the dataset-specific
parameters.

7.2. Results

In the presentation of results, due to the large number of experi-
ments, we refrain from showing here all the plots (more than 1000),
the interested reader can find all the plots in a shared folder.* Before
presenting the most important results, it is essential to emphasize the
following key points:

Category-based Analysis: For each category of dataset configuration
(see Section 6), we present a specific analysis of the impact of the
distribution characteristics.

Comparison within Mitigation-Processing Types: We first start by eval-
uating techniques within each processing type (pre-, in-, or post-
processing), since they differ in construction. We follow up with a
cross-type comparison to analyze how techniques perform to provide
a comprehensive view of the trade-offs and benefits across different
types of mitigation techniques.

In-Processing Model Comparison: For in-processing techniques, we com-
pared all six models (in which the “o” prefix refers to the original,
unmitigated models) because each mitigation technique produces a
new ML model that incorporates fairness adjustments. This allows a
direct comparison of all models within this category. Pre-processing
and post-processing techniques work with one ML model at a time, and,
thus, we group our results by ML model. In the interest of space, we
only do this for a representative selection of models.

Plot Representation: The results are visualized using bar plots. Although
we also computed box plots with both mean and std dev, to avoid
clutter, we only report the bar plots with just the mean. The X-axis
represents the fairness metrics, while the Y-axis indicates their values,
ranging from —1 to 1. Each bar corresponds to the value of a specific
metric for a given mitigation technique, with an additional bar, labeled
OR, for the original baseline (i.e., dataset before mitigation).
User-Oriented Insights: At the end of each section, we provide concise
summaries that highlight actionable takeaways for practitioners. While
based on our experimental datasets, these insights are designed to guide
users applying FAIR-CARE to similar real-world healthcare scenarios.

7.2.1. 2-B datasets

For the Diabetes US dataset, which is considered “balanced” in
terms of both the Target Class and Joint distributions, the initial
results (i.e., without applying any mitigation techniques) are remark-
ably strong across all ML models. Regarding fairness, between 9 (for
LORE and RAFO) and 11 out of 11 fairness metrics are satisfied using
the “division” comparison. For the subtraction comparison, the initial
results are similar: apart from RAFQO, which satisfies 10 out of 11
fairness metrics, all the other ML models satisfy all fairness metrics. In
terms of performance, BAGG achieves the highest Acc (0.616 + 0.034),
while DETR has the lowest Acc (0.540 + 0.010) but delivers the best

4 https://drive.google.com/drive/folders/1i0Sw5K5CghWy4hrTNnlGFZQPo
[iS67kh?usp=sharing.
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F,(0.465 + 0.027). This experiment highlights that a balanced dataset
can lead to optimal fairness outcomes. Notably, in this case, the models
with the best performance (BAGG and DETR) also satisfy all fairness
metrics.

Insight #1. In our experiments on 2-B Diabetes US data, high-performing
models like BAGG achieved competitive fairness outcomes—challenging
the assumption that strong performance comes at the cost of fairness.
This suggests that, in certain healthcare contexts, mitigation may not be
necessary if both goals are met by default.

Mitigation techniques were also applied to this dataset, and the
results were consistent with those observed in the other categories. For
this reason, we do not discuss them here, but instead provide a detailed
analysis in the following paragraphs.

7.2.2. 1-B datasets

Table 6 reports the initial results (i.e., without any mitigation) for
1-B datasets. Each cell displays the number of satisfied fairness metrics
using the “division” comparison: if we consider both mean and std dev,
values range from 3 to 7 (from 4 to 11 if we only consider the mean)
out of 11 fairness metrics. For the subtraction comparison, the initial
results are not shown for space reasons, but are present in our project
repository [11]. In particular, the results are very similar to those we
describe below for the division approach, but the subtraction approach
is generally less affected by the threshold, thereby sometimes causing
more metrics to be satisfied.

The dataset that satisfies the smallest number of fairness metrics
for all models is Sepsis-sex - highlighted in orange - and the best one
is Stroke - highlighted in green. All models obtained similar fairness
results, with ADBO (in orange) slightly worse than the others. Regard-
ing performance, RAFO and BAGG achieve the highest Acc (ranging
between 0.892 and 0.960) as well as strong F; values (between 0.685
and 0.900).

In this category, models with strong performance metrics also tend
to exhibit good fairness outcomes. However, Table 6 shows that fairness
results vary significantly across datasets, even when they are in the
same category. Specifically, the number of satisfied fairness metrics
ranges from a minimum of 3 to a maximum of 7.

Insight #2. In our experiments, even balanced datasets like Sepsis-sex
did not always lead to fair outcomes. Being in the 1-B category does not
guarantee fairness, so practitioners should always assess fairness metrics
explicitly.

Although all dataset configurations have a different initial fairness
profile, they all benefit in similar ways from mitigation effects from
the various techniques. This allows us to select the Alzheimer-sex as
the representative dataset for the 1-B category and examine the effec-
tiveness of pre-, in-, and post-processing mitigation techniques with
the EXRT model. The chosen model has the worst performance on
this configuration (Acc = 0.837 + 0.073,Pre = 0.855 + 0.062,Rec =
0.657 + 0.109, F; = 0.740 + 0.094), but achieves the best fairness (5
metrics satisfied considering both mean and std dev values, and 11
metrics considering only the mean).

Pre-processing. Fig. 2 shows the fairness metrics values after the
application of pre-processing techniques RW, DI, LF, CR and OP. The
OP technique improves most fairness metrics, considering both the
mean and std dev (to avoid clutter, only mean values are shown in
the plots) and proves to be the winning technique even though Acc
degrades from 0.837 to 0.714 and F,; 0.740 from to 0.539.

In-processing. Fig. 3 shows fairness metrics results after the appli-
cation of in-processing techniques AD, ER, and PR. PR demonstrates
its strength in directly embedding fairness constraints into the training
process, leading to substantial improvements in fairness metrics, specif-
ically EOP, TEQ, FOR and FNP. Its Acc is still high (0.828) and also F;
is significant (0.749).


https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing
https://drive.google.com/drive/folders/1ioSw5K5CghWy4hrTNnlGFZQPoIiS67kh?usp=sharing

C. Criscuolo et al.

Table 6

Information and Software Technology 189 (2026) 107898

Satisfied fairness metrics with division comparison wrt mean and std dev (in
brackets, only wrt the mean) for unmitigated 1-B datasets across all ML models.

LORE DETR BAGG RAFO EXRT ADBO
Stroke 6 (6) 7 (11) 6 (10) 6 (10) 6 (8) 6 (6)
AIDS-age 5() 5(10) 610 611 5(8) 5(11)
Sepsis-sex 30 3 (6) 3(8) 3(6) 3@ 3(8)
Alzh.-sex 511 4(9) 47 4(7) 5(8) 4(7)
Alzh.-race 409 4(8) 4010 401 4Q0 4 (5)
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Fig. 3. Fairness metrics (division) after in-processing mitigation on Alzheimer-sex.

Post-processing. Fig. 4 shows fairness metrics results after the appli-
cation of post-processing techniques RO, CE, T0O, and EO. EO is the best
choice for post-processing, as it effectively improves EOP, TEQ, FOR
and FNP. The performance metrics for this technique are also similar
to the original ones: Acc = 0.827 and F; = 0.722.

For the subtraction comparison, plots are not displayed for space
reasons, but they are available in our project repository [11]. With this
dataset, all three kinds of processing (pre-, in-, post-) lead to fairness
results very similar to the ones obtained with the division approach.

Insight #3. In our 1-B healthcare datasets, such as Alzheimer-sex, OP,
PR and EO are the most effective mitigations for improving fairness in
the pre-, in-, and post-processing types, respectively.
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7.2.3. S datasets

Table 7 presents the initial fairness results for datasets classified
as ‘“skewed” evaluated across all ML models. Each cell indicates the
number of satisfied fairness metrics, computed using the “division”
comparison. The datasets with the lowest number of satisfied fairness
metrics across all models are Diabetes Women and Sepsis-age (high-
lighted in orange), while the dataset with the best fairness results is
AIDS-homo (highlighted in green). Among the models, LORE, EXRT
and ADBO—highlighted in green—are the best performers, whereas
DETR performs the worst. Compared to the previous category (1-B),
the number of satisfied fairness metrics is generally lower for skewed
datasets, with one exception: AIDS-homo (in the S category) achieves
slightly higher fairness values than Sepsis-sex (in the 1-B category).
For the subtraction comparison, the initial results are not shown for
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Fig. 5. Fairness metrics (division) after pre-processing mitigation on Myocardial with DETR.

Table 7

Satisfied fairness metrics with division comparison wrt mean and std dev (in
brackets, only wrt the mean) for S datasets across all ML models.

LORE DETR BAGG RAFO EXRT ADBO
Diabetes W. 4 (4 2(5) 3(6) 2(5) 34 4 (4
Sepsis-age 34 3(® 35 34 3@ 3(8)
Myocardial 4(8 4 (5) 4 (6) 5(5) 4 (5) 4 (6)
AIDS-race 4 (6) 4 (11) 49 4 (10) 57 5(7)
AIDS-homo 5(@7) 5(?) 5 (6) 5(?) 511 4 (11)

space reasons. Later in this section, we shall explicitly compare the two
approaches, showing that the subtraction approach is less restrictive
than the division approach, possibly leading to more satisfied metrics.

Insight #4. In our experiments, skewed datasets like AIDS-homo (S
category) typically satisfy fewer fairness metrics than partially balanced
(1-B) ones. However, a skewed distribution does not always imply severe
unfairness, so fairness should still be measured empirically.

For class S (“skewed”) we show multiple datasets and multiple ML
models, with both “subtraction” and “division” comparisons:

+ pre-processing: Myocardial, 3 ML models, only division;
+ in-processing: Diabetes Women division and subtraction;
* post-processing: AIDS-race, BAGG model, division and subtraction.

11

Pre-processing. Figs. 5, and 6 present fairness results for the Myocar-
dial dataset after the application of pre-processing techniques across the
DETR, BAGG and RAFO models respectively. In this dataset, considering
only the mean values, between 4 and 6 metrics are originally satisfied,
but after mitigation 9 metrics out of 11 are satisfied using OP. Modify-
ing the dataset, OP slightly changes accuracy (from Acc = 0.994 +0.003
to Acc = 0.946 + 0.014) and precision (from Pre 0.970 + 0.026 to
Pre = 0.975 + 0.050) but it drastically reduces recall and thus F; (from
Rec = 0.959 + 0.054 and F; = 0.963 + 0.019 to Rec = 0.358 + 0.073 and
F; = 0.519+0.078). This fall-off in Rec is reflected on FPP values, which
increased after applying the mitigation.

In-processing. Fig. 7 plots fairness results for Diabetes Women with di-
vision and subtraction comparison after the application of in-processing
techniques. These plots show that no in-processing technique signifi-
cantly improves fairness metrics; this also occurs in the experiments
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Fig. 6. Fairness metrics (division) after pre-processing mitigation on Myocardial with BAGG (top) and RAFO (bottom).

performed with other S datasets (not shown for brevity). Furthermore,
comparing the two plots shows that division and subtraction are gener-
ally in agreement, but in some cases, such as FNP and FPP, division is
more stringent, and these two metrics are satisfied only by subtraction.

Post-processing. Fig. 8 plots fairness results for AIDS-race with BAGG
using division and subtraction. Considering only the mean, CE seems
the most powerful technique, while taking into account both mean and
std dev, the EO technique is the best performer using division. With
subtraction, EO is even more powerful, as it increases the number of
satisfied fairness metrics from 5 to 10, considering both mean and std
dev.

Regarding performances, E0 maintains values near the original
ones: from Acc =0.886+0.016 to 0.844 +0.023, from Pre = 0.783 +0.090
to 0.682 + 0.112, from Rec = 0.687 + 0.071 to 0.607 + 0.090 and from
F; =0.729 + 0.068 to 0.636 + 0.082.

Insight #5. In skewed datasets like AIDS-race, (i) OP (pre) improves
fairness but significantly reduces Rec and F,; (ii) in-processing techniques
show limited fairness improvements; (iii) EC (post) improves fairness,
with minimal impact on performance; (iv) division is more stringent than
subtraction in fairness evaluation.

8. Findings, considerations and guidelines

Firstly, we illustrate our findings, presenting the best-performing
techniques for each performance and fairness metric, briefly presenting
the trade-off between them. Secondly, we outline some final consider-
ations along with five practical guidelines for users.
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8.1. Findings

In the following tables, results are aggregated over all ML mod-
els, and dataset categories. To assess whether differences for fairness
and performance metrics among mitigation strategies are statistically
significant, we first apply a one-way ANOVA test for each metric. If
the resulting p-value is greater than 0.05, we fail to reject the null
hypothesis, indicating that no statistically significant difference exists
across the mitigation techniques for that particular metric. However, if
the p-value is less than 0.05, we conclude that at least one mitigation
differs significantly, and we proceed with Tukey’s Honest Significant
Difference (HSD) test to identify which specific mitigation pairs are
significantly different. For interpretability, we visualize the results
using box plots and compute rankings for each mitigation technique
for each studied aspect. These rankings are extracted doing, for each
dataset, the mean of the metric scores across multiple ML models,
and then the average for all datasets within its category. Thus, in the
following tables, the symbol > means “statistically significantly better
than” and the symbol ~ means “no statistical difference”.

8.1.1. Findings regarding performance metrics

Table 8 presents a ranking, along with the best-performing tech-
nique (in bold), for each performance metric across different dataset
categories and mitigation processing types. For pre-processing tech-
niques, LF is the top-performing mitigation across all datasets (around
80% of configurations for S datasets, 60% for 1-B datasets and 100%
for 2-B datasets) and performance metrics. LF is designed to modify
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Fig. 7. Fairness metrics after in-processing mitigation on the Diabetes Women dataset. Top: division method. Bottom: subtraction method.

Table 8

Ranking of mitigation techniques for dataset category for all performance
metrics.

Pre-processing In-processing Post-processing

S Acc LF > DI ~ CR ~ RW ~ OP ER »~ PR »~ AD CE ~ RO » TO ~ EO
1BAcc LF~RW~DI~CR>0P PR=~ERG®=AD RO ~ CE ~ TO > EO
2BAcc LF>DI~CR~RW~0OP AD=~PR~ER CE=~TO=~ED=~RD
S Pre LF > CR ~ DI ~ RW > OP ER ~ PR ~ AD CE ~ RO ~ TO ~ EO
1BPre LF>RW~DI~CR>0P ER=~PR=~AD RO ~ TO ~ CE ~ EOD
2BPre LF~0OP~DI~CR~RW PR~AD~ER RO=~CE~TO=~EQD
S Rec LF > RW~DI~CR>0P ER~PR~AD EO~CE~R0O~TO
1-BRec LF>RW~CR~DI>0P ER=~PR=~AD EO ~ RO ~ TO ~ CE
2BRec LF>0P~DI~CR~RW ER=~AD~PR RO>TO~EQD~CE
S F LF >RW~CR~DI>0P ER~PR>AD CE~ RO~ TO=~EQ
1-B F, LF > RW~ DI~ CR>0P ER~PR~AD RO~ TO ~ CE ~EO
2-B F, LF > 0P ~DI xCR~RW ER=~AD~PR RO >TO~ED=~CE

the data distribution in a way that minimizes performance degradation,
making it the most effective pre-processing approach. For in-processing,
ER is most often the leading technique, followed closely by PR and AD,
and all three techniques actually perform worse than the “original”
(OR 1i.e., no mitigation applied). The similar performance of all in-
processing techniques suggests that they exhibit comparable behavior
across multiple datasets and metrics. Finally, for post-processing, RO is
the dominant technique, often emerging as the best for all performance
metrics across all datasets and performing slightly better wrt “original”
for Pre, Rec and F| (in the 60% of cases for S and 1-B datasets and
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100% for 2-B datasets). The difference between all post-processing
techniques is not statistically significant for the ANOVA and Tukey’s
HSD test; thus, the difference is negligible for all performance metrics.

Fig. 9 shows the overall performance values on 1-B and S datasets,
respectively, making it clear that, for all mitigation techniques, the
performance metrics have similar values and that LF is the best mit-
igation technique regarding performance across all mitigation types
(considering at the same time pre-, in- and post-processing).

From the empirical results, we can also extract the best ML models
regarding performance: ADBO, RAFO and EXRT are the best performers
in all dataset categories (S, 1-B and 2-B). Specifically, ADBO consistently
achieves the best Acc. These ensemble methods obtain higher results in
terms of all performance metrics (all around 0.98 and 0.95) than the
other models (DETR, LORE, BAGG), which obtain slightly lower but still
reasonable values (between 0.81 and 0.93).

Insight #6. Performance Metrics: In our experiments, for pre-processing
LF is the best-performing strategy, for in-processing all the mitigations
perform similarly, with ER leading in most cases, for post-processing R0
consistently offered high performance. ML models: ADBO, RAFO and
EXRT are the best performers, and ADBO achieves the highest Acc.

8.1.2. Findings regarding fairness metrics

Table 9 presents the best-performing technique for each fairness
metric (both division and subtraction comparison) across different
dataset categories and mitigation processing types. In each cell, if there
is only one entry value, that means that it is the same for the division
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Fig. 8. Fairness metrics after post-processing mitigation on the AIDS-race dataset. Top: division method. Bottom: subtraction method.

and the subtraction comparisons; otherwise the first value reports the
results for the division comparison, and the second one (i.e., after the
‘/’) reports the value for the subtraction comparison. The same table
also highlights possible statistical differences: the symbol ‘/’ means
that there are no statistical differences, while the symbol ‘! indicates
that the mitigation techniques or the original baseline (OR) have a
statistical difference with other techniques. In this case, the user can
choose a technique that is statistically no different but reaches a better
trade-off between performance and specific fairness metrics. For the
ANOVA and Tukey’s HSD test, almost all mitigation techniques do not
exhibit statistical differences, especially the in-processing ones.

The results highlight only the best technique, but, in only a few
cases, only one technique can improve a specific fairness metric. Some
cells have different techniques for division and subtraction (i.e., split
with /), suggesting sensitivity to the comparison method. There are
distinct behaviors between pre-, in-, and post-processing techniques,
and certain techniques appear repeatedly across multiple fairness met-
rics: for pre-processing, OP shows strength especially for S datasets
for 7 out 11 fairness metrics, indicating more consistent effectiveness
compared to the results on 1-B datasets; regarding in-processing, for
S datasets results are more varied compared to the 1-B configura-
tion. Unlike pre-processing, the number of competing techniques in
in-processing is lower, making fairness results’ differences between
the winning and other techniques less pronounced. In several cases,
multiple techniques share the top spot for a given metric. EO is the
dominant post-processing technique, outperforming others in 10 out
of 11 fairness metrics for 1-B datasets. For S datasets, E0 remains the
leading mitigation, excelling in 6 out of 11 metrics.

14

From the empirical results, we can also extract the best ML models
regarding fairness metrics. Regarding the best ML models for each fair-
ness metric, there are no statistical differences among all the models;
the top performer for all dataset categories is ADBO, which obtains
fairness metric values nearest to 0 wrt other models.

To further summarize our findings, we rank mitigation techniques
across all fairness metrics by dataset category. Table 10 reports, for
each category, an ordered list from the best (in bold) to the worst
technique according to the number of satisfied fairness metrics: the
more fairness metrics the technique satisfies, the better the ranking.
In the table, the symbol > means “better than” and ~ “as good as”.
We include 2-B datasets for completeness, although they would not
require mitigation. It is worth noting that, for both 1-B and S datasets,
the winning techniques are the same within the same processing type:
OP is the best for pre-processing, PR for in-processing, and EO for
post-processing techniques.

Insight #7. Fairness Metrics. Pre: UP performs best, especially for S
datasets. LF and Rl/ also show good results. In: PR and AD perform
similarly in S and 1-B datasets, while ER dominates in 2-B datasets. Post:
EO is the most effective technique across the majority of datasets and
fairness metrics. ML models. There are no statistical differences among
all the models; ADBO obtains the best fairness metric values wrt to the
other models.

8.1.3. Trade-off between performance and fairness metrics
Finally, we briefly describe the trade-off between performance and
fairness metrics. For each fairness metric and performance metric, we
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Fig. 9. Box plots of overall performance metrics. Top: 1-B datasets. Bottom: S datasets.

Table 9

Best mitigation techniques by fairness metric across dataset categories.
Metric Pre 1-B Pre S In 1-B InS Post 1-B Post S
GFA OR! 0P v ER v ER v EO/TO v EO v
PPA CR Vv 0P ! PR/AD v OR! EO/CE v CEv
PEQ OP/LF v CR v PR/ER v PR/ER v EO v EO/CE v
EOP DI/CR v LF v ER/AD v ER v CE v RO v/EO !
EOD RW I/LF v OP/LF v ER/AD v PR/ER v CE/EO v TO/CE v
CUA LF/DI v OP/LF v ER v/0R ! ER/PR v TO/EO v TO !
OAE LF v OP/LF v OR! PR v EO/RO v RO v
TEQ OR !/CR v 0P/CR v PR/ER v AD/PR v OR 1/EO v EO!
FOR LF/DI v DI v//OR! ER/PR v ER/AD v RO/EO v RO YVEO v
FNP DI v/CR! LF v OR !/PR v ER v EO v EO!
FPP 0P ! OP/LF ! PR/AD v AD v//0R ! EO v CEv

Table 10
Ranking of mitigation techniques for dataset category for all fairness metrics.

Pre-processing In-processing Post-processing

S OP > LF > RW > DI ~ CR PR ~ AD ~ ER EO > RO ~ TO > CE
1-B OP > LF > RW > CR > DI PR > AD ~ ER EO > CE > RO ~ TO
2-B RW > 0P ~ LF ~ CR ~ DI ER > PR ~ AD TO > E0 ~ CE ~ RO

plot the trade-off for each dataset category (S, 1-B and 2-B) and for all
datasets together; the full set of plots (more than 500) is available in
the shared folder. As an example, Fig. 10 presents the trade-off of a
specific fairness metric (GFA, often used for comparison) and Acc for S
datasets. The different shapes represent the different ML models and in-
processing mitigation techniques (which do not depend on a ML model)
and the different colors represent the original baseline and the pre-,
in- and post-processing techniques. In-processing techniques are both
model and mitigation, thus in the scatter plot there will be only one
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combination for each specific color and shape for each in-processing
technique. In this specific example, GFA is satisfied by all mitigation
techniques (since its absolute value is always lower than = = 0.15). The
best technique for Acc is LF, while, for almost all ML models, OP, PR,
TO, and EO reach the best GFA values.

Generally, after applying the winning mitigation techniques pre-
sented before, Acc and F, decrease, on average, by around 0.1, al-
though OP in many cases improved both. In the worst case, Acc and
F; decreased by 0.2 and, resp., 0.6 with OP, by 0.1 and 0.3 with PR,
and by 0.7 and 0.3 with EO.

Insight #8. Fairness-performance trade-off. In our experiments, applying
mitigation techniques often reduced Acc and F,. However, OP occasion-
ally improved both. LF achieved the highest accuracy overall, while OP,
PR, and EO consistently yield the best fairness results—highlighting the
need to balance priorities based on the task.
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Fig. 10. Scatter plot of trade-off between GFA fairness metric and Acc for S datasets.

8.2. Final considerations

We outline below the general limitations and key considerations
encountered in our experiments.
Balanced datasets. We used only one dataset in the 2-B category (i.e., the
most balanced one), due to two key reasons: (i) in the healthcare sector,
datasets balanced on multiple aspects are rare, as the populations from
which the data are drawn are often limited, and the primary focus
of such datasets is typically disease prediction, which is inherently
imbalanced; and (ii) in most balanced datasets, fairness metrics are of-
ten naturally satisfied, reducing or eliminating the need for mitigation
techniques.
Reliability of results. Our framework includes a shuffling step during data
cleaning to eliminate order bias, followed by k-fold cross-validation
to ensure robust estimation. For each configuration, we report both
the mean and standard deviation of performance and fairness metrics
across the folds. We did not repeat the entire cross-validation process
multiple times since repeated full runs tend to yield marginal benefit
in reliability [70], and in large-scale experiment settings like ours, it is
not feasible due to resource constraints.
Defaults. We employed the techniques as implemented in their respec-
tive libraries, using default settings wherever possible, for three main
reasons: (i) parameter tuning is often highly context-dependent, and we
aimed to ensure generalizability across different scenarios; (ii) certain
techniques, such as OP, rely on specific functions to transform and
optimize the dataset, making default settings essential for proper func-
tionality; and (iii) using default parameters enhances reproducibility.
Specificities of techniques. Initially, LF showed extremely poor perfor-
mance values across all datasets. To address this, we implemented
several adjustments: reducing the number of splits, modifying the
dataset to a balanced subset of ~1000 samples and selecting only
the most relevant attributes. Still, LF remained highly sensitive to
parameter tuning, so we iteratively adjusted k, the most influential
parameter [35], to optimize model performance. OP required all dataset
attributes to be in binary form. Due to suboptimal performance on
larger datasets, only the five attributes most strongly correlated with
the target class were considered. RO did not converge with large
datasets. So for Diabetes US, we kept a maximum of 5000 tuples
and performed dimensionality reduction keeping the 5 features most
correlated with the target. EO frequently encountered a division by
zero, particularly when underrepresented demographic groups were
present in the training or test datasets (e.g., in Sepsis). We then reduced
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the splits (initially 5) to a value that fixed the error while preserving
their utility.

Execution time. The runtime of the mitigation notebooks were recorded
for every configuration (i.e., dataset and protected attribute), as mea-
sured on Colab using a T4 GPU. Each mitigation notebook took approx-
imately 500 s to execute.

8.3. Practical guidelines

Drawing from our empirical findings, we outline five actionable
recommendations to help practitioners effectively apply FAIR-CARE to
healthcare datasets.

1. Start by evaluating the baseline model — it may already be
fair enough. Before assessing fairness, users must ensure that
their dataset is appropriately cleaned and the user should iden-
tify which fairness metrics align with the ethical priorities of the
application domain. Once these steps are complete, evaluating
the baseline model may reveal that the chosen fairness metrics
are already satisfied and mitigation might not be necessary.

2. Be aware of the fairness—performance trade-off when apply-
ing mitigation. Fairness mitigation may come at the cost of
predictive performance. Users should first clarify which perfor-
mance metrics are most critical for their task. This helps guide
acceptable trade-offs. If fairness is the primary concern, tech-
niques like OP, PR, and EO tend to yield the best improvements.
For a better accuracy—fairness balance, consider LF, ER, and RO.

3. Select mitigation methods based on the analyzed dataset
and processing preference. Select the mitigation type based
on your goal and willingness to alter data, models, or outputs.
Each mitigation stage has trade-offs: practitioners should choose
based on how invasive or transparent they want the mitigation
to be. Use also the dataset category to guide your choice: For
skewed (S) and partially balanced (1-B) datasets:

* Pre-processing: 0P
+ In-processing: PR
* Post-processing: EO

For fully balanced (2-B) datasets:

* Pre-processing: RW
+ In-processing: ER
* Post-processing: TO
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4. Select the ML model that best fits the users’ needs - if pre-
dictive performance is critical, selecting the right ML model
is just as important as mitigation. Among ML models, ADBO,
RAFO, and EXRT are top performers. ADBO achieve the highest
accuracy and best fairness results. However, these models are
less interpretable than simpler models like logistic regression or
decision trees. If explainability is less critical in your context,
these models may help compensate for performance drops from
mitigation.

5. Choose fairness metric types (division vs. subtraction) based
on clarity and context. Division-based metrics are often easier
to interpret for non-technical users and may be preferred in
public reporting settings. However, subtraction-based metrics
can be useful when small disparities matter. The choice should
reflect the intended audience and context.

9. Conclusions

High-risk applications, like healthcare prediction, should grant fair-
ness in the results computed by the ML algorithms. In this paper, we
have proposed an evaluation pipeline, called FAIR-CARE, that we used
to perform a systematic assessment of numerous unfairness mitigation
techniques, through an extensive set of ML algorithms, fairness and per-
formance metrics. Our tests covered many different healthcare datasets,
overall largely exceeding the amount of configurations considered by
previous studies. Our study highlights that fairness and performance
can coexist, and mitigation techniques are a suitable way to achieve
this; their effectiveness, however, depends on a number of factors,
including the dataset category and the processing stage, whose impact
we have analyzed in depth in this paper. Future work includes a deeper
investigation of parameter tuning and the integration of FAIR-CARE in
ML systems.
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