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Abstract

This study explores the presence of gender bias in Artificial
Intelligence-assisted diagnosis systems for cardiovascular diseases,
considering legal and technical aspects. Driven by new regulatory
requirements, the Artificial Intelligence Act, and the growing
deployment of Artificial Intelligence in medical applications, this
thesis examines how gender bias manifests in the identification of
cardiovascular diseases and how to effectively identify and mitigate
it. Utilizing three cardiovascular datasets, each evaluated under
multiple gender composition scenarios, this work employs a range of
Machine Learning methods to predict cardiovascular disease outcomes.
The Fairlearn and FairMLHealth toolkits are used to assess bias
through the implementation of well-established fairness metrics.
Subsequently, Fairlearn and AIF360 are deployed to implement
distinct mitigation approaches. The results reveal that both model
performance and fairness outcomes are significantly influenced by
gender imbalance in training data. Despite the efficacy of certain
mitigation strategies in reducing gender bias, a clear trade-off persists
between prediction accuracy and fairness. The thesis underscores the
paramount importance of integrating fairness into the development of
Artificial Intelligence to promote its effective and lawful application in
healthcare contexts.

10



1 Introduction
In recent years, our society has placed greater emphasis on health
and well-being [67], a development also noted by the World Health
Organization (WHO), which emphasizes the growing global recognition of
health promotion and well-being [106]. Since the 1950s, the average lifespan
has increased considerably as a result of medical advancements and healthier
lifestyles. However, the increase in overall longevity does not necessarily
imply an equivalent increase in the health span of individuals [50]. In fact,
the probability of developing a disease increases with advancing age [93],
as more than 80% of individuals over 65 experience at least one chronic
illness [47]. Consequently, progress in the medical and healthcare fields is
essential for improving disease prevention, early detection, and treatment
[88]. This is particularly critical in cases where diseases may result in
sudden death, such as cardiovascular diseases (CVD). This extends beyond
the mere severity of this disease, as CVD is the most common cause of
death worldwide [14]. One such technological advancement that holds great
promise for enhancing the detection of CVD is Artificial Intelligence (AI)
[88]. Nevertheless, the identification of CVD is complicated by the fact
that symptoms manifest in a gender-dependent manner, displaying notable
variability between genders [51]. Therefore, this results in the potential for
decisions to be biased towards one gender, which could be further exacerbated
through the implementation of AI [73]. As datasets serve as the foundation
for training AI systems, another concern emerges [84]: historically, more data
regarding heart health has been documented for men than for women [13]. In
turn, this can affect the performance of algorithms for females and exacerbate
the tendency for misinterpretation [73]. Beyond these fundamental issues,
the implementation of AI also raises significant concerns regarding data
protection and responsible use [56]. In response to these concerns, the
European Union (EU) developed the Artificial Intelligence Act (AIA), a
regulatory framework intended to ensure the safe and ethical deployment
of AI [105]. Its objective is to govern the application of AI in the European
market by promoting the implementation of safe, human rights-respecting AI
that preserves the environment, public health, and safety [11]. Within this
scope, the AIA should prevent discriminatory outcomes, such as gender-based
discrimination, and subsequently promote equal treatment among genders
in medical diagnosis supported by AI [105]. Otherwise, the utilization
of AI in the context of CVD diagnosis holds the potential to result in
life-threatening consequences [101]. Current works offer a wide range of
bias detection and mitigation methods; however, without considering the
new legal foundation, the AIA. Therefore, this work establishes a connection
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between the AIA obligations and a real-world use case regarding AI-assisted
CVD predictions. Thus, the present thesis is intended to be aligned with the
AIA in identifying and mitigating gender-related disparities in AI-assisted
CVD diagnosis. Moreover, this study offers a legal analysis of a real-world
use case, as well as a fairness evaluation and mitigation using multiple tools
applied to three CVD datasets. Therefore, adherence to the recent legal
framework is facilitated, and a thorough comparative analysis of various
gender bias detection and mitigation techniques is conducted.

1.1 Motivation of the Thesis

AI is on its way to change and revolutionize every aspect of our lives [53].
Rapid breakthroughs in hardware speed and software algorithms are driving
the rapid emergence of AI. This is also evident in healthcare and medicine,
where AI has dramatically improved diagnostic accuracy, enhanced medical
imaging analysis, and optimized disease prediction, resulting in more
accurate clinical decisions and greater efficiency [89]. However, there are
also risks and disadvantages for individuals and society that can result from
decisions made by an AI-driven system. To prevent risks such as biased
decisions by AI systems, ethical and legal guidelines must be established and
followed [81]. With the first publication of the EU AIA on July 12, 2024, the
first steps have been taken to regulate the use of AI in the EU [12]. Using a
risk-based approach to classify AI systems, the AIA establishes a consistent
framework for all EU nations, dividing risk into four categories: minimal
risk, limited risk, high-risk, and unacceptable risk [48]. As this thesis
is specifically concerned with a use case in the medical field, a high-risk
scenario is applicable in accordance with Article 6(2) of the EU AIA [4].

The EU AIA categorizes the domain of AI-driven healthcare systems
as high-risk due to concerns pertaining to ethics and regulations, in addition
to their potential implications for individual health. The presence of bias
in medical AI systems is a significant issue that can lead to discrimination,
errors in diagnosis, and unfair treatment of patients. Accordingly, the EU
AIA includes provisions aimed at safeguarding the interests of patients
and facilitating equity in healthcare. One such provision is the stipulation
in Article 10 that high-risk AI systems must adhere to the principles of
fundamental rights of individuals. A reason why such fairness measures are
necessary is the gender bias in the diagnosis of CVDs [51]. There is evidence
that AI models are trained on datasets containing predominantly male
patients, contributing to severe underdiagnosis of women in this regard [73].
This presents significant ethical and legal issues regarding compliance with
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medical regulations and anti-discrimination laws [57], and conflicts with
the principles of fairness outlined in provisions of the AIA. Therefore, the
elimination of bias in AI-based cardiovascular diagnostics is a primary focus
of this research, as it is both a scientific need and a regulatory requirement.

Nonetheless, the existence of bias in AI technologies deployed in healthcare
is evident despite the scientific advances in this field that have been made to
that point. It is worth noting that the majority of algorithms do not consider
gender and its influence on the individual’s health or any disease disparities,
leading to gender bias [36]. Gender bias is already a well-documented issue,
especially in the identification and treatment of CVD. Research shows that
women are underdiagnosed and underrepresented in clinical trials, and thus
experience inequality in treatment [13]. The significance of this topic in
the healthcare domain is indisputable as well as in society in general, as
CVDs are known as "silent killers" [56] in medicine because they often go
unnoticed [56]. Historically, the prevailing perspective on CVDs was that
they primarily affected males. Nevertheless, this persists in impacting the
treatment and diagnosis of CVDs for women. Indeed, despite women sharing
equivalent risk factors for CVDs with men, they are observed to be 50%
more prone to receiving a misdiagnosis of a heart attack [18]. Additionally,
statistical evidence indicates that women are more likely to die from CVD
than men [39]. Especially in healthcare-related implementations, bias in
AI algorithms has become a serious concern. As a result of learning from
data, these algorithms often reinforce or exacerbate biases in the data,
producing unfair or incorrect results [98]. Inaccurate risk prediction, delayed
or missed diagnoses are possible outcomes for certain patient groups [73].
However, the consequences go beyond the individual patient and include
loss of confidence in healthcare institutions, legal and moral implications,
misallocation of resources, and a slowdown in innovation [35].

A number of studies have previously examined the detection and mitigation
of bias in the prediction of CVD. For example, the work by Sufian et al.
[98] using cardiovascular imaging with a focus on mitigation, as well as the
work by Li et al. [65] and Karim et al. [60], but using electronic health
records (EHRs). However, this thesis specifically aims to address gender
bias in the diagnosis of CVDs. From a medical standpoint, this matter was
also analyzed by Al Hamid et al. [18] in a review of various studies. Their
findings revealed that, contrary to men, women had less access to diagnostic
testing and cardiovascular medications [18]. Medical studies such as the
review by Desai et al. [39] and the work of Suman et al. [100] emphasize
the differences in symptoms experienced by people of different genders when
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they have CVD. These differences may be of hormonal, vascular, biological,
or biochemical origin. Both papers identify risk factors for CVD, with Desai
et al. [39] highlighting risk factors specific to women as a first step forward
[39] [100].

In the initial phase of this study, an examination of a use case from a
legal perspective related to a high-risk AI system for the diagnosis of
CVD will be conducted. This use case involves the implementation of
an AI-powered diagnostic tool in medical facilities, with the objective of
assisting healthcare professionals in the detection of CVD. A more thorough
description of the use case can be found in Section 3.1. The results should
establish guidelines and objectives. These will serve as a foundation when
reviewing bias detection and mitigation strategies applicable to the medical
field. Furthermore, the outcomes of the legal analysis will serve as guidelines
when implementing the bias identification and mitigation techniques in a
practical setting using different models based on healthcare data predicting
CVDs.

1.2 Research questions

To address the issue of gender bias in the diagnosis of CVD, both from a
legal and technical standpoint, the following research questions were defined.
For an examination of the complexity of this healthcare issue, these research
questions will guide us in proposing effective bias detection and mitigation
techniques.

Main research question: How can gender bias in AI-based diagnosis of
cardiovascular disease be effectively detected and mitigated in the healthcare
sector?

• RQ 1 (Legal Analysis) What are the legal implications of the EU AIA
for the employment of bias detection and mitigation methods to detect
gender bias in medical data-driven AI systems for predicting CVD?

• RQ 2 (Detection and Mitigation Strategies) How can gender bias in
cardiovascular disease be identified and addressed?

• RQ 3 (Technical Analysis) How does using gender bias detection and
mitigation strategies in AI-based cardiovascular disease diagnosis affect
model performance and fairness?
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These research questions will provide a clear legal perspective on the
aforementioned use case and a solution approach to minimize the risks of
using AI in a practical setting in such a sensitive area as healthcare.

1.3 Structure of the Thesis

Chapter 1 outlines the purpose and motivation of this thesis, emphasizing the
importance of investigating gender bias in AI-driven cardiovascular disease
diagnoses. Therein, the research questions that are intended to be answered
in this work are proposed. Chapter 2 delineates extant knowledge about
the subject in literature. Initiating a discussion on the state of the art
in AI-assisted CVD diagnosis, the most successful CVD algorithms are
reviewed. Furthermore, bias detection and mitigation techniques, as well
as the tools that facilitate these methods, are introduced. Additionally,
some background knowledge regarding the regulatory landscape before and
after the AIA enforcement is described, thereby exploring the impact of its
implementation. Overall, this chapter builds a foundation for the theory
applied in the subsequent chapters of analysis. Next, in Chapter 3, the
methodological approaches employed are outlined, including the Design
Science and IRAC methods, and their application is elaborated. In addition,
it incorporates the introduction of the use case, thereby establishing the
foundation for the legal analysis. Chapter 4 is concerned with the legal
perspective of the use case, on the basis of the AIA. Therein, legal and
ethical concerns are highlighted, followed by the regulatory assessment of
the use case by applying the IRAC method. Subsequently, Chapter 5
initiates the technical implementation involving data preparation and model
development. First, the characteristics of the datasets are presented, followed
by a discussion of the preprocessing procedure. Subsequent to this, ML
models are established and applied to predict CVD, thus serving as a
foundation for the identification and mitigation of gender bias. Next, Chapter
6 continues the technical implementation with a delineation of fairness tools,
followed by a presentation of the results. Chapter 7 provides a reflection on
the work that has been done and offers a critical discussion of it. This chapter
also provides answers to the research questions. Furthermore, the critical
perspective yields the recognition of the limitations of this thesis. Finally,
Chapter 8 synthesizes the findings and underscores the contributions of this
study to the academic literature, along with its implications for the medical
field in terms of CVD prediction.
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2 State of the Art
The underlying causes of gender bias in the diagnosis of CVD are historical
misconceptions and medical negligence [39]. CVD has traditionally been
thought of as a disease that primarily concerns men, thus overlooking its
substantial impact on women, even though it is the leading cause of death
in women [18]. Part of the reason for this bias was the idea that estrogen
significantly prevented heart disease and delayed its occurrence in women by
8-10 years, compared with men. As a result, women’s symptoms were often
mislabeled, delaying diagnosis and limiting treatment options. Accurate
diagnosis in women is complicated by biological characteristics e.g. such
as smaller coronary vessels and a higher prevalence of small vessel disease
[39].

2.1 Current State of CVD Detection using AI

A considerable rise in interest regarding the utilization of AI within the
biomedical domain has been documented over the past two decades [89].
AI, especially Machine Learning (ML) and Deep Learning (DL), is seeing
this growing interest, particularly in cardiology [41]. The emphasis is
directed towards leveraging AI to augment analysis and patient care, with the
overarching aim to achieve maximum efficacy in the healthcare sector [89].
However, it can be observed that AI is becoming increasingly proficient in
other professional disciplines, and the challenge lies in achieving an equivalent
level of proficiency in the medical domain [41]. By leveraging AI, healthcare
professionals can deliver better treatments through an earlier and more
precise detection of many types of diseases. Disease diagnosis and prediction
are essential application domains within the broader field of biomedicine.
Thus, it is also the area of biomedicine where artificial intelligence is most
needed [89]. As AI is being used in a variety of ways to enhance CVD care,
prevention, and diagnosis, Addissouky et al. [14] declared the subsequent
distinct categories in which AI has been applied in relation to CVD in clinical
practice:

• Risk prediction: AI systems are capable of evaluating substantial
volumes of patient data, including imaging reports, medical records,
and genetic data, to identify trends and predict the likelihood of a
CVD [14]. Dorado-Díaz et al. [41] mention in particular the prediction
of cardiac arrhythmias, ischemic heart disease, and heart failure in
this context [41]. Briganti and Le Moine [27] have also discussed that
AI leveraging EHRs has the capacity to more accurately assess the
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potential for cardiovascular disease, including acute coronary syndrome
and heart failure, in comparison to conventional methods [27].

• Image analysis: AI algorithms are capable of investigating medical
images, such as cardiac ultrasounds or scans, to identify indicators that
could lead to CVD [14]. Therefore, with ML models that effectively
predict cardiovascular mortality and differentiate between abnormal
and physiological heart conditions using echocardiographic data, AI is
revolutionizing the diagnosis of CVD [41].

The author also highlights virtual assistants and drug discovery as two other
applications, with AI helping to find new therapeutic targets for CVD and
assisting in patient care by providing individualized virtual support [14].

It is evident that ML has already proven to be a significant positive
transformation in healthcare applications [82]. In particular, decision
support systems driven by ML that examine a clinical characteristic of a
patient offer a valuable way to diagnose heart disease, as early discovery is
crucial to minimizing its severe consequences [86]. Deep learning approaches
also hold particular promise in the prediction of heart diseases due to their
sophisticated real-time prediction abilities and great accuracy [111]. In
recent years, a wide range of AI-driven techniques have been applied to the
diagnosis of CVD [82].

Therefore, a thorough review of the literature on AI-based CVD prediction
from the past five years showed the diverse range of algorithms applied to
the task of predicting CVD. As illustrated in Figure 1, apart from traditional
ML models, the employment of ensemble models, often in combination with
traditional and deep learning approaches, has been observed in various
works. While traditional models are barely applied exclusively for the
prediction of CVD in the explored papers, they are frequently compared
with ensemble approaches. More recent studies have demonstrated a
recurring representation of deep learning models.

Table 1 provides an extensive overview of models applied for the prediction
of CVD. Decision Trees (DT), Support Vector Machines (SVM), and
K-Nearest Neighbors (KNN) were the prevailing traditional ML algorithms,
yielding promising results. In multiple studies [20], [49], [45], [52], [25],
DT demonstrated the strongest performance, achieving 98.6% accuracy, for
example, in the work by Gao et al.[49]. Moreover, Saboor et al. [90] and
Li et al. [66] underscored the efficacy of SVM, highlighting its superior
performance, with the former achieving 96.72% accuracy and 98% F1-score.
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Traditional Machine
Learning Models

Ensemble Learning
Models

Deep Learning
Models

[95],[102] [19],[80],[78]

[52],[79],[92]
[40],[45],[110]
[26],[31],[68]
[38],[90],[61]
[62],[58],[75]
[69],[49], [22]

[66]

[82],[25],[91],
[43],[97],[20]

Figure 1: Distribution of Papers Reviewed across Traditional Machine Learning,
Ensemble Models, and Deep Learning

In numerous investigations [20], [38], [78], [75], [69], [49], [82], Random
Forest (RF) emerged as the most effective ensemble learning technique.
Collectively, all these studies documented outstanding performance, with
accuracies and F1-scores of at least 90% or higher. Other ensemble models
that demonstrated great results included XGBoost [79], [45], [68], [95] and
LightGBM [110]. With respect to DL, the most successful outcome was
achieved through the combination of Convolutional Neural Networks (CNN)
and Long Short-Term Memory (LSTM) network, as demonstrated in Ali et
al. [19] with an accuracy of 98,86% and F1-score of 99,83%. Apart from
CNNs, multi-layer perceptrons (MLPs) are frequently incorporated from the
deep learning domain, also showing promising performances in the works of
Ali et al. [20] and Bhatt et al. [25].

Overall, it can be stated that the range of models employed in the
context of CVD prediction is quite diverse. In accordance with the results
of this examination of the relevant literature, the traditional models KNN
and DT will be employed in the further proceedings of this work. As an
ensemble model, the RF model will be utilized. In order to implement
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CNNs or LSTMs, it is necessary to have time series data. Therefore, it
was determined that the implementation MLP, would be the most suitable
approach to analyze the EHRs that depict the patient’s health status at a
specific point in time.
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However, many obstacles remain, including the necessity of large
datasets of high-quality and their integration into real-world contexts [41].
Furthermore, bias in training datasets, interpretability issues, absence of
clinical validation, and high implementation costs are also among the major
challenges. To achieve widespread use of AI in medicine, several barriers
must be overcome [14]. Despite recent advances, the integration of AI in
medical diagnostics is still in its early stages, and more advanced technologies
are already on the starting blocks. In research, quantum AI technology is
already being explored for its potential to fasten processing in algorithms
and provide accelerated diagnostic systems [17].

2.2 Bias Detection Techniques

AI has a lot to offer the medical field, including precision medicine, task
automation, and advancing research by identifying intricate patterns in
medical data [41]. However, there are also drawbacks to its application,
such as bias, which in the medical field refers to "systematic errors leading to
a distance between prediction and truth, to the potential detriment of all or
some patients" [63]. Bias can be categorized in various manners, this work
adopts the classification proposed by Mehrabi et al. [71] which distinguishes
bias into three main types:

• Data bias: is present when the data from which the algorithm
is learning contains bias [71]. Parate et al.[84] reviewed data bias
specifically in healthcare applications and emphasized that it is a
significant issue in data-dependent decision-making. Data bias may
originate during collection or emerge during the subsequent stages of
analysis and interpretation [84], consequently, data bias can be further
categorized. In terms of cardiovascular health predictions, Sufian et
al. [98] specifically mention sampling and measurement bias as bias
types. While measurement bias is caused by systematic flaws in data
collection, such as malfunctioning medical equipment or inaccurate
collection techniques, sampling bias arises when the training data is
not representative of the general population, resulting in poor model
performance for underrepresented groups [98].

• Algorithmic bias: is described as embedded and recurring biases
in models that yield unfair results and exacerbate existing health
disparities [74]. Unlike data bias, algorithmic bias can occur even
when the input data is free of bias [71]. It arises from the manner
in which models employed in medical practice interpret data and learn
over time [74]. Predictions for different subgroups can be affected by
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unintentional biases introduced by design choices such as statistical
estimators, regularization strategies, and optimization functions [71].

• User Interaction bias: can be created by the user, by choosing a
biased action, or through the user interface [71]. Bias can be introduced
into an AI system by the user or by the human-designed interface that
incorporates the bias into the system. Any bias held by humans can
be transmitted to AI systems, which may serve to reinforce specific
behaviors [81].

Having identified the primary categories of bias, the subsequent task is
to address the essential task of bias detection in healthcare AI systems
to ascertain unbiased results and prevent inequalities. One of the most
significant methods is statistical analysis, which detects bias in healthcare
statistics through the employment of fairness metrics [35]. Within the
existing literature on healthcare applications, the metrics used for fairness
evaluation are specified in Table 2. Reviewing bias detection techniques
in AI-supported healthcare applications, the paper by Hasanzadeh et
al. [54] lists demographic parity, equal opportunity, equalized odds, and
causal fairness as the primary available fairness metrics. Moreover, fairness
is generally measurable through performance metrics such as accuracy,
false positive rate, and true positive rate, when evaluated across distinct
subgroups [33].
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Metric Description References
Accuracy Overall correctness of the model by assessing

the proportion of total correct cases with
respect to all observations

Straw et al. [96], Sufian
et al. [98]

Average Odds
Difference

measures the average difference in true
positive and false positive rates between
groups [109]

Sufian et al. [98]

Balanced
Classification
Accuracy

measures the disparity in balanced accuracy
(average of sensitivity and specificity)
between groups [104]

Sufian et al. [98]

Causal Fairness assesses how independent the expected
prediction is from the sensitive attribute [54]

Hasanzadeh et al. [54]

Demographic
Parity

quantifies the statistical independence
between the sensitive attribute and the
predictive result [54]

Hasanzadeh et al. [54]

Disparate
Impact

is a measure of the ratio of predicted favorable
label percentage between the privileged and
unprivileged groups [65]

Li et al. [65], Sufian et
al. [98]

Equal
Opportunity

ensures that Individuals with the true positive
outcome have an equal chance of receiving a
positive prediction across groups [35]

Hasanzadeh et al. [54],
Chinta et al. [35]

Equal
Opportunity
Difference
(EOD)

calculates the discrepancy in true positive
rates between the privileged and unprivileged
groups [65]

Karim & Asjad [59], Li et
al. [65], Sufian et al. [98]

Equalized Odds computes the absolute difference between
FPR and the FNR for both demographics,
measuring disparate mistreatment [96]

Hasanzadeh et al. [54],
Straw et al. [96]

False Negative
Rate (FNR)

Percentage of positive results falsely labelled
as negative [96]

Straw et al. [96]

False Positive
Rate (FPR)

Percentage of negative results falsely labelled
as positive [96]

Straw et al. [96]

ROC-AUC measures the area under the receiver
operating characteristic curve, representing
the model’s ability to distinguish between
classes [96]

Straw et al. [96]

Statistical
Parity

ensures that the probability of a positive
predicted outcome is equal across groups
defined by a sensitive attribute [35]

Chinta et al. [35]

Theil Index quantifies the disparity in the prediction
outcomes distributed to various groups [37]

Sufian et al. [98]

Table 2: Fairness Metrics Used in Healthcare Applications
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In particular, statistical parity, equal opportunity, and predictive equity
were cited as the fairness measures applied to EHRs [35]. The study by Li et
al. [65] refers to Equal Opportunity Difference (EOD) and Disparate Impact
(DI) as fairness metrics to detect bias in data. Sufian et al. [98] used, in
addition to EOD and DI, the Theil Index to quantify the disparity in the
prediction outcomes distributed to various groups, incorporating factors
such as smoking behavior and gender. A comparison of model outcomes
based on patient demographics, such as age or gender, can be used to
identify potential biases that may influence the outcomes [63]. To assess
differences in prediction outcomes among demographic groups and evaluate
the model’s overall accuracy, performance-based metrics such as Average
Odds Difference and Balanced Classification Accuracy were employed by
Sufian et al. [98]. Aside from statistical analysis as a method for bias
detection, Chinta et al. [35] also suggested end-user feedback and audit tools.

In the work of Sufian et al. [98], Local Interpretable Model-Agnostic
Explanations (LIME) and SHapley Additive exPlanations (SHAP) are
introduced as interpretability techniques. These techniques are designed to
promote the explainability of AI models, thereby helping physicians and
medical staff to understand, properly trust, and interact with AI [23]. SHAP
illustrates the contribution of each feature to the model’s output, while
LIME provides insight into how specific features contribute to the prediction
probabilities produced by the model. By providing such insights, LIME and
SHAP help expose sophisticated biases [98].

2.3 Bias Mitigation Approaches

As bias has the potential to manifest during the various stages of model
development [84], the mitigation of bias can also be initiated during these
three distinct stages: pre-processing, in-processing, and post-processing
[32]. An overview of common bias mitigation techniques used in healthcare
applications is given in Table 3, with the techniques grouped by the stage of
mitigation.

Pre-Processing: The strategy in this step is to ensure diverse demographic
representation prior to model training by adjusting the input data [35],
as there are often biases in the training data that models learn from [84].
A variety of pre-processing methods, including reweighting, sampling and
optimum data transformation have been employed in the past to mitigate
bias. Depending on the specific circumstances, these approaches are either
basic data preparation methods or more complex strategies that increase
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Mitigation
Stage

Technique Description Used By

Pre-
processing

Reweighting Adjusts the weights to balance
the influence of each group while
maintaining the sample size [87].

Raza et al.
[87], Sufian
et al. [98],
Karim &
Asjad [60]

Resampling Alters the composition of the
dataset by reducing the
representation of dominant
groups and increasing the
presence of minority ones [84].

Li et al. [65],
Straw et al.
[96]

Data
Transformation

Modifies or re-labels to eliminate
bias before training [84].

Sufian et al.
[98], Straw et
al. [96]

Fairness by
Ignoring

Excluding sensitive attributes
prior training [65].

Li et al. [65]

In-
processing

Adversarial
Debiasing (ADV)

Trains the model alongside an
adversary that attempts to
predict sensitive features [87].

Raza et al.
[87], Sufian
et al. [98],
Straw et al.
[96]

Constraint-based
Optimization

Incorporates fairness constraints
into the model’s optimization
process [81].

Sufian et al.
[98], Straw et
al. [96]

Reweighting during
training

Updates sample weights
dynamically during training,
putting emphasis on
underrepresented groups [84].

Cenitta et al.
[30], Li et al.
[64]

Transfer Learning Uses a pretrained model trained
on a larger dataset for better
performance [84].

Cenitta et al.
[30]

Post-
processing

Threshold-based
adjustment

Applies methods such as output
calibration and threshold
adjustment to modify decision
thresholds or reconfigure
expected probabilities.

Sufian et al.
[98]

Constraint-Based
Methods

Adapts model outputs to align
with fairness constraints
encompassing equalized odds,
calibrated equalized odds and
reject option classification.

Sufian et al.
[98]

Counterfactual-Based
Techniques

Ensures that predictions remain
consistent when sensitive
attributes are altered by using
counterfactual examples.

Sufian et al.
[98]

Table 3: Overview of Bias Mitigation Techniques Grouped by Mitigation Stage
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model predictability while reducing bias [84]. Techniques such as resampling
and reweighting address data imbalances and promote fairness in model
development [35]. In order to equalize the distribution of classes, re-sampling
and re-weighting algorithms change the sampling probability or loss weight
for majority and minority samples [63]. Li et al. [65] compared three
debiasing strategies: resampling by proportion, which balances positive
class ratios across groups; resampling by group size, which oversamples
the minority group; and eliminating protected attributes such as gender
and race to reduce bias through fairness by ignoring protected variables
[65]. In the review on data bias in healthcare applications, Parate et
al. [84] state that resampling techniques, such as BayesBoost, SMOTE
and AdaSyn, have proven useful in addressing class imbalances. All of
these approaches use synthetic data generation as a mitigation strategy
to rebalance the underrepresented class to ensure fairness [84]. Although
SMOTE and AdaSyn balance classes, they may not maintain the actual
data distributions. For this reason, BayesBoost is considered to be more
powerful because it attempts to more accurately represent the distributions
in the real world, rather than simply rebalancing the classes [42]. However,
as a more effective method, they presented FairSMOTE, which avoids
omitting sensitive attributes during the resampling process by taking
sensitive features and class labels into account when balancing data [84].
Re-weighting balances demographic representation by modifying training
sample weights prior to model training. By weighting samples based
on frequency counts, Raza’s study used this method to predict hospital
readmissions for patients with diabetes while maintaining equity across
gender, race, and age [87]. Data transformation is mentioned by Parate et
al. [84] as a preprocessing technique for debiasing data. This technique
involves modifying data to debias it prior to model training [84]. Basic
data transformation or relabeling are useful strategies when the bias is due
to historical discrimination. In cases where bias results from inadequate
or irregular data collection, more advanced techniques, such as optimal
data transformation, may be required [84]. However, Sufian et al. [98]
employ data transformation by the reformulation of sensitive attributes in
conjunction with feature engineering to mitigate representational bias prior
to model training [98].

In-Processing: In-processing methods build fairness into the learning
algorithm during training [35]. In-processing techniques, therefore,
concentrate on modifying the learning procedure of the model. These
methods aim to prevent the model from predicting only the dominant class
or from reflecting the existing bias [84]. Ntoutsi et al. [81] explained that by

32



directly addressing the discriminative behavior of the model, in-processing
techniques modify the classification process. Therefore, in-processing
approaches adjust the classification procedure by incorporating fairness
constraints, such as modifying decision tree splits and reducing indirect
bias with regularizers [81]. By ensuring that protected characteristics, such
as gender, do not affect the results, techniques such as constraint-based
optimization and Adversarial Debiasing (ADV) diminish bias [35]. The
ADV method trains a classifier to optimize its prediction accuracy
while simultaneously minimizing an adversary’s ability to infer sensitive
characteristics from the predictions [87]. Constraint-based optimization
is responsible for debiasing while maintaining prediction accuracy by
incorporating fairness requirements into the learning method. In healthcare
models, this approach helps ensure fair treatment advice by imposing
constraints such as equality of opportunity or demographic parity [35].
Reweighting can also be implemented during the training of the model.
This process adjusts the sample weights of training data in a manner that
emphasizes underrepresented classes [84]. An in-processing method that is
particularly useful for reducing bias in situations where there is little data to
work with is transfer learning. Applying pretrained models to large datasets
improves model performance by reducing bias and allowing the target model
to absorb past knowledge [84]. Further in-processing methods that facilitate
debiasing include limited capacity models, gradient starvation mitigation,
invariant risk minimization, ensembling approaches, distributionally robust
optimization, and invariant causal predictors. These approaches achieve
bias reduction by updating the objective function or imposing constraints
on the model [63].

Post-Processing: This technique involves modifying the model output
after training to achieve fair results [35], whereby this modification of the
output predictions is usually based on fairness constraints [63]. Especially,
in cases where the model is considered a black box, with no control over
the learning or training data, post-processing stands as the only feasible
option [71]. By modifying the output, post-processing techniques can help
correct biases generated during the model training [84]. For example, such
strategies involve threshold adjustment and output recalibration, which
align predictions with real medical outcomes [35]. Decision threshold
selection, which modifies the categorization threshold, is another way
to ensure fair results. For models used in the context of high-stakes
decisions, where fairness is indispensable, this approach is highly beneficial
[84]. Threshold adjustment determines the optimal cutoff for predictive
algorithms to correctly classify outcomes, including determining patient

33



risk or diagnosing disease. One notable application is the prediction of
CVD [35]. By changing the expected probability of a model, calibration
eliminates bias in the expected probabilities. This is very valuable for
models that rely on predicted probabilities to make decisions, such as
medical diagnoses [84]. Recalibrating the output is essential for AI-driven
healthcare to adapt predictive models to local conditions and to ensure
that the expected probabilities are consistent with real medical outcomes
when applying the model to a new patient population [35]. Razza [87]
outlined the following algorithms for post-processing debiasing: In order
to produce more fair results, the reject option classification modifies the
output by giving labels with preference to underprivileged groups. The
equalized odds algorithm adjusts the labels to maximize the equalized
odds through linear programming, whereas the calibrated equalized odds
algorithm optimizes the scores to find a probability to make the output
labels fairer [87]. Sufian et al. [98] mention counterfactual fairness as
another post-processing technique that recognizes and reduces bias through
the creation of counterfactual instances. These are modified inputs that help
to determine whether the predictions of the model are changing in an unfair
way depending on sensitive features. This approach ensures that predictions
remain unbiased and consistent by modifying outputs to conform to fairness
constraints [98].

2.4 Tools for Bias Detection and Mitigation:

Recently, there have been some advances in tools that are capable of judging
the fairness of a system [71]. Given that the responsibility for fair models
rests with the developer [83], the software engineering community has lately
begun to engage with fairness-aware approaches and, in particular, with
fairness testing [87]. Such tools or libraries are capable of measuring and
visually representing the degree of bias in the data. Others focus more on
investigating the output of the algorithms using metrics that measure fairness
[108]. Raza [87] developed an ML model to address health inequalities in
hospital readmission. FairML1, FairTest2, themis-ML3, and AIF3604 were
mentioned as popular fairness toolkits in Raza’s paper [87]. Furthermore, in
the review of algorithmic fairness in the context of computational medicine,

1https://github.com/adebayoj/fairml
2https://github.com/columbia/fairtest
3https://themis-ml.readthedocs.io/en/latest/
4https://aif360.res.ibm.com/
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Xu et al. [108] name FairMLHealth5, Fairlearn6, and some Google tools7,
such as the ML fairness gym and fairness indicators, as common libraries
used in fairness research [108]. These insights from these two works provided
an initial grasp of the tools used within the health and medicine sector.
Drawing from this evaluation of literature, the following selection of tools
will be leveraged throughout bias detection and mitigation: Fairlearn and
FairMLHealth will be utilized for the purpose of bias detection, thereby
contrasting Fairlearn as a general fairness tool and FairMLHealth as a
healthcare-specific tool that provides domain-specific insights into fairness
in the prediction of CVD. As FairMLHealth is constrained to bias detection
techniques, bias mitigation is performed by comparing approaches from
AIF360 and Fairlearn, two of the most widely used and comprehensive
toolkits. These three tools are elaborated upon in the following paragraphs.

IBM AI Fairness 360 has been listed by Cirillo et al. [36] as a
recent development in the detection and mitigation of bias [36]. Developed
by IBM, it provides a wide range of tools to facilitate bias mitigation
throughout the lifecycle of an AI model [70]. AIF360 is equipped with
over 71 bias detection indicators, which allow users to identify various
forms of bias in models and datasets. The toolkit incorporates nine bias
mitigation algorithms, divided into pre-, in-, and post-processing techniques.
The toolkit includes an interactive online application that makes it simple
for non-programmers to experiment with bias mitigation and detection.
Its flexible architecture allows for ongoing expansion and the addition of
new solutions. Furthermore, tutorials and documentation are available
to help users optimize the toolkit’s functionality to ensure fairness in
AI systems [24]. Focusing on protected attributes such as gender and
race, and measuring fairness using metrics, the study by Chen et al. [34]
sought to reduce bias in ML classifiers by applying and evaluating various
representative bias mitigation techniques on multiple benchmark datasets
using the AIF360 toolkit [34]. The study by Martini and Berton [70]
evaluated the post-processing techniques of AIF360, with a particular focus
on the EqOddsPostprocessing method, through its application on a dataset
pertaining to stroke prediction. Among other post-processing methods,
this strategy was found to reduce bias but have the least impact on model
accuracy and precision. [70].

5https://github.com/KenSciResearch/fairMLHealth
6https://fairlearn.org/
7https://github.com/google/ml-fairness-gym
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Fairlearn offers metrics and techniques analogous to those of AIF
360 for assessing model equity [98]. It is a Python library developed by
Microsoft. Fairlearn’s ability focuses on decreasing unfair inequalities in
model predictions [70]. As part of Fairlearn’s fairness evaluation tool,
the MetricFrame class evaluates performance across multiple demographic
groups, allowing for a separate analysis of a model’s performance for each
group. The toolkit also includes a set of fairness metrics that facilitate the
measurement of bias, such as equalized odds difference and demographic
parity difference. Analogous to AIF 360, Fairlearn is equipped with bias
mitigation strategies that comprise the entire AI lifecycle. These involve
pre-processing methods such as Correlation Remover, in-processing methods
like Exponentiated Gradient, and post-processing methods including
Threshold Optimizer. Fairlearn’s interoperability with prominent Python
libraries, such as scikit-learn, TensorFlow, and PyTorch, facilitates the
management of a diverse range of ML models [106]. In order to minimize
algorithmic bias in cardiovascular predictive models, Sufian et al. [98]
employed Fairlearn in conjunction with an algorithm known as Capuchin, as
well as adversarial debiasing and equalized odds post-processing techniques
[98]. Fairlearn was also integrated by Karim et al. [60] to build for a fairer
heart disease prediction algorithm [60].

FairMLHealth has been referenced as a popular fairness library in
the publication by Xu et al. [108] concerning algorithmic fairness
of computational medicine [108]. Building on the fundamental ideas
introduced by Ahmad et al. [16] in their paper on fairness in healthcare
machine learning [16], the authors presented a tutorial of the FairMLHealth
library at the Conference on Knowledge Discovery & Data Mining in
2020 [21]. The Python toolkit, developed by KenSci, has been specifically
designed for healthcare applications. Its purpose is to audit bias in ML
models. By comparing metrics such as accuracy, calibration, and error
rates, the toolkit enables users to assess the predictive performance of the
model across different patient subgroups. In contrast to general-purpose
fairness libraries, the library has been developed to address the challenges
posed by the complexity of healthcare data, including the presence of
diverse patient groups and biased observational datasets. FairMLHealth
employs a healthcare-focused and cohort-based reporting approach, thereby
establishing a useful link between the practicalities of medical ML nd
theoretical concerns regarding fairness [21].

These fairness toolkits offer practical aids for identifying and mitigating
bias, fostering the establishment of responsible AI applications. Nonetheless,
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the impact of these tools is contingent upon the prevailing legal and ethical
framework within which they are employed. To comprehend the present
legal framework in which these tools are employed, the subsequent section
explores the regulatory environment concerning AI, both prior to and
following the implementation of the AIA.

2.5 Regulatory Landscape before and after the EU AIA

Prior to the implementation of the EU AIA, pre-existing EU legislation
served as safeguards against bias and discrimination in AI systems.
Discrimination was prohibited under Directive 2004/1138 and Articles
20 and 21 of the EU Charter of Fundamental Rights9, but these are
difficult to enforce because they require clear proof of unfair treatment.
In addition, Article 22 of the GDPR10 offers individuals the right to
human intervention and transparency, and establishes protections against
automated decision-making. A key legal consideration when incorporating
debiasing methods is whether changes to data, as well as model changes, fall
within the scope of any regulatory frameworks and laws. Until the AIA was
in place, there was no specific legal frame in place to control the collection,
selection, or modification of training data used for AI models to reduce bias.
Under the GDPR, legal rules apply mainly when the training data contains
personal data. These required a valid reason, such as informed consent,
contractual requirement, or legitimate interest. Furthermore, while Article
9(2)(g) allowed for processing in the public interest, Article 9 of the GDPR
required explicit consent, making it more challenging to mitigate bias in
sensitive data [81]. Given this prior absence of an adequate regulatory
framework which also captures the ethical requirements properly highlights
the demand for AI to be overseen in its creation and application [35]. Kocak
et al. [63] also stated in their paper about bias in artificial intelligence
for medical imaging that, "ultimately, the ethical use of AI, including the
mitigation of bias, needs to be addressed in regulations to protect patients"
[63].

Therefore, the AIA seems promising, as it aims to regulate the entire
lifecycle of AI. In fact, its risk-based classification of AI confirms that the
fundamental rights and safety of patients are paramount when AI systems
are used in such a critical area as medicine. The AIA, as a comprehensive
legal framework for creating and deploying AI-driven systems, is intended

8https://eur-lex.europa.eu/eli/dir/2004/113/oj/eng
9https://eur-lex.europa.eu/eli/treaty/char_2016/oj/eng

10https://eur-lex.europa.eu/eli/reg/2016/679/oj/eng
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to address these aforementioned limitations and reduce ethical and legal
concerns in place [77]. Consequently, it is essential to comprehend the
impact of the AIA within the regulatory context.

In fact, the AIA is binding throughout the EU [46] and has come
into force in each member state on August 1, 2024, with the provisions of
the AIA being incorporated gradually by the implementation period [12].
While directives only set objectives that each Member State must meet,
regulations such as the AIA translate the objectives into national law [46].
To assure compliance, the AIA requires each Member State to establish
three key authorities. The Notifying Authority, based on Articles 28(1),
is responsible for appointing and supervising the Conformity Assessment
Bodies responsible for certifying AI systems, while the Market Surveillance
Authority, based on Article 74, keeps an eye on AI goods to make sure
they comply with EU standards. In addition, high-risk AI systems listed
in Annex III are subject to fundamental rights obligations enforced by a
national public authority on the basis of Article 77 (1) [6]. By November
2, 2024, each Member State should have established and publicly listed the
authorities and bodies in charge of the protection of fundamental rights.
Subsequently, they are required to designate notifying authorities and
market surveillance authorities to submit the names of these authorities
to the Commission and make their contact information available to the
public by August 2, 2025. [12]. Austria has already taken the right steps
in this direction. The Austrian Regulatory Authority for Broadcasting
and Telecommunications (RTR11) has been appointed as the responsible
body for the AI Service Desk [1]. It will serve as a central hub for citizens,
organizations and businesses, providing guidance on the implementation
of the AIA. Its goal is to increase legal certainty and transparency and to
provide expert support for compliance with the law. Whereas both the
market surveillance authority and the notification authority have not yet
been appointed [6].

3 Methodology
In this section, the methods of the thesis are outlined to illustrate the
process of this work. This thesis leverages two distinct methodologies.
Firstly, the IRAC method [28] is employed to conduct a legal analysis
on a use case of interest, applying the EU AIA. The subsequent section
delineates this use case. Secondly, the Design Science Method [85] is used

11https://www.rtr.at/rtr/service/Startseite.en.html
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to implement detection and mitigation strategies for gender bias, thereby
enhancing fairness in the prediction of CVD.

3.1 Definition of High Risk Use Case

The foundation of this thesis is built on the following use case that illustrates
a high risk of AI deployment. According to Recital 46 [9] of the EU AIA,
AI systems are classified as high-risk when they "have a significant harmful
impact on the health, safety, and fundamental rights of persons" [9]. The
use case of interest is outlined below:

In this high-risk use case scenario, a hospital is preparing to implement an
AI-powered diagnostic tool for cardiovascular diseases. Specifically, medical
professionals utilize the AI system when diagnosing cardiac diseases based
on various types of medical and patient data gathered during different
medical examinations. The overall goal of the AI system is to improve the
speed and accuracy of medical decision-making by supporting doctors. To
guarantee reliable and fair performance of the algorithms used, data quality
and efficient data governance must be prioritized in the development and
implementation of the AI system. The system should be able to deliver
consistent predictions across various patient demographics. Moreover,
the system’s transparency is a crucial factor, as it allows medical staff to
comprehend the AI’s decision-making process and, if necessary, counteract
it in order to provide the best possible patient care.

The use case presented falls under the EU AIA as it involves an AI
system used as a diagnostic tool in the medical field, directly affecting the
health and safety of patients. AI systems used as safety features in products
subject to the Medical Device Directive (MDD) according to Regulation
(EU) 2017/74512 are classified as high risk under Article 6(1) [4]. Its
classification as high-risk is justified by the significant potential harm to
safety and fundamental rights, such as the equal treatment of all patients.

A major problem, however, is that much of the training data in this
domain could potentially be biased, often overrepresenting male patients.
Because of the bias in the data, the AI system may be less accurate for
different genders, which could lead to oversights or misdiagnoses. Such
outcomes potentially exacerbate existing gaps in healthcare quality and
access, and undermine the idea that everyone, regardless of gender, should

12https://eur-lex.europa.eu/eli/reg/2017/745/oj/eng

39



have equal access to healthcare. Therefore, the AIA, as a regulation, needs
to be investigated to determine its implications for the delineated use case.

3.2 IRAC Method

Issue, Rule, Application, and Conclusion, also referred to as IRAC, is a
common way to approach legal issues [28]. This framework has been utilized
for several decades in the context of legal research. It is seen as a process
of thinking that is intended to guide and improve legal reasoning [29]. The
issue formulates the key issue in the factual situation using the relevant
legal rules and principles [28]. In the context of this work, the issue element
represents the evaluation of the use case scenario. The rule in the framework
implies identifying the relevant provisions of the applicable law and breaking
them down into elements, as well as using the definitions given in the law.
In this work, this is the identification of all rules applying to the high-risk
AI system outlined in the use case. In the context of the IRAC method, the
concept of application connects the defined use case to the theoretical law.
This part aims to examine the impact and applicability of the legal rules
concerning the specified use case. The schema’s final step, the conclusion,
should offer a resolution to the legal issues of the specified use case that is
firmly grounded in legal statutes [28].

For the purpose of this legal analysis, it is essential to utilize official
sources, including the document of the AIA itself and reports issued by
the European Commission. Additionally, this thesis utilizes the Future of
Life Institute’s website13, to access the full text of the AIA through their
EU AI Act explorer to identify particular provisions and obtain current
information on its implementation. It is crucial to always keep track of
the most recent legislative developments, as the AIA is still evolving and
is being implemented in stages. The results of the legal analysis provide
a summary of the concepts that must be met to ensure full compliance in
order to develop an AI model that minimizes gender bias in CVD prediction.

3.3 Design Science Method

The following section examines the Design Science Method, which describes
the creation and analysis of artifacts in context [107]. Regarding this thesis,
the concept of design science involves assessing and comparing approaches
to identifying and mitigating bias in AI models, especially in diagnosing

13https://artificialintelligenceact.eu/
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Figure 2: Design Science Method

CVD in the healthcare sector. The techniques for gender bias detection
and mitigation are the artifacts in this regard. According the design science
methodology of Peffers et al. [85], the following steps are employed, as
illustrated in Figure 2:

Problem Identification and Motivation: The initial stage encompasses
the identification of gender bias in AI models utilized for the prediction of
CVD. To support the relevance and motivation of this work, a systematic
literature review was conducted. The review focuses on the presence of
gender bias in CVD prediction. To ensure both relevance and currency,
the scope is limited to studies published within the last ten years, with an
exclusive emphasis on the healthcare domain. The literature search was
primarily conducted using Google Scholar14 and databases from reputable
medical and technical journals. To identify relevant papers, targeted
keyword combinations were employed, incorporating the following terms:
gender bias in AI-assisted cardiovascular disease prediction, fairness in heart
disease prediction, bias identification in CVD prediction, bias mitigation in
CVD prediction, identifying and mitigating bias in heart disease prediction,
and enhancing fairness in CVD prediction.

Solution Objectives: In addressing the identified problem, the formulation
of objectives for the solution, derived from the research, is crucial. In this
particular instance, the solution objectives are defined as follows: the
implementation of bias detection and mitigation, thereby enhancing the
overall fairness and accuracy of algorithms.

14https://scholar.google.com/
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Design and Development: This phase is oriented towards the exploration
of approaches and instruments for the identification and mitigation of
gender bias in ML models for the purpose of CVD prediction. Firstly, before
starting technical implementation, it is necessary to acquire appropriate
data. In the context of this thesis, it is imperative to ensure that the datasets
leveraged contain characteristics that may introduce bias, in this particular
instance, gender bias. Therefore, it is imperative that the patients’ gender
be specified. Furthermore, a dataset is required that comprises any data
related to the health of the heart or associated risk factors, including
diabetes, lack of physical activity [39], smoking and high blood pressure [18],
that contribute to the development of CVD. Ultimately, the selection of an
appropriate dataset for this work is determined by the size of the dataset, as
well as its quality. Repositories such as Kaggle15, the UCI Machine Learning
Repository16, HealthData17 and Physionet18 offer a substantial repository
of medical data in this domain. As part of the design and development
phase, a review focusing on identifying the most effective predictive models
for CVD was conducted. A total of 30 studies published in the past five
years were analyzed to determine which algorithms are most effective.
These results are presented in Table 1, which summarizes the datasets
used, the algorithms applied, and the corresponding performance metrics.
Subsequently, the FairMLHealth tool, designed specifically for healthcare
applications, is employed for the purpose of detecting bias. To facilitate a
comparative analysis, Fairlearn, as a common bias detection tool, is also
utilized. FairMLHealth is not equipped with any bias mitigation techniques.
Therefore, mitigation is performed by leveraging Fairlearn and AIF360.

Demonstration: In accordance with the design and development
step, the selected datasets, models, and bias detection and mitigation
strategies determined are operationalized during the demonstration phase.

Evaluation: The previous processes are the foundation for a thorough
examination of the artifacts created. This stage involves the evaluation and
comparison of the effectiveness of different bias detection and mitigation
techniques across various tools and algorithms applied. Furthermore, an
evaluation is conducted to ascertain the impact on model performance and
the extent to which the model has been enhanced in terms of fairness.

15https://www.kaggle.com/
16https://archive.ics.uci.edu/
17https://healthdata.gov/
18https://physionet.org/
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Communication: The final step in the process is the presentation
and documentation of the results. This involves thoroughly explaining the
findings derived from the technical implementation, which includes assessing
the fairness tools applied to the different models as well as reflecting on the
shortcomings and future directions for further work in this field.

4 Legal Analysis
Advancements in AI are rapidly influencing the healthcare sector, augmenting
efficiency and effectiveness through improved diagnostic accuracy. This
development carries a significant positive impact on the domain of cardiology,
especially with regard to the diagnosis of CVDs [35]. However, there are
significant challenges associated with the application of these emerging
solutions in clinical and patient care environments that demand thoughtful
consideration of legal and regulatory issues [72].

In the context of this thesis, the objective is to establish a model
that produces fair outcomes and handles the detection and mitigation of
gender bias in AI-driven cardiovascular disease diagnosis. It is imperative to
be aware of the regulatory landscape in place for compliance, as AI-driven
decisions in healthcare fall under the high-risk category in the EU AIA
[4]. Consequently, compliance with the corresponding provisions in place is
compulsory, especially to ensure patient safety and prevent discrimination
among different patient groups. For this purpose, this chapter employs the
IRAC Method [28] to the previously defined use case scenario described in
Subsection 3.1 for an assessment from a regulatory perspective. Beforehand,
the ethical and legal concerns, as well as the regulatory efforts, that preceded
the introduction of the AIA will be outlined in the next section.

4.1 Ethical and legal concerns in AI-driven healthcare

Not only are clinical risks a critical concern, but regulatory violations
associated with anti-discrimination laws also arise when biased models are
used. There is no question that ethical and legal requirements are closely
intertwined when it comes to avoiding bias when implementing AI-driven
healthcare [35]. AI systems can affect core values of humanity that may
infringe fundamental rights such as human dignity, privacy and personal
data protection, and non-discrimination. Consequently, they hold the
potential to result in unforeseen harm to people’s lives and health [44]. In
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the medical context, the ethical key principles such as patient autonomy and
the right to informed decision-making are of vital importance. Moreover,
in healthcare ethics, justice refers to eliminating inequalities and ensuring
universal access to healthcare resources, opportunities, and treatments [72].
Risks such as discrimination, privacy invasion, and opaque decision-making
are of particular significance in the healthcare sector. Patients’ vulnerability
and reliance on accurate technology affect their independence, dignity,
and trust. Their concerns are amplified by the life-threatening potential
consequences of faulty AI, its opacity and its dependence on extensive
health data [103]. From an ethical perspective, biased AI violates the core
medical ethical principles of justice and non-maleficence, which call for
equity and harm prevention, respectively [35]. Consequently, governments
and public authorities should use ethical principles to guide the adaptation
of regulatory frameworks to rapidly emerging AI technologies [72].

These concerns, with a particular emphasis on the realm of healthcare,
underscore once more the necessity for an appropriate legislative framework
to address the potential harms associated with the integration of artificial
intelligence in healthcare. Prior to the enactment of the AIA, the existing
array of European legislation offered only a limited and incoherent protection
framework.

4.2 Regulatory Assessment of the Use Case

The foundation of this investigation is the AIA introduced by the European
Commission. The aforementioned use case described in Section 3.1 is
assessed by utilizing the IRAC method [85].

Issue The fundamental issue under consideration is to respond to the first
research question in Section 3.1 in accordance with the use case of
clinicians using an AI system to diagnose CVD. Of particular interest
are the guidelines for processing such sensitive data, namely patient
health data, and the corresponding patient rights in this context, such
as fair treatment and transparent and explainable decisions.

Rule Looking at the structural framework of the AIA, especially Chapter
III, which encompasses all aspects concerning high-risk systems, is
of particular interest. The first section of the chapter establishes
the classification rules for AI systems of high-risk. The subsequent
provision is applicable to the previously defined use case:
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Classification Rules for High-Risk AI Systems: According
to Article 6(2) of the AIA, AI systems listed in Annex III should
be classified as high-risk, even if the conditions listed in Article 6(1)
do not apply. Furthermore, Article 6(3) refers to high-risk systems
where the system in question "poses a significant risk of harm to the
health, safety or fundamental rights of natural persons" [4]. Annex III,
paragraph 5a, explicitly regulates AI systems, that are incorporated in
health care services [2].

The second section of the AIA covers the requirements for AI
systems posing high-risks. The section begins with Article 8, which
states that a high-risk system, consistent with its purpose and the
state of the art in AI, must meet all the requirements specified in this
section [5]. This phase of the analysis aims to identify all articles
pertinent to data management and governance, with a particular focus
on the crucial aspect of transparency.

Data and Data Governance: The subject of data and its
governance is only explicitly addressed in Article 10 of the AIA
[3]. Strict data governance and quality criteria must be followed for
high-risk AI systems that use data for training, validation, or testing.
To avoid discrimination and protect fundamental rights, safety, and
health, providers must use data management procedures, such as bias
detection and mitigation.

Transparency: The AIA establishes criteria aimed to achieve
transparency on multiple levels. Thus, a number of articles are
dedicated to addressing transparency in high-risk systems. Regulators,
that is, e.g. the government and the designated authorities, must be
able to trace and evaluate system performance and design according to
Articles 11 and 12. Most importantly, Article 13, specifically entitled
Transparency, ensures that users receive clear explanations of the AI’s
limitations and their intended use. Additionally, human oversight is
a requirement specified in Article 14 and is mandated to mitigate
overreliance and preserve the user’s ability to override the system when
necessary. Together, these provisions aim to foster a more trustworthy
environment, which is critical to the subsequent establishment of fair
and transparent algorithms.

The third section delves into the responsibilities of providers,
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users, and other stakeholders engaging with high-risk AI systems. The
focus of this analysis is more on the implications for patients’ rights,
fair and transparent outcomes, and the performance of AI systems,
and less on the hospitals and clinicians who deploy them. However, a
more thorough examination of this chapter is beyond the scope.

Application According to Article 6(2) and Annex III of the AIA, a medical
AI system that predicts CVDs is assigned to the high-risk category
of AI systems. Consequently, the AI-powered CVD diagnostic system
is required to adhere to the strict rules described in Chapter III of
the AIA in order to establish fairness and trustworthiness for patients.
Subsequently, the succeeding paragraphs elaborate on the application
of each relevant article of the AIA to the defined use case.

Data and Data Governance (Article 10): As AI-powered medical
diagnosis systems predominantly rely on data-driven learning models,
the quality of the data is a significant factor in the algorithm’s
performance. Article 10 from the AIA addresses this factor and
establishes rules for the use of data and data governance. Paragraph
3 requires the dataset utilized for the training, validation, and testing
of the medical CVD diagnosis tool to be representative, relevant, and
free of errors. The criteria of representativeness imply that different
groups of patients of different sex or race must be equally represented
in the health data. Furthermore, according to paragraph 4, the dataset
employed must be aligned with the actual environment and consider
the context in which the system will be implemented. Moreover,
paragraph 5 of Article 10 allows the processing of "special categories
of personal data " [3], such as health data, for the purpose of bias
detection and mitigation techniques to the extent strictly necessary
[3]. In the context of processing health data for the purposes of bias
detection and mitigation, it is imperative to implement appropriate
safeguards, including access control mechanisms, to ensure the
protection of fundamental rights and the autonomy of patients.

Technical Documentation (Article 11): The provision of technical
documentation is a prerequisite for the utilization of the system by
clinicians for CVD diagnostic support. The technical documentation
must include at least the aspects delineated in Annex IV and
demonstrate compliance with the requirements established in Chapter
III of the AIA. Annex IV delineates the following specifications for
the Technical documentation: It should include explanations of the
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system’s development, training, validation, and performance across
various demographic groups. The documentation is required to
explicitly describe the provenance and characteristics of the data,
as well as the techniques for detecting and mitigating potential
bias. Additionally, it must detail the human oversight mechanisms
that enable clinicians to interpret and, when necessary, override the
outputs of this high-risk medical AI system. Continuous evaluation of
performance indicators and equity for all patient groups must also be
included in the post-market surveillance strategy.

Record-Keeping (Article 12): For the purpose of traceability and
comprehensibility of the results of the CVD diagnostic tool, it should
be capable of automatically recording the event logs throughout the
system lifecycle. Records should document when the medical staff
started and stopped using the diagnostic tool, as well as the input
data used and the reference database being accessed. This procedure
should support the continuous monitoring of the medical device in
use. It should also facilitate the detection of any abnormal deviations
from the system’s performance and provide clinicians with the ability
to verify and audit the AI’s outputs, thereby ensuring accountability
for the decisions made.

Transparency and Provision of Information to Deployers (Article
13): High-risk AI systems must be sufficiently transparent to allow
clinicians to understand and properly use the results and subsequently
the diagnosis made by the AI system. For the CVD diagnostic
tool, this would mean giving medical professionals insight into the
model’s decisions and what data the models used to reach their
final conclusion. Providers are obligned to supply clear, thorough
and easily readable information regarding the AI system’s accuracy,
limitations, particularly those that could impact specific groups
or other underrepresented populations, and foreseeable risks, as
well as human oversight procedures. These instructions must also
clarify how providers can manage record-capturing responsibilities,
maintain the system, and interpret results to ensure proper operation
and compliance. In addition, they should explain the technical
features of the tool, such as input data standards and performance
data by demographic group, to identify and address potential bias
for underrepresented groups. Therefore, Article 13 promotes the
appropriate use of high-risk AI in a clinical setting by ensuring that
healthcare professionals are knowledgeable and competent enough to
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critically evaluate the results of the AI.

Human oversight (Article 14): When implementing an AI-based
CVD diagnostic tool, Article 14 ensures that human oversight is
built into the system’s architecture to protect patients’ health
and fundamental rights. This means that the system must have
features and interfaces that allow physicians to view, analyze, and
control the AI’s output, especially when there are irregularities or
unexpected results. Medical professionals need to be trained to prevent
automation bias, and be fully informed about the system’s capabilities
and limitations, given the clinical situation. This will ensure that
they continue to play a critical role in decision-making. The degree
of autonomy of the AI system and the risk of misdiagnosis, especially
for underrepresented patient groups, must be reflected in the oversight
mechanisms. To preserve human control over patient care, clinicians
must be able to interrupt, modify or override the diagnosis of the
system.

Conclusion Based on the applicable regulations and how they apply to
the use case, the following conclusions can be drawn regarding data
governance and transparency in the context of the AI-assisted CVD
tool. The AIA provides a comprehensive set of guidelines for the
regulation of high-risk systems, such as the CVD diagnosis system
from the defined use case. Additionally, the aspects of particular
interest, the data used, data governance, and the transparency of
the system are all regulated in some manner. As aforementioned,
Article 10 regulates data and data governance in high-risk AI systems.
Requirements such as complete, accurate, and flawless data foster
accuracy and fairness in predictions. Moreover, fundamental rights and
non-discrimination are values that must be preserved. More crucially,
this provision demands that providers implement bias detection and
mitigation methods throughout their data management processes. The
objective of enhancing transparency is generally a high priority as
its explicitly subject to Article 13 and further supported by other
articles. While Article 13 promotes transparency through mandatory
instructions to improve the comprehensibility of the diagnostic tool for
the user, Articles 11, 12 and 14 implicitly enhance transparency within
the AI system. The requirement to provide technical documentation,
the recording of each diagnostic session, and the establishment of
human oversight measures all contribute to greater transparency. These
provisions are all designed to provide greater insight into the processes
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and decisions of the diagnostic tool. As a result, the improved
comprehensibility of the AI system should lead to greater confidence in
the diagnosis made by the system.

The legal assessment of the AIA employing the IRAC Methodology furnished
an overview of the regulations that pertain to the specified use case. Although
the IRAC Method incorporates an Application section, the specific actions
that deployers and users of the system are obligated to implement remain
vaguely defined within the regulatory framework. Nevertheless, it is possible
to derive a set of guidelines for the technical implementation of this work.
Initially, the data will be utilized exclusively if it is considered representative,
relevant, and free of errors. The necessity of incorporating bias detection
and mitigation techniques establishes the foundation for the subsequent
technical section. Given the lack of clarity concerning the specific methods
for detection and mitigation, this thesis will encompass a range of tools
to ascertain the most efficacious. To ensure comprehensibility, extensive
technical documentation will be conducted throughout the technical section
as mandated.

5 Data Preparation and Model Development
The subsequent sections commence with an introduction to the datasets that
were utilized in the study. This chapter outlines the retrieval, pre-processing,
and exploration of the data. Additionally, the models used for CVD
prediction will be presented.

5.1 Description of Datasets

This section delineates the description of the three Cardiovascular Disease
datasets employed in this work: The Cardiovascular Disease Dataset19 and
the Heart Failure dataset20, both from Kaggle, as well as the Mendeley
dataset21. The latter comprises multiple smaller datasets aggregated into
one. For the purpose of evaluating the generalizability and robustness
of the findings, these datasets were selected on the basis of their varying
gender dominance and distribution and overall sizes. The datasets were first
examined to gain a better understanding of their structure, the distribution of
important variables, and possible sources of bias before moving further with

19https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
20https://www.kaggle.com/datasets/fedesoriano/heart-failure-prediction/data
21https://data.mendeley.com/datasets/dzz48mvjht/1
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model building and fairness assessment. For this exploratory data analysis,
the datasets were used in their clean, unprocessed state. This analysis focused
on the distribution of gender, the protected attribute, and the target variable
to find any imbalances that could potentially introduce model bias. In the
context of this study, identical models were trained on all three datasets, and
the same bias detection techniques were applied to each. For the purpose
of maintaining consistency throughout this thesis, the datasets utilized are
referred to as the Kaggle CVD dataset, the Composite Heart Failure (HF)
dataset and the Mendeley dataset.

5.1.1 Description of the Kaggle CVD Dataset

This Cardiovascular Disease dataset is an extensive collection of patient data,
providing information about their heart health. The comprehensive dataset
encompasses 12 variables of health and medical data, including the target
variable derived from a sample of 70,000 patients. Unfortunately, the source
of the data and the date of its capture are not specified. The author of this
dataset is Svetlana Ulianova and the data is available to the public on Kaggle
22. The variables are illustrated in Table 4 alongside their corresponding
data types and scale. The dataset is divided into three distinct categories:
The objective features represent factual information about the patient. The
subsequent category comprises data that has been collected during patient
examination. Finally, subjective features constitute information provided by
the patient [7].

22https://www.kaggle.com/datasets/sulianova/cardiovascular-disease-dataset
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Feature Data Type | Scale
Objective Features

age Numeric (Continuous) | days
height Numeric (Continuous)
weight Numeric (Continuous)
gender Categorical (Binary) | 1-2

Examination Features
ap_hi Numeric (Continuous)
ap_lo Numeric (Continuous)
cholesterol Categorical (Ordinal) | 1-3
gluc Categorical (Ordinal) | 1-3

Subjective Features
smoke Categorical (Binary) | 0-1
alco Categorical (Binary) | 0-1
active Categorical (Binary) | 0-1

Target Variable
cardio Categorical (Binary) | 0-1

Table 4: Features & Data Types (Kaggle CVD Dataset)

The subsequent list offers a concise summary of the features present in
the data, together with their corresponding descriptions.

Objective Features: The patient’s age is recorded in days, thereby
providing an exact numerical value. However, for the purpose of
analysis and interpretation, it is more convenient when converted
into years. The height of the patient is expressed in centimeters
and represents the height of the individual determined during the
examination. Weight is expressed in kilograms and represents the
patient’s bodily mass. Gender is commonly represented as a categorical
variable, often with binary values, denoted by 1 for women and 2 for
males in this dataset.

Examination Features: The primary two features that are measured in
medical investigations are systolic and diastolic blood pressure (ap_hi
and ap_lo), which are expressed in integers. The categorical variable
of cholesterol is represented on a three-level scale. The numerical
values 1, 2, and 3 correspond to normal levels, levels above normal,
and levels significantly above normal, respectively. Analogous to
cholesterol, glucose levels are also classified by the gluc variable on this
three-point scale representing normal, high, and considerably elevated
blood sugar levels.
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Statistic Age Height Weight ap_hi ap_lo
Unique Values 28 109 287 153 157
Mean 52.84 164.36 74.21 128.82 96.63
Min 29.00 55.00 10.00 -150.00 -70.00
Max 64.00 250.00 200.00 16020.00 11000.00

Table 5: Summary Statistics of Numerical Variables (Kaggle CVD Dataset)

Group Variable Normal Above normal Well above normal
Categorical
Variables

Cholesterol 50581 (75.0%) 9119 (13.5%) 7785 (11.5%)
Glucose 57344 (85.0%) 4981 (7.4%) 5160 (7.6%)

Group Variable No Yes

Binary
Variables

Smoking 61520 (91.2%) 5965 (8.8%)
Alcohol intake 63854 (94.6%) 3631 (5.4%)
Physical activity 13287 (19.7%) 54198 (80.3%)
CVD Presence 33865 (50.2%) 33620 (49.8%)

Table 6: Distribution of Categorical Variables (Kaggle CVD Dataset)

Subjective Features: The attribute of smoke serves as an indicator of an
individual’s smoking status, with a value of 1 denoting a smoker and
0 indicating a non-smoker. The feature alco comprises the presence
of regular alcohol consumption. For the given variable, the integer
1 indicates regular alcohol consumption, while 0 signifies abstinence.
The active attribute is indicative of the patient’s exercise habits, with
a value of 1 signifying an active lifestyle and a value of 0 indicating
inactivity.

An overview of the summary statistics for numerical variables of the Kaggle
CVD dataset is provided in Table 5. The data includes columns for age and
gender, which pertain to demographic information. The remaining variables
describe the individual’s health status and lifestyle. The patients’ ages range
from 29 to 64 years, with an average of approximately 53 years. The patients
exhibit a mean height of approximately 1.64 meters and an average weight
of 74 kilograms. The majority of the variables employed to assess patients’
health status are either binary or categorical in nature. Systolic and diastolic
blood pressure are the only metrics that are presented in actual numerical
values.

Table 6 presents, for each value type, the number of observations and their
proportion relative to the total. The cholesterol and glucose levels are within
the established normal range for the majority of the patients. The data also
indicates that the majority of patients do not smoke or consume alcohol.
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(a) Distribution of Gender (b) Distribution of CVD by Gender

Figure 3: Gender Distribution and CVD Occurrence by Gender (CVD Kaggle
Dataset)

According to the data derived most of the patients adhere to a relatively
healthy lifestyle, as evidenced by the engagement in physical activity, absence
of smoking and alcohol consumption. Despite this fact, nearly half of the
patients are diagnosed with a CVD.

The protected attribute of the subsequent fairness evaluation, gender, is
unevenly distributed, with about 64.8% females and 35.2% males illustrated
in Figure 3a. With regard to the target variable, the gender-wise distribution
of CVD cases is almost equal, as presented in Figure 3b. This dataset will
serve as the foundation for the evaluation of fairness in the diagnosis of CVD
with regard to gender.

5.1.2 Description of the Mendeley Dataset

The Cardiovascular Disease Dataset from Mendeley Data encompasses
14 columns of patient data, including the target variable, indicating the
presence of CVD. Data from 1,000 anonymized patients was obtained from
a multispecialty hospital in India. The dataset was published in 2021 by the
authors Bhanu Prakash Doppala and Debnath Bhattacharyya. Furthermore,
the dataset is licensed under a CC BY 4.0 license, thereby permitting its
sharing, duplication, and modification, on the condition that the authors
are adequately credited. This dataset is intended to facilitate the early
detection of CVD and the establishment of predictive ML models [8].

Table 7 provides a concise overview of the data types and their respective
scales. The succeeding paragraph will describe each feature in a concise
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Feature Data Type | Scale
age Numeric (Continuous) | years
gender Categorical (Binary) | 0-1
chestpain Categorical (Nominal) | 0-3
restingBP Numeric (Continuous)
serumcholestrol Numeric (Continuous)
fastingbloodsugar Categorical (Binary) | 0-1
restingrelectro Categorical (Nominal) | 0-2
maxheartrate Numeric (Continuous)
exerciseangia Categorical (Binary) | 0-1
oldpeak Numeric (Continuous)
slope Categorical (Ordinal) | 1-3
noofmajorvessels Numeric (Discrete) | 0-3
target Categorical (Binary) | 0-1

Table 7: Features & Data Types (Mendeley Dataset)

manner to facilitate a more thorough understanding of the dataset.

The age is expressed in years. The gender is denoted in the binary
categorical code 0 and 1, indicating 0 for female and 1 for male patients.
The remaining variables are all related to the cardiovascular health status of
the patient, starting with the chest pain type, which is differentiated in
four distinct categories: typical angina, atypical angina, non-anginal pain,
and asymptomatic. The resting blood pressure in this data set ranges
from 94 to 200 mmHg, while the level of serum cholesterol varies from 126
to 564 mg/dL. The attribute of fasting blood sugar indicates whether
the patient’s measured blood sugar was above 120, thereby establishing
a binary classification of 0 as false and 1 as true. The resting electro
variable is encoded as 0, 1 or 2 to represent different diagnostic outcomes
from an electrocardiogram when the patient is at rest. The maximum heart
rates of patients have been recorded as actual values ranging from 71 to
202 beats per minute. Exercise angina is classified as a binary feature,
with 1 indicating the presence of exercise-induced angina in a patient and 0
indicating its absence. The continuous numeric attribute oldpeak is defined
in the range 0 to 6.2 as an indicator of ST-depression levels relative to rest,
caused by exercise. The slope variable is of a categorical nature, comprising
three levels: upsloping, flat and downsloping. Each of these levels is assigned
a numerical value from 1 to 3 that corresponds to the slope of the peak
exercise ST segment. The next feature is defined as a continuous variable
spanning from 0 to 3, denoting the number of major vessels obtained
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Statistic Age RestingBP SerumChol MaxHR Oldpeak
Unique Values 61 95 344 129 63
Mean 49.24 151.75 311.45 145.48 2.71
Min 20.00 94.00 0.00 71.00 0.00
Max 80.00 200.00 602.00 202.00 6.20

Table 8: Summary Statistics of Numerical Variables (Mendeley Dataset)

through fluoroscopy. Finally, the collection of cardiovascular health data is
concluded with the binary target variable indicating a CVD with 1 and no
CVD with 0.

Table 8 illustrates some summary statistics of the numerical variables from
the Mendeley Datasets. The mean age of patients in the Mendeley Dataset
is 49 years, with the youngest patient being 20 years old and the oldest
80 years old. The resting blood pressure ranges from 94-200 mmHg, with
a mean of 151.75 mmHg. According to the American Heart Association
(AMA), such a measure is already considered to be hypertension, or high
blood pressure [10]. The serum cholesterol levels range from 0 to 602,
indicating either missing values or failed measurements, which must be
addressed during the preprocessing stage. Given that the optimal cholesterol
level is approximately 150 mg/dL, as indicated by the AMA, a mean level
exceeding 300 mg/dL is associated with an elevated risk of CVD. Moreover,
the maximum heart rate is between 71 and 202 beats per minute (bpm),
with an average of 145.48. The mean value of the old peak variables is 2.71.

Table 9 presents insights into the categorical variables of the Mendeley
Dataset. More specifically, the distribution counts for each categorical
variable are displayed.
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Group Variable 0 1 2 3

Categorical
Variables

Chest pain type 420 224 312 44
Slope of ST segment 180 299 322 199
Resting ECG results 454 344 202 -

Group Variable No Yes

Binary
Variables

Fasting blood sugar 704 296
Exercise-induced angina 502 498
CVD Presence (target) 420 580

Table 9: Distribution of Categorical Variables (Mendeley Dataset)

The most prevalent types of chest pain are typical angina (0) and
non-anginal pain (2), which are experienced by 420 and 312 patients,
respectively. Asymptomatic chest pain (3) was rarely observed in patients
in the dataset. The slope of the peak exercise ST segment has three valid
levels, labeled 1-3. The 180 entries indicating 0 are likely missing values,
which will be addressed during the preprocessing phase. The majority of the
patient slopes demonstrate a flattened or upsloping trend. The results of
the resting electrocardiogram are within the normal range for the majority
of patients, comprising 454 patients. The fasting blood sugar measurement
revealed that the blood sugar level was below the threshold of 120 for the
majority of patients. In approximately half of the patient cases, the presence
of exercise-induced angina has been documented. Finally, the distribution
of the presence of CVD is quite balanced in the Mendeley dataset, with 580
patients diagnosed with CVD.
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(a) Distribution of Gender (b) Distribution of CVD by Gender

Figure 4: Gender Distribution and CVD Occurrence by Gender (Mendeley Dataset)

While the previously examined Kaggle dataset exhibited a distribution
skewed to females, the Mendeley Dataset predominantly consists of male
individuals, with 76.5% of the patients being male, as shown in Figure 4a.
Consequently, the higher representation of males in the dataset naturally
leads to a greater number of male patients being diagnosed with CVD.
However, both gender groups exhibited a higher occurrence of patients
diagnosed with CVD compared to those without, as indicated in Figure 4b.

5.1.3 Description of the Composite Heart Failure (HF) Dataset

The HF Prediction Dataset is an aggregation of five distinct datasets. The
Cleveland, Hungarian, Statlog, Longbeach VA, and Switzerland datasets
have been consolidated into a composite dataset. The individual datasets
can be found in the UCI Machine Learning Repository23. The aggregation
resulted in 11 clinical features and target variables indicating the presence
of heart failure. The data on Kaggle has already been cleaned of duplicates,
leaving 918 instances in total. The composition of these five aforementioned
datasets is credited to the Kaggle user named fedesoriano and was published
in September 2021. Furthermore, the data is protected by the provisions of
the Open Database License (ODbL) version 1.024.

Subsequently, Table 10 contains a representation of the data types
and corresponding scales of the clinical features. Due to the similarity
across the datasets in terms of features and their data types, as well as their

23https://archive.ics.uci.edu/
24https://opendatacommons.org/licenses/odbl/1-0/
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Feature Data Type | Scale
Age Numeric (Continuous) | years
Sex Categorical (Binary) | M/F
ChestPainType Categorical (Nominal) | TA, ATA, NAP, ASY
RestingBP Numeric (Continuous) |
Cholesterol Numeric (Continuous) |
FastingBS Categorical (Binary) | 0-1
RestingECG Categorical (Nominal) | Normal, ST, LVH
MaxHR Numeric (Continuous) |
ExerciseAngina Categorical (Binary) | Y/N
Oldpeak Numeric (Continuous) |
ST_Slope Categorical (Ordinal) | Up, Flat, Down
HeartDisease Categorical (Binary) | 0-1

Table 10: Features & Data Types (Composite HF Dataset)

Statistic Age RestingBP Cholesterol MaxHR Oldpeak
Unique Values 50 67 222 119 53
Mean 53.51 132.4 198.8 136.81 0.89
Min 28.00 0.00 0.00 60.00 -2.60
Max 77.00 200.0 603.0 202.00 6.20

Table 11: Descriptive Statistics for Numerical Features (Composite HF Dataset)

scale, it is not necessary to elaborate on this overview table. Nevertheless,
in contrast to the other datasets, the categorical features are provided as
actual levels, labels, and not in numerical encoding.

Table 11 provides more detailed insights into the statistics of the numerical
features of the Composite HF dataset. The youngest patient in the sample
was 29 years of age, while the oldest was 77 years old. On average, the
patient is approximately 54 years old in this consolidated dataset. The
statistical analysis of the resting blood pressure and cholesterol variables
indicates the presence of outliers on the lower bound, with a minimum of 0
observed. Both of these variables demonstrate a high mean value in terms
of medical interpretation. The mean blood pressure at rest was found to be
132.4 mm/Hg, a value that is already considered to be high blood pressure.
The serum cholesterol average in this sample is 198.8 milligrams per deciliter.
The maximum heart rate has a mean of approximately 131 beats per minute
and ranges from 60 to 202 beats per minute. The minimum value of the
oldpeaks attribute is negative, suggesting the presence of outliers. This
observation also clarifies the mean value to approximate zero. Furthermore,

58



Group Variable 0 1 2 3

Categorical
Variables

Chest Pain Type 46 (5.0%) 173 (18.8%) 203 (22.1%) 496 (54.0%)
ST Slope 63 (6.9%) 460 (50.1%) 395 (43.0%) -
Resting ECG 552 (60.1%) 178 (19.4%) 188 (20.5%) -

Table 12: Distribution of Categorical Variables (Composite HF Dataset)

Group Variable No Yes
Binary
Variables

Exercise Angina 547 (59.6%) 371 (40.4%)
Heart Disease 410 (44.7%) 508 (55.3%)

Table 13: Distribution of Binary Variables (Composite HF Dataset)

Tables 12 and 13 below offer a refined interpretation of the distribution of
the categorical variables in the consolidated dataset.

The most prevalent type of chest pain reported by patients is
asymptomatic (ASY), followed by non-anginal pain (NAP) and atypical
angina (ATA). Among the sample of patients, 50% exhibited a flat ST
segment, while 43% demonstrated an upsloping segment. For the majority
of patients, the electrocardiogram (ECG) at rest revealed normal results.
In another fifth of patients, ECG examinations exposed wave abnormalities,
and in the remaining fifth, the results indicated left ventricular hypertrophy.
Exercise-induced angina is observed to be 40%, indicating that only 4 out of
10 individuals within the dataset experience this condition. The occurrence
of heart disease is relatively balanced, with a ratio of 44.7% to 55.3%.
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(a) Distribution of Gender (b) Distribution of CVD by Gender

Figure 5: Gender Distribution and CVD Occurrence by Gender (Composite Heart
Failure Dataset)

Figure 5a illustrates that this dataset is also male-dominant, with 79%
of the sample consisting of males and 21% of females. The majority of male
patients received a positive diagnosis of CVD, while only a minor fraction of
the female patients were diagnosed with CVD, as depicted in Figure 5b.

5.2 Preprocessing of Datasets

The pre-processing stage aimed to unify the encodings of all three datasets to
make the attributes comparable, while also ensuring that the measurements
from examinations were clinically reasonable and treating missing and false
data. During the preliminary inspection of summary statistics, implausible
or false entries were identified and subsequently removed. Such entries
included physiologically unrealistic blood pressure and heart rate values, as
well as categorical codes that fell outside the established range of values.
A set of preprocessing steps has been implemented across all data sources.
The following paragraph delineates these steps. The processing of all
datasets was conducted in Visual Studio Code using Python, leveraging the
Pandas library25 to ensure efficient data modification. Initially, each dataset
was imported as a Pandas DataFrame to facilitate structured data processing.

As a first step, the identifier column was removed from the data collections
because it served no analytical purpose. Furthermore, the gender attribute
and the target variable were standardized to ensure consistent mapping.
The gender attribute was set to 0 = female and 1 = male. The target
variable was set to 0 for a negative CVD diagnosis and 1 for a positive CVD

25https://pandas.pydata.org/
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diagnosis. To identify possible outliers and anomalies, descriptive statistics
were explored to provide an overview of the variables’ concentration, range,
and overall distribution. In order to identify and manage implausible
values, such as non-positive heart rate or blood pressure, zero serum
cholesterol, or negative ST depression readings, plausibility checks were
first performed. Consequently, quantile filters or the interquartile range
(IQR) method were employed to construct robust ranges for continuous
variables. Medically impossible values were either imputed or capped at
acceptable thresholds using reliable sources, such as the AMA. Lastly,
duplicate rows were eliminated. Subsequently, the data was stratified
according to the target label and separated into an 80/20 train-test split. In
all experiments, the test set was frozen and remained constant. According
to the technical experiment, a variety of gender-ratio training subsets were
developed, including balanced (50/50) and imbalanced (75/25 and 25/75)
male-to-female ratios, for the purpose of fairness assessments. A balanced
distribution is established globally for the target variable.

Finally, the preprocessed subsets were exported as a .csv file to enable
efficient reuse in forthcoming analyses and modeling approaches. Although
the datasets underwent the same sequence of preprocessing steps, some
adjustments specific to each dataset were necessary due to their differing
composition. The following subsections will shortly describe these steps.

5.2.1 Preprocessing of the Kaggle CVD Dataset

The Kaggle CVD Data was preprocessed according to the approach
delineated by Bhatt et al. [25], with the objective of getting the most out
of the model’s performance. In the context of data conversion, the attribute
age was converted into a value expressed in years. Patients between the
ages of 30 and 65 were selected for further analysis. The gender variable
originally encoded in 1 and 2 was mapped to 0 for the female patients
and to 1 for the male patients. Extremes in height, weight, systolic blood
pressure, and diastolic blood pressure were identified using the 2.5 and 97.5
percentile range. Bhatt’s contributions also entailed the addition of two new
variables to the data collection: mean arterial pressure (MAP) and body mass
index (BMI). In addition, the authors employed binning on the variables of
age, BMI, and MAP. The final dataset utilized for the modeling process
comprises the following columns: gender, age, BMI_class, MAP, cholesterol,
gluc, smoke, alco, active, and the target cardio [25]. For a more thorough
exposition of the preprocessing process executed by Bhatt et al. [25], refer
to the authors’ paper. Furthermore, a dataset comprising a total of 30,000
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observations, exhibiting a varying gender ratio, has been established for each
experiment.

5.2.2 Preprocessing of the Mendeley Dataset

An initial examination of the descriptive statistics indicated an inconsistency
in the variable slope. Based on the provided data description, the variable is
comprised of three distinct levels ranging from 1 to 3, yet the minimum
value documented was 0. Due to the limited data availability for this
particular dataset, the invalid values were substituted with the most
frequently occurring valid level. In regard of outliers, the following variables
were subjected to the IQR approach: resting blood pressure, serum
cholesterol, maximum heart rate, and oldpeak. An adjustment of the
oldpeak variable turned out to be not required. However, with regard to
the remaining variables, to ensure the comprehensiveness of the dataset,
the data points that exceeded medical feasible thresholds were capped.
For the purpose of the fairness evaluation experiments, the gender ratio
was appropriately adjusted. Each subset contained 600 rows with target
distributions balanced globally, while varying the male-to-female ratio.

5.2.3 Preprocessing of the Composite HF Dataset

For this aggregated dataset, the categorical attributes namely, Chest Pain
Type, RestingECG, Exercise Angina, and ST Slope were transformed
into numerical codes that reflected the corresponding label categories.
In addition, the target variable was transformed into a binary variable.
Subsequent to an initial examination of the data, it was determined that
the columns labeled RestingBP, Cholesterol, MaxHR, and Oldpeak required
outlier treatment. Employing the IQR method, the specified variables were
examined, and the outliers were subsequently imputed with the median of the
relevant observations. With regard to cholesterol, exceptionally high levels
were also constrained at the upper threshold of the IQR. In the end, the
cleaned data was used to create three subsets with different gender ratios
while maintaining a total sample size of 600.

5.3 Application of ML Models

This subsection provides an overview of the models that achieved the highest
predictive performance for CVD. Furthermore, it focuses on the systematic
optimization of models, with the objective of ascertaining optimal model
performance. To produce outputs that are consistent with the highest
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performance documented for these models in related research.

The employment of bias detection and mitigation strategies is grounded
in the use of CVD prediction on health data. Accordingly, four distinct
algorithms are implemented: KNN and DT are used as traditional baseline
models, RF is utilized as an ensemble model and as a deep learning
algorithm: MLP. For a more thorough understanding of the algorithms
employed, readers are directed to the work of Ali et al. [20], which contains
a description of the utilized models. For purposes of experimentation,
three distinct subsets were derived from each dataset, varying in gender
distribution. The first subset demonstrates a male-dominant data collection
consisting of 75% males and 25% females. In contrast, the second subset
is skewed toward females, maintaining the same ratio. In each case, the
overall balance of the target variable is ensured. Further, a balanced
version of each dataset was created with an equal number of females and
males in the sample. This setup of varying gender dominance allows us a
systematic evaluation of its impact on model performance and, subsequently,
the presence of gender bias. The following set of performance metrics is
employed to assess the effectiveness of the distinct models:

• Accuracy: provides clarification regarding the overall correctness of
the model by assessing the proportion of total correct cases with respect
to all observations.

• Precision: concerns the quality of the positive predicted cases,
indicating the extent to which the model successfully detects true
positive cases.

• Recall: is considered as the ability to identify actual positive outcomes.

• F1-Score: is an indicator of the balance between precision and recall.

The performance metrics’ mathematical equations are declared in the paper
by Baghadi et al. [22]. With respect to the prediction of CVD, recall is of
particular significance. As the most unfavorable outcome is the inability to
diagnose CVD despite its presence. Additionally, the confusion matrix for
each model is inspected to determine the actual number of true positives
and negatives, as well as false positives and negative cases. Decisions
regarding medical care, including those pertaining to the diagnosis of CVD,
carry significant and potentially life-threatening implications. Consequently,
relying on a single metric to assess algorithm performance could have severe
consequences. Consequently, the optimal model is determined by prioritizing
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the model recall. While maximizing recall is crucial, precision and accuracy
should not undergo a substantial decline. Additionally, it needs to be
ensured that the model does not become overly sensitive, thereby reducing
the occurrence of false alarms. False alarms, in turn, also have the potential
to result in erroneous patient treatments. Consequently, the selection of
models for CVD diagnosis should exhibit high recall, as well as robust
accuracy and precision.

For performance optimization, a systematic procedure was used to
determine the optimal configuration of parameters such as the number of
neighbors for KNN, the tree depth for DT, the number of estimators for
RF, and the optimizer and architecture settings for MLP. Tuning yielded
increased performance in the majority of cases. However, on some occasions,
the baseline model produced the best outcome. As documented in the
GitHub 26 accompanying the thesis, the details of the tuning can be found
in the corresponding notebooks.

This process was implemented consistently for each dataset. The ensuing
tables illustrate the performance of each utilized model across the scenarios
of varying gender distribution. Furthermore, the bold values emphasize the
most successful performance metrics across all models and data subsets.

26GitHub Repository
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Metric KNN DT RF MLP
75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50

Accuracy 68.2% 70.6% 70.1% 70.8% 71.1% 71.3% 70.2% 70.8% 70.9% 71.4% 71.1% 71.6%
Precision 68.6% 70.9% 69.6% 70.1% 71.0% 71.9% 71.1% 72.1% 72.2% 72.5% 71.4% 72.3%
Recall 66.5% 69.6% 70.7% 72.2% 71.1% 69.5% 67.4% 67.1% 67.6% 68.6% 69.8% 69.6%
F1-Score 67.5% 70.2% 70.2% 71.1% 71.0% 70.7% 69.2% 69.6% 69.8% 70.5% 70.6% 70.9%

(a) Kaggle CVD Dataset

Metric KNN DT RF MLP
75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50

Accuracy 93.0% 89.0% 93.5% 90.5% 90.0% 94.0% 95.5% 92.5% 94.0% 92.0% 88.5% 92.5%
Precision 97.2% 91.0% 96.4% 90.8% 89.3% 93.3% 96.5% 94.7% 94.8% 92.4% 88.4% 95.5%
Recall 90.5% 90.0% 92.2% 93.1% 94.0% 96.6% 95.7% 92.2% 94.8% 94.0% 92.2% 91.4%
F1-Score 93.8% 90.0% 94.3% 91.9% 91.6% 94.9% 96.1% 93.4% 94.8% 93.2% 90.3% 93.4%

(b) Mendeley Dataset

Metric KNN DT RF MLP
75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50 75/25 25/75 50/50

Accuracy 88.6% 83.2% 87.5% 81.0% 82.6% 82.1% 88.0% 84.2% 83.2% 85.9% 82.1% 85.3%
Precision 90.9% 90.8% 92.5% 81.9% 79.7% 89.7% 87.0% 90.1% 85.9% 88.8% 87.1% 91.2%
Recall 88.2% 77.5% 84.3% 84.3% 92.2% 76.5% 92.3% 80.4% 83.3% 85.3% 79.4% 81.4%
F1-Score 89.6% 83.6% 88.2% 83.1% 85.5% 82.5% 89.5% 85.0% 84.6% 87.0% 83.1% 86.0%

(c) Composite HF Dataset

Table 14: Model performance across gender ratio scenarios for the three datasets

5.3.1 Kaggle CVD Dataset

Table 14a illustrates the accuracy as a performance metric for each specific
gender distribution scenario across all algorithms applied to the Kaggle CVD
dataset. The KNN model demonstrates the strongest performance across all
metrics for the female-dominated subset, except for the recall, which exhibits
slightly higher performance for the balanced dataset. In regard to the DT
model, the balanced subset demonstrates the highest levels of accuracy and
precision, while the male-skewed subset exhibits higher values for recall and
F1-score. Moreover, the DT as well as RF demonstrate stable results across
all three distinct scenarios. Furthermore, the RF model consistently yielded
better performance for the balanced dataset, with equal representation of
female and male patients. The stability of performance can also be observed
for the MLP with only slight differences in the metrics. While the balanced
subset achieved the greatest accuracy and F1-score, the male-dominated
subset exhibited the highest precision, and the female-dominated subset had
the highest recall. Overall, the MLP model produced maximum accuracy
and precision, while the DT reached peak recall and F1-score in the present
experimental setting.
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Despite efforts towards optimization, none of the models applied could
achieve an accuracy level exceeding 80%. Therefore, in contrast to the
results documented in the review of CVD algorithms, such superior
performance could not be achieved to the extent reported in some prior
studies. Consequently, further investigation was conducted into studies that
have utilized the Kaggle CVD Dataset. Since Bhatt et al. [25] achieved
more promising results with their preprocessing approach, this work adapts
it with the objective of achieving similar good performance. However, these
measures did not yield the expected enhancements. Nevertheless, many
previous studies [76], [99], [91], [102] have reported similar results to those
achieved in this work for the Kaggle CVD dataset.

5.3.2 Mendeley Dataset

For the Mendeley dataset, KNN achieved the best results for the subset with
a balanced gender distribution, shown in Table 14b. However, only precision
was slightly higher for the male-dominant data. While DT produced
superior results across all metrics when trained on the balanced subset, RF
consistently yielded better results with the male-dominant data collection.
As was the case with the DT, the MLP model demonstrated the most
favorable outcomes when trained on the balanced dataset. However, the
recall was found to be higher when applying the MLP to the male-skewed
data. While RF revealed the best accuracy and F1-Score, KNN achieved the
highest precision, and DT yielded the best recall. Ultimately, the models
that were trained on the Mendeley dataset performed exceptionally well
across all scenarios with different gender distributions.

Generally, the four algorithms that were trained on the Mendeley dataset
exhibited consistent superior performance, aligning with the performance
metrics observed in the review of prior work on CVD algorithms.

5.3.3 Composite HF Dataset

For this dataset under consideration, KNN, RF, and MLP demonstrated
higher performance for the male-skewed subset, as depicted in Table 14c.
For each of the models, the precision values are higher for the balanced
or female-dominated subset. In general, the outcome of the DT is slightly
diminished for this specific dataset, while reaching its best results when
applied to the female-dominated data. Upon evaluation, KNN demonstrated
superior performance in comparison to other models when applied to the
male-dominated dataset. However, DT exhibited a higher level of precision.
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The achievements of the Composite HF dataset indicate a slightly
worse performance of the algorithms compared to the Mendeley dataset.
The achievements of the Composite HF dataset indicate a slightly worse
performance of the algorithms compared to the Mendeley dataset. However,
KNN demonstrated the highest level of accuracy, precision, and F1-score for
the Composite HF dataset. Meanwhile, RF showed the strongest recall.

6 Fairness Analysis and Bias Mitigation
The objective of this subsection is to provide a synopsis of the outcomes
of the fairness analysis conducted. To detect and mitigate bias, three
distinct toolkits were applied to three CVD prediction datasets to derive
a comparative analysis. Therefore, the implementation of FairMLHealth
and Fairlearn, along with their employed fairness metrics in bias detection,
is explained. Subsequent to the identification of bias, the mitigation is
performed with Fairlearn and AIF360, as FairMLHealth is not equipped with
the mitigation strategies. The subsequent sections detail the application of
each tool.

FairMLHealth: Given the central focus of this thesis on the detection
of bias within a healthcare application, it is of particular interest to
explore a healthcare-specific tool for bias analysis: FairMLHealth [15].
A virtual environment with Python 3.10.18 has been established due
to package dependencies to ensure compatibility with FairMLHealth
itself and its dependencies. Minor adjustments to the setup.cfg file
were necessary to address conflicts related to the scypi. The use of the
established kernel named fairml (Python 3.10.18) in Visual Studio
Code enabled the application of FairMLHealth to assess fairness with
regard to gender in CVD predictions.

The initial step in the fairness evaluation process involved using
the function measure summary(), developed by FairMLHealth, on
each trained classifier with gender as the protected attribute. Apart
from typical performance indicators such as accuracy, precision, recall,
and the F1-score, this function calculates a wide range of group
fairness metrics. A variety of metrics are provided to assess disparities,
including the Disparate Impact Ratio (DIR), the Statistical Parity
Difference (SPD), the Equal Odds Difference (EOD) and Ratio, and
the Positive Predictive Parity Difference (PPV) and Ratio. Table 25
presents an overview of the fairness metrics utilized for the analysis
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and a comparison of bias detection tools, including FairMLHealth and
Fairlearn.

Fairlearn: Fairlearn is a general fairness toolkit that has been used as a
secondary detection instrument, in contrast to the healthcare-specific
FairMLHealth. The Fairlearns MetricFrame class was employed
for the computation of performance and fairness-related metrics.
Performance-related metrics, including accuracy, precision, recall,
selection rate, false positive rate, and true positive rate, were distinctly
measured for each gender category. Employing the Equalized
Odds Difference (EOD) and the Demographic Parity Difference
(DPD) as fairness metrics, Fairlearn quantifies discrepancies in
error distributions and prediction rates between gender groups. In
addition to the group-wise illustration of performance metrics, the
quantification of gaps was performed. Therefore, the area under
the ROC curve (ROC-AUC) and the Brier Score were employed for
each gender. Consequently, this facilitates a detailed, group-wise
analysis employing multiple metrics, thereby offering a comprehensive
perspective on fairness across gender.

In addition to its application in bias detection, Fairlearn was
also utilized for bias mitigation. The available mitigation methods
included the Exponentiated Gradient and Grid Search as in-processing
methods, and the Threshold Optimizer as a post-processing method.
The Exponentiated Gradient reduction approach was employed in
conjunction with Demographic Parity (DP) and Equalized Odds (EO)
as fairness constraints. The objective of this strategy was to align the
models’ predictions with these fairness constraints, thereby reducing
disparities across sensitive groups.

AIF360: is utilized in conjunction with FairLearn to facilitate a comparative
analysis of mitigation strategies. As a preprocessing technique,
Reweighting was integrated to reduce potential disparities between
female and male patients by adapting the distribution in the
training data. The ADV approach, classified as an in-processing
strategy, represents a fairness-aware approach designed to reduce
an adversary’s ability to infer sensitive attributes from predictive
outcomes. Furthermore, postprocessing mitigation was performed
using the EO offered by AIF360. This method modifies the predictive
labels to achieve balanced outcomes by ensuring that each gender is
equally affected by the model’s errors.
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Category Metric Fairlearn FairMLHealth

Group-wise
Metrics

Accuracy X X
Precision X X
Recall X –
F1-Score X X
True Positive Rate (TPR) X X
False Positive Rate (FPR) X X
True Negative Rate (TNR) X –
False Negative Rate (FNR) X –
ROC–AUC X X
PR–AUC – X
Brier Score X –

Overall
Metrics

Demographic Parity Difference (DPD) X –
Equalized Odds Difference (EOD) X X
Equality of Opportunity Difference X –
Selection Rate X –
AUC Difference – X
Balanced Accuracy Difference – X
Positive Predictive Parity Difference – X
Statistical Parity Difference – X

Table 15: Comparison of Fairness Metrics - Fairlearn vs. FairMLHealth

As illustrated in Table 15, the fairness metrics employed by Fairlearn
and FairMLHealth, which are two fairness evaluation systems that were
implemented in this thesis for bias detection, are compared. There
are two main categories in the table. Overall Metrics offer a general
view of fairness across the whole dataset. Group-wise Metrics evaluate
performance differences among the gender groups. Both toolkits incorporate
core performance metrics, such as accuracy, precision, ROC-AUC, true
positive rate (TPR), false positive rate (FPR), and others. Nevertheless,
the latter provides a greater variety of metrics, including TPR/FPR and
PPV ratios and differences, balanced accuracy metrics, and others that
measure inequalities across the distinct gender groups and overall. While
Fairlearn provides the DI Ratio, EOD, Equality of Opportunity Difference,
and DPD, the absence of several key ratio-based and mean-based metrics
found in FairMLHealth is a notable distinction. Contrary to Fairlearn, which
concentrates on a core selection of generally accepted fairness measures,
FairMLHealth offers a richer array of fairness evaluation metrics, particularly
with regard to capturing nuanced differences between the gender groups.

69



6.1 Bias Detection

The evaluation setup was established based on three distinct gender
distribution scenarios for each dataset: a balanced (50F/50M),
female-dominant (25M/75F), and male-dominant (75M/25F) composition,
in order to facilitate clarity and ensure comparability. To ensure the validity
of the results, consistent model settings were maintained while creating
each scenario from the corresponding dataset. The impact of varying
gender ratios on model performance and fairness outcomes was assessed
using the same classifiers and fairness evaluation methods. With respect
to the assessment of fairness, smaller gender disparities are indicated by
lower DPD and EOD values. Accordingly, the most equitable outcomes
across all models and datasets are indicated by bolded values, whereas the
values reflecting the biggest gender disparities are underlined. To provide
further context regarding the interpretation of fairness metrics, particularly
absolute difference metrics such as DPD and EOD, the determination of an
exact threshold is challenging due to the high dependency on the context.
Moreover, a review of relevant literature and the AIA reveals a lack of specific
criteria necessary to establish one. Consequently, a threshold of < 0.05 has
been established for this study, following the approach of other studies in
this field [55] [94]. Accordingly, fairness metrics that fall below 0.05 are
regarded as a tolerable bias. The ensuing results are consequently presented
in a sectioned format, corresponding to the previously defined scenarios.

6.1.1 Bias Detection | Scenario I: (75M/25F):

This subsection presents the results of the bias detection using Fairlearn
and FairMLHealth for male-dominated datasets. Therefore, the objective is
to analyze the presence of gender bias across the different algorithms and
datasets used in this work and to establish a comparison of the consistency
of the outcomes obtained by the two fairness tools.

Fairlearn: When applied to Scenario I, with male-dominant data
collections, the Fairlearn toolset offers valuable insights into how
gender imbalance can affect the fairness of predicting CVD. As shown
in Table 16, the Kaggle CVD dataset has the lowest levels of gender
inequality overall, with both EOD and DPD values close to zero.
The MLP model, for instance, yields the most balanced outcomes,
producing a DPD of 0.0021 and an EOD of 0.0119. The results in
these fairness metrics for the Kaggle CVD dataset indicate that, in this
case, the male-dominant composition does not translate into biased
predictions. Although still within a tolerable range, KNN exhibits
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Kaggle CVD Mendeley Composite HF

Model DPD EOD DPD EOD DPD EOD

KNN 0.0358 0.0425 0.0802 0.1752 0.3796 0.0521
DT 0.0114 0.0155 0.0387 0.0406 0.2549 0.0812
RF 0.0101 0.0267 0.0438 0.0688 0.4081 0.0833
MLP 0.0021 0.0119 0.0604 0.0709 0.3396 0.1562

Table 16: DPD and EOD by Fairlearn across three male-dominated CVD datasets

considerably higher disparities, indicating disparities in fairness
metrics below 0.05. Nevertheless, concerns over fairness become more
prominent when deploying Fairlearn on the CVD, Mendeley, and
Composite HF datasets. The DT exhibited the lowest signs of bias
with a DPD metric of 0.0387 and EOD of 0.0406 for the Mendeley
dataset. This indicates that the DT is more consistent in terms of
achieving equitable prediction outcomes across the distinct gender
groups. However, KNN reflected considerable gender bias, with a DPD
metric of 0.0802 and an EOD of 0.1752. The gender imbalance has the
largest impact on the Composite HF dataset. Therefore, RF records
the largest DPD of 0.4081, whereas MLP shows a comparatively
smaller value for DPD of 0.3396, while suffering a greater EOD of
0.1562.

Apart from DPD and EOD, as specific fairness metrics analyzed using
Fairlearn performance metrics by gender provide critical insights into
potential unequal treatments of a gender group in the prediction of
CVD. An extensive overview of the performance metrics for each
gender is provided for each dataset in Table 17, which illustrate the
metrics for each of the analyzed datasets. A more comprehensive
understanding of the strengths and gender-based disparities of the
models is provided by the emphasized top results, which indicate
which models produce the best value per metric across all datasets.

In the context of the Kaggle CVD dataset, both male and female
performance metrics appear to be relatively balanced, with minor
deviations observed in terms of recall, accuracy, and precision.
According to minimal disparities in selection rate and FPR, a slight
tendency towards misclassification can be observed for females.
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Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.6846 0.6869 0.6794 0.6831 0.7248 0.2228 0.4950 0.3102 0.3206 0.6898
1 0.6757 0.6829 0.6369 0.6591 0.7184 0.2292 0.4592 0.2868 0.3631 0.7132

DT 0 0.7086 0.7056 0.7169 0.7112 0.7637 0.1962 0.5084 0.2996 0.2831 0.7004
1 0.7075 0.6922 0.7308 0.7110 0.7514 0.2005 0.5198 0.3151 0.2692 0.6849

RF 0 0.7085 0.7198 0.6835 0.7012 0.7638 0.1979 0.4751 0.2664 0.3165 0.7336
1 0.6893 0.6952 0.6568 0.6754 0.7449 0.2079 0.4651 0.2792 0.3432 0.7208

MLP 0 0.7165 0.7306 0.6868 0.7070 0.7706 0.1946 0.4704 0.2537 0.3132 0.7463
1 0.7106 0.7147 0.6860 0.7000 0.7622 0.1985 0.4725 0.2656 0.3140 0.7344

(a) Kaggle CVD

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.8261 0.9091 0.7692 0.8333 0.9365 0.1036 0.4783 0.1000 0.2308 0.9000
1 0.9610 0.9884 0.9444 0.9659 0.9922 0.0380 0.5584 0.0156 0.0556 0.9844

DT 0 0.9130 0.9231 0.9231 0.9231 0.9058 0.0867 0.5652 0.1000 0.0769 0.9000
1 0.9026 0.9032 0.9333 0.9180 0.9352 0.0830 0.6039 0.1406 0.0667 0.8594

RF 0 0.9565 0.9286 1.0000 0.9630 0.9962 0.0407 0.6087 0.1000 0.0000 0.9000
1 0.9545 0.9770 0.9444 0.9605 0.9858 0.0400 0.5649 0.0312 0.0556 0.9688

MLP 0 0.8913 0.9200 0.8846 0.9020 0.9260 0.1087 0.5435 0.1000 0.1154 0.9000
1 0.9286 0.9247 0.9556 0.9399 0.9819 0.0675 0.6039 0.1094 0.0444 0.8906

(b) Mendeley

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.8684 0.5556 0.8333 0.6667 0.9583 0.0830 0.2368 0.1250 0.1667 0.8750
1 0.8904 0.9444 0.8854 0.9140 0.9086 0.1041 0.6164 0.1000 0.1146 0.9000

DT 0 0.7368 0.3571 0.8333 0.5000 0.7630 0.2383 0.3684 0.2812 0.1667 0.7188
1 0.8288 0.8901 0.8438 0.8663 0.8445 0.1553 0.6233 0.2000 0.1562 0.8000

RF 0 0.8947 0.6000 1.0000 0.7500 0.9818 0.0984 0.2632 0.1250 0.0000 0.8750
1 0.8767 0.8980 0.9167 0.9072 0.8941 0.1031 0.6712 0.2000 0.0833 0.8000

MLP 0 0.8947 0.6000 1.0000 0.7500 0.9688 0.0793 0.2632 0.1250 0.0000 0.8750
1 0.8493 0.9205 0.8438 0.8804 0.9042 0.1180 0.6027 0.1400 0.1562 0.8600

(c) Composite HF
Table 17: Gender-stratified performance in the male-dominated scenario using

Fairlearn

However, a notable disparity emerges in the Mendeley dataset for
KNN and MLP. For these two models, females consistently achieve
lower accuracy, recall, and F1-score compared to males. Consequently,
predictive performance is shown to be biased against women.
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In accordance with the performance figures of the Composite HF
dataset, most models have a tendency to underperform for female
patients. Women are significantly less likely than men to be categorized
as positive instances, as evidenced by their significantly lower selection
rates across all models. There is also consistently lower precision
for female patients, indicating that predictions are less accurate.
Nevertheless, women tend to have better recall than men, indicating
that true cases of CVD are rarely missed. Taken together, the
Mendeley dataset demonstrated the most optimal overall performance
across all datasets, as indicated by the highlighted best results. In
this particular instance, the majority of the best-performing metrics
were identified for male patients, particularly in terms of accuracy,
F1-score, and ROC-AUC, which indicate both more robust prediction
and more equitable error rates. Furthermore, the selection rate does
not exhibit any significant disparities between the two genders.

According to the fairness analysis conducted across the three
male-dominated CVD datasets, inequalities detected by Fairlearn
using DPD and EOD are consistently reflected in the stratified
performance metrics. DPD and EOD values, as well as the differences
in performance, remain low in the Kaggle CVD dataset. There are
only slight differences in the precision, recall, and selection rates of
males and females, implying fair results. Larger gender gaps are
evident through lower recall and selection rates for females in the
Mendeley dataset, particularly for KNN. Despite this, DT shows nearly
comparable group performance, consistent with its low DPD and EOD
values. The Composite HF dataset has the most pronounced gender
bias, with high DPD and EOD values corresponding to extremely
low precision and selection rates for females, even though their recall
is typically greater. This suggests that females are not as often and
accurately categorized as positive cases. Selection rate, precision, and
recall offer convincing justifications for the discrepancies identified by
DPD and EOD, and parity-based fairness measures generally correlate
well with group-level performance differences.

FairMLHealth: The results in Table 18 were derived from the application
of the designated healthcare application tool, FairMLHealth. Thus, the
variety of fairness metrics offered by the tools and their consistency in
detecting bias are compared.
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Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0064 0.0095 0.0425 0.0040 0.0358
DT 0.0123 0.0008 -0.0155 0.0134 -0.0114
RF 0.0188 0.0198 0.0267 0.0246 0.0101
MLP 0.0084 0.0063 -0.0119 0.0159 -0.0021

(a) Kaggle CVD

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN -0.0550 -0.0174 0.0431 -0.0793 0.0860
DT 0.0206 0.0100 -0.0287 -0.0199 -0.0387
RF -0.0104 -0.0167 -0.0556 0.0484 0.0438
MLP -0.0560 -0.0308 -0.0709 -0.0047 -0.0604

(b) Mendeley

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0497 -0.0385 -0.0521 -0.3889 -0.3796
DT 0.0579 0.0579 -0.0950 -0.3208 -0.3727
RF 0.0877 0.0792 0.0833 -0.2980 -0.4081
MLP 0.0646 0.0856 0.1562 -0.3205 -0.3396

(c) Composite HF

Table 18: FairMLHealth group fairness metrics differences across three CVD
datasets in the male-dominated scenario

All fairness metrics evaluated based on the Kaggle CVD dataset
indicate the absence of bias across all models utilized. On the contrary,
the Mendeley dataset shows slight signs of bias in the case of the KNN
and MLP algorithms. Both models demonstrate differences in AUC,
indicating lower predictive performance for females. Furthermore, a
gap in the error distribution is observed for the MLP and RF with EOD
values of -0.709 and -0.556, respectively. The metrics demonstrate that
these models are more accurate in predicting CVD for males, producing
more errors for females. The Composite HF Dataset has the most
considerable differences, as almost all models show clear signs of bias.
An SPD of -0.3796 and a PPV Difference of -0.3889 are both quite
substantial for KNN, indicating persistent discrepancies in positive
prediction accuracy and selection rates. A similar underrepresentation
of the female patients, the disadvantaged group, in favorable outcomes
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Kaggle CVD CVD Mendeley Composite HF

Model DPD EOD DPD EOD DPD EOD

KNN 0.0458 0.0564 0.0220 0.1062 0.4301 0.1146
DT 0.0038 0.0078 0.0017 0.0594 0.3439 0.0938
RF 0.0096 0.0228 0.0285 0.1000 0.4243 0.1288
MLP 0.0289 0.0421 0.0003 0.0231 0.4712 0.1888

Table 19: DPD and EOD by Fairlearn across three female-dominated CVD datasets

is indicated by the DT model’s PPV Difference of -0.3208 and SPD
of -0.3727, and the RF model’s PPV Difference of -0.2980 and SPD
of -0.4081. Furthermore, the MLP model’s true positive rates are
significantly biased in favor of the unprivileged group, as seen in the
largest EOD difference at 0.1562. Thus, the MLP shows bias against
female patients in the selection rate, with an SPD of -0.3396.

6.1.2 Bias Detection | Scenario II: (75F/25M)

The following section presents the outcomes of the bias detection analysis
obtained from Fairlearn and FairMLHealth for Scenario II, in which the
datasets predominantly consist of female patients.

Fairlearn: In a manner analogous to the male-dominant scenario, the
female-dominant scenario reveals that the levels of DPD and EOD
persistently remain at low levels for the Kaggle CVD dataset across all
models implemented. As demonstrated in Table 19, the DPD metrics
approximate zero, reflecting balanced selection rates for both genders in
the Mendeley Dataset. The EOD metric reveals imbalances in the KNN
and RF models with values of 0.1062 and 0.10, respectively. However,
it is very close to zero for the DT and MLP models, indicating an
equivalent error distribution across female and male subjects. Both
fairness values show significant signs of bias across all models due to
high DPD and EOD values for the Composite HF Dataset. Across
all models, DPD shows substantial differences in selection rates among
gender groups, ranging from 0.3439 to 0.4712. Additionally, EOD
reveals a bias in the form of significant differences in the distribution
of errors, especially for the MLP, with a value of 0.1888.
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Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.7109 0.7095 0.7153 0.7124 0.7661 0.1969 0.5045 0.2934 0.2847 0.7066
1 0.6977 0.7072 0.6588 0.6821 0.7515 0.2030 0.4587 0.2645 0.3412 0.7355

DT 0 0.7111 0.7128 0.7079 0.7103 0.7709 0.1940 0.4970 0.2858 0.2921 0.7142
1 0.7116 0.7036 0.7157 0.7096 0.7556 0.2001 0.5008 0.2924 0.2843 0.7076

RF 0 0.7108 0.7297 0.6705 0.6988 0.7697 0.1950 0.4598 0.2488 0.3295 0.7512
1 0.7013 0.7062 0.6734 0.6895 0.7566 0.2014 0.4694 0.2716 0.3266 0.7284

MLP 0 0.7142 0.7251 0.6908 0.7075 0.7725 0.1936 0.4768 0.2624 0.3092 0.7376
1 0.7042 0.6943 0.7131 0.7036 0.7592 0.2002 0.5056 0.3045 0.2869 0.6955

(a) Kaggle CVD

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.8478 0.8519 0.8846 0.8679 0.9279 0.0991 0.5870 0.2000 0.1154 0.8000
1 0.9026 0.9310 0.9000 0.9153 0.9354 0.0914 0.5649 0.0938 0.1000 0.9062

DT 0 0.8696 0.8571 0.9231 0.8889 0.8365 0.1285 0.6087 0.2000 0.0769 0.8000
1 0.9091 0.9043 0.9444 0.9239 0.9559 0.0853 0.6104 0.1406 0.0556 0.8594

RF 0 0.9783 0.9630 1.0000 0.9811 1.0000 0.0385 0.5870 0.0500 0.0000 0.9500
1 0.9091 0.9419 0.9000 0.9205 0.9799 0.0632 0.5584 0.0781 0.1000 0.9219

MLP 0 0.9130 0.9231 0.9231 0.9231 0.9577 0.0745 0.5652 0.1000 0.0769 0.9000
1 0.9026 0.9310 0.9000 0.9153 0.9700 0.0906 0.5649 0.0938 0.1000 0.9062

(b) Mendeley

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.9211 0.8000 0.6667 0.7273 0.9531 0.0737 0.1316 0.0312 0.3333 0.9688
1 0.8082 0.9146 0.7812 0.8427 0.8899 0.1363 0.5616 0.1400 0.2188 0.8600

DT 0 0.7368 0.3571 0.8333 0.5000 0.7969 0.1961 0.3684 0.2812 0.1667 0.7188
1 0.8493 0.8558 0.9271 0.8900 0.8539 0.1392 0.7123 0.3000 0.0729 0.7000

RF 0 0.9474 0.8333 0.8333 0.8333 0.9531 0.0694 0.1579 0.0312 0.1667 0.9688
1 0.8151 0.9059 0.8021 0.8508 0.9038 0.1353 0.5822 0.1600 0.1979 0.8400

MLP 0 0.9211 0.8000 0.6667 0.7273 0.8646 0.0615 0.1316 0.0312 0.3333 0.9688
1 0.7945 0.8750 0.8021 0.8370 0.8710 0.1675 0.6027 0.2200 0.1979 0.7800

(c) Composite HF

Table 20: Gender-stratified performance in the female-dominated scenario using
Fairlearn

The performance of male and female patients in the Kaggle CVD
dataset, shown in Table 20 is essentially the same, with only minor
deviations in F1-score, recall, accuracy, and precision. Gender
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differences in selection rates and recall values are minimal as well.
Taken together, these figures suggest that subgroups are treated fairly
equally in the Kaggle CVD dataset.

Despite women comprising the majority of the training data,
performance findings from the Mendeley dataset indicate that male
patients tend to have better outcomes across most models. A pattern
can be observed in both KNN and DT, where all performance metrics
are lower for female patients. The differences in performance metrics
are modest across gender. The MLP model shows smaller disparities,
with females achieving slightly higher accuracy, recall, and F1-score,
while males record higher precision. There are also no significant
gender differences in error rates.

Upon examination of the Composite HF Dataset, it is evident
that there are substantial disparities. The significant differences in
selection rates across all models highlight fairness concerns, with
males consistently receiving more favorable predictions. In terms of
accuracy and ROC-AUC, females perform better in KNN and MLP.
However, they have poorer recall and F1, meaning more CVD cases are
overlooked. In the context of DT, the recall, precision, and F1-score
are much lower for female patients. In general, the gaps in the metrics
are substantial, and females suffer from extremely low precision.
The RF model performs better for females in terms of accuracy,
ROC-AUC, calibration, and minimal false positives; however, it only
predicts positives for a small percentage of them. Although the model
has a higher F1-score for men due to good precision and recall, its
accuracy and calibration are poorer. This leads to many patients
being flagged unnecessarily because the model predicts positives much
more frequently.

In the female-dominant scenario, the top overall performance
across all models was obtained for female patients, as evidenced in the
output of the Mendeley and the Composite HF dataset. In the context
of the Mendeley dataset, the RF model demonstrated particularly
notable results for females, achieving the highest output across all
performance metrics. Furthermore, the output from the Composite
HF dataset indicate that females tend to achieve better performance
than males, with the lowest FPR and highest TNR values. Taking the
top results from the female-dominant scenario, models tend to favor
female patients in terms of both predictive accuracy and fairness.
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The fairness metrics principally underpin the performance-based
findings. In summary, the Kaggle CVD dataset exhibits minor
gender-related differences in performance, which are consistent with
the low levels of DPD and EOD. The differences in fairness are slightly
greater in the Mendeley dataset. DT and MLP are closer to parity,
while KNN and RF have higher EOD values, indicating recall gaps
that favor males. Men are consistently more likely to receive positive
predictions, as evidenced by the Composite HF dataset, which displays
significantly higher DPD values across all models. Furthermore, EOD
values are notably high for MLP and RF, which is confirmed through
substantial gender disparities in true positive rates.

FairMLHealth: Following the bias evaluation conducted using Fairlearn,
the FairMLHealth fairness metrics results are presented in Table 21.

Aligned with the Fairlearn results, the FairMLHealth tool confirms
the absence of bias in the Kaggle CVD dataset, even in a scenario
with female dominance in the training data. The only slight disparity
appears in the application of KNN, where EOD reaches a value of
0.0564. This represents a slight disparity in the detection of true
cases among males, whereas the MLP shows a slight disadvantage for
females in this context. The other metrics remain low, which indicates
overall fair results. However, inequalities are more prevalent in the
Mendeley dataset. Interestingly, these inequalities reveal themselves
in a more mixed way, demonstrating bias against both genders. KNN
shows different disadvantages for both genders. Female patients are
advantaged by an EOD of 0.1062, which suggests that they are more
likely to receive accurate positive predictions. At the same time,
the model appears to perform worse for females in terms of accurate
prediction, as indicated by a BA difference of -0.0608 and a PPV
difference of -0.0792. Likewise, the DT shows a substantial drop in
predictive performance for women with a negative AUC difference of
-0.1194, despite the modest EOD advantage of 0.0594. While KNN and
DT demonstrate mixed inequalities, RF consistently shows a moderate
preference for females. The MLP model produced the most balanced
results, with only minor variations. Severe bias across all models
is indicated by the highly elevated fairness metrics displayed for the
Composite HF Dataset. As indicated by the consistent demonstration
of lower positive prediction frequency and reduced prediction accuracy,
as measured by negative statistical parity and positive predictive value,
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Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0146 0.0138 0.0564 0.0023 0.0458
DT 0.0153 -0.0006 -0.0078 0.0092 -0.0038
RF 0.0131 0.0099 -0.0228 0.0235 -0.0096
MLP 0.0133 0.0099 -0.0421 0.0308 -0.0289

(a) Kaggle CVD

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN -0.0075 -0.0608 0.1062 -0.0792 0.0220
DT -0.1194 -0.0404 0.0594 -0.0471 -0.0017
RF 0.0201 0.0641 0.1000 0.0211 0.0285
MLP -0.0123 0.0084 0.0231 -0.0080 0.0003

(b) Mendeley

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0632 -0.0029 0.1146 -0.1146 -0.4301
DT -0.0570 -0.0375 -0.0938 -0.4986 -0.3439
RF 0.0494 0.0800 -0.1288 -0.0725 -0.4243
MLP -0.0065 0.0267 -0.1888 -0.0750 -0.4712

(c) Composite HF

Table 21: FairMLHealth group fairness metrics differences across three CVD
datasets in the female-dominated scenario

across all models, women are consistently disadvantaged. Furthermore,
women frequently face a disadvantage in terms of detection, as reflected
by negative EOD values ranging from -0.090 to -0.19. This indicates
that the models exhibit lower sensitivity for females. It is evident that
women are not treated fairly at the selection and prediction levels. This
disparity is observed even when they reach higher BA difference and
AUC Difference, as in the case of RF.

6.1.3 Bias Detection | Scenario III: (50F/50M)

The bias detection results for the gender-balanced scenario conducted with
Fairlearn and FairMLHealth are outlined in the subsequent section.

Fairlearn: Consistent with the previous scenarios, DPD as well as EOD
remain very close to zero for the Kaggle CVD dataset, as presented in
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Kaggle CVD CVD Mendeley Composite HF

Model DPD EOD DPD EOD DPD EOD

KNN 0.0071 0.0060 0.0150 0.0688 0.4380 0.1875
DT 0.0254 0.0357 0.0113 0.0444 0.3306 0.1042
RF 0.0155 0.0215 0.0373 0.0667 0.3464 0.0237
MLP 0.0199 0.0267 0.0997 0.1368 0.3980 0.1562

Table 22: DPD and EOD by Fairlearn across three balanced CVD datasets

Table 22. Concerning the Mendeley dataset, the values imply parity
for the majority of models. Only the MLP model displays moderate
bias in both fairness metrics. Although in the case of gender balance,
the Composite HF dataset yields elevated DPD and EOD values,
implying gender bias. There are consistently high DPD values, ranging
from 0.3306 to 0.4380, particularly for KNN and MLP. Although RF
achieves relatively balanced error distributions across genders through
a low DPD of 0.0237, it still produces large gaps with a high DPD of
0.3464. Finally, KNN, DT, and MLP also display high imbalance in
error rates through elevated EOD.

Table 23 shows the performance of each model applied to
gender-balanced CVD datasets, stratified by gender. Equal
performance is shown by men and women in the Kaggle CVD
dataset, with similar accuracy, F1 scores, and selection rates.
However, most models show that men have a slight advantage in
recall, alongside higher false positive rates, while women have greater
precision. DT exhibits the greatest discrepancies, while KNN appears
to be the most gender-balanced model. When evaluated using the
Mendeley dataset, the KNN, DT, and RF models exhibited a relatively
balanced performance across both genders. The assessment of the
MLP model reveals persistent inequalities in performance metrics. The
most significant disparity emerges in the recall, where male patients
are given priority, as evidenced by the considerably lower FNR for
males and the lower TPR for females.

In accordance with the preceding scenarios, the Composite HF
Dataset demonstrates inequalities across all models applied. The most
significant disparities are evident in the selection rate, precision, recall,
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Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.6999 0.6974 0.7074 0.7023 0.7639 0.1978 0.5076 0.3075 0.2926 0.6925
1 0.7021 0.6942 0.7058 0.6999 0.7569 0.2006 0.5005 0.3015 0.2942 0.6985

DT 0 0.7157 0.7289 0.6876 0.7076 0.7410 0.1983 0.4720 0.2561 0.3124 0.7439
1 0.7088 0.7021 0.7094 0.7058 0.7364 0.2017 0.4974 0.2919 0.2906 0.7081

RF 0 0.7100 0.7285 0.6702 0.6981 0.7715 0.1943 0.4603 0.2501 0.3298 0.7499
1 0.7078 0.7102 0.6865 0.6981 0.7578 0.2006 0.4759 0.2716 0.3135 0.7284

MLP 0 0.7172 0.7303 0.6895 0.7093 0.7755 0.1922 0.4724 0.2550 0.3105 0.7450
1 0.7139 0.7094 0.7094 0.7094 0.7682 0.1957 0.4923 0.2817 0.2906 0.7183

(a) Kaggle CVD

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.8913 0.9200 0.8846 0.9020 0.8923 0.1087 0.5435 0.1000 0.1154 0.9000
1 0.9481 0.9767 0.9333 0.9545 0.9510 0.0519 0.5584 0.0312 0.0667 0.9688

DT 0 0.9565 0.9286 1.0000 0.9630 0.9712 0.0421 0.6087 0.1000 0.0000 0.9000
1 0.9351 0.9348 0.9556 0.9451 0.9230 0.0673 0.5974 0.0938 0.0444 0.9062

RF 0 0.9565 0.9286 1.0000 0.9630 0.9856 0.0552 0.6087 0.1000 0.0000 0.9000
1 0.9351 0.9545 0.9333 0.9438 0.9852 0.0502 0.5714 0.0625 0.0667 0.9375

MLP 0 0.8696 0.9545 0.8077 0.8750 0.9731 0.0944 0.4783 0.0500 0.1923 0.9500
1 0.9416 0.9551 0.9444 0.9497 0.9806 0.0579 0.5779 0.0625 0.0556 0.9375

(b) Mendeley

Model Gender Performance Metrics Fairness / Error Rate Metrics

Acc. Prec. Recall
(TPR) F1 ROC–AUC Brier Sel.

Rate FPR FNR TNR

KNN 0 0.8947 0.6667 0.6667 0.6667 0.9531 0.0706 0.1579 0.0625 0.3333 0.9375
1 0.8699 0.9425 0.8542 0.8962 0.9181 0.1133 0.5959 0.1000 0.1458 0.9000

DT 0 0.8421 0.5000 0.6667 0.5714 0.8151 0.1431 0.2105 0.1250 0.3333 0.8750
1 0.8151 0.9367 0.7708 0.8457 0.8786 0.1433 0.5411 0.1000 0.2292 0.9000

RF 0 0.8421 0.5000 0.8333 0.6250 0.9661 0.0849 0.2632 0.1562 0.1667 0.8438
1 0.8288 0.8989 0.8333 0.8649 0.8999 0.1247 0.6096 0.1800 0.1667 0.8200

MLP 0 0.8684 0.5714 0.6667 0.6154 0.9167 0.0868 0.1842 0.0938 0.3333 0.9062
1 0.8425 0.9294 0.8229 0.8729 0.8992 0.1263 0.5822 0.1200 0.1771 0.8800

(c) Composite HF

Table 23: Gender-stratified performance in the gender-balanced scenario using
Fairlearn

and F1-score. These are also mirrored in the lower TPR and higher
FNR for female patients, implying the algorithms perform worse in
diagnosing CVD for females.
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Considering the outcomes of the gender-balanced scenario, female
patients achieved the best overall results in most of the metrics
across all models, as reflected in the Mendeley dataset. The DT and
RF models, in particular, achieved outstanding results for females,
demonstrating the highest accuracy, recall, F1-score, and ROC-AUC
values. However, male patients demonstrated slightly higher precision,
slightly lower FPR and higher TNR.

In fact, the performance outcomes per gender reflect the results
of the fairness metrics. Due to similar accuracy, F1, and selection rates
for each gender in the Kaggle CVD dataset, both DPD and EOD are
nearly zero. In contrast, modest differences are seen in the Mendeley
dataset, particularly for the MLP model, indicated through a DPD
value of 0.0997 and an EOD of 0.1368. The latter reflects the observed
male-favoring FNR and recall gaps. Having high DPD ranging from
0.3306 to 0.4380 and elevated EOD values, the Composite HF dataset
shows the greatest discrepancies among all models. This is consistent
with significant gender differences in recall, F1, and selection rates.

82



Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0070 -0.0022 0.0060 0.0031 0.0071
DT 0.0047 0.0069 -0.0357 0.0268 -0.0254
RF 0.0137 0.0026 -0.0215 0.0183 -0.0155
MLP 0.0073 0.0034 -0.0267 0.0209 -0.0199

(a) Kaggle CVD

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN -0.0587 -0.0587 0.0688 -0.0567 -0.0150
DT 0.0482 0.0191 0.0444 -0.0062 0.0113
RF 0.0003 0.0146 0.0667 -0.0260 0.0373
MLP -0.0075 -0.0621 -0.1368 -0.0005 -0.0997

(b) Mendeley

Model AUC Diff BA Diff EOD PPV Diff SPD

KNN 0.0350 -0.0750 -0.1875 -0.2759 -0.4380
DT -0.0635 -0.0646 -0.1042 -0.4367 -0.3306
RF 0.0663 0.0119 -0.0237 -0.3989 -0.3464
MLP 0.0175 -0.0650 -0.1562 -0.3580 -0.3980

(c) Composite HF

Table 24: FairMLHealth group fairness metrics differences across three CVD
datasets in the gender-balanced scenario

FairMLHealth: The results of the FairMLHealth fairness metrics in the
gender balanced scenario are delineated in Table 24 across all three
datasets. Once more, the Kaggle CVD dataset demonstrates a very fair
and balanced performance among both genders, throughout all fairness
metrics. All fairness metrics yield values very close to zero across
each model, signifying equal treatment of female and male patients.
Regarding the Mendeley dataset, generally, it can be observed that
the fairness metrics are further away from zero, demonstrating slight
to moderate inequalities in the majority of models used. This implies
that females are at a disadvantage in prediction, which manifests as
a lower TPR or a higher FPR. For the latter, it’s an indicator of
moderate underselection of females. Consistent discrimination against
females is illustrated in the evaluation of the Composite HF dataset. A
substantial under-selection of women is evident in all models, with SPD
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values ranging from -0.3306 to -0.4380, and the precision of detecting
true cases is worse, as indicated by PPV Difference between -0.2759 and
-0.4367. Moreover, the EOD yielded negative results, with values of
-0.1875 for KNN and -0.1562 for MLP, suggesting that women exhibit
diminished detection performance.

A direct comparison of the EOD and DPD fairness metrics
from FairMLHealth and Fairlearn reveals equivalent results across
female-dominated and gender-balanced scenarios. However, within the
male-dominant setting, inconsistencies emerged in both the Mendeley
dataset and the Composite HF dataset. For the Mendeley data, disparities
are negligible in most cases, with a notable difference in the performance of
the KNN model for the EOD metric: FairMLHealth reports 0.0431, whereas
Fairlearn reports 0.1752. A close examination of the Composite HF dataset
reveals that discrepancies manifest exclusively within the DT model. A
slight variation is observed in the EOD metric, and a significant difference
is identified in the DPD metric, with FairMLHealth reporting 0.3727 and
Fairlearn 0.2549. This comparison indicates that the model selection and
the distribution of the gender attribute exert a more significant influence on
the fairness analysis than the choice of fairness tool. Therefore, assessing
bias across several fairness tools strengthens the reliability of the outcomes.

In light of the findings from the bias evaluation presented in Table
25, it is evident that the Kaggle CVD dataset is not subject to gender bias,
showing only negligible differences in performance between male and female
patients. These equitable results are consistent across all three gender
distribution scenarios, including male-skewed, female-skewed, and balanced
samples. Conversely, the Mendeley dataset exhibits slight to moderate bias
in scenarios dominated by either males or females. While the utilization
of a balanced sample does enhance the fairness of the process, disparities
nevertheless persist. The Composite HF dataset reveals a significant and
consistent level of bias across all scenarios and models. The findings
indicate that gender bias becomes visible through the comparison of fairness
metrics across different gender distributions and models, particularly in the
Mendeley and Composite HF datasets.
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Kaggle CVD Mendeley Composite HF

FairMLHealth Fairlearn FairMLHealth Fairlearn FairMLHealth Fairlearn

Model DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD

KNN 0.0358 0.0425 0.0358 0.0425 0.0860 0.0431 0.0802 0.1752 0.3796 0.0521 0.3796 0.0521
DT 0.0114 0.0155 0.0114 0.0155 0.0387 0.0287 0.0387 0.0406 0.3727 0.0950 0.2549 0.0812
RF 0.0101 0.0267 0.0101 0.0267 0.0438 0.0556 0.0438 0.0688 0.4081 0.0833 0.4081 0.0833
MLP 0.0021 0.0119 0.0021 0.0119 0.0604 0.0709 0.0604 0.0709 0.3396 0.1562 0.3396 0.1562

(a) Scenario I (75M/25F)

Kaggle CVD Mendeley Composite HF

FairMLHealth Fairlearn FairMLHealth Fairlearn FairMLHealth Fairlearn

Model DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD

KNN 0.0458 0.0564 0.0458 0.0564 0.0220 0.1062 0.0220 0.1062 0.4301 0.1146 0.4301 0.1146
DT 0.0038 0.0078 0.0038 0.0078 0.0017 0.0594 0.0017 0.0594 0.3439 0.0938 0.3439 0.0938
RF 0.0096 0.0228 0.0096 0.0228 0.0285 0.1000 0.0285 0.1000 0.4243 0.1288 0.4243 0.1288
MLP 0.0289 0.0421 0.0289 0.0421 0.0003 0.0231 0.0003 0.0231 0.4712 0.1888 0.4712 0.1888

(b) Scenario II (75F/25M)

Kaggle CVD Mendeley Composite HF

FairMLHealth Fairlearn FairMLHealth Fairlearn FairMLHealth Fairlearn

Model DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD DPD EOD

KNN 0.0071 0.0060 0.0071 0.0060 0.0150 0.0688 0.0150 0.0688 0.4380 0.1875 0.4380 0.1875
DT 0.0254 0.0357 0.0254 0.0357 0.0113 0.0444 0.0113 0.0444 0.3306 0.1042 0.3306 0.1042
RF 0.0155 0.0215 0.0155 0.0215 0.0373 0.0667 0.0373 0.0667 0.3464 0.0237 0.3464 0.0237
MLP 0.0199 0.0267 0.0199 0.0267 0.0997 0.1368 0.0997 0.1368 0.3980 0.1562 0.3980 0.1562

(c) Scenario III (50F/50M): Gender balanced CVD datasets

Table 25: Fairness metric comparison across Fairlearn and FairMLHealth

6.2 Bias Mitigation

Following the implementation of bias detection, the subsequent mitigation
process is necessary to address the identified disparities. As previously
stated, FairMLHealth does not provide any form of mitigation techniques.
Consequently, bias mitigation approaches from Fairlearn and AIF360 are
employed to compare the effectiveness of the tools. The following sections
present the results of the bias methods employed for each fairness tool. Those
results provide insight into the impact of specific bias mitigation strategies
and the potential trade-offs between accuracy and fairness.
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6.2.1 Bias Mitigation | Scenario I (75M/25F):

The Mendeley and Composite HF datasets both demonstrate moderate to
significant bias across all scenarios. For this reason, bias mitigation measures
will be implemented on these two datasets. Consequently, the outcomes of
distinct bias mitigation techniques applied to both datasets in Scenario I are
presented in the subsequent paragraphs.

AIF360: The gender bias mitigation approaches applied to male-skewed
CVD datasets leveraging AIF360 yielded the following results, as
depicted in Table 26. In general, the baseline models show good
predictive accuracy for the Mendeley dataset, with the RF baseline
yielding the highest accuracy value of 95.5%. Nonetheless, considerable
group inequalities are associated with this superior performance. Using
reweighting as a pre-processing technique is not always effective in
increasing fairness. In fact, this strategy worsens equity in many cases
without generating accuracy improvements. Overall, post-processing
aimed at reducing bias yields the same metrics as the initial baseline.
In the case of DT, using post-processing in Equalized Odds significantly
lowers accuracy and worsens both fairness indicators. Meanwhile,
the in-processing method, ADV, achieves the best balance, especially
when tuned. Consequently, ADV produces an accuracy of 91.5%,
almost completely removing differences across genders, with a DPD
of 0.0003 and an EOD of 0.0376. In the context of the male-skewed
data composition from the Mendeley dataset, the implementation of
the in-processing method appears to be a more effective approach in
enhancing fairness without significantly compromising accuracy.

Although the baselines in the Composite HF dataset are very accurate,
significant disparities in fairness persist, particularly with regard
to DPD. Reweighting does not substantially reduce bias without
compromising accuracy or increasing EOD. The most equitable
performance is achieved through post-processing with Equalized Odds
applied to the DT model. Furthermore, its accuracy is maintained
in comparison to the established baseline, with an accuracy of 80.43%.
Additionally, it fosters fair performance, as evidenced by the attainment
of a DPD of 0.1896 and an EOD of 0.0312. Furthermore, the ADV
method also demonstrates its ability to enhance fairness, as it reduces
EOD and increases accuracy, but at the cost of higher DPD. Therefore,
the DT model with post-processing using Equalized Odds still achieves
the fairest result.
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.9300 0.0082 0.1752 0.8859 0.3796 0.0521
KNN – Pre: Reweigh 0.9100 0.0542 0.1308 0.8641 0.3659 0.1562
KNN – Post: EqOdds 0.9300 0.0082 0.1752 0.8859 0.3796 0.0521

DT – Baseline 0.9050 0.0387 0.0103 0.8098 0.2549 0.0104
DT – Pre: Reweigh 0.9300 0.0497 0.0983 0.8098 0.2138 0.1979
DT – Post: EqOdds 0.8400 0.0740 0.1342 0.8043 0.1896 0.0312

RF – Baseline 0.9550 0.0438 0.0556 0.8804 0.4081 0.0833
RF – Pre: Reweigh 0.9550 0.0438 0.0556 0.8804 0.4081 0.0833
RF – Post: EqOdds 0.9550 0.0438 0.0556 0.8750 0.3818 0.0833

MLP – Baseline 0.9200 0.0604 0.0709 0.8587 0.3396 0.1562
MLP – Pre: Reweigh 0.9000 0.1062 0.1641 0.8587 0.3612 0.1146
MLP – Post: EqOdds 0.9200 0.0604 0.0709 0.8098 0.3327 0.2083

ADV in-proc 0.8950 0.0392 0.0179 0.8533 0.2859 0.1771
Tuned ADV in-proc 0.9150 0.0003 0.0376 0.8696 0.3396 0.0104

Table 26: Bias mitigation results using AIF360 on two male-dominated CVD
datasets

Fairlearn: Table 27 presents the application of in- and post-processing
mitigation approaches offered by Fairlearn. In this particular context,
Exponentiated Gradient (EG) Reduction and Grid Search (GS)
Reduction were employed for in-processing, while the Threshold
Optimizer (TO) was utilized for post-processing, respectively. Given
that in-processing techniques require gradient-optimized models, while
KNN is instance-based and thus cannot be used, post-processing is the
only option. To enhance the clarity of the results, abbreviations are
employed exclusively in the table, while the complete method wording
is detailed in the text.

Consequently, post-processing was not an effective mitigation strategy
for the KNN models in either dataset. The other models exhibited
slight inequality alongside superior accuracy. Neither in-processing nor
post-processing led to fairer performance in the DT without reducing
overall accuracy and increasing inequalities. Conversely, all bias
mitigation approaches applied to RF have been shown to yield fairer
performance. The Grid Search reduction under Equalized Odds (EO)
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.9300 0.0802 0.1752 0.8859 0.3796 0.0521
KNN – TO (DP/EO) 0.9300 0.0802 0.1752 0.8859 0.3796 0.0521

DT – Baseline 0.9050 0.0387 0.0406 0.8098 0.2549 0.0812
DT – EG (EO) 0.9200 0.0418 0.0750 0.8098 0.3212 0.1875
DT – EG (DP) 0.9000 0.0322 0.1562 0.8098 0.2880 0.0300
DT – GS (EO) 0.9050 0.0387 0.0406 0.8098 0.2549 0.0812
DT – GS (DP) 0.9150 0.0692 0.0983 0.7826 0.3727 0.3021
DT – TO (EO) 0.8950 0.0025 0.0250 0.8098 0.3075 0.1771
DT – TO (DP) 0.8900 0.0265 0.1094 0.8152 0.2422 0.1125

RF – Baseline 0.9550 0.0438 0.0688 0.8804 0.4081 0.0833
RF – EG (EO) 0.9550 0.0308 0.0531 0.8804 0.4081 0.0833
RF – EG (DP) 0.9550 0.0438 0.0688 0.8804 0.4081 0.0833
RF – GS (EO) 0.9650 0.0127 0.0188 0.8859 0.4676 0.1063
RF – GS (DP) 0.9450 0.0409 0.0821 0.8804 0.3886 0.0729
RF – TO (EO/DP) 0.9600 0.0220 0.0556 0.8750 0.4012 0.0938

MLP – Baseline 0.9200 0.0604 0.0709 0.8587 0.3396 0.1562
MLP – EG (EO/DP) 0.9200 0.0604 0.0709 0.8478 0.3396 0.1667
MLP – GS (EO) 0.9250 0.0003 0.1031 0.8478 0.3727 0.1667
MLP – GS (DP) 0.9200 0.0519 0.1145 0.8424 0.3327 0.1771
MLP – TO (EO) 0.9200 0.0604 0.0709 0.8641 0.4366 0.1437
MLP – TO (DP) 0.9200 0.0604 0.0709 0.8533 0.3659 0.0150

Table 27: Bias mitigation results using Fairlearn on two male-dominated CVD
datasets

was able to increase accuracy while also minimizing the disparities
in EOD and DPD. Furthermore, enhancements in regard to the
MLP were only possible in DPD, while EOD worsened. In addition,
Exponentiated Gradient Reduction and post-processing strategies did
not yield any enhancements.

In the case of the DT model of the Composite HF dataset, the
efforts to mitigate bias were unsuccessful in the majority of attempts.
However, the application of post-processing with DPD yielded a
mitigated discrepancy in DPD, accompanied by minor gains in
accuracy. These gains were associated with a compromise in fairness,
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.8900 0.0220 0.1063 0.8315 0.4301 0.1146
KNN – Pre: Reweigh 0.8900 0.0068 0.0043 0.8261 0.3590 0.0208
KNN – Post: EqOdds 0.8700 0.0215 0.1038 0.8315 0.4301 0.1146

DT – Baseline 0.9000 0.0017 0.0594 0.8261 0.3439 0.0938
DT – Pre: Reweigh. 0.8950 0.0330 0.0393 0.8533 0.4618 0.2604
DT – Post: EqOdds 0.8850 0.0635 0.0421 0.8152 0.2913 0.0938

RF – Baseline 0.9250 0.0285 0.1000 0.8424 0.4106 0.1088
RF – Pre: Reweigh 0.9250 0.0285 0.1000 0.8424 0.4243 0.0312
RF – Post: EqOdds 0.9250 0.0285 0.1000 0.8424 0.4243 0.0312

MLP – Baseline 0.8850 0.0234 0.0219 0.8207 0.4712 0.1888
MLP – Pre: Reweigh 0.8650 0.0669 0.0650 0.7989 0.4322 0.1354
MLP – Post: EqOdds 0.8850 0.0234 0.0009 0.7989 0.3133 0.0312

ADV in–proc 0.8800 0.0020 0.0316 0.8207 0.3991 0.0208
Tuned ADV in–proc 0.9050 0.0025 0.0009 0.8696 0.3590 0.0208

Table 28: Bias mitigation results using AIF360 on two female-dominated CVD
datasets

in terms of EOD, leading to a deterioration in predictive performance.
The RF did not respond to in-processing through EG Reduction,
overall generating results that were identical to the baseline. No
accuracy gain could be achieved by applying bias mitigation to the
MLP. Additionally, the fairness gaps increased for at least one metric
while improving the other. In summary, the most accurate and fair
results for MLP are achieved with the postprocessing method, which
yields an accuracy of 85.55% and an EOD value of 0.0150, while still
showing unequal selection rates with a DPD of 0.3659.

6.2.2 Bias Mitigation | Scenario II (75F/25M)

The results of gender bias mitigation approaches incorporated from AIF360
and Fairlearn, applied to female-skewed CVD datasets, are illustrated in
Tables 28 and 29.

AIF360: The baseline RF model demonstrates the greatest accuracy,
exhibiting a moderate bias despite the implementation of an elevated
EOD of 0.10. Consequently, RF is not the optimal model for
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deployment in CVD diagnosis. The ADV in-processing approach,
which was further improved through tuning, yields the best balance of
predictive accuracy and fairness for the Mendeley dataset. With an
accuracy rate of 90.5%, this technique demonstrates fair performance
for both genders, with the lowest differences in DPD and EOD at
0.0025 and 0.0009, respectively.

The tuned ADV approach is the most equitable choice for the
Composite HF dataset, as it exhibits high accuracy and balance in
error rates through low EOD. Despite this, there remains a significant
disparity in the selection rates, as indicated by a DPD of 0.3590.
Applying the Equalized Odds post-processing to the DT is another
well-balanced choice for the Composite HF dataset. With a DPD
of 0.2913, this method substantially enhances fairness while nearly
fully maintaining accuracy. Other mitigation techniques also show
low discrimination in diagnosing true CVD cases as well. However,
they still show significant bias in favoring one gender for positive
predictions, signified through high DPD.

Fairlearn: Except for the EOD value in the DT model, the fairness
indicators exhibited only a minimal degree of bias for the models
applied to the Mendeley dataset. The KNN model improves fairness by
integrating a TO with DP, which halves the fairness gaps in DPD and
EOD while maintaining nearly the same level of accuracy. Although
the DT baseline shows only slight inequality in predictive performance,
implementing Exponentiated Gradient reduction with Equalized
Odds improves the EOD value to 0.0393. While the application of
Exponentiated Gradient reduction and the Threshold Optimizer were
ineffective in eliminating any fairness gaps for the RF model, employing
Grid Search reduction under DP resulted in moderate accuracy gains
and much fairer performance. Furthermore, the MLP model didn’t
respond to any of the bias mitigation approaches. Consequently, fairer
performance could not be facilitated. Of all the algorithms and their
various bias-mitigation variants, RF with grid search reduction using
DPD yields the most favorable results. It produces outstanding results
with 96% accuracy and respective fairness metrics of 0.0090 and
0.0444.

The Composite HF dataset revealed substantial disparities in selection
rates and moderate inequalities in predictive performance. Therefore,
the mitigation approaches applied to KNN were unsuccessful, yielding
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the same results as the baseline. The Exponentiated Gradient
Reduction with DP applied to the DT model substantially reduces
the DPD. Moreover, EOD could also be further minimized without
significantly depreciating accuracy. Other mitigation approaches
applied to DT either led to a significant decrease in accuracy or
an increase in inequality. Grid Search Reduction with EO was the
only successful mitigation strategy for RF, while other techniques
diminished performance and fairness. Nevertheless, in that particular
instance, the improvements in fairness, while maintaining the accuracy
level, are minimal. In regard to the MLP, the majority of the
mitigation strategies stagnate at the baseline in terms of accuracy,
as well as fairness. Implementing Exponentiated Gradient reduction
under DP yielded slight accuracy improvements while maintaining the
disparities observed in DPD and EOD. Even when integrating the
Threshold Optimizer, higher accuracy comes at the cost of substantial
increases in both fairness metrics.
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.8900 0.0220 0.1063 0.8315 0.4301 0.1146
KNN – TO (DP) 0.8850 0.0104 0.0594 0.8315 0.4301 0.1146
KNN – TO (EO) 0.8900 0.0548 0.1094 0.8315 0.4301 0.1146

DT – Baseline 0.9000 0.0017 0.0594 0.8261 0.3439 0.0938
DT – EG (EO) 0.8900 0.0017 0.0393 0.8261 0.3497 0.0729
DT – EG (DP) 0.8950 0.0308 0.0615 0.8098 0.2823 0.0413
DT – GS (EO) 0.9000 0.0017 0.0594 0.7337 0.2390 0.0521
DT – GS (DP) 0.8950 0.0308 0.0615 0.8043 0.4239 0.1813
DT – TO (EO) 0.8950 0.0483 0.1750 0.7174 0.3079 0.2917
DT – TO (DP) 0.8950 0.0567 0.1219 0.8207 0.3659 0.1562

RF – Baseline 0.9250 0.0285 0.1000 0.8424 0.4106 0.1088
RF – EG (EO/DP) 0.9250 0.0285 0.1000 0.8424 0.4106 0.1088
RF – GS (EO) 0.9450 0.0178 0.0444 0.8424 0.3911 0.0775
RF – GS (DP) 0.9600 0.0090 0.0444 0.8315 0.3911 0.0975
RF – TO (EO/DP) 0.9200 0.0533 0.1000 0.8424 0.4632 0.1400

MLP – Baseline 0.8850 0.0234 0.0219 0.8207 0.4712 0.1888
MLP – EG (EO) 0.8850 0.0234 0.0219 0.8207 0.4712 0.1888
MLP – EG (DP) 0.8850 0.0234 0.0219 0.8315 0.4712 0.1688
MLP – GS (EO) 0.8850 0.0234 0.0219 0.8207 0.4712 0.1888
MLP – GS (DP) 0.8850 0.0285 0.1063 0.8207 0.4712 0.1888
MLP – TO (EO) 0.8850 0.0234 0.0219 0.8261 0.4722 0.3438
MLP – TO (DP) 0.8850 0.0234 0.0219 0.8424 0.5512 0.3438

Table 29: Bias mitigation results using Fairlearn on two female-dominated CVD
datasets

6.2.3 Bias Mitigation | Scenario III (50F/50M)

The following paragraph presents the results of the bias mitigation applied
to the balanced CVD datasets from Scenario III.

AIF360: Table 30 presents the results of bias mitigation achieved through
the implementation of AIF360 in CVD datasets where the gender
distribution was balanced. Based on the gender-balanced composition
of the Mendeley dataset, the initial state of fairness status appears
well-balanced in terms of performance for both genders, except for
the MLP, which exhibits moderate bias in its fairness metrics. In
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.9350 0.0150 0.0688 0.8750 0.4380 0.1875
KNN – Pre: Reweigh 0.9200 0.0068 0.0120 0.8315 0.3580 0.0417
KNN – Post: EqOdds 0.9350 0.0150 0.0487 0.8750 0.4380 0.1875

DT – Baseline 0.9400 0.0113 0.0444 0.8207 0.3306 0.1042
DT – Pre: Reweigh 0.8650 0.0308 0.1444 0.7391 0.1968 0.1771
DT – Post: EqOdds 0.9250 0.0234 0.0060 0.8261 0.3064 0.1667

RF – Baseline 0.9400 0.0373 0.0667 0.8315 0.3464 0.0237
RF – Pre: Reweigh 0.9400 0.0373 0.0667 0.8315 0.3464 0.0000
RF – Post: EqOdds 0.9400 0.0373 0.0667 0.8261 0.3533 0.0000

MLP – Baseline 0.9250 0.0997 0.1368 0.8533 0.4243 0.1562
MLP – Pre: Reweigh 0.9000 0.0497 0.0650 0.8315 0.3911 0.1354
MLP – Post: EqOdds 0.9250 0.0997 0.1368 0.8370 0.3453 0.1562

ADV in–proc 0.9250 0.0127 0.0598 0.8587 0.3864 0.0312
Tuned ADV in–proc 0.9250 0.0155 0.0103 0.8641 0.3854 0.0104

Table 30: Bias mitigation results using AIF360 on two gender balanced CVD
datasets

this regard, Reweighting as a pre-processing technique yields fairer
outcomes at the expense of slightly reduced accuracy. Nevertheless, for
the best performance, KNN with Reweighting implemented reaches a
good compromise between fairness and predictive performance. With
the smallest group disparities indicated by a DPD of 0.0068 and an
EOD of 0.0120, it performs slightly less accurately than the baseline.
The applied mitigation methods either decrease fairness for higher
performance or fail to enhance both fairness indicators consistently.
However, the RF baseline offers balanced fairness and high accuracy
without the need for pre- or post-processing.

Fairlearn: The outcomes of Fairlearn’s bias mitigation techniques on
the CVD datasets with equal gender representation are displayed in
Table 31. Moderate bias is still present in the gender-balanced dataset
composition, as evidenced by the EOD metric in the Mendeley dataset.
Furthermore, the employed MLP model demonstrates moderate bias
in DPD, suggesting imbalanced selection rates. Nevertheless, the
application of bias mitigation via post-processing to KNN was
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Mendeley Composite HF

Model / Variant Accuracy DPD EOD Accuracy DPD EOD

KNN – Baseline 0.9350 0.0150 0.0688 0.8750 0.4380 0.1875
KNN – TO (DP/EO) 0.9350 0.0150 0.0688 0.8750 0.4380 0.1875

DT – Baseline 0.9400 0.0113 0.0444 0.8207 0.3306 0.1042
DT – EG (EO) 0.9300 0.0017 0.0444 0.8261 0.4448 0.3229
DT – EG (DP) 0.9300 0.0017 0.0444 0.7826 0.2812 0.0208
DT – GS (EO) 0.9400 0.0113 0.0444 0.8207 0.3306 0.1042
DT – GS (DP) 0.9400 0.0113 0.0444 0.7880 0.2743 0.1979
DT – TO (EO) 0.9350 0.0104 0.0063 0.8315 0.3327 0.1667
DT – TO (DP) 0.9300 0.0017 0.0444 0.8424 0.4380 0.3333

RF – Baseline 0.9400 0.0373 0.0667 0.8315 0.3464 0.0237
RF – EG (EO/DP) 0.9400 0.0373 0.0667 0.8315 0.3464 0.0237
RF – GS (EO) 0.9600 0.0344 0.0436 0.8587 0.4254 0.0975
RF – GS (DP) 0.9450 0.0025 0.0375 0.8750 0.3991 0.0312
RF – TO (EO/DP) 0.9300 0.0026 0.0375 0.8533 0.4849 0.2000

MLP – Baseline 0.9250 0.0997 0.1368 0.8533 0.4243 0.1562
MLP – EG (EO) 0.9250 0.0997 0.1368 0.8098 0.4106 0.1175
MLP – EG (DP) 0.9250 0.0997 0.1368 0.8261 0.4174 0.1250
MLP – GS (EO) 0.9250 0.0997 0.1368 0.8533 0.4243 0.1562
MLP – GS (DP) 0.9100 0.1344 0.1752 0.8424 0.4791 0.1875
MLP – TO (EO) 0.9150 0.1126 0.1368 0.8478 0.4506 0.3229
MLP – TO (DP) 0.9150 0.1126 0.1368 0.8533 0.4654 0.1875

Table 31: Bias mitigation results using Fairlearn on two gender balanced CVD
datasets

unsuccessful, neither under the constraint of DP nor EO. Despite the
DT’s initially equitable performance, further enhancement of fairness
could be achieved through the integration of the Threshold Optimizer.
Each post-processing restriction improves the respective fairness metric
with only minor accuracy loss. Grid Search under EO achieves the
highest overall accuracy when applied to RF, while helping to minimize
disparities in error and selection rates. However, the Grid Search
constrained to DP yielded the most equitable performance overall
while enhancing accuracy in comparison to the baseline. Regarding the
MLP applied to the Mendeley dataset, no bias mitigation approaches
were capable of reducing the moderate bias present.
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The distribution of gender balance did not yield substantial
improvement in terms of bias presence in the Composite HF
dataset. Notwithstanding the integration of the Threshold Optimizer
into the KNN algorithm as a mitigation method, both accuracy and
the fairness indicators stagnated at the baseline. With respect to
the DT model, enhancements in fairness were only achieved through
a considerable decrease in accuracy. Therefore, the employment
of the Exponentiated Gradient with a DP constraint results in the
most equitable outcomes within the mitigated DT models. With an
accuracy rate of 78.26%, a DPD of 0.2812, and an EOD of 0.0208,
a fairness gap in terms of selection rate remains. In the case of the
Composite HF data, RF did not respond to any of the implemented
approaches to bias mitigation. An enhancement in the accuracy of the
model was accompanied by an increase in its bias. Bias mitigation for
MLP was only achieved through the implementation of Exponentiated
Gradient Reduction. Nonetheless, the enhancements in the fairness
metrics are only minor, and they simultaneously reduce the overall
accuracy of the MLP.

To provide a more comprehensive overview, Figures 32 and 33 condense the
mitigation results for each dataset, including the fairness metrics and the
accuracy across all scenarios in terms of gender composition. These combined
findings reveal several recurring trends regarding the dynamics between the
accuracy and fairness of the various mitigation techniques employed. In
general, bias reduction increased fairness in all models, however, the extent
of the corresponding performance trade-off depended on the model and its
mitigation strategy.
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Scenario Model Tool Method Acc DPD EOD

75M/25F

KNN
Baseline 0.9300 0.0802 0.1752
AIF360 Pre: Reweight. 0.9100 0.0542 0.1308
Fairlearn Post: ThreshOpt 0.9300 0.0802 0.1752

DT
Baseline 0.9050 0.0387 0.0103
AIF360 Pre: Reweight. 0.9300 0.0497 0.0983
Fairlearn Post: ThreshOpt 0.8950 0.0025 0.0250

RF
Baseline 0.9550 0.0438 0.0556
AIF360 Pre+Post 0.9550 0.0438 0.0556
Fairlearn In: GridSearch 0.9650 0.0127 0.0188

MLP
Baseline 0.9200 0.0604 0.0709
AIF360 Post: EOdds 0.9200 0.0604 0.0709
Fairlearn In: GridSearch 0.9250 0.0003 0.1031

ADV AIF360 FairClassifier 0.9150 0.0003 0.0376

75F/25M

KNN
Baseline 0.8900 0.0220 0.1063
AIF360 Pre: Reweight. 0.8900 0.0068 0.0043
Fairlearn Post: ThreshOpt 0.8850 0.0104 0.0594

DT
Baseline 0.9000 0.0017 0.0594
AIF360 Pre: Reweight. 0.8950 0.0330 0.0393
Fairlearn In: ExpGrad 0.8900 0.0017 0.0393

RF
Baseline 0.9250 0.0285 0.1000
AIF360 Pre+Post 0.9250 0.0285 0.1000
Fairlearn In: GridSearch 0.9600 0.0090 0.0444

MLP
Baseline 0.8850 0.0234 0.0219
AIF360 Post: EOdds 0.8850 0.0234 0.0009
Fairlearn In+Post 0.8850 0.0234 0.0219

ADV AIF360 FairClassifier 0.9050 0.0025 0.0009

50F/50M

KNN
Baseline 0.9350 0.0150 0.0688
AIF360 Pre: Reweight. 0.9200 0.0068 0.0120
Fairlearn Post: ThreshOpt 0.9350 0.0150 0.0688

DT
Baseline 0.9400 0.0113 0.0444
AIF360 Post: EOdds 0.9250 0.0234 0.0060
Fairlearn Post: ThreshOpt 0.9350 0.0150 0.0688

RF
Baseline 0.9400 0.0373 0.0667
AIF360 Pre+Post 0.9400 0.0373 0.0667
Fairlearn In: GridSearch 0.9450 0.0025 0.0375

MLP
Baseline 0.9250 0.0997 0.1368
AIF360 Pre: Reweight. 0.9000 0.0497 0.0650
Fairlearn Post: ThreshOpt 0.9150 0.1126 0.1368

ADV AIF360 FairClassifier 0.9250 0.0155 0.0103

Table 32: Mitigation results on the Mendeley dataset under different gender
distributions.

With relatively minor impacts on accuracy, pre-processing reweighting
from AIF360 generated the most reliable decrease in disparity measures for
KNN. This implies that KNN benefits greatly from data-level mitigation
when applied to the Mendeley data. In the context of DT, no particular

96



technique emerged as dominant. The implementation of the Equalized
Odds from AIF360 and the Threshold Optimizer from Fairlearn resulted
in a reduction of bias following post-processing, accompanied by a decline
in predictive performance. Considering this, the DT model applied to the
Mendeley dataset tends to show a clearer relationship between fairness
and performance. The incorporation of the in-processing Grid Search
from Fairlearn consistently yielded the most fair outcomes for Random
Forest, while simultaneously enhancing fairness and augmenting accuracy.
Therefore, in the case of the Mendeley data, the ensemble approach
achieved a positive fairness-performance compromise. The MLP model
produced less consistent outcomes, although post-processing Equalized
Odds yielded the greatest reduction in disparities for the Mendeley data.
However, no single solution outperformed the others consistently across
the three gender composition scenarios. Finally, the AIF360 fair classifier
demonstrated considerable accuracy and equality in both fairness measures.
In circumstances where both fairness metrics are pertinent, the ADV
method by AIF360 emerges as a highly effective solution, as evidenced by
its application to the Mendeley data.

When compared to the results obtained from the Mendeley dataset, the
mitigation outcomes for the Composite HF dataset display a more varied
pattern. The degree and direction of the fairness-accuracy relationship
differed considerably based on gender distribution and the mitigation
approach used, despite the achievement of bias reduction across models.

AIF360’s Reweighting approach reduced gender disparities for KNN;
however, in the case of Scenario I, the male-dominant scenario, this approach
was found to be ineffective. AIF360’s Reweighting approach reduced gender
disparities for KNN applied to the Composite HF data. However, in the
case of Scenario I, the male-dominant scenario, this approach was found
to be ineffective. Moreover, these gains in fairness were accompanied by
modest declines in accuracy, suggesting sensitivity of the model to data
redistribution. The Exponentiated Gradient from Fairlearn and Equalized
Odds by AIF360 displayed their capacity to mitigate disparities for the DT
model across all gender distribution scenarios of the Composite HF dataset.
This led to modest declines in performance once more. Subsequently,
none of the mitigation categories are universally beneficial for the DT
model. Nevertheless, the results demonstrates a preference for fairness
constraints applied at the threshold level or during optimization. The
most balanced outcomes for RF were accomplished through Fairlearn’s
Grid Search enhancing fairness while preserving reasonable accuracy.
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Scenario Model Tool Method Acc DPD EOD

75M/25F

KNN
Baseline 0.8859 0.3796 0.0521
AIF360 Post: EOdds 0.8859 0.3796 0.0521
Fairlearn Post: ThreshOpt 0.8859 0.3796 0.0521

DT
Baseline 0.8098 0.2549 0.0104
AIF360 Post: EOdds 0.8043 0.1896 0.0312
Fairlearn In: ExpGrad 0.8098 0.2549 0.0104

RF
Baseline 0.8804 0.4081 0.0833
AIF360 Post: EOdds 0.8750 0.3818 0.0833
Fairlearn In: GridSearch 0.8804 0.3886 0.0729

MLP
Baseline 0.8587 0.3396 0.1562
AIF360 Pre: Reweight. 0.8587 0.3612 0.1146
Fairlearn In: ThreshOpt 0.8533 0.3659 0.0150

ADV AIF360 FairClassifier 0.8696 0.3396 0.0312

75F/25M

KNN
Baseline 0.8315 0.4301 0.1146
AIF360 Pre: Reweight. 0.8261 0.3590 0.0208
Fairlearn Post: ThreshOpt 0.8315 0.4301 0.1146

DT
Baseline 0.8261 0.3439 0.0938
AIF360 Post: EOdds 0.8152 0.2913 0.0938
Fairlearn In: ExpGrad 0.8098 0.2823 0.0413

RF
Baseline 0.8424 0.4243 0.1288
AIF360 Pre+Post 0.8424 0.4243 0.0312
Fairlearn In: GridSearch 0.8424 0.3911 0.0775

MLP
Baseline 0.8207 0.4712 0.1888
AIF360 Post: EOdds 0.7989 0.3133 0.0312
Fairlearn In: ExpGrad 0.8315 0.4712 0.1688

ADV AIF360 FairClassifier 0.8696 0.3590 0.0208

50F/50M

KNN
Baseline 0.8750 0.4380 0.1875
AIF360 Pre: Reweight. 0.8315 0.3580 0.0417
Fairlearn Post: ThreshOpt 0.8750 0.4380 0.1875

DT
Baseline 0.8207 0.3306 0.1042
AIF360 Pre: Reweight. 0.7391 0.1968 0.1771
Fairlearn In: ExpGrad 0.7826 0.2812 0.0208

RF
Baseline – 0.8315 0.3464 0.0237
AIF360 Pre: Reweight. 0.8315 0.3464 0.0000
Fairlearn In+Post 0.8315 0.3464 0.0237

MLP
Baseline 0.8533 0.4243 0.1562
AIF360 Post: EOdds 0.8370 0.3453 0.1562
Fairlearn In: ExpGrad 0.8098 0.4106 0.1175

ADV AIF360 FairClassifier 0.8641 0.3854 0.0104

Table 33: Mitigation results on the Composite HF dataset under different gender
distributions.

In contrast, the AIF360 mitigation strategies demonstrated inconsistent
outcomes, indicating that ensemble models might respond more favorably
to in-processing optimization than to pre- or post-processing modifications.
Furthermore, the mitigation methods implemented in MLP were found to
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be less consistent when applied to the Composite HF dataset. Regardless of
the mitigation strategy applied, mitigation could only improve one fairness
metric at a time across all scenarios, with some loss of accuracy. Overall, the
mitigation techniques displayed no consistent pattern across the scenarios
for the MLP model. Consequently, the extent and direction of the impact
on fairness are determined by the gender distribution composition provided
to the MLP. Finally, ADV produced consistent results across the scenarios
when used on the Composite HF data. Inequalities in selection rates persist,
while fairness is enhanced by generating low disparities in error rates and
achieving reasonable performance.

Taken together, this comparison indicates that gender bias can be
reduced across all models and datasets. However, depending on the model
and the underlying gender composition of the respective dataset, the
trade-off between accuracy and fairness varies substantially.

7 Discussion
This discussion chapter synthesizes the findings of the legal analysis relevant
to the specified use case. Furthermore, it discusses the outcomes of the
technical analysis, comparing and contrasting distinct fairness tools and
their effectiveness in detecting and mitigating gender bias in AI-based CVD
diagnosis. In doing so, the overarching research question, "How can gender
bias in AI-based diagnosis of cardiovascular disease be effectively detected and
mitigated in the healthcare sector?" is explored.

7.1 Discussion of the Research Questions

This subsection addresses the sub-research questions intended to facilitate
the investigation of the results concerning the main research question. These
sub-research questions are addressed individually, using insights from the
preceding chapters.

RQ 1: What are the legal implications of the EU AIA for the employment
of bias detection and mitigation methods to detect gender bias in medical
data-driven AI systems for predicting CVD?

We based this legal analysis on a concrete use case in which a hospital
plans to use an AI-supported tool for diagnosing CVD. The legal basis for
our investigation is the EU AIA, which came into effect on 1 August 2024.
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Using the IRAC method to analyze this new regulatory framework, we
derived practical requirements for detecting and mitigating gender bias in
this setting.

Given that the AIA introduces regulation to a scenario that was previously
unregulated, the applicable rules for this use case are not yet fully clear.
The central concern lies in the identification of the relevant articles for an
AI system within the context of medical care, particularly with regard to
the management of sensitive patient data and the safeguarding of patient
rights, such as the right to equal treatment. In accordance with Article 6(2)
and Annex III, we categorized the use case as a high-risk scenario, requiring
adherence to the provisions outlined in Chapter III. These provisions pertain
to data quality and management (Article 10 ), technical documentation
(Article 11 ), record keeping (Article 12 ), transparency (Article 13 ), and
human oversight (Article 14 ). Consequently, Table 34 maps each applicable
article to its concrete requirements and the corresponding compliance
measures, thereby showing how the AIA obligations can be translated
into this healthcare context. The compliance measures reflect central
expectations regarding medical AI systems, namely transparency, trust,
and fairness. Nevertheless, several provisions remain ambiguous regarding
the identification and mitigation of bias in practice. While certain articles
explicitly reference data quality and representativeness, the AIA does not
specify operational methods for bias detection or mitigation. Consequently,
formal compliance may be met through ineffective measures, resulting
in a regulatory gap with potential consequences for patient safety in the
diagnosis of CVD.
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AIA Article Requirement Actions to Ensure Compliance
Article 10 - Data utilized for the training,

validation, and testing needs to be
representative, relevant, and free of
errors
- Data employed needs to align
with the context of its deployment
- Implementation of bias detection
and mitigation techniques

- Ensure training, validation, and
test data cover both gender groups
- Ensure alignment with the
deployment setting
- Successful bias detection and
mitigation techniques

Article 11 - Establishment of technical
documentation according to Annex
IV

- Explain system development
process
- Document training procedures
- Report performance across gender
groups
- Specify data origin and describe
data characteristics
- Document and describe bias
detection and mitigation methods

Article 12 - Development of an automatic
record-keeping system

- Maintain records for verifiability
and error tracking
- Monitor performance across
demographic groups

Article 13 - Ensure transparency
- Description of the system’s
technical features

- Elaborate on the system’s
behavior

Article 14 - Establishment of human control
and intervention mechanisms

- Enable review and override
outputs

Table 34: Concrete Compliance Measures under the AIA for AI-Supported CVD
Diagnostic Systems

RQ 2: How can gender bias in cardiovascular disease be identified and
addressed?

Given that biases can stem from both the behavior of models and the
inherent properties of the data, bias detection demands a comparative
evaluation across datasets and model types. For the purpose of gender bias
detection in CVD predictions, Fairlearn and FairMLHealth were employed.
Both toolkits were used to analyze gender-based differences in model
performance through established fairness metrics in three distinct gender
distribution scenarios. While both tools offer a comprehensive array of
fairness metrics, the primary focus of the comparison lies in the employment
of two common metrics: the EOD and the DPD metric.
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The findings indicate that, while some datasets show negligible gender
differences, others reveal significant disparities in imbalanced scenarios.
Consequently, it can be argued that fairness does not uniformly generalize
across clinical datasets. Rather, it is impacted by factors such as gender
composition and how medical attributes reflect gender-specific patterns of
CVD risk. The manifestation of bias is more prominent in scenarios where
there is an imbalance in the representation of gender, whereas the balanced
scenario may mask that bias. Consequently, rather than depending solely
on a single training-test split, a more robust approach involves evaluating
bias across multiple distribution scenarios.

Subsequently, the identified bias can be addressed at three stages in
the model pipeline: at the data level, on the algorithmic level and at the
outcome level. Pre-processing methods, like reweighting, modify the initial
distribution of data prior to training. The incorporation of fairness objectives
into the learning process of algorithms is achieved through in-processing
techniques, such as ADV. Once training is complete, post-processing
techniques adjust the decision thresholds to balance error rates in order to
reduce bias.

RQ 3: How does using gender bias mitigation strategies in AI-based
cardiovascular disease diagnosis affect model performance and fairness?

The employment of bias mitigation techniques from Fairlearn and AIF360
enables the mitigation of gender bias in AI-supported CVD diagnosis,
thereby enhancing fairness across genders. However, these gains in fairness
are accompanied by a decline in predictive accuracy. The implemented
mitigation techniques resulted in a reduction in inequalities in selection
and error rates across both datasets. Nonetheless, the impact on predictive
performance varies depending on the model type and the underlying gender
ratio of the dataset under consideration. In the context of models with
less complexity, such as KNN, the application of pre-processing techniques,
specifically reweighting, yielded notable enhancements in terms of fairness,
while preserving a reasonable level of accuracy. Ensemble models, such as
RF, exhibited the most substantial gains from in-processing optimization.
With regard to RF, the bias reduction not only enhanced fairness but
concurrently preserved or even raised accuracy. Post-processing techniques
frequently mitigated discrepancies, but they largely compromised predictive
accuracy when implemented. Overall, the findings suggest fairness can
be improved without significantly compromising diagnostic accuracy if
mitigation measures align with the chosen model and dataset.
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7.2 Limitations

This thesis provides valuable insights into the real-world application of the
AIA in a specific use case within the healthcare domain. Furthermore, it
offers a thorough comparison of the fairness tools and techniques that have
been implemented. That being said, there are some shortcomings that need
to be taken into account.

The first limitations concern the data utilized. When generating the
gender compositions to establish distinct male-dominant, female-dominant,
and gender balanced datasets, downsampling the overrepresented group
and upsampling the underrepresented group were necessary. Unfortunately,
the CVD Kaggle dataset lacks details about its origin and collection.
Due to its immense size of 70000 observations, it’s unclear whether the
data was collected from real patients or created artificially. This would
probably explain the subsequent limitation. Regardless of the gender
distribution scenario, the CVD Kaggle dataset showed only very minor
and negligible indices of bias. However, this outcome is not realistic in
practice. Additionally, the specific compositions of the datasets according
to the scenarios present another limitation concerning the data. When
generating the gender compositions to establish distinct male-dominant,
female-dominant, and gender balanced datasets, downsampling the
overrepresented group and upsampling the underrepresented group were
necessary. This process resulted in data loss and duplication of cases,
respectively. Despite the low upsampling count, this should be considered a
limitation.

A subsequent constraint manifested in the implementation of fairness
tools. The integration of FairMLHealth, the specified fairness instrument for
healthcare applications, was a crucial comparison. However, FairMLHealth’s
lack of bias mitigation approaches resulted in a less insightful comparison of
mitigation techniques using AIF360 and Fairlearn.

8 Conclusion
Gender bias constitutes a serious concern in the prediction of CVD diagnosis.
Data exhibiting gender bias has the capacity to directly impact diagnostic
decisions and subsequently result in treatment disparities. In reality, these
disparities frequently manifest as misdiagnoses and mistreatments, thus
endangering patients’ lives. As AI becomes more prevalent in medical
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practices, the need for regulatory frameworks has become increasingly
apparent. The EU AI Act is intended to regulate its deployment, especially
in contexts where individual safety and health are at risk.
Therefore, the present thesis examines this real-world case through the
lens of the following use case: A hospital is in the process of implementing
an AI-powered diagnostic tool for cardiovascular diseases. Healthcare
professionals would utilize this system to facilitate the diagnosis of cardiac
conditions by leveraging diverse patient data and examination findings.
In light of this use case, the thesis’s investigation is twofold: firstly, it
illuminates the legal perspective in accordance with the EU AIA; secondly,
it elucidates the practical implications through a technical implementation.
Consequently, this work contributes to ongoing legal research on the use
of AI in the EU, particularly the use of high-risk AI systems, and to
the technical discussion on algorithmic fairness in healthcare, through an
empirical evaluation of fairness across various datasets and tools.

The legal analysis, employing the IRAC method, has confirmed that
AI-based CVD diagnosis systems fall within the scope of high-risk AI
systems, as defined in Article 6 in conjunction with Annex III of the EU
AIA. The results of the legal examination indicate that gender bias in medical
AI is not solely a technical deficiency, but also a potential infringement on
fundamental rights, including the right to non-discrimination, and thus,
equal treatment in medical care, regardless of the patient’s gender. The
AIA stipulates obligations for high-risk systems, including the need for
high-quality and representative training data, transparency and human
oversight. Moreover, the provisions mandate the implementation of bias
detection and mitigation measures to ensure compliance. In consequence,
ensuring fairness in AI applications becomes a matter of regulatory necessity
for lawful usage.

Accordingly, the legal requirement established by the AIA is associated
with the technical implementation of this thesis, namely the gender bias
detection and mitigation techniques. Drawing upon this legal foundation,
the technical implementation illuminates the practical realization of
these fairness requirements concerning gender bias in CVD prediction.
The technical analysis revealed that bias demonstrated a high degree of
sensitivity to the gender composition of the utilized datasets. Across the
three datasets under consideration, different gender representation influences
both bias outcomes and model accuracy. Among the models examined,
the RF model consistently demonstrated the most robust performance
across gender groups, balancing predictive accuracy and fairness. Similar
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to KNN and Decision Tree models, the MLP’s fairness metrics exhibited
increased sensitivity to shifts in gender distribution, despite achieving
competitive performance levels. Furthermore, an imbalance in gender
ratios has been shown to have a detrimental effect on the underrepresented
gender, particularly in the context of comparison error-based metrics
such as EOD and DPD, as evidenced by bias detection tools Fairlearn
and FairMLHealth. Furthermore, the findings obtained through the
utilization of FairMLHealth are largely consistent with those derived from
Fairlearn. However, FairMLHealth provides a more comprehensive array
of fairness metrics and augmented contextual information, thereby offering
supplementary interpretive value.

Applying bias mitigation strategies reveals the trade-off between fairness
and predictive ability. Both AIF360 and Fairlearn demonstrate the ability
to mitigate gender disparities in all scenarios. However, the extent of
mitigation varies depending on factors such as gender distribution, dataset
features, the selected mitigation approach, and the stage at which it is
implemented. Notably, no single mitigation method outperformed the
others consistently across all scenarios. This aligns with the AIA’s focus on
risk-based assessments in conjunction with continuous human supervision
of high-risk AI systems. Furthermore, it underscores the necessity of
conducting context-specific fairness evaluations.

Rather than being regarded as a purely computational problem, ensuring
fairness in AI-driven healthcare diagnoses must be understood as a
multifaceted undertaking, encompassing technical and legal dimensions.
Alongside the implementation of effective mitigation tools, ongoing oversight
and regulatory awareness are essential for the effective diagnosis of gender
bias in CVD. In light of the increasing integration of AI systems in
healthcare decision-making processes, the alignment of algorithmic fairness
with prevailing legal frameworks, particularly within the context of the
AIA, is crucial for assuring the trustworthiness, fairness, and responsible
development of AI innovation in the healthcare sector. In conclusion, this
thesis underscores the significance of evaluating specific use cases within the
context of the new legislative framework, AIA, and further emphasizes the
necessity for enhanced specificity to strengthen its practical impact.
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