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1 Introduction

1.1 Background

In recent years, the growing adoption of Artificial Intelligence (AI) across both public and private
sectors has raised increasing concern about fairness, accountability and data protection. Al systems,
often built using Machine Learning (ML), are being used to assist or automate decisions in high-
stakes domains such as hiring, lending, healthcare and criminal justice. These systems promise
enhanced efficiency and reduced operational costs (Davenport & Ronanki, 2018). As a result, global
Al adoption has accelerated, driven by advances in algorithms, the growing availability of data, and
increased computational power. According to McKinsey (2022), the share of organisations using Al
in at least one business function rose from 20% in 2017 to 50% in 2022, with parallel increases in
budget and capability investment. However, despite this growth, the mitigation of Al-related risks

has not kept pace.

A particular concern in this context is bias in ML, which refers to any systematic influence arising
from algorithmic design, modelling assumptions, data characteristics, or human decisions that causes
models to produce unfair, inaccurate, or non-generalisable outcomes (Holmberg et al., 2020). While
bias is often rooted in historical data, it can also be introduced through modelling choices such as
feature selection, objective functions, or optimisation techniques. As a result, fairness concerns may
emerge even when the data appears neutral, making it essential to evaluate the entire development
pipeline of Al systems. Fairness in this context refers to the absence of prejudice or favouritism

toward individuals or groups based on inherent or acquired characteristics (Mehrabi et al., 2019).

The risk posed by algorithmic bias becomes especially problematic when decisions affect diverse
populations. Historical studies show that human judgement has always been prone to bias (Bertrand
& Mullainathan, 2004; Martin, 2007), but biased Al can amplify these effects at scale (Gupta &
Krishnan, 2020). For instance, biased facial recognition software and hiring tools have already caused
reputational damage and legal consequences for corporations (Singer, 2018; EEOC, 2022; Reuters,
2023). As aresult, there is increasing pressure on organisations to ensure fairness not only for ethical

reasons but also to comply with legal and reputational expectations.

In parallel with these developments, data protection regulations such as the European General Data
Protection Regulation (GDPR) have introduced additional constraints on how data can be used in Al
systems. One key principle, data minimisation, requires organisations to limit data collection and

processing to what is strictly necessary for the intended purpose. However, in fairness auditing and
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mitigation, access to sensitive attributes such as race, gender or age is often crucial. This presents a

regulatory dilemma: enforcing fairness often requires using data that privacy law aims to restrict.

This thesis explores whether algorithmic fairness can still be effectively achieved when ML systems
are subject to data minimisation constraints. Using the well-known COMPAS dataset as a case study,
the research focuses on supervised ML classifiers, which are algorithms that learn from labelled data
to predict discrete outcomes. In this study, Logistic Regression (LR) and Random Forest (RF) are
selected as proxy models for replicating complex or black-box decision systems. Logistic Regression
offers high interpretability (Caraciolo, 2011), while Random Forest, an ensemble method, provides
robust performance (Breiman, 2011). Both models are widely used and accessible, making them

suitable for real-world deployment in both public and corporate contexts.

By comparing bias mitigation outcomes across these models both before and after removing sensitive
attributes, this study seeks to assess the trade-offs between fairness, performance, and regulatory
compliance. The findings aim to inform not only academic debates on algorithmic fairness, but also

provide practical guidance for businesses seeking to deploy responsible Al within legal constraints.
1.2 Problem statement

As outlined above, organisations increasingly rely on algorithmic systems to support or automate
high-stakes decision-making. One prominent example is the use of ML models in criminal justice to
predict recidivism risk, such as in the COMPAS system widely used in the United States. However,
these systems have raised serious concerns about fairness and discrimination, especially when

outcomes disproportionately affect certain demographic groups.

While bias mitigation techniques have been developed to promote algorithmic fairness, data
protection frameworks such as the GDPR impose constraints like data minimisation, which may limit
access to the sensitive attributes often needed for such mitigation. This raises a practical and

regulatory dilemma between fairness and compliance.

Therefore, this study seeks to examine whether it is possible to apply bias mitigation techniques
effectively in contexts where sensitive data must be removed. The goal is to understand how both
fairness and predictive performance are affected when applying bias mitigation techniques before and
after data minimisation, while also considering the transparency and interpretability of the models
used. This study uses interpretable proxy models: Logistic Regression and Random Forest, trained

on the COMPAS dataset.



14

The COMPAS (Correctional Offender Management Profiling for Alternative Sanctions) dataset
contains real-world data from the U.S. criminal justice system. It was originally published by
ProPublica as part of an investigation into potential racial bias in algorithmic risk assessments
(Angwin et al., 2016). The dataset includes demographic variables (such as race, age, and gender),
criminal history, and the outcome of whether a person reoffended within two years. These
characteristics make it a widely used benchmark in algorithmic fairness research and well-suited for

studying the effects of bias mitigation and data minimisation in practice.
Hence, the problem statement for this study is:

Evaluate whether algorithmic fairness can still be achieved when bias mitigation techniques are

applied to supervised machine learning classifiers that operate under data minimisation constraints.
1.3 Research question

The research question to address this problem statement is:

How effective are different bias mitigation methods across multiple supervised machine learning

classifiers when access to sensitive data is restricted due to data minimisation?

To answer the main research question, the sub-questions are formulated below. Together, they help
evaluate the effects of bias mitigation under data minimisation across different supervised ML

classifiers.
Theoretical:

SQ1I: How are bias and fairness defined in the context of supervised machine learning classifiers,

and what are the most commonly used fairness metrics?

Answered through a literature review on algorithmic fairness and fairness metrics relevant to group-

level evaluation (e.g. demographic parity, equalised odds).

SQ2: Which bias mitigation techniques are applicable to supervised machine learning classifiers,

and how are they typically categorised (pre-processing, in-processing, post-processing)?

Answered through a review and tabulation of existing bias mitigation methods.
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Model experimentation:

SO3: How do different supervised classifiers (Logistic Regression, Random Forest) perform in

terms of fairness and performance before applying bias mitigation?

Answered by training and testing each model on the full dataset and evaluating baseline fairness

and performance metrics.

SO4: What is the impact of applying selected bias mitigation methods on the fairness and

performance of each classifier?

Answered by applying bias mitigation techniques and evaluating their effects on both fairness and

performance metrics.
Compliance and constraint evaluation:

SO5: To what extent does the removal of sensitive attributes, in line with data minimisation
principles, impact classifier fairness and performance, and how effective are bias mitigation
techniques that do not rely on sensitive attribute access (e.g., calibration, regularisation) in

addressing these disparities?

Answered by training and evaluating models on the data-minimised dataset, then applying and
evaluating bias mitigation techniques applicable under these constraints, and comparing these results

against the full-data and sensitive-attribute-aware mitigation conditions.
1.4 Research relevance
1.4.1 Academic relevance

Algorithmic fairness and responsible artificial intelligence are prominent topics in academic research.
While various studies have proposed methods for identifying and reducing bias in ML systems,
relatively few have evaluated these methods under data minimisation constraints. Many fairness
interventions rely on access to sensitive attributes, yet privacy laws may prohibit the use of these

attributes in real-world deployment.

This thesis contributes to the academic discourse by empirically testing bias mitigation methods
across multiple supervised learning models in both unrestricted and restricted data settings. It
provides a structured comparison of performance and fairness outcomes when models are trained

without access to sensitive demographic information. Additionally, by focusing on interpretable
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models and using the COMPAS dataset as a case study, this thesis offers a grounded and reproducible
contribution to ML research. The COMPAS dataset contains real-world risk assessment data from
the U.S. criminal justice system. It includes demographic information (such as race, gender, and age),
criminal history, and whether an individual reoffended within two years. Its public availability and
frequent use in fairness research make it a reliable benchmark for evaluating algorithmic bias,

enabling replication and comparison across studies.
1.4.2 Business relevance

As ML becomes increasingly embedded in organisational decision-making, companies face growing
pressure to ensure that these systems are both fair and legally compliant. From recruitment and credit
assessments to fraud detection and customer analytics, algorithmic bias presents reputational,
financial, and legal risks. At the same time, organisations operating within the European Union are
required to comply with data protection regulations such as the GDPR, which includes the principle
of data minimisation. This principle restricts the collection and use of personal data to what is strictly
necessary, often limiting access to sensitive attributes like race, gender, or age. These attributes are

frequently used in fairness interventions.

This situation creates a practical challenge: organisations must ensure fairness and transparency in
their algorithmic systems while limiting the use of the data that is often required to audit and mitigate
bias. By exploring the effectiveness of bias mitigation techniques when sensitive data is unavailable,
this research addresses a relevant and timely business problem. It aims to provide practical insights
for organisations that wish to develop and deploy ML models that are fair, interpretable, and

compliant with privacy regulations.
1.5 Research methods

This study adopts a mixed-methods approach, combining a literature review and an empirical
experimental design, to evaluate the effectiveness of bias mitigation techniques under data
minimisation constraints. The study follows the CRISP-DM framework, which provides a systematic
structure for data preparation, model training, bias mitigation, and evaluation (Schrder et al., 2021).

A detailed description of the methodology is provided in Chapter 3.

The research methods were tailored to address each sub-question (SQ) and, collectively, the main

research question.
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Theoretical understanding (SQ1 & SQ2): These questions were addressed through a comprehensive
literature review. SQI1 defined bias and fairness in the context of supervised machine learning
classifiers and identified relevant group-level fairness metrics (e.g., demographic parity, equalised
odds). SQ2 categorised bias mitigation techniques into pre-processing, in-processing, and post-
processing approaches. Together, these findings established the theoretical foundation for the

empirical investigation.

Model experimentation (SQ3, SQ4 & SQS5): These questions were addressed through an experimental
design using two supervised classifiers, Logistic Regression and Random Forest, applied to the
COMPAS dataset. Models were trained and evaluated on both a full version (retaining all features,
including race) and a data-minimised version in which race was removed from the training features
to reflect GDPR data minimisation requirements. For the full dataset, explicit bias mitigation
techniques were applied, including pre-processing (reweighing), in-processing (Exponentiated
Gradient Reduction (EGR)), and post-processing (threshold optimiser). For the data-minimised
dataset, where direct access to race was restricted, the analysis focused on inherent bias and the
effectiveness of mitigation techniques that do not rely on sensitive attributes (e.g., calibration and
regularisation). All models were assessed using key fairness and performance metrics to determine

the impact of classifier choice and data minimisation constraints.
1.5.1 Research scope

This study focuses on evaluating the effectiveness of bias mitigation techniques in the context of
supervised machine learning classifiers, specifically under data minimisation constraints as outlined
by the GDPR. The research is limited to two widely used model types: Logistic Regression and
Random Forest. These models are used as proxy classifiers to approximate decision-making systems

similar to proprietary or black-box algorithms employed in real-world settings.

The COMPAS dataset is selected as the case study due to its relevance in fairness-related research

and the presence of sensitive demographic features such as race, gender, and age.

The scope of bias mitigation includes methods applied across different classifiers, with an

investigation into both:

e Sensitive-attribute-aware methods: These methods (e.g., reweighing, EGR, and threshold
optimiser) require access to sensitive attributes to function, representing a scenario where

such data is available for direct fairness intervention.
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e Unaware methods: These methods (e.g., calibration and regularisation) do not rely on
explicit access to sensitive attributes, representing a scenario where data minimisation is

strictly enforced.

Data minimisation is operationalised in this study by removing or excluding sensitive features (e.g.,
race, age, gender) from the training and prediction process, in order to simulate realistic GDPR-
compliant scenarios. Only structured data from the COMPAS dataset is used; unstructured data and

external datasets are not considered.

The study does not aim to develop new bias mitigation methods but rather to evaluate existing ones
under constrained data conditions. It also does not attempt to audit the original COMPAS algorithm,
but rather to explore how similar decision systems may behave under fairness interventions. The
findings are intended to inform both academic understanding and practical decision-making in
organisational contexts that rely on automated classification systems while adhering to data protection

regulations.
1.6 Thesis outline

This thesis is structured as follows.

Chapter 2 introduces the key theoretical concepts relevant to this study. It defines algorithmic bias,
fairness, and data minimisation, and explores their intersections in the context of supervised ML. The
chapter also includes a structured overview of existing bias mitigation methods, introduces the

concept and types of classifiers, and discusses GDPR’s implications for ML models.

Chapter 3 presents the detailed research methodology. It expands on the approach summarised in
Chapter 1, explaining the research design, data preparation, evaluation metrics, and experimental
setup in full. It also justifies the specific selection of classifiers, bias mitigation techniques, and tools

used in the analysis.

Chapter 4 presents the experimental results from applying bias mitigation methods across different
supervised classifiers using the full dataset. This chapter evaluates how effective these methods are

when sensitive attributes are available.

Chapter 5 applies data minimisation by removing sensitive attributes from the training data and
retraining the models. It re-evaluates model performance and fairness after applying bias mitigation
methods suitable for these conditions, and includes a comparative analysis of models within this data-

minimised context.
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Chapter 6 provides a direct comparative analysis of the empirical findings from both the full and data-
minimised datasets. It quantifies the impact of sensitive attribute removal on baseline model
performance and assesses the comparative effectiveness of the applied bias mitigation strategies
across these two data conditions, addressing the core research question regarding the necessity of

sensitive attributes for achieving fairness.

Chapter 7 discusses the results of the study. It highlights the key findings, considers their implications
for both practice and theory, and examines the limitations that may have influenced the results. The
chapter concludes by outlining suggestions for future research that could build on or address gaps

identified in this study.

Chapter 8 summarises the answers to the research questions, outlines the study’s contributions,

highlights its limitations, and offers recommendations for both practitioners and future research.

Several chapters refer to the Appendices, where implementation code is provided. All references are

included in the text.
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2 Introduction to bias mitigation

Organisations across various sectors, from criminal justice to finance and healthcare, rely on decision-
making processes and decision support systems (DSS) to navigate complex environments and
optimise outcomes (Turban et al., 2005). Effective decision-making is vital, and the quality of these
decisions hinges on several critical properties, including accuracy, transparency, and crucially,
unbiasedness and fairness (European Commission, 2019). Historically, human biases and
organisational factors such as data availability, regulatory pressures, and competing goals have

significantly influenced decision-making quality (Arnott, 2006).

In recent decades, the integration of Al and ML systems has profoundly transformed DSS, offering
unprecedented capabilities for data analysis and predictive modelling. This transformation, however,
has also introduced new forms of bias and unfairness, which can arise at scale and in less transparent
ways (Barocas & Selbst, 2016; Goddard et al., 2011). These systems are powerful examples of
modern DSS, designed to enhance efficiency and objectivity, but while often perceived as neutral
tools, ML algorithms can inadvertently reproduce or even intensify structural inequalities and human
biases when trained on historical data, developed with flawed assumptions, or deployed without

adequate oversight (Angwin et al., 2016; Noble, 2018).

This challenge has brought fairness and unbiasedness to the forefront of academic and regulatory
debates concerning algorithmic decision-making. At the same time, data protection and privacy
concerns are escalating. Regulations like the GDPR mandate principles such as data minimisation,
which can directly conflict with efforts to mitigate bias because fairness interventions often require
access to sensitive attributes to measure and correct disparities (Hardt et al., 2016; Tran & Fioretto,

2023).

This chapter provides the theoretical foundation for the thesis by first establishing the context of
quality decision-making and the role of AI/ML. It then explores the importance of early problem
framing, including how organisations define fairness and bias in relation to their objectives, and how
stakeholder engagement shapes these definitions. Next, it examines definitions and categories of bias
and fairness in ML, reviews key mitigation techniques, and considers how data minimisation under
the GDPR constrains fairness interventions. The chapter also discusses widely used classifiers and
the challenges of deploying models in production environments, including the need for continuous

monitoring to maintain fairness and reliability.
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To support this discussion, Figure 1 outlines the broader environment in which ML models operate
when integrated into DSS. It illustrates how these models are embedded within organisational, legal,
and societal structures, shaped by constraints such as the GDPR, fairness expectations, business goals,
data limitations, and historical patterns. The figure also shows how model outputs result in decisions,
which in turn have real-world consequences for the people affected. This context sets the stage for

the theoretical concepts explored in the remainder of the chapter.

Societal norms &
fairness expectations

Legal constrainis Historical data (bias)

Diata collection Predictive

o izational goal
consiraints ML models rgamizational goals

Decizions
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Figure 1. ML models embedded within DSS and their surrounding influences

2.1 The role of COMPAS in fairness research

The COMPAS dataset is one of the most frequently used case studies in algorithmic fairness research.
It was originally published by ProPublica as part of a 2016 investigative report that examined
potential racial bias in algorithmic risk assessments within the U.S. criminal justice system (Angwin
et al., 2016). The COMPAS algorithm itself is proprietary and not publicly available, meaning
independent evaluations have relied on the risk score outputs included in the published dataset. The

dataset includes demographic variables such as race, sex, and age, as well as criminal history and a
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binary outcome indicating whether a defendant reoffended within two years. These features make it

well suited for evaluating both model performance and fairness interventions.

ProPublica’s analysis concluded that the COMPAS algorithm was racially biased. Specifically, it
found that black defendants were almost twice as likely to be falsely labelled as high risk, while white
defendants were more likely to be incorrectly classified as low risk. In response, the company that
developed COMPAS, Northpointe, argued that the tool was fair because it was calibrated. Calibration,
in this context, means that within each risk score category, the observed rate of recidivism was
approximately equal across racial groups. This public disagreement revealed a critical tension in the
field of algorithmic fairness: it is possible for a model to be calibrated while still producing unequal

error rates across groups.

This conflict became a catalyst for formal research into fairness metrics. The main issue identified by
ProPublica, disparities in false positive and false negative rates between racial groups, directly led to
the development of group fairness metrics such as equalised odds and equal opportunity (Hardt et al.,
2016). These metrics require that models exhibit similar error rates across protected groups. At the
same time, subsequent work demonstrated that, under certain conditions, it is mathematically
impossible for a classifier to satisfy both calibration and equalised odds simultaneously if base rates
differ between groups. This result is now widely referred to as the impossibility theorem of fairness

(Chouldechova, 2017; Kleinberg et al., 2017).

These findings had a significant impact on the field. The COMPAS controversy did not simply
highlight the existence of bias in a specific system; it also shifted the conversation from general
concerns about fairness to a structured, mathematical framework for evaluating and comparing
fairness criteria. The case remains foundational in the literature and is often cited as the moment when
algorithmic fairness became a rigorous and formalised area of study (Barocas & Selbst, 2016). In
addition to its historical significance, the COMPAS dataset continues to serve as a standard
benchmark in machine learning fairness research. Its availability and relevance to high-stakes
decision-making make it useful for assessing both fairness-aware modelling techniques and the

effects of legal constraints such as data minimisation.
2.2 Business understanding

To understand the different phases involved in bias mitigation, this theoretical background is guided

by the CRISP-DM framework, a widely adopted standard for organising ML workflows (Chapman
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et al., 2000; Schroer et al., 2021). CRISP-DM defines the sequence of phases as Business
Understanding, Data Understanding, Data Preparation, Modelling, Evaluation, and Deployment.

The first of these, Business Understanding, is particularly critical in the context of fairness-aware
ML. The success of any machine learning project depends heavily on how the problem is initially
framed. Before any technical work begins, organisations must determine what constitutes fairness
and bias within the context of their decision-making objectives. These definitions are shaped by
business priorities, stakeholder expectations, and legal or regulatory obligations (Holstein et al.,
2023). Failing to establish a shared understanding can lead to models that optimise for narrow

technical goals while perpetuating harm or undermining trust.

Fairness is rarely a purely technical construct; it is influenced by organisational values, the needs of
affected communities, and broader societal norms. As Barocas, Hardt, and Narayanan (2019)
emphasise, fairness is a socio-technical challenge that requires careful consideration of the application
context, stakeholder values, and potential societal impacts. Different definitions of fairness exist
because the concept is complex and context-dependent, and these decisions must be agreed upon

before technical solutions are sought.

Partnership on Al (2024) further argues that engaging diverse stakeholders, particularly those from
marginalised communities, is essential for identifying and mitigating biases, foreseeing risks, and
ensuring Al systems are equitable and relevant. Early choices about which outcomes to optimise,
what data to collect, and which groups to prioritise will significantly shape the success of later
mitigation strategies. Many problems that appear downstream, such as biased training data or
unsuitable fairness metrics, often originate from incomplete or inconsistent problem definitions at

this stage.
2.3 Bias and fairness

Bias in ML refers to any systematic influence arising from algorithmic design, modelling
assumptions, data characteristics, or human decisions that causes models to produce unfair,
inaccurate, or non-generalisable outcomes (Holmberg et al., 2020). Such bias is particularly
concerning in high-stakes contexts, where unequal treatment of individuals or groups can result in
social, ethical, and legal harm. Consequently, the concept of fairness is almost always intrinsically
linked to people, with the goal of preventing harm to human groups defined by protected attributes
(Mehrabi et al., 2019). Fairness in ML is thus a normative goal aimed at counteracting these biases.

Although there is no single universally accepted definition, a widely cited description frames fairness
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as the absence of prejudice or favouritism toward an individual or group based on their inherent or

acquired characteristics (Mehrabi et al., 2019).

A wide range of biases have been identified in the literature. Although there is no unified taxonomy,

eight recurring types of bias have been noted across scholarly work:

e Social bias arises from existing inequities embedded in society. When models are trained on
data that reflect historical or societal inequalities, those patterns may be reinforced. For
instance, underrepresentation of women in leadership roles can result in skewed search
engine outputs unless actively corrected (Mehrabi et al., 2019; Olteanu et al., 2019; Zarya,
2018; Suresh & Guttag, 2018).

e Representation bias occurs when the training data is not representative of the broader
population. This may be due to outdated data collection, biased sampling, or limited data
availability. As a result, certain groups may be over- or underrepresented, reducing model

accuracy for those populations (Baer, 2019; Lan et al., 2010).

e Measurement bias refers to the use of flawed features or labels that do not accurately reflect
the intended variables. Protected attributes such as race or gender may be directly or
indirectly encoded in other variables, producing discriminatory outcomes even if explicitly
excluded from the dataset (Mullainathan & Obermeyer, 2017; Corbett-Davies et al., 2023;
van Giffen et al., 2022; Angwin et al., 2016).

e Label bias emerges when training examples are assigned incorrect or culturally specific
labels that deviate from their true classifications. For example, image classification models
may reflect Western assumptions about events like weddings, leading to systematic

mislabelling of culturally distinct examples (Barocas & Selbst, 2016; Baer, 2019).

e Technical bias is introduced through design decisions, such as how abstract concepts are
formalised into code or how hyperparameters are chosen. This includes statistical
assumptions embedded in models that systematically favour certain outputs over others

(Friedman & Nissenbaum, 1996).

e Evaluation bias arises when benchmark datasets used to assess model performance are
themselves unrepresentative. As a result, a model may perform well in testing but fail in
real-world contexts where the data distribution is more diverse (Suresh et al., 2018; Suresh

& Guttag, 2021).
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e Deployment bias occurs when models are used outside the scope of their original design.
For example, predictive models built to assess risk may instead be applied to determine
sentencing length, despite lacking validation for such use (Chouldechova, 2017; Collins,

2018).

e Feedback bias happens when a model’s predictions influence the future data on which it is
retrained. This creates self-reinforcing cycles in applications such as recommendation
systems, where certain content is repeatedly shown and thus increasingly clicked, regardless

of actual user preference (Bellamy et al., 2018; Baeza-Yates, 2018).

In the CRISP-DM framework, the Data Understanding phase provides an opportunity to evaluate the
likelihood of biases being present in the dataset before modelling begins (Schrder et al., 2021). While
not all forms of bias originate from the data itself, several types, such as representation, measurement,

and label bias, can be identified at this stage.

To assess fairness in light of these biases, scholars have proposed a range of formal fairness metrics.
These include demographic parity, which checks whether different groups receive positive
predictions at equal rates, and equalised odds, which requires similar false positive and false negative
rates across groups (Hardt et al., 2016). However, these metrics are often mathematically
incompatible, and no single metric fully captures the multidimensional nature of fairness (Binns,

2018).

Although the primary focus of this thesis is on fairness, a model’s performance remains an important
baseline measure in machine learning. Maintaining adequate predictive performance ensures that
fairness interventions do not render models ineffective in practice. Standard performance metrics
such as accuracy score, F1 score, and ROC AUC (Receiver Operating Area Under the Curve) are
therefore used as comparative baselines in later chapters, even though the main research objective is

to reduce bias and improve fairness (Caruana & Niculescu-Mizil, 2006).
2.4 Data minimisation and GDPR

The increasing adoption of ML across domains such as healthcare, finance, and public administration
has raised concerns about data protection and privacy. Within this context, the principle of data
minimisation has gained prominence as a safeguard against the misuse of personal data. It is a core

feature of the GDPR and influences both the design and operation of ML systems (Article 5(1)(c)).
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2.4.1 Legal basis and purpose

The GDPR outlines data minimisation in Article 5(1)(c)!, which states that personal data must be
“adequate, relevant and limited to what is necessary in relation to the purposes for which they are
processed.” This principle obliges data controllers to justify each element of personal data they
collect, ensuring that no unnecessary data is gathered or retained. According to Recital 39, data should
be kept to a strict minimum, and controllers must periodically assess whether the personal data they

process is still necessary.

Furthermore, data minimisation is closely connected to other GDPR principles, including purpose
limitation (Article 5(1)(b)), storage limitation (Article 5(1)(e)), and accuracy (Article 5(1)(d)). For
example, if personal data is no longer required for the stated purpose, the controller is expected to
delete or anonymise it (Recital 39; Article 5(1)(e)). Similarly, inaccurate or excessive data must be

rectified or removed to prevent harm to the data subject (Article 5(1)(d)).

The GDPR also requires that these principles are implemented with data protection by design and by
default (Article 25). This involves including privacy considerations at every stage of processing and

ensuring that only the data necessary for a specific task is collected, accessed, and stored (Recital 78).

Moreover, Article 9 of the GDPR specifically prohibits the processing of special categories of
personal data, including attributes such as race, ethnicity, and health status, unless specific exceptions
apply. These attributes are often essential for detecting and mitigating algorithmic bias. As a result,
Article 9, combined with the principle of data minimisation, can significantly constrain the ability to

apply fairness interventions in practice (Hardt et al., 2016; Tran & Fioretto, 2023).
2.4.2 Implementation challenges

Although the GDPR provides a clear legal foundation for data minimisation, implementing it in ML
systems presents challenges. One issue is the lack of a formal, technical definition that aligns with
legal requirements. Ganesh et al. (2025) argue that the principle is conceptually sound but difficult to
operationalise, as it depends heavily on context. What is necessary in one scenario may be excessive

in another.

Another consideration is identifiability. The European Data Protection Board (2020) advises that if

identifiability is not necessary for the intended purpose, personal data should be anonymised or

! General Data Protection Regulation (GDPR), Regulation (EU) 2016/679. You can find the full text of the GDPR here:
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=CELEX:32016R0679
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pseudonymised (Recital 26; Article 25(1)). Controllers must therefore assess not only the necessity
of each data point, but also the risk it poses to individual privacy across the data lifecycle (Recital

28).
2.4.3 Implications for ML development

In ML, data minimisation intersects with concerns around model accuracy, generalisability, and
fairness. Reducing the level of detail or volume of input data can help prevent overfitting and reduce
the risk of leaks, but it may also impair the model’s ability to identify patterns. This trade-off is
especially problematic in sensitive applications such as fraud detection or medical diagnosis, where

model performance can have real-world consequences (Sonboli et al., 2024).

A practical challenge is determining which features are necessary. Feature selection becomes a legal
as well as a technical question, since using irrelevant or excessive attributes could violate the necessity
requirement under Article 5(1)(c). Within CRISP-DM, such considerations arise during Data
Understanding and continue into Data Preparation, when datasets are refined for modelling (Schroer
et al., 2021). Moreover, data minimisation may complicate fairness interventions. While reducing
sensitive variables may protect privacy, it can also hinder efforts to detect or correct bias, especially

in models that rely on group-specific calibration (Tran & Fioretto, 2023).
2.4.4 Accountability

To meet the GDPR’s requirement for data protection by design and by default (Article 25), controllers
must implement both technical and organisational safeguards. The European Data Protection Board
(2020) identifies several best practices. These include limiting access to personal data, aggregating

data where possible, and avoiding collection altogether if it is not essential for the task (Recital 78).

Controllers are also responsible for demonstrating compliance. This includes documenting why
specific data points are collected, how they support the processing purpose, and whether alternatives
were considered (Article 5(2); Recital 74). While these safeguards are essential for protecting
individual privacy, they may unintentionally complicate efforts to ensure fair decision-making. Many
bias mitigation strategies rely on access to sensitive attributes such as race or gender to identify and
correct disparities. Under data minimisation constraints, however, this information may be
unavailable, making it more challenging to detect and address bias effectively (Tran & Fioretto,
2023). The following section outlines the types of bias mitigation techniques available and considers

how these constraints influence their applicability and effectiveness.
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2.5 Bias mitigation techniques

Bias mitigation refers to interventions designed to reduce the unfairness in ML models caused by
systematic distortions in data, model design, or implementation (Hort et al., 2024). These strategies
are crucial for supporting fairness and transparency in DSS across both development and deployment

stages.

According to Hort et al. (2024), bias mitigation methods can be grouped based on when the

intervention takes place in the ML pipeline:

1. Pre-processing: mitigation in the training data, to prevent bias from reaching ML

models (see Section 2.5.1);
2. In-processing: mitigation while training ML models (see Section 2.5.2);

3. Post-processing: mitigation on trained ML models (see Section 2.5.3).
2.5.1 Pre-processing techniques

Pre-processing techniques are applied during the data preparation stages of the ML pipeline and can
be closely linked to the Data Understanding and Data Preparation phases of the CRISP-DM
framework (Schrder et al., 2021). At a broad level, pre-processing involves cleaning, transforming,
and selecting features to ensure the data is representative, accurate, and suitable for modelling. In the
context of fairness, these techniques are particularly effective when biased patterns in the input data

are likely to propagate through to the model’s predictions (Feldman et al., 2015).
Examples include:

e Reweighting: Adjusting instance weights so that underrepresented groups have a
proportionally larger influence during training (Hajian & Domingo-Ferrer, 2013; see Section

3.4.1).

e Data augmentation: Expanding datasets with synthetic or additional data to balance group

representation (Chen et al., 2018).

e Disparate impact remover: Transforming input features to reduce their correlation with

protected attributes (Friedler et al., 2019).
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2.5.2 In-processing techniques

In-processing techniques are applied during the Modelling phase of CRISP-DM (Schrder et al., 2021).

These techniques incorporate fairness constraints or modify the loss function to discourage

discriminatory patterns (Zafar et al., 2017).

Examples include:

Exponentiated Gradient Reduction (EGR): Iteratively trains a base classifier on reweighted
data to find a fair predictor that satisfies a given fairness constraint (Agarwal et al., 2018;

see Section 3.4.2).

Regularisation: Adds penalty terms to the loss function or constrains model complexity
during training to prevent overfitting and encourage more generalised predictions (Hastie et

al., 2009; see Section 3.4.2).

Latent variable models: Using hidden variables to uncover and adjust for bias in labelled

data (Kamiran & Calders, 2009).

Adversarial debiasing: Training the model to produce outputs that are not predictable from

protected attributes, by using an adversary network (Yang et al., 2023).

2.5.3 Post-processing techniques

Post-processing techniques are useful when access to the training process is limited or when

constraints prevent altering the model itself (Hardt et al., 2016). These techniques align most closely

with the Evaluation phase of CRISP-DM (Schroer et al., 2021).

Examples include:

Threshold optimiser: Adjusts classification thresholds, potentially on a group-specific basis,
to align with desired fairness criteria on a trained model's probability outputs (Hardt et al.,

2016; see Section 3.4.3).

Calibration: Ensures a model's predicted probabilities accurately reflect the true likelihood
of an outcome, thereby improving the reliability of its confidence scores (Zadrozny &

Elkan, 2002; see Section 3.4.3).
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e Reject option classification: This method targets predictions with high uncertainty and tends

to assign favourable outcomes to the unprivileged group and unfavourable outcomes to the

privileged group (Kamiran et al., 2012).

e Calibrated equalised odds post-processing: This method operates on calibrated classifier

score outputs and finds probabilities with which to change output labels to optimise for

equalised odds (Pleiss et al., 2017).

e Equalised odds post-processing: This method solves a linear program to determine the

probabilities with which to alter output labels, aiming to satisfy the equalised odds criterion

(Hardt et al., 2016).

2.5.4 Summary of bias mitigation techniques

Table 1. Bias mitigation methods

Summarises the bias mitigation methods discussed in this section, grouped by the stage in the ML pipeline at

which they are applied.

Stage Method Description Key references
Pre- Reweighting Adjusts instance weights so that Hajian & Domingo-
processing underrepresented groups have a Ferrer (2013); Yan et

proportionally larger influence during
training.

al. (2022); Zhao et al.
(2023)

Data augmentation

Expands datasets with synthetic or
additional data to balance group
representation.

Chen et al. (2018);
Hastings Blow et al.
(2025)

Disparate impact
remover

Transforms input features to reduce their
correlation with protected attributes,
aiming to reduce indirect discrimination.

Friedler et al. (2019);
Wang & Singh (2025)
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Description

Key references

Removes or transforms biased features
during data preparation to prevent harmful
patterns from propagating into the model.
(Broad category relevant to fairness)

Feldman et al.
(2015); Kamalov et
al. (2025)

Stage Method
Feature
selection/cleaning
In- Exponentiated
processing Gradient Reduction

Iteratively trains a base classifier on
reweighted data while updating penalties
for fairness violations, producing a fairer
predictor.

Agarwal et al. (2018);
Farayola et al. (2025)

Regularisation

Adds penalty terms to the loss function or
constrains model complexity to encourage
more generalised predictions and reduce
spurious correlations.

Hastie et al. (2009);
Rabonato & Beron
(2025)

Latent variable
models

Uses hidden variables to detect and
adjust for bias in labelled data.

Kamiran & Calders
(2009); Al-Zawqari et
al. (2024)
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Stage

Method

Description

Key references

Adversarial debiasing

Trains the model alongside an adversary
network that predicts protected attributes,
encouraging the main model to produce
outputs independent of those attributes.

Yang et al. (2023);
Yang et al. (2024)

Post-
processing

Threshold optimiser

Adjusts classification thresholds (possibly
group-specific) to satisfy fairness criteria
such as equalised odds or demographic
parity.

Hardt et al. (2016);
Minatel et al. (2025)

Calibration (Platt
scaling / Isotonic)

Adjusts the predicted probabilities to
ensure they reflect the true likelihood of
outcomes, improving confidence
estimates and, in some cases, fairness.

Zadrozny & Elkan
(2002); Nikoli¢ et al.
(2025)

Reject option
classification

Assigns favourable outcomes to
disadvantaged groups and unfavourable
ones to advantaged groups when the
model’s predictions are uncertain.

Kamiran et al.
(2012); Siddique et
al. (2024)
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Stage Method

Description

Key references

Equalised odds post-
processing

Solves a linear program to determine
probabilities of flipping output labels to
satisfy equalised odds constraints.

Hardt et al. (2016);
Awasthi et al. (2020)

Calibrated equalised
odds post-processing

Works on calibrated score outputs to flip
output labels with optimised probabilities
that satisfy equalised odds while
preserving calibration.

Pleiss et al. (2017);
Raftopoulos et al.
(2025)

2.6 Classifiers

Within the realm of ML, supervised learning is particularly prominent in DSS (Silva & Bernardino,

2022). It involves training algorithms on labelled data so they can generalise and predict outcomes

for new, unseen instances (Jiang et al., 2020). One of the most common supervised learning tasks is

classification, which categorises inputs into predefined classes (Hastie et al., 2009). Classification has

led to the development of a range of algorithms, each with different strengths in terms of accuracy,

learning speed, complexity, and susceptibility to overfitting (Singh et al., 2016).

The Modelling phase of CRISP-DM involves selecting and training a classifier that meets the

project’s objectives. This section provides an overview of some of the most prominent supervised

classifiers used in ML today, as identified by IBM (2024). These include:

Logistic Regression,
Decision Trees,
Random Forests,

Naive Bayes,

Support Vector Machines, and

K-Nearest Neighbours (see Sections 2.6.1 to 2.6.6).
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Within this broad landscape, this thesis focuses on Logistic Regression and Random Forest, which
are widely used in diverse domains and represent contrasting approaches to supervised learning.
Further justification for the selection of these classifiers is provided in Chapter 3 (Methodology). The

following subsections describe each classifier in detail.
2.6.1 Logistic Regression

According to Caraciolo (2011), LR is a linear model commonly used for binary and multiclass
classification tasks. It estimates the probability that a given input belongs to a particular class using
the logistic (sigmoid) function. The model assumes a linear relationship between the input features
and the log-odds of the outcome, making it interpretable and relatively easy to implement. Logistic
LR is especially effective when the relationship between features and the output is approximately

linear.
2.6.2 Decision Trees

According to Rokach and Maimon (2005), decision tree classifiers use a tree-like structure to
recursively split the feature space based on attribute values, creating a series of decision rules that
lead to class predictions. Each internal node represents a test on a feature, each branch corresponds
to an outcome of the test, and each leaf node represents a class label. Decision trees are non-
parametric and capable of capturing non-linear relationships between features and outcomes. They

are also highly interpretable and can handle both categorical and numerical input data.
2.6.3 Random Forests

This study uses Random Forests, a more robust ensemble method introduced by Breiman (2001).
Instead of relying on a single decision tree, a Random Forest builds multiple decision trees during
training and aggregates their predictions, typically using majority voting for classification. Each tree
is trained on a bootstrapped sample of the data and considers only a random subset of features when
splitting nodes. This introduces diversity among the trees, reduces overfitting, and improves
generalisation. While Random Forests are less interpretable than individual decision trees, they offer
significantly improved accuracy and stability, making them a strong baseline for evaluating the

impact of bias mitigation and data minimisation.
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2.6.4 Naive Bayes

According to Reddy et al. (2022), naive Bayes classifiers are based on Bayes’ Theorem and assume
that features are conditionally independent given the class label. Despite this strong assumption, naive
Bayes models often perform well in high-dimensional spaces and are computationally efficient.

Several variants exist, each tailored to specific data types:

e Multinomial naive Bayes is typically used for discrete features, such as word counts in text

classification.
e Bernoulli naive Bayes handles binary-valued features.

e Gaussian naive Bayes assumes that features follow a normal (Gaussian) distribution and is

well suited for continuous data.

Gaussian naive Bayes remains popular due to its simplicity and effectiveness, especially when the

independence assumption approximately holds (Reddy et al., 2022).
2.6.5 Support Vector Machines

Introduced by Cortes and Vapnik (1995), Support Vector Machines (SVMs) are supervised learning
models primarily used for binary classification tasks. They operate by mapping input data into a high-
dimensional feature space, where the algorithm constructs an optimal separating hyperplane that
maximises the margin between different classes. This margin-based approach ensures strong
generalisation performance. SVMs can handle both linearly separable and non-separable data through
the use of kernel functions, which enable the creation of non-linear decision boundaries. By relying
only on a subset of the training points known as support vectors, SVMs achieve computational
efficiency and robustness. These characteristics make SVMs a versatile and widely adopted choice

in various classification problems.

2.6.6 K-Nearest Neighbours

The foundations of the K-Nearest Neighbours (KNN) algorithm were first introduced by Fix and
Hodges (1951), who proposed the concept of non-parametric discrimination in a technical report.
This conceptual groundwork was later expanded and formalised by Cover and Hart (1967) in their
seminal paper Nearest Neighbor Pattern Classification, which provided rigorous theoretical analysis
and popularised the method within the scientific community. KNN is a non-parametric classification

algorithm that assigns a data point to the most common class among its k nearest neighbours in the
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feature space, using a distance metric such as Euclidean distance to determine proximity. As a lazy
learning method, KNN does not construct an explicit model during training; instead, classification is
deferred until prediction time, when the nearest neighbours of a query instance are evaluated. While
KNN can handle complex decision boundaries and is intuitive to implement, its performance depends
on the choice of k and the scaling of features, and it can become computationally expensive for large

datasets (Suyal & Goyal, 2022).
2.6.7 Compatibility with bias mitigation techniques

The compatibility and effectiveness of bias mitigation techniques vary depending on the classifier
used (Friedler et al., 2019). While some methods integrate easily and are widely applicable, others
require significant adaptation or cannot be directly applied due to the classifier’s inherent
characteristics. Table 2 summarises the compatibility of the bias mitigation methods discussed in this

thesis across six prominent classifiers.

. Compatible: The mitigation method is generally well-suited and commonly applied to
this classifier, often with straightforward integration or as a meta-algorithm that can

wrap it as a base classifier.

. Limited: The mitigation method is technically possible but might not be as effective,
require significant adaptation, or is less commonly applied due to the classifier's inherent

characteristics or typical use cases.

. Not applicable: The mitigation method's core mechanism does not align with the
classifier's typical training process or architecture, making direct application technically

impossible or without any meaningful effect.
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Bias Mitigation Technique Stage Logistic Decision Random Naive Support Vector K-Nearest
Regression Trees Forests Bayes Machines Neighbours

Reweighting Pre-processing  Compatible Compatible Compatible Compatible = Compatible Compatible

Data augmentation Pre-processing  Compatible Compatible Compatible Compatible = Compatible Compatible

Disparate impact remover Pre-processing Compatible Compatible Compatible Compatible = Compatible Compatible

Feature selection / Pre-processing  Compatible Compatible Compatible Compatible = Compatible Compatible

cleaning

Exponentiated Gradient In-processing Compatible Compatible Compatible Compatible = Compatible Compatible

Reduction

Regularisation In-processing Compatible Limited Limited Not Compatible Not applicable

applicable

Latent variable models In-processing Limited Limited Limited Limited Limited Limited

Adversarial debiasing In-processing Limited Limited Limited Limited Limited Limited

Threshold optimiser Post- Compatible Compatible Compatible Compatible = Compatible Compatible
processing

Calibration (Platt / Post- Compatible Compatible Compatible Compatible = Compatible Compatible

Isotonic) processing

Reject option Post- Compatible Compatible Compatible Compatible = Compatible Compatible

classification processing

Equalised odds post- Post- Compatible Compatible Compatible Compatible = Compatible Compatible

processing processing

Calibrated equalised odds Post- Compatible Compatible Compatible Compatible = Compatible Compatible

post-processing processing
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2.7 Deployment

The Deployment phase is one of the most challenging parts of the ML lifecycle and has a direct impact
on fairness and reliability. Moving a model from development to production often exposes issues
such as integration difficulties, scalability constraints, and the absence of clear operational practices
(Paleyes et al., 2022; Zimelewicz et al., 2024). Many of these challenges arise because deployment
is not treated as an ongoing process, with continuous monitoring and maintenance, but rather as a

one-off technical step.

MLOps frameworks aim to address this by enabling continuous delivery and systematic monitoring
of models in production (Kreuzberger et al., 2023). However, they remain underutilised, and post-
deployment monitoring often focuses narrowly on inputs and outputs rather than on metrics such as
fairness or interpretability. This lack of holistic monitoring increases the risk that models degrade

over time or that emerging biases go undetected as data distributions shift (Ferrara, 2024).

Strengthening deployment practices requires greater emphasis on operational readiness and
accountability for fairness at this stage. Continuous monitoring, retraining pipelines, and clearly
defined responsibilities for fairness and reliability can help ensure that models remain trustworthy

beyond initial development (Paleyes et al., 2022; Ferrara, 2024).
2.8 Summary

This chapter has provided the theoretical foundation for investigating fairness in supervised machine
learning under data minimisation constraints. It began by examining the importance of early problem
framing, highlighting how definitions of fairness and bias are shaped by organisational priorities,
stakeholder expectations, and societal norms. It then defined bias and fairness, outlined eight types
of bias that can arise throughout the ML pipeline, and reviewed key fairness metrics such as
demographic parity and equalised odds. Bias mitigation strategies were categorised into pre-
processing, in-processing, and post-processing techniques, highlighting when and how these
interventions can reduce unfairness. The chapter also introduced a range of widely used classifiers,
including Logistic Regression, Decision Trees, Random Forests, Naive Bayes, Support Vector
Machines, and K-Nearest Neighbours, and discussed how their underlying assumptions may
influence the effectiveness of bias mitigation. It then examined the legal and technical implications
of the GDPR’s data minimisation principle, including how it shapes feature selection and constrains
fairness interventions, before considering the deployment stage and the importance of continuous

monitoring and operational readiness to maintain fairness and reliability over time. Finally, it
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presented the conceptual framework that connects these elements. In this framework, bias mitigation
techniques act as a mediating variable between sources of bias and the outcomes of fairness and
performance. The effectiveness of these techniques may be influenced by two moderating variables:
the type of classifier and the presence of data minimisation constraints. This framework provides the

basis for the empirical analysis that follows.
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3 Methodology

This chapter provides a detailed explanation of the methodological approach used in this study,
building on the outline presented in Chapter 1 and following the CRISP-DM framework as introduced
in Section 2.2. The phases most relevant to this research are as follows: Business and Data
Understanding 1s addressed by defining the research objectives and describing the COMPAS dataset;
Data Preparation is carried out through the creation of full and data-minimised versions of the
dataset; Modelling encompasses the selection of classifiers and the application of bias mitigation
techniques; and Evaluation is conducted using a comprehensive suite of fairness and performance
metrics. As this study is experimental, no deployment phase was undertaken. The chapter is structured
to follow this progression, concluding with a summary of how these components collectively address

the research question.
3.1 Research design

This study adopts a structured experimental design to evaluate the effectiveness of bias mitigation
techniques under data minimisation constraints in supervised machine learning. As outlined in the
methodology introduction, the research follows the CRISP-DM sequence to ensure a systematic
approach. The main objective is to assess whether fairness with respect to race can still be achieved
when the race attribute is removed from the training data, as required under GDPR's data
minimisation principles. To explore this, the COMPAS dataset is used as a case study, given its real-
world relevance and inclusion of sensitive variables such as race, gender, and age. Two versions of
the dataset are prepared: one containing all features and one that excludes the race attribute from the
training set in line with data minimisation principles. Two classifiers are examined: Logistic
Regression and Random Forest. Each model is evaluated in both its baseline form and after the
application of bias mitigation methods. The outcomes of interest are fairness, assessed through group-
level metrics such as demographic parity and equalised odds for racial groups, and model
performance, evaluated using standard performance measures such as accuracy, F1 score, and ROC
AUC. This design enables a comparative analysis of how fairness and predictive performance are

shaped by model choice, mitigation strategy, and data availability.
3.2 Dataset and preprocessing

This study uses the COMPAS dataset published by ProPublica, which includes pre-trial risk
assessment scores and criminal history data for defendants from Broward County, Florida (Angwin

et al., 2016). The dataset contains 7,214 records and 53 features, including sensitive demographic
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attributes such as race, sex, and age, as well as variables related to prior offences and charge severity.

No missing values were present in the dataset.

The racial distribution is notably imbalanced, with 3,696 African-American, 2,454 Caucasian, 637
Hispanic, 377 Other, 32 Asian, and 18 Native American defendants (Figure 2). In terms of sex, the
dataset contains 5,819 male and 1,395 female individuals. The binary target variable
two_year_recid, which indicates whether a defendant reoffended within two years, has 3,963

negative cases (0) and 3,251 positive cases (1).

Racial distribution in filtered COMPAS dataset

Count

Race

Figure 2. Racial distribution of defendants in the COMPAS dataset

To ensure data quality and consistency with prior studies, several preprocessing steps were applied.
First, two date columns (compas_screening_date and out_custody) were converted to datetime
format, and any rows with missing values in these fields were removed. A series of filters were then
applied to refine the dataset: entries were retained only if the number of days between arrest and
COMPAS screening fell within 30 days; cases with missing recidivism data (is_recid = -7), non-
criminal offences (c_charge_degree = '0"), or missing COMPAS scores (score_text = 'N/A")

were excluded. These steps mirror the filtering logic used in foundational analyses of this dataset.
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After filtering, five features were selected for modelling: sex, age, race, priors_count, and
c_charge_degree. These were chosen for their relevance in both prior research and fairness

auditing.

To ensure that removing race from the data-minimised version would not inadvertently leave strong
proxy variables for race in the dataset, the relationships between race and the remaining non-race
features were examined. To avoid redundancy from perfectly collinear dummy variables, only
sex_Male and c_charge_degree_M were included, as sex_Female and c_charge_degree_F

would provide identical information with opposite sign.

Figure 3 shows a heatmap of Pearson correlation coefficients between race (one-hot encoded to retain
all categories) and non-race features. All correlation values were < 0.22, indicating weak linear

relationships between race and any single non-race feature.

Figure 4 presents mutual information scores between race and each non-race feature. The scores were
all low, with age (0.009) and priors_count (0.006) showing the strongest dependencies.
c_charge_degree_M (0.002) and sex_Male (0.001) had notably weaker associations. These
analyses confirm that while overall dependence is low, age and priors_count are the most significant
potential proxies for race. This supports the assumption that removing the race variable reduces, but

does not entirely eliminate, the model’s indirect access to racial information.

Correlation between race and other features

0.20
race_African-American 0.046 -0.1
0.15
race_Asian - 0.022 -0.028 0.023 0.0045
-0.10
race_Caucasian -0.071 0.078 -0.05
. ) -0.00
race_Hispanic - 0.012 -0.072 0.022 0.045
- —0.05
race_Native American-  -0.0049 0.017 0.00092 0.00061
- —0.10
race_ Other-  0.0062 -0.077 0.013 0.011 ' —0.15
age priors_count sex_Male c_charge_degree M

Figure 3. Pearson correlation coefficients between race and non-race features in the COMPAS dataset
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Mutual information with race (higher = stronger association)

age

priors_count

Non-race feature

c_charge_degree_M

sex_Male

0.000 0.002 0.004 0.006 0.008
Mutual information

Figure 4. Mutual information scores between race and non-race features in the COMPAS dataset

The categorical variables (sex, race, and c_charge_degree) were one-hot encoded using pandas’
get_dummies() function with the drop_first=True parameter to avoid multicollinearity. This

transformation enabled compatibility with models expecting numerical input.
Two distinct versions of the dataset were prepared for the experiments:
e Full dataset: This version retained all selected features as inputs for model training.

e Data-minimised dataset: For this version, the attribute race was explicitly excluded from
the input features provided to the models' training phase, in line with GDPR's data
minimisation principles focusing on sensitive categories. Sex and age, while potentially
sensitive in other contexts, were retained as general features, as the primary fairness
evaluation of this study is focused on race. However, the attribute race was still retained
separately (not as a model input) for post-training fairness evaluation across racial

subgroups.

Finally, the data was split into training and test sets using stratified sampling to preserve the original
class distribution of the target variable (two_year_recid), with 70% allocated to training and 30%
to testing. For fairness evaluation, the protected attribute race was consistently retained and split

alongside the input features and labels, regardless of whether it was used as model input, ensuring
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consistent subgroup analysis. The full Python code implementing the dataset analysis and

preprocessing steps described in this section is provided in Appendix 9.1.
3.3 Model selection

The selection of classification algorithms for this study aims to provide a diverse analytical
foundation for assessing bias mitigation and data minimisation. From the various machine learning
techniques (Singh et al., 2016), Logistic Regression and Random Forest were chosen due to their

distinct underlying assumptions and mechanisms.

Logistic Regression was included as a representative linear model, valued for its interpretability and
ease of implementation (Caraciolo, 2011). Its straightforward nature makes it a transparent baseline
for evaluating the direct impact of bias mitigation and data minimisation, especially where

relationships are approximately linear.

Conversely, Random Forest provides a robust and high-performing ensemble approach. Built from
multiple decision trees (Rokach and Maimon, 2005), it significantly improves accuracy, stability, and
generalisation by reducing overfitting compared to single models (Breiman, 2001). Despite its lower
interpretability, RF's strong predictive power offers a powerful comparison, enabling a
comprehensive examination of how model complexity interacts with bias mitigation and data

availability.

All classifiers were implemented using the scikit-learn library (Pedregosa et al., 2011). The LR model
was instantiated with an increased iteration limit (max_iter=16000) to ensure convergence but
otherwise relied on default settings, including L2 regularisation. The RF model was also used with
its default configuration, aside from setting a fixed random_state for reproducibility. The choice to
use unmodified base models reflects a deliberate focus on assessing fairness and mitigation
effectiveness under standard deployment conditions, rather than optimising classifier performance

through hyperparameter tuning.

For one specific analysis, the statistical significance testing of features in the baseline LR model, an
equivalent model was refitted using the Statsmodels implementation of LR. This version is optimised
for statistical inference and provides outputs such as standard errors and p-values, which are not

available in scikit-learn’s predictive-focused implementation.
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3.4 Applied bias mitigation methods

This study employs a diverse set of bias mitigation methods, strategically selected from each stage of
the machine learning pipeline: pre-processing, in-processing, and post-processing. Each method is
first evaluated in isolation to provide a clear understanding of its individual impact on fairness and
predictive performance. Comparisons are then made across categories to determine how methods
from different stages perform relative to one another. This design provides both detailed insight into
the strengths and limitations of each method and a broader perspective on which approaches are most

effective when access to sensitive attributes is limited (Hort et al., 2024).
3.4.1 Pre-processing techniques

Pre-processing techniques modify the training data itself, aiming to prevent bias propagation into the

model (Feldman et al., 2015),

Reweighting has been chosen as a representative pre-processing method for this study. This method
adjusts instance weights so that underrepresented groups exert a proportionally larger influence
during model training (Hajian & Domingo-Ferrer, 2013). Unlike oversampling or undersampling,
which physically duplicate or remove data points, reweighting assigns a numerical weight to each
data instance. This weight is then incorporated into the model's loss function during training,
effectively changing the importance of each sample without altering the dataset's physical size or
composition. Reweighting is particularly suitable for this study as it directly manipulates the data
distribution to achieve fairness without altering the feature space or requiring model-specific
modifications. This makes it a valuable method for assessing whether balancing group representation

at the data level can effectively mitigate bias, especially in the context of sensitive attribute removal.
3.4.2 In-processing techniques

In-processing techniques intervene during the model training phase, often by incorporating fairness
constraints or modifying the loss function (Zafar et al., 2017). This study implements EGR and

regularisation as in-processing methods.

EGR is selected for its ability to iteratively train a base classifier on reweighted data to find a fair
predictor that satisfies a given fairness constraint (Agarwal et al., 2018). EGR works by framing the
fairness problem as a constrained optimisation task: it alternates between updating the classifier’s
weights to minimise prediction error and adjusting a set of “dual variables” that penalise violations

of the fairness constraint. This exponentiated update rule increases the penalty on fairness violations
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multiplicatively, gradually steering the model towards a solution that balances accuracy and fairness.
Its theoretical guarantees regarding the trade-off between fairness and accuracy make it a robust
choice for assessing constrained optimisation in the presence of data minimisation. This method is
particularly useful because it is model agnostic, acting as a wrapper around existing classification
models (like Logistic Regression and Random Forest), and is capable of optimising for various
fairness metrics. In this study, equalised odds was selected as the fairness constraint for all EGR
experiments as it aligns with the group-level fairness metrics evaluated in this study (e.g., differences
in TPR and FPR across racial groups) and due to its relevance to the COMPAS dataset, where
disparities in error rates across racial groups have been a central focus in prior research (Angwin et

al., 2016).

Regularisation is included as an in-processing technique due to its fundamental role in controlling
model complexity and preventing overfitting (Hastie et al., 2009). By adding penalty terms to the loss
function or constraining model complexity during training, regularization encourages more
generalised predictions. In the context of this study, regularisation is applied as a form of “unaware”
mitigation. While its primary purpose is not explicit bias mitigation, it can implicitly reduce reliance
on spurious correlations that might lead to discriminatory patterns by promoting simpler, more

generalised models.

In practice, this study uses the LogisticRegression class from scikit-learn, which includes L2
regularisation (also known as ridge regularisation) by default. This is implemented via the
penalty="12" parameter, with a default regularisation strength of C=7.6 (inverse of
regularisation strength). These defaults mean that regularisation is always present unless explicitly
disabled (which was not done in this study). Thus, all LR models used in this analysis include L2

regularisation, even if it is not explicitly specified in the code (Buitinck et al., 2013).

The default L2 regularisation present in the LogisticRegression class was not disabled because it
would conflict with established best practices in machine learning, where some form of regularisation
is generally considered essential to avoid overfitting, especially in datasets with multicollinearity or
high-dimensional features (Hastie et al., 2009). In this context, regularisation represents a baseline

form of bias mitigation that aligns with common deployment settings in real-world applications.

This default regularisation applies only to the Logistic Regression models, not to the Random Forest
models used in this study. Random Forests achieve generalisation through different mechanisms such
as ensembling, bagging, and limiting tree depth, but they do not include regularisation in the same

sense as linear models like Logistic Regression.
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3.4.3 Post-processing techniques

Post-processing techniques adjust the predictions of an already trained model, making them suitable
when access to the training process is limited or model alteration is constrained (Hardt et al., 2016).
This study applies threshold optimiser and calibration as post-processing methods. These methods
were fitted on the training set and applied to the test set during evaluation to ensure an unbiased final

assessment.

Threshold optimiser is employed to adjust classification thresholds, potentially on a group-specific
basis, to align with predefined fairness criteria on a trained model's probability outputs (Hardt et al.,
2016). This method is valuable for its direct approach to manipulating prediction outcomes to achieve
specific fairness objectives, offering a flexible way to mitigate bias without retraining the original
model. Its ability to achieve precise fairness targets makes it crucial for understanding the final
adjustments needed after a model has been built, particularly when sensitive attributes are not

available during training.

Like EGR, equalised odds was selected as the fairness constraint for the threshold optimiser because
it aligns with the group-level fairness metrics evaluated in this study and due to its relevance to
documented disparities in COMPAS predictions (Angwin et al., 2016). The threshold optimiser’s
internal optimisation process can result in slight run-to-run differences. This variability is further

examined in Section 3.6.

Calibration is included to ensure that a model's predicted probabilities accurately reflect the true
likelihood of an outcome, thereby improving the reliability of its confidence scores (Zadrozny &
Elkan, 2002). Similar to regularisation, calibration is applied as an “unaware” mitigation strategy in
this study. While its primary goal is to improve the statistical soundness of probability outputs, well-
calibrated models can sometimes indirectly reduce disparate impact by providing more accurate
confidence estimates across all groups. Its simplicity and ability to enhance model trustworthiness
make it a pertinent choice for assessing baseline post-training adjustments that might contribute to

fairness without direct intervention for bias.
For calibration, two distinct methods were employed:

e Platt scaling (method="sigmoid"): This method fits a second LR model on the predicted
scores of the base classifier to map them to calibrated probabilities. It assumes a monotonic,

sigmoid-shaped distortion in the model's outputs (Platt, 1999).
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e Isotonic regression (method="isotonic'): This method learns a piecewise constant, non-
decreasing function to transform the predicted probabilities. Isotonic regression is more
flexible than Platt scaling and can correct for more complex, non-linear, or even non-
monotonic distortions in probability outputs. This flexibility often makes it particularly
effective for calibrating ensemble models like RF, which can exhibit more irregular

calibration curves (Zadrozny & Elkan, 2002).

While it would be possible to apply calibration-based methods to the full dataset, this study
intentionally focuses on bias mitigation techniques that align with the availability of sensitive
attributes. In the full dataset scenario, group-aware methods such as reweighting and EGR are
included precisely because they can leverage protected attributes to directly reduce disparities.
Conversely, the data-minimised scenario reflects legal or practical constraints under which only
methods that do not require sensitive attributes during model training, such as calibration and the
threshold optimiser, remain applicable. This design choice allows for a focused comparison of what
fairness gains are achievable under each set of data availability constraints, rather than a

comprehensive benchmarking of all methods across both datasets.
3.5 Evaluation metrics

To rigorously assess the effectiveness of various bias mitigation techniques under data minimisation
constraints, this study evaluates models across two primary dimensions: predictive performance (see
Section 3.5.1) and algorithmic fairness (see Section 3.5.2). This dual assessment acknowledges that
effective machine learning solutions must be both accurate and equitable, particularly in high-stakes
contexts where unequal treatment can lead to significant harm (Holmberg et al., 2020). As fairness
lacks a single universally accepted definition and its metrics can be mathematically incompatible

(Mehrabi et al., 2019; Binns, 2018), a comprehensive suite of commonly used metrics is employed.
3.5.1 Performance metrics

Standard accuracy metrics are used to evaluate the overall predictive capabilities and generalisation
of the models. These metrics are essential for understanding the trade-offs between fairness

interventions and overall model utility. The following metrics will be calculated:

e Accuracy: This fundamental metric measures the proportion of correctly classified instances
(both recidivist and non-recidivist), providing a basic and easily understandable assessment

of overall model correctness (Caruana & Niculescu-Mizil, 2006).
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e ROC AUC: This metric assesses the model's ability to distinguish between the two classes
(recidivist/non-recidivist) across all possible classification thresholds. It is particularly
robust in the presence of class imbalance, indicating how well the model ranks positive

instances higher than negative ones (Fawcett, 2006).

e F1 score: As the harmonic mean of precision and recall, the F1 score provides a single,
balanced metric that accounts for both false positives and false negatives, which is crucial in

imbalanced classification problems such as recidivism prediction (Manning et al., 2008).

e Classification report: This summary provides detailed precision, recall, and F1 scores for
each individual class (recidivist and non-recidivist), along with overall averages. This allows

for a quick diagnosis of class-specific performance issues (Pedregosa et al., 2011).

To serve as a practical benchmark for the trade-offs between fairness and performance, a 5% accuracy
drop-off from a model's baseline performance will be considered the maximum acceptable tolerance
for a mitigation method. This rule will be used in later chapters to determine whether a mitigation

method successfully balances fairness improvements with an acceptable impact on accuracy.
3.5.2 Fairness metrics

Given that bias in machine learning can lead to unfair or non-generalisable outcomes through
systematic influences from algorithmic design, data characteristics, or human decisions (Holmberg
et al., 2020), fairness metrics are critical for assessing group-level disparities. Fairness is broadly
understood as the absence of prejudice or favouritism toward an individual or group based on their
characteristics (Mehrabi et al., 2019). In all experiments, fairness is evaluated on the respective test
set used for model assessment, with the sensitive attribute, race, retained only for post-hoc fairness
evaluation in the data-minimised scenario. This study employs the following group-level fairness

metrics, disaggregated by race to uncover and quantify potential biases:

e Selection Rate (SR): This metric calculates the proportion of individuals within each
demographic group predicted to be high-risk (recidivist). It directly addresses demographic
parity, revealing if the rate of being selected for the adverse outcome (high-risk label) is
disproportionate across groups, serving as a common starting point for bias discussions
(Hardt et al., 2016). The SR is computed during the evaluation stage, after the model has

been trained and has generated predictions on the held-out test.
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e True Positive Rate (TPR) by group (equal opportunity): This metric measures, for each
group, the proportion of actual recidivists who were correctly identified as such. Evaluating
TPR across groups addresses the equal opportunity criterion, ensuring the model is equally
effective at identifying genuine high-risk individuals across all populations, preventing

certain groups from being overlooked for intervention (Hardt et al., 2016).

e False Positive Rate (FPR) by group: This metric assesses, for each group, the proportion of
actual non-recidivists who were incorrectly predicted to be high-risk. In the context of
recidivism prediction, a high FPR for a particular group signifies that individuals from that
group are disproportionately subjected to "false alarms," potentially leading to unjust

consequences despite not actually re-offending (Hardt et al., 2016).

e Equalised Odds Difference (EOD): This metric captures the maximum difference across all
groups for both true positive and false positive rates. It aims for both true positive and false
positive rates to be roughly equal across groups, representing a stronger fairness criterion

and a key measure in assessing models like COMPAS (Hardt et al., 2016).

e [Equalised Odds Difference excluding Native American and Asian (EOD-NAA): Due to
small sample sizes of the Native American and Asian subgroups (see Section 3.2), the TPR
and FPR for these groups can be highly volatile. This can lead to a skewed overall EOD
score that may not accurately represent the model’s fairness for larger, more well-
represented groups. Therefore, a modified metric is also calculated that measures EOD
across all groups except Native American and Asian, providing a more stable comparison of

fairness.

e Group-wise ROC AUC scores: Calculating the ROC AUC for each individual group reveals
whether the model's discriminatory power (its ability to correctly rank individuals by risk) is
consistent or varies significantly across different groups. This helps determine if the model

is operating with comparable effectiveness for all populations (Fong et al., 2022).
3.6 Reproducibility and variability

Fixed random_state values were used in all experiments to improve reproducibility and minimise
variability across runs. This ensures deterministic data splitting and base model training. However,
the threshold optimiser’s internal optimisation process can still introduce slight run-to-run variability,

as it does not provide a parameter to fix its own random state. Across repeated runs on the same
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machine, accuracy varied by less than 0.01, while group-specific SR, TPR and FPR also varied by
less than 0.01 for most racial groups. The only exception was for Asian and Native American
subgroups, where small sample sizes meant that minor threshold adjustments could cause large
swings in SR, TPR, and FPR (e.g., 0.00, 0.50, or 1.00), which in turn led to greater variability in
EOD. ROC AUC remained identical, as it is calculated from the unchanged probability outputs of the
base model (Fawcett, 2006).

It should be noted that while results were consistent across repeated runs on the same machine, small
differences may still occur when running the code on different hardware or software environments.
Research has shown that such run-to-run variability can arise from the inherent nature of parallel
computation and its handling of non-associative floating-point arithmetic (Chou et al., 2020). Even
when using identical algorithms and parameters, slight changes in the order of operations on different
CPUs or GPUs can introduce minor numerical discrepancies. This hardware-level variability is a
recognised challenge to achieving exact reproducibility in scientific computing (Chou et al., 2020;

Zhuang et al., 2021).
3.7 Conceptual framework

The conceptual framework illustrated in Figure 5 visualises the empirical structure of this study. The
solid arrows represent the direction of influence and data flow between elements, as well as the
sequence of steps in the study's design. It begins with the data source, which may contain embedded
bias, and proceeds through a process phase in which bias mitigation techniques are applied. These
techniques function as mediating interventions intended to improve both fairness and performance
outcomes. However, their effectiveness is shaped by two moderating variables: 1) data minimisation
constraints, which may restrict access to sensitive attributes and limit the applicability of certain
mitigation methods, and 2) the type of classifier, as different algorithms vary in how they respond to
fairness interventions. The framework results in two primary outcome variables: fairness, evaluated
through group-level metrics such as demographic parity and equalised odds; and performance,
assessed using standard metrics such as accuracy, F1 score, and ROC AUC. This framework provides

a structured overview of the study design and guides the empirical analysis that follows.
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Figure 5. Conceptual framework illustrating study design, influencing factors, and outcomes

The framework outlines the study design, beginning with a potentially biased data source, applying bias
mitigation techniques, and assessing fairness and performance outcomes. Effectiveness is influenced by data
minimisation constraints and classifier type.

3.8 Summary

This chapter has outlined the methodological approach used to investigate the impact of bias
mitigation techniques under data minimisation constraints. Guided by the CRISP-DM framework,
the study follows a structured process that includes dataset preparation, model development, fairness
intervention, and performance evaluation. The COMPAS dataset was selected for its real-world
relevance and inclusion of sensitive features, enabling the creation of both full and data-minimised
versions. Two classifiers, Logistic Regression and Random Forest, were chosen to reflect distinct
modelling strategies. A combination of pre-processing, in-processing, and post-processing bias
mitigation techniques was implemented. To assess model outcomes, a comprehensive set of
performance and fairness metrics was used, including accuracy, F1 score, ROC AUC, and group-
level fairness indicators such as Selection Rate and equalised odds. These methodological choices
provide the foundation for a robust analysis of whether algorithmic fairness can be maintained when

sensitive attributes are excluded from model training.
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4 Empirical results: Full dataset

This chapter presents the empirical results obtained from training and evaluating ML models on the
full version of the COMPAS dataset, which includes the sensitive attributes race. The purpose of
this phase is to establish a baseline for model performance and fairness before applying data
minimisation constraints. Two classifiers are used in this stage: Logistic Regression and Random

Forest. These models are trained using the complete set of input features.

The chapter begins by reporting predictive performance using metrics such as accuracy, F1 score,
and ROC AUC. It then evaluates algorithmic fairness with group-level metrics, including SR, TPR,
FPR, EOD, EOD-NAA, and group-wise ROC AUC scores. These results provide a foundation for
analysing the impact of bias mitigation techniques applied later in the chapter. They also serve as a

benchmark for comparison with the data-minimised experiments presented in the following chapter.
4.1 Baseline model outcomes
4.1.1 Logistic Regression

The baseline LR model demonstrated solid predictive performance, achieving an accuracy of 0.684,
ROC AUC of 0.730, and an F1 score of 0.623 (see Table 3). The detailed classification report is
available in Table 4. However, significant fairness disparities were evident in the metrics. As shown
in Table 6, the EOD was 0.696, with an SR disparity of 0.531 and an FPR disparity of 0.344. The
EOD-NAA, which excludes Native American and Asian subgroups due to their small sample sizes,
was significantly lower at 0.487. A group-wise breakdown (see Table 5) shows that African-
American individuals experienced the highest FPR (0.344), while other groups had much lower
values. The group-wise ROC AUC scores were relatively consistent, ranging from 0.702 to 0.77,
though the score for Asian individuals was a notable outlier at 0.6, likely reflecting data imbalance.

The ROC curve for this model is presented in Figure 6.
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Figure 6. ROC curve for baseline LR model (full dataset)

Table 3. Overall performance metrics for the baseline LR (full dataset)

Metric

Baseline

Accuracy

0.684

ROC AUC

0.730

F1 score

0.623

Table 4. Classification report for baseline LR (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.69 0.78 0.73 1009

1 (Recidivist) 0.68 0.57 0.62 843
Macro avg 0.68 0.67 0.68 1852

54
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Weighted avg 0.68 0.68 0.68 1852

Table 5. Group-wise fairness metrics for baseline LR (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.531 0.696 0.344 0.725
Caucasian 0.258 0.442 0.148 0.702
Hispanic 0.168 0.283 0.104 0.721
Other 0.109 0.209 0.045 0.77
Asian 0 0 0 0.6

Native American 0.25 0.5 0 0.75

Table 6. Fairness disparities for baseline LR (full dataset)

Metric Baseline
SR disparity  0.531
TPR disparity 0.696
FPR disparity 0.344
EOD 0.696
EOD-NAA 0.487

Figure 7 visualises the predicted score distributions by race, illustrating the fairness disparities
identified in the metrics above. Predicted scores refer to the probabilities assigned by the LR model
that an individual will reoffend within two years. The curves are kernel density estimates (KDE),
which smooth the distribution of predicted scores for each racial group to make patterns easier to

compare.

The plot shows that African-American individuals tend to receive higher predicted recidivism
probabilities, shifting their distribution towards the right side of the scale. The spike for the Asian
group is likely a consequence of the small sample size, rather than a systematic difference in the
model’s behaviour. The Native American subgroup is absent from the plot because it contained
fewer than five samples in the test set, which would have produced a statistically unreliable and
potentially misleading KDE curve. This separation of the prediction scores is a key indicator of how
the LR model is treating different groups distinctly, visualising the disparities reported earlier, such

as the large EOD (0.696) and SR disparity (0.531).
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Prediction score distributions by race
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Figure 7. Predicted recidivism score distributions by race for baseline LR (full dataset)

To assess the statistical significance of the chosen features, I fitted another LR model using the
Statsmodels library instead of scikit-learn. Statsmodels is designed for statistical inference and
provides outputs such as standard errors, p-values, and confidence intervals, which are not available

in scikit-learn’s implementation, as it is primarily focused on prediction.

A Wald test was used to evaluate race as a group of predictors, with “Other” set as the reference
category. The resulting p-value (0.120) indicates that race, considered as a whole, did not meet the
conventional threshold for statistical significance (p < 0.05). In contrast, age (p < .001),
priors_count (p<.001), sex_Male (p<.001),and c_charge degree_M (p=.003) were all found
to be statistically significant predictors of two-year recidivism. The coefficient estimates, p-values,

and cross-model comparisons are shown in Table 7.

To confirm that these findings are representative of the model used in the bias mitigation experiments,
the same training split and features were fit using scikit-learn’s LR model. The coefficients from this
model were almost identical to those from the Statsmodels version, indicating that the p-value results

from the latter are relevant and can be considered applicable.

Table 7. Statistical significance and coefficient comparison for the LR model (full dataset)

Feature Coef (Statsmodels) p-value Coef (scikit-learn) Difference
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age -0.0446 <0.001 -0.0446 0.0000
priors_count 0.1650 <0.001  0.1651 0.0001

sex_Male 0.3678 <0.001 0.3626 -0.0051
c_charge_degree_M —.2083 0.003 -0.2081 0.0002
race (Wald test) 0.120

The complete Python code for training, evaluating, and analysing the baseline LR model on the full

dataset is provided in Appendix 9.2.
4.1.2 Random Forest

The baseline RF model produced an accuracy of 0.623, ROC AUC of 0.668, and F1 score of 0.583
(see Table 8). The full classification report is available in Table 9. Despite adequate overall
performance, fairness outcomes remained problematic. As detailed in Table 11, EOD was 0.679, but
the EOD-NAA was significantly lower at 0.344, highlighting the impact of small subgroups. SR
disparity was 0.322, and FPR disparity was 0.313. Group-wise metrics (see Table 10) show that
African-American individuals had the highest FPR (0.433). There was wide variation in group-wise
TPR and AUC scores, with the Asian subgroup showing unusually high values (TPR = 1, AUC =
0.9), indicating potential overfitting, while the Native American subgroup had an AUC of 0.5,
suggesting a lack of meaningful discrimination. The ROC curve for this model is presented in Figure
8.
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Figure 8. ROC curve for baseline RF model (full dataset)

Table 8. Overall performance metrics for baseline RF (full dataset)

Metric Baseline

Accuracy 0.623
ROC AUC 0.668
F1 score 0.583

Table 9. Classification report for baseline RF (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.65 0.66 0.66 1009

1 (Recidivist) 0.59 0.58 0.58 843
Macro avg 0.62 0.62 0.62 1852
Weighted avg 0.62 0.62 0.62 1852
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Table 10. Group-wise fairness metrics and ROC AUC for baseline RF (full dataset)

Race SR TPR FPR ROCAUC
African-American 0.556 0.665 0.433 0.657
Caucasian 0.356 0.468 0.289 0.642
Hispanic 0.235 0.321 0.188 0.613
Other 0.309 0.442 0.224 0.736
Asian 0.429 1 0.2 0.9

Native American 0.5 0.5 0.5 0.5

Table 11. Fairness disparities for baseline RF (full dataset)

Metric Baseline
SR disparity  0.322
TPR disparity 0.679
FPR disparity 0.313
EOD 0.679
EOD-NAA 0.344

Figure 9 visualises the predicted score distributions by race, illustrating the fairness disparities
identified in the metrics above. The curves appear to extend beyond the 0-1 range on the x-axis, which
is a visual artifact of the kernel density estimation smoothing process. This occurs because the KDE
technique places a smooth kernel over each data point. When these data points are clustered near the
boundaries of 0 or 1, the smoothing tails of these kernels bleed outside the 0-1 range. It is important
to note that this does not indicate that the model's predicted scores themselves fall outside this range.
The Native American subgroup is absent from the plot because it contained fewer than five samples
in the test set, which would have produced a statistically unreliable and potentially misleading KDE

curve.

The plot shows a clear shift in the distributions. The distribution for African-American individuals is
shifted to the right, indicating that the model assigns them higher recidivism probabilities compared
to other groups. This is consistent with the fairness metrics, where African-American individuals have

the highest selection rate (0.556) and false positive rate (0.433).

While the overall pattern of disparity is similar to the LR model, the distributions are less distinct and
more overlapping. The RF model appears to have a more complex and multimodal distribution of

scores. This separation of scores still points to how the RF model is treating different groups
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distinctly, visualising the disparities reported earlier, such as the large EOD (0.679) and the wide TPR
disparity of 0.679.

Prediction score distributions by race

race
[ African-American
[ Caucasian

[ Hispanic

[ Other

[ Asian

Predicted score

Figure 9. Predicted recidivism score distributions by race for baseline RF (full dataset)

The complete Python code for training, evaluating, and analysing the baseline RF model on the full

dataset is provided in Appendix 9.3.
4.2 Effects of bias mitigation
4.2.1 Logistic Regression

Reweighting resulted in moderate fairness improvements, with EOD reduced from 0.696 to 0.581 and
SR disparity from 0.531 to 0.385 (see Table 15). The EOD-NAA showed a more substantial
improvement, dropping from 0.487 to a much lower value of 0.105. Predictive performance remained
stable (see Table 12), with a slight decrease in accuracy to 0.668, ROC AUC to 0.718, and F1 score
to 0.594. The detailed classification report and group-wise metrics are provided in Table 13 and Table
14, respectively. These results suggest that reweighting can improve group-level fairness with
minimal impact on overall model performance. The complete Python code for training, evaluating,

and analysing the LR model with reweighting on the full dataset is provided in Appendix 9.4.

Table 12. Overall performance metrics for LR with reweighting (full dataset)
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Metric Baseline Reweighting A (Delta)
Accuracy 0.684 0.668 -0.016
ROC AUC 0.730 0.718 -0.012
F1score 0.623 0.594 -0.029

Table 13. Classification report for LR with reweighting (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.67 0.78 0.72 1009

1 (Recidivist) 0.67 0.53 0.59 843
Macro avg 0.67 0.66 0.66 1852
Weighted avg 0.67 0.67 0.66 1852

Table 14. Group-wise fairness metrics and ROC AUC for LR with reweighting (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.361 0.512 0.19 0.725
Caucasian 0.385 0.579 0.269 0.702
Hispanic 0.329 0.528 0.219 0.722
Other 0.327 0.581 0.164 0.77
Asian 0 0 0 0.6
Native American 0.25 0.5 0 0.75

Table 15. Fairness disparities for LR with reweighting (full dataset)

Metric Baseline Reweighting A (Delta)
SR disparity  0.531 0.385 -0.146
TPR disparity 0.696 0.581 -0.115
FPR disparity 0.344 0.269 -0.075
EOD 0.696 0.581 -0.115
EOD-NAA 0.487 0.105 -0.382

EGR also provided notable fairness gains, as shown in Table 19. EOD was reduced from 0.696 to
0.547 and SR disparity from 0.531 to 0.387. Similarly, the EOD-NAA showed a significant drop to
0.121. Predictive performance metrics remained stable (see Table 16): accuracy decreased slightly to
0.663, ROC AUC to 0.721, and F1 score to 0.585. The classification report is available in Table 17.
Group-wise ROC AUC scores were stable, ranging from 0.699 to 1.0 (see Table 18), indicating that
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ranking performance was largely preserved. The complete Python code for training, evaluating, and

analysing the LR model with EGR on the full dataset is provided in Appendix 9.5.

Table 16. Overall performance metrics for LR with EGR (full dataset)

Metric Baseline EGR A (Delta)
Accuracy 0.684 0.663 -0.021
ROC AUC 0.730 0.721 -0.009
F1score 0.623 0.585 -0.038

Table 17. Classification report for LR with EGR (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.66 0.78 0.72 1009

1 (Recidivist) 0.66 0.52 0.58 843
Macro avg 0.66 0.65 0.65 1852
Weighted avg 0.66 0.66 0.66 1852

Table 18. Group-wise fairness metrics and ROC AUC for LR with EGR (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.387 0.533 0.221 0.724
Caucasian 0.341 0.511 0.24 0.699
Hispanic 0.336 0.547 0.219 0.727
Other 0.245 0.442 0.119 0.764
Asian 0 0 0 0.8
Native American 0.25 0.5 0 1

Table 19. Fairness disparities for LR with EGR (full dataset)

Metric Baseline Reweighting A (Delta)
SR disparity  0.531 0.387 -0.144
TPR disparity 0.696 0.547 -0.149
FPR disparity 0.344 0.24 -0.104
EOD 0.696 0.547 -0.149
EOD-NAA 0.487 0.121 -0.366

Threshold optimiser produced the most significant fairness improvements for LR. EOD was reduced
from 0.696 to 0.500, and SR disparity from 0.531 to 0.285 (Table 23). Critically, the EOD-NAA

showed the most substantial improvement among all methods, dropping to 0.077. This came at a



63

larger performance cost (Table 20), with accuracy declining to 0.655 and F1 score dropping to 0.516
due to lower recidivist recall. ROC AUC remained at 0.730 because threshold optimisation adjusts
the decision boundary without altering the underlying probability estimates, meaning the model’s
ranking ability is unaffected. The classification report is in Table 21, and group-wise metrics in Table
22. The complete Python code for training, evaluating, and analysing the LR model with threshold
optimiser on the full dataset is provided in Appendix 9.6.

Table 20. Overall performance metrics for LR with threshold optimiser (full dataset)

Metric Baseline Threshold optimiser A (Delta)
Accuracy 0.684 0.655 -0.029
ROC AUC 0.730 0.730 0
F1score 0.623 0.516 -0.107

Table 21. Classification report for LR with threshold optimiser (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.63 0.87 0.73 1009

1 (Recidivist) 0.71 04 0.52 843
Macro avg 0.67 0.63 0.62 1852
Weighted avg 0.67 0.65 0.63 1852

Table 22. Group-wise fairness metrics and ROC AUC for LR with threshold optimiser (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.285 0.41 0.143 0.725
Caucasian 0.234 0.391 0.141 0.702
Hispanic 0.255 0.415 0.167 0.721
Other 0.2 0.372 0.09 0.77
Asian 0 0 0 0.6

Native American 0.25 0.5 0 0.75

Table 23. Fairness disparities for LR with threshold optimiser (full dataset)

Metric Baseline Threshold optimiser A (Delta)
SR disparity  0.531 0.285 -0.246
TPR disparity 0.696 0.5 -0.196
FPR disparity 0.344 0.167 -0.177
EOD 0.696 0.5 -0.196

EOD-NAA 0.487 0.077 -0.41
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4.2.2 Random Forest

Reweighting slightly improved fairness for RF. EOD was reduced from 0.679 to 0.585, and SR
disparity from 0.322 to 0.191 (see Table 27). The EOD-NAA also showed a strong improvement,
dropping to 0.191. Performance remained nearly unchanged, with accuracy at 0.621, ROC AUC at
0.666, and F1 score at 0.576 (see Table 24). The classification report is provided in Table 25. Group-
wise AUC variability and a high TPR for the Asian subgroup (1.0) persisted (see Table 26), indicating
continued issues with group-level stability. The complete Python code for training, evaluating, and

analysing the RF model with reweighting on the full dataset is provided in Appendix 9.7.

Table 24. Overall performance metrics for RF with reweighting (full dataset)

Metric Baseline Reweighting A (Delta)
Accuracy 0.623 0.621 -0.002
ROC AUC 0.668 0.666 -0.002
F1score 0.583 0.576 -0.007

Table 25. Classification report for RF with reweighting (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.65 0.67 0.66 1009

1 (Recidivist) 0.59 0.57 0.58 843
Macro avg 0.62 0.62 0.62 1852
Weighted avg 0.62 0.62 0.62 1852

Table 26. Group-wise fairness metrics and ROC AUC for RF with reweighting (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.495 0.606 0.368 0.658
Caucasian 0.399 0.524 0.325 0.644
Hispanic 0.309 0.415 0.25 0.603
Other 0.345 0.488 0.254 0.743
Asian 0.429 1 0.2 1

Native American 0.5 0.5 0.5 0.75

Table 27. Fairness disparities for RF with reweighting (full dataset)

Metric Baseline Reweighting A (Delta)




SR disparity = 0.322 0.191 -0.131
TPR disparity 0.679 0.585 -0.094
FPR disparity 0.313 0.300 -0.013
EOD 0.679 0.585 -0.094
EOD-NAA 0.344 0.191 -0.153
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EGR modestly improved fairness for RF, with EOD decreasing from 0.679 to 0.604 (see Table 31).

The EOD-NAA also showed an improvement, dropping to 0.212. Overall performance remained

stable, with accuracy at 0.626 and ROC AUC at 0.665 (see Table 28). The classification report is in

Table 29. However, large disparities across groups remained (see Table 30), including a

disproportionately high AUC for Asian individuals (0.9) and a flat AUC for Native Americans (0.5),

suggesting the mitigation did not fully address underlying imbalances. The complete Python code for

training, evaluating, and analysing the RF model with EGR on the full dataset is provided in Appendix

9.8.

Table 28. Overall performance metrics for RF with EGR (full dataset)

Metric Baseline EGR A (Delta)
Accuracy 0.623 0.626 +0.003
ROC AUC 0.668 0.665 -0.003
F1score 0.583 0.578 -0.005

Table 29. Classification report for RF with EGR (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.65 0.68 0.66 1009

1 (Recidivist) 0.59 0.56 0.58 843
Macro avg 0.62 0.62 0.62 1852
Weighted avg 0.62 0.63 0.62 1852

Table 30. Group-wise fairness metrics and ROC AUC for RF with EGR (full dataset)

Race SR TPR FPR ROC AUC
African-American 0.494 0.608 0.364 0.66
Caucasian 0.391 0.519 0.315 0.64
Hispanic 0.289 0.396 0.229 0.608
Other 0.309 0.442 0.224 0.728
Asian 0.429 1 0.2 0.9
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Native American 0.25 0.5 0 0.75

Table 31. Fairness disparities for RF with EGR (full dataset)

Metric Baseline EGR A (Delta)
SR disparity  0.322 0.244 -0.078
TPR disparity 0.679 0.604 -0.075
FPR disparity 0.313 0.364 +0.051
EOD 0.679 0.604 -0.075
EOD-NAA 0.344 0.212 -0.132

Threshold optimiser produced the strongest fairness improvements for RF among the tested
methods. EOD fell from 0.679 to 0.581, and SR disparity from 0.322 to 0.271 (see Table 35). The
EOD-NAA showed a substantial reduction to 0.156. Performance metrics were stable (see Table
32), with accuracy at 0.619 and ROC AUC at 0.668, which is expected since threshold optimisation
does not alter the underlying probability rankings. The classification report and group-wise metrics
are detailed in Table 33 and Table 34, respectively. Group-level inconsistencies persisted, however,
with the AUC for Asian individuals remaining high (0.9) and the Native American subgroup low at
0.5. This suggests the mitigation did not fully resolve the underlying subgroup instability. The
complete Python code for training, evaluating, and analysing the RF model with threshold optimiser

on the full dataset is provided in Appendix 9.9.

Table 32. Overall performance metrics for RF with threshold optimiser (full dataset)

Metric Baseline Threshold optimiser A (Delta)
Accuracy 0.623 0.619 -0.004
ROC AUC 0.668 0.668 0
F1score 0.583 0.56 -0.023

Table 33. Classification report for RF with threshold optimiser (full dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.64 0.69 0.66 1009

1 (Recidivist) 0.59 0.53 0.56 843
Macro avg 0.61 0.61 0.61 1852
Weighted avg 0.62 0.62 0.62 1852

Table 34. Group-wise fairness metrics and ROC AUC for RF with threshold optimiser (full dataset)
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Race SR TPR FPR ROC AUC
African-American 0.461 0.575 0.333 0.657
Caucasian 0.375 0.485 0.309 0.642
Hispanic 0.322 0.434 0.26 0.613
Other 0.3 0.419 0.224 0.736
Asian 0.571 1 0.4 0.9

Native American 0.5 0.5 0.5 0.5

Table 35. Fairness disparities for RF with threshold optimiser (full dataset)

Metric Baseline Threshold optimiser A (Delta)
SR disparity  0.322 0.271 -0.051
TPR disparity 0.679 0.581 -0.098
FPR disparity 0.313 0.276 -0.037
EOD 0.679 0.581 -0.098
EOD-NAA 0.273 0.156 -0.117

4.3 Comparative analysis of models

This section compares the performance and fairness of LR and RF classifiers, both at baseline and
after applying bias mitigation techniques. The focus is on interpreting how each model behaves in

terms of predictive accuracy and group-level fairness, particularly with respect to race.

Table 36. Baseline and post-mitigation results for LR and RF (full dataset)

Model Mitigation Method EOD EOD-NAA Accuracy ROC AUC

LR Baseline 0.696 0.487 0.684 0.730
LR Reweighting 0.581 0.105 0.668 0.718
LR EGR 0.547 0.121 0.663 0.721
LR Threshold optimiser 0.500 0.077 0.655 0.730
RF Baseline 0.679 0.344 0.623 0.668
RF Reweighting 0.585 0.191 0.621 0.666
RF EGR 0.604 0.212 0.626 0.665

RF Threshold optimiser 0.581 0.156 0.619 0.668




68

4.3.1 Baseline models

The LR model consistently outperformed the RF model across all baseline performance metrics (see
Table 36), achieving a higher accuracy (0.684 vs. 0.623), ROC AUC (0.730 vs. 0.668), and F1 score
(0.623 vs. 0.583). Both models, however, exhibited substantial group-level disparities. The LR model
had a high EOD of 0.696, which was largely influenced by the small subgroups. This is highlighted
by its much lower EOD-NAA of 0.487. The RF model had a slightly lower EOD of 0.679, with an
EOD-NAA of 0.344, but its subgroup behaviour was less stable. Notably, its group-wise AUC of 0.9
for Asian individuals and 0.5 for Native Americans pointed to overfitting and poor generalisability

for small-sample-size subgroups.
4.3.2 Effects of bias mitigation

LR responded more favourably to bias mitigation. The threshold optimiser produced the most
significant fairness improvements, reducing EOD from 0.696 to 0.500 and, most notably, EOD-NAA
to a very low 0.077 (see Table 36). EGR also yielded strong fairness gains, reducing EOD to 0.547
and EOD-NAA to 0.121. Reweighting was also effective, lowering EOD to 0.581 and EOD-NAA to
0.105. All three methods achieved these improvements with only modest reductions in accuracy and

F1 score.

In contrast, RF showed more moderate fairness gains. Its best EOD, achieved with both reweighting
and the threshold optimiser, was 0.581 and 0.585, respectively. The EOD-NAA for these methods
dropped to 0.156 and 0.191, which are good improvements but not as low as the LR model's results.
None of the interventions could reduce SR disparity below 0.191. The subgroup AUC anomalies,
particularly the inflated value of 0.9 for Asian individuals and the flat value of 0.5 for Native
Americans, persisted across all mitigation methods (see Table 34), indicating that these techniques

did not fully resolve the model's underlying instability with these subgroups.
4.3.3 Trade-offs and stability

Both models experienced trade-offs between fairness and predictive quality, but LR achieved a more
favourable balance. Its fairness improvements were larger and more consistent, and its group-wise
AUC scores remained relatively stable after mitigation. The RF model exhibited persistent volatility
in subgroup metrics, limiting the effectiveness of all three bias mitigation methods. The threshold
optimiser produced the strongest fairness improvements for RF, reducing EOD from 0.679 to 0.581

while maintaining baseline ROC AUC. However, subgroup-level inconsistencies persisted, limiting
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the reliability of the fairness gains. These results suggest that LR’s simpler structure is more
compatible with fairness-aware learning, particularly in use cases where consistent treatment across

groups is essential.
4.4 Summary

This section evaluated the performance and fairness of LR and RF models trained on the full dataset
including race. LR consistently outperformed RF across performance metrics, achieving higher
accuracy, ROC AUC, and F1 score at baseline. Both models, however, exhibited substantial group-
level disparities, which led to the application of the following bias mitigation techniques: reweighting,

EGR, and the threshold optimiser.

Among these methods, the threshold optimiser proved most effective at reducing EOD for both
models, bringing LR's EOD down to 0.5 and RF's to 0.581. The EGR method was also highly
effective, particularly for LR, reducing EOD to 0.547. Reweighting delivered the most modest
fairness gains but with minimal performance cost. Examining EOD-NAA showed that all mitigation
methods were highly effective at reducing disparities for the larger racial groups, with LR's EOD-
NAA dropping to as low as 0.077.

The results indicate that LR demonstrated a more favourable response to all mitigation methods on
this dataset. Its more consistent performance and stable subgroup behaviour suggest a better
compatibility with fairness-aware techniques. RF, on the other hand, showed less consistent
improvements. While its EOD was reduced, subgroup-level anomalies persisted, limiting the
reliability of fairness gains. These findings will serve as a baseline for comparison with the data-

minimised models discussed in the next chapter.
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5 Empirical results: Data-minimised dataset

This chapter presents the empirical results from models trained on a data-minimised version of the
COMPAS dataset, where the race feature was excluded as an input during training but retained for
post hoc fairness evaluation. The primary goal is to assess how model performance and group-level
disparities change when sensitive attributes are removed from the training data. As with the full-data
analysis, Logistic Regression and Random Forest were tested. The bias mitigation methods explored
in this stage include calibration (Platt scaling and isotonic regression) and the threshold optimiser.
The results are presented in terms of performance and fairness metrics, which will enable a direct

comparison with the full-data models discussed in the previous chapter.
5.1 Baseline model outcomes
5.1.1 Logistic Regression

The baseline LR model achieved solid predictive performance on the data-minimised dataset, with
an accuracy of 0.678, an ROC AUC of 0.732, and an F1 score of 0.612, as shown in Table 37. The
model's ROC curve is visualised in Figure 10. Despite the exclusion of race from training, fairness
metrics revealed persistent disparities. The EOD reached 0.659, with significant gaps in selection and
false positive rates (Table 40). However, the EOD-NAA was much lower at 0.251, indicating that the
disparity was less pronounced when excluding the small subgroups. A detailed classification report
is provided in Table 38. African-American individuals showed a high false positive rate of 0.319,
while subgroups like “Other” had a much lower FPR of 0.075 (Table 39). The group-wise ROC AUC

scores were relatively stable, ranging from 0.7 to 0.77.
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Figure 10. ROC curve for baseline LR model (data-minimised dataset)

Table 37. Overall performance metrics for baseline LR (data-minimised dataset)

Metric

Baseline

Accuracy

0.678

ROC AUC

0.732

F1 score

0.612

Table 38. Classification report for baseline LR (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.68 0.78 0.73 1009

1 (Recidivist) 0.68 0.56 0.61 843
Macro avg 0.68 0.67 0.67 1852
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Weighted avg 0.68 0.68 0.67 1852

Table 39. Group-wise fairness metrics and ROC AUC for baseline LR (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.5 0.659 0.319 0.726
Caucasian 0.244 0.408 0.146 0.703
Hispanic 0.262 0.415 0.177 0.721
Other 0.5 0.659 0.319 0.77
Asian 0 0 0 0.7
Native American 0.5 0.5 0.5 0.75

Table 40. Fairness disparities for baseline LR (data-minimised dataset)

Metric Baseline
SR disparity 0.5

TPR disparity 0.659
FPR disparity 0.5

EOD 0.659
EOD-NAA 0.251

Figure 11 visualises the predicted score distributions by race, illustrating the fairness disparities
identified in the metrics above. Despite the removal of race from the training data, significant fairness
disparities persist in the model's outcomes. The different shapes of the predicted score distributions

is a visual representation of the high FPR disparity of 0.5 and the EOD of 0.659 reported in Table 40.

The distributions for African-American and “Other” individuals are still notably shifted to the right,
indicating that the model continues to assign them higher recidivism probabilities. The Native
American subgroup is absent from the plot because it contained fewer than five samples in the test
set, which would have produced a statistically unreliable and potentially misleading KDE curve.
While some groups, such as Caucasian and Hispanic individuals, show distributions that are more
aligned than in the baseline model, the curves for African-American and “Other” individuals remain

distinct. This confirms that the model is still treating groups differently.
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Prediction score distributions by race
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Figure 11. Predicted recidivism score distributions by race for baseline LR (data-minimised dataset)

The complete Python code for training, evaluating, and analysing the baseline LR model on the data-

minimised dataset is provided in Appendix 9.10.
5.1.2 Random Forest

The baseline RF model on the data-minimised dataset yielded an accuracy of 0.652, an ROC AUC of
0.686, and an F1 score of 0.608 (Table 41). Its ROC curve is shown in Figure 12. The TPR disparity
was lower than in the LR model (0.137), but the EOD still reached 0.500 due to a large FPR gap
(Table 44), though the EOD-NAA significantly lower at 0.205. The classification report is in Table
42. The group-wise fairness metrics in Table 43 revealed continued challenges with subgroup
stability: the AUC for Asian individuals remained inflated at 0.9, while Native American scores were

flat at 0.75.
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Figure 12. ROC curve for baseline RF model (data-minimised dataset)

Table 41. Overall performance metrics for baseline RF (data-minimised dataset)

Metric Baseline

Accuracy 0.652
ROC AUC 0.686
F1 score 0.608

Table 42. Classification report for baseline RF (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.67 0.7 0.69 1009

1 (Recidivist) 0.62 0.59 0.61 843
Macro avg 0.65 0.65 0.65 1852
Weighted avg 0.65 0.65 0.65 1852
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Table 43. Group-wise fairnesss metrics and ROC AUC for baseline RF (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.519 0.637 0.384 0.663
Caucasian 0.338 0.506 0.238 0.673
Hispanic 0.329 0.509 0.229 0.666
Other 0.355 0.628 0.179 0.778
Asian 0.143 0.5 0 0.9
Native American 0.5 0.5 0.5 0.75

Table 44. Fairness disparities for baseline RF (data-minimised dataset)

Metric Baseline
SR disparity 0.376
TPR disparity 0.137
FPR disparity 0.5

EOD 0.5
EOD-NAA 0.205

Figure 13 visualises the predicted score distributions by race, illustrating the fairness disparities
identified in the metrics above. The distributions for all racial groups are more similar and overlapping
than in the baseline model, which suggests that removing the race feature had a mitigating effect on
the model's tendency to produce disparate outcomes. This is reflected in the noticeably lower TPR
disparity of the data-minimised model. The Native American subgroup is absent from the plot because
it contained fewer than five samples in the test set, which would have produced a statistically

unreliable and potentially misleading KDE curve.
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Prediction score distributions by race
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Figure 13. Predicted recidivism score distributions by race for baseline RF (data-minimised dataset)

The complete Python code for training, evaluating, and analysing the baseline RF model on the data-

minimised dataset is provided in Appendix 9.11.
5.2 Effects of bias mitigation
5.2.1 Logistic Regression

To assess the effect of calibration, two methods were applied:

Platt scaling (method="sigmoid") did not yield any observable changes in overall performance
metrics or in the group-wise fairness metrics when compared to the uncalibrated baseline. Given that
the results were identical to the baseline, separate presentation of these metrics is omitted for brevity
and to avoid redundancy. This outcome is consistent with the LR model's inherent tendency to
produce well-calibrated probabilities, where Platt scaling finds no significant systematic bias to

correct (Hastie et al., 2009).
Isotonic regression (method="isotonic ") yielded the following results:

Performance was slightly improved, with accuracy increasing to 0.682 and the F1 score to 0.617

(Table 45). However, fairness metrics deteriorated. The EOD rose sharply from 0.659 to 1.000, which
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was driven by extreme TPR variation, especially for Native American individuals (TPR = 1.0, as seen
in Table 47). Although isotonic regression is not a classic bias mitigation method, it is often applied
with the expectation that better probability calibration may lead to improved fairness. In this case,
however, the calibration step introduced substantial group-level imbalances. A full breakdown of the
classification report and fairness metrics is presented in Tables 46, 47, and 48. The complete Python
code for training, evaluating, and analysing the LR model with calibration (Platt scaling and isotonic

regression) on the data-minimised dataset is provided in Appendix 9.12.

Table 45. Overall performance metrics for LR with isotonic regression (data-minimised dataset)

Metric Baseline Isotonic regression A (Delta)
Accuracy 0.678 0.682 +0.004
ROC AUC 0.732 0.732 0
F1score 0.612 0.617 +0.005

Table 46. Classification report for LR with isotonic regression (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.68 0.78 0.73 1009

1 (Recidivist) 0.68 0.56 0.62 843
Macro avg 0.68 0.67 0.67 1852
Weighted avg 0.68 0.68 0.68 1852

Table 47. Group-wise fairness metrics and ROC AUC for LR with isotonic regression (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.498 0.659 0.315 0.726
Caucasian 0.245 0.416 0.143 0.701
Hispanic 0.255 0.415 0.167 0.719
Other 0.209 0.395 0.09 0.775
Asian 0 0 0 0.65
Native American 0.75 1 0.5 0.75

Table 48. Fairness disparities for LR with isotonic regression (data-minimised dataset)

Metric Baseline Isotonic regression A (Delta)
SR disparity 0.5 0.75 +0.25
TPR disparity 0.659 1 +0.341
FPR disparity 0.5 0.5 0

EOD 0.659 1 +0.341

EOD-NAA 0.251 0.264 +0.013
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Threshold optimiser reduced EOD from 0.659 to 0.416 and SR disparity from 0.500 to 0.147 (Table
52). This was achieved with a slight drop in accuracy to 0.651 and F1 score to 0.511 (Table 49),
largely due to reduced recall for the recidivist class (Table 50). It also dramatically reduced the EOD-
NAA to a very low 0.076. The ROC AUC remained stable at 0.732 as threshold optimisation does
not alter the underlying probability rankings. The full breakdown of metrics is presented in Tables
50, 51, and 52. The complete Python code for training, evaluating, and analysing the LR model with

threshold optimiser on the data-minimised dataset is provided in Appendix 9.13.

Table 49. Overall performance metrics for LR with threshold optimiser (data-minimised dataset)

Metric Baseline Threshold optimiser A (Delta)
Accuracy 0.678 0.651 -0.027
ROC AUC 0.732 0.732 0
F1score 0.612 0.511 -0.101

Table 50. Classification report for LR with threshold optimiser (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.63 0.86 0.73 1009

1 (Recidivist) 0.70 0.40 0.51 843
Macro avg 0.67 0.63 0.62 1852
Weighted avg 0.66 0.65 0.63 1852

Table 51. Group-wise fairness metrics and ROC AUC for LR with threshold optimiser (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.290 0.416 0.147 0.726
Caucasian 0.236 0.395 0.141 0.703
Hispanic 0.201 0.340 0.125 0.721
Other 0.209 0.372 0.105 0.770
Asian 0.143 0 0.2 0.700
Native American 0.250 0 0.5 0.750

Table 52. Fairness disparities for LR with threshold optimiser (data-minimised dataset)

Metric Baseline Threshold optimiser A (Delta)
SR disparity  0.500 0.147 -0.353
TPR disparity 0.659 0.416 -0.243

FPR disparity 0.500 0.396 -0.104
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EOD 0.659 0.416 -0.243
EOD-NAA 0.251 0.076 -0.175

5.2.2 Random Forest

To assess the effect of calibration, two methods were applied:
Platt scaling (method="sigmoid") yielded the following results:

It had a minimal effect on the RF model's predictive metrics, as detailed in Table 53. Accuracy
remained at 0.650, the F1 score increased slightly to 0.581, and the ROC AUC rose to 0.691. The
EOD stayed constant at 0.500 (Table 56). However, disparities in FPR persisted, particularly for
Native American individuals (0.5), and the inflated AUC for Asian individuals (0.9) was not corrected

(Table 55). The full breakdown of metrics is presented in Tables 54, 55, and 56.

Table 53. Overall performance metrics for RF with Platt scaling (data-minimised dataset)

Metric Baseline Platt scaling A (Delta)
Accuracy 0.652 0.65 -0.002
ROC AUC 0.686 0.691 +0.005
F1score 0.608 0.581 -0.027

Table 54. Classification report for RF with Platt scaling (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.66 0.75 0.70 1009

1 (Recidivist) 0.64 0.53 0.58 843
Macro avg 0.65 0.64 0.64 1852
Weighted avg 0.65 0.65 0.65 1852

Table 55. Group-wise fairness metrics and ROC AUC for RF with Platt scaling (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.458 0.576 0.324 0.669
Caucasian 0.298 0.455 0.205 0.674
Hispanic 0.295 0.453 0.208 0.665
Other 0.282 0.535 0.119 0.776
Asian 0.143 0.500 0 0.900

Native American 0.500 0.500 0.500 0.750
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Table 56. Fairness disparities for RF with Platt scaling (data-minimised dataset)

Metric Baseline Platt scaling A (Delta)
SR disparity  0.376 0.357 -0.019
TPR disparity 0.137 0.124 -0.013
FPR disparity 0.500 0.500 0

EOD 0.500 0.500 0
EOD-NAA 0.205 0.205 0

Isotonic regression (method="isotonic ") yielded the following results:

It marginally reduced the F1 score to 0.587 and improved the ROC AUC to 0.692 (Table 57).
However, it had no measurable impact on fairness: EOD remained at 0.5, and SR disparity at 0.357
(Table 60). Group-level anomalies, such as the high AUC for Asian individuals and flat scores for
Native Americans, persisted (Table 59). The full breakdown of metrics is presented in Tables 58, 59,
and 60. The complete Python code for training, evaluating, and analysing the RF model with
calibration (Platt scaling and isotonic regression) on the data-minimised dataset is provided in

Appendix 9.14.

Table 57. Overall performance metrics for RF with isotonic regression (data-minimised dataset)

Metric Baseline Isotonic regression A (Delta)
Accuracy 0.652 0.651 -0.001
ROC AUC 0.686 0.692 +0.006
F1score 0.608 0.587 -0.021

Table 58. Classification report for RF with isotonic regression (data-minimised dataset)

Class Precision Recall F1 score Support
0 (Non-recidivist) 0.66 0.74 0.70 1009

1 (Recidivist) 0.64 0.54 0.59 843
Macro avg 0.65 0.64 0.64 1852
Weighted avg 0.65 0.65 0.65 1852

Table 59. Group-wise fairness metrics and ROC AUC for RF with isotonic regression (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.472 0.59 0.337 0.669
Caucasian 0.306 0.464 0.212 0.676

Hispanic 0.289 0.472 0.188 0.663
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Other 0.291 0.535 0.134 0.775
Asian 0.143 0.5 0 1
Native American 0.5 0.5 0.5 0.75

Table 60. Fairness disparities for RF with isotonic regression (data-minimised dataset)

Metric Baseline Isotonic regression A (Delta)
SR disparity  0.376 0.357 -0.019
TPR disparity 0.137 0.127 -0.010
FPR disparity 0.500 0.500 0

EOD 0.500 0.500 0
EOD-NAA 0.205 0.203 -0.002

Threshold optimiser reduced EOD from 0.5 to 0.317, while EOD-NAA decreased moderately from
0.205 to a low of 0.076. This was achieved with a slight drop in accuracy to 0.636 and F1 score to
0.570 (Table 61). While predictive performance decreased marginally, this method provided the
largest fairness gains for RF in the data-minimised setting. The full breakdown of metrics is presented
in Tables 62, 63, and 64. The complete Python code for training, evaluating, and analysing the RF

model with threshold optimiser on the data-minimised dataset is provided in Appendix 9.15.

Table 61. Overall performance metrics for RF with threshold optimiser (data-minimised dataset)

Metric Baseline Threshold optimiser A (Delta)
Accuracy 0.652 0.636 -0.016
ROC AUC 0.686 0.686 0
F1score 0.608 0.57 -0.038

Table 62. Classification report for RF with threshold optimiser (data-minimised dataset)

Class Precision Recall F1score Support
0 (Non-recidivist) 0.65 0.72 0.68 1009

1 (Recidivist) 0.62 0.53 0.57 843
Macro avg 0.63 0.63 0.63 1852
Weighted avg 0.63 0.64 0.63 1852

Table 63. Group-wise fairness metrics and ROC AUC for RF with threshold optimiser (data-minimised dataset)

Race SR TPR FPR ROC AUC
African-American 0.43 0.529 0.317 0.663




82

Caucasian 0.361 0.524 0.263 0.673
Hispanic 0.322 0.491 0.229 0.666
Other 0.373 0.651 0.194 0.778
Asian 0.143 0.5 0 0.9
Native American 0.25 0.5 0 0.75

Table 64. Fairness disparities for RF with threshold optimiser (data-minimised dataset)

Metric Baseline Threshold optimiser A (Delta)
SR disparity  0.376 0.287 -0.089
TPR disparity 0.137 0.161 +0.024
FPR disparity 0.500 0.317 -0.183
EOD 0.500 0.317 -0.183
EOD-NAA 0.205 0.16 -0.045

5.3 Comparative analysis of models

This section compares the performance and fairness of Logistic Regression and Random Forest
classifiers trained on the data-minimised version of the COMPAS dataset, where race was excluded
from the training data but retained for post hoc evaluation. The analysis includes baseline results as
well as the effects of fairness interventions, namely Platt scaling, isotonic regression, and the
threshold optimiser. The focus is on how each model behaves in terms of predictive accuracy and
group-level disparities. A summary of all baseline and post-mitigation results for both models is

presented in Table 65.

Table 65. Baseline and post-mitigation results for LR and RF (data-minimised dataset)

Model Mitigation method EOD EOD-NAA Accuracy ROC AUC

LR Baseline 0.659 0.251 0.678 0.732
LR Platt scaling 0.659 0.251 0.678 0.732
LR Isotonic regression 1 0.264 0.682 0.732
LR Threshold optimiser 0.416 0.076 0.651 0.732
RF Baseline 0.5 0.205 0.652 0.686
RF Platt scaling 0.5 0.205 0.65 0.691
RF Isotonic regression 0.5 0.203 0.651 0.692

RF Threshold optimiser 0.317 0.16 0.636 0.686
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5.3.1 Baseline models

Both LR and RF achieved reasonable baseline accuracy despite the exclusion of race from the input
features. LR showed slightly better performance overall, with an accuracy of 0.678 and ROC AUC
0f 0.732, compared to 0.652 and 0.686 for RF. However, fairness disparities persisted in both models.
LR exhibited a high EOD of 0.659, while RF had a lower EOD of 0.500. When considering EOD-
NAA, the models were closer: LR at 0.251 and RF at 0.205. While the RF model had a smaller TPR
disparity, its subgroup performance remained unstable, especially with inflated AUC scores for Asian

individuals and flat scores for Native Americans.
5.3.2 Effects of bias mitigation

LR displayed mixed results when fairness interventions were applied. Platt scaling produced no
measurable change in metrics, which aligns with LR's tendency to produce calibrated outputs.
Isotonic regression led to a slight improvement in accuracy (to 0.682), but fairness worsened
substantially with EOD increasing to 1, due to extreme TPR imbalance for the subgroups with a small
sample size. Additionally, it slightly worsened EOD-NAA, which increased to 0.264. This suggests
that while calibration can improve overall probability accuracy, it can also unintentionally introduce
new disparities in subgroups. The threshold optimiser, on the other hand, was highly effective at
reducing bias. It dramatically improved EOD to 0.416 and EOD-NAA to a very low 0.076. The
accuracy drop for this method was 4%, which is within the 5% tolerance defined in the methodology,

making it a successful trade-off.

RF showed smaller but steadier changes in response to mitigation. Platt scaling and isotonic
regression had minimal impact on fairness metrics, leaving EOD and EOD-NAA largely unchanged.
The threshold optimiser proved to be the most effective intervention for RF in this setting, reducing
EOD to 0.317 and EOD-NAA to 0.16. This was achieved with a modest accuracy drop of 2.5%,
which is well within the acceptable 5% tolerance. However, the subgroup AUC anomalies,
particularly the inflated value for Asian individuals (0.9) and the flat scores for Native Americans
(0.5), persisted across all mitigation methods, indicating that these techniques did not fully resolve

the model's underlying instability with these subgroups.
5.3.3 Trade-offs and stability

Both models faced the usual trade-offs between fairness improvements and performance. LR showed

stronger responsiveness to fairness correction but was also more sensitive to instability, particularly
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under isotonic calibration. RF maintained more stable behaviour across mitigation techniques, though
with more limited fairness gains. The threshold optimiser struck the best balance for both models by
significantly improving fairness metrics while keeping model performance within the 5% tolerance.
These results suggest that even with data minimisation, post hoc bias mitigation remains a necessary

step to achieve a more equitable outcome.
5.4 Summary

This section evaluated the performance and fairness of LR and RF models trained on a data-
minimised version of the COMPAS dataset, where race was excluded during training but retained
for evaluation. Despite this exclusion, both models continued to exhibit substantial group-level
disparities, demonstrating that removing sensitive attributes does not eliminate bias. At baseline, LR
showed higher disparity (EOD = 0.659) than RF (EOD = 0.5), but these values reflect only aggregate

measures, and subgroup behaviour remained inconsistent in both models.

Among the tested mitigation methods, the threshold optimiser was the most effective for both models,
reducing EOD to 0.416 for LR and 0.317 for RF. It also dramatically improved EOD-NAA to a very
low 0.076 (for LR) and 0.16 (for RF). The performance cost for this method was within the acceptable
5% tolerance for both models. Calibration-based techniques produced limited or harmful results.
Isotonic regression severely worsened fairness in LR, increasing EOD to 1 despite a slight accuracy
improvement. Platt scaling had a negligible effect across both models, particularly for LR, which was

already well-calibrated.

Overall, these findings illustrate that data minimisation alone is insufficient to ensure fairness. Group-
level disparities persist even when sensitive attributes are excluded, underscoring the need for post
hoc evaluation and targeted mitigation. Model behaviour varied by intervention, further reinforcing

the importance of context-specific fairness assessments when designing equitable DSS.
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This chapter provides a comparative analysis of models trained on two versions of the COMPAS

dataset: a full version that includes the sensitive attribute race, and a data-minimised version where

race was excluded from the inputs. The primary goal is to evaluate the impact of data minimisation

on both predictive performance and group-level fairness. A key aspect of this comparison is how the

range of applicable bias mitigation techniques differs when sensitive attributes are not available

during training, and what level of fairness and accuracy can be achieved under these constraints.

For the full dataset, mitigation methods included fairness-aware techniques like reweighting, EGR,

and the threshold optimiser. These methods directly use the race attribute to reduce disparities. In the

data-minimised condition, mitigation was limited to post hoc calibration methods (Platt scaling and

isotonic regression) and the threshold optimiser, all of which operate without access to race. Table

66 summarises the results across both experimental conditions for the LR and RF classifiers.

Table 66. Baseline and post-mitigation results for LR and RF on both datasets

Model Dataset Mitigation Method EOD EOD-NAA Accuracy ROC AUC
LR Full Baseline 0.696 0.487 0.684 0.730
LR Full Reweighting 0.581 0.105 0.668 0.718
LR Full EGR 0.547 0.121 0.663 0.721
LR Full Threshold optimiser 0.5 0.077 0.655 0.730
LR Full Reweighting+EGR+Threshold optimiser 0.674 0.203 0.625 0.714
LR Minim. Baseline 0.659 0.251 0.678 0.732
LR Minim. Platt scaling 0.659 0.251 0.678 0.732
LR Minim. Isotonic regression 1 0.264 0.682 0.732
LR Minim.  Threshold optimiser 0.416 0.076 0.651 0.732
RF Full Baseline 0.679 0.344 0.623 0.668
RF Full Reweighting 0.585 0.191 0.621 0.666
RF Full EGR 0.604 0.212 0.626 0.665
RF Full Threshold optimiser 0.581 0.156 0.619 0.668
RF Full Reweighting+EGR+Threshold optimiser 0.623 0.204 0.621 0.675
RF Minim. Baseline 0.5 0.205 0.652 0.686
RF Minim. Platt scaling 0.5 0.205 0.65 0.691
RF Minim. Isotonic regression 0.5 0.203 0.651 0.692
RF Minim.  Threshold optimiser 0.317 0.16 0.636 0.686
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6.1 Comparative performance outcomes

Predictive performance was notably stable across both datasets and mitigation methods, with the
accuracy and ROC AUC scores showing minimal fluctuation. For the LR model, accuracy ranged
from 0.625 to 0.684 on the full dataset and from 0.651 to 0.682 on the data-minimised dataset. To
investigate if a synergistic effect could be achieved, all three fairness-aware methods were combined.
However, this approach resulted in the lowest accuracy of 0.625 and did not improve fairness.
Similarly, ROC AUC remained consistently around 0.730 for all LR interventions, suggesting that
excluding race did not significantly impair the model's overall predictive power. For RF, accuracy
was slightly lower but also stable, ranging from 0.619 to 0.626 on the full dataset and from 0.636 to
0.652 on the data-minimised dataset. The threshold optimiser caused an accuracy drop of
approximately 4.0% for LR and 2.5% for RF on the data-minimised dataset, both of which were

within the acceptable 5% tolerance.

Across both conditions, LR consistently outperformed RF in predictive performance, achieving
higher accuracy and ROC AUC at baseline and after nearly every mitigation technique. This suggests
that the LR model is generally more robust for this application. However, a closer look at the
subgroup-level metrics revealed persistent instability. Despite the stable aggregate scores, True and
False Positive Rates varied substantially between racial groups, particularly in the data-minimised
setting. This highlights the limitations of using only aggregate metrics and reinforces the need for

disaggregated fairness evaluation.
6.2 Comparative fairness outcomes

Fairness outcomes showed a much clearer distinction between the two datasets. In the full dataset,
fairness-aware methods that leveraged the sensitive attribute were highly effective. The threshold
optimiser on the LR model on the full dataset achieved a low EOD-NAA of 0.077 (down from a
baseline of 0.487), demonstrating the power of a mitigation method that can use sensitive attributes
to directly correct bias. The same method, when applied to the RF model on the data-minimised
dataset, produced the lowest EOD of 0.317 (down from a baseline of 0.5), and achieved an even lower
EOD-NAA 0f 0.076 with the LR model on the data-minimised dataset. This highlights the exceptional
effectiveness of the threshold optimiser, regardless of whether sensitive attributes are available. EGR
also performed well, with an EOD of 0.547 and an EOD-NAA of 0.121, also without a significant

performance loss.
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In the data-minimised dataset, mitigation was limited to post hoc methods. The threshold optimiser
was the most effective intervention, dramatically reducing LR's EOD to 0.416 and achieving the
lowest overall EOD-NAA of 0.076. This was achieved with a tolerable performance drop, making it
a successful trade-off. Calibration methods were unreliable; while Platt scaling had no measurable
effect, isotonic regression was actively harmful to fairness for LR, causing EOD to rise to a maximum

of 1 and EOD-NAA to slightly worsen.

For the RF model, fairness improvements were less consistent. The threshold optimiser in the data-
minimised setting produced a low EOD of 0.317 (and EOD-NAA of 0.16), which was a significant
numerical improvement over its best EOD on the full dataset (0.581 with the threshold optimiser).
However, this result for RF is undermined by persistent subgroup AUC anomalies, with the score for
Asian individuals remaining inflated at 0.9 and for Native Americans staying flat at 0.5 across all
interventions. These anomalies suggest that low EOD values for RF do not necessarily reflect genuine
fairness and are likely a result of post hoc adjustments that failed to resolve the underlying instability.
For both LR and RF, combining all mitigation methods on the full dataset actually resulted in a worse
EOD and EOD-NAA than the best individual methods, suggesting that the combination of
interventions is not always synergistic. The complete Python code for training and evaluating the LR
and RF models with combined reweighting, EGR, and threshold optimiser on the full dataset is
provided in Appendices 9.16 and 9.17.

6.3 Summary

This chapter compared the fairness and performance of models trained on a full versus a data-
minimised version of the COMPAS dataset. The findings show that while predictive performance
remained relatively stable in both conditions, data minimisation alone is insufficient to ensure
fairness, as significant group-level disparities persisted. The analysis also revealed a crucial finding:
the baseline models for the data-minimised setting already had lower EOD and EOD-NAA scores
than their full-data counterparts. This suggests that excluding race from the training data had a
positive initial effect, preventing the models from making biased associations from the outset. The
best numerical fairness outcomes were ultimately achieved with the threshold optimiser on the data-
minimised dataset: the RF model achieved the lowest EOD (0.317), while the LR model achieved the
lowest overall EOD-NAA (0.076).

The effectiveness of the available post hoc methods in the data-minimised setting was mixed. The
threshold optimiser emerged as the most viable tool, providing moderate fairness gains for LR (EOD

reduced to 0.416 and EOD-NAA to a very low 0.076) without a significant performance cost.
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Calibration methods, on the other hand, proved unreliable and in some cases were detrimental to
fairness. Crucially, LR was consistently more responsive to fairness mitigation and exhibited more

stable subgroup behaviour than RF, which remained volatile across interventions.

These results illustrate a complex trade-off: while data minimisation can provide a better starting
point for fairness and, when paired with an effective method like the threshold optimiser, produce the

best numerical scores, it severely constrains the range and reliability of bias mitigation strategies.
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7 Discussion

This chapter interprets and contextualises the empirical results presented in the previous chapters. It
highlights the most important findings, discusses their practical and theoretical implications,
identifies key limitations of the study, and suggests directions for future research. The focus is on the
consequences of data minimisation for fairness in ML and the effectiveness of mitigation strategies

under different constraints.
7.1 Key findings

This study reveals a complex relationship between data minimisation, bias mitigation, and
algorithmic fairness. A crucial finding is that the data-minimised baseline models already had lower
EOD and EOD-NAA scores than their full-data counterparts. This suggests that excluding the
sensitive attribute race from the training data had a positive initial effect, preventing the models from

making certain biased associations from the outset.

The availability of sensitive attributes during model training still plays a central role in the full-data
setting. When race was included as a feature, fairness-aware methods such as EGR and reweighting
achieved substantial reductions in disparity. For example, applying EGR to the LR model on the full
dataset reduced EOD from 0.696 to 0.547, with an EOD-NAA of 0.121, while maintaining strong
predictive performance. These findings align with claims that fairness-enhancing techniques often

rely on access to sensitive features to operate effectively (Hardt et al., 2016; Hort et al., 2024).

In the data-minimised setting, the choice of mitigation methods was restricted to post hoc techniques.
The threshold optimiser proved to be the most effective intervention under these constraints, and its
results demonstrate the best fairness outcomes of the entire study. For the LR model, it reduced EOD
to 0.416 and EOD-NAA to an exceptionally low 0.076. For the RF model, it achieved the lowest
overall EOD of 0.317. However, these numerical improvements for RF were undermined by
persistent instability in subgroup behaviour, with inflated or flat ROC AUC scores for certain racial
groups. This concern has also been raised by Mehrabi et al. (2019), who noted that algorithmic

fairness cannot be guaranteed by aggregated metrics alone.

Calibration methods, such as Platt scaling and isotonic regression, had limited or negative effects.
Platt scaling did not noticeably change fairness metrics, especially for LR, which was already well-
calibrated. Isotonic regression slightly improved accuracy but severely disrupted fairness, increasing

EOD to 1 in some cases due to distorted TPR across subgroups. This supports concerns about
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technical bias and the risk that corrective strategies can unintentionally exacerbate disparities

(Holmberg et al., 2020).

Overall, LR consistently outperformed RF in both predictive performance and responsiveness to
fairness interventions. It delivered higher accuracy, better ROC AUC scores, and more stable
subgroup behaviour across both datasets. This confirms earlier observations in the literature that

interpretable models can offer greater reliability in regulated settings (Caraciolo, 2011).

The most important findings concern the impact of data minimisation on fairness outcomes. While
removing race from model inputs had the positive effect of creating a fairer baseline, it did not
eliminate discrimination. It also restricted the choice of mitigation methods and limited the overall
reliability of the available toolkit. These results underline a fundamental trade-off: adhering to a data
minimisation principle can lead to a better starting point and can achieve very good fairness results,
but it restricts the toolkit to a few post-hoc methods, increasing reliance on a single intervention. For
decision-making systems where fairness is critical, this trade-off must be carefully considered when

designing data collection, model training, and mitigation strategies.
7.2 Implications

This study highlights a practical tension between legal compliance and algorithmic fairness in ML
development. While adherence to data minimisation, a core principle of the GDPR (Article 5(1)(c);
Ganesh et al., 2025), can lead to fairer baseline outcomes, it significantly restricts the available toolkit
of interventions. This creates a reliance on a limited number of post-hoc methods, some of which, as
seen with isotonic regression in this study, can be ineffective or even harmful. The trade-off,
therefore, lies between strict compliance and the flexibility and robustness of the fairness-mitigation

process.

From a business perspective, this creates a regulatory dilemma. Organisations are required to limit
the use of personal data, including sensitive attributes such as race or gender, in accordance with data
protection principles (Recital 39; Article 25). However, these attributes are often necessary for
identifying and mitigating bias in predictive models (Tran & Fioretto, 2023; Mehrabi et al., 2019).
When sensitive features are unavailable, mitigation options become limited, and performance
depends heavily on a small set of post-hoc interventions. While post-hoc methods, such as the
threshold optimiser, are often considered less effective than fairness-aware techniques that operate
during model training (Hardt et al., 2016; Hort et al., 2024), this research provides a counter-narrative.

In the data-minimised setting, the threshold optimiser achieved the best numerical fairness outcomes
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of the entire study, reducing LR's EOD-NAA to 0.076. This suggests that, in certain contexts, post-
hoc interventions can be as effective as, or even outperform, fairness-aware methods that rely on

sensitive attributes.

At the same time, the full-dataset results demonstrate that access to sensitive attributes can enable
more direct and potentially more robust fairness interventions, such as EGR and reweighting. This
creates mixed evidence for the GDPR’s “necessity” criterion under Article 9(2)(g). While sensitive
data can clearly improve certain fairness metrics, strong fairness outcomes can also be achieved
without it. These findings suggest that the necessity of processing sensitive attributes for fairness
should be assessed on a case-by-case basis, considering both the fairness gains and the reliability of

the available methods.

For policymakers, the results underscore a gap in current regulatory frameworks, which emphasise
privacy and data minimisation but provide limited guidance on achieving fairness under these
constraints (Ganesh et al., 2025). Clearer provisions or best practices could help organisations balance
these objectives, for example by allowing limited and safeguarded access to sensitive attributes

strictly for fairness evaluation (Recitals 26 and 78).

For researchers, the findings underline the methodological challenges of working without sensitive
attributes. Most bias mitigation techniques rely on such data (Hort et al., 2024), and their absence
leaves only a narrow range of post-hoc methods, increasing the risk of suboptimal fairness outcomes.
Future work should focus on developing fairness interventions that do not require sensitive features
but still produce meaningful group-level improvements (Mehrabi et al., 2019). More generally, data
protection and fairness should not be treated as isolated objectives. Meeting privacy standards is not
sufficient to ensure fair model behaviour, and achieving fairness can require access to precisely the
data that privacy law seeks to limit. Addressing this contradiction will require closer collaboration
between legal experts, data scientists, and decision-makers, and the adoption of development
practices that integrate fairness and compliance considerations from the outset (Ganesh et al., 2025;

Tran & Fioretto, 2023).
7.3 Limitations

While this study provides useful insights into the relationship between data minimisation and

algorithmic fairness, several limitations should be considered.

First, the analysis relied on a single dataset: COMPAS. Although it is widely used in fairness research

and well-suited for examining group-level disparities (Angwin et al., 2016), its focus on the U.S.
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criminal justice system may limit the generalisability of findings to other domains such as finance,
healthcare, or employment. The behaviour of models and fairness interventions can vary depending

on the data context and decision-making environment (Holmberg et al., 2020; Mehrabi et al., 2019).

Second, the dataset contains significant imbalances across racial groups. Some subgroups, such as
Asian and Native American individuals, are underrepresented, which may lead to unreliable or
unstable performance and fairness metrics for these groups. This imbalance limits the ability to draw
firm conclusions about fairness across all demographic categories and increases the risk of overfitting

or noise in subgroup-level analysis (Suresh & Guttag, 2021; Baer, 2019).

Third, the study focused on two classifiers: Logistic Regression and Random Forest. These models
were chosen for their interpretability and practical relevance (Caraciolo, 2011; Breiman, 2001) but
do not capture the full diversity of machine learning methods used in real-world systems. More
complex or opaque models, such as neural networks or large-scale ensembles, may respond

differently to both bias and mitigation techniques (Singh et al., 2016).

Fourth, only a limited selection of bias mitigation methods was applied. For the full dataset, the study
used reweighting, Exponentiated Gradient Reduction, and the threshold optimiser. For the data-
minimised setting, it used thresholding and calibration methods. While these methods were chosen to
reflect a range of mitigation strategies (Hort et al., 2024), other approaches such as constraint-based
optimisation, adversarial learning, or fairness-aware data generation were not included and may yield

different results.

Fifth, the fairness evaluation focused on group-level metrics such as Equalised Odds Difference,
Selection Rate disparity, and ROC AUC. These are appropriate for assessing disparities across
demographic groups (Hardt et al., 2016) but do not account for individual fairness, causal reasoning,
or long-term impacts of algorithmic decisions (Binns, 2018; Mehrabi et al., 2019). In practical
deployments, organisations may be required to consider a wider set of fairness perspectives

depending on legal, social, or operational priorities.

Finally, the implementation of data minimisation was modelled by removing race from training
features while retaining it for post hoc fairness evaluation. This reflects a practical constraint that
organisations may face under the GDPR (Article 5(1)(c); Ganesh et al., 2025). However, the
interpretation of necessity under data protection law is context-dependent (European Data Protection

Board, 2020). This study does not resolve legal questions about what constitutes sufficient
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justification for sensitive data usage and does not simulate all variations of privacy-preserving data

practices.

These limitations indicate that the study’s findings should be interpreted in context. They also point
to avenues for future research that can address broader datasets, alternative model types, expanded

fairness metrics, and legal interpretations of data minimisation.
7.4 Recommendations for future research

This study illustrates the challenges of achieving algorithmic fairness when machine learning models
are developed under data minimisation constraints. One important direction for future research is the
design of bias mitigation methods that do not rely on access to sensitive attributes. Many current
techniques require group-specific demographic information for calibration or constraint-based
optimisation (Agarwal et al., 2018; Zafar et al., 2017), which makes them difficult to apply in privacy-
sensitive settings. Alternative strategies that use proxy signals, aggregate statistics, or inferred group
membership (Holmberg et al., 2020) warrant further investigation. These approaches must be
critically assessed for their technical effectiveness and ethical implications, particularly with regard

to indirect discrimination.

Future studies could also expand the scope of models examined. This research focused on Logistic
Regression and Random Forest due to their interpretability and real-world applicability (Caraciolo,
2011; Rokach & Maimon, 2005). However, as more organisations adopt complex models such as
deep neural networks, it is essential to understand how these architectures respond to fairness
constraints in the absence of sensitive features. Prior research suggests that model complexity can
influence both bias propagation and mitigation effectiveness (Caruana & Niculescu-Mizil, 2006;

Suresh & Guttag, 2021).

In addition, interdisciplinary research is needed to explore how legal principles like data minimisation
are interpreted and implemented in practical contexts. The GDPR requires that personal data be
limited to what is necessary (Regulation (EU) 2016/679), but the definition of necessity is often
context-dependent (European Data Protection Board, 2020). Studies could examine how
organisations operationalise this principle during model development, including the trade-offs they
make between compliance, accuracy, and fairness. Case studies or interviews with practitioners could
help clarify whether technical best practices align with legal expectations and ethical norms (Barocas

& Selbst, 2016; Binns, 2018).
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Another area for exploration is how fairness evaluations are conducted when access to sensitive data
is restricted. Recent work has highlighted the limitations of fairness audits that rely solely on non-
sensitive features (Sonboli et al., 2024; Tran & Fioretto, 2023). Investigating the use of aggregated
demographic summaries, synthetic data, or anonymised group statistics as substitutes could offer

practical solutions, though these too must be evaluated for effectiveness and compliance.

Finally, future research should examine how fairness and privacy concerns are communicated to
stakeholders, including regulators, business leaders, and affected individuals. As public scrutiny of
algorithmic systems increases (Singer, 2018; Wiessner, 2023), transparent reporting practices and
standardised fairness documentation become essential for building trust. While some tools and
frameworks have been proposed (Bellamy et al., 2018), their real-world adoption remains limited.
Research into how these tools are implemented and understood by non-technical audiences could

support more accountable and responsible Al governance.
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8 Conclusion

This thesis explored the relationship between data minimisation and algorithmic fairness in ML, using
the COMPAS dataset to assess how the availability of sensitive attributes, particularly race, affects
the ability to reduce bias. The central aim was to evaluate whether fairness goals can be achieved
when data protection regulations, such as the General Data Protection Regulation (GDPR), limit
access to sensitive data. By comparing model performance and fairness outcomes across both full and
data-minimised versions of the dataset, the study contributes to the ongoing discourse on the trade-

offs between privacy and fairness in algorithmic decision-making.
To directly answer the research question:

“How effective are different bias mitigation methods across multiple supervised machine learning

classifiers when access to sensitive data is restricted due to data minimisation?”

The results show that while the removal of race from training inputs restricted the range of applicable
bias mitigation techniques, it also produced fairer baseline models. In the data-minimised setting,
both LR and RF achieved lower EOD and EOD-NAA scores at baseline compared to their full-data
counterparts. This suggests that excluding sensitive features can prevent certain biased associations

from being learned in the first place.

When race was included, fairness-aware methods such as EGR and reweighting significantly reduced
disparities in EOD while maintaining strong predictive performance. In the data-minimised setting,
mitigation options were limited to post-hoc techniques. While post-hoc methods are generally
considered less effective than fairness-aware techniques that operate during model training (Hardt et
al., 2016; Hort et al., 2024), this research provides a counter-narrative. The threshold optimiser
consistently delivered the best fairness outcomes of the entire study, achieving an EOD-NAA as low
as 0.076 for LR and an EOD of 0.317 for RF, both within acceptable accuracy tolerance limits.
However, calibration methods such as isotonic regression and Platt scaling were less reliable, with

isotonic regression in particular introducing substantial disparities in TPR across subgroups.

These findings align with prior work indicating that many fairness-enhancing techniques rely on
sensitive attributes to operate effectively (Hardt et al., 2016; Agarwal et al., 2018; Mehrabi et al.,
2019). In their absence, organisations are left with a narrower and less predictable toolkit, a concern
also highlighted by Holmberg et al. (2020) and Tran and Fioretto (2023). Beyond model behaviour,
this study reinforces a regulatory dilemma: the GDPR’s data minimisation principle (Article 5(1)(c);

Recital 39) requires limiting the use of personal data, including special category data such as race,
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yet such attributes are often essential for measuring and correcting bias. Article 9(2)(g) provides an
exception where processing is necessary for substantial public interest with appropriate safeguards,
and the empirical results presented here could inform debates on whether fairness evaluation qualifies

under this provision.

From a practical perspective, the findings suggest that simpler, interpretable models such as LR may
be more suitable for fairness-critical and regulated applications. LR consistently outperformed RF
across predictive metrics, demonstrated more stable subgroup behaviour, and responded more
effectively to mitigation methods. This supports arguments in the literature advocating for

interpretable models in high-stakes decision-making settings (Caraciolo, 2011).

Despite these contributions, this research has limitations. It used a single dataset from the U.S.
criminal justice system (Angwin et al., 2016), examined only two classifiers, and applied a limited
set of bias mitigation methods. The fairness evaluation was restricted to group-level metrics such as
EOD and SR disparity, without addressing individual fairness, causal reasoning, or long-term impacts
(Binns, 2018; Mehrabi et al., 2019). As such, the results should be interpreted in context and not

overgeneralised.

To summarise, this thesis provides empirical evidence that fairness in ML can, in some cases, improve
under data minimisation constraints, as seen in the fairer baselines of both LR and RF. However,
these constraints also limit the range of effective mitigation strategies, increasing reliance on a small
set of post-hoc tools, which may vary in stability. Addressing this challenge will require technical
innovation, clearer legal guidance on the use of sensitive data for fairness evaluation, and closer
collaboration between data scientists, regulators, and policymakers. Only through such coordinated

efforts can ML systems be developed that are both privacy-compliant and fair.
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Appendices

9.1 Analysis of COMPAS dataset features

import pandas as pd

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.feature selection import mutual info classif
import numpy as np

RANDOM STATE =
df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="'coerce')

df ["out custody"] = pd.to datetime(df["out custody"], errors='coerce')

df = df.dropna(subset=["compas screening date", "out custody"])

days b screening arrest"] <
days b screening arrest"] >
'is recid"] != -1) &
'c_charge degree"] != "O") &
"score text"] != "N/A")
].resetilndex(jlgp—True)

features = ["sex", "age", "race", "priors count", "c charge degree"]
X = df [features]

encoded = pd.get dummies (X, columns=["sex", "c charge degree"],

drop first=True)

race dummies = pd.get dummies (X["race"], prefix="race", drop first=False)
encoded = pd.concat ([encoded.drop (columns=["race"]), race dummies],
axis=1)

race cols = 3 > 1n encoded.columns 1f c.startswith("race ")]
non race cols 3 > 1n encoded.columns 1f not c.startswith("race ")]

.loc[race cols,
non race cols
plt.figure(figsize=(8,
sns.heatmap (corr, annot=True, cmap="coolwarm", center=0)
plt.title ("Correlation between race and other features")
plt.show ()
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1)
= float(ny

-~ = pd.DataFrame ({

"Feature": list (mi res.keys ())

"Mutual information": list(mi scores.values())
.sort values ("Mutual information", ascending=False

.figure (figsize=
barplot (data=mi df, x="Mutual information", y="Feature",
color="#4c72b0")
plt.title ("Mutual information with race")
plt.xlabel ("Mutual information")
plt.ylabel ("Feature")
plt.show ()

S ,.gounrplor(11f1 x="race", order=df["race"].value counts() .index,
y¢l~ te="muted")

.title("Racial distribution in filtered COMPAS dataset")

.\ldbel "Race")

.ylabel "Count")

.xticks (rotatic

.tight ldvout()

.show ()




9.2 Analysis of baseline LR model (full dataset)

import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

import statsmodels.formula.api as smf
from sklearn.model selection import train test split
from sklearn.linear model import LogisticRegression
from sklearn.metrics import (
accuracy score, roc_auc score, fl score, classification
roc_curve
)
from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate

RANDOM STATE =

df = pd.read csv("compas-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")
df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df = df.dropna(subset=["compas screening date", "out custody"])
= df
d
d

[
["days b screening arrest"] < ) &
["days b screening arrest"] >= -30) &
["is recid"] != -1) &
df ["c_charge degree"] != "O") &
(df ["score text"] != "N/A"™)
] .reset index (drop=True)

"race", "priors count", "c charge degree"]

X encoded = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train, y test, sens train, sens test =
train test split(

X encoded, y, sens, test size= , Sstratify=y,

&= =27
state=RANDOM STATE

lr = LogisticRegression(max iter= , random state=RANDOM STATE)
lr.fit (X train, y train)

y pred = lr.predict (X test)
y prob = lr.predict proba (X test) [:,




print ("Accuracy:", accurac

print ("ROC AUC:", : .

print ("F1 Score:", _test, y pred))

print ("\nClassification Report:\n", classification report(y tes
y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics, y true=y test, y pred=y pred,
sensitive features=sens test
)
print ("Fairness metrics by race:")
print (fairness metrics.by group)

print ("\nFairness disparities (max-min):")
print (fairness metrics.difference())

fairness metrics.by group["true positive rate"].max() -

fairness metrics.by group["true positive rate"].min(),
fairness metrics.by group["false positive rate"].max() -

fairness metrics.by group["false positive rate"].min(),

)

print (f"\nEqualised Odds Difference: {eod: £31m)

group auc_scores
for group
idx = 3
group auc "OC_auc_score(y te y prob[idx])

print ("\nGroup-wise ROC AUC:")
for group, auc val in group auc_ sc
print (£f"{group}: {auc val:

df plot = pd.DataFrame ({"race": sens test.values, "score":

y _prob}) .dropna ()

race order = ["African-American", "Caucasian", "Hispanic", "Other",
"Asian", "Native American"]

race order = [r for r in race order if r in df plot["race"].unique() ]

plt.figure (figsize=( ))
for r in race order:
s = df plot.loc[df plot["race"] == r, "score"]
if len?s) < a
continue




sns.kdeplot (s, label=r, fill=True, alpha= , bw _adjust=
clip=(0, ), common norm=False)

plt.title ("Prediction score distributions by race")
plt.xlabel ("Predicted score")

plt.ylabel ("Density")

plt.x1im (0, )

plt.legend(title="race")

plt.tight layout ()

plt.show ()

fpr 1r, tpr 1r,
roc_auc lr =

plt.plot (fpr 1r, . w= label=f"LR (AUC = {roc auc lr: £3r)m)
plt.plot ([0, lw=1, label="Chance")

plt.x1im (0, )

plt.ylim (O, )

plt.xlabel ("False Positive Rate")

plt.ylabel ("True Positive Rate")

plt.title ("ROC curve — baseline Logistic Regression")
plt.legend(loc="lower right")

plt.tight layout ()

plt.show ()

train idx = X train.index
train df = X.loc[train idx].copy ()
train df["two year recid"] = y.loc[train idx].values

race ref = "Other" if "Other" in train df["race"].unique () else

train df["race"] .mode () .1at[0]

sex ref = "Female" if "Female" in train df["sex"].unique () else
train df["sex"].mode () .1iat[0]

chg ref = "F" if "F" in train df["c charge degree"].unique () else
train df["c charge degree"].mode () .iat[0]

formula = (
f"two year recid ~ age + priors count "
f"+ C(sex, Treatment (reference='{sex ref}')) "
f"+ C(race, Treatment (reference='{race ref}')) "
f"+ C(c_charge degree, Treatment (reference='{chg ref}"'))"
)

logit res = smf.logit (formula=formula, data=train df).fit(disp=False)

wald terms = logit res.wald test terms(skip single=False)
race row = [i for i in wald terms.table.index if "race" in i.lower()]][
race wald = wald terms.table.loc[race row]

keep terms = [

]




f"C (sex, Treatment (reference='{sex ref}'
f"C(c_charge degree, Treatment (reference
"age", "priors count"

.params.reindex (keep terms)
.pvalues.reindex (keep terms)
.bse.reindex (keep terms)
git .conf int ().loc[keep terms]

= np.exp (coef)

= pd.DataFrame ({
coef, "std err": se, "p value": pval,

"ci low": ci[0], "ci high": ci[l], "odds ratio": odds

}) .rename axis ("term") .reset index ()

® ® O
n n n

0)]

sk series = pd.Series(lr.coef [0], index=X train.columns,
name="sklearn L2")
sm map = {"age": logit res.params["age"], "priors count":
logit res.params|["priors count"]}
sm map["sex Male"] = logit res.params.get (£"C (sex,
Treatment (reference="'{sex ref}')) [T.Male]", np.nan)
sm map["c charge degree M"] = logit res.params.get (f"C(c charge degree,
Treatment (reference="'{chg ref}')) [T.M]", np.nan)
for r in X["race"].unique() :

if r == race ref:

continue

sm map[f"race {r}"] = logit res.params.get (f"C(race,

Treatment (reference="'{race ref}')) I[T.{r}]", np.nan)

sm_series = pd.Series (sm map,
name="statsmodels no reg").reindex(sk se
cmp = pd.concat ([sk series, sm series],
valid = cmp.dropna ()

corr = valid.corr () .iloc|[0O, ]

rmse = np.sqrt(np.mean((valid["sklearn L2"]
valid["statsmodels no reg"])**2))

print ("\nWald test for race (joint significance) :")

print (race wald)

print ("\nKey coefficients with p-values (statsmodels, no
regularisation) :")

print (key tbl.to string(index=False, float format=lambda x: f£"{x:.4f}"))
print ("\nCoefficient alignment: sklearn vs statsmodels:")

print (cmp.to string(float format=lambda x: f"{x: £1"))

print (f"\nCoefficient vector similarity: Pearson r = {corr:.4f},

{rmse: £1m)




9.3 Analysis of baseline RF model (full dataset)

import pandas as pd
import numpy as np
from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import (
accuracy score, roc auc score, fl score, classification report,
roc_curve
)
from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate
import matplotlib.pyplot as plt
import seaborn as sns

RANDOM STATE =
df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")
df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")

= df.dropna (subset=["compas screening date", "out custody"])

days b screening arrest"] <
days b screening arrest"] >
is recid"] != -1) &
'c_charge degree"] != "O") &
"N/A")

1=

] .reset index (drop=True)

features = ["sex", "age", "race", "priors count", "c charge degree"]
( = df[features]
df ["two year recid"]

X encoded = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)

sens train, sens test =

size= , stratify=y,

random state=RANDOM S

)




rf clf = RandomForestClassifier (random state=RANDOM STATE)
rf clf.fit(X train, y train)

y pred = rf clf.predict (X test)
y proba = rf clf.predict proba (X

print ("Accuracy:", accuracy

print ("ROC AUC:", roc_ auc

print ("F1 Score:", fl score(y_

print (' "\nClassification Report:\n classi eport (y test,
y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,

}

fairness metrics = MetricFrame(
metrics=metrics,
y true=y test,
y_pred=y pred,

sensitive features=sens test

)

print ("Fairness Metrics by Race:")
display(fairness metrics.by group)

print ("\nFairness Disparities (Max-Min) :")
display(fairness metrics.difference())

equaliceﬂioidc diff = max(
fairness metrics.by group["true positive rate"].max() -
fairness metrics.by group["true positive rate"].min (),
fairuCSF7 metrics.by group["false positive rate"].max() -
fairness metrics.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {equalised odds diff: £31m)

group_auc SCOIe
for group in s
group 1idx S 5 ¢
group auc 'oCc_auc_score (y test[group i1dx], y proba[group 1dx])
group_auc_scores[group] = group auc
print ("\nGroup-wise ROC AUC Scores:")
for group, auc in group auc scores.items() :
print (f"{group}: {auc: £1")

df plot = pd.DataFrame ({"race": sens test.values, "score":

y proba}) .dropna ()

race order = ["African-American", "Caucasian", "Hispanic", "Other",
"Asian", "Native American"]

race order = [r for r in race order if r in df plot["race"].unique ()]
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if len(s
continue

sns.kdeplot (s, label=r, fill=True,
clip=(0, ), common norm=False)
plt.title ("Prediction score distributions by race")
plt.xlabel ("Predicted score")
plt.ylabel ("Density")
plt.x1im (O, )
plt.legend(title="race")
plt.tight layout ()
plt.show ()

fpr rf, tpr rf,

auc_rf = roc_ au

plt.figure (figs

plt.plot (fpr rf, or rf w= c =f"RF (AUC = {auc rf: £1)")
plt.plot ([0, IV W , label="Chance")
plt.xlabel ("False Positive Rate")

plt.ylabel ("True Positive Rate")

plt.title ("ROC curve - baseline Random Forest")
plt.legend(loc="lower right")

plt.tight layout ()

plt.show ()




9.4 Analysis of LR model with reweighting (full dataset)

import pandas as pd

import numpy as np

from sklearn.model selection import train tes
from sklearn.linear model import LogisticRegr
from sklearn.metrics import accuracy score,
classification report

from fairlearn.metrics import MetricFrame,
true positive rate, false positive rate

RANDOM STATE =

= pd.read csv ("compas—-scores-two-years.csv")
["compas screening date"] = pd.to datetime (df ["compas screening date"],
errors="coerce")
["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df = df.dropna(subset=["compas screening date", "out custody"])
df = df
df ["days b screening arrest"] <= ) &
df ["days b screening arrest"] >= -30) &
df ["is recid"] != -1) &
df["c charge degree"] != "O") &
(df ["score text"] != "N/A")
] .reset index (drop=True)

(
(
(
(

features = ["sex", "age", "race", "priors count", "c charge degree"]
X = df[features]

df ["two year recid"]
ens = df["race"]

y

X encoded = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train, y tes sens aj sens test =
train test split(

X encoded, y, sens, test size= stratify=y,
random state=RANDOM STATE

)

train df = pd.DataFrame ({"race": sens train, "label": y train})
p_race = train df["race"].value counts(normalize=True)
p_label = train df["label"].value counts (normalize=True)
p_joint = (

train df.groupby (["race", "label"])

.size ()

.div(len(train df))

.rename ("p_joint")

.reset index()

)

train df = train df.merge(p joint, on=["race", "label"], how="left")




train df["p race"] = train df["race"].map(p race)

train df["p label"] = train df["label"] .map(p label)

sample weights = (train df["p race"] * train df["p label"] /
train df["p joint"]) .values

isticRegression (max iter= , random 5fdf RANDOMisTATE)
_train, y train, sample weight=sample weights)

lr.predict (X test)
lr.predict proba (X

"Accuracy:", e * score (y S y _pred))
"ROC AUC:", roc > SCOXI¢ S y _prob))
y_pred))
classification report(y

{

"selection rate": selection rate,

"true positive rate": true positive rate,

"false positive rate": false positive rate,
}
fairness metrics = MetricFrame (

metrics=metrics,

y true=y test,

y pred=y pred,

sensitive features=sens test

)
print ("Fairness metrics by race:"
print (fairness metrics.by group)

print ("\nFairness disparities (max-min):")
(fairness metrics.difference())
max (
fairness metrics.by group["true positive rate"].max() -
fairness Hefll“‘ by group["true positive rate"].min(),
fairness _metrics.by group["false positive rate"].max() -
fairness metrics.by group["false positive rate"].min(),
)
print (f"\nEqualised Odds Difference: {eod: £31m)

group auc scores = {}

for group 1i ens test.unique () :
est == group
ores[group] =

idx = sens t
group_auc_sc

print ("\nGroup-wise ROC AUC Scores:"
for group, auc val in group auc
prlnt(f"{qroup} {auc v




9.5 Analysis of LR model with EGR (full dataset)

import pandas as pd

import numpy as np

from sklearn.model selection import train test split

from sklearn.llnearimodel import Luq1gt1,chression

from sklearn.metrics import accuracy score, roc_auc_score, fl score,
classification report

from fairlearn.metrics import MetricFrame, selection rate,

true positive rate, false positive rate

from fairlearn.reductions import ExponentiatedGradient, EqualizedOdds

RANDOM STATE =

= pd.read csv ("compas—-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="'coerce')
df ["out custody"] = pd.to datetime (df["out custody"], errors='coerce')
df = df.dropna(subset=["compas screening date", "out custody"])
df = df
df ["days b screening arrest"] <=
df ["days b screening arrest"] >= -
df ["is recid"] != -1) &
df["c charge degree"] != "O") &

(df ["score text"] != "N/A")

] .reset index (drop=True)

(
(
(
(

"

features = ["sex",
X = df[features]
y = df["two year recid"]
sensitive attr = df["race"]

age", "race", "priors count", "c charge degree"]

X encoded = pd.get dummies (X, columns=[" " ", "c _charge degree"],
drop first=True)

X train, X test, y train, y test,
train test split(

X encoded, y, sensitive attr, st si stratify=y,
random state=RANDOM STATE

LogisticRegression (max iter=
ANDOM STATE )
qudliZQdOddS()
ExponentiatedGradient (estimator=base estimator,
traints=constraint)
rad.fit (X train, y train, sensitive features=sens train)

probs = np.zeros(len (X test), dtype=float)
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expgrad.predictors , expgrad.weights ):
* h.predict proba (X

) .astype (int)

print ("Accuracy:",

print ("ROC AUC'"

print ("F1 Score: ehal

print("\nCla551f1catlon Report \n
1))

7 prec

= {
selection rate": selection
"true positive rate": true
"false positive rate": fa
}
fairn m ~ics MetricFrame
y _pred ored, sensitive feature:
print ("Fairness Metrics by Race:"
display (fairness metrics.by group)
prlnt("\nFalrness Dlsparltles (Max-Min) :
ay (fairness metrics.difference())

.by group|['true positive rate'].max() -

roup['true positive rate'].min(),

by group|['false positive rate'].max() -
.by group['false positive rate'].min ()

print (f"\nEqualised Odds Difference: {equalised odds diff:.4f}")

group_ auc
for group

oup auc DEEE
prlnt("\nGroup wise ROC AUC Scores ")
for group, auc in oup_auc_scores.items
print (£" {group } {auc: f}")




9.6 Analysis of LR model with threshold optimiser (full dataset)

import pandas as pd

import numpy as np

from sklearn.model selection import train tes

from sklearn.linear model import LogisticRegr

from sklearn.metrics import accuracy score,
classification report

from fairlearn.metrics import MetricFrame,

true positive rate, false positive rate

from fairlearn.postprocessing import ThresholdOptimizer

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")
df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df = df.dropna(subset=["compas screening date", "out custody"])
df = df
(df ["days b screening arrest"] <= ) &
(df ["days b screening arrest"] >= -30) &
(df["is recid"] != -1) &
(df ["c_charge degree"] != "O") &
(df ["score text"] != "N/A")
] .reset index (drop=True)

"

features = ["sex",

X df [features]
df ["two year recid"]
= df ["race"]

age", "race", "priors count", "c charge degree"]

X encoded = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train, y tes sens aj seng test =
train test split(

X encoded, y, se
random state=RANDOM

ns, test size stratify=y,
STATE

= LogilisticRegression (max iter= , random state=RANDOM STATE)
.fit (X train, y train)

threshold optim = ThresholdOptimizer (
estimator=base model,
constraints="equalized odds",
predict method="predict proba",
prefit=True

)

threshold optim.fit(X train, y train, sensitive features=sens train)




threshold optim.predict (X

Yy _prob

print ("Accuracy:'

print ("ROC AUC:", roc_auc_Scc

print ("F1 Score:", fl Svor“(yi

print ("\nClassification Report:\n classific eport (y test,
y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,

}
fairness metrics = MetricFrame (
metrics=metrics,
__true=y test,
=y_pred,
= features=sens test
("Fairness metrics by race:"
(fairness metrics.by group)

print ("\nFairness disparities (max-min):")
(fairness metrics.difference())
max (
fairness metrics.by group["true positive rate"].max() -
fairness metrics.by group["true positive rate"].min (),
fairucuuimétrlvu.byigroup["falsegpositiveirate"].max() -
fairness metrics.by group["false positive rate"].min(),
)
print (f"\nEqualised Odds Difference: {eod:.4f}")

group_ auc_
for group
idx =

group auc [gréap] DC auc Ssc 7 test[idx], y prob[idx])

print ("\nGroup-wise ROC AUC Scores:
for group, auc val in group auc
print (f"{group}: {auc val




9.7 Analysis of RF model with reweighting (full dataset)

import pandas as pd

from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassi

from sklearn.metrics import accuracy score,
classification report

from fairlearn.metrics import MetricFrame,

true positive rate, false positive rate

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df ["compas screening date"],

errors="coerce")

df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
= df.dropna (subset=["compas screening date", "out custody"])
= df [

df ["days b screening arrest"] <= ) &

df ["days b screening arrest"] >= -30) &

df ["is recid"] != - &
[
[

(
(
(
(

)
df["c charge degree"] != "O") &
(df ["score text"] != "N/A")

] .reset index (drop=True)

"

features = ["sex",
X = df[features]

/) = df["two year recid"]
sens = df["race"]

age", "race", "priors count", "c charge degree"]

X encoded = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train,
train test split(
X encoded, y, sens, test size=
random state=RANDOM STATE

)

train df = pd.DataFrame ({"race": sens train, "label": y train})
p_race = train df["race"].value counts(normalize=True)
p_label = train df["label"].value counts (normalize=True)
p_joint = (

train df.groupby (["race", "label"])

.size ()

.div(len(train df))

.rename ("p joint")

.reset index ()
)
train df = train df.merge(p joint, on=["race", "label"], how="left")
train df["p race"] = train df["race"].map(p ra
train df["p label”] = train df["label"].map(p




sample weights = (train df["p race"] * train df["p label"] /
train df["p joint"]) .values

rf = RandomForestClassifier (random state=RANDOM STATE)
rf.fit (X train, y train, sample weight=sample weights)

y pred = rf.predict (X test)
y proba = rf.predict proba (X test) [:,

print ("Accuracy:", accuracy

print ("ROC AUC:", roc_ auc_

print ("F1 Score:", fl score(y

print ("\nClassification Report:\n", classification report(y test,
y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics,
y true=y test,
y pred=y pred,
sensitive features=sens test

)
print ("Fairness metrics by race:")
print (fairness metrics.by group)

print ("\nFairness disparities (max-min):")
(fairness metrics.difference())
max (
fairness metrics.by group["true positive rate"].max() -
fairness metrics.by group["true positive rate"].min (),
fairness metrics.by group["false positive rate"].max() -
fairness metrics.by group["false positive rate"].min(),
)
print (f"\nEqualised Odds Difference: {eod: £31m)

group_auc_ sco
for group i
idx =
y proba[idx])

print ("\nGroup-wise ROC AUC Scores:"
for group, auc val in group auc .
print (f"{group}: {auc val:




9.8 Analysis of RF model with EGR (full dataset)

import numpy as np

import pandas as pd

from sklearn.model selection import train test split

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy score, roC_auc_Sscore,
classification report

from fairlearn.metrics import MetricFrame,

true positive rate, false positive rate

from fairlearn.reductions import ExponentiatedGradient, EqualizedOdds

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")

df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df = df.dropna(subset=["compas screening date", "out custody"])

df = df

df ["days b screening arrest"] <= ) &

df ["days b screening arrest"] >= -30) &

df ["is recid"] != -1) &

df["c charge degree"] != "O") &

(df ["score text"] != "N/A")

] .reset index (drop=True)

(
(
(
(

" "
r

features = ["sex",

X df [features]
df ["two year recid"]
= df ["race"]

age "race", "priors count", "c charge degree"]

X enc = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train, y test, sens train, sens test =
train test
X 7, sens, test size= , stratify=y, random state=RANDOM STATE

)

sl

rf base = RandomForestClassifier (
n estimators= 0
random state=RANDOM STATE,
n_jobs=1,

bootstrap=True
)
egr = ExponentiatedGradient (estimator=rf base,

constraints=EqualizedOdds () )
egr.fit (X train, y train, sensitive features=sens train)

weights = np.array(egr.weights , dtype=float)




weights = weights / weights.sum() if weights.sum() != else weights
probs list = [h.predict proba (X test) [:, ] for h in egr.predictors ]
y prob = np.sum([w * p for w, p in zip(weights, probs list)], axis=0)
y pred = (y prob >= ) .astype (int)

print ("Accuracy:", accuracy

print ("ROC AUC:", roc_auc_s

print ("F1 Score:", fl score(y te

print ("\nClassification Report:\n classific _test
y_pred))

A}
A}

4

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,
}

fair

= MetricFrame (
metrics=metrics,
y true=y test,
y_pred=y pred,
sensitive features=sens test
)

print ("Fairness metrics by race:")
print (fair.by group)

print ("\nFairness disparities (max-min) :")
print (fair.difference ())

eod = max (
fair.by group["true positive rate"].max() -
fair.by group["true positive rate"].min(),
fair.by group["false positive rate"].max() -
fair.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {eod: £31m)

group auc = {}
for g in sens test.
1dx = sens test ¢
group_ auc[g] > auc_score(y test[idx y prob[idx])
print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group auc.items () :
print (f"{g}: {auc val: £31m)




9.9 Analysis of RF model with threshold optimiser (full dataset)

import pandas as pd

from sklearn.model selection import train test split

from sklearn.ensemble import RandomForestClassifier

from sklearn.metrics import accuracy score, roC_auc_Score,
classification report

from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate

from fairlearn.postprocessing import ThresholdOptimizer

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df ["compas screening date"],
errors="coerce")
["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df .dropna (subset=["compas screening date", "out custody"])
df
df ["days b screening arrest"] <= ) &
df ["days b screening arrest"] >= -30) &
df ["is recid"] != -1) &
df["c charge degree"] != "O") &
(df ["score text"] != "N/A")
] .reset index (drop=True)

(
(
(
(

"

features = ["sex",
X = df[features]

df ["two year recid"]
ens = df["race"]

age", "race", "priors count", "c charge degree"]

y

X enc = pd.get dummies (X, columns=["sex", "race", "c charge degree"],
drop first=True)
X train, X test, y train, y test, sens train, sens test =
train test split(

X enc, y, sens, test size= , stratify=y, random state=RANDOM STATE

)

rf = RandomForestClassifier (random state=RANDOM STATE)
rf.fit (X train, y train)

y proba = rf.predict proba (X test)[:,

thresh opt = ThresholdOptimizer (
>stimator=rf,
constraints="equalized odds",
prefit=True

)

thresh opt.fit (X train, y train, sensitive features=sens train)




y pred = thresh opt.predict (X test,

print ("Accuracy:", , e -
print ("ROC AUC:", score es y_proba))

(
(
print ("F1 Score:", est, y pred))

print ( ', classification report(y test,
y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics,
y true=y test,
y_pred=y pred,
sensitive features=sens test

)
print ("Fairness metrics by race:")
print (fairness metrics.by group)

print ("\nFairness disparities (max-min) :")
print (fairness metrics.difference())
eod = max (
fairness metrics.by group["true positive rate"].max() -
fairness metrics.by group["true positive rate"].min(),
fairness metrics.by group["false positive rate"].max() -
fairness metrics.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {eod:.4f}")

y proba[idx])

print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group auc.items () :
print (£f"{g}: {auc val: £1")




9.10 Analysis of baseline LR model (data-minimised dataset)

import pandas as pd

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.model selection import train test split

from sklearn.linear model import LogisticRegression

from sklearn.metrics import accuracy score, rocC_auc_Score,
classification report, roc curve

from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")

df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df = df.dropna(subset=["compas screening date", "out custody"])

df = df

df ["days b screening arrest"] <= ) &

df ["days b screening arrest"] >= -30) &

df ["is recid"] != -1) &

df["c charge degree"] != "O") &

(df ["score text"] != "N/A")

] .reset index (drop=True)

(
(
(
(

" "
r

features = ["sex", age "race", "priors count", "c charge degree"]
C df [features]
df ["two year recid"]

= df ["race"]

X enc = pd.get dummies (X.drop (columns=["race"]), columns=["sex",
"c charge degree"], drop first=True)
X train, X test, y train, y test, sens train, sens test =
train test split(

X enc, y, sens, test size= , stratify=y, random state=RANDOM STATE

)

lr = LogisticRegression(max iter= ;, random state=RANDOM STATE)
lr.fit (X train, y train)

y pred = lr.predict (X test)
y_prob lr.predict proba (X test)[:,

print ("Accuracy:", accuracy Scor
print ("ROC AUC:", roc auc_score
print ("F1 Score:", fl score(y t




print ("\nClassification Report:\n", classification report (y

y_pred))

metrics = {
"selection rate": selection rate,
"true positive rate true positive rate,
"false positive rate"- false positive rate,
}
fair = MetricFrame (
metrics=metrics,
y true=y test,
y_pred=y pred,
sensitive features
)
print ("Fairness metrics by race:")
print (fair.by group)

print ("\nFairness disparities (max-min) :")
print (fair.difference())
eod = max(
fair.by group["true positive rate"].max() -
fair.by group["true positive rate"].min(),
fair.by group["false positive rate"].max() -
fair.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {eod:.4f}")

_score(y test[idx], y prob[idx])

print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group auc.items () :
print (£f"{g}: {auc val: £31m)

__ = roc_curve(y
_auc = roc_auc_score(y test

.figure(flq ize= (6, ) )

.plot (fpr, tpr, lw=2, label=f"LR (AUC = {roc auc: £31)")
.plot ([0, 1, [0, 1, "k--", lw=1, label="Chance")
.x1im (O, )

.ylim (0O, )

.xlabel ("False Positive Rate")

.ylabel ("True Positive Rate")

.title ("ROC curve — baseline LR (data-minimised)")
.legend (loc="1lower right")

.tight layout ()

.show ()

_test,
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df plot = pd.DataFrame ({"race": sens test.values, "score":

7 prob}) .dropna ()

r ~order = ["African-American", "Caucasian", "Hispanic", "Other",
"Asian", "Native American"]

race order = [r for r in race order if r in df plot["race"].unique() ]

plt.figure (£

= df )
if len(s) <
continue
sns.kdeplot (s, label=r, fill=True, alpha=
), common norm=False)

"Prediction score distributions by race")
("Predicted score")
("Density")
)
egend (title="race")
.tight layout ()
.show ()




9.11 Analysis of baseline RF model (data-minimised dataset)

import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import (
accuracy score, roc auc score, fl score, classification report,
roc_curve
)
from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df ["compas screening date"],
errors="coerce")

df ["out custody"] = pd.to datetime(df["out custody"], errors="coerce")

df = df.dropna(subset=["compas screening date", "out custody"])

df =

[
["days b screening arrest"] <= ) &
["days b screening arrest"] >= -30) &
[

[

[

_ ) &
'c_charge degree"] != "O") &
HN/AH)

"is recid"] != -
(df ["score text"] !=
] .reset index (drop=True)

df [["sex", "age", "race", "priors count", "c charge degree"]]
df ["two year recid"]
= df ["race"]

X enc = pd.get dummies (X.drop (columns=["race"]), columns=["sex",
"c charge degree"], drop first=True)
X train, X test, y train, y test, sens train, sens test =
train test split(
X enc, y, sens, test size= , stratify=y, random state=RANDOM STATE

)

o

rf = RandomForestClassifier (random state=RANDOM STATE)
rf.fit(X train, y train)

y pred = rf.predict (X test)
y proba = rf.predict proba (X test)[:,

print ("Accuracy:", accuracy score (y test

print ("ROC AUC:", rociauciscore(yitgst,




("F1 Score:", fl score(y test, y pred))
("\nClassification Report:\n", classification report(y test,

metrics = {
"selection rate": selection rate,
"true positive rate": true positive rate,
"false positive rate": false positive rate,
}
fair = MetricFrame (
metrics=metrics,
y true=y test,
y_pred=y pred,

sensitive features=sens test

)
print ("Fairness metrics by race:")
print (fair.by group)

print ("\nFairness disparities (max-min):")
print (fair.difference())
eod = max(
fair.by group["true positive rate"].max() -
fair.by group["true positive rate"].min(),
fair.by group["false positive rate"].max() -
fair.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {eod: £31m)

g
roc_auc_score(y test[idx], y probal[idx])
print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group auc.items () :
print (£f"{g}: {auc val:.4f}")

fpr rf, tpr rf, = roc curve(y test, y proba)
auc_rf = roc auc score(y test, y proba)
plt.figure(figsize=(6, ) )

plt.plot (fpr rf, tpr rf, label=f"RF (AUC = {auc rf: £
plt.plot ([0, 1, [0, 1, "k—--", label="Chance")

plt.xlabel ("False Positive Rate")

plt.ylabel ("True Positive Rate")

plt.title ("ROC curve - baseline RF (data-minimised)")
plt.legend(loc="lower right")

plt.tight layout ()

plt.show ()

df plot = pd.DataFrame ({"race": sens test.values, "score":
y proba}) .dropna ()
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race order = ["African-American", "Caucasian", "Hispanic", "Other",
"Asian", "Native American"]

4
race order = [r for r in race order if r in df plot["race"].unique() ]

t.figure (f

lot["race"] ==
if len
continue
sns.kdeplot (s, label=r, fill=True,
ip=(0, ), common norm=False)

.title("Prediction score distributions by race")
.Xxlabel ("Predicted score")

.ylabel ("Density")

.x1im (O, )

.legend (title="race")

.tight layout ()

.show ()




9.12 Analysis of LR model with calibration (Platt scaling and isotonic regression,

data-minimised dataset)

import pandas as pd

from sklearn.model selection import train test split

from sklearn.linear ~model Import Logistic qu e%sion

from sklearn.calibration import CalibratedClass

from sklearn.metrics import accuracy Score, IrocC :
classification report

from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate

RANDOM STATE =

df = pd.read csv("compas-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")
df ["out custody"] = pd.to datetime (df["out custody"], errors="coerce")
df .dropna (subset=["compas screening date", "out custody"])
df = df[
["days b screening arrest"] <
["days b screening arrest"] >= -
"['ls _recid"] != -1) &
f["c _charge degree"] != "O") &
f["score text"] != "N/A")
].reset_lndex(drcp True)

X = df[["sex", "age "race", "priors count", "c charge degree"]]
y = df["two year recid"]
sens = df["race"]

"
r

X enc = pd.get dummies (X.drop (columns=["race"]), columns=["sex",
"c charge degree"], drop first=True)
X train, X test, y train, y test, sens
train test split(
X enc, y, sens, test size= stratify=y anc __state=RANDOM STATE

base 1lr = LogisticRegression (max iter= , random state=RANDOM STATE)
calibrated 1lr = CalibratedClassifierCV (estimator=base 1lr,
method="isotonic", cv= )

calibrat:dilr.flt(iitrain, y train)

y pred = calibrated lr.predict (X test)
y_prob alibrated lr.predict proba (X




"Accuracy:",
"ROC AUC:",

print (
(
("F1 Score:", fe = (y t C,
(

print
"\nClassification Repoig:\n",
y_pred))

metrics = {
"selection rate":
"true positive rate":
"false positive rate":

7‘?:”'
print ("Fairness metrics by race:")
print (fair.by group)

print ("\nFairness disparities (max-min):")
print (fair.difference())
eod = max(
fair.by group["true positive rate"].max() -

fair.by group["true positive rate"].min(),

fair.by group["false positive rate"].max() -
fair.by group["false positive rate"].min ()
)

print (f"\nEqualised Odds Difference: {eod: £f1m)

group auc =
for g :

print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group auc.items():
print (f"{g}: {auc ve
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9.13 Analysis of LR with threshold optimiser (data-minimised dataset)

import pandas as pd
import numpy as np
from sklearn.model selection import train test split
from sklearn.linear ~model Import Logistic qu ression
from sklearn.metrlcs import (
accuracy score, roc_auc score, fl score, classification report
)
from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate
from fairlearn.postprocessing import ThresholdOptimizer
import matplotlib.pyplot as plt

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="'coerce')

ﬂf["out _custody"] = pd.to datetime (df["out custody"], errors='coerce')
df = dr dropna (subset=["compas screening date", "out custody"])

“["days b screening arrest"] <=

"days b screening arrest"] >= -

is recid"] != -1) &

'c_charge degree"] != "O") &

"score text"] != "N/A")
.resetilndex(jlgp—True)

"sex", "age", "race", "priors count", "c charge degree"]
eatures]
"two year recid"]

sensitive attr = df["race"]

X encoded = pd.get dummies (X.drop(columns=["race"]), column
"c _charge degree"], drop first=True)

sens train, sens test =

test size= , stratify=y,

lr = LogisticRegression (max iter= , random state=RANDOM STATE)
lr.fit (X train, y train)




threshold op = ThresholdOptimizer (
estimator=1r,
constraints="equalized odds",
predict method="predict proba",
prefit=True

)

threshold op.fit(X train, y train,

y pred = threshold op.predict (X tes sensitive features=sens
y _prob lr.predict proba (X tes

print ("Accuracy:",

print ("ROC AUC:",

print ("F1 Score:", » »

print ("\nClassification Report: classification report(y test,
y_pred))

metrics = {
'selection rate': selection rate,
'true positive rate': true positive rate,
'false positive rate': false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics,
y true=y test,
y pred=y pred,
sensitive features=sens test

)
print ("Fairness Metrics by Race:")
display(fairness metrics.by group)

print ("\nFairness Disparities (Max-Min):")
display(fairness metrics.difference())
equalised odds diff = max(
fairness metrics.by group['true positive rate'].max() -
fairness metrics.by group|['true positive rate'].min(),
rics.by group['false positive rate'].max() -
5 .by group['false positive rate'].min ()
)
print (f"\nEqualised Odds Difference: {equalised odds diff:.4f}")

group auc_scores = {}
for group in sens test.unique () :
group idx = sens test == group
group auc_scores[group] = roc auc score(y tes
y prob[group idx])
print ("\nGroup-wise ROC AUC Scores:")
for group, auc 1in group auc_ scores.items () :
print (f" {group}: {auc: £1")

or




9.14 Analysis of RF model with calibration (Platt scaling and isotonic regression,

data-minimised dataset)

import pandas as pd
import numpy as np
from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.calibration import CalibratedClassifierCV
from sklearn.metrics import (

accuracy score, roc_auc _score, fl score, classifi

)

from fairlearn.metrics import MetricFrame, selection
true positive rate, false positive rate

import matplotlib.pyplot as plt

RANDOM STATE =
df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="'coerce')

df ["out custody"] = pd.to datetime (df["out custody"], errors='coerce')

= df.dropna (subset=["compas screening date", "out custody"])

df = df
f["days b screening arrest"] <= ) &
"days b screening arrest"] >= -30) &
"is recid"] != -1) &

"c charge degree"] != "O") &

(df ["score text"] != "N/A")
.reset index (drop=True)

df [["sex", "age "race", "priors count", "c charge degree"]]
df ["two year recid"]

"
r

sensitive attr = df["race"]

X encoded = pd.get dummies (X.drop (columns=["race"]), columns=["sex",
"c _charge degree"], drop first=True)

y train, y test, sens train, sens test =

sensitive attr, test size= , Stratify=y,

e=RANDOM STATE)




calibrated rf = CalibratedClassifierCV (esti
method='sigmoid', cv=5)
calibrated rf.fit(X train, y train)

y pred = calibrated rf.predict (X test)
y proba = calibrated rf.predict proba (X test) [:

print ("Accuracy:", accuracy

print ("ROC AUC:", roc_ auc_ =]

print ("F1 Score:", fl score(y

print ("\nClassification Report:\n", classification report(y test,
y_pred))

metrics = {
'selection rate': selection rate,
'true positive rate': true positive rate,
'false positive rate': false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics,
y true=y test,
y pred=y pred,
sensitive features=sens test

)
print ("Fairness Metrics by Race:")
display(fairness metrics.by group)

print ("\nFairness Disparities (Max-Min):")
display(fairness metrics.difference())
equalised odds diff = max(
fairness metrics.by group['true positive rate'].max() -
fairness metrics.by group['true positive rate'].min (),
fairness metrics.by group['false positive rate'].max() -
fairness metrics.by group['false positive rate'].min ()
)
print (f"\nEqualised Odds Difference: {equalised odds diff:.4f}")

group auc_scores = {}
e

for group in sens test.unique () :
group idx = sens test ==
group auc_scores [group]

y proba[group idx])

print ("\nGroup-wise ROC AUC Scores:")

for group, auc in group auc scores.items() :
print (f" {group}: {auc: £1")




9.15 Analysis of RF model with threshold optimiser (data-minimised dataset)

import pandas as pd
import numpy as np
from sklearn.model selection import train test split
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import (
accuracy score, roc_auc score, fl score, classification report
)
from fairlearn.metrics import MetricFrame, selection rate,
true positive rate, false positive rate
from fairlearn.postprocessing import ThresholdOptimizer
import matplotlib.pyplot as plt

RANDOM STATE =

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="'coerce')

df ["out custody"] = pd.to datetime(df["out custody"], errors='coerce')

df = df.dropna(subset=["compas screening date", "out custody"])

df = df

[
["days b screening arrest"] <= ) &
["days b screening arrest"] >= -30) &
[

[

[

"is recid"] != - 7 &
"c charge degree"] != "O") &
(df ["score text"] != "N/A"™)

] .reset index (drop=True)

= df[["sex", "age", "race", "priors count", "c charge degree"]]
= df["two year recid"]

sensitive attr = df["race"]

X encoded = pd.get dummies (X.drop(columns=["race"]), columns=["sex",
"c _charge degree"], drop first=True)
y train, y test, sens train, sens test =

ncoded, y, sensitive attr, test size= , Stratify=y,
state=RANDOM STATE

_clf = RandomForestClassifier (random state=RANDOM STAT
clf.fit(X train, y train)




y proba = rf clf.predict proba (X test)[:,

threshold opt = ThresholdOptimizer (
estimator=rf clf,
constraints="equalized odds",
prefit=True,
predict method="predict proba"
)

threshold opt.fit (X train 7 train, sensitive features=sens train
14 4

y pred = threshold opt.predict (X test, sensitive features=sens

print ("Accuracy:", acc ; score (y st, y pred))

print ("ROC AUC:", roc ® SCOre _tes y_proba))

print ("F1 Score:", fl score(y test, y pred))

print ("\nClassification Report: classification report(y test,
y_pred))

metrics = {
'selection rate': selection rate,
'true positive rate': true positive rate,
'false positive rate': false positive rate,
}
fairness metrics = MetricFrame (
metrics=metrics,
y true=y test,
y pred=y pred,
sensitive features=sens test

)
print ("Fairness Metrics by Race:")
display(fairness metrics.by group)

print ("\nFairness Disparities (Max-Min):")
display(fairness metrics.difference())
equalised odds diff = max(
fairness metrics.by group['true positive rate'].max() -
fairness metrics.by group['true positive rate'].min(),
rics.by group['false positive rate'].max() -
ics.by group|'false positive rate'].min()

print (f"\nEqualised Odds Difference: {equalised odds diff: £31m)

group_auc scc
for group 1i sens test.unique () :
group idx SENS LESt ==
group auc_scores [group]
y _proba[group 1dx])
print ("\nGroup-wise ROC AUC Scores:")
for group, auc in group auc scores.items() :
print (f" {group}: {auc: £1")




9.16 Analysis of LR model with reweighting, EGR, and threshold optimiser (full

dataset)

import numpy as np
import pandas as pd
from IPython.display import display

from sklearn.model selection import train test split

from sklearn.linear ~model Import Logistic quf ssion

from sklearn.base import BaseEstimator, ClassifierMixin

from sklearn.metrics import accuracy score, roc_auc_score, fl score,

classification report

from fairlearn.metrics import MetricFrame, selection rate,

true positive rate, false positive rate

from fairlearn.reductions import ExponentiatedGradient, EqualizedOdds
from fairlearn.postprocessing import ThresholdOptimizer

RANDOMisTATE =
np.random.seed (RANDOM STATE)

df = pd.read csv("compas—-scores-two-years.csv")
df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")
ﬂf["out _custody"] = pd.to datetime (df["out custody"], errors="coerce")
= dr dropna (subset=["compas screening date", "out custody"])

days b screening arrest"] <=

days b screening arrest"] >= -

is recid"] != -1) &

'c_charge degree"] != "O") &

"score text"] != "N/A")
].resetilndex(drop=True)

= df[["sex", "age", "race", "priors count", "c charge degree"]]
= df["two year recid"].astype (int)
= df ["race"]

X enc = pd.get dummies (X, columns=["sex", " ", "c _charge degree"],
drop first=True)

te, y tr, yv_ te, sens tr Sen : train test split(
‘ r fy=y, random state=RANDOM STATE

X enc, y, sens,

_df = pd.DataFrame ({"label": y tr.values, "race": sens tr.values})
train df["race"].value counts (normalize=True)
train df["label"].value counts (normalize=True)
train df.groupby(["race", "label"]).size() / len(train df)




= np.empty(len(train df), dtype=float)
for i in range(len(train df)):
r = train df.iloc[i] ["race"]
1 = train df.iloc[i] ["label"]
num = p r.loc[r] * p y.loc[1]
= p ry.loc[(r, 1)] if (r, 1) in p ry.index else eps
w[i] = num / max (den, eps)

probs w / w.sum ()

1dx = np.random.choice (np.arange (len(X tr)), size=len(X tr),
replace=True, p=probs)

( tr rw = X tr.iloc[idx].reset index (drop=True)

y tr rw = y tr.iloc[idx].reset index(drop=True)

sens _tr rw = sens tr.iloc[idx].reset index (drop=True)

base 1lr = ion (max , random state=RANDOM STATE
solver="1bfgs")
constraint = EqualizedOdds ()

= ExponentiatedGradient (estimator=base 1r

a
)
a
)

p; @
egr.fit(X tr rw, y tr rw, sensitive features=sen

onstraints=constraint)
s tr rw)

class EGRAveragedEstimator (BaseEstimator, ClassifierMixin) :
def init (self, expgrad model) :

self.expgrad = expgrad model

fit(self, X=None, y=None) :
self.is fitted = True
self.classes = np.array ([0, 1)
return self

predict proba (self, X):
probs = np.zeros ((len(X), ), dtype=float)
for h, w in zip(self.expgrad.predictors , self.expgrad.weights ):
if hasattr(h, "predict proba"):
probs += w * h.predict proba (X)
else:
scores h.decision function (X)
pl = + np.exp(-scores))
probs|: y pl
probs|: Y (1 - pl)
sums = probs.sum(axis keepdims=True)
sums [sums == 0] =
return probs / sums

def predict(self, X):
return (self.predict proba (X) [:, ) .astype (int)

wrapped egr = EGRAveragedEstimator (egr) .fit ()

thresh opt = ThresholdOptimizer (
estimator=wrapped egr,




constraints="equalized odds",
predict method="predict proba",
prefit=True,
flip=True

)

thresh opt.fit(X tr rw, y tr rw,
y pred = thresh opt.predict (X te,
y_prob wrapped egr.predict proba (X

print
print

"Accuracy:", accuracy
"ROC AUC:", roc auc

(
(
print ("F1 Score:", fl Svor“(y .
("\nClassification Report:\ classification report(y te,

print

metrics = {

"selection rate": selection rate,

"true positive rate": true positive rate,

"false positive rate": false positive rate,
}
fair = Metric Flare( metrics=n
sensitive features=sens te)
print (" Fairness Metrics by Race:")
display(fair.by group)

metrics, y true=y te, y pred=y pred,

print ("\nFairness Disparities (Max-Min) :")
display(fair.difference())
eod = max (
fair.by group["true positive rate"].max() -
fair.by group["true positive rate"].min(),
fair.by group["false positive rate"].max() -
fair.by group["false positive rate"].min ()
)
print (f"\nEqualised Odds Difference: {eod:.4f}")

group auc =
sens_te.unique () :
18_te == g
group auc[g] = roc auc_ score(y te[idx], y prob[idx])
print ("\nGroup-wise ROC AUC Scores:")
for g, auc in group auc.items () :
print (£f"{g}: {auc: £1")

y_pred))




9.17 Analysis of RF model with reweighting, EGR, and threshold optimiser (full

dataset)

import numpy as np
import pandas as pd
from IPython.display import display

from sklearn.model selection import train test split

from sklearn.ensemble import RandomForestClassifier

from sklearn.base import BaseEstimator, ClassifierMixin

from sklearn.metrics import accuracy score, roc_auc_score, fl score,
classification report

from fairlearn.metrics import MetricFrame, selection rate,

true positive rate, false positive rate

from fairlearn.reductions import ExponentiatedGradient, EqualizedOdds
from fairlearn.postprocessing import ThresholdOptimizer

RANDOMisTATE =
np.random.seed (RANDOM STATE)

df = pd.read csv("compas—-scores-two-years.csv")

df ["compas screening date"] = pd.to datetime (df["compas screening date"],
errors="coerce")

df ["out custody"] = pd.to datetime(df["out custody"], errors="coerce")

df = df.dropna(subset=["compas screening date", "out custody"])

"days b screening arrest"] <= ) &
"days b screening arrest"] >= -30) &
"is recid"] != -1) &

"c charge degree"] != "O") &

(df ["score text"] != "N/A")

] .reset index (drop=True)

= df[["sex", "age", "race", "priors count", "c charge degree"]]
= df["two year recid"].astype (int)
= df ["race"]

X enc = pd.get dummies (X, columns=["sex", "c charge degree"],
drop first=True)
X tr, X te, y tr, y te, a tr, a te

X enc, y, sens, test size=

)

= pd.DataFrame ({"y": y tr.values, "r": a tr.values})
tmp ["r"].value counts (normalize=True)
tmp ["y"].value counts (normalize=True)
7 tmp.groupby (["r", "y"1).size() / len (tmp)
eps =
w = np.empty(len (tmp), dtype=float)




for 1 in range(len (tmp)) :

r = tmp.iloc[i] ["r"]

yy = tmp.iloc[i] ["y"]

w[i] = (p r.loc[r] * p y.loclyy]l) / max(p ry.loc](r,
in p ry.index else eps, eps)

/ w.sum()

np.random.choice (np.arange (len(X tr)), size=len(X tr),
replace=True, p=prob)
X tr rw = X tr.iloc[idx].reset index (drop=True)

y tr rw = y tr.iloc[1idx].reset index (drop=True)

a tr rw = a _tr.iloc[1idx].reset index (drop=True)

rf base = RandomForestClassifier (
n estimators= ’
min samples leaf=2,
random state=RANDOM STATE,
n_ jobs=-
)
egr = ExponentiatedGradient (estimator=rf base,
constraints=EqualizedOdds () )
egr.fit(X tr rw, y tr rw, sensitive features=a tr rw)

class EGRAveragedEstimator (BaseEstimator, ClassifierMixin) :
def init (self, egr model):

self.egr = egr model

fit(self, X=None, y=None) :
self.is fitted = True
self.classes = np.array ([0, 1)
return self

predict proba (self, X):

probs = np.zeros ((len(X), ) )

for h, w in zip(self.egr.predictors , self.egr.weights ):
probs += w * h.predict proba (X)

row sums = probs.sum(axis=1l, keepdims=True)

row sums[row sums == 0] =

return probs / row sums

predict (self, X):
return (self.predict proba(X)[:, = ) .astype (int)

wrapped = EGRAveragedEstimator (egr) .fit ()

thresh = ThresholdOptimizer (
estimator=wrapped,
constraints="equalized odds",
predict method="predict proba",
prefit=True,
flip=True

)

thresh.fit (X tr rw, y tr rw, sensitive features=a tr rw)
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print ("Accuracy:",

print ("ROC AUC:",

print ("F1 Score:", fl score(y
print ("\nClassification Report:\n",

metrics = {
"selection rate": sel
"true positive rate":

"false positive rate":

MetricFrame
tive features=a
t ("Fairness Metri

print ("\nFairness Disparities (Max-Min):")
display(fair.difference())

~od = max (
fair.by group["true positive rate"].max() -
fair.by group["true positive rate"].min(),
fair.by group["false positive rate"].max()
fair.by group["false positive rate"].min ()
)

print (f"\nEqualised Odds Difference: {eod: £f1m)

group auc = {}
for g in a te.unique () :

group auc[g OC_auc_ score(y te[idx], y prob[idx])
print ("\nGroup-wise ROC AUC Scores:")
for g, auc val in group &

print (£f"{g}: {auc va
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9.18 Statement on Al usage

Al tools were used during the preparation of this thesis to provide support in several areas.

Firstly, Al was used for code debugging and optimisation, particularly the Python code relevant to
Chapters 3-6. This code was used to train ML classifiers, apply bias mitigation methods, and compute
evaluation metrics. Al’s assistance involved resolving identified issues in the syntax, logic, or
implementation. All suggestions made by Al were reviewed and validated before being included in

this paper.

Secondly, Al was used to provide creative input throughout the thesis. This included suggesting
potential names for figures and tables, offering alternative ways to phrase section headings, and
proposing approaches for visualising models. This type of support was used whenever the author
faced a creative roadblock. In these cases, Al only served as a source of inspiration and never made

final decisions.

Thirdly, Al was consulted for general feedback on content completeness and coherence throughout
each chapter. This included asking whether key elements might be missing, if certain explanations
required greater clarity, or if the flow of ideas could be improved. Any feedback provided was
considered solely as input for review. Suggestions were only addressed if deemed necessary by the
author’s own judgment and if they aligned with the thesis objectives. Al did not make final decisions

or directly implement changes. Its role was advisory.

In all cases, the final decisions regarding structure, content, and presentation were made solely by the

author.



